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Autonomous Underwater Vehicles (AUVs) employed for inspection and monitoring applications require a
reliable estimate of their navigation status to successfully accomplish the scheduled mission. Considering that
they are typically endowed with vision systems to collect images of the surveyed environment, approaches
based on Visual Odometry (VO) allow to utilise the optical payload also to perform robot navigation. Despite
a large body of prior research, the topic of navigation based on stereo vision is still an open problem in the
marine domain. Within this context, this paper proposes an underwater navigation framework utilising a stereo
camera as a linear velocity sensor. The purpose is to assess the potentiality of a stereo vision system to indirectly
measure the linear velocity of an AUV, and provide this information to the navigation framework of the vehicle.
The proposed strategy consists in a visual inertial odometry solution fusing linear velocity estimates, derived
from optical information, with attitude and depth measurements to retrieve the robot navigation status. Such
linear velocity estimates are computed exploiting a stereo VO algorithm, relying on a 3D-to-2D approach, whose
source code is made available online. The developed strategy is evaluated on real underwater datasets acquired
during monitoring surveys performed by an AUV equipped with Doppler Velocity Log (DVL), bottom-looking
stereo camera, inertial unit, and depth sensor. The results, obtained through a comparison with the DVL taken
as benchmark, confirm the approach as feasible and exploitable in underwater inspection and monitoring
contexts.

1. Introduction heterogeneous amounts of data (Huvenne et al., 2018). ROVs are tele-
operated robots and skilled manpower is required to remotely guide
As a matter of fact, to date, only a small percentage of the underwa-

ter environment — about the 5% — is accurately mapped and charted.!

these vehicles during a specific mission; this entails the presence of
a command-and-control station onboard a support vessel, resulting

For this reason, exploring, monitoring, mapping, and inspecting the ma-
rine domain represent issues of utmost importance within the scientific
community, and, every year, several economic resources are allocated
to promote such activities.

In recent years, advances in robotics and automation have led to
significant improvements in the design and realisation of unmanned
robots suitable for the underwater environment. Nowadays, Remotely
Operated Vehicles (ROVs) and Autonomous Underwater Vehicles (AUVs)
constitute a major resource to accomplish the aforementioned activities
with greater continuity and effectiveness, ensuring to gather useful and

in high operational costs that are unsustainable when it comes to
campaigns conducted within the context of academic research. Fur-
thermore, the wired configuration of ROVs could represent a hindrance
depending on the trajectory the robot has to follow during the desired
mission. In contrast, utilising AUVs allows to significantly reduce the
total cost of the operations as these vehicles are designed to operate in
full autonomy. The ability to perform tasks without requiring human
supervision and the possibility of being endowed with heterogeneous
payloads are just some of the reasons why AUVs are expected to play
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a leading role in the years to come for monitoring and preserving the
marine environments (Di Ciaccio and Troisi, 2021).

With a view to exploiting AUVs for monitoring and inspection pur-
poses, ensuring a reliable and robust estimation of the robot navigation
status is quite a challenging task. Although it has been addressed in
several works, the navigation of a vehicle operating underwater still
remains an open problem for which there is no unique solution.

As well-known, the underwater environment prevents the exploita-
tion of the Global Navigation Satellite System (GNSS) signal due to
the attenuation of electromagnetic waves in water. Therefore, the most
common approach to solve the underwater navigation problem is to
implement dead-reckoning strategies, which rely solely on the vehicle
proprioceptive information obtained from devices such as Inertial Nav-
igation System (INS), Doppler Velocity Log (DVL), and depth sensor.
Unaided inertial navigation systems exploit high-frequency information
provided by accelerometers and gyroscopes of an Inertial Measurement
Unit (IMU) to calculate the vehicle position, velocity, and attitude via
dead-reckoning. The result of this procedure strongly depends on the
quality of the IMU employed and thus its cost. However, regardless the
grade of the device, the resulting performance of a navigation system
only based on IMU is de facto not sufficient for accurate mission execu-
tion and georeferencing of payload data, especially when considering
IMUs usually integrated on low-cost AUVs. This is why underwater nav-
igation systems are integrated with velocity measurements, generally
from a DVL (Paull et al., 2013), and additional devices such as the
depth sensor (Panish and Taylor, 2011, Liu et al., 2018) or the fibre
optic gyroscope (Ridao et al., 2010).

Solutions of this type involve dealing with several issues, such as:
obtaining the bottom-lock effect so that the DVL returns a reliable mea-
surement of the AUV linear velocity; accurately estimating the biases
characterising the observations provided by the INS sensors; scheduling
periodic resurfacing to get the global positioning system signal and
reset the drift. In addition, the performance of these navigation systems
is strongly influenced by the quality of the devices purchased: the
higher the cost of the sensors, the better the accuracy of the navigation
state estimation process.

With the aim of containing the costs of the navigation system on-
board the AUV, alternative approaches employ baseline-based acoustic
positioning systems. On the one hand, long baseline (LBL) solutions are
time-consuming and costly since they require the acoustic transponders
to be: at first, fixed to the seafloor and precisely positioned; then,
calibrated before starting the scheduled mission; finally, recovered once
all the operations are concluded (Zhang et al., 2016). On the other
hand, exploiting ultra short baseline (USBL) systems, hence dynamic
acoustic transponders, generally results in the presence of a support
vessel. Nevertheless, recent works propose low-cost cooperative marine
systems where surface vehicles are employed to support the underwater
navigation task of an AUV (Bresciani et al., 2021a, Bresciani et al.,
2021b).

Using environmental information to accomplish the navigation task
of an underwater vehicle is also a feasible method. This type of solu-
tions belongs to the category of geophysical navigation approaches, in
which observations from exteroceptive sensors, such as cameras and
sonars, are utilised to perform pose estimation and path recognition.
Depending on the availability of an a priori model of the environment,
such solutions are distinguished into map-based and map-less naviga-
tion approaches (Bonin-Font et al., 2008). In the first case, the large
information provided by geophysical sensors is matched against the
prior knowledge of the environment, whether a map or a database.
A correspondence in the sensor data results in the localisation of the
robot within the environment. Some examples include navigation based
on bathymetry (Beckman et al., 2000) and magnetic field observa-
tions (Tyren, 1982). Whenever an accurate prior knowledge of the
operating area is not available, motion information is retrieved by
observing and tracking relevant features in the environment. To this
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purpose, sonar devices, such as MultiBeam EchoSounder (MBES), For-
ward Looking Sonar (FLS), and SideScan Sonar (SSS) can be employed.
The capability of acoustic beams to well propagate underwater reaching
considerable distances represents the main advantage of these acoustic
sensors. However, the typical low-resolution of such devices and the
low signal-to-noise ratio make the extraction of robust features from
sonar images a challenging task. For this reason, optical sensors have
been investigated as potential devices to support underwater naviga-
tion. Although they are susceptible to visibility conditions, cameras are
passive sensors that can provide rich information about the underwater
environment through high-resolution imagery. Moreover, their low
cost, small size, and reduced energy consumption make them suitable
sensors for compact and low-cost AUVs (Iscar et al., 2018).

Recently, taking into account that AUVs employed for inspection or
monitoring missions of the marine environment are typically equipped
with one or more cameras (Gelli et al., 2018, Carreras et al., 2013, Ribas
et al.,, 2011), the underwater navigation problem is tackled by means
of computer vision techniques, which utilise as input the visual infor-
mation acquired by the optical payload of the vehicle. By exploiting the
payload already onboard to perform the navigation task, the total cost
of the system utilised during surveys is reduced as it is not necessary
to integrate additional sensors, such as the DVL, to obtain a good
navigation estimate.

Within this context, this work proposes a cost-efficient navigation
strategy, based on a stereo vision system for linear velocity computa-
tion, that allows an AUV, endowed with stereo camera, attitude, and
depth sensor, to retrieve a reliable estimate of its navigation status
during underwater monitoring, inspection, or exploration missions.

1.1. Related work

With regard to underwater navigation based on stereo vision, the
approaches proposed in the literature generally belong to one of the fol-
lowing two categories: Visual Odometry (VO) and Visual Simultaneous
Localisation and Mapping (V-SLAM). For what concerns VO strategies,
the basic idea is to exploit vision to incrementally retrieve an open
loop estimate of the robot trajectory. Sometimes, information available
from the optical devices is fused with observations of inertial sensors
onboard the underwater vehicle, leading to the development of Visual
Inertial Odometry (VIO) approaches. VIO techniques allow for even
more accurate pose estimation and, depending on the method exploited
to fuse the different types of sensor data, are further distinguished into
loosely-coupled and tightly-coupled (Corke et al., 2007): the former
approach is easier to implement since the pure VO and the inertial unit
are treated as two separate black boxes, while the latter provides more
accurate results through the use of raw measurements (both 2D features
and IMU observations).

Recently, Xu et al. (2022) presented an evolution of a VIO system
called IVO-S (Integrated VO with Stereo camera). IVO-S tightly fuses
pure VO information with inertial and sonar data. The ability to en-
able vehicle navigation in low-texturised marine environments while
keeping the total costs down is one of the main achievements of this
approach. Specifically, at first, the Lucas—Kanade tracking algorithm
is utilised to track salient points between consecutive frames; then,
the 3D reconstruction of the scene framed by the stereo vision system
is refined exploiting the depth estimate provided by the sonar ping;
finally, a fusion algorithm and a non linear optimisation are used to
recover the rotation and the translation between a stereo camera view
and the following one.

Another stereo VIO solution is the one proposed in Hildebrandt and
Kirchner (2010). In this strategy, which provides information about
the odometry of an AUV to a complete SLAM system, visual data
are fused with observations from an IMU. In particular, the inertial
unit measurements are double-integrated to compute a starting motion
estimate. Following, the estimated position is exploited to prune the
search space while extracting 2D correspondences between stereo pairs.
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This way, the quadrifocal tensor (defining the relationship between
consecutive stereo frames) is computed, and the high drift affecting the
initial AUV motion estimate is reduced.

Both the solutions of Xu et al. (2022) and Hildebrandt and Kirchner
(2010) belong to the category of feature-based methods, which are
commonly characterised by a two-step flowchart composed of: sparse
extraction of salient points followed by features matching or tracking;
camera pose estimation, based on epipolar geometry, exploiting the
identified 2D correspondences. As explained in Yang et al. (2017),
being the modern feature descriptors invariant to illumination and
view-point changes, the main advantage of feature-based methods is
their robustness to brightness inconsistencies and large view-point
changes among consecutive frames. On the other hand, these ap-
proaches result to be time-consuming, due to the high computational
costs required by feature extraction and 2D correspondence searching.
Moreover, the feature matching phase typically introduces noise within
the VO system, leading to wrong 2D correspondences that can affect the
reliability of the performed motion estimation. This aspect becomes of
particular importance especially when working with images acquired
within environments, such as the marine one, where the number of
features is reduced.

Within the category of feature-based approaches, the authors of
Tanaka et al. (2019b) utilised a stereo camera to develop a pure VO
strategy employing the two-dimensional vectors between feature points
and the horizontal photography range to estimate the camera dis-
placement. Pure VO results are then compared with a self-localisation
approach based on the implementation of a Kalman filter that takes
into account the effect of vehicle oscillations, as explained in Tanaka
et al. (2019a).

The work in Royer et al. (2018) also involves the extraction of
salient points within images, with the exception that the search for 2D
correspondences between stereo frames does not leverage the epipolar
constraint. Indeed, considering that the light source within each stereo
frame appears to be fixed and known, the authors propose to constraint
the features matching stage using a rough depth estimation from light-
ness in underwater imaging. Once 2D features are matched, the 3D
pointclouds associated with each image of the stereo pair are computed
and adapted. Finally, re-projection errors are minimised according to
the Semi-Global Bundle Adjustment procedure described in Nawaf et al.
(2016).

In Wirth et al. (2013) the performance of libviso2 (Geiger et al.,
2011) and fovis (Huang et al., 2017), which are open source stereo
VO libraries, is tested and compared using underwater images collected
during laboratory and harbour experiments. Despite both libviso2 and
fovis seem to work properly when using images with a highly visible
texture, the two strategies could have some problems when dealing
with textureless scenarios or bad visibility; in particular, in such con-
ditions, the proposed comparison suggests that libviso2 performs better
than fovis.

To provide robust and accurate AUV localisation, Zhang et al.
(2018) propose a stereo VO system that is obtained by modifying the
VO block pipeline within ORB-SLAM2 (Mur-Artal and Tardés, 2017),
which is a popular real-time SLAM library for monocular, stereo, and
RGB-D cameras. The modifications suggested by the authors aim at
making ORB-SLAM2 a reliable tool even when working with dataset
collected underwater. The first modification concerns the stereo match-
ing step: they propose to replace frame-to-frame tracking, based on
constant motion model, with a matching approach involving all four
images of the stereo pair at the current and previous step of the algo-
rithm. The second one is the introduction, before the pose optimisation,
of a further step consisting in the use of the P3P method in a RANdom
SAmple Consensus (RANSAC) scheme (Fischler and Bolles, 1981). This
is done both to remove outliers and to compute an initial solution,
which is finally exploited in the non-linear optimisation step. Both these
modifications, together with the usage of different feature extractors,
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allow to handle challenging image conditions and inconsistent motion
estimation that commonly afflict underwater VO solutions.

Another stereo VO system for localising underwater vehicles is
presented in Bellavia et al. (2017), where the aim was the development
of a tool that uses only highly reliable data to perform robot trajectory
estimation. To this end, the authors worked mainly on the feature
matching step that is considered as the main source of noise for any VO
algorithm. Inspired by the circle matching scheme proposed in Geiger
et al. (2011), they employed a robust loop chain matching approach,
which is applied between the stereo frame available at the current time
and a previous frame, properly selected as keyframe using a dedicated
identification procedure. The developed loop chain matching takes
advantage of the corner selection strategy proposed in Bellavia et al.
(2011), based on the Harris method, to detect high repeatable corner
keypoints, and it also utilises the descriptor introduced in Bellavia et al.
(2010) to match previously identified keypoints.

Unlike feature-based methods, in which the matching phase requires
the extraction of a sparse set of salient points within each frame,
direct methods provide the camera motion estimation by exploiting
the entire image information. Indeed, the matching step is carried out
directly utilising intensities of the image pixels. Apart from the fact that
their computational cost is lower than that of feature-based methods,
the main advantage of direct methods is that they also work well in
textureless scenarios. However, a good initial solution is required to
ensure convergence to the optimum. Moreover, sudden changes in the
illumination conditions of the operating scenario can lead this type of
methods to instability as the motion estimation process implies min-
imising the photo-metric error. Based on this last consideration, using
direct methods for navigation purposes within the marine environment,
commonly characterised by poor imaging conditions and scattering
phenomena, is not always convenient. This is confirmed by the work
of Quattrini Li et al. (2016) that provides a comparison of several
open source VO strategies whose performance was tested using multiple
dataset acquired in different operating environments, also underwater.

With the aim of exploiting the advantages of both direct and feature-
based methods, the work in Miao et al. (2021) proposes a unified sparse
stereo VIO solution that also employs a novel underwater camera cali-
bration method. The proposed camera calibration approach exploits a
single viewpoints camera model to separately compensate for distortion
effects related both to water—air refraction and lens. The stereo frames,
rectified using this new approach and properly preprocessed, undergo a
stereo data association procedure. This allows to achieve good features
tracking performance even in scenarios with poor visibility or unstable
illumination conditions. Finally, a robust odometry result is retrieved
by using an optimisation strategy; such strategy works simultaneously
on re-projection and photo-metric errors, utilising the feature-based
method and the direct method to initialise and refine the motion
estimation, respectively.

Compared to pure VO and VIO approaches, V-SLAM strategies
represent a more onerous solution in terms of computational resources
employed; indeed, they also utilise any information about loop closures
to solve the vehicle navigation task and provide an accurate 3D map
of the surveyed environment. An example of vision-only underwater
SLAM is available in Salvi et al. (2008), where the authors propose
a SLAM system designed to work in real-time onboard an AUV en-
dowed with a calibrated stereo camera. The novelty of the system,
using a localisation strategy based on landmarks, is that landmarks are
represented by local 3D pointclouds that are sparsely distributed and
identified by their descriptors. Specifically, consecutive 3D pointclouds
are utilised within a stereo VO solution to retrieve the six degrees-of-
freedom motion of the vehicle, while a Kalman filtering approach is
employed to fuse VO estimates and landmarks observations.

Instead, Pi et al. (2014) propose a SLAM system leveraging, in ad-
dition to stereo vision, readings from devices such as DVL, gyroscopes,
and Attitude and Heading Reference System (AHRS). At each iteration
of the algorithm, stereo frames are processed to extract and match the
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most informative pixels. Then, utilising the intrinsic parameters of the
camera, the 3D pointcloud representing the scene framed by the camera
system is computed and fused with observations from the other sensors
within an Extended Kalman Filter (EKF).

A more complex solution is the one described in Rahman et al.
(2018). Here, by starting from the well-known OKVIS framework
(Leutenegger et al., 2015), the authors present a robust vision-based
state estimation approach exploiting inertial, visual, and acoustic data.
In particular, angular velocity and linear acceleration from an IMU,
visual features obtained processing stereo frames, and acoustic range
measurements from a sonar device are integrated within a tightly-
coupled nonlinear optimisation method. Such method allows to solve
the V-SLAM problem outperforming the OKVIS framework in the con-
text of mapping underwater structures.

Finally, the most recent example of V-SLAM is the strategy described
in Billings et al. (2022), developed for an underwater vehicle designed
for manipulation task. The strategy is based on the implementation of a
variant of the ORB-SLAM?2 framework, which was properly adapted to
work with GPU accelerated Scale-Invariant Feature Transform (SIFT)
features (Lowe, 2004). The main innovation of this approach is the
presence of a monocular fisheye camera, mounted on a manipulator,
that is exploited to support the stereo camera onboard the robot.
Indeed, the wrist camera, mapped in the same framework as the vehicle
camera, is utilised to facilitate feature extraction and mapping in all
those situations where the onboard stereo camera provides unsatisfac-
tory scene reconstruction. This solution leads to robust surveys even in
conditions of poor visibility or difficult robot movement.

1.2. Main contributions

The state-of-the-art review proposed in Section 1.1 suggests that,
despite a large body of prior research, the topic of navigation based
on stereo vision is still an open problem in the marine domain as
demonstrated by recent works concerning this issue. Such works pro-
pose to address the issue either by developing novel solutions (Xu
et al., 2022) or by introducing modifications to reference vision-based
navigation strategies already exploited outside the water (Zhang et al.,
2018, Nordfeldt et al., 2022).

Within this context, this paper proposes an underwater navigation
framework in which a stereo camera is utilised as a linear velocity
sensor. AUVs linear velocity is usually measured by dedicated DVL
devices, which are the state-of-the-art solution for the linear velocity
in the underwater domain (Paull et al., 2013) although not always
feasible due to their high cost. Besides, underwater robots employed in
monitoring and inspection contexts are equipped (by their nature) with
cameras that allow to gather optical information about the surveyed
area. Based on these considerations, this work aims at assessing the
potentiality of a stereo vision system to indirectly measure the linear
velocity of an AUV, and provide this information to the navigation
framework of the vehicle similarly to DVL measurements. To this end, a
stereo VO algorithm was implemented, which retrieves the AUV linear
velocity by exploiting images recorded by the stereo vision system
onboard the robot.

Therefore, the contributions produced within this manuscript can
be summarised as follows:

1. the development and implementation of a cost-effective under-
water navigation strategy, which employs a Kalman Bayesian
approach to integrate the linear velocity, estimated through
the implemented stereo VO algorithm, with measurements from
other devices mounted on the reference vehicle to retrieve a
reliable estimate of the robot navigation status. In particular, in
addition to the stereo camera, an IMU and a depth sensor are
considered as they represent the minimal sensor suite installed
onboard most AUVs. The implemented navigation solution is a
VIO strategy: VO estimates, together with attitude from the IMU
and depth readings, are fused within an EKF algorithm to recover
the position and the linear velocity of the robot;
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Fig. 1. Turbot AUV, employed to collect the datasets utilised to test the navigation
solution proposed within this work.

2. the release of the source code of the implemented stereo VO

strategy (available online?), which can be installed on an AUV
mounting a stereo camera and a Robot Operating System (ROS)
based software architecture. It is authors’ opinion that sharing
the source code will foster the interaction with other researchers
dealing with the same topic, thus contributing to develop a
reference vision-based navigation approach for the underwater
environment.
The proposed stereo VO strategy is based on a 3D-to-2D ap-
proach and it allows to utilise a stereo camera as an affordable
sensor for linear velocity estimation. Such estimate can then
be properly integrated with observations of the other devices
onboard the vehicle within sensor fusion algorithms to solve the
underwater navigation problem;

3. the validation of both stereo VO and VIO navigation frame-
work based on a comparison where a DVL sensor is considered
as benchmark. Specifically, the linear velocity estimates are
compared with the DVL measurements, while the estimated
trajectory is compared with the one computed using the pro-
posed navigation strategy within which the linear velocity esti-
mates provided by the VO algorithm are replaced with the DVL
readings.

The proposed navigation solution, developed at the Department of
Information Engineering of the University of Pisa, was tested using
real underwater datasets collected during experimental campaigns or-
ganised by the Systems, Robotics and Vision Group of the University
of the Balearic Islands (UIB) in the context of the national project
DETECPOS (UIB and IMEDEA, 2022). The experimental field activity
of this project is basically focused on monitoring marine environments
characterised by the presence of Posidonia oceanica seagrass. In partic-
ular, the datasets used in this work were obtained during two different
campaigns of February 2021 in Cala Portals Vells — Spain. The datasets
were acquired utilising Turbot, the SPARUS II AUV shown in Fig. 1. The
vehicle is equipped with a bottom-looking stereo camera, that captures
optical images of the seafloor, and several navigation sensors, namely
a DVL, an IMU, and a depth sensor.

As previously anticipated, a direct comparison with DVL measure-
ments is presented to evaluate the performance of the proposed vision-
based navigation solution. It is worth specifying that the DVL signal
must not be considered as a ground truth, but as a reference signal for
linear velocity observations.

The rest of the paper is organised as follows: Section 2 provides
a detailed description of the methodology employed to produce the
contributions proposed in this paper: in particular, the pipeline of the
implemented stereo VO strategy is described in Section 2.2, while the

2 https://github.com/team-ergo-unipi/ergo_uvo.
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{NED} N

Fig. 2. Reference frames exploited within this manuscript.

developed navigation solution exploiting visual and inertial observa-
tions is presented in Section 2.3. Then, Section 3 explains how the
proposals of the work were validated, providing information about
the conduced experiments and showing the obtained results. Finally,
conclusions and future developments are summarised in Section 4.

2. Methodology
2.1. Preliminary notions

To facilitate the understanding of the overall navigation strategy
based on stereo vision, Fig. 2 introduces the reference frames exploited
within this work, which are:

+ the NED (North-East-Down) system: global reference frame with
its origin on the sea surface. Its axes are oriented along the
geodetic directions defined by the Earth surface: the N axis points
North, the E axis points East, while the D axis points downwards;
the body system: frame with its origin in the centre of mass of the
underwater vehicle and rigidly attached to the latter. The surge
axis is longitudinal from bow to stern, the sway axis goes from left
to right (looking to the robot stern), and the heave axis completes
the right-handed triad;

the camera system: frame associated to the considered vision
system with its origin coincident with the optical centre of the
left camera. Taking into account that the reference vehicle is
equipped with a bottom-looking stereo camera, the z, axis results
to be parallel to the heave axis of the body frame.

The rotation matrix between the NED and body frames, denoted in
the following as R} 5yD , depends on the robot attitude that is defined by
the roll (¢), pitch (), and yaw (y) Euler angles. Thus, in accordance

with Fossen (2002), the RVED matrix can be formalised as:

body
Ry IP(6,0,w) = R.WIR,(OIR()
CoCy  SpSgCy —CySy  CpSeCy T S¢Sy, '6))
=1CoSy  SpSeSy T CpCy  CpSeSy — S¢Cy
—Sg SpCo CpCo

On the other hand, the rotation matrix between the body and camera
systems, indicated as ngfn{,m, is a fixed rotation since it depends only
on the mounting angles characterising the available camera device; in
particular, for the vision system utilised for this work such rotation is

equal to:

0 -1 0
bod
Rch);ra = 1 O 0 (2)
0 0 I

2.2. Stereo Visual Odometry strategy

The proposed stereo VO strategy, which utilises the optical flow of
a stereo camera to provide an estimate of the AUV linear velocity, is
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Fig. 3. Block diagram of the proposed navigation strategy.

based on the analysis of three images: the stereo frames referred to the
previous camera view (i-1) and only one of the two images associated
to the current view (i). The flowchart of such solution, depicted in blue
in Fig. 3, is composed of the following steps:

. PREPROCESSING;

. FEATURE EXTRACTION;

. FEATURE MATCHING;

. TRIANGULATION;

. RELATIVE MOTION ESTIMATION.

gu b wN =

During the first step of the strategy, the stereo frames are processed
through a sequence of preliminary operations with the aim of increas-
ing the quality of each frame, thus facilitating the extraction of the
most informative image points. First of all, the stereo pairs, properly
converted in grayscale, are downsampled to a predefined size to reduce
the computational cost of the algorithm. Then, exploiting the distortion
parameters estimated during the camera calibration process, the resized
images are undistorted to remove lens distortion and compensate the
refraction effects affecting underwater images. Finally, to enhance the
contrast of the resized and undistorted frames, the Contrast Limited
Adaptive Histogram Equalisation (CLAHE) technique (Reza, 2004) is
utilised. This step is of extremely importance when dealing with un-
derwater images since they are typically characterised by low contrast
or low texture (Hasibuan et al., 2021).

Once the preprocessing stage is concluded, feature extraction is ap-
plied to detect the most salient points within each pair of preprocessed
frames. For this purpose, the Speeded Up Robust Features (SURF)
algorithm (Bay et al., 2008) was chosen, as it is considered, together
with SIFT, to be the most appropriate feature descriptor when working
with images acquired in underwater environments (Xanthidis et al.,
2016, Shkurti et al., 2011, Ansari, 2019, Garcia and Gracias, 2011).
SURF, partially inspired by SIFT, is invariant with respect to image
scaling, rotation, and translation, and it is also partially robust to affine
3D projections and illumination changes. Because of its robustness
properties and the lower computational cost compared with SIFT, SURF
is well suited to the need for real-time use of the proposed VO strategy.

For each salient point extracted, SURF algorithm computes a de-
scriptor vector that is used during the feature matching step to identify
potential corresponding features. Within this work, such problem is
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solved using the triangular matching approach depicted in Fig. 4. By
involving three images at a time, instead of the current stereo pair
alone, this approach is more selective and the number of features
matched at each iteration of the algorithm will result to be lower.
Indeed, the 2D correspondence searching procedure is repeated twice: a
first matching is performed between the image pair at the previous time
i-1; a second matching involves the most informative points detected
within one of the two images available at the current time i and
the 2D features previously matched within stereo frames at time i-
1. In addition, to handle the presence of potential wrong matches,
the distance ratio test proposed in Lowe (2004) to remove outliers
is applied after each matching procedure. This techniques relies on a
predefined threshold, hereafter denoted as lowe_threshold, to filter out
ambiguous matches, thus allowing the accuracy of motion estimation
to be further increased.

After the identification of the 2D correspondences achieved during
the triangular matching procedure, the features matched within the
image pair at the previous time i-1 are triangulated by exploiting the
information about the camera projection matrices provided by the
camera calibration process. This is done to obtain a 3D pointcloud,
expressed in the previous camera reference system, representing the
scene previously framed by the stereo camera.

The computed 3D pointcloud is then employed in the final step of
the proposed strategy, which consists in the estimation of the relative
motion between previous and current stereo frames. This stage is based
on a 3D-to-2D approach (Scaramuzza and Fraundorfer, 2011) utilising
both 3D points (expressed in the previous camera reference system) and
2D features (located in the current image plane) to retrieve an estimate
of the camera motion; it is worth noticing that the 2D features involved
in motion estimation can be related indistinctly to either the right or
left camera at the current instant. In this work, the left image was
chosen as the reference for the triangle matching strategy, as shown in
Fig. 4. The relative motion estimate is retrieved by solving the so-called
perspective form n points (PnP) problem (Moreno-Noguer et al., 2007),
which provides the rigid transformation between the previous and the
current camera views starting from the 3D scene at time i-1 and the 2D
features matched in the left image at time i.

Considering the time difference between consecutive stereo frames,
the translation vector of the retrieved rigid transformation is used to
compute the robot linear velocity, which is expressed with respect to
the camera reference system. Finally, the resulting linear velocity can
be easily expressed in the body system by leveraging the information
R4 about the rotation between the camera and body frames, thus
obtaining the variable denoted as vel’ in Fig. 3. Such variable is
then adopted within the proposed navigation strategy, described in the
following, to estimate the AUV navigation status.

The stereo VO pipeline described above was implemented exploiting
the real-time optimised Computer Vision libraries of OpenCV (OpenCV,
2015). From an implementation point of view, among the various steps
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characterising the proposed VO algorithm, the one that imposes a limi-
tation is the relative motion estimate stage. Indeed, a minimum number
of points equal to 4 is required to solve the PnP problem (Moreno-
Noguer et al., 2007). However, in challenging working scenarios such
as underwater ones, where visibility conditions are often not optimal,
VO algorithms are affected by the significant presence of outliers gener-
ally throughout all the stages of the algorithm itself. Therefore, in order
to successfully deal with the presence of outliers, thus contributing
to make the designed strategy more robust, some safety checks were
included in the stages that form the core of the algorithm. In particular,
these checks refer to the number of features extracted, matched, and
triangulated at each iteration, which were implemented according to
the following criteria:

» the feature extraction and matching stages must ensure a number
of 2D salient points extracted and matched exceeding a prede-
fined threshold, denoted as min_num_features. If such condition is
guaranteed, then the triangulation step can be executed, other-
wise the whole process is interrupted and no estimate is provided
at the current iteration;

the 2D feature triangulation phase, which reconstructs the 3D
scene framed by the stereo camera, must compute a 3D point-
cloud whose size is greater than a certain threshold, indicated as
min_num_3 Dpoints. In case the condition is fulfilled, the last step of
the flowchart is enabled, otherwise the current iteration is aborted
and no estimate is provided;

the last stage of the algorithm must lead to a reliable relative
motion estimate. The estimate reliability is quantified based on
the number of 3D points, coming from the triangulation phase,
that are considered as inliers, hence exploitable to solve the PnP
problem to retrieve the estimate itself. If the inliers number is
greater than a predefined threshold, named as min_num_inliers,
then the estimate is marked as valid. Otherwise, the estimate is
categorised as not valid, therefore it will not be used as feedback
in the navigation strategy.

The thresholds utilised for the safety checks represent input parameters
of the stereo VO algorithm; thus, they can be easily set and modi-
fied according to the needs dictated by the working scenario under
consideration. In general, the implemented VO solution becomes more
restrictive as the values of the three thresholds increase.

2.3. Navigation strategy

The block diagram of the navigation strategy presented within this
manuscript is depicted in Fig. 3. The aim of the navigation algorithm
is to provide a reliable estimate of the AUV navigation status in terms
of position and linear velocity. This problem is tackled by exploiting a
Kalman-Bayesian approach; in particular, taking into account the non-
linearity of the problem, an EKF was developed, which merges the
linear velocity estimates provided by the stereo VO technique with the
measurements given by an IMU and a depth sensor available onboard
the considered vehicle. Specifically, the IMU device internally fuses
observations of angular velocity, linear acceleration, and magnetic field
to estimate the vehicle attitude, which is then used in the prediction
step of the filter; on the contrary, the depth sensor readings are only
exploited within the correction phase of the EKF.

According to the SNAME notation defined in Fossen (2002), the
filter state can be represented as x = [n,e,d,u, v, w]" € R®, where n, e,
and d represent the position coordinates of the robot along the North,
East, and Down axes of the NED reference frame, while u, v, and w are
the components of the body-fixed linear velocity with respect to the
surge, sway, and heave axes.

The prediction stage of the filter can be summarised as follows:
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» exploiting the kinematic modelling of the system explained in Fos-
sen (2002), the NED position coordinates are updated by combin-
ing the body-fixed linear velocity with the vehicle attitude given
by the IMU. Such attitude, which is considered as the input of
the EKF, is denoted in this work as © = [¢,0,y]T € R3, and
it is obtained by fusing observations from 3D accelerometers,
gyroscopes, and magnetometers within the inertial unit;
considering the AUV motion as slowly variable, the evolution of
the linear velocity components is assumed to have a dynamics
coincident with a null mean white noise.

Thus, the state model equations in discrete time can be formalised as:

n; ni_y Uiy
e; | =]e; +dTR,]X)fyD($,-_1,éi—17ll7i—1) Vi
d; diy Wiy
u; Uiy @y
v |=| vy |+HdT | w,
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where

g = b1 + 0y

01 =0, + g “@
Vi =y o,

Within the proposed formulation, the process noise is represented by
the vector [wg, @y, @y, @, ©p, @, ]T € RS, and it is considered as white
Gaussian noise with null mean. Specifically, w,»y, and o,, are the
contributions related to the attitude estimate given by the IMU, which
act in a non-additive manner on the filter state. On the contrary,
w,,»,, and o, are the state additive process noise components resulting
from the assumption of slowly variable robot motion. Lastly, dT is the
discretisation time, while i — 1 and i indicate the previous and current
discretisation step, respectively.

The correction of the predicted state is executed by leveraging
the linear velocity estimates of the developed stereo VO algorithm
and the observations available by the depth sensor. In particular, the
observation y exploited for the EKF correction stage can be represented
as:

Vd d 5pos
u 1)
y= Yu — + vel (5)
Yo v Evel
Yw w 5vel
where §,,, and §,,, are additive white Gaussian measurements noise

acting on depth readings d and linear velocity estimates [u, v, w]T € R3,
respectively.

3. Experimental validation

The feasibility of the vision-based navigation solution presented in
this work was assessed utilising two datasets of real underwater images
collected by the Systems, Robotics and Vision Group of the UIB by
employing the Turbot AUV during at-sea experiments. Specifically, the
acquired datasets are in the form of ROS bag files and were reproduced
in post-processing while executing the developed VIO strategy. This
was done with the purpose of providing a first performance analysis of
the developed framework, and it must not be intended as a limitation of
the system itself. On the contrary, the repeatability typical of ROS bag
files was fundamental to simulate the real-time usage of the navigation
framework in view of the final implementation onboard the AUV. To
this aim, the hardware utilised to process the acquired datasets is
characterised by the same computational resources available onboard
the reference vehicle.

The performance of the solution was evaluated as a trade-off be-
tween estimation errors (with respect to references) and computational
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Fig. 5. Example of frames extracted from the acquired datasets.

costs required to execute the whole strategy (compared to the computa-
tional resources available on the considered vehicle). Details regarding
the operational scenario of the experiments, the underwater robot
utilised during the datasets acquisition, and the results achieved by the
proposed navigation approach are provided in the following.

3.1. Operational scenario & Equipment setup

The at-sea experimental activities aimed at collecting real datasets
of underwater images took place in February 2021 in Cala Portal Vells,
Balearic Islands — Spain. Here, the Turbot AUV was employed to acquire
visual information of the seabed of the coastal area, which is broadly
colonised by P. oceanica meadows.

To this end, during the two experimental campaigns the robot was
equipped with a bottom-looking stereo camera, model Manta AVT,
which provided images with a resolution of 1920x 1440 pixels at a frame
rate of 2Hz. An example of the visual feedback given by the optical
device installed onboard the underwater vehicle is depicted in Fig. 5,
which shows some frames extracted from the datasets acquired during
the tests. As can be seen from such figure, the visibility conditions
at the time of the datasets acquisition were optimal. This ensured
the collection of seafloor images characterised by good contrast, low
haziness, and in which salient points are easily discernible. Moreover,
it can be noted from the provided frames that the investigated seafloor
is featured with a fair amount of variability, in which sand, P. oceanica
meadows and other seagrass species coexist.

In addition to the stereo camera, the Turbot was endowed with
several navigation sensors, including a DVL, an IMU, an acoustic sonar
pointing downwards, a depth (pressure) sensor, and an acoustic mobile
modem which communicates with an USBL head. All this equipment
had an active role during the activities to accomplish the localisation
task of the AUV. It is worth mentioning that the vehicle trajectory
self-estimated by its navigation module is also geo-referenced with
geodesic coordinates associated to each odometric localisation. Since
the Turbot is also equipped with a GPS, the latitude and longitude
coordinates of the mission origin, captured when the AUV is on the
surface, is continuously composed with the odometric displacements
to infer the corresponding geodesic data. This is useful to represent the
AUV trajectories in Geographic Information Systems (GISs).

With a view to evaluating the performance of the proposed nav-
igation strategy through a fair comparison with another approach
considered as benchmark, only the DVL, the IMU, and the depth sensor
were utilised to build the reference trajectory. The main characteristics
of such navigation devices are summarised in Table 1.
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Table 1
Main characteristics of the navigation sensors avail-
able onboard the Turbot AUV and considered in this

paper.
Sensor Model Rate [Hz]
DVL Teledyne Explorer 4
IMU Adis 16488 20
Depth Keller LD series 20

MISSION 1

END *
*

Q

Cala Portal Vells

S&Mns s7ART

MISSION 2

Fig. 6. Satellite view of the operational scenario. The whole paths performed by the
turbot AUV during the activities are depicted in red (Mission 1) and yellow (Mission2),
respectively.

As anticipated in Section 1.2, the reference trajectory was recreated
by using exactly the same navigation strategy described in Section 2.3,
but in which the linear velocity estimate vel "’, o> computed by exploiting
the developed stereo VO strategy, was replaced with the readings
provided by the DVL sensor of the AUV. The result of this operation
is depicted in Fig. 6, which shows the paths (considered as benchmark
within the paper) executed by the robot during the two acquisitions
over a satellite view of the operational area.

Concerning the first acquisition, the trajectory has a total length
of about 424 m, and it covers an approximately rectangular area of
300 m?. This monitoring survey, denoted in the rest of the manuscript
as Mission 1, has a total duration of 1900 s (~ 30 minutes), and it was
performed by the Turbot AUV maintaining a constant altitude from
the seabed of 2.15 m and a mean longitudinal velocity of 0.223 ?
In contrast, during the second acquisition the vehicle conducted a
survey, which will be referred to as Mission 2, in a coastal area where
the seabed depth ranges indicatively from 1.5 m to 3.5 m. Here, a
trajectory with a total length of about 390 m was executed at an
average longitudinal velocity of 0.325 %, monitoring a rectangular area
of approximately 840 m? in ~ 20 minutes.

For both missions, the reduced distance from the AUV to the
seafloor, together with the presence of P. oceanica within the area to
be monitored, make the exploitation of VO techniques a real challenge.
Indeed, P. oceanica leaves tends to move with the sea currents. This
results in a higher uncertainty during the AUV motion estimation,
mostly related to the fact that the presence of non-static objects in the
scene complicates the 2D correspondences searching process.

3.2. Results

The results proposed in the following were produced exploiting
a ASUS P9X79 DELUXE platform with a Intel(R) Core(TM) i7-3930K
CPU @ 3.20 GHz and 31GB of RAM, which was utilised to execute
the code of the implemented navigation strategy while reproducing
the available datasets. The reference vehicle is endowed with two
boards, both with a processor that is comparable to the one used

Ocean Engineering 280 (2023) 114757

Table 2

Parameter values employed during
the execution of the proposed stereo
VO algorithm.

Parameter Value
lowe_threshold 0.7
min_num_f eatures 30
min_num_3 Dpoints 20
min_num_inliers 15

for the proposed experimental tests. In particular, the Turbot AUV
has a frontseat-backseat architecture, and the backseat computer can
guarantee high performance to enable the execution of algorithms
requiring high computational burden, particularly related to the real-
time processing of optical images. Thus, no critical issues are expected
in the transition from offline to online implementation.

The values of the various parameters utilised during the execution
of the stereo VO algorithm with the two datasets are given in Table 2.

Specifically, the main considerations behind the selected threshold
values are listed below.

1. As shown in Fig. 5, although the stereo frames are characterised
by good contrast and low haziness, the images texture is particu-
larly variable. The choice of a low value for the min_num_features
is dictated by the fact that the number of extracted features is
strongly reduced while the vehicle is inspecting textureless area
(for instance a completely sandy seafloor). Thus, choosing too
high a value for this threshold would prevent the computation of
reliable linear velocity estimates in all those areas characterised
by poor texture;

2. the operational scenario taken into consideration results to be
particularly challenging for several reasons, including for in-
stance: the presence of P. oceanica, whose leaves tend to move;
the reduced distance of the AUV from the seafloor, which al-
lows to perceive the motion of P. oceanica leaves. These are
just some of the factors that could complicate the stage of 2D
feature matching, producing wrong 2D correspondences. Based
on these considerations, it is therefore reasonable to expect the
presence of outliers downstream of the triangulation procedure.
As anticipated, the minimum number of points required to derive
a motion estimate using the PnP method is 4. Instead of using
exactly 4 points, the value of min_num_3Dpoints was set to 20,
corresponding to the 67% of min_num_f eatures. This means that
a minimum number of 20 triangulated points is required as input
to the last stage of the algorithm. This allows for caution in case
outliers are returned as output of the triangulation stage;

3. the threshold min_num_inliers represents the last safety check of
the stereo VO algorithm. This check is performed by directly
exploiting the output of the PnP method, which includes the
number of outliers downstream of the motion estimate. When
the number of such outliers is greater than 15, which corresponds
to 75% of the minimum number of triangulated 3D points, the
estimate is considered as unreliable.

For the sake of readability, the proposed results are referred to
a portion of the entire survey performed by the vehicle during each
acquisition. In particular, they have been obtained by taking into
account only 1000 s (~ 17 minutes) for each mission.

3.2.1. Mission 1

Concerning the estimation of the robot linear velocity, the per-
formance of the navigation strategy is evaluated by comparing the
following variables: the linear velocity estimates of the stereo VO
algorithm, the linear velocity estimates obtained by fusing pure vision
and inertial measurements within the EKF, and the benchmark, which is
represented by the observations provided by the DVL device available
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Fig. 7. Trend over time of the Turbot AUV linear velocity during Mission 1. The reference linear velocity, obtained from the DVL device, is depicted in red, while the estimates

given by the stereo VO and VIO are shown in blue and green, respectively.

onboard the vehicle. The DVL sensor itself associates each measure-
ment with a validity field; therefore, in the proposed work only those
measurements associated with a positive validity field were considered,
thus consistent with the statistical characterisation of the measurement
given by the manufacturer.

Fig. 7 shows an extract of such comparison, where the DVL readings
are depicted in red, while the estimates of the stereo VO and the overall
VIO strategy are graphed in blue and green, respectively.

This extract, which refers to the initial part of the selected portion
of the mission (the first 300 s), allows us to appreciate the correct
functioning of the developed navigation approach both when the robot
is moving along a straight line and during curves.

To get a more general idea about the performance of the strategy
in estimating the linear velocity of the vehicle, the trend over time of
the estimation errors of the stereo VO and VIO approaches with respect
to the DVL are shown in Fig. 8 and Fig. 9, respectively. Furthermore,
Fig. 10 depicts the histograms of such estimation errors, suggesting
that the errors along the three components of the AUV linear velocity
exhibit an approximately zero mean Gaussian trend. Lastly, Table 3
summarises the characteristics of the linear velocity errors, upstream
and downstream the Kalman filtering process, in terms of mean value
and standard deviation of the errors. In particular, by observing the
values in the table it is possible to appreciate the benefits brought by
the process of fusing visual data with inertial and depth measurements,
which allows to reduce the mean and the standard deviation of the VIO
error components with respect to those of the VO error. It is worth
pointing out that the mean errors characterising the linear velocity
estimates have been obtained by directly averaging the correspondent
velocity errors.

Instead, for what concerns the estimation of the AUV position,
Fig. 11 shows the comparison between the vehicle trajectory retrieved
by utilising the VIO strategy presented in Section 2.3 and that com-
puted exploiting the DVL readings as explained in Section 3.1. Both
the trajectories are represented in the North-East plane of the NED
frame: the first one is depicted in green and denoted as Vision-based,
while the second one is visible in red and indicated as DVL-based.
The total length of the reference trajectory performed by the Turbot
AUV is approximately 227 m, while the trajectory estimated by the VIO
approach is about 244 m long; thus, the difference between the real and
the estimated total length is 17 m and the percentage error over the total
distance travelled is about 7%. The choice of showing such result in the
NE plane is solely related to the fact that the trend of the AUV depth
is the same for both trajectories since it is computed by exploiting the
observations of the same depth sensor.

Table 3
Mission 1: characteristics of the linear velocity errors along the surge,
sway, and heave axes.

u v w
Mean [2] ) ~0.014 ~0.009 0.007
s ~0.012 ~0.008 0.002
o) 0.026 0.033 0.031
Std. Dev. [2
ev. [5] 0.023 0.032 0.01

The accuracy of the vision-based trajectory can be also derived
using the covariance matrix of the estimate provided by the EKF. In
particular, Fig. 12 shows the trace of the covariance matrix with respect
to the position components along the North and East axes of the NED
reference frame, for both DVL-based and Vision-based solution. Such
figure confirms that the uncertainty associated to the proposed VIO
algorithm on the position estimate is higher than that obtained using
the DVL sensor.

While reproducing the dataset acquired during the first 1000 s of
Mission 1, the developed stereo VO algorithm provided a total number
of 1998 linear velocity estimates, which were delivered to the EKF at an
average frame rate of 5.19 Hz. Instead, the lowest frame rate achieved
was 3.66 Hz.

3.2.2. Mission 2

Similarly to the result obtained in Mission 1, in this case the stereo
VO algorithm is characterised by an average frame rate of 5.32 Hz.
Instead, the lowest frame rate achieved is 3.21 Hz, while the number of
estimates provided reproducing the dataset associated to this mission
is 1950.

For what concerns the AUV linear velocity, Fig. 13 shows the trend
over time of the estimates provided by the stereo VO solution and
the VIO navigation approach (in blue and green, respectively) for
the whole duration of the mission. The mean value and the standard
deviation of the linear velocity errors, upstream and downstream the
Kalman filtering process, are summarised in Table 4. The conclusions
that can be drawn by observing Fig. 13 are the same as for Mission
1 since, in general, both pure visual and visual inertial approaches
produce a trend of the linear velocity that is coherent with the DVL
measurements graphed in red. However, both vision-based strategies
suffer from malfunctions indicatively in the time interval between 350 s
and 400 s of the mission. These issues, which occur again between 800 s
and 850 s, are related to the transition of the vehicle through a specific
area in which the acquired images are highly saturated, thus the quality
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Fig. 8. Linear velocity error of the stereo VO algorithm applied on the dataset acquired during Mission 1.
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Table 4
Mission 2: characteristics of the linear velocity errors along the surge,
sway, and heave axes.

u v w

Mean [2] Vo 0.032 —0.0002 —-0.005
’ 0.031 -0.003 0.002
Std. Dev. [2] Vo 0.138 0.123 0.108
0.071 0.057 0.022

and the number of salient points identified is significantly reduced. To
support this statement, Fig. 14 shows the trend over time of the 2D and
3D points number in the three main stages of the proposed VO stereo
algorithm.

The effects of the above malfunctions are also noticeable in the AUV
trajectory estimate, which is depicted in green in Fig. 15, compared
to the reference shown in red. The estimated trajectory is 337 m long;
thus, considering that the total length of the reference trajectory is
approximately 389 m, the difference between the real and the estimated
total length is 52 m, leading to a percentage error over the distance
travelled of about 13%.

4. Conclusions & Future work

This work proposes a navigation strategy based on stereo vision
that can be used on an AUV employed in monitoring or inspection
applications within the marine environment. The strategy, tailored
for an underwater robot equipped with stereo camera, attitude, and
depth sensor, consists in a VIO approach in which the stereo vision
system is used as an indirect sensor for the robot linear velocity. Such
vision-based linear velocity is then integrated with attitude and depth

11

Ocean Engineering 280 (2023) 114757

measurements within an EKF to retrieve an estimate of the vehicle
navigation status.

Both pure stereo VO and VIO navigation approach were properly
validated using real datasets acquired by employing the Turbot AUV
during monitoring surveys of a marine area colonised by P. oceanica
meadows. The linear velocity estimates were compared with obser-
vations of the DVL sensor onboard the Turbot, while the estimated
trajectory was compared with a benchmark, also constructed exploiting
DVL readings. The results obtained suggest the feasibility of the pro-
posed navigation approach. On the one hand, for the entire duration of
the considered missions, the stereo VO algorithm provided linear veloc-
ity estimates consistent with respect to DVL measurements; considering
both datasets, such estimates were delivered at a frequency comparable
to that of a typical DVL device. On the other hand, the trajectories
estimated through the proposed VIO strategy are also consistent with
the reference trajectories, and the percentage errors for the two datasets
are only the 7% and the 13% of the total lengths travelled by the AUV
during the surveys. Therefore, with a view to building an underwater
navigation solution based on stereo vision, the results show that the use
of a stereo camera as a linear velocity sensor is indeed a real possibility.
However, regardless the ultimate goal of this work, it is important to
emphasise that such an approach could also bring advantages if used
not as an alternative to the DVL but integrated with the latter within
the same navigation algorithm, so as to exploit the complementarity of
the two devices.

The usage of vision within the underwater domain depends on
visibility conditions. Indeed, it is well-known that phenomena such as
backscatter, haziness, low contrast, and turbidity strongly affect visi-
bility conditions, hence the performance of any vision-based navigation
solution. For this reason, vision-based navigation approaches, including
the one proposed in this paper, are intended as feasible under visibility
conditions that justify the usage of optical systems, such as during
underwater inspection and monitoring missions of marine scenarios,
usually performed to collect images of a target environment. Typically,
to handle such phenomena, VO algorithms employ a preprocessing
stage that aims at improving the overall quality of the recorded images:
the greater the number of preliminary operations scheduled, the longer
the image preprocessing time, thus the total time required to perform
a single iteration of the implemented VO solution. In this work, the
design choices concerning the preprocessing stage proved to be a
good trade-off in terms of computational cost and performance of the
proposed algorithm. In particular, the stereo VO solution demonstrated
to be effective in an operational scenario where both the presence of
P. oceanica and the lack of salient points made the use of vision for
navigation purposes a particularly challenging task.

In the future, more complex preprocessing techniques will be con-
sidered (Schettini and Corchs, 2010, Lu et al., 2017), and the robustness
of the developed vision-based navigation framework will be investi-
gated on additional datasets characterised by worse visibility conditions
than those considered in this work. In addition, a sensitivity analysis of
the performance of the proposed stereo VO algorithm will be carried
out. This way, it will be possible to assess the actual generality of the
values chosen as thresholds, as well as to perform a consistent and
thorough analysis of all the parameters characterising the proposed
algorithm.

Future developments will also aim at studying optimisation tech-
niques to refine the results proposed in this manuscript. For example,
by observing the trajectories visible in Fig. 6 it can be appreciated that,
during each mission, the vehicle frequently revisits previously visited
areas of the working environment. This suggests that the datasets at
hand and utilised for the validation are well suited to the application
of loop closing techniques such as those proposed in Negre et al.
(2016) and Bonin-Font and Burguera Burguera (2021). Therefore, the
possibility of exploiting the optical flow of the stereo camera to iden-
tify, approximately in real-time, areas already visited by the robot
will be evaluated. Loop closures information will then be employed
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Fig. 13. Trend over time of the Turbot AUV linear velocity during Mission 2. The reference linear velocity is depicted in red, while the estimates given by the stereo VO and
VIO are shown in blue and green, respectively.
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Fig. 14. Trend over time of the 2D and 3D points number in the three characteristic stages of the proposed VO stereo algorithm: in red the 2D features matched; in blue the
triangulated 3D points; in green the inliers after the motion estimation.

20b 'ﬂ . to implement an optimisation procedure of the estimated trajectory,
—Vision-based guaranteeing the improvement of the performance of the proposed
navigation solution.
10| Finally, the feasibility of building a lightweight, compact, cost-
effective hardware architecture capable of integrating the proposed
E ol ) vision-based navigation solution will be investigated. This would lead
k= to the development of a standalone black box for VIO application
2 designed to be embedded onboard any underwater robot. However,
-10} this represents a long-term goal since the realisation of such a product
requires several developmental stages before achieving a final prod-
o0l . uct that could be comparable, in terms of performance, with similar
commercial devices.
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