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Highlights

What are the main findings?
• The SLAM method, based on the registration of 3D profiling sonar scans using the

3DupIC method, avoids the construction of submaps and thereby overcomes the limita-
tions of other state-of-the-art approaches.

• Simultaneous optimization of the trajectory and extrinsic parameters, using the proposed
SLAM and calibration method, ensures high accuracy in trajectory and map estimation.

What is the implication of the main finding?
• Direct registration of raw scans supports two distinct applications. On the one hand, it

enables pose estimation through odometry. On the other hand, it provides loop-closure
constraints for the SLAM process.

• 3D profiling sonars are highly effective sensors for mapping, localization, and SLAM
applications. This demonstration is particularly important as newer, smaller, and more
affordable sonars in this category become available, contributing to their wider adoption.

Abstract

High resolution underwater mapping is fundamental to the sustainable development of
the blue economy, supporting offshore energy expansion, marine habitat protection, and
the monitoring of both living and non-living resources. This work presents a pose-graph
SLAM and calibration framework specifically designed for 3D profiling sonars, such as the
Coda Octopus Echoscope 3D. The system integrates a probabilistic scan matching method
(3DupIC) for direct registration of 3D sonar scans, enabling accurate trajectory and map
estimation even under degraded dead reckoning conditions. Unlike other bathymetric
SLAM methods that rely on submaps and assume short-term localization accuracy, the
proposed approach performs direct scan-to-scan registration, removing this dependency.
The factor graph is extended to represent the sonar extrinsic parameters, allowing the sonar-
to-body transformation to be refined jointly with trajectory optimization. Experimental
validation on a challenging real world dataset demonstrates outstanding localization and
mapping performance. The use of refined extrinsic parameters further improves both
accuracy and map consistency, confirming the effectiveness of the proposed joint SLAM
and calibration approach for robust and consistent underwater mapping.

Keywords: graph SLAM; localization; mapping; registration; probabilistic scan matching;
3DupIC; Coda Octopus Echoscope 3D; sonar; underwater

Remote Sens. 2026, 18, 524 https://doi.org/10.3390/rs18030524

https://crossmark.crossref.org/dialog?doi=10.3390/rs18030524&domain=pdf&date_stamp=2026-02-10
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0000-0002-6091-1549
https://orcid.org/0000-0001-5844-5393
https://orcid.org/0000-0002-9771-002X
https://orcid.org/0000-0001-7166-3459
https://doi.org/10.3390/rs18030524


Remote Sens. 2026, 18, 524 2 of 32

1. Introduction
The growing relevance of the Blue Economy in Europe is driving an increasing de-

mand for accurate and sustainable marine monitoring technologies. According to the
European Commission’s Blue Economy Report (2025), maritime activities represent a strate-
gic component of the EU’s sustainable growth agenda, currently generating a turnover
of nearly EUR 890 billion and supporting almost 5 million jobs across Member States.
Among these sectors, offshore renewable energy is expanding rapidly—with offshore wind
capacity currently at 18.9 gigawatts and projected to exceed 100 gigawatts by 2030—while
the responsible exploitation of marine non-living resources and the protection of sensitive
habitats are gaining importance within the framework of the European Green Deal and the
EU Biodiversity Strategy for 2030. These priorities align closely with the United Nations
Sustainable Development Goals, particularly SDG 7 (Affordable and Clean Energy), SDG 9
(Industry, Innovation and Infrastructure), and SDG 14 (Life Below Water). As offshore
infrastructures multiply and marine ecosystems face increasing pressure, there is a growing
need for high resolution mapping, inspection, and environmental monitoring systems
capable of supporting safe operations, efficient maintenance, and long-term sustainability.
In this context, autonomous underwater vehicles (AUVs) equipped with advanced percep-
tion and localization systems have emerged as key tools for sustainable ocean exploration,
resource management, and habitat protection [1].

Recent statistics [2] show continuous growth in underwater robotics research, particu-
larly focused on fundamental topics, such as autonomous localization. Robotic exploration
underwater is synonymous with building maps of the seafloor [3]. It is well understood
that localization and mapping problems are self dependent. Knowledge about the robot
trajectory is required to spatially organize all collected measurements and achieve a con-
sistent map. Conversely, a map of the environment facilitates localization, allowing the
extraction of global corrections to minimize the overall localization uncertainty. Given the
symbiotic relationship between localization and mapping, both tasks are usually solved
together, following the concept of Simultaneous Localization and Mapping (SLAM) [4].

The degradation of artificial perception underwater poses significant challenges to
perception driven processes, including localization and mapping [5]. For localization pur-
poses, global references can be retrieved at the surface, by accessing the Global Navigation
Satellite System (GNSS) [6]; however, the attenuation of electromagnetic waves denies
its usage underwater. Acoustic positioning systems provide an alternative [7–9], but the
dependency on external equipment compromises the robot’s self-sufficiency. In this context,
SLAM constitutes an effective technique for bounding dead reckoning drift, allowing for
error reset when the robot revisits previously explored areas, without jeopardizing its
autonomy [1].

On a different angle, building high resolution geometric models underwater,
with enough precision to derive quality localization references, is not straightforward.
Optical sensing is limited to close-range operations and rapidly degrades with turbidity.
Nonetheless, visual SLAM constitutes a popular research line, since under the right en-
vironment conditions, rich information and high resolution can be provided by camera
systems underwater. For a comprehensive review on visual SLAM this recent survey [10]
is recommended, as well as [11,12] specifically targeting underwater applications.

Recent work in underwater SLAM has also explored learning-based and hybrid
formulations [13], often aiming to improve place recognition and loop-closure detection
under challenging sensing conditions. While promising, these approaches typically rely on
prior training and environment-specific data, which can limit their immediate deployment
and generalization across different operating conditions. In contrast, purely geometric
and probabilistic methods enable direct deployment, allowing an autonomous system
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to explore and map unknown environments without prior knowledge or adaptation to
specific environmental characteristics. This makes such approaches particularly attractive
for underwater missions, where operating conditions are highly variable, visibility is often
limited, and prior environmental information is rarely available.

From this point forward, we divert our attention to sonar sensors exclusively, which
constitute a reliable option for collecting geometric data underwater, offering extended
detection range and the possibility to operate under low visibility [14]. However, robust-
ness comes at the expense of low resolution, slow data rate, considerable levels of noise
and outliers.

Despite the poor sensor performance, we consider the major handicap of current sonar
based underwater SLAM to be the extensive use of submap matching, when no sufficient
measurement overlap is captured by the mapping sonar. Most state-of-the-art techniques
involve a submap building stage, where sparse sonar measurements are aggregated to
form locally dense patches. These submaps are then registered to indirectly determine the
robot’s relative displacement. Two substantial weaknesses can be pointed out:

1. Since the submap building stage relies on the dead reckoning localization solution
to spatially organize consecutive range measurements, the technique fails if the
dead reckoning consistency becomes compromised. Especially in critical situations,
including Doppler velocity log (DVL) dropouts, poor initializations, or incorrect
position fixes, submap deterioration prevents reliable results, precisely when the
SLAM contribution is most needed.

2. Additionally, in typical surveying missions—where the AUV follows a lawnmower
trajectory pattern—consecutive submaps generally do not overlap. Consequently,
submap registration is restricted to loop-closure events and cannot be exploited to
perform sonar-based odometry.

To address these issues, we investigate the possibility to integrate a 3D profiling
sonar—the Echoscope 3D from Coda Octopus [15]—into a scan matching based SLAM
framework. Due the heavy weight, large size and expensive price, the Echoscope 3D is not
usually found onboard surveying AUVs. In fact, our EVA AUV [16], originally developed
for collecting dense underwater geometric data, in the context of the ¡VAMOS! project, was
specially designed to accommodate the Echoscope 3D. From a single acoustic ping, this
profiling sonar insonifies a square patch of the sea floor, producing a 128 × 128 point cloud
(Figure 1). With the guarantee of overlap between consecutive range scans secured, comes
the opportunity to develop scan matching directly from the raw sonar measurements.
This deviates from the traditional underwater SLAM trend of building submaps, whose
consistency directly depends on the quality of dead reckoning. For this purpose, our
3DupIC algorithm [17] enables the registration of Echoscope 3D scans in six degrees of
freedom, to obtain refined relative scan displacements as well as loop-closure constraints.
All scan matching results are combined in a pose-graph to solve the SLAM problem and
simultaneously calibrate the sonar extrinsic parameters. Significant improvements are
obtained in terms of localization accuracy and mapping consistency.

The remainder of this paper is structured as follows. Section 2 reviews the related
work on dense bathymetry SLAM, framing the contribution of this work within the context
of existing research. Section 3 describes the proposed SLAM and calibration framework,
detailing the factor graph formulation and the front-end algorithm that combines dead
reckoning and scan matching to construct the graph. Section 4 presents the dead reckoning
system, which employs an Extended Kalman Filter to fuse angular velocity measurements
from gyroscopes with DVL velocity data. Section 5 explains the 3DupIC probabilistic scan
matching algorithm used for 3D sonar scan registration. Section 6 describes the dataset used
for experimental validation and presents a set of results characterizing the performance of
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the proposed method in terms of localization, mapping, and extrinsic calibration. Section 7
provides a general analysis and interpretation of the presented results. Finally, Section 8
concludes the paper and discusses directions for future research.

(a) (b)

Figure 1. Illustration of one scan obtained by the Echoscope 3D sonar mounted onboard the EVA
AUV. The image shows two perspectives of the same scan: (a) top-left and (b) left side views. In
addition to the scan points (red dots), the 3D model of the EVA AUV is also depicted. The sonar
field of view, with 50 degrees aperture in both along-track and across-track directions, is sketched on
the left image. As depicted in the right image, the Echoscope was mounted with a 20-degree tilt to
prioritize the inspection of the area in front of the robot.

2. Related Work
Despite the considerable differences in the environment conditions and limitations

in perception, early attempts at underwater SLAM relied on the same techniques used for
terrestrial environments, such as sparse feature maps and the extended Kalman filter (EKF)
data fusion framework [18]. It soon became evident the difficulty of extracting features
from low-resolution sonar, so authors alleviate this challenge by populating the scene with
artificial targets. The vast majority of subsequent work on feature-based sonar SLAM
focus on structured man-made environments [19–21], where the presence of unique and
distinguishable features is more likely. Feature-based approaches often use imaging sonars,
whose working principle relies on vertically wide acoustic beams, which hinders the direct
determination of three-dimensional information [5]. For this reason, the SLAM problem is
frequently relaxed, with the estimation limited to only a few degrees of freedom [19–21].
When the sonar is slightly tilted down to map the seafloor at a shallow grazing angle, the flat
seabed assumption is most times adopted [22,23]. For three-dimensional reconstruction,
multiple frames gathered from different viewpoints can be combined using structure from
motion techniques [24,25]. Alternatively, a pair of orthogonal imaging sonars allows 3D
reconstruction in the overlapping area of their fields of view [26].

This work pursues a more general and environment agnostic philosophy. Instead
of relying on feature extraction, we reduce measurement processing and environment
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modeling to a minimum and follow a dense SLAM approach. Our application is related to
the so-called bathymetric SLAM problem, which involves the use of a profiling sonar to
map the seabed. To accomplish this objective, the ranging sonar is pointed down, to collect
successive swaths of the seafloor [27] while the vehicle performs a lawnmower trajectory
pattern over the target area. Although effective for covering large areas, this configuration
strongly penalizes SLAM due to the lack of measurement overlap.

To ensure continuous re-observation of the surrounding space, Fairfield et al. [28]
resort to an unconventional array of pencil beam sonars, installed all around the spherical
DEPTHX vehicle. In this work, a volumetric evidence grid map is used to map flooded
sinkholes. The adoption of grid maps in the context of SLAM is tightly associated with
Rao-Blackwellized particle filters (RBPF) [29,30]. A similar concept, but using a traditional
bathymetric setup, with a multibeam echosounder (MBES), is presented by Barkby et al. [31].
With the goal of mapping the seafloor, assuming it is almost flat and devoid of vertical
structures, authors employ an elevation grid map—a planar grid where each cell stores a
depth estimate.

Several improvements to RBPF SLAM have been proposed for reducing computational
complexity and improving performance in situations of low data overlap [14,32–35]. Addi-
tionally, maintaining a map for each particle constitutes a heavy computational overhead.
In this regard, efficient data structures, to reduce the storage of redundant information and
avoid expensive memory copies during resampling, are essential [28,31,36].

Another major drawback of combining grid maps with range sensors is the absence
of a straightforward technique for matching new observations with the map [37]. This is
essential to improve particle propagation, as suggested in FastSLAM 2.0 [38]. Earlier works
studied the possibility to integrate scan matching with grid maps and RBPF SLAM [39,40].
However, scan matching operates mainly at point cloud level, so building point cloud
maps facilitates the matching process. Point clouds result from the deterministic process of
projecting geometric measurements in space according to their corresponding acquisition
poses. Thus, the map is fully conditioned on the robot trajectory. This justifies the adoption
of pose-based SLAM, a technique that removes the map from the estimation task and places
full emphasis on trajectory estimation.

Earlier examples of underwater pose-based SLAM were implemented using Kalman
filters [41–44]. The last decade witnessed a shift from filtering SLAM approaches, based
on the Kalman filter and the RBPF, towards modern age smoothing implementations [45],
formalized through factor graphs [46,47]. Smoothing methodologies address SLAM as a
Maximum a Posteriori estimation problem, making use of the full measurement history to
optimize the entire trajectory and enhance the map consistency. The pose-graph variant,
where nodes exclusively represent robot poses, gained significant popularity in underwater
applications [48–51], offering a suitable graph structure to easily integrate displacement
constraints computed through scan matching.

Scan matching typically performs an iterative optimization process, seeking the trans-
formation that best aligns overlapping sets of points. The Iterative Closest Point (ICP) [52]
is one of the most popular and foundational methods for aligning point clouds. It has
been previously applied for registration of Echoscope 3D scans [53]; however, nowadays,
the original ICP algorithm is rarely used directly. Over the years, several variants have
been introduced to increase speed, convergence and robustness to noise [54–56].

The pioneer work of Roman and Singh [43,44] proposed a bathymetric SLAM method
relying on scan registration of MBES scan patches. The SLAM solution is developed using a
delayed state EKF, whose state vector contains the current robot pose and the anchor points
of each submap. Overlapping patches are subjected to pairwise registration to produce
relative pose measurements.
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As first demonstrated by Burguera et al. [57], following the pioneer work of Monte-
sano et al. [58], probabilistic formulations of scan matching, that take noise into consid-
eration during the data association and optimization stages, show superior robustness
when registering noisy scans from ultrasonic sensors. These first experiments were per-
formed in indoor environments, but soon after, probabilistic scan matching started to be
applied underwater [20,59] for registration of MSIS scans, and subsequently incorporated
in EKF SLAM solutions [60,61]. Previous approaches were applied in structured man-made
environments, to solve SLAM in the plane. Extensions to 2.5D [41] and 3D [42,62] were
proposed to solve the bathymetric SLAM problem in unstructured environments using
multibeam sonars.

Following the same concept, we recently proposed the 3DupIC probabilistic scan
matching algorithm [17] for the registration of scans acquired with the Echoscope 3D
profiling sonar. Through a GPU parallelized implementation [63], 3DupIC achieves real-
time performance, enabling onboard scan registration by the EVA AUV during its missions.

Building upon this previous work, the main contributions of the present study are
as follows:

• Development of a pose-graph SLAM framework built upon the 3DupIC algorithm,
which eliminates the need for submap construction, setting it apart from other scan
matching based SLAM approaches. As discussed in [43], submap creation involves
an inherent trade-off between size and consistency: larger submaps increase the
probability of overlap but suffer from reduced internal coherence due to accumulated
dead reckoning drift. By avoiding submap construction, the proposed system remains
robust under degraded dead reckoning conditions and maintains high accuracy even
during extended DVL outages.

• Experimental demonstration of the benefits of integrating a 3D profiling sonar within
a SLAM framework, highlighting its ability to support direct scan matching odometry
and reduce dependency on dead reckoning accuracy. This work provides a reference
performance study, as new compact and more affordable 3D sonars, such as the
Water Linked 3D-15, enter the market, making high resolution underwater SLAM
increasingly feasible for a wider range of AUV platforms.

• Joint estimation of sonar extrinsic parameters within the factor graph, allowing the
refinement of the sonar-to-body transformation as part of the SLAM optimization
process. This unified formulation improves both localization accuracy and map
consistency by ensuring that sensor alignment is refined directly within the SLAM
estimation process.

3. Simultaneous Localization, Mapping and Calibration
Our solution follows the pose-graph SLAM strategy, estimating the robot poses asso-

ciated with scan acquisition instants. As depicted in Figure 2, the displacement between
consecutive poses is measured in two different ways. On one hand, a dead reckoning
estimate, zdr, is obtained by fusing gyroscope with DVL data using an EKF. This measure-
ment is defined in the body reference frame (b), which is the primary reference frame used
in the SLAM process to track the robot’s trajectory relative to the global world reference
frame (w). On the other hand, a second displacement measurement zsm is obtained through
scan matching. The scan matching solution is defined in the sonar reference frame (s).
The extrinsic parameters T establish the sonar reference frame with respect to the body
reference frame. An initial estimate for T, is available; however, evidence from previous
experiments [17] reveals trajectory inconsistencies attributed to inaccurate extrinsic parame-
ters. Accordingly, a self-calibration strategy is developed here within the SLAM framework
to simultaneously optimize for T.
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Figure 2. Relation between two consecutive poses of the EVA AUV. A dead reckoning displacement
estimate zDR tracks the body frame displacement. The 3DupIC scan matching method provides
a displacement measurement zSM defined in the sonar reference frame s. The transformation T
represents the transformation from the body to the sonar reference frame. The global pose of the
AUV is defined in the global world reference frame w.

A graph-based approach is employed to formulate the SLAM and calibration problems.
Graph SLAM utilizes a smoothing framework where the entire measurement history
is used to constrain variables during the graph optimization process. This enables the
possibility to adjust linearization points and gives the opportunity to revise past data
association [64]. Furthermore, it provides a suitable framework to accomplish indirect
estimation of extrinsic parameters, which requires the contribution of multiple constraints
to produce overdetermined problems, which can be easily expressed through factor graphs.

Graph building and graph optimization are the two major tasks within graph
SLAM [46]. The block responsible for building the graph holds the robot perception
capabilities, including measurement processing and data association, and is usually called
front-end. The optimization block, known as back-end, acts on the graph, applying nonlin-
ear least squares optimization techniques to refine variables according to the constraints
imposed by factors. Several efficient tools are available for optimization of factor graphs
including GTSAM [65], g2o [66], Ceres solver [67], between others. This work focuses on
the front-end, detailing the perception techniques used to build the factor graph. For graph
optimization we rely on the back-end provided by the GTSAM library.

3.1. Notation

Throughout the article, the following notation is adopted:

• X = {xi} represents the robot trajectory as a sequence of robot poses indexed by time
i ∈ {0, . . . , k}. Each pose xi encodes the three-dimensional position and orientation of
the robot’s body frame, defined with respect to the world reference frame.

• Z = {zγ
i } denotes the set of all measurements, where the superscript γ is a label

indicating the measuring technique, measurement type or sensor used to collect the
measurement. The subscript i indicates time, with the exception of the scan matching
measurements, denoted zsm

r,t , where the subscripts r and t indicate the acquisition
times for the reference and target scans, respectively.

• To improve readability, reference frames are usually omitted. However, when neces-
sary for disambiguation, a preceding subscript indicates the reference frame in which
a quantity is defined. For instance, wxi denotes a pose xi is expressed in the world
reference frame w.

https://doi.org/10.3390/rs18030524

https://doi.org/10.3390/rs18030524


Remote Sens. 2026, 18, 524 8 of 32

• A preceding superscript can be used to indicate the destination frame. For example,
extrinsic parameters can be expressed as s

bT, explicitly denoting a transformation from
the body frame b to the sonar frame s.

• Poses, extrinsic parameters and displacements q are defined with six degrees of free-
dom, comprising three-dimensional translation and orientation components. The op-
erator R{q} returns the orientation part, in rotation matrix form, while t{q} extracts
a translation vector.

• ⊕ and ⊖ indicate the additive and subtractive frame composition operations, as de-
fined in [68].

3.2. Factor Graph Formulation

The simultaneous estimation of the robot trajectory X and the transformation T is
accomplished using the factor graph illustrated in Figure 3. The robot trajectory is repre-
sented in the factor graph as a sequence of nodes, each corresponding to a vehicle pose at
which a sonar scan was acquired. Edges in the factor graph define probabilistic constraints
derived from sensor measurements Z. In our particular implementation, and according to
Figure 3, the following factors are established:

• An initialization measurement zx0 anchors the first pose with respect to the world
reference frame, following expression: zx0 = x0 + ωx0 , where ωx0 is an additive zero
mean noise vector with covariance Σx0 . Under Gaussian assumption, this prior factor
follows a normal distribution: P(x0) ∝ N (zx0 , Σx0). To promote a fair evaluation of
our method, the initial pose measurement is retrieved from the ground-truth trajectory.
In a field application, full pose initialization, including position and attitude, can
be obtained from the combination of accelerometers and a multiple antenna GNSS
system [6]. It is worth noting that inaccuracies in the initial pose primarily affect the
global georeferencing of the resulting trajectory and map, but do not compromise the
relative accuracy or convergence properties of the proposed SLAM formulation, which
is driven by relative constraints derived from scan matching and dead reckoning.

• The unary factor zT specifies the initial extrinsic parameter values. Under Gaussian
assumption, this factor establishes the prior probability: P(T) ∝ N

(
zT, ΣT), being ΣT

the covariance matrix describing the initial uncertainty.
• The vertical position of each pose node is constrained by a depth measurement zd

k ,
obtained from a pressure sensor. The unary factor follows the relation zd

k = f (xk) +ωd
k ,

where function f (xk) extracts the robot depth from pose xk and ωd
k is the white

Gaussian noise with variance σ2. The resulting conditional probability is expressed as:

P
(

zd
k |xk

)
∝ exp

(
− 1

2

∥∥∥ f (xk)− zd
k

∥∥∥2

σ2

)
• The dead reckoning factor relates two consecutive poses xk−1 and xk with a displace-

ment measurement zdr
k through the following expression: xk = xk−1 ⊕ zdr

k + ωdr
k ,

being ωdr
k an additive noise vector. Assuming the displacement measurement is

affected by white Gaussian noise with covariance Σdr
k , the probability of a new

pose xk given xk−1 and zdr
k follows a Gaussian distribution: P

(
xk|xk−1, zdr

k

)
∝

exp
(
− 1

2

∥∥∥xk−1 ⊕ zdr
k − xk

∥∥∥2

Σdr
k

)
.

• In the scan matching process, the target scan acquired from robot pose xt is registered
with respect to the reference scan, obtained from pose xr, to compute a displacement
measurement zsm

r,t . As illustrated in Figure 2, the scan matching result is defined
in the sonar reference frame, therefore, in order to constrain xr and xt through zsm

r,t
the extrinsic parameters are applied: zsm

r,t = ((xt ⊖ xr)⊕ T)⊖ T + ωsm
r,t , where ωsm

r,t
is a noise vector characterizing the measurement’s uncertainty. Assuming a Gaus-
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sian measurement model, the conditional probability follows a normal distribution:

P
(
zsm

r,t |xr, xt, T
)

∝ exp
(
− 1

2

∥∥((xt ⊖ xr)⊕ T)⊖ T − zsm
r,t
∥∥2

Σsm
r,t

)
The factor graph from Figure 3 represents the joint distribution over poses X, measure-

ments Z and extrinsic parameters T:

P(X, T, Z) = P(x0)P(T)∏
k

P
(

zd
k |xk

)
∏

k
P
(

xk|xk−1, zdr
k

)
∏
r,t

P
(
zsm

r,t |xr, xt, T
)

(1)

The optimization step, part of the back-end, seeks the configuration of robot poses X∗

and extrinsic parameters T∗ that maximizes the joint distribution:

{X∗, T∗} = arg max
{X,T}

P(X, T, Z) (2)

Under Gaussian assumption, the maximum a posteriori (MAP) estimate {X∗, T∗}
can be solved through a non-linear least squares problem [69]. In this work, the Square
Root SAM algorithm [69], provided by the GTSAM library [65], is used to optimize the
factor graph.

Figure 3. Factor graph structure representing the formulation of the SLAM and extrinsic calibra-
tion problems.

3.3. Front-End Algorithm

Initialization and depth measurements can be readily obtained from ground-truth,
prior calibration or direct sensor readings. In contrast, displacement observations derived
from dead reckoning and scan matching require more elaborate processing routines. Al-
though these two methods generate independent factors within the graph, they are not
entirely decoupled from a computational perspective. Instead, they operate synergisti-
cally, interacting and sharing intermediate results. All those relations are expressed in the
flowchart from Figure 4, that provides a high-level overview of the front-end algorithm.

The process starts with the insertion of the extrinsic parameters node in the factor
graph. A prior factor is also included to specify an initial estimate for this transformation.

Next, the first scan is loaded and assigned the label of target scan. Scans inside the
registration process assume different roles: the reference scan remains static, while the
registration method computes and applies a transformation to the target scan, maximizing
its overlap with respect to the reference. Only scans with acquisition poses presented in
the factor graph can serve as references, while new scans entering the SLAM process take
the target role first. After loading the first scan, the initial pose node is added to the factor
graph along with the corresponding prior factor. The insertion of a pose node concludes
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the estimation of one trajectory segment and marks the begging of a new one, where the
robot trajectory is computed until a new scan arrives and becomes successfully registered.
This involves a context switch operation, where the target scan is reassigned as reference
and integrated into the sonar scan database. The dead reckoning estimate is reset, so that,
in the next phase, the robot is localized with respect to the latest pose in the factor graph,
until a new scan is acquired.

Figure 4. High level architecture of the proposed front-end algorithm for building the SLAM and
calibration factor graph.

With the arrival of a new scan, and taking the dead reckoning estimate as initialization,
the registration process is executed and the convergence is evaluated. If divergence occurs,
the target scan is discarded and the trajectory segment continues, using dead reckoning to
track the robot pose until a new scan enters the system. Contrarily, in case of convergence,
a new pose node is inserted and a depth measurement is taken to produce a depth factor.
Both poses become connected by a dead reckoning factor specifying the estimated displace-
ment. Additionally, the scan matching solution is inserted through a ternary factor, relating
both scan acquisition poses and the extrinsic parameter transformation.

The addition of a pose node marks the transition to a new trajectory segment. This
implies the replacement of the reference scan and the reset of the dead reckoning estimate.
During reset, the dead reckoning pose is set to the origin, except for velocity states, which
are initialized with a velocity measurement obtained by differentiation of the displacement
previously computed by scan matching.

The final stage executes the loop-closure routine, searching the scan database for
candidate scans, based on their spatial proximity to the current reference scan. Each
candidate is sequentially retrieved and registered against the reference scan. If convergence
is achieved, a new loop-closure constraint is added to the factor graph. The algorithm then
resumes, performing dead reckoning estimation until a new scan becomes available.

Once all scans in the log file have been processed, the back-end is called to opti-
mize the factor graph, marking the completion of the simultaneous localization, mapping,
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and calibration process. Expected outcomes of this process include an improved trajectory
estimation and a refined calibration of the extrinsic parameters. Subsequently, taking ad-
vantage of more accurate trajectory and extrinsics, the point cloud map can be reconstructed
to improve its consistency.

4. Dead Reckoning
The dead reckoning measurement in the SLAM and calibration factor graph relates two

consecutive scan acquisition poses. Therefore, the last pose in the factor graph establishes
the reference frame for the new trajectory segment, relative to which robot position and
orientation is defined. To compute the robot displacement, an extended Kalman filter (EKF)
is used, fusing periodic angular velocity measurements from gyroscopes with asynchronous
linear velocity observations from DVL.

At time step t, the displacement is expressed by a nine element state vector
zdr

t = [pdr
t , αdr

t , νdr
t ]⊤, where pdr

t = [xdr
t , ydr

t , zdr
t ]⊤, αdr

t = [ϕdr
t , θdr

t , ψdr
t ]⊤ and νdr

t =

[udr
t , vdr

t , wdr
t ]⊤ denote the three-dimensional position, Euler angle orientation and three-

dimensional velocity, respectively. Unlike position and orientation, velocity states are
defined in the robot’s body frame.

4.1. Initialization and State Reset

The beginning of a new trajectory segment involves a state and covariance reset,
affecting position and orientation states. For the initial segment, velocity is initialized using
the first DVL observation; in alternative, for subsequent segments, it can also be computed
from the displacement obtained through scan matching. This last approach, illustrated in
Figure 5, is particularly useful in situations where the DVL performance is compromised,
offering a way to keep a consistent velocity estimate.

Figure 5. Velocity initialization using the scan matching solution from the previous trajectory segment.

To compute the body-frame velocity νk, at the end of trajectory segment k, the displace-
ment computed from scan matching szsm

k−1,k is first transformed from the sonar reference
frame to the body reference frame, by compounding the displacement pose with the
extrinsic parameters:

bzsm
k−1,k =

(
T ⊕ szsm

k−1,k

)
⊖ T (3)

To obtain the robot velocity in the body frame, a rotation is applied to the position
displacement, followed by numerical differentiation:

νk =
R{bzsm

k−1,k} · t{bzsm
k−1,k}

∆tk−1,k
(4)

where ∆tk−1,k is the time interval between poses xk−1 and xk.

4.2. Prediction

A constant velocity model is used for propagation of velocity and position states.
Orientation is predicted through integration of gyroscope angular velocity measurements
ω using a simple inertial mechanization technique. The complete motion model is:
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zdr
t =

pdr
t

αdr
t

νdr
t

 =


pdr

t−1 + R
{

αdr
t−1

}
· νdr

t−1.∆t

αdr
t−1 + E

{
αdr

t−1

}
· ωt.∆t

νdr
t−1

 (5)

being ∆t the period of the prediction step, dictated by the gyroscope data rate. Matrix
E{αdr

t−1} converts angular velocities into Euler angles rate of change:

E{αdr
t−1} =


1 sin

(
ϕdr

t−1

)
tan

(
θdr

t−1

)
cos

(
ϕdr

t−1

)
tan

(
θdr

t−1

)
0 cos

(
ϕdr

t−1

)
− sin

(
ϕdr

t−1

)
0 sin

(
ϕdr

t−1

)
sec

(
θdr

t−1

)
cos

(
ϕdr

t−1

)
sec

(
θdr

t−1

)
 (6)

The error covariance matrix Σdr is projected using the standard EKF expression:

Σdr
t = FtΣ

dr
t−1F⊤

t + GtQtG⊤
t (7)

where Qt a 6 by 6 diagonal matrix specifying the noises associated with the linear and
angular velocities. Matrix Ft is the Jacobian matrix of the motion model with respect to
the state vector (Equation (8)). Matrix Gt is the Jacobian of the motion model with respect
to linear and angular velocities (Equation (9)). To produce a reliable estimation of pose
uncertainty, particularly to ensure it increases monotonically, correlations must be avoided
between velocity states and the others. Otherwise, velocity measurements incorporated
during the update step may alter pose states and reduce their uncertainty, leading to an
overconfident estimate. Correlation is prevented by setting to zero the 3 by 3 upper right
and bottom left corners from matrices Ft and Gk as follows:

Ft =



∂pdr
t

∂pdr
t

∂pdr
t

∂αdr
t �

�
�7

0

∂pdr
t

∂νdr
t

ine ∂αdr
t

∂pdr
t

∂αdr
t

∂αdr
t

∂αdr
t

∂νdr
t

ine
�
�
�7

0

∂νdr
t

∂pdr
t

∂νdr
t

∂αdr
t

∂νdr
t

∂νdr
t


[9×9]

=



I[3×3]
∂pdr

t
∂αdr

t [3×3]
0[3×3]

ine0[3×3]
∂αdr

t
∂αdr

t [3×3]
0[3×3]

ine0[3×3] 0[3×3] I[3×3]


(8)

Gt =



∂pdr
t

∂νdr
t �

�
�7

0

∂pdr
t

∂ωdr
t

ine ∂αdr
t

∂νdr
t

∂αdr
t

∂ωdr
t

ine
�
�
�7

0

∂νdr
t

∂νdr
t

∂νdr
t

∂ωdr
t


[9×6]

=



R{αdr
t−1} · ∆t

[3×3] 0[3×3]

ine0[3×3] E{αdr
t−1} · ∆t

[3×3]

ine0[3×3] 0[3×3]


(9)

4.3. Update

In the update step, velocity states are corrected based on asynchronous DVL obser-
vations in the body frame: zDVL

t =
[
uDVL

t , vDVL
t , wDVL

t
]
. A direct state observation is

performed using the standard EKF equations with the following observation matrix.
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H =
[

0[3×6] I[3×3]

]
(10)

Since the prediction stage prevents correlations between velocity and other states,
corrections applied at this stage affect only the velocity states, keeping position and attitude
estimates unchanged.

5. Scan Matching
Scan matching is applied to estimate the robot’s displacement between scan acquisition

poses. To this end, pairs of sonar scans acquired with an Echoscope 3D sonar are registered
using the 3DupIC scan matching algorithm [17]. The method consists of four main stages:
first, a probabilistic model is constructed for each scan; second, an initial displacement
estimate is obtained from the dead reckoning solution; third, a matching step identifies
compatible point correspondences between the scans; and finally, a refined displacement
estimate is computed by minimizing the Mahalanobis distances between matched points.
The last two steps are repeated iteratively until convergence or until a maximum number
of iterations is reached.

5.1. Probabilistic Scan Modeling

From a single ping, the Echoscope 3D sonar retrieves a 128 × 128 matrix of range
measurements, from which a 3D point cloud scan is generated (Figure 1). The uncertainty
model is an adaptation of the formulation proposed in [57], originally defined for a two-
dimensional sonar beam. We extend this model to three dimensions to accurately represent
the conical beam geometry characteristic of profiling sonars, as illustrated in Figure 6.
Considering the beam’s angular aperture α, the area of beam incidence increases with the
measured range r, causing ambiguity in the plane normal to the beam direction. Along
the beam axis, uncertainty is primarily determined by the sensor’s range resolution η.
The spatial uncertainty of each measurement is modeled probabilistically, with the lateral
standard deviation encompassing approximately 99.7% of the expected beam footprint,
and the axial standard deviation defined by the range resolution.

Accordingly, the ith beam of a given scan is modeled as a Gaussian random variable

gbi = N (gbi, gΣi), where the mean gbi is directly defined by the measured range ri, along
the Z-axis: gbi = [0, 0, ri]⊤. In its local beam reference frame g, with the Z-axis passing
through the center of the cone (Figure 6), the ith beam uncertainty is characterized by the
following covariance matrix:

gΣi =


(
ri · tan(α/2)

)2 0 0

0
(
ri · tan(α/2)

)2 0
0 0 (η/2)2

 (11)

The probabilistic model for the entire scan S is defined as the collection of all beam
distributions expressed in the sonar reference frame:

B =
{

sbi ∼ N
(

sbi, sΣi
)}128×128

i=1
(12)

Each measurement is transformed into the sonar frame by applying a beam-specific
rotation matrix s

gRi, which is defined according to the direction of the corresponding
beam [17]:

sbi =
(

s
gRi

)
·
(

gbi
)

, sΣi =
(

s
gRi

)
·
(

gΣi
)
·
(

s
gRi⊤

)
(13)
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Figure 6. Illustration of the conical beam model adopted to construct the probabilistic representation
of each scan point. In the figure, the beam aperture α is deliberately exaggerated to improve
visualization and interpretation.

5.2. Displacement Initialization

To facilitate convergence, an initial estimate of the robot displacement is provided
to the scan matching algorithm. This estimate is obtained by transforming the dead
reckoning displacement from the body frame to the sonar reference frame using the extrin-
sic parameters:

szdr =
(

bzdr ⊕ T
)
⊖ T (14)

Furthermore, the 3DupIC method incorporates the uncertainty of the displacement
during the matching and optimization phases. Accordingly, the covariance matrix associ-
ated with the dead reckoning displacement is transformed into the sonar reference frame
via the adjoint transformation of the inverse extrinsic parameters:

sΣdr = (AdT−1) ·
(

bΣdr
)
·
(

Ad⊤
T−1

)
(15)

where AdT−1 denotes the adjoint matrix evaluated at the inverse of the extrinsic transfor-
mation, as detailed in [70].

5.3. Point Matching

Consider the reference scan

R =
{

rj ∼ N
(

rj, Σj
)}N

j=1
(16)

modeled according to the probabilistic sensor model and acquired at time r from robot
pose xr, where N is the number of individual beams forming one scan (128 × 128 for the
Echoscope 3D). At time t, a target scan

T =
{

ti ∼ N
(

ti, Σi
)}N

i=1
(17)

is collected at pose xt.
The statistical compatibility between each measurement ti and elements in R is ana-

lyzed using the squared Mahalanobis distance:(
dij

)2
=

(
ϱij

)⊤(
Σij

)−1
ϱij (18)

where:
ϱij = f

(
zsm

r,t , ti
)
− rj (19)
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represents the error between the jth reference point and the ith target point, evaluated in
the reference scan frame. The function f

(
zsm

r,t , ti) = R{zsm
r,t } · ti + t{zsm

r,t } transforms the
target point, from the sonar reference frame at time t to that at time r, using the current
displacement estimate zsm

r,t . In the first iteration, zsm
r,t is initialized from the dead reckoning

solution (Equation (14)), and in subsequent iterations it is updated with the last estimate
computed by scan matching.

The uncertainty characterizing the matching between point i and j is represented by
the covariance matrix Σij, which depends on the uncertainty of the individual beams (sΣi

t
and sΣ

j
r) and on the uncertainty of the displacement Σsm

r,t , according to Equation (20).

Σij = sΣ
j
r + Jzsm

r,t

(
Σsm

r,t
)
J⊤zsm

r,t
. + Jti

(
sΣi

t

)
J⊤ti (20)

Jacobian matrices Jzsm
r,t

and Jti are obtained by taking the partial derivatives of

Equation (19) with respect to zsm
r,t and ti, respectively, and evaluated at zsm

r,t and ti:

Jzsm
r,t

=
δϱij

δzsm
r,t

∣∣∣∣∣ ti

zsm
r,t

(21)

Jti =
δϱij

δti

∣∣∣∣ ti

zsm
r,t

(22)

The squared Mahalanobis distance follows a chi-squared distribution χ2
q, where q is

the dimensionality of the residual vector ϱij—in this case, q = 3. A reference point rj is
statistically compatible with a target point ti if the chi-squared test is satisfied, i.e., if the
squared Mahalanobis distance is less than the inverse chi-squared cumulative function
evaluated at confidence level α, that is

(dij)2 < χ2
q,α (23)

Among all compatible reference points, only the one with the smallest Mahalanobis
distance is selected to form a match with ti. Each point correspondence is then defined as

⟨rj, ti⟩
∣∣∣ rj = arg min

j
(dij)2, (dij)2 < χ2

q,α (24)

By repeating this search for all points in the target scan, and assuming sufficient scan
overlap, a set of correspondences is obtained:

M = {< rκ1, tκ1 >, . . . ,< rκn, tκn >} (25)

where, for simplicity, κi represents the index pairing for the ith correspondence.

Optimization

The optimization step aims to refine the robot displacement by minimizing the squared
Mahalanobis distances between corresponding points:

zsm
r,t = min

n

∑
i=1

(
ϱκi

)⊤(
Σκi

)−1
ϱκi. (26)

Equation (26) has a closed from solution given by

zsm
r,t = (J⊤QJ)−1J⊤QA (27)
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where

J =



δϱκ1

δzsm
r,t

∣∣∣∣∣ tκ1

zsm
r,t

δϱκ2

δzsm
r,t

∣∣∣∣∣ tκ2

zsm
r,t

...
δϱκn

δzsm
r,t

∣∣∣∣∣ tκn

zsm
r,t


, A =



 δϱκ1

δzsm
r,t

∣∣∣∣∣ tκ1

zsm
r,t

 · zsm
r,t − ϱκ1

 δϱκ2

δzsm
r,t

∣∣∣∣∣ tκ2

zsm
r,t

 · zsm
r,t − ϱκ2

... δϱκn

δzsm
r,t

∣∣∣∣∣ tκn

zsm
r,t

 · zsm
r,t − ϱκn



(28)

and the matrix Q is a block diagonal matrix, containing the inverse of the covariance
matrices (Equation (20)) for each pair:

Q =



(
Σκ1

)−1 (
Σκ2)−1

. . .

(Σκn)−1

 (29)

The uncertainty associated with the relative displacement obtained from scan matching
is computed using the method described in [57].

6. Results
Experimental validation of the proposed SLAM and calibration framework is con-

ducted using a real-world dataset. Performance is analyzed in terms of localization, map-
ping, and calibration.

6.1. Dataset Description

To validate the proposed method, we resort to a real dataset collected by the EVA AUV
during the ¡VAMOS! project field tests, conducted at the Magcobar flooded quarry in the
Silvermines district, Republic of Ireland (Figure 7a).

To ensure an accurate ground-truth, a trajectory segment where the AUV navigates
on the surface, with continuous GNSS reception, was selected for testing. Through a
dual-antenna GNSS receiver, and applying the real time kinematic (RTK) technique, precise
position, linear velocity and heading measurements were obtained [6]. The reference
trajectory was computed in real time onboard through a loosely coupled sensor fusion
method, based on an Extended Kalman Filter (EKF). This fusion scheme integrates all GNSS
observations with inertial data from a FOG IMU, bottom-referenced velocity measurements
from a DVL, and depth estimates from a pressure sensor.

The trajectory segment was recorded over a 21 min survey, during which the AUV
traversed approximately 276 m and mapped an area of about 2435 square m. The surveyed
terrain comprises multiple stepped levels, known as benches, separated by steep vertical
walls, referred to as bench faces. Since the Echoscope 3D sonar is slightly angled ahead,
overlapping passes were executed in both directions to minimize occlusions in the vertical
bench face regions. The resulting trajectory is depicted in Figure 7b.

The dataset poses a significant challenge due to a DVL malfunction that limited valid
velocity measurements to only about 30% of the total mission time. As shown in Figure 8a,
the longest DVL outage persisted for 131 s, while the longest uninterrupted sequence of
valid readings lasted 96 s. These prolonged interruptions prevented the DVL from accu-
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rately capturing major velocity variations, as illustrated in Figure 8b, where DVL derived
linear velocity is compared against the GNSS reference. Under such conditions, state-of-the-
art bathymetric SLAM methods that depend on submap construction are likely to fail, since
submap consistency deteriorates rapidly when dead reckoning accuracy is compromised.
This scenario provides an ideal test case for our approach, which, by avoiding submap
creation, aims to still perform in situations of degraded dead reckoning.

(a) (b)

Figure 7. Dataset acquisition in the Magcobar mine during the ¡VAMOS! project field trials. (a) Photo-
graph of the EVA AUV (foreground) also showing the Launch and Recovery Vessel (background).
(b) Map representation of the trajectory followed by EVA during dataset acquisition.

(a) (b)

Figure 8. Evaluation of DVL performance: (a) temporal distribution of DVL outages, expressed
as cumulative DVL failure time (red line) and cumulative time of valid measurements (green line);
(b) comparison between DVL measured linear velocity (yellow dots) and GNSS-derived velocity
(blue line).

Registering all incoming scans would introduce significant computational overhead
due to repeated scan matching operations and the increased complexity of the SLAM factor
graph. This overhead can be effectively mitigated, while ensuring reliable convergence
without compromising registration accuracy, by restricting scan matching to a subset of
key scans. In the original 3DupIC work [17], convergence experiments demonstrate high
registration accuracy for relative displacements of up to approximately 3 m. Although con-
vergence can still be achieved for scan overlaps of about 40%—corresponding to relative
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displacements of roughly 5 m when operating at an altitude of 10 m above the seafloor—the
registration accuracy degrades beyond this regime. Furthermore, a temporal performance
analysis presented in [63] confirms real-time scan matching capability when registering key
scans separated by approximately 2 m, assuming linear vehicle motion at a speed of 2 m/s.

Based on these results, scan matching in this work is performed exclusively between
key scans, which are selected either according to a minimum relative displacement of 2 m
or a maximum elapsed time of 20 s since the last registration. The displacement criterion en-
sures distinct perspectives are captured while maintaining consistent registration, whereas
the temporal criterion prevents excessive gaps during slow motion or changes in vehicle
direction. Although these thresholds provide a favorable trade-off between registration
accuracy, computational load, and SLAM graph scalability, they remain dependent on the
operational environment, and may require adjustment to account for variations in terrain
morphology, vehicle dynamics, sensor altitude, and available computational resources.

In this experiment, a total of 600 key scans were successfully registered using the
3DupIC algorithm, resulting in 599 factors relating consecutive poses and 268 loop-closure
factors. Across this dataset, sonar ranges span from 16.85 m to 43.21 m. Loop-closures
were performed between robot poses separated by distances ranging from 1.18 m to
36.15 m (Figure 9), demonstrating the algorithm’s ability to reconcile both short and
long displacements.

Figure 9. Planar view of the ground-truth trajectory (light solid line), with dotted lines indicating
pose pairs connected by loop-closure constraints.

6.2. Localization Results

A direct comparison with the ground-truth trajectory (GT) is performed to evaluate
localization performance. In addition to the proposed SLAM with calibration method
(SLAM + C), Figures 10 and 11 present the results obtained from intermediate methods such
as dead reckoning (DR), scan matching (SM), dead reckoning with velocity initialization
(DR + V) and SLAM without extrinsic calibration (SLAM). Figure 10 depicts the trajectories
produced by each method, while Figure 11 summarizes the corresponding position errors.

For the current test case, the dead reckoning based on DVL and gyroscopes yields the
poorest performance. The rapid deviation from the ground-truth trajectory observed in
Figure 10 is explained by the DVL’s inability to provide periodic velocity measurements.
Without this information, the constant velocity model adopted in the EKF prediction step
cannot reliably observe the AUV motion, reaching a maximum deviation of 33.72 m with
respect to the ground-truth (Figure 11). It should be noted that this dead reckoning solution
is not directly incorporated into the SLAM and calibration factor graph; it is only presented
here to demonstrate the standalone performance of the method on the current dataset.
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Figure 10. Top view of the estimated trajectories obtained using the different localization approaches.
Light gray dots superimposed on the dead reckoning (DR) trajectory indicate time instants with valid
DVL velocity measurements.

Figure 11. Position errors for the different methods, computed as the L2 norm with respect to
the ground-truth.

By transforming all displacement increments computed by the 3DupIC to the body
frame and placing them together, trajectory labeled SM in Figure 10 is produced. When
compared with the dead reckoning trajectory, the scan matching demonstrates a clear
improvement in localization accuracy. With respect to the ground-truth, a noticeable
drift, particularly affecting the orientation states, can be observed in Figure 10. This
is justified by the fact that, appart from the initialization provided by dead reckoning,
no information from the FOG gyroscopes is considered in this solution, as position and
attitude are exclusivelly computed through sonar scan registration. Additionally, no loop-
closures where established at this point and uncalibrated extrinsic parameters where used
to transform displacements between the sonar and the body reference frames.

To mitigate the lack of reliable velocity measurements supplied to the dead reckoning
system, velocity references obtained from scan matching are provided at the beginning
of each trajectory segment, as detailed in Section 4.1. Displacements computed by this
modified dead reckoning system are used to produce the dead reckoning factors in the
SLAM and calibration factor graph. The performance of the modified dead reckoning is
identified by the label DR + V in Figures 10 and 11. When compared to the original dead
reckoning approach, a significant improvement is achieved, with a reduction in position
error by nearly an order of magnitude. When compared with the scan matching (SM),
the DR + V trajectory exhibits a more consistent estimation of the vehicle’s orientation states,
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with the trajectory path showing better alignment with the ground-truth (GT), thanks to
the inclusion of FOG gyroscopes. However, inaccuracies in velocity estimation still lead to
large positioning errors, particularly noticeable during the first half of the mission, where
DVL outages are more frequent (Figure 8).

The performance of the proposed graph-based SLAM approach is evaluated in two
configurations: one with the extrinsic calibration component disabled (SLAM), and another
with joint optimization of the trajectory and the extrinsic parameters (SLAM + C). Both
configurations share the same factor graph structure, differing only in the uncertainty as-
signed to the extrinsic parameters. In the SLAM configuration, these parameters are tightly
constrained with low prior uncertainty to prevent their modification during optimization,
whereas in SLAM + C, a more relaxed constraint allows their refinement within the graph
optimization process.

Both SLAM trajectories (Figure 10) show a substantial improvement over the previ-
ously presented methods, achieving approximately an order of magnitude gain in local-
ization accuracy with respect to the SM and DR + V solutions (Figure 11). The SLAM + C
configuration yields the most consistent and accurate results, with a maximum position
error of 0.36 m relative to the ground-truth trajectory, while the SLAM solutions achieves a
maximum error of 0.69 m. From a localization perspective, these results demonstrate the
effectiveness of the proposed graph-SLAM formulation and highlight the added value of
incorporating the ternary scan matching factor, which enables refinement of the transfor-
mation between reference frames. Ultimately, these figures clearly illustrate a progressive
improvement in localization accuracy as the level of integration increases, reaching the best
performance with the proposed SLAM and calibration method.

6.3. Mapping Results

Based on the previously presented trajectories, the corresponding bathymetric models
were constructed (Figure 12), allowing a visual assessment of the impact of each localization
method on the consistency of the reconstructed surfaces. To generate these representations,
point clouds were created by transforming the key scans into a common reference frame
according to the poses estimated by each method. Subsequently, 2.5D elevation maps were
computed, by discretizing the point clouds into a 20 × 20 cm grid cell and averaging the
depth of the points contained within each cell.

Bathymetric maps were generated for the scan matching (SM), ground-truth (GT),
SLAM, and SLAM + C trajectories (Figure 12). In the first three cases, the original extrin-
sic parameters were used to produce the point clouds whereas in the SLAM + C case,
the refined parameters were applied. Additionally, an extra map, labeled GT + C, was con-
structed using the ground-truth trajectory combined with the refined extrinsic parameters
estimated by the SLAM and calibration method. This configuration allows the effect of
the extrinsic calibration to be analyzed independently from trajectory estimation errors.
From the models presented in Figure 12, close-up shots were extracted in three specific
areas. This enlarged segments, depicted in Figure 13, facilitate the visual comparison
between the different models.

All reconstructed models shown in Figure 12 successfully capture the general morphol-
ogy of the surveyed underwater terrain, preserving the main topographic features. How-
ever, closer inspection reveals subtle geometric distortions and differences in surface defini-
tion between reconstructions. Maps reconstructed from less consistent trajectories—such as
scan matching—tend to produce smoother surfaces. This apparent smoothness, however,
does not indicate higher accuracy; rather, it results from the loss of fine geometric detail
caused by local misalignments between overlapping scans. When scan alignment is poor,
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small scale features are effectively blurred out during the grid based averaging process,
leading to an overly smoothed surface representation.

(a) SM (b) GT

(c) SLAM (d) GT + C

(e) SLAM + C

Figure 12. Bathymetric reconstructions obtained from different localization solutions: (a) Scan
Matching, (b) ground-truth, (c) SLAM, (d) ground-truth with extrinsic calibration, (e) SLAM and
calibration. The areas highlighted in white in (a) are shown magnified for all methods in Figure 13.

In contrast, the models generated using the SLAM and SLAM + C trajectories exhibit
sharper and more coherent structures, reflecting improved spatial alignment between scans.
The introduction of loop-closure constraints within the SLAM formulation mitigates long
term drift, ensuring a globally consistent reconstruction. Furthermore, in the SLAM + C
configuration, the joint optimization of extrinsic calibration refines the sonar to body
transformation, enhancing local consistency and allowing finer structural details to emerge.

Surprisingly, the models reconstructed from the ground-truth trajectory do not offer
the highest amount of detail. Nevertheless, when original extrinsic parameters are replaced
by the refined ones, the reconstruction quality increases significantly and becomes close to
the SLAM + C model. This outcome reveals the effectiveness of extrinsic parameter refine-
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ment within the SLAM factor graph. Nevertheless, since the calibration was performed
jointly with the SLAM + C trajectory, the refined parameters are inherently adapted to the
characteristics of that trajectory, which still contains residual errors relative to the ground-
truth. Therefore, the fact that these parameters yield a slightly inferior reconstruction when
applied to the ground-truth trajectory suggests that, while they provide a good fit to the
SLAM + C trajectory, they still retain a certain degree of global uncertainty.

(a) SM zone I (b) SM zone II (c) SM zone III

(d) GT zone I (e) GT zone II (f) GT zone III

(g) SLAM zone I (h) SLAM zone II (i) SLAM zone III

(j) SLAM + C zone I (k) SLAM + C zone II (l) SLAM + C zone III

(m) GT + C zone I (n) GT + C zone II (o) GT + C zone III

Figure 13. Close-up views of bathymetric reconstructions obtained using different trajectories.
The zoomed areas, indicated in Figure 12, correspond to three selected regions of interest. Each
column represents one of these areas, while each row corresponds to a different reconstruction
method, enabling a detailed visual comparison of reconstruction accuracy and surface consistency
across methods.
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Close-up views presented in Figure 13 provide magnified visualizations of three
selected regions for each reconstruction. Beyond the previously noted lack of detail in the
scan matching solution, a low amplitude and high frequency noise superimposed on all
surfaces becomes apparent. These local variations indicate inconsistencies between the
depth stored in neighboring cells, once again suggesting poor scan alignment. The SLAM
reconstruction demonstrates clear improvements in both surface clarity and structural
definition, with most of the roughness observed in the scan matching model effectively
corrected. The SLAM + C map stands out as the most consistent, revealing finer topographic
details while maintaining smoothness in flat regions. The effectiveness of the SLAM and
calibration factor graph in refining the sonar-to-body transformation is further confirmed
by the significant improvement observed between the GT and the GT + C models.

Finally, the self-consistency of each model was evaluated using the method described
in [71], which quantifies, for each cell, the disparity among the contributing scans. A pre-
liminary examination of the results shown in Figure 14 indicates that the largest errors
occur in areas with steep slopes, where the terrain geometry naturally amplifies minor
misalignment between scans. Also, in transition zones between different elevation levels,
the metric may overestimate error, as a single cell can contain points originating from
distinct height layers. In this context, the metric is not suitable for assessing a global error.
Although it could be extended to a 3D voxel representation, a 2D grid discretization was
adopted, as it still allows meaningful comparisons between methods while preserving
visual clarity.

(a) SM (b) GT

(c) SLAM (d) GT + C (e) SLAM + C

Figure 14. Self-consistency error map computed over a 20 cm grid, illustrating local disparities
among overlapping sonar scans for each reconstruction: (a) scan matching, (b) ground-truth,
(c) SLAM, (d) ground-truth with refined extrinsic parameters, (e) SLAM with calibration. The
corresponding robot trajectories are superimposed in red, indicating the vehicle path associated with
each reconstruction.
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The error figures corroborate the empirical observations derived from Figures 12 and 13.
The scan matching map exhibits the worst performance, while the ground-truth based
map performs slightly worse than the SLAM solution without calibration. The SLAM + C
configuration demonstrates the highest consistency, showing reduced errors in flat regions
and a sharper, more localized error response along terrain slopes. However, it should
be noted that in these steep transition zones, the concentration of high error values may
not necessarily reflect true reconstruction inaccuracies but rather the aggregation of depth
measurements from different terrain levels within the same grid cell. This effect can
artificially inflate the local error estimate while still indicating good overall alignment
quality. Nevertheless, compared to the other reconstructions, the SLAM + C solution
confines high error regions to narrower terrain bands, demonstrating superior internal
consistency. The GT + C model also shows improved consistency compared to the non
calibrated counterpart, further reinforcing the benefit of refined extrinsic calibration in
achieving a coherent 3D reconstruction.

6.4. Calibration Results

This section evaluates the performance of the proposed extrinsic calibration approach,
with particular emphasis on its convergence properties, robustness to poor initialization,
and repeatability. The subsequent analyses investigate the response of the calibration
method to initialization errors by introducing controlled perturbations in the prior factor
zT associated with the extrinsic parameters. Perturbations are applied individually to
each translational component (xT, yT, zT) and to each rotational component (ϕT, θT, ψT),
expressed as Euler angles.

All experiments are conducted using the same real-world dataset and the SLAM and
calibration factor graph employed previously. The extrinsic parameters obtained from the
batch optimization of the SLAM and calibration factor graph are used as reference values
in all subsequent experiments.

6.4.1. Observability Analysis

This experiment aims to assess the observability of the individual extrinsic parameters
within the proposed calibration framework by analyzing the convergence behavior under
controlled perturbations applied independently to each degree of freedom. To this end,
each parameter is perturbed in isolation while the remaining components are kept at their
nominal values, allowing the evaluation of whether the constraints provided by the factor
graph are sufficient to drive convergence towards the reference solution.

This test represents a worst case scenario, in which the imposed perturbations signifi-
cantly exceed the uncertainty typically associated with preliminary extrinsic calibration
obtained through manual measurements on the vehicle. This deliberate exaggeration is
intended to evaluate the robustness of the method under adverse initialization conditions.
Translational components were perturbed within a range of ±0.5 m around the reference
values, sampled at regular intervals of 2 cm. Rotational components were perturbed within
a range of ±5◦, using increments of 0.2◦. These bounds and step sizes result in 100 tested
samples for each individual parameter.

The resulting plots, shown in Figure 15, illustrate the response of the calibration
method (blue circles) to variations in the initial extrinsic parameter values (orange markers).
Each plot displays 100 samples, where the central sample (sample 50) represents an initial
value close to the reference extrinsic parameter, while samples farther from the center
correspond to progressively larger deviations from this reference.
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(a) (b)

(c) (d)

(e) (f)

Figure 15. Convergence analysis under individual extrinsic parameter perturbations. Each subplot
corresponds to one component of the sonar-to-body transformation. Figures (a,c,e) represent the
translational components xT, yT, and zT, respectively, while (b,d,f) correspond to the rotational
components ϕT, θT, and ψT. The horizontal axis represents the sample index, and the vertical axis
shows the parameter value. For each sample, the initial perturbed values are represented by orange
dots, while the calibrated values obtained after optimization are shown as blue circles.

Despite the large initialization errors, the proposed method exhibits consistent con-
vergence, with the calibrated parameters approaching the reference values across most
degrees of freedom. This trend is observed for all components except for the vertical
translation component zT (Figure 15e), whose calibrated values tend to follow the im-
posed perturbation.

The limited convergence observed for the vertical translation component zT is at-
tributed to reduced observability in the considered dataset. The environment is dominated
by horizontal structures, and the vehicle exhibits very limited roll and pitch motion, which
diminishes the sensitivity of scan matching constraints to vertical sensor offsets. As a result,
this degree of freedom becomes weakly constrained in the factor graph and can be partially
compensated by adjustments in the estimated trajectory.

6.4.2. Convergence and Geometric Consistency Analysis

After evaluating the effect of poor initialization on each extrinsic parameter inde-
pendently, a more realistic scenario is considered in which all components are perturbed
simultaneously. In this experiment, smaller perturbations are introduced, consistent with
the levels of uncertainty typically encountered in real-world deployments. Such uncertain-
ties may arise from slight sensor mounting offsets, installation tolerances, minor structural
deformations of the vehicle body, and imprecise initial measurements of the extrinsic pa-
rameters. Translational components are perturbed within ±10 cm using increments of
5 cm, while rotational components are perturbed within ±1◦ using increments of 0.5◦. This
results in a total of 56 combinations, corresponding to 15,625 samples.
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This experiment also serves to quantify the geometric impact of the extrinsic param-
eters on the transformation of sonar measurements between reference frames. For each
sample, a point is randomly selected from a 3D scan acquired by the Echoscope 3D sonar
and transformed from the sonar reference frame to the vehicle body frame. Three transfor-
mations are preformed: one using the perturbed initial extrinsic parameters, one using the
calibrated parameters obtained after optimization, and one using the reference extrinsic
parameters. For both the perturbed and calibrated cases, the projection error is computed
as the Euclidean distance to the reference projection obtained with the reference extrinsic
parameters. This metric provides a direct geometric measure of the misalignment induced
by initialization errors and of the extent to which the calibration process corrects them.

The resulting distance distributions are summarized in the violin plots shown in
Figure 16. A clear separation is observed between the distributions obtained with the
perturbed initial parameters and those obtained after calibration. In particular, the median
projection error associated with the calibrated parameters (0.158 cm) is less than half of
that obtained with the perturbed parameters (0.34 cm), highlighting the effectiveness of the
calibration process in reducing geometric misalignment.

Figure 16. Projection errors for points transformed from the sonar reference frame to the body
reference frame using perturbed (orange) and calibrated (blue) extrinsic parameters. The error is
computed in the body reference frame as the Euclidean distance between the reference projection and
the projections obtained with the perturbed and calibrated parameters.

Moreover, the calibrated parameters lead to a clear shift of the error distribution
towards the origin, indicating that most scan points are projected with small residual errors
after calibration. This marked reduction in both dispersion and bias demonstrates the
convergence of the calibration process, but also its repeatability and stability across a large
set of perturbation scenarios.

7. Discussion
Overall, the presented results demonstrate a clear and consistent improvement in

both trajectory estimation and map reconstruction as the level of integration among local-
ization methods increases. The progression from standalone approaches—such as dead
reckoning and scan matching—to a fully integrated SLAM formulation leads to substantial
gains in global consistency and positional accuracy. These results confirm that jointly
exploiting complementary sources of relative and global constraints is essential for robust
underwater localization.

The inclusion of extrinsic calibration within the SLAM optimization proves particu-
larly beneficial. Beyond refining the transformation between the sonar and body frames,
joint trajectory and calibration optimization improves scan alignment and enhances the
geometric coherence of the reconstructed maps. Notably, the SLAM + C solution yields
more consistent reconstructions than those obtained using the ground-truth trajectory. This
outcome stems from the inherent coupling between trajectory estimation and extrinsic cali-
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bration: when optimized jointly, correlations between states can lead to cross-compensation
effects and ambiguous error attribution, effectively binding both solutions together.

Nonetheless, applying the refined extrinsic parameters to the ground-truth trajectory
also results in a noticeable improvement in reconstruction quality. This indicates that,
although the calibrated parameters may not correspond to a globally exact solution, they
approach the true values and provide tangible benefits when transferred across trajectories.
The calibration convergence experiments further support this interpretation. In particular,
the second experiment shown in Figure 16 reveals that no sample achieves zero projection
error, even when re-initialized from previously calibrated parameters. This behavior
suggests that the calibration problem is only partially observable, allowing the optimization
to converge to slightly different local optima depending on initialization. This effect is
consistent with the individual parameter analysis presented in Figure 15, and is especially
evident in the vertical translational component, which exhibits the weakest observability.

Improved observability of the extrinsic parameters may require either a larger number
of loop-closure constraints or more expressive vehicle motion. In particular, stronger
excitation of the pitch and roll degrees of freedom could contribute to better constrain the
extrinsic parameters. Despite this, the vertical translation component does not diverge
during optimization. Instead, the calibrated value remains close to its initial estimate,
indicating that while refinement is limited, the calibration process does not introduce
instability or degradation.

The limited refinement of the vertical component primarily manifests as a small vertical
offset in the reconstructed 3D model. However, when comparing the reconstructions
in Figure 13, this offset is imperceptible due to the small magnitude of the adjustment
(approximately 2.5 cm). As a result, the overall impact on mapping quality is negligible for
the dataset considered.

To further improve calibration accuracy, especially along the vertical axis, the incor-
poration of additional absolute measurements into the factor graph can be considered.
In particular, global position updates from a GNSS system expressed in the body frame
could help constrain the vehicle pose, while depth measurements from a pressure sensor
could be directly associated with the sonar frame. Such constraints would strengthen
vertical observability and improve the conditioning of this degree of freedom, leading to
more accurate and fully observable extrinsic calibration.

8. Conclusions
This work proposes a pose-graph SLAM and calibration framework built upon the

3DupIC probabilistic scan matching algorithm. The proposed system demonstrates strong
robustness to degraded dead reckoning conditions, as it does not depend on submap con-
struction. Instead, by registering consecutive key scans together, the 3DupIC provides an
alternative odometry estimate, which is used to aid the dead reckoning system. Experimen-
tal results demonstrate remarkable performance in both localization and mapping accuracy.

Another key contribution lies in the inclusion of an additional node within the fac-
tor graph to represent the sonar-to-body transformation. These extrinsic parameters are
connected through scan matching factors, enabling their accurate estimation within the
global SLAM optimization process. The experimental analysis demonstrates consistent con-
vergence and repeatability of the calibration process, even under significant initialization
errors, while also revealing the influence of observability and vehicle motion on specific
parameters. Future developments will focus on improving parameter observability, par-
ticularly along the vertical component, through enhanced sensor fusion. Finally, a deeper
analysis of the relationship between the number of loop-closure factors and the accuracy of
extrinsic parameter estimation remains to be conducted.
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Additionally, future validation should consider larger-scale datasets involving longer
trajectories and, consequently, higher levels of accumulated drift. Such scenarios will
require an improved loop-closure detection strategy, as the current approach—based solely
on spatial proximity between scans—may become less effective as temporal separation and
drift increase. Under these conditions, strategies that exploit the intrinsic content of the
scans, such as feature extraction, scan descriptor construction, or other place recognition
techniques, may contribute to more reliable loop-closure detection.

Scan-matching systems, which seek to establish correspondences between scans based
on the underlying morphology, inherently benefit from environments that are structurally
rich and diverse. The proposed method has demonstrated its effectiveness in such a setting;
however, its ability to generalize to smoother and less structured environments, which
often characterize the seabed, will need to be assessed in future work.

The calibration process benefits from considering all available information simulta-
neously. For this reason, the current implementation operates offline, building the entire
factor graph first and then performing graph optimization to obtain both trajectory and
calibrated extrinsic. However, extrinsic calibration is only required occasionally, whenever
the sonar mounting changes. From an operational standpoint, the proposed framework
could be further developed into an incremental SLAM system, capable of performing
online optimization as the vehicle explores the environment and progressively establishes
loop-closures. The current GPU based implementation of the 3DupIC algorithm already
ensures real time scan matching performance, providing the necessary foundation for such
an online SLAM deployment.

This study highlights how 3D profiling sonars can contribute to improve accuracy and
consistency of underwater localization and mapping systems. The growing availability of
compact and cost-effective 3D sonars makes this approach particularly pertinent. As these
sensors become more accessible, their integration is expected to play a key role in enabling
more accurate, autonomous, and efficient underwater robotic systems.
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The following abbreviations are used in this manuscript:

AUV Autonomous underwater vehicle
DVL Doppler Velocity Log
EKF Extended Kalman Filter
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EU European Union
FOG Fiber-optic gyroscope
GNSS Global Navigation Satellite System
GPU Graphics Processing Unit
ICP Iterative closest point
IMU Inetial Motion Unit
MBES Multibeam Echousounder
MSIS Mechanical scanning imaging sonars
RBPF Rao-Blackwellized particle filter
RTK Real time kinematic
SDG Sustainable Development Goals
SLAM Simultaneous localization and mapping
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