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 a b s t r a c t

This paper introduces a novel framework for multi-session, perception-aware coverage path planning integrated 
with active semantic Simultaneous Localization and Mapping (SLAM) and automatic change detection. The goal 
is to enhance autonomous robotic exploration in dynamic environments by combining semantic understanding 
with adaptive path planning for long-term monitoring. The proposed approach consists of three tightly integrated 
components. First, a semantic-informed inspection planner uses Kernel Density Estimation (KDE) to prioritize ex-
ploration of semantically significant regions. Second, an active semantic SLAM module builds a semantic map 
incrementally, providing real-time feedback to refine the inspection path. Third, a multi-session change detection 
strategy compares current and previous semantic data to identify and localize environmental changes. Together, 
these components allow the robot to intelligently adapt its exploration strategy over time, focusing on areas 
of interest and reacting to environmental dynamics. The framework is validated through both simulation and 
real-world experiments, demonstrating improved coverage efficiency, mapping accuracy, and change detection 
robustness compared to traditional methods. While applied to buoy detection, the system is broadly applicable to 
long-term robotic tasks such as environmental monitoring, infrastructure inspection, mine counter-measure op-
erations, and disaster response, or other scenarios that demand adaptability and semantic awareness in complex, 
evolving environments.

1.  Introduction

Autonomous underwater robots have become increasingly crucial for 
marine exploration, environmental monitoring, and underwater inspec-
tion tasks. These robots are equipped with various sensors, such as sonar 
and cameras, to enable them to map, navigate, and interact with the un-
derwater environment. A critical component of such operations is Simul-
taneous Localization And Mapping (SLAM), which allows the robot to 
create and update a map of the underwater environment while estimat-
ing its position within that map (Bucci et al., 2024; Rahman et al., 2018). 
While traditional SLAM approaches have predominantly relied on geo-
metric data, semantic SLAM has emerged as an essential advancement, 
enabling robots to incorporate semantic information such as the recog-
nition of underwater objects, structures, and hazards, further enhancing 
their situational awareness and operational effectiveness (Kostavelis and 
Gasteratos, 2015).
While semantic SLAM offers a more comprehensive understanding of 
the environment, a critical challenge in underwater robotics is efficient 
coverage path planning (Galceran and Carreras, 2013; Guo et al., 2021). 
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This involves determining the optimal path for the robot to explore an 
area, ensuring full coverage for tasks such as environmental surveying 
or object inspection (Pairet et al., 2022; Sodhi et al., 2019; Ma et al., 
2024; Yao et al., 2021). Given the large and often complex nature of 
underwater environments, developing coverage strategies that balance 
time efficiency, path optimization, and sensor data collection is crucial. 
However, traditional coverage planning approaches may fall short when 
applied to dynamic or evolving environments, especially in the context 
of underwater systems where conditions such as tides, currents, and ma-
rine life can alter the environment over time.
Consequently, in underwater robotics, the need for multi-session cover-
age planning is paramount. As these robots are deployed over extended 
periods for long-term environmental monitoring, revisiting previously 
explored areas for change detection becomes essential (Jang et al., 2021; 
Burguera and Bonin-Font, 2018; Larsen et al., 2023). Underwater envi-
ronments are highly dynamic, and changes such as the movement of 
objects, growth of marine life, or alterations in the underwater terrain 
require the robot to identify and adapt to these modifications. Thus, 
the integration of automatic change detection is a critical aspect of the 
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robot’s exploration strategy. Revisiting areas previously explored during 
earlier sessions introduces the challenge of efficiently planning paths 
that maximize perception and allow for accurate identification of envi-
ronmental changes.
While numerous object detection algorithms (Yu et al., 2021; Zhang 
et al., 2022; Huang et al., 2023)have been developed for underwater 
robotic applications, ranging from traditional methods to deep learning-
based approaches, there remains a notable gap in the area of underwater 
change detection. Despite the growing interest in underwater mapping 
and monitoring, few algorithms have been specifically tailored for de-
tecting changes over time in underwater scenes. This highlights a criti-
cal need for dedicated research and development in underwater change 
detection methodologies, which are essential for long-term monitoring, 
ecological assessments, and infrastructure inspection.
This paper proposes a novel framework for multi-session perception-
aware coverage path planning for autonomous underwater robots, 
aimed at improving active semantic SLAM and automatic change de-
tection. By combining perception-driven coverage planning with multi-
session revisiting strategies, our approach enables autonomous under-
water robots to adaptively plan paths that enhance the detection and up-
dating of semantic knowledge in dynamic environments. The proposed 
method is designed to address the challenges of underwater exploration, 
where environmental conditions can drastically change over time, by re-
fining exploration strategies that prioritize both environmental coverage 
and the monitoring of changes.
The contributions of this paper are twofold. First, we introduce a robust 
method for perception-aware coverage path planning that incorporates 
both geometric and semantic data for underwater robots. One of the 
main advancements of this work is the unified integration of perception-
aware planning, semantic SLAM, and target localization within a sin-
gle framework specifically designed for underwater robotics. Unlike ex-
isting methods that treat these components separately, our approach 
jointly optimizes coverage and semantic understanding. Second, we ex-
tend this framework to multi-session exploration, providing an effective 
solution for automatic change detection in dynamic underwater envi-
ronments. While existing change detection techniques are often limited 
in scope and not embedded within a coverage framework, our method 
addresses this gap through a dedicated multi-session strategy for de-
tecting and localizing environmental changes over time. The proposed 
approach not only enhances the efficiency of path planning but also im-
proves the robot’s ability to detect, adapt to, and monitor environmental 
changes, making it an ideal solution for long-term underwater explo-
ration and monitoring. Although the framework has been tested using 
colored buoys as Objects of Potential Interest (OPIs), it can be easily ex-
tended to other, more practical targets for localization and monitoring. 
In such cases, the primary modifications would concern the Automatic 
Target Recognition (ATR) algorithm to accommodate different object 
types or detection needs.
The paper is organized as follows: state-of-the-art in informative path 
planning and active semantic SLAM are detailed in Section 2, whereas 
Section 3 outlines the preliminaries and the necessary notations and 
Section 4 is dedicated to the employed framework to accomplish the de-
sired monitoring mission. Section 5 treats the validation of the strategy 
in simulated environment, whereas experimental results are reported in 
Section 6. Finally, Section 7 draws conclusions.

2.  Related works and main contributions

Mobile robots, whether operating on the ground (Isler et al., 2016), 
in the air (Bircher et al., 2016), or in marine environments (Smith et al., 
2011; Zacchini et al., 2022), are often tasked with autonomously gather-
ing information about their surroundings. To address the challenges of 
this Information Gathering (IG) task, various Informative Path Planning 
(IPP) techniques have been developed in recent years. Despite the differ-
ent approaches used, these methods share a common goal: to plan safe 
and feasible paths that allow the robot to collect as much information as 

possible with the available sensor payload during a survey or inspection. 
In dynamic or unknown environments, online IPP solutions-those that 
do not rely on pre-existing knowledge-are crucial. These solutions uti-
lize real-time sensor data and adapt to the environment as it is perceived 
(Wang et al., 2020; Paull et al., 2012) . Specifically, IPP algorithms in 
such scenarios must continuously compute and update optimal or near-
optimal inspection paths based on the data available at each moment. 
These paths must adhere to the robot’s motion constraints. Moreover, 
since mobile robots typically have limited computational resources and 
are often subject to time constraints in real-time applications, IPP al-
gorithms must be efficient in terms of computation. Sampling-based 
algorithms are the state-of-the-art methods for path planning, due to 
the absence of a fixed endpoint and the reduced computational burden. 
Such algorithms, as the Rapidly-exploring Information Gathering (RIG) 
(Hollinger and Sukhatme, 2014), operate in continuous space, easily in-
corporate motion constraints, and are computationally efficient, making 
it suitable for real-time operation on mobile robots without the need of 
specialized hardware. Additionally, IG solutions based on the Rapidly-
exploring Random Tree (RRT) algorithm can efficiently explore large 
workspaces, even in high-dimensional environments, and handle robots 
with multiple degrees of freedom. As a result, RRT-based IG approaches 
have become a leading choice for many real-world applications.
Turning to the SLAM strategies, in the underwater domain, two key 
works have inspired the development of factor graph approaches, and 
have been taken as reference for this work. Most of the approaches ex-
ploit Incremental Smoothing and Mapping 2 (iSAM2) (Kaess et al., 2008, 
2012), an incremental smoothing and mapping solution for graph-based 
optimization problems. The algorithm in Westman and Kaess (2019) 
generates constraints between subsequent poses for each SONAR image 
association and integrates these constraints with vehicle odometry fac-
tors in a pose graph optimization framework. Meanwhile, Franchi et al. 
(2021) uses Ultra-Short BaseLine (USBL) measurements as constraints 
within the onboard navigation filter, treating the localization task as a 
Maximum A Posteriori (MAP) estimation problem. Additionally, other 
graph-based SLAM methods have been proposed to fuse data from both 
navigation and perception sensors, including acoustic and optical sen-
sors. In Fallon et al. (2013), a graph-based SLAM solution is applied to 
an Autonomous Underwater Vehicle (AUV) for mine countermeasures 
and vehicle localization. The graph is initialized using a pose node from 
Global Positioning System (GPS) when the AUV is on the sea surface, 
and Doppler Velocity Log (DVL) and Inertial Measurement Unit (IMU)-
based dead reckoning estimates along with SONAR images are employed 
to perform a non-linear least squares optimization when the vehicle is 
submerged. In Huang and Kaess (2015), with the aim of recovering 3D 
scene structures from multiple 2D SONAR images while simultaneously 
localizing the SONAR system, an acoustic structure-from-motion algo-
rithm is introduced.
Turning to underwater semantic mapping and SLAM algorithms ref-
erences can be found in Himri et al. (2018), Guerneve et al. (2017). 
In Himri et al. (2018) the authors have developed a localization and 
mapping system that utilizes a 3D object recognition pipeline, enabling 
the creation of maps at the object level. The real-time 3D object detec-
tion capability was also shown to enhance map accuracy, particularly 
when closing trajectory loops during SLAM. In Guerneve et al. (2017), 
a semantic mapping pipeline for underwater environments is proposed, 
which integrates multibeam SONAR data with a collection of Computer-
Aided Design (CAD) models representing the structures of interest. This 
approach generates a simplified 3D model of the environment, and can 
be applied both in real-time and during post-processing.
In this paper an intelligent strategy for autonomous inspection of un-
derwater environment and detection of OPIs has been developed. The 
main contribution is related to the proposed framework, which requires 
a minimal human intervention, thanks to the employment of the in-
formation gathered by the AUV during its mission. The two main ac-
tors of the proposed inspection approach, i.e. the perception-aware 
coverage path planning with geometric and semantic data and the
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extension to multi-session exploration with automatic change detection, 
represents the main advancements contained in this work. Regarding the 
first theme, a new method for coverage path planning that enhances un-
derwater robots’ ability to plan efficient exploration paths, incorporat-
ing both geometric (spatial) and semantic (contextual or environmental) 
data is proposed. While most traditional path planning methods primar-
ily focus on the geometric aspect of the environment, overlooking the 
broader environmental context, which is crucial in unknown real-world 
scenarios, in the presented work the combination of both geometric and 
semantic data ensures that the robot adapts its path planning accord-
ing to the complexity of the underwater world, improving the overall 
efficiency and relevance of the exploration. Indeed, by adding semantic 
data, the approach recognizes that certain regions within the environ-
ment may have more importance and require more attention.
Turning to the second contribution, it necessary to highlight that it 
extends the standard approach to multi-session exploration, which is 
important for long-term, recurring missions. This part of the work fo-
cuses on enabling automatic change detection in dynamic underwater 
environments, an area of significant interest for ongoing monitoring. In 
particular, traditional exploration systems often focus on a single mis-
sion session where the robot maps the environment once. However, in 
the context of underwater environments, periodic exploration is needed 
because these ecosystems change over time. With multi-session explo-
ration, the robot revisits the same area at different times to track changes 
in the environment. The change detection system automatically com-
pares the new data to previously collected data to identify what has 
changed-whether it’s environmental shifts, the appearance of new ob-
jects, or changes in marine life. In this paper, we will focus on changes 
related to new and/or removed objects in the marine environment. This 
can be crucial, in an extended vision, for monitoring the health of ecosys-
tems or detecting disturbances like illegal fishing, pollution, or even cli-
mate change effects. Thus, the robot’s path planning method is adjusted 
to adapt to changes that may have occurred since the last exploration 
session. This contribution offers a continuous, automated solution for 
monitoring dynamic underwater environments. It provides a scalable 
and efficient way to track changes over time, detect anomalies, and re-
spond appropriately, making it ideal for long-term monitoring tasks such 
as conservation, marine research, or infrastructure inspection.
When combined, these two contributions offer a powerful and flexible 
approach for underwater exploration. The perception-aware path plan-
ning improves the robot’s ability to autonomously navigate and map 
complex environments, while the multi-session framework ensures that 
the robot can adapt to and monitor long-term changes. This dual ap-
proach enhances both the robot’s ability to cover large areas efficiently 
and its capacity to detect, interpret, and adapt to changes over time, 
making it well-suited for critical applications like underwater monitor-
ing, environmental protection, and autonomous research in marine en-
vironments.

3.  Preliminaries and notation

3.1.  Preliminaries on SLAM algorithms

Considering unknown state variables 𝑋 = {𝑥1, 𝑥2, ..., 𝑥𝑀}, which 
include poses and landmarks, based on the measurements 𝑍 =
{𝑧1, 𝑧2, ..., 𝑧𝑁}, a navigation and mapping problem can be stated. The 
objective of the MAP estimator is to find the state configuration 𝑋 that 
maximizes the posterior probability 𝑝(𝑋|𝑍), which is correlated to the 
likelihood of the states 𝑋 given the measurements 𝑍. Consequently, it 
can be easily obtained that

𝑋𝑀𝐴𝑃 = argmax
𝑋

𝑝(𝑋)𝑙(𝑍|𝑋) = 𝑝(𝑋)
𝑁
∏

𝑖=1
𝑙(𝑧𝑖|𝑋), (1)

where 𝑙(𝑧𝑖|𝑋) is the likelihood distribution. The nonlinear problem 
can be tackled using standard techniques like the Gauss-Newton or 
Levenberg-Marquardt algorithms. These methods iteratively approach 

the solution by solving a linearized version of the nonlinear system at 
each step. More information can be found in Grisetti et al. (2020), Del-
laert and Kaess (2017).
Defining the state of the system at instant 𝑖 as a pose belonging to the 
special Euclidean group SE(3), it is possible to asses that the pose 𝑇𝑥𝑖  can 
be mathematically expressed as:

𝑇𝑥𝑖 =
[

𝑅𝑖 𝒕𝑖
𝟎1×3 1

]

(2)

where 𝑅𝑖 ∈ SO(3) is the rotation matrix and 𝒕𝑖 ∈ ℝ3 represents the trans-
lation vector. For ease of explanation 𝑇𝑥𝑖  is usually described through 
the vector [ 𝑋𝑥𝑖 𝑌𝑥𝑖 𝑍𝑥𝑖 𝜙𝑥𝑖 𝜃𝑥𝑖 𝜓𝑥𝑖

]

∈ ℝ6, where can be 
easily distinguished the translation and the rotation parts respectively.

3.2.  Mapping and OctoMap preliminaries

The mapping approach used in this work is based on the occupancy 
grid mapping method, which has proven to be a robust way to represent 
the environment. Occupancy grid mapping has been widely applied in 
marine robotics for various tasks, such as collision detection, obstacle 
avoidance (Youakim et al., 2020), environment mapping (Franchi et al., 
2020; Teixeira et al., 2016; Ho et al., 2018), and path planning (Hernán-
dez et al., 2019; Vidal et al., 2020). In this framework, given the robot’s 
pose 𝑇𝑥𝑖  and its measurements 𝑧1∶𝑡 up to time 𝑡, the occupancy grid aims 
to construct the map  based on those observations. The classic occu-
pancy grid theory, as used in this work, incorporates the assumptions 
of grid cells independence and the Markovian hypothesis. Given these 
premises, the OctoMap framework (Hornung et al., 2013; Yguel et al., 
2008) has been employed to develop the 3D probabilistic occupancy 
mapping solution. This framework allows for modeling free, occupied, 
and unmapped areas, which is essential for planning and exploration in 
unknown environments. It also enables the update of the probabilistic 
occupancy of each grid cell using the following update rule, within a 
Bayesian context:
𝑝
(

𝑚𝑖|𝑧1∶𝑡
)

1 − 𝑝
(

𝑚𝑖|𝑧1∶𝑡
) =

𝑝
(

𝑚𝑖|𝑧𝑡
)

1 − 𝑝
(

𝑚𝑖|𝑧𝑡
)

𝑝
(

𝑚𝑖|𝑧1∶𝑡−1
)

1 − 𝑝
(

𝑚𝑖|𝑧1∶𝑡−1
)

1 − 𝑝
(

𝑚𝑖
)

𝑝
(

𝑚𝑖
) . (3)

It is possible to define the log-odds ratio as the logarithm of the ra-
tio between a probability and its complementary probability, as 𝑙(⋅) =
log 𝑝(⋅)

1−𝑝(⋅) . Following this definition, it is possible to derive that the up-
date formulation for the occupancy grid problem can be modeled as:
𝑙
(

𝑚𝑖|𝑧1∶𝑡
)

= 𝑙
(

𝑚𝑖|𝑧𝑡
)

+ 𝑙
(

𝑚𝑖|𝑧1∶𝑡−1
)

− 𝑙
(

𝑚𝑖
)

(4)

where 𝑙(𝑚𝑖|𝑧𝑡
) represents the Inverse Sensor Model (ISM), 𝑙(𝑚𝑖|𝑧1∶𝑡−1

) is 
the recursive term updated during each iteration and 𝑙(𝑚𝑖

) is the prior 
assumption. In addition to the update formulation given in Eq. (4), the 
standard version of OctoMap assumes a non-informative prior 𝑝(𝑚𝑖

)

=
0.5. This assumption is sensible when mapping in entirely unknown en-
vironments, as it reflects an equal uncertainty about whether each grid 
cell is occupied or free before any measurements are performed.

3.3.  Motion planning formulation

In many underwater applications, AUVs typically perform surveys at 
a constant depth or altitude. Vehicles which are hydrostatically stable 
in terms of roll and pitch dynamics are largely employed in underwater 
inspection tasks. Since the missions in this work do not cause signifi-
cant changes in these dynamics, the AUV maintains nearly zero roll and 
pitch angles, with minimal fluctuations. Furthermore, to conserve en-
ergy, AUVs primarily travel along the surge axis and only rotate around 
the heave axis, meaning they adjust their heading without significant 
vertical motion. As a result, the kinematic motion of the AUV on a hor-
izontal plane can be described with a simple model:
⎡

⎢

⎢

⎣

𝑥̇
𝑦̇
𝜓̇

⎤

⎥

⎥

⎦

=
⎡

⎢

⎢

⎣

𝑢 cos𝜓
𝑢 sin𝜓
𝑟

⎤

⎥

⎥

⎦

(5)
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where 𝑥 and 𝑦 represent the position of the vehicle on the North, East 
(NE) plane and 𝜓 the heading angle. 𝑢 and 𝑟 are the control input to the 
system, i.e. the surge speed and the angular rate respectively. Kinematic 
models use geometric equations to describe the relationship between the 
vehicle’s positions and velocities, while dynamic models incorporate the 
forces and torques that influence the motion. As a result, dynamic mod-
els offer a more precise representation of the AUV’s motion constraints. 
However, for the purposes of this work, which focuses on addressing the 
IPP problem, only the kinematic model is utilized.
The motion of the AUV is described using the kinematic model from 
Eq. (5), with the configuration space represented as  = SE(2), meaning 
that a configuration 𝜉 belongs to SE(2). The AUV’s kinematic motion is 
modeled using the Dubins vehicle model, which represents the short-
est path between two configurations as a combination of circular arcs 
with maximum curvature and straight line segments. The Dubins vehicle 
model is especially useful for planning tasks because it helps generate 
new configurations, similar to how the tree is expanded in RRT-based so-
lutions, and also functions as a steering mechanism during the rewiring 
process.

4.  Developed framework

The proposed inspection solution, illustrated in Fig. 1, consists of 
five components: the Mission Manager, the Mapping Module, the IPP 
Module, the Guidance, Navigation and Control (GNC) Module (which 
comprises the Semantic SLAM Module) and the Saver/Loader Module. 
These modules operate onboard the AUV and are integrated within the 
Robot Operating System (ROS) framework (Quigley et al., 2009). Ad-
ditionally, a Graphical User Interface (GUI) was developed to run on a 
laptop computer, enabling an operator to communicate and interface 
with the AUV. The GUI provides an easy way to set the area to be in-
spected, which is then transmitted to the AUV via the radio or Wi-Fi 
link.
The Mission Manager utilizes the defined limits of the inspection area to 
constrain the workspace of the other modules. Upon receiving the start 
command from the GUI or when the vehicle reaches the each viewpoint, 
it activates the planner contained in the IPP module to compute the Next 
Best Viewpoint (NBV). Additionally, the Mission Manager monitors the 
progress of the coverage.
The Mapping Module is responsible for creating and updating an oc-
cupancy map. It uses the AUV’s estimated pose provided by the SLAM 
algorithm, the DVL measurements and the collected optical images as 
inputs. When a new image is captured or a new DVL data is available, 
the module generate a 3D point cloud thanks to the front-end part and 
update the occupancy map with the back-end part. A detailed explana-
tion of the mapping process can be found in Section 4.2.
The IPP module, by using the RIG algorithm outlined in Section 4.3, ad-
dresses a maximization problem by expanding a tree of possible views 
from the robot’s current configuration. At this point, the proposed in-
formed expansion strategy is applied. The discovered semantic map is 
used to train the Kernel Density Estimation (KDE) estimator online. The 
RIG algorithm then leverages the learned distribution to guide the ve-
hicle toward the most promising areas, generating nodes using the in-
formed sampling policy and weighting them in function of the task to 
be accomplished.
The GNC Module comprises the algorithms dedicated to guidance, nav-
igation, and control and that are employed by the AUV to estimate its 
position and follow the planned route. This module will be analyzed 
in Section 4.1 for what concern the navigation framework. Indeed, a 
Semantic SLAM algorithm has been developed and employed for the ve-
hicle pose estimation and the OPIs detection and localization.
Finally, the Saver/Loader Module is employed to save data and to trans-
fer them from the first inspection mission to the second change detec-
tion mission. In particular, this module is firstly dedicated to save the 
inspection area boundaries decided by the user through the GUI and 
the semantically-annotated map computed by the vehicle. During the 

change detection mission, the module load the inspection area directly 
to the vehicle to be sure that the AUV will inspect the same area and 
the semantic occupancy map to perform the comparison for possible 
changes detection.

4.1.  Semantic SLAM for target localization and vehicle navigation

It is necessary to introduce how to mathematically model the fac-
tors used to represent the measurement constraints in solving the au-
tonomous navigation and mapping problem. Drawing inspiration from 
Westman and Kaess (2018, 2019), the factors outlined below have been 
utilized. The data from the available onboard sensors has been encoded 
as measurement factors to constrain the optimization process, which has 
to be solved to evaluate the MAP estimate. The following factors have 
been incorporated (see Fig. 2):

• a relative 4D pose-to-pose constraint on 𝑥, 𝑦, and 𝑧 translation and 
yaw rotation, is established using the measurements from the DVL 
and the yaw estimated thanks to the attitude estimation filter (Allotta 
et al., 2015; Allotta et al., 2016) operating on IMU and Fiber Optic 
Gyroscope (FOG) measurements. This constraint is encoded with the 
measurement 𝑜𝑖−1,𝑖 and associated covariance Σ𝑜𝑖−1,𝑖 ;

• a unary constraint on pitch and roll rotations, estimated through the 
attitude estimation filter and represented with the measurement 𝑟𝑖
and the covariance Σ𝑟𝑖 ;

• a unary 1D constraint on 𝑧 translation exploiting the Depth Sensor 
(DS) measurements 𝑧𝑖 ∈ ℝ with covariance Σ𝑧𝑖 ;

• a unary 2D constraint on 𝑥 and 𝑦 translation thanks to the GPS ob-
servations 𝒈𝑖 ∈ ℝ2 with covariance Σ𝑔𝑖 ;

• a camera-based constraint between the vehicle 6D pose (i.e., position 
and orientation of the AUV) and the landmark 3D position for each 
OPI detected with the ATR algorithm applied to multiple images.

The implemented approach adds a new state only when at least 
one observation from GPS, DVL, or DS is available. The link be-
tween adjacent nodes is maintained by collapsing the relative motion 
XYZ-Y in a single compound constraint, where simple Dead Reckon-
ing (DR) is performed between the two consecutive nodes with the 
last acquired DVL measurements. Representing the 𝑇𝑥𝑖  with a vector 
[

𝑋𝑥𝑖 𝑌𝑥𝑖 𝑍𝑥𝑖 𝜙𝑥𝑖 𝜃𝑥𝑖 𝜓𝑥𝑖
]

∈ ℝ6 that encodes the state at 
the generic instant, mathematically, at time 𝑘, the optimization problem 
can be written as

∗
𝑘 = argmax

𝑋

∑𝑘−1
𝑖=1

(

‖𝑚𝑋𝑌𝑍−𝑌 (𝑥𝑖−1, 𝑥𝑖)⊖ 𝑜𝑖−1,𝑖‖2Σ𝑜𝑖−1,𝑖
+ ‖𝑚𝑅𝑃 (𝑥𝑖)⊖ 𝑟𝑖‖2Σ𝑟𝑖

)

+

+
∑

𝑖∈ ‖𝑚𝑍 (𝑥𝑖) − 𝑧𝑖‖2Σ𝑧𝑖
+

+
∑

𝑖∈ ‖𝑚𝑋𝑌 (𝑥𝑖) − 𝒈𝑖‖2Σ𝑔𝑖
+

+
∑

𝑗∈,𝑖∈ 𝜌
(

‖𝒑𝑖𝑗 − 𝜋𝑖(𝑇𝑥𝑖𝑷 𝑥𝑗 )‖
2
Σ𝑙𝑚𝑖

)

+

+‖𝑇𝑥0 ⊖ 𝑇𝑥𝑝𝑟𝑖𝑜𝑟‖
2
Σ0

(6)

where 𝑚𝑋𝑌𝑍−𝑌 (𝑥𝑖−1, 𝑥𝑖) =
[

𝑋𝑥𝑖−1,𝑖 𝑌𝑥𝑖−1,𝑖 𝑍𝑥𝑖−1,𝑖 𝜓𝑥𝑖−1,𝑖
]⊤
, 

𝑚𝑅𝑃 (𝑥𝑖) =
[

𝜙𝑥𝑖 𝜃𝑥𝑖
]⊤, 𝑚𝑍 (𝑥𝑖) =

[

𝑍𝑥𝑖
]

, and 𝑚𝑋𝑌 (𝑥𝑖) =
[

𝑋𝑥𝑖 𝑌𝑥𝑖
]⊤ are the measurement functions, 𝑜𝑖−1,𝑖, 𝑟𝑖, 𝑧𝑖, and 

𝒈𝑖 are the measured values and Σ𝑜𝑖−1,𝑖 , Σ𝑟𝑖 , Σ𝑧𝑖 , and Σ𝑔𝑖  are the covari-
ances associated to the previously introduced factors. Thanks to the 
features extracted from the ATR algorithm applied to optical images, 
it is possible to optimize landmark locations 𝑷 𝑥𝑗 ∈ ℝ3 and related 
poses 𝑇𝑥𝑖 ∈ SE(3) minimizing the reprojection error with respect to the 
projected objects 𝒑𝑖𝑗 ∈ ℝ2 on the image plane. To define the function to 
be optimized in the form as in Eq. (6), the Huber robust cost function 
𝜌(⋅) is employed, where 𝜋𝑖(⋅) represents the projection function and 
Σ𝑙𝑚𝑖  is the covariance matrix on the image plane. The set of pose nodes 
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Fig. 1. The developed inspection framework.

Fig. 2. Example of the factor graph at the iteration 𝑖 constrained with vision-based landmarks and all the onboard sensors. While circles stand for constraints related 
to the robot proprioceptive sensors, squares are employed for landmark-based constraints. XYZ-Y represents the constraint on 𝑥, 𝑦, and 𝑧 translation and yaw rotation, 
RP represents the constraint on pitch and roll rotations, Z represents the constraint on 𝑧 translation and XYGPS represents the constraint on 𝑥 and 𝑦 translation thanks 
to the GPS and LM represents the constraint between the vehicle pose and a landmark.

represented as , and  are respectively the ones for which DS, and 
GPS measurements are available, and  is the set of nodes from 
which a landmark is seen. Finally, with the aim of anchoring the state 
evolution to a global reference system, 𝑇𝑥𝑝𝑟𝑖𝑜𝑟  is employed as the prior 
constraint on the first pose 𝑇𝑥0 . Regarding the landmark measurement 
generation process, the ATR findings were used for updating the graph 
and constraining the vehicle poses to the detected landmark positions. 
This ATR system uses (CNNs) to identify the OPIs, providing the 
predicted object bounding boxes with an associated confidence level. 
The center of the bounding box has been employed to compute 𝒑𝑖𝑗 and 
the confidence has been used to evaluate Σ𝑙𝑚𝑖 . For further details on 
the CNN-based ATR system used, the reader can refer to Zacchini et al. 
(2020).
The proposed Semantic SLAM framework is described in Fig. 3 and is 
summarized in Algorithm 1. The algorithm begins with the initialization 
step, where a prior constraint is added to the AUV’s pose 𝑇𝑥0  using 
available GPS, IMU, and DS data. It then proceeds through a loop 
over time step 𝑖, where it continually updates the pose graph. At each 
iteration, the system attempts to detect semantic landmarks using ATR 
on optical images. If a detection 𝑧𝐴𝑇𝑅 is obtained, the algorithm checks 
whether it corresponds to a new landmark or an already-known one. 
While for new landmarks, a new map element is added, for known 
landmarks, loop closure is performed to refine the map and correct 

drift. The updated constraints are incorporated into the graph, which 
is then optimized to compute the best estimate. The updated AUV pose 
𝑇𝑥𝑖  and any relevant landmark positions 𝑷 𝑥𝑗  are then retrieved from 
the optimized graph and returned. This process enables consistent 
and accurate localization and semantic mapping through continuous 
refinement and incorporation of both new observations and loop 
closures.
The Georgia Tech Smoothing And Mapping (GTSAM) library has been 
employed as the back-end for the localization and mapping solution. 
The latest version of GTSAM, known as iSAM2, updates only the small 
subset of variables that are influenced by a new measurement, leading 
to an incremental smoothing and mapping strategy. During each itera-
tion, the latest acquired measurements and their associated covariances 
are included in the graph, thereby reducing the computational load 
of the estimation process and providing a balance between accuracy 
and efficiency. More details can be found in Kaess et al. (2008, 2012), 
Dellaert (2012).

4.2.  Semantically annotated occupancy mapping

The OctoMap framework (Hornung et al., 2013), which serves as the 
foundation for this study, has been extended to implement the semantic 
occupancy mapping strategy. In its original form, OctoMap represents 
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Fig. 3. Overview of the proposed Semantic SLAM framework.

Algorithm 1: Pose-graph semantic SLAM algorithm.
INPUT: Graph ∗𝑖−1, Sensor measurements 𝑚(⋅)
OUTPUT: Optimized AUV pose 𝑇 ∗

𝑥𝑖
, Optimized landmark pose 

𝑷 ∗
𝑥𝑗

*/ Initialization /*
Add prior constraint to AUV pose 𝑇𝑥0  with GPS, IMU and DS;
for i = 1,2,...,N do

*/ Graph update /*
𝑧𝐴𝑇𝑅 ← performATR( );
if 𝑧𝐴𝑇𝑅 is not 𝑁𝑢𝑙𝑙 then

if isNewLandmark(𝑧𝐴𝑇𝑅
) then

𝑚𝐿𝑀 (⋅) ← addNewLandmark(𝑧𝐴𝑇𝑅
)

;
else

𝑚𝐿𝑀 (⋅) ← performLoopClosure(𝑧𝐴𝑇𝑅
)

;

𝑡 ← addConstraints(∗𝑖−1, 𝑚(⋅), 𝑚𝐿𝑀 (⋅)
)

;
addInitialEstimate

(

𝑖
)

;
∗𝑖 ← optimizeGraph(𝑖

)

;
𝑇 ∗
𝑥𝑖
,𝑷 ∗

𝑥𝑗
← retrieveState(∗𝑖

)

;
RETURN 𝑇 ∗

𝑥𝑖
,𝑷 ∗

𝑥𝑗

free and occupied regions through nodes (commonly known as voxels), 
each of which corresponds to a cubic volume of space. It uses an oc-
tree data structure to efficiently update the likelihood of a voxel being 
occupied, based on a Bayesian method. Each voxel has a probability 
𝑃𝑜 indicating the likelihood of being occupied, which is adjusted using 
sensor measurements. To generate the semantic occupancy map, seman-
tic information have been integrated into the voxels. Specifically, each 
voxel was extended to also store a probability 𝑃𝑎 that represents the 
accuracy of belonging to an OPI in both the discovery mission and the 
change detection mission. Regarding the change detection mission, the 
probability 𝑃𝑒 describes the accuracy of each voxel of belonging to a 
confirmed, new or removed OPI during the change detection mission, 
(i.e., describes the change status). Therefore, each voxel now contains:

• the probability 𝑃𝑜 of being occupied, that allows to categorize the 
voxel into unexplored, free and occupied;

• the probability 𝑃𝑎 representing the accuracy of belonging to an OPI, 
that allows to categorize the occupied voxel into environment and 
OPI;

• the probability 𝑃𝑒 of being an OPI identified during the change de-
tection mission, that allows to distinguish occupied voxels between 
environment, confirmed OPI, new OPI and removed OPI.

To achieve this, an update procedure needs to be established. First, it 
is important to note that, based on the foundational assumptions of the 
occupancy grid theory, 𝑃𝑎 can be updated according to the Bayesian rule 
described in Hornung et al. (2013). Then, using the log-odds ratio defi-
nition, a streamlined and computationally efficient update formulation 
can be applied:
𝑙𝑎
(

𝑚𝑖|𝑧
𝐴𝑇𝑅
1∶𝑡

)

= 𝑙𝑎
(

𝑚𝑖|𝑧
𝐴𝑇𝑅
1∶𝑡−1

)

+ 𝑙𝑎
(

𝑚𝑖|𝑧
𝐴𝑇𝑅
𝑡

)

− 𝑙𝑎
(

𝑚𝑖
)

(7)

where 𝑧𝐴𝑇𝑅 denotes the ATR system outputs during the discovery mis-
sion and the change detection mission.
Since the mapping strategy is designed for mapping environments which 
are a-priori unknown, a non-informative assumption has to be employed 
for 𝑃𝑎 initialization, i.e. 𝑃𝑎

(

𝑚𝑖
)

= 0.5, and consequently, 𝑙𝑎
(

𝑚𝑖
)

= 0.

4.2.1.  Discovery mission
The proposed mapping strategy aims to create a semantic model of 

the environment, designed to identify areas likely to contain OPIs, or to 
be utilized by a fully autonomous AUV. The proposed Semantic Map-
ping framework for the discovery mission is described in Fig. 5. The 
classification of occupied voxels is based on the probability 𝑃 𝑑𝑎 , i.e. the 
probability 𝑃𝑎 for the discovery mission. Low values of 𝑃 𝑑𝑎  correspond 
to occupied-environment voxels, while values of 𝑃 𝑑𝑎  close to one in-
dicate occupied-OPI voxels. Intermediate values classify the voxels as 
occupied-uncertain, meaning these voxels have a significant chance of 
containing an OPI but have not been definitively classified yet. For clar-
ity, Fig. 4 provides a summary of the voxel classification scheme.
Therefore, each voxel is characterized by two probabilities:

• the probability 𝑃 𝑑𝑜  of being occupied;
• the probability 𝑃 𝑑𝑎  representing the accuracy of belonging to an OPI.

The occupancy of the sea bottom voxels is updated through the mapping 
solution outlined in Bucci et al. (2023), which relies on an DVL-based 
reconstruction methodology, while the probability 𝑃 𝑑𝑎  is updated using 
the results from the Semantic SLAM solution.

Each bounding box can be precisely located in relation to the body 
reference frame thanks to the SLAM algorithm previously described. For 
each ATR detection, a point cloud is generated by dividing the bounding 
box into cells and using the center of each cell. To clarify, the center of 
each cell, is represented as a point in the cloud. Finally, the ISM for 
updating 𝑃𝑎 is determined by assigning to each point the probability of 
it belonging to an OPI, which is calculated using a Gaussian distribution 
as shown below:

𝑃 𝑑𝑎
(

𝑚𝑖|𝑧
𝐴𝑇𝑅
𝑡

)

≈ 𝑝𝑐𝑒
− 1

2

(

|

|

|

𝑚𝑖−𝜋𝑖 (𝑇𝑥𝑖 𝑷 𝑗 )
|

|

|

𝜎𝑐

)2

, (8)
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Fig. 4. The voxel classification policy employed to generate the semantically annotated map during the discovery mission enhances the standard OctoMap label 
map by assigning a probability to each occupied voxel, indicating the probability of it belonging to an OPI. This probability is updated based on the outputs coming 
from the CNN-based ATR system.

Fig. 5. Overview of the proposed semantic mapping module for the discovery mission.

where 𝜋𝑖(𝑇𝑥𝑖𝑷 𝑗 ) denotes the center of the detected OPI’s projected on 
the image plane, 𝑝𝑐 the computed confidence level, and 𝜎𝑐 the constant 
variance.
It is important to note that the noise and the reduced visibility in the 
optical images make OPI recognition a challenging task. During an in-
spection survey, the AUV may observe the same OPI from various an-
gles, and these variations can lead to missed or incorrect detections, 
but thanks to the SLAM algorithm, which includes a global loop closure 
strategy, these wrong associations can be avoided. Despite this, for each 
image where the ATR system does not detect targets, the voxels are up-
dated with a probability 𝑃 𝑑𝑎

(

𝑚𝑖|𝑧𝐴𝑇𝑅𝑡
) equal to 0.45, in order to reduce 

the probability of these voxels to belong to an OPI. This approach was 
implemented to mitigate the impact of incorrect detections on the build 
semantic map and to improve the precision of the OPI localization.

4.2.2.  Change detection mission
The proposed mapping strategy aims to develop a semantic model of 

the environment status to identify the areas where some changes have 
been occurred to be used by the AUV to optimize its second inspection. 
The proposed Semantic Mapping framework for the change detection 
mission is described in Fig. 7. The classification of occupied voxels relies 
on the probability 𝑃 𝑐𝑑𝑒 . Low 𝑃 𝑐𝑑𝑒  values indicate occupied-environment-
seabottom voxels, while values closer to 1 suggest occupied voxels with 
one of the possible label. A detailed summary of the voxel classification 
can be found in Fig. 6. To obtain this classification, each voxel must also 
necessarily be categorized with the labels used during the discovery mis-
sion (i.e., unexplored, free, occupied-environment, occupied-uncertain, 
or occupied-OPI). Therefore, each voxel is characterized by three prob-
abilities:

• the probability 𝑃 𝑐𝑑𝑜  of being occupied;
• the probability 𝑃 𝑐𝑑𝑎  representing the accuracy of belonging to an OPI 
during the change detection mission;

• the probability 𝑃 𝑐𝑑𝑒  representing the accuracy of its status (i.e., of be-
ing a new (𝑁), confirmed (𝐶) or removed (𝑅) OPI during the change 
detection mission).

As in the discovery mission, the occupancy of voxels is updated through 
the mapping approach presented in Bucci et al. (2023), which uses a 
DVL-based reconstruction method, while the probability 𝑃 𝑐𝑑𝑒  is updated 
via the comparison of the saved map with the outputs of the Semantic 
SLAM technique applied during the change detection mission. For each 
detected OPI, a point cloud is generated as in the discovery mission. The 
probability 𝑃 𝑐𝑑𝑒  is assigned to each point, reflecting the likelihood of 
each voxel being part of a previously detected OPI, and it is computed 
after an evaluation of the status of each voxel. To quantitatively 
estimate if a voxel belong to an OPI detected during the discovery 
mission or to a new OPI, all the voxels with 𝑃 𝑐𝑑𝑎 > 0.7 detected during 
the discovery mission have been employed to build clusters. The 
centroid of each cluster has been considered as the estimated position 
of each OPI and compared with the output of the semantic SLAM 
algorithm to evaluate the status of each voxel with potential OPI. As 
comparison metrics, the distance along the North and East directions 
from the cluster’s centroid to the voxel under consideration has been 
calculated.

To provide a statistical evaluation of an object to be a confirmed ob-
ject, the following considerations have been done. When two 3D objects 
composed of voxels are compared and each voxel has an associated prob-
ability 𝑃 𝑑𝑎  of belonging to an OPI detected during the discovery mission 
and 𝑃 𝑐𝑑𝑎  of belonging to an OPI detected during the change detection 
mission, it is possible to compute the probability that these two objects 
are the same object. In order to model the likelihood that the entire set of 
points in one object has the same overall occupation pattern as the other 
object, it is possible to compute the likelihood of matching occupation 
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Fig. 6. The voxel classification policy used to create the semantically annotated map during the change detection mission. In this case, each occupied voxel is 
updated with the probability of belonging to a new, confirmed or removed OPI with respect to the map obtained from the discovery mission. This probability is 
obtained comparing the outputs of a CNN-based ATR system with the results coming from the discovery mission.

Fig. 7. Overview of the proposed semantic mapping module for the change detection mission.

Fig. 8. Overview of the proposed IPP module.
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Fig. 9. Semantically annotated occupancy maps performed during a discovery 
mission (on the Top) and during a change detection mission (on the Bottom). 
The color indicates the accuracy of the voxel to belong to an OPI.

Fig. 10. Occupancy maps performed during a discovery mission (on the Top) 
and during a change detection mission (on the Bottom). The color indicates the 
depth of each point of the seabottom.

patterns across the entire object based on the voxel-wise probabilities. 
In this case, the idea would be to compute the probability distribution 
over all occupation patterns for both objects and compare them. For 
each corresponding voxel pair, the total probability of matching the oc-
cupation state can be computed. The combined probability of being a 

confirmed object for each voxel would be:
𝑝(𝐶𝑖) = 𝑃 𝑑𝑎 𝑃

𝑐𝑑
𝑎 +

(

1 − 𝑃 𝑑𝑎
)(

1 − 𝑃 𝑐𝑑𝑎
)

− 𝑃 𝑑𝑎
(

1 − 𝑃 𝑐𝑑𝑎
)

+
(

1 − 𝑃 𝑑𝑎
)

𝑃 𝑐𝑑𝑎 (9)

where 𝑃 𝑑𝑎 𝑃 𝑐𝑑𝑎 , (1 − 𝑃 𝑑𝑎 )(1 − 𝑃 𝑐𝑑𝑎 ) and 𝑃 𝑑𝑎 (1 − 𝑃 𝑐𝑑𝑎 ) + (1 − 𝑃 𝑑𝑎 )𝑃
𝑐𝑑
𝑎  are re-

spectively the probabilities that both points are occupied, both points 
are not occupied, and one is occupied and the other is not.
The total probability is updated through the log-odds, i.e.

𝑙(𝐶) =
𝑛
∑

𝑖=1
𝑙
(

𝐶𝑖
)

=
𝑛
∑

𝑖=1
log

𝑝
(

𝐶𝑖
)

1 − 𝑝
(

𝐶𝑖
) (10)

The probability 𝑝(𝐶) can be retrieved as

𝑝(𝐶) = 1
1 + 𝑒−𝑙(𝐶)

. (11)

This represents the probability that, for each corresponding point, the 
two objects have the same occupation state.
To provide a statistical evaluation of an object to be a removed object, 
the following considerations have been done. Assuming that the vox-
els are independent, then the accuracy of the object being removed can 
be related the product of the probabilities of the points containing an 
object during the discovery mission. Given a set of voxels with a prob-
ability 𝑃 𝑑𝑎  during the discovery mission, the probability that each voxel 
is not containing an OPI is 1 − 𝑃 𝑑𝑎 . The probability of the entire object 
being removed during the change detection mission can be computed as 
the product of the probabilities of each point being not an OPI. Conse-
quently, the probability of the object being removed is the complement 
of this probability.
𝑝(𝑅𝑖) = 1 − 𝑃 𝑑𝑎 (12)

Retrieving the log-odds of 𝑝(𝑅𝑖), it is possible to determine the accuracy 
of a removed object:

𝑙(𝑅) = 1 −
𝑛
∑

𝑖=1
𝑙(𝑅𝑖) (13)

Reverting from the log-odds, the probability 𝑝(𝑅) can be found.
Finally, to provide a statistical evaluation of an object to be a new object, 
similar considerations to the removed OPI case have been done. The 
probability of the entire object being a new object appeared between 
the discovery and the change detection mission can be computed as the 
product of the probabilities of each point being an OPI during the change 
detection mission. The probability of the object being added is equal to 
this probability.
𝑃 (𝑁𝑖) = 𝑃 𝑐𝑑𝑒 (14)

As for the removed OPIs, thanks to the log-odds of 𝑝(𝑁𝑖), the accuracy 
of a detected new OPI can be defined as:

𝑙(𝑁) =
𝑛
∑

𝑖=1
𝑙(𝑁𝑖) (15)

From 𝑙(𝑁), the accuracy 𝑝(𝑁) can be easily determined.
As for the discovery mission, in cases where the ATR system does not 
detect any targets, the voxels are updated with a default probability 
𝑃 𝑐𝑑𝑎 = 0.45 and considered as seabottom, reducing the likelihood of these 
voxels to be associated to a different status.

4.3.  Coverage solution

An IPP algorithm was developed to guarantee the coverage of the 
entire area to be inspected using specified sensors, which, in this study, 
is an optical camera for the semantic part and an acoustic sensor, as the 
DVL, for the occupancy term. Specifically, the IPP algorithm is responsi-
ble for calculating and adapting the inspection survey in real-time, using 
the computed semantic map as feedback to maintain adequate coverage 
levels and accurately achieve the desired tasks (i.e., the OPIs inspec-
tion and detection during the discovery mission and the modification 
search during the change detection mission). To achieve this, a RIG was 
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Fig. 11. Semantically annotated change detection map performed during the change detection mission. The color indicates the accuracy of the voxel to be a confirmed 
(in red), removed (in blue) or new (in green) OPI.

Fig. 12. The snapshot illustrates the impact of the proposed gain function. The semantic map is utilized in real-time by the AUV, with information about the OPIs 
being leveraged for planning the survey. By incorporating the target uncertainty-aware gain function, the planner chose a path (in blue) that directs the AUV towards 
the coverage task while also enabling the re-observation of the areas with the highest uncertainty. For clarity, the green lines outline the inspection area, and the 
generated view planning tree is shown in yellow.

designed, utilizing the standard RRT expansion and requiring specific 
routines (Zacchini et al., 2023). More specifically, the RIG algorithm 
iteratively solves the following optimization problem online:

max



s.t.  = {𝜉𝑖}

𝑁𝑝
𝑖=0

𝜉𝑖 = 𝑓
(

𝜉𝑖−1
)

𝜉 ∈ 

(16)

where  is the objective function,  is a branch that has to be evaluated 
and is constituted of a sequence of 𝑁𝑝 possible AUV configurations {𝜉𝑖}, 
𝜉0 denotes the AUV configuration at the current timestamp, and  is the 
space of the admissible configurations. By considering a survey with 
constant altitude, the configurations that can be reached by the AUV 
can be described as a 2D position in the North, East, Down (NED) frame 
(Fossen, 1994), i.e. [ 𝑋 𝑌

]

, and heading 𝜓 . Consequently, the AUV 
state can be represented with the vector 𝜉 = [

𝑋 𝑌 𝜓
]

. The state 

evolution function 𝑓 (⋅) provides the relation between two consecutive 
vehicle configurations 𝜉𝑖 and 𝜉𝑖−1, that, as reported in Section 3.3, is 
described by using the Dubins curves.  is the function to be optimized 
and it is different for the discovery and the change detection mission. 
The IPP Module framework is reported in Fig. 8.

Algorithm 2 outlines the RRT-based IG algorithm used in the IPP 
module. It begins with the robot’s current configuration 𝜉𝑡 and option-
ally the best path from the previous iteration 𝑡−1. A new tree is ini-
tialized with 𝜉𝑡, and if a prior path exists, its valid remaining segments 
are added to the tree using the updated map. The core of the algorithm 
lies in its tree expansion loop, which runs within a fixed computational 
time. This expansion is split into two parallel phases:

• Node generation: a new node 𝜉𝑛 is sampled and its visibility is com-
puted.

• Node rewiring: the previous node 𝜉𝑝 is optimized by evaluating better 
parent-child connections to maximize information gain.

Ocean Engineering 355 (2026) 125170 

10 



A. Bucci and A. Ridolfi

Fig. 13. These snapshots illustrate the impact of the proposed gain function. 
The previously identified OPIs (shown in transparent red-to-green colors) are 
used to inform the planning of the initial phase of the survey during the change 
detection mission. By utilizing the uncertainty-aware gain function, the planner 
chose a path (represented in blue) that guides the AUV towards the coverage 
task while also ensuring that the most uncertain regions are revisited. For clarity, 
the green lines outline the inspection area.

The generateNode( ) function handles the creation of new nodes for 
tree expansion. It starts by sampling a configuration 𝜉𝑠 and extending 
the nearest existing node 𝜉𝑛 toward it to generate a new node 𝜉𝑛+1 (Algo-
rithm 3). This process uses a uniform sampling strategy, which results in 
a Voronoi-biased expansion, promoting efficient and broad exploration 
of the workspace. If the motion from 𝜉𝑛 to 𝜉𝑛+1 is valid (i.e., safe and fea-
sible), the node’s visibility-the set of voxels observable from that pose-is 
computed. This visibility evaluation is essential for the rewiring step and 
is made efficient by the submodular nature of the IPP objective function, 
meaning the value of information is dependent only on the robot’s cur-
rent pose due to spatial measurement correlations.
The algorithm presents a novel informed expansion strategy that 
guides the tree toward unexplored areas and that is employed in 
sampleNewConfiguration( ). The proposed method learns the distri-
bution of acquired data-interpreted here as the discovered map-online 
and leverages this information to sample new configurations in regions 
that have not yet been explored. It integrates KDE during the learning 
phase and employs a rejection sampling algorithm to bias the tree ex-
pansion.
The rewiring routine is described in Function rewireNode( ) (see Algo-
rithm 4). Given a node 𝜉, the algorithm first retrieves its set of nearest 
neighbors. It then performs a two-step optimization: first, it searches 
among the neighbors for the best parent, i.e., the node that maximizes 
the information gain if selected as the parent of 𝜉. Second, it evaluates 
whether 𝜉 can improve the gain of other nodes in the neighborhood 
by becoming their new parent, potentially enhancing the expected in-
formation gain of entire subtrees. To this end, once a node has been 
associated to a path its gain is computed by considering the voxels al-
ready seen along the path and employing the rewiring functions that 
will be described in the following for both the discovery and the change 
detection missions.

Algorithm 2: IPP algorithm.
INPUT: AUV configuration 𝜉𝑡, Previous best path 𝑡−1
OUTPUT: Next best view configuration 𝜉𝑡+1
*/ Initialization /*
Initialize a new tree   with 𝜉0 = 𝜉𝑡;
Initialize 𝜉𝑝 = 𝑁𝑢𝑙𝑙;
if 𝑡−1 is not 𝑁𝑢𝑙𝑙 then

addPath
(

𝑡−1, 
)

;
updatePathGain

(

𝑡−1
)

;
*/ New node generation and evaluation /*
while Δ𝑡 < 𝛿 do

if 𝜉𝑝 = 𝑁𝑢𝑙𝑙 then
𝜉𝑛 ← generateNode( );

else
𝜉𝑛 ← generateNode( );
rewireNode

(

𝜉𝑝
)

;

if nodeIsValid(𝜉𝑝
) then

addNode
(

𝜉𝑝, 
)

;
𝜉𝑝 ← 𝜉𝑛;

*/ Best path and NBV update /*
𝑡 ← getBestPath( );
𝜉𝑡+1 ← getNBV(𝑡

)

;
Delete  ;
RETURN 𝜉𝑡+1

4.3.1.  Discovery mission
By employing an occupancy mapping strategy, like the one previ-

ously outlined in Section 4.2.1, the objective function  can be evalu-
ated using a straightforward ray-casting procedure to highlight all the 
illumined voxels from each pose that can be assumed by the AUV. Given 
all the configurations 𝜉 in , the available occupancy information can 
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Fig. 14. The snapshot illustrates the impact of the proposed gain function. The AUV uses the updated semantic map in real-time, leveraging the knowledge of the 
OPIs to plan the survey for the second phase of the change detection mission. By applying the target uncertainty-aware gain function, the planner selects a path 
(shown in blue) that guides the AUV towards the coverage task while also revisiting the most uncertain regions. For clarity, the green lines outline the inspection 
area, and the generated view planning tree is highlighted in yellow.

Fig. 15. FeelHippo AUV before an on-field underwater mission.

Algorithm 3: Function generateNode( ).
𝜉𝑠 ← sampleNewConfiguration( );
𝜉𝑛 ← getNearest(𝜉𝑠, 

)

;
𝜉𝑛+1 ← randomPropagation(𝜉𝑠, 𝜉𝑛

)

;
if isMotionValid(𝜉𝑛, 𝜉𝑛+1

) then
computeVisibility

(

𝜉𝑛+1
)

;
setNodeValidity

(

𝜉𝑛+1,True
)

;
RETURN 𝜉𝑛+1

else
generateNode();

be estimated as follows:
 =

∑

∀𝜉∈

∑

∀𝑚∈𝜉

𝐼(𝑥) (17)

where 𝐼(𝑥) = −𝑃𝑜(𝑥) ln𝑃𝑜(𝑥) − 𝑃𝑜(𝑥) ln𝑃𝑜(𝑥) with 𝑃𝑜(𝑥) = 1 − 𝑃𝑜(𝑥) as the 
complementary probability. 𝐼(𝑥) represents the entropy of the voxel 𝑚, 
which belongs to 𝜉 , i.e. the set of the voxels which are visible from the 
configuration 𝜉. Consequently, the value of  can be evaluated sum-
ming all configurations that constitute the considered branch .
However, by focusing solely on the information related to the explo-

Fig. 16. Examples of the detected yellow buoy.

ration of unknown environment as in Eq. (17), the planning algorithm 
aims to compute the shortest path to cover the area. It does not take 
in consideration the OPI search or the active goal of inspecting the sur-
rounding environment trough a semantic map. The object uncertainty 
has to ba taken into account by the RIG planner, and consequently the 
cost function to be optimized has to be adjusted in order to minimize 
the number of voxels labeled as occupied-uncertain (and, consequently, 
to maximize the voxels classified as free, or occupied with environment 
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Fig. 17. Various snapshots from one of the autonomous discovery surveys performed by the FeelHippo AUV during the experimental campaign in La Spezia, Italy, 
are presented. Utilizing the developed coverage framework, the vehicle successfully surveyed the seabed within the target area, outlined by the four green points 
and four black dashed lines, with the objective of locating the OPIs. The route guiding the AUV to the NBV is shown in green, while the estimated path traveled by 
the AUV is marked in red.

Algorithm 4: Function rewireNode(𝜉).
𝑔𝑏 ← getGain(𝜉);
 ← getNeighbors(𝜉,  );
for ∀𝜉𝑝 ∈  do

if isMotionValid(𝜉𝑝, 𝜉
) then

𝑔 ← computeGain(𝜉𝑝, 𝜉
)

;
if 𝑔 < 𝑔𝑏 then

setParent
(

𝜉, 𝜉𝑝
)

;
setGain(𝜉, 𝑔);
𝑔𝑏 ← 𝑔;

for ∀𝜉𝑐 ∈  do
if isMotionValid(𝜉, 𝜉𝑐

) then
𝑔𝑐 ← getGain(𝜉𝑐

)

;
𝑔 ← computeGain(𝜉, 𝜉𝑐

)

;
if 𝑔 < 𝑔𝑐 then

setParent
(

𝜉𝑐 , 𝜉
)

;
setGain

(

𝜉𝑐 , 𝑔
)

;
updateChildrenGain

(

𝜉𝑐
)

;

RETURN 

or OPI label). It is important to highlight that the voxel uncertainty re-
garding the presence of an OPI can be represented by its entropy:
𝐼𝑑𝑎 (𝑥) = −𝑃 𝑑𝑎 (𝑥) ln𝑃

𝑑
𝑎 (𝑥) − 𝑃 𝑑𝑎 (𝑥) ln𝑃 𝑑𝑎 (𝑥) (18)

where 𝑃 𝑑𝑎 (𝑥) = 1 − 𝑃 𝑑𝑎 (𝑥).
Thus, the voxel-based OPI entropy cost evaluated along a branch  can 
be computed as:
𝑑𝑎 =

∑

∀𝑚∈

𝐼𝑑𝑎 (𝑥). (19)

The exploration-oriented function  previously introduced in Eq. (17) 
needs to be combined with this target uncertainty-based cost function 
to define a branch gain model that take under consideration both the 
tasks to be accomplished. In the context of this research, 𝑑𝑎  was used 
to encourage branches that guide the AUV towards unexplored areas 
while reducing the target localization uncertainty. Therefore, the com-
plete branch gain has been defined as:

 = 𝑒
𝜆𝑎𝑑𝑎 (20)

where 𝜆𝑎 > 0 ∈ ℝ is a tuning parameter that permits to balance between 
the tasks of inspecting the area to be explored and detecting the OPIs, 
in order to reach an optimal trade-off between both these objectives.
Indeed, while  enables the algorithm to choose the path that directs 
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Fig. 18. Occupancy maps performed during a discovery mission. On the Top, the depth map, where the color indicates the depth of each point of the seabottom, on 
the Bottom, the semantic map, where the color indicates the accuracy of the voxel to belong to an OPI.

the vehicle to non-inspected regions in the shortest time, the cost func-
tion  encourages paths that not only explore the area but also reduce 
the localization uncertainty of the OPIs thanks to the influence of the 
components proportional to 𝑑𝑎 . It is important to note that  may 
result in longer inspection surveys, as improving the localization of the 
OPIs might necessitate the vehicle re-observing areas that have already 
been explored.

4.3.2.  Change detection mission
For what concern the change detection mission, the objective func-

tion  can be evaluated as in the discovery mission. Indeed, the overall 
environment has to be entirely mapped for the second time to find the 
presence of possible changes. As in the discovery mission, the uncer-
tainty related to OPIs along a branch can be estimated as:
𝑐𝑑𝑎 =

∑

∀𝑚∈

𝐼𝑐𝑑𝑎 (𝑥). (21)

where 𝐼𝑐𝑑𝑎 (𝑥) = −𝑃 𝑐𝑑𝑎 (𝑥) ln𝑃 𝑐𝑑𝑎 (𝑥) − ̄𝑃 𝑐𝑑𝑎 (𝑥) ln ̄𝑃 𝑐𝑑𝑎 (𝑥). Furthermore, the 
voxel accuracy obtained from the discovery mission is employed to com-
puted †𝑎  to move the vehicle through branches that firstly inspect ar-
eas where during the discovery mission OPIs were found. In this case, 
branches are not privileged through voxel uncertainty, but through their 
accuracy in containing an OPI. Consequently, 𝑑𝑎  is computed as

†𝑎 =
∑

∀𝑚∈

𝐼†𝑎 (𝑥). (22)

where 𝐼†𝑎 (𝑥) = 𝑃 𝑑𝑎 (𝑥) ln𝑃
𝑑
𝑎 (𝑥). Both these components can be combined 

with the exploration function  to define a suitable branch gain model. 
Therefore, the branch gain is formulated as:

 = 𝑒
𝜆𝑎

(

(1−𝜃)†𝑎
+𝑐𝑑𝑎

)

(23)

where 𝜆𝑎 > 0 ∈ ℝ is a tuning parameter that controls the influence of 
target uncertainty, balancing the trade-off between exploration and OPI 
localization and 𝜃 ∈ [0, 1] is the ratio between the inspected area and 
the total area to be monitored. While  helps the algorithm choose the 

shortest path to unexplored regions,  encourages paths that firstly 
inspect areas where OPIs where detected during the discovery mission 
and, during the second part of the mission, reduce OPI localization un-
certainty. As previously, it’s important to note that, also in this case, the 
function  might lead to longer inspection surveys, as improving OPI 
localization may require the vehicle to revisit areas that have already 
been explored.

5.  Validation

The proposed inspection strategy has been initially validated using 
simulations. The framework underwent validation through a compre-
hensive comparison with realistic simulations conducted using the Un-
manned Underwater Vehicle Simulator (UUV Simulator), where a digi-
tal twin of FeelHippo AUV, chosen as the test platform and detailed in 
Section 6, has been employed. Since sea trials are both time-consuming 
and costly, this simulation-based validation played a critical role. The 
results presented in this Section aimed at validating and fine-tuning the 
developed framework. During the experimental campaign, the coverage 
solution has been tested using the parameters derived from this valida-
tion process.
To assess the mapping performance within the simulation environment, 
both the DVL and the camera were replicated using the simulator’s ca-
pabilities. The simulations were built on the dynamic model of the Feel-
Hippo AUV, which was implemented in the UUV Simulator including all 
the available onboard sensors. In particular, the four DVL beams were 
simulated by employing the geometry of the sensor and by adding noise 
to the measured values, resulting in errors in the velocity measurements 
and in the beam 3D positioning. Similarly, the camera was modeled with 
noise affecting the pixel positions in the captured images, which influ-
ences the estimation of both the vehicle and landmark positions. The 
data used for modeling all the other sensors were chosen based on the 
specifications of the devices installed on the FeelHippo AUV.
The IG framework and the mapping solution previously described were 
used in conjunction with the ATR strategy outlined in Zacchini et al. 
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Fig. 19. Various snapshots from one of the autonomous change detection surveys carried out by the FeelHippo AUV during the experimental campaign in La Spezia, 
Italy, are shown. Using the developed coverage framework, the vehicle successfully examined the seabed within the target area, marked by four green points and 
four black dashed lines, with the initial goal of locating the previously identified OPIs. The route guiding the AUV to the NBV is shown in green, while the estimated 
path followed by the AUV is indicated in red.

(2020). Specifically, the Single Shot MultiBox Detector (SSD) Mobilenet 
V2 network architecture (Liu et al., 2016) was chosen for detecting the 
OPIs in the optical images. To set up a suitable simulation environment, 
four objects, resembling spheres with radius of 0.5 m were placed both 
on the sea floor and floating. To validate and assess the performance 
of the proposed methodology, several inspections were carried out and 
four OPIs positioned at known locations, with their coordinates in the 
NED frame listed in Table 1. The autonomous missions were conducted 
to inspect an area of approximately 30 × 36 m with a constant altitude 
of 4 meters above the seabed.
The semantic mapping module was designed to generate an occupancy 
grid map of the covered area, which serves as real-time feedback for the 
high-level planning module. As previously mentioned, the motion plan-
ner module accounted for the AUV kinematic constraints using Dubins 
curves with a turning radius of 3 meters. The high-level planner had 
2 s to determine the NBV. It employed the algorithm outlined in Sec-
tion 4.3 to grow a random tree starting from the AUV’s initial position. 
The branch that was expected to gather the most information was cho-
sen, and the first node became the NBV. Subsequently, the FeelHippo 
AUV followed the path generated by the motion planner. Once the NBV 
was reached, the high-level planner built a new random tree, using the 
previous best solution as the starting point.

Table 1 
Simulation setup: OPI positions in the NED reference frame 
during the discovery and the change detection missions.

 Discovery mission  Change detection mission
 OPI 1 [

4 1 5.5
] [

4 1 5.5
]

 OPI 2 [

2 10 7
]  —

 OPI 3 [

6 −3 5.5
]  —

 OPI 4 [

−6 −5 6.5
] [

−6 −5 6.5
]

 OPI 5  — [

−3 11 6
]

5.1.  Navigation and mapping performance

To quantitatively evaluate the accuracy of OPI localization, Eu-
clidean clusters were extracted from the voxels with 𝑃𝑎 > 0.7, when the 
AUV reached the 95% coverage threshold. From each cluster the cen-
troid has been extracted and it has been taken as the estimated position 
of the closest OPI and compared with the output of the semantic SLAM 
algorithm and with the ground truth of the simulation. At the end of the 
survey, these regions were used to identify the areas most likely to con-
tain the OPIs. The results of one simulation are summarized in Table 2.

In terms of localization accuracy, all the OPI positions were es-
timated with a maximum error of about 1 meter. Additionally, the
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Fig. 20. Occupancy maps performed during a change detection mission. On the Top, the depth map, where the color indicates the depth of each point of the 
seabottom, in the Middle, the semantic map, where the color indicates the accuracy of the voxel to belong to an OPI, on the Bottom, the semantic change detection 
map, where the color indicates the status of the voxel to be a confirmed, removed or new OPI.

semantic map ensured that the OPIs were accurately located. 
Given the dimensions of the targets and the maximum distance 
of the cluster points from the centroid, the OPIs were within 
the defined regions, which is crucial for various applications. For 
example, in Mine Countermeasure (MCM) operations for plan-
ning safe routes and interventions, or in archaeological cam-
paigns to design more precise inspections, this level of accuracy is
essential.
Fig. 9 shows the semantic maps reconstructed during the two surveys 
(i.e., the discovery mission and the change detection mission), where 
occupied voxels in the seabottom are shown in gray, and colored cubes 
are associated to voxels which have a probability greater than 0.7 of be-
longing to an OPI. The color transitions from green to red as the prob-
ability increases. This semantic map is valuable for operators carrying 
out the tasks mentioned above or can even be used online by the robot. 
Fig. 10 shows the depth maps obtained from the two surveys, where the 
occupied environment voxels are colored as a function of their depth 
values.

5.2.  Change detection analysis

To validate and assess the performance of the proposed methodol-
ogy, one change detection mission was carried out to inspect four OPIs 
positioned at known locations, with their coordinates in the NED frame 
listed in Table 1. The autonomous coverage survey was conducted in 
the same condition of the discovery mission, i.e. constant altitude of 
4 meters and same limits to the area to be inspected. The semantically 
annotated map previously saved and gathered during the discovery mis-
sion is employed by the vehicle as reference and comparison to evaluate 
the status of each voxel which had an accuracy over 0.7 to belong to an 
OPI. The results of the change detection mission are reported in Fig. 11. 
It shows the semantic map reconstructed during the change detection 
mission, where occupied voxels in the environment are shown in gray, 
and colored cubes represent voxels with a probability of belonging to 
a confirmed, new or removed OPI with accuracy greater than 0.7. Ta-
ble 3 summarizes these results, showing the status probabilities of each 
cluster computed with the Eqs. (10), (13), and (15).
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Table 2 
Outcomes of one simulation regarding the OPI localization capabilities during the discovery and the 
change detection missions.

 Discovery mission  Change detection mission

OPI 1
 SLAM-based localization [

3.687 0.943 5.534
] [

3.784 1.132 5.493
]

 SLAM-based covariance [

0.23 0.282 0.651
] [

0.341 0.231 0.538
]

 OctoMap centroid [

3.779 1.131 5.37
] [

4.186 0.897 5.524
]

 OctoMap covariance [

0.38 0.404 0.338
] [

0.33 0.326 0.347
]

OPI 2
 SLAM-based localization [

2.314 10.121 7.231
]  —

 SLAM-based covariance [

0.322 0.263 0.511
]  —

 OctoMap centroid [

2.206 9.798 6.837
]  —

 OctoMap covariance [

0.262 0.32 0.37
]  —

OPI 3
 SLAM-based localization [

6.034 −2.845 5.554
]  —

 SLAM-based covariance [

0.343 0.157 0.576
]  —

 OctoMap centroid [

6.22 9.898 5.614
]  —

 OctoMap covariance [

0.314 0.275 0.333
]  —

OPI 4
 SLAM-based localization [

−6.127 −4.863 6.467
] [

−6.241 −4.757 6.523
]

 SLAM-based covariance [

0.263 0.156 0.468
] [

0.184 0.203 0.536
]

 OctoMap centroid [

−6.227 −4.872 6.579
] [

−5.86 −4.748 6.573
]

 OctoMap covariance [

0.264 0.38 0.263
] [

0.326 0.179 0.376
]

OPI 5
 SLAM-based localization  — [

−3.312 10.743 5.834
]

 SLAM-based covariance  — [

0.342 0.267 0.634
]

 OctoMap centroid  — [

−2.971 10.836 6.131
]

 OctoMap covariance  — [

0.28 0.224 0.256
]

Table 3 
Outcomes of one simulation regarding 
OPI status detection.

 Detected status  Probability
 OPI 1  confirmed 𝑝(𝐶) = 0.96
 OPI 2  removed 𝑝(𝑅) = 0.94
 OPI 3  removed 𝑝(𝑅) = 0.95
 OPI 4  confirmed 𝑝(𝐶) = 0.93
 OPI 5  new 𝑝(𝑁) = 0.95

Table 4 
Outcomes of four simulations in terms of traveled path distance during the dis-
covery mission.

 Mean path length [m]  Covariance [m]

Coverage level 90 %  Cost function Eq. (20)  424.42  25.82
 Cost function Eq. (17)  383.13  29.03

Coverage level 95 %  Cost function Eq. (20)  482.89  41.11
 Cost function Eq. (17)  437.54  39.63

5.3.  Coverage policy evaluation

In terms of the coverage task that has to be accomplished, although 
both the uncertainty-aware gain functions (Eqs. (20) and (23)) taking 
slightly longer paths if compared to the exploration-focused approach 
like the one obtained from Eq. (17), the AUV is still able to cover the 
area of interest effectively.
During the autonomous discovery surveys, the ATR system successfully 
detected all four OPIs, and the semantic map was continuously adapted 
to the new acquisitions. As previously mentioned, the gain function 
(Eq. (20)) encourages the AUV to navigate toward unexplored areas 
while also reducing localization uncertainty for the targets. Fig. 12 illus-
trates this behavior. Instead of opting for the shortest path which lead to 
accomplish the task of completing the coverage, the planning algorithm 
favored a slightly longer path (depicted in blue), which allowed the ve-
hicle to revisit areas with greatest uncertainty in voxel status recogni-
tion. This approach helped the vehicle first re-examine the targets to 
reduce their localization uncertainty before finishing the coverage task. 
Table 4 summarizes the results of the simulations, where a comparison 
of the traveled distance to achieve the 90% and 95% of the coverage 
were considered by employing the cost function reported in Eq. (20), 
which takes into account the ATR outputs, and the cost function defined 
in Eq. (17).

Table 5 
Outcomes of four simulations in terms of traveled path distance during the 
change detection mission.

Mean path
length [m]  Covariance [m]

OPIs change detection  Cost function Eq. (23)  55.21  6.23
 Cost function Eq. (17)  194.29  24.92

Coverage level 90 %  Cost function Eq. (23)  457.62  32.52
 Cost function Eq. (17)  390.24  25.72

Coverage level 95 %  Cost function Eq. (23)  506.21  37.34
 Cost function Eq. (17)  438.46  31.87

Similarly, during the autonomous change detection missions, the 
ATR system successfully detected all three OPIs (one OPI has been re-
moved to evaluate all the possible cases of change detection), and the 
semantically annotated map was continuously updated and compared 
with the semantic map acquired during the discovery mission. In this 
case, the gain function  (Eq. (23)) conducts the AUV to follow paths 
that firstly search the previously detected OPIs and then reduce local-
ization uncertainty of the detected targets (new and confirmed), while 
at the same time it completes the coverage of the area. Figs. 13 and 14 
illustrate these behaviors. Also in this case, the IG algorithm allows the 
vehicle to cover areas which has been visited to re-examine the targets 
and reduce their localization uncertainty before finishing the coverage 
task. Table 5 summarizes the results of the simulations, where the trav-
eled distance to reaches all the points where the OPIs were found during 
the discovery mission and to cover the 90% and 95% of the inspection 
area were considered. These results have been obtained by employing 
the cost function reported in Eq. (23), which takes into account the ATR 
outputs and the comparison with the saved semantically annotated map, 
and the cost function defined in Eq. (17).
Analyzing the first rows of Table 5, it is necessary to highlight the differ-
ences between the traveled distance by the vehicle to inspect the zones 
where it detects OPIs during the discovery mission. Indeed, only by em-
ploying the cost function defined in Eq. (23) the vehicle is biased to 
inspect firstly the areas where OPIs were discovered. On the contrary, 
Eq. (17) determines the vehicle only to focus on the coverage task and 
the information related to the positions of the OPIs is not exploited.
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Table 6 
FeelHippo AUV available sensors.

 GPS  U-blox 7P
 IMU  Advanced Navigation Orientus
 single-axis FOG  KVH DSP 1760
 DVL-DS  Nortek DVL1000
 optical camera  Microsoft Lifecam Cinema

6.  Experimental results

The proposed strategy has been tested by employing FeelHippo AUV 
(Allotta et al., 2017), depicted in Fig. 15, a lightweight and compact ve-
hicle developed by the Department of Industrial Engineering at the Uni-
versity of Florence (UNIFI DIEF). The main sensors of FeelHippo AUV 
are listed in Table 6, focusing the attention on the ones necessary to 
perform navigation and mapping tasks.

The proposed inspection strategy was experimentally validated using 
data collected at the Naval Support and Experimentation Center (Centro 
di Supporto e Sperimentazione Navale) (CSSN) experimental basin in La 
Spezia, Italy. During the trials, the main onboard computer was tasked 
with executing the IG planning system, which integrates the KDE-based 
learning technique, and the SLAM algorithm for autonomous naviga-
tion and mapping. In parallel, the payload computer was dedicated to 
the execution of the ATR module. The control loop frequency of the 
navigation and guidance system was set to 10 Hz, providing sufficient 
responsiveness for real-time control. This frequency was found to be 
fully compatible with the computational requirements of the IG plan-
ning algorithm, allowing the system to update the planned trajectory 
and map information without introducing delays or bottlenecks in the 
inspection workflow.
To evaluate the system’s performance in detecting and localizing OPIs, 
four colored buoys were positioned underwater at varying depths. Dur-
ing the discovery mission, all four buoys were present. In contrast, for 
the change detection mission, one buoy was intentionally removed in 
order to assess the system’s capability to identify changes in the envi-
ronment and update the semantic map accordingly.
In both missions, the ATR module, based on the SSD MobileNet V2 net-
work, was responsible for object detection and recognition. This net-
work, optimized for real-time inference on embedded systems, was de-
ployed on an NVIDIA Jetson Nano module integrated into the Feel-
Hippo AUV. The system maintained an operational frame rate of up to 4 
fps, enabling reliable perception in underwater conditions (see Fig. 16). 
Furthermore, to enable accurate target localization, camera calibration 
was performed prior to the experiments using a standard checkerboard-
based intrinsic and extrinsic calibration procedure, followed by verifi-
cation underwater to account for refraction effects at the air-water in-
terface.

The experimental campaign was conducted within a controlled area 
approximately 20 × 20 meters in size, characterized by a relatively flat 
seabed. The FeelHippo AUV performed multiple surveys at a constant 
altitude of 3 meters, systematically exploring the area to detect buoys 
and inspect the environment.
The experimental results confirm that the proposed strategy effectively 
guided the AUV throughout the inspection task. As shown in Fig. 17, 
the policy derived from Eq. (20) demonstrated the desired behavior: 
the AUV dynamically replanned its path in response to feedback from 
the semantic mapping module, enabling it to revisit areas where OPIs 
had previously been detected. This adaptive behavior enhances the re-
liability of semantic map construction, as evidenced by the occupancy 
and semantic maps presented in Fig. 18.
During the change detection mission, the policy defined in Eq. (23) also 
exhibited the expected behavior, as depicted in Fig. 19. The AUV ini-
tially prioritized the inspection of regions previously associated with 
OPIs, followed by a complete area survey. It then revisited the newly 
detected OPIs to refine their localization. This behavior demonstrates 

Table 7 
Outcomes of four experimental results in terms of traveled path distance.

Mean path
length [m]  Covariance [m]

Coverage level 90 %  discovery mission  131.06  16.14
 change detection mission  154.77  9.82

Coverage level 95 %  discovery mission  147.68  10.03
 change detection mission  171.05  16.11

Table 8 
Outcomes of one experimental results regarding OPI status detection.

 Discovery mission  Change detection mission  Status  Accuracy
 OPI 1 ✓ ✓  confirmed 𝑝(𝐶) = 0.92
 OPI 2 ✓  removed 𝑝(𝑅) = 0.95
 OPI 3 ✓ ✓  confirmed 𝑝(𝐶) = 0.96
 OPI 4 ✓ ✓  confirmed 𝑝(𝐶) = 0.95

the system’s ability to integrate prior semantic information and dynam-
ically adapt to environmental changes. The results, summarized through 
updated occupancy and semantic maps in Fig. 20, highlight the robust-
ness of the proposed framework in identifying and localizing changes in 
underwater environments.
Quantitative metrics related to mission efficiency, in terms of the path 
length required to achieve 90% and 95% area coverage, are reported 
in Table 7. Additionally, Table 8 presents the status of each OPI as 
computed during the change detection phase. These results substantiate 
the system’s capacity for effective environmental monitoring and au-
tonomous change detection, reinforcing its applicability for long-term 
multi-session underwater inspection tasks.

7.  Conclusion and future development

This paper presented a novel approach to multi-session perception-
aware coverage path planning for active semantic SLAM, with a focus 
on automatic change detection. By integrating semantic understand-
ing into the coverage path planning process, we addressed key chal-
lenges in autonomous exploration and mapping, enabling more effective 
and context-aware decision-making for robotic systems. The proposed 
method was evaluated through both simulations and real-world experi-
ments, demonstrating its effectiveness in dynamic environments. The ef-
fectiveness of the proposed framework is supported by complementary 
evidence obtained from both simulation and real-world experiments, 
each offering distinct yet reinforcing insights. In simulation, quantita-
tive analyses were conducted to evaluate navigation and mapping per-
formance, including the accuracy and covariance of the estimated po-
sitions of OPIs during both discovery and change detection missions, 
measured against ground truth provided by the simulator. The change 
detection capability was assessed by comparing OPI positions across 
missions to compute the probability of correctly classifying each object 
as confirmed, removed, or newly detected. Furthermore, the coverage 
policy was rigorously evaluated by analyzing the path lengths required 
to achieve 90% and 95% area coverage during the discovery phase, 
as well as the effort needed to detect environmental changes during 
change detection missions. These simulation results provided valuable 
insights into the scalability and adaptability of the proposed framework 
across several simulations. These findings are further reinforced by real-
world experimental trials, which validated the system’s practicality and 
robustness under realistic deployment conditions. Empirical measure-
ments confirmed the effectiveness of the framework in terms of path 
length during both discovery and change detection missions, as well 
as the probability of correctly determining the status of each OPI. No-
tably, the real-world data highlighted significant improvements in path 
efficiency, semantic mapping accuracy, and environmental change de-
tection, thereby demonstrating the method’s suitability for long-term 
autonomous operation in dynamic environments.
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Our approach successfully combines perception and planning in a 
manner that not only facilitates coverage of the environment but also 
enhances the robot’s ability to detect and respond to changes. The 
method showed promise in handling dynamic and uncertain environ-
ments, which is crucial for applications like environmental monitoring, 
infrastructure inspection, and disaster response.
While the results obtained in this study are promising, several aspects 
of the proposed system can be improved or extended in future research. 
Some potential directions for future development include scalability to 
larger environments and the introduction of acoustic sensors for the data 
gathering. Regarding the first point, the current approach works well for 
moderately sized environments, but further optimization is needed for 
scaling up to larger, more complex areas. Regarding the latter, incorpo-
rating real-time data fusion techniques, where data from various sensor 
modalities (e.g., acoustic and optical sensors) are merged effectively, 
could lead to more accurate semantic mapping and change detection. 
This fusion could also enhance the robot’s ability to navigate and inter-
act with complex environments more intelligently.
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