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Abstract—This work was developed under the need for an
acoustic localization system to monitor marine protected areas
(MPAs) with the help of autonomous underwater vehicles (AUVs).
Although the use of acoustic signals for underwater localization
has been previously studied, most of the solutions rely on filter-
based optimization, which is prone to linearization problems
in long-term applications. Instead, we implemented a Modular
Acoustic Graph Simultaneous Localization and Mapping (SLAM)
algorithm that, using a factor graph framework, tracks acoustic
beacons with either ranges or bearings. In addition, we developed
several novel methods, like a delayed-position update for ultra-
short baseline (USBL) position factor integration process, an
initialization algorithm for acoustic landmarks, and the creation
of a new 3D bearing factor that combines two angles. After
developing the algorithm, field experiments were carried out in
different areas on the coast of Catalonia. Besides the localization,
some monitoring tasks were also tested, such as visual mapping of
localized landmarks or optical transmission of data with seafloor
stations, which helped validate the accuracy of the acoustic
localization system. The results of such experiments are presented
and discussed.

Note to Practitioners—Autonomous robots can benefit under-
water monitoring of deep areas. Our work presents a direct
application of such robots, which use acoustic signals to localize
underwater elements, like monitoring stations in the seafloor
equipped with acoustic modems, and interact with them. The
navigation is computed using a graph-based approach and
can use either range or bearing information for the acoustic
localization. The experiments in real scenarios are executed using
preplanned trajectories, and the results prove that this system is
able to localize acoustic targets within low uncertainty. The next
step would be the implementation of path-planning strategies to
optimize the localization process.

Index Terms—Autonomous underwater vehicles, simultaneous
localization and mapping, factor graphs, acoustic localization,
USBL, underwater monitoring.

I. INTRODUCTION

ECENTLY, the United Nations accorded that 30% of the
ocean should be protected by 2030 [1]. Nowadays, in
Europe, only 12.30% of its marine territory represents MPAs
[2]. The creation of new MPAs needs to be accompanied
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Fig. 1. Gironal000 AUV used in the experiments.

by new technologies and techniques to monitor and manage
these areas. One of the available options are fixed marine
observatories placed in these areas that gather information such
as images, salinity, or temperature. Although this is a useful
technology, more versatile and less impacting approaches can
be taken. That is the case of the PLOME project (Plat-
form for Long-lasting Observation of Marine Ecosystems)
[3], which combines easy-to-move stations deployed without
cables, named landers, and AUVs (Fig. 1) that help gather
more information by extending the operational area further
from the stations and also retrieving data to the surface.
With these technologies, a modular platform for monitoring
the environment in real time can be deployed in different
locations when needed. Another project related to monitoring
MPAs is BITER-AUV (A joint effort between Blology and
TEchnology to monitor and recover fishery-impacted species
and ecosystems: adaptive autonomous vehicles)," which aims
to study the behaviour of various benthic species within MPAs
on the coast of Catalonia. With this objective, captured fauna
is tagged with acoustic beacons and released again in the
MPA. Usually, this task is done by detecting the presence of
tagged fauna in an MPA using an array of hydrophones over
a period of time [4]. Instead, this work applies a fine-scale
spatial tracking approach. The AUV will track the animals
using the acoustic signals some months after their release to
study their movements in the MPA. Both projects share the

Uhttps://cirs.udg.edu/portfolio _page/biter-auv/
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need for a reliable acoustic localization and tracking system,
either to locate the landers to fix the AUV position and allow
more repeatability to survey the area or to track the tagged
fauna.

In this context, we present the implementation of a modular
acoustic SLAM algorithm based on a factor graph framework
that aims to map deployed acoustic landmarks using an AUV
and to provide a precise underwater acoustic localization
system.

A graph SLAM integrates information from the sensors of
the AUV as factors, used as constraints, and estimates both
the AUV’s poses and the landmarks’ positions by applying
least squares optimization. In our proposal, the algorithm uses
information from both proprioceptive sensors, like a pressure
sensor, the velocity measured from a doppler velocity log
(DVL), and inertial information from an inertial measurement
unit (IMU); and exteroceptive ones, such as estimated posi-
tions from the surface vessel using an USBL, and acoustic
information from different acoustic beacons on the sea floor
(landers or tagged animals) that act as landmarks. In this case,
the construction and optimization of the factor graph uses
two open-source libraries: the Georgia Tech Smoothing and
Mapping (GTSAM) library [5] and the iSAM?2 library [6].

The information sent from these landmarks depends on
the beacons used in the experiment: the landers from the
PLOME project provide ranges via medium-frequency (MF)
modems installed in them; instead, the acoustic beacon used
to simulate tagged fauna in the BITER-AUYV project is a high-
frequency (HF) modem that provides two bearings (azimuth
and elevation) to the AUV thanks to a HF USBL installed on
it.

In our previous work [7], an initial version of a range-based
Graph SLAM algorithm was presented. In that work, we tested
some parameters and trajectories in a controlled scenario in
shallow waters. This current work presents an improved and
amplified version of that algorithm alongside successful tests
in real deep scenarios.

One relevant improvement is a new initialization method
that, by taking into account the uncertainty of an initial
landmark estimation, integrates its information to the graph
SLAM once it has reduced that uncertainty below a threshold
value. This method can be applied to any factor that provides
information from a landmark to avoid heavy increases in
uncertainty in the graph.

In order to work with bearings in a 3D space, we have
also implemented and tested a novel 3D bearing factor to add
this information to the factor graph SLAM since the GTSAM
library does not include a factor able to combine two angles.

Moreover, a new addition with respect to the previously
proposed algorithm is the inclusion of a USBL position factor.
This factor adds an approximate position of the AUV by
using the security communication between the AUV and its
support vessel. Since the position’s computation using this
communication has a delay and is affected by signal loss,
our integration method of the USBL position factor takes into
account these elements to set the factor in its correspondent
node within the graph SLAM.

The final contribution of this work is an algorithm based on
the uncertainty value of the acoustic beacons’ estimation that
allows the robot to execute autonomously tasks such as visual
mapping of the detected landmarks or to act as a “data mule”
transferring data from the seafloor stations up to the surface.

Overall, these contributions result in the implementation of
a novel underwater factor graph SLAM that can be adapted to
many applications thanks to its modularity and the demonstra-
tion of its effectiveness in real scenarios in combination with
other tasks.

II. RELATED WORK
A. Acoustic Localization and Tracking

Acoustic signals for underwater navigation have been
broadly applied as a substitute for global positioning systems
based on electromagnetic signals. Their uses encompass a wide
range of applications and approaches, like the self-localization
of the AUV in an unknown map (estimate where the robot is
within such map) or tracking acoustic landmarks (estimate and
find other elements in the map). As for self-localization, sys-
tems with acoustic beacons in known positions are commonly
used, such as long baseline (LBL), short baseline (SBL) [8],
or USBL [9]. Although LBL deployment and calibration are
usually laborious, some approaches, such as the one in [10],
simplify these tasks thanks to their self-calibrating acoustic
nodes, while still providing good results. In the case of USBL,
they can work as a stand-alone localization system [11] or as
support for the vehicle’s navigation [12].

Sometimes, the robot’s position is not obtained directly
from the acoustic localization system, and instead, only part
of that information is available. That can be because the
beacons are in unknown positions or due to data transmission
limitations. Usually, this partial information is in the form of
range or bearing measurements, which are used as alternative
methods to compute the localization. Range-based localiza-
tion in underwater SLAM is a common approach due to
its versatility in computation methods (time-of-arrival (ToA),
time-difference-of-arrival (TDoA), etcetera). Many filter-based
methods use range information for AUV localization, such as
in [13], where they use the time-of-flight (ToF) to compute
ranges from two fixed transponders to estimate their robot’s
position; or in [14], where they use synchronized acoustic
signals to calculate the distance from a surface vessel that
acts as the reference. This method is also widely applied for
tracking targets such as beacon nodes from an underwater
wireless sensor network using ToA [15] or TDoA [16]. Like-
wise, bearing-based localization is also applied in underwater
environments using filtering methods, such as for cooperative
navigation between multiple AUV using Extended Kalman
Filter (EKF) [17] or Particle Filter (PF) [18]. Also, EKF
bearing-only localization algorithms have been implemented
for tracking static targets [19], [20]. Outside underwater envi-
ronments, bearings are commonly used by extracting them
from visual landmarks in aerial [21] or wheeled [22] robotics.

Concerning environmental monitoring, previous works
apply acoustic methods to aid in the tracking of tagged
animals, such as [4], from which the BITER-AUV project is
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based on. I. Masmitja et al. work presents an initial study to
localize the tagged animals and different techniques used, like
TDoA. Another example is [23], where they track a moving
target, a leopard shark, with acoustic signals and apply a
particle filter method to compute its position. Moreover, static
seafloor stations have been used as a combination of data
gathering and acoustic transponders for AUV navigation. That
is the case of [24], where they use the seafloor station as a
reference point, similarly as in this work, but applying filter-
based methods to estimate the robot navigation.

B. Graph SLAM

In recent years, the implementation of factor graphs in
robotics has increased due to its advantages in front of filter-
based techniques such as EKF [25] or PF [26], especially
applied to SLAM. The main disadvantage of filter-based
SLAM algorithms is that they only compute the last state of the
robot, and although they are very efficient computationally, the
estimation deteriorates with long-term applications [27] due to
error accumulation in the linearization. Instead, factor graph
SLAM computes the whole trajectory of the robot at each
update without loss of information by treating SLAM as an
optimization problem [28]. The problem with this method is
that, as the SLAM progresses, the graph increments in size and
complexity. Some solvers address this problem by focusing the
optimization on the parts of the graph that are affected by the
update, which is the case of iSAM [29] and iISAM2.

Pose-graph SLAM is a variation of factor graph SLAM,
which estimates only the robot poses during the navigation,
and landmarks are used as another set of constraints rather than
being part of the solution of the graph. Many applications use
this method for SLAM, either in underwater scenarios [30] or
other applications [31], [32]. In the sense of a full graph SLAM
that estimates the robot poses while mapping the landmarks’
positions, in [33] they use a visual graph SLAM to identify and
map Aruco markers in a warehouse to localize an uncrewed
aerial vehicle (UAV).

Referring to the integration of USBL measurements in a
graph, in [34], they implement an underwater pose-graph
SLAM that uses a USBL position factor that consid-
ers the delay between the transmission of the information
and the robot’s pose. To achieve that, they find the node with
the closest pose to the USBL position data using the absolute
time of the nodes. While it avoids adding new nodes and
incrementing the size of the graph, it adds an extra step to
decide to which node associate the USBL position factor and it
is only an approximate position. Another approach, presented
in [35], integrates the USBL measurements of slant range and
bearings into their preintegrated deadreackoning factor.

Recent works have already applied ranges to pose-graph
SLAM, such as [36], where they use a beacon in a pre-known
position to close the loop in the navigation of an indoor robot.
Similarly, [37] presented a range-based localization algorithm
for cooperative navigation. In the case of angle-based factor
graph applications, a good example is [38], where they test
a combination of EKF and factor graphs with static sensors
to estimate the position of anonymous targets. Apropos of
full graph SLAM, as far as we are concerned, there are

Fig. 2. Factor graph SLAM schematic.

no other applications in underwater scenarios using range or
3D bearings for mapping acoustic landmarks while executing
other tasks.

III. GRAPH SLAM ALGORITHM
A. Preliminaries

Factor graphs are probabilistic graphical models that use
non-linear least squares optimization to estimate the states
of the graph nodes. When applied to a SLAM problem, the
graph treats robot poses (RP) and landmark poses (L) as
the nodes and measurements from the sensors as constraints.
These constraints, called factors ;(rp;, yx), establish a relation
between the robot pose rp; and another node y;, which
can be either another pose rp; or a landmark node /. The
optimization is formulated as:

P*,L" = argmingp . Z‘ﬁi(rp,i,)’k)- )
1
Factors are modeled as the comparison between the expectancy
model of the measurement i(x) and the measurement taken
from the sensor z, computed as the Mahalanobis distance with
the covariance matrix X, which represents the uncertainty of
the estimation:

w(rpj, ) =l h(x) - z |3, 2)

where
| A(x) = z 3= (h(x) — 2) "=~ (h(x) = 2). 3)

For example, in the case of the between factor, which is a
binary factor that established the odometry between two poses,
the factor is the Mahalanobis distance between the estimated
distance from one node to the other and the measured value
from the sensors 7z’ plus zero mean Gaussian error 7:

z=7 +n. (@)

B. Pose-Graph Framework

The base used to implement this algorithm is a modular
inertial pose graph that uses proprioceptive sensors to estimate
the dead-reckoning navigation of the robot [39]. It is modular
since it can easily integrate external factors from exteroceptive
sensors and thus adapt to multiple SLAM problems.

Figure 2 shows the factor graph structure for this appli-
cation. Its main elements are the key frames of the robot’s
poses (triangle shapes noted as KF; in the figure) and the
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pusbl,

Fig. 3. Key frame example.

nodes corresponding to the landmark estimations (rhomboid
noted as L;). The factors used are preintegrated inertial fac-
tors (in yellow noted as pi;_;), USBL position factors from
the surface vessel (in purple noted as pusbl;), and acoustic
measurement factors (either range or bearings, in red noted as
am;). The green and pink circles correspond, respectively, to
the velocity (v;) and depth (z;) priors added to each key frame.
Py represents the prior state to which the graph is anchored.

These key frames are composed of two nodes, one for the
robot’s pose and the other with the sensors’ bias. All the
factors connected to a key frame connect with the robot’s
pose node (noted as rp;), and the sensor bias node (noted
as b;), which is only connected to the preintegrated inertial
factors, since it only considers the proprioceptive sensors of
the robot. This is shown in the example for key frame 4
in Figure 3. Each time an exteroceptive sensor has a new
measurement, the graph adds a new key frame, updates the
state’s estimation, and starts the inertial preintegration again.
The preintegration is the composition of the measurements
provided by the IMU during a period of time. Once a new key
frame is created, the previous preintegration computation stops
and builds the preintegrated inertial factor [40], which contains
the pose increment between two key frames of the graph in
the SE (3) group. Besides the preintegrated inertial factor, two
prior factors with the last information of the DVL (linear
velocity) and the pressure sensor (depth) are added to the
robot’s pose node. In addition, to avoid a large accumulation
of measurements in the preintegration, a new key frame is
set periodically in case too much time has passed from the
latest node update (KF, in Fig. 2 for example). In terms of
how our navigation system with the graph SLAM algorithm
works, Figure 4 shows its logical sequence.

C. Usbl Position Factor

During the mission, the AUV communicates with the
surface vessel via bidirectional acoustic signals between a
medium-frequency modem installed at the top of the robot
and a USBL in the support boat. This acoustic communication
transmits information to the AUV (for example, missions or
orders) and receives the robot’s general state for monitoring.
By using the transmission time of the acoustic signal from
the robot to the boat’s USBL and the global positioning
system (GPS) position of the boat, the USBL also computes
an estimated position of the robot. This estimated position is

then sent back to the AUV. Since the information provided
by the boat’s USBL is a 3D point in the GPS frame, first, it
needs to be transformed into the world NED frame. Then, the
translation between the communication modem position and
the robot’s frame is added before integrating the USBL posi-
tion factor into the graph SLAM. Therefore the observation
model 7, becomes:

’ _w

Lysbl = r =" T, @ ty, ®))

where T, is the transformation from the boat’s USBL pose
w.r.t. world NED frame, "t,, is the translation of the modem’s
position with respect to the robot’s frame, and P, is the
measured position to be used for the USBL position factor.
The expectancy model h(x),s,; corresponds directly to the
estimation of the robot’s position extracted from the graph
SLAM.

Since there is a delay between the estimation and the actual
pose of the robot at the moment of receiving the signal
back (Figure 5), we created an integration method to address
this problem. This delayed-position update method works as
explained next: First, when the USBL initiates communication
by sending an acknowledgment signal, the graph adds a new
node with only the inertial information at that moment, and the
index of that node is stored. Then, the AUV sends back a signal
to the vessel, which the USBL uses to compute the position
of the AUV. Finally, the USBL responds to the AUV with the
position information. This estimated position is transformed
into the robot’s frame and added as a 3D point factor to the
node previously created with the stored index. This process is
iterative, meaning that when the USBL sends back the position
to the AUV, it also acts as an acknowledgment signal, so apart
from adding the position to a previously created node, the
graph also adds a new node for the following position to be
received.

Due to signal losses in underwater acoustic communication
and considering the time between transmissions, the algorithm
discards the position factors that take longer than a time
threshold. For example, considering that the AUV receives
information from the vessel every 10 seconds approximately if
the time between the acknowledgment signal and the position
signal is 20 seconds, this means a signal has been lost in
between, so the new position and the node index are dis-
carded. Also, an outlier rejection function discards any USBL
measurement that surpasses the maximum distance threshold
between the position sent by the USBL and the one from
the robot’s navigation by computing their Euclidean distance.
Although a USBL position could be rejected, the key frame
created with only the preintegrated inertial factor is maintained
in the graph.

D. Range Factor

The range factor ¢, is a between factor like Eq. 2 that
establishes a fixed distance between the last AUV pose (rp;)
and the position of the measured acoustic landmark (/) using
the range measurement z,.. Its observation model is:

2= vV mod = X0 + Omod = Y1)* + @mod — 2% (6)
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where X4, Ymoa and Z,,,q are the coordinates of the modem
with respect to the world frame and x;, y; and z; are the
coordinates of the landmark. The range’s expectancy model
h(x), is the estimated distance between rp; and [; computed
as the translation between these two points considering the
transformations between frames:

h(x), = "Pi| = ' f09 ©" 1 ©" P, (7

where t,,s and "t, are the translations from the modem
position to the robot frame and from the robot frame to the
world frame respectively, and " P; is the estimated position of
the landmark with respect to the world frame. In this case
rotations are not considered since they do not affect the range
measurements. Thus, the factor v, results in:

U (rpj ) =l h(x), =z + 1) |5 - (8)

To integrate this information in the graph, we used the
preexisting RangeFactor provided by the GTSAM library [5].
Apart, the zero mean Gaussian noise added to the range factor
is modeled as i, ~ N (01«1, 0,), where the standard deviation
o, was determined empirically and can be checked at Table I
in Section IV-A.

As previously mentioned, we presented an early version of
this algorithm in [7], where both the factor noise (o) and the

MEASUREMENTS’ NOISES

Associated measure  Standard deviation Value
Range or 0.01 m
Azimuth Oq 0.25°
Elevation Oe 0.25°
USBL position oy 10 m

Algorithm 1 Acoustic Landmark Initialization
Receive acoustic measurement (am;) with landmark identi-
fier (id;)
if Landmark id; not initialized then
AM; — am;
RP,,; < rpn
if AM; size > minimum n° of landmarks then
Build temporal graph with information from AM; and
RP,,j
Optimize temporal graph
Compute Landmark id; matrix covariance trace (¢r)
if tr < threshold then
Add factors with the stored information in AM; to
main graph
end if
end if
Reset temporal graph
else if Landmark id; initialized then
Add factor with am; and id; to main graph
end if

robot trajectories were tested. One of the main improvements
has been the implementation of a procedure to initialize the
acoustic landmarks in the graph. Algorithm 1 shows a general
overview of the initialization method. Essentially, the initial-
ization builds a temporal factor graph that only includes two
factor types: the acoustic factors from a specific landmark (id;)
with the measurement (am;), and the odometry between poses
(rpm) where the AUV received the signals. The information
for these factors is stored in AM; and RP,; each time a
new measurement is received, and the landmark id; is not
yet initialized. Once the graph is optimized, it computes the
estimation of that landmark and its corresponding covariance
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matrix. The trace of the covariance matrix serves to evaluate
the uncertainty of the landmark position. If this uncertainty
is below a threshold value, then all the acoustic factors are
added to the general graph in their correspondent nodes. This
method avoids uncertainty increases in the main graph while
the landmark is still non-observable (e.g. the AUV moves in
a straight line) or while there are still a small number of
measurements and it is more prone to non-convergence. The
threshold was set to 100 m? for both range and bearing-based
SLAM after doing tests in shallow waters, before the deep
waters experiments. Once the landmark is added to the main
graph, its uncertainty is smaller than the threshold since the
main graph has more inertial information and can provide a
more accurate estimation.

E. 3D Bearing Factor

The bearing factor represents a vector drawn from the AUV
pose to the direction of the acoustic landmark. Two angles
compose this vector: the azimuth

6 = atan (%) s 9

and the elevation

@ = atan (10)

z

VX2 +y?
thus the raw measurement is z;, = [6, ¢].

This factor compares the expected vector between the
AUV pose and the landmark position (Vec,s) and the vector
computed through the composition of both measured angles
(Vecmeqs)- To do so, we use unitary vectors and calculate the
error between them. On the one hand, the vector from the raw
measurement Vec, , . is computed with the observation model

meas

(i.e., the inverse of equations 9 and 10), resulting in:

Xmeas COS(QO)COS(Q)
VeCyas = | Ymeas | = | cos(@)sin(6) (11)
meas Sll’l((p)

The zero mean Gaussian noise 7, is modeled as N (0, M),
being M, the result of:

My =J, % Jy* My JE  JL, (12)

where J,, and J, correspond respectively to the jacobians of the
normalized unit vector and the vector itself. The normalized
vector jacobian J, is computed by the GTSAM library [5]
when applying the function Unit3, and represents the Jacobian
matrix over the conversion of a vector to a unit vector. This
Jacobian J, is the result of the multiplication of the basis of
the direction of the vector, matrix B, times the Jacobian of the
normalization J,,pm:

J, =17 4 BT % J,
= el B * Jnorm-
u |V| 0,

There are three possible results for B depending on the vector’s
axis of rotation. Given vector V = (a, b, ¢) to be converted into
an unit vector, the three possibilities are:

0 c —b
Baoo = b2 —¢c% ab ac

13)

(14)

if the axis is x,

- 0 a
Bo.o = ab —a® - % be (15)
if it is y, and
(b —a 0 ]
Boon = ac be —a* — b? (16)

if it is z. The Jacobian of the normalization J,,,,, is computed
as:

b* + ¢

—ab —ac 1
Joom = | —ab @ +c* —bc | x —s——. (17)
—ac  -bc a*+b? Na* +b* +¢2
The measured vector Jacobian J, is:
—sin(p)cos(@) —cos(p)sin(6)
J, = | —sin(p)sin(8) cos(e)cos@) |, (18)

cos(p) 0

and M, is a diagonal matrix with the associated error of each

angle, o, and o:
2
— O—e
M; = |: 0 0'3:| :

Similarly, as the range factor, both o, and o, were adjusted in
previous tests in shallow waters using the modem’s datasheet
information as the base and can be checked in Table I at the
end of this Section. Then, the measurement vector is Vec,eqs =
Vec;neas =+ Nom-

On the other hand, the vector Vec, used for the expectancy
model of the bearing information A(x), is computed using
the transformation from the HF USBL pose to the estimated
landmark position. The vector is computed as the distance
between the HF USBL and the landmark estimated position
after transforming the landmark into the HF USBL reference
frame:

19)

“p="T' '@ T ' @ P, (20)

and then it is normalized to an unitary vector by using the
function Unit3 vector from the GTSAM library [5] which
computes it as:

MP[
[Pyl
After obtaining h(x),, the Gaussian noise model is com-
puted with the same process as in the measurement vector
(Eq. 12-19). Then Vec, is the combination of A(x), and 1;,.

Finally, the factor is calculated as:

h(x), = 3y

‘J/(’”Pj, lk)b :” Vecess — Vecnmeas ”% . (22)

Bearing factors also apply the initialization algorithm 1,
although they do not suffer from the same increases in
uncertainty as the range factor since these factors are more
informative. For reference, the range-based graph SLAM
needs at least four measurements gathered in points that are not
in the same plane [41] to compute the position of the landmark.
Instead, in this case, the minimum number of bearing measures
needed is 2, although to reduce uncertainty in the main graph
the minimum number is set to 3.
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Fig. 6. AUV’s extra payload for the experiments. The HF USBL is replaced
by the localization MF modem when needed for the range measurements.

1V. EXPERIMENTAL RESULTS
A. Setup

The field experiments were carried out using a Girona
1000 [42], a multihull and reconfigurable AUV equipped with
sensors for basic navigation and security. As for the inertial
sensors, the AUV is equipped with a Phins Compact C3
inertial navigation system (INS) (iXblue [43]), which is used
both as an IMU for the dead-reckoning part of the graph-
based navigation and as ground-truth; with a DVL1000-4000m
(Nortek [44]) for the linear velocity; and a miniSVS1000
(Valeport Ltd [45]) that provides water pressure and sound
velocity. Apart, absolute positions are provided either with
a GNSS L86 (Quectel [46]) when on the surface, or with
an acoustic MF modem that communicates with the surface
vessel’s USBL when the AUV is underwater. In addition, for
this application a specific payload was installed (Fig. 6), which
was comprised by the following sensors: an optical modem
based on visual light communication (VLC) (Hydromea [47])
for high-bandwidth bidirectional communication with the lan-
der; a high-definition camera and lights for visual transects
and visual mapping; and the acoustic receptors, a MF modem
(18/34 kHz) (Evologics [48]) for the range-based graph SLAM
or a HF USBL (42/65 kHz) (Evologics) for the bearing-
based graph SLAM. When the AUV executes a range-based
localization it is equipped with two different MF modems. The
MF modem used for surface monitoring and USBL updates
is attached at the top of the AUV for better communication
with the surface vessel. Instead, the one used for localization
is placed at the bottom of the AUV and pointing towards
the seabed, configured to communicate with the landers.
To prevent acoustic security and location signals from both
modems to interfere between them, time multiplexing is
applied. Therefore, each signal has its slot of time where it can
send or receive data. There are three different slots: security

Fig. 7. Lander 1 equipped with a VLC and a MF modem.

communication AUV to Vessel (3s), USBL positioning Vessel
to AUV (3s), and acoustic localization AUV to landers (4s).

Apart from the AUV, other equipment was used, such as
the landers and stand-alone acoustic modems. Landers are
benthic multiparametric platforms deployed at the MPAs and
used to gather data to study the area during long periods [49]
(Fig. 7). They are equipped with sensors capable of providing
environmental data such as water temperature and pressure,
photosynthetic active radiation or Chlorophyll concentration,
among others, and visual data with a stereo camera [50]. In
the experiments, two landers were deployed, both equipped
with MF modems to communicate with each other and with
a surface buoy, apart from providing range information to the
AUV. The AUV’s localization MF modem communicates with
the landers’ modems by sending and receiving acknowledg-
ment signals, which transmit both the time of sending and the
lander’s identification number. Then, the algorithm computes
the range by using the sending time stamp and the arrival time
stamp and considering the sound speed constant. Additionally,
one of the two landers was equipped with an optical modem to
perform the data transmission operation with the one installed
in the AUV.

For the bearing-based experiments, we deployed an HF
modem (42/65 kHz) (Evologics) to emulate the acoustic tags
typically used for fauna tracking. Also, since we do not
know when we will receive signals from this beacon, using
high frequency avoids interference with the AUV’s medium
frequency security signal.

The initial experiments were done outside a harbor on the
coast of Catalonia (north-east of Spain), during July of 2023.
Then, final results were obtained during the campaign BITER-
2 on board the Sarmiento de Gamboa ship, an oceanographic
research vessel from Centro Superior de Investigaciones
Cientificas (CSIC), which took place in different locations
along the catalan coast during December 2023.
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B. Experiments Design

As explained in the introduction, this work has been devel-
oped in the context of two projects: PLOME project and
BITER-AUV project. Each project has its own requirements
when it refers to the tasks the AUV has to accomplish. Next,
we present the specifics needed for each project and what was
tested during the experiments.

1) Plome Project: The objective of the PLOME project
is to monitor MPAs by using easy-to-deploy and low-impact
seafloor stations and AUVs. By using the seafloor stations as
landmark References, the AUV navigates the area collecting
information, and expanding the area to monitor further from
the stations. The information is gathered by performing visual
transects once the AUV is localized with respect to the
stations, thus allowing repeatability of the operations. Since
the data obtained by the transects is too heavy to be transmitted
acoustically to the surface vessel by the AUV, this information
is transmitted to the lander via optical transmission so the
AUV can continue gathering more data while the lander sends
small files to the surface. Alternatively, the lander can transmit
larger files from its information gathering to the AUV so it
carries them to the surface, acting as a “data mule”. These
experiments consisted of the validation of the range-based
graph SLAM plus the test of PLOME project’s system as a
whole, which comprised:

1) Localization of the seafloor landers via range-based
graph SLAM.

2) Visual transect using a convolutional neural network
(CNN) trained to detect area-specific fauna [51], such
as Nephrops Norvegicus or other animals.

3) Transmission/reception of data (e.g., images with
detected animals or navigation data files) using the
optical modem to/from the lander.

Two landers were deployed at 70 meters deep, approxi-
mately 200 meters from each other. Only one of the landers
(Lander 1) was equipped with an optical modem (VLC) for
data transmission. Based on the project requirements, we
prepared a mission that tested all the parts in one trajectory.
This complete mission begins with a circular trajectory around
Lander 2 to localize it; after 2/3 of the circle, the AUV starts
a visual transect to gather data between the landers in a
straight line at 2 meters from the sea floor. Once it arrives
near Lander 1, it navigates again in a circular trajectory until
the estimated position of this lander is accurate enough. Then,
the AUV automatically moves to the estimated position of the
lander, and transmits data via optical communication. After the
transmission finishes, the AUV resurfaces at a pre-established
point.

2) Biter-Auv Project: As previously stated, the objective of
the BITER-AUV project is to localize and track tagged fauna
in an MPA. The AUV has to be able to localize the animals
during a coverage trajectory and perform a visual mapping
above their estimated position. Apart from the bearing infor-
mation, the signal will also provide the identification number
of the acoustic tag. Since the project is still in development
[52], an Evologics HF modem was used as a substitute for
the tagged animals to test the localization algorithm in a real

Navigation &
acoustic

information is
gathered

v

Graph SLAM
is optimized

Navigation >
starts

Main
mission
starts

Fig. 8. General mission execution process.

TABLE I

Is landmark
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mapping
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yes / Stop main mission
> & execute mapping
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vV

Resurface

THRESHOLDS AND OTHER PARAMETERS

Description

Value

Initialization threshold
Mapping threshold
Transmission threshold
USBL distance rejection
USBL time rejection
Inertial factor update rate

100 m2
25 m?2
4 m?
30 m
10.5 s
5s

scenario. This modem was mounted in a metallic structure,
see Figure 19, for easier deployment and recovery. Similarly
to the PLOME project experiments, the deployment of the HF
modem was also at 70 meters depth.

3) Mapping Algorithm: The mapping algorithm function is
added to stop the current trajectory of the AUV and automat-
ically perform a maneuver above a target. This algorithm is
applied to visually map an acoustic landmark located during
the bearing-based graph SLAM or to navigate the AUV above
a lander and maintain a stationary position during the data
transmission in the case of the range-based graph SLAM. The
algorithm uses the covariance matrix trace of the estimated
landmark position to interrupt the trajectory of the AUV. So,
once the sum of the diagonal of that matrix is below a given
threshold, the algorithm stores the estimated position and sends
an interruption query to the mission control system that starts
the mapping maneuver. Figure 8 presents the execution process
of the mapping algorithm in combination with the whole
system.

The visual mapping consists of a lawnmower trajectory with
the target at the center of it. The lawnmower trajectory shape
is pre-adjusted by indicating the number of sections and their
respective distances before the mission starts. After it finishes,
it saves the landmark id to be discarded for future mappings
during the same mission.

Thresholds can be checked in Table II, with the mapping
threshold being the one applied to start the visual mapping
on a target and the one called transmission threshold for
the automatic optical transmission with the lander maneuver.
Since the visual mapping does not need the estimated position
to be as precise as the transmission one, the threshold is
set higher. This way, the mapping maneuver triggers earlier,
saving time in the coverage mission. Because the covariance
matrix provides the estimation’s uncertainty, and in the case of
these landmark estimates, the units are meters, the thresholds
that use the trace of the covariance matrix as a measurement
have m? as their units. These values are also dependent on
the noise added to the acoustic factor. If we set a low noise
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Fig. 9. Tests for the optical transmission. From left to right: (a) Transmission threshold at 10 m? and AUV at 12 m above seafloor during the transmission;
(b) Transmission threshold at 4 m? and AUV at 8 m above seafloor during the transmission; (c) Image taken during the optical transmission with the lander.

value, the uncertainty, in general, will be lower; however, this
could lead to problems in the entire AUV navigation if the
measurements are not as accurate as expected. Instead, by
adding more noise, the landmarks uncertainty will present
higher values, but the optimization of the graph SLAM will be
more stable. Then, we set the thresholds by taking into account
the noise selected for these factors. Additionally, as stated
before, we considered the minimum amount of uncertainty
possible to perform such maneuvers correctly. For example,
the transmission threshold is set to 4 m? since with an overall
error of 2 m from the desired pose, the AUV could transmit
the data. Then, to refine the thresholds, we tested different
values during the experiments, as can be checked in Figure 9.

C. Results

1) Range-Based Graph SLAM: Since the range-based
SLAM had previously been tested alone using simplified
versions of the landers in shallow waters, the effort was
put mainly into the combination of the different steps of
the mission for the PLOME project. Before performing a
whole mission, the initial experiments consisted of planned
trajectories around the landers to test the different parts of
the mission separately. First, we tested the localization of
both landers plus the visual transect between them (Fig. 10).
This way, we checked that the altitude during the transect
was appropriate for the correct visual detection of fauna and
that the acoustic communication was correctly configured.
Two factors influence the shape of the trajectory: the tasks
to be performed for the PLOME project previously detailed
(the visual transect and the localization of both landers), and
the landmarks position’s observability. In the case of range-
based localization, the optimal trajectory shape to estimate
the position of an acoustic beacon is a circular one around
the landmark based on the observability of the system as
demonstrated in [53]. The variations in depth during the
trajectory (see Figure 11) were included in all trajectories to
increase the observability in the z-axis. The ranges received

15091 —— SLAM traj
--- Odometry
¢ Landmarks

USBL poses

100 A

— 50 A

E

g

[7)

]

1)

€ o
_50.
—100 A

0 25 50 75 100 125
meters (m)

150

Fig. 10. Preliminary range-based graph SLAM experiment with landmark
localization and visual transect.

from each lander are also presented in the 2D figures 10, 9,
and 12 (in light blue for Lander 1 and pink for Lander 2).

The next step was to test different parameters for the
optical transmission, such as the transmission threshold and the
altitude above the lander for the transmission. The threshold
was calibrated so it assures a correct transmission and also so
it shortens the trajectory. These tests consisted of a circular
trajectory around Lander 1. Figure 9 shows two tests with
different parameter combinations.
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TABLE III
FINAL COVARIANCE TRACES IN THE RANGE-BASED EXPERIMENTS

Experiment figure Lander n° Covariance trace
10 2 2.55 m?
10 1 3.71 m?
9a 1 6.49 m?2
9 1 1.61 m?
11 & 12 2 2.43 m?
11 & 12 1 1.94 m?

Finally, figures 11 and 12 present the complete navigation of
the AUV computed by the range-based graph SLAM in 3D and
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Fig. 13. Evolution of the landmarks’ uncertainties during the range-based
experiments.
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Fig. 14. Initial test with bearing-based graph SLAM.

2D with all the steps of the PLOME project. For this final test,
the transmission threshold was set to 4 m?, and we were able
to transmit several navigation data files and some images gath-
ered in the visual transect between the two landers, selected
by the automatic detection algorithm, during a transmission
of 10 minutes. Figure 13 and Table III show the covariance
trace of each landmark estimation in the experiments done
with range-based SLAM. This values reflect the uncertainty
in the estimation of each landmark. In Figure 13 the evolution
of the landmarks’ uncertainties is shown for the two main
experiments, and includes the transmission threshold (4 m?).
Table III presents these uncertainties for all range-based tests
at the moment the experiment finishes.
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2) Bearing-Based Graph SLAM: As for the bearing-based
graph SLAM, the results are shown in Figures 14, 15, 16
and 17. Similarly to the range-based SLAM results, these
figures show the navigation computed by the graph SLAM,
the odometry, the USBL poses, and the estimated landmark
position. The lines drawn in light purple represent the bearings
received by the AUV from the HF modem. Since the acoustic
signal does not provide the range, all the bearings are drawn
with the same length of 50 m. In the first experiment, the
AUV did a circular maneuver around the modem position
(Fig. 14), which we knew due to the deployment information.
After the initial test, we prepared a lawnmower coverage
mission simulating the search of tagged animals in an area.
We were able to test several times this coverage mission and
two experiments are shown in Figures 15, 16 and 17.

The AUV starts with a fixed lawnmower trajectory, and
once the landmark estimation uncertainty is low enough, it
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Fig. 17. Second bearing-based graph SLAM coverage experiment (Top view)
with mapping threshold at 25 m? and bigger mapping maneuver.
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TABLE IV
FINAL COVARIANCE TRACES IN THE BEARING-BASED EXPERIMENTS

Experiment figure  Covariance trace

14 35.60 m?2
15 6.66 m?2
16 & 17 5.49 m?2

triggers the visual mapping above that estimated position.
After that, the AUV returns to the surface. Figure 15 presents
an experiment with a mapping threshold of 50 m? and a
mapping maneuver with small distances. Then, figures 16
and 17 present another experiment with a lower mapping
threshold of 25 m? and a more extensive mapping maneuver.
Also, Figure 14 and 16 show how, as in the range-based
experiments, in this missions the elevation changes during
the trajectories to increase the observability of the acoustic
landmark in the z-axis. Figure 18 and Table IV present the
covariance trace of the landmark’s estimation in these bearing-
based SLAM experiments. Similar to the range-based case,
Figure 18 shows how the beacon’s uncertainty decreases as the
beacon signals are received and the graph SLAM is optimized.
Both experiment results are shown in the same graphic plus the
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Fig. 19. HF modem mapped during the bearing-based graph SLAM experi-
ments.

two mapping thresholds used for the experiments, 50 m? for
experiment 1 (Fig. 15), and 25 m? for experiment 2 (Fig. 17).

Finally, Figure 19 presents a frame from the visual mapping
performed in this experiment, which shows the HF modem and
the metallic structure for deployment.

V. DISCUSSION

Overall, the experimental results were successful since the
acoustic localization applying graph SLAM with either ranges
or bearings was accurate enough to transmit data to the lander
and map the HF modem.

Our simplified method for the USBL position factor integra-
tion worked correctly by creating the nodes and updating them
a posteriori once the USBL information was received. Besides
this, a minor improvement to the outlier distance rejection
should be applied, changing how it computes the distance from
Euler, the current implementation, to Mahalanobis.

In the case of the range-based graph SLAM, the 2d figures
with the ranges drawn (Figures 9, 10, and 12) seem that
sometimes the ranges do not coincide all in the same spot. That
is because the range can be considered spherical and depends
also on the altitude difference of the AUV to the lander. This
is why when the AUV is above the lander transmitting data,
there are many concentric circles around it. In the two tests
presented in Fig. 9, the concentric circles show at which
distance the AUV was above the lander, approximately 11
meters in Fig. 9a, and around 7 meters in Fig. 9b. In terms of
accuracy in the estimation, Table III covariance traces show
how by acquiring signals with a circular trajectory around
the lander, we can achieve very low values of uncertainty,
like the case of experiments in Figures 9b and 12. Also, by
setting the threshold to a lower value, the AUV takes more
time to trigger the transmission maneuver, but the transmission
position is more accurate, as can be checked in Figure 9 and
the covariance traces of these experiments. The evolution of
the uncertainty in Figure 13 shows how, once the landmark
has been initialized in the graph SLAM, the algorithm needs
at least 25 more measurements to estimate the position of the
landmark within an uncertainty of 4 m?. A low uncertainty
in the landmark estimation also means low uncertainty in the
estimated pose of the AUV since they are correlated.

As for the bearing-based graph SLAM, we had some
problems due to the position of the HF modem in the metallic
structure, which resulted in that depending on the AUV’s
position, it could not receive any acoustic signals. Figure 14
shows how only in certain parts of the circular trajectory
signals were received. Taking this restriction into account,
we prepared the coverage missions in the zone where the
AUV could hear the HF modem to be able to simulate a
coverage and mapping mission in a real scenario. Aside from
that, another issue is the deviation of some bearings when
received while the AUV was turning. This issue arises from
the difference in orientation of the AUV from when it receives
the signal to the processing of this information and inclusion
in the graph. If the AUV is turning too fast and receives a
bearing signal, it can provoke that the bearing does not point to
the landmark. For example, in the coverage part of Figure 17,
the three bearing deviations correspond to the robot turning
90°. Then, a filter with the AUV’s angular velocity should be
implemented to discard the bearing information if the robot’s
angular velocity surpasses a threshold in order to avoid this
problem.

The estimation accuracy in the bearing-based SLAM
presents higher values than the range-based ones. Several
factors could influence this, such as the lack of measure-
ments in the case of Figure 14, the fact we did not use
observability-optimized trajectories instead of a classical cov-
erage lawnmower trajectory, and as previously stated in the
Experimental Design section, that the minimum uncertainty
achievable depends on the noise set for the acoustic factor.
The range-based localization presents lower uncertainty values
since the noise set is lower in proportion to the bearing-based
localization. In terms of performance, the amount of mea-
surements needed to reach the mapping threshold is between
20 and 30. Experiment 2’s case shows how, despite starting
to receive signals further in the trajectory, it passes both
thresholds faster than in Experiment 1. This difference could
be that by acquiring measurements in closer proximity and
thus having more distance in angle between measurements,
it needed fewer signals, for they provided more information.
Nevertheless, the AUV visually mapped the tracked beacon in
both coverage experiments.

VI. CONCLUSION AND FUTURE WORK

This article presents the implementation of a modular acous-
tic graph SLAM algorithm that can be adapted to measures of
either ranges or bearings to estimate the positions of acoustic
landmarks in underwater scenarios. We implemented novel
methods in our acoustic graph SLAM algorithm, such as
a simplification for the integration of USBL position factor
considering the transmission delay, an initialization method
for range and bearing factors to reduce the uncertainty in
the graph SLAM, and the creation of a 3D bearing factor
which combines the two angles provided by the acoustic signal
(azimuth and elevation). As the results show, our acoustic
localization algorithm proves to be accurate enough to perform
tasks successfully once it has localized the acoustic beacons.
Moreover, the outputs of this work can be used in many other
applications, especially ones that require precise underwater
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localization, such as mapping the seabed, interaction or manip-
ulation with underwater elements, or navigating through a
large area without increasing the uncertainty too much. Thanks
to its modularity, the factors presented here and their respective
integration methods can be implemented in combination with
other sensor information in a graph SLAM framework for any
application that can benefit from acoustic information. The
next step in this work is the implementation of path planning
strategies that consider acoustic information to optimize the
AUV navigation while tracking acoustic beacons in an unex-
plored large area.
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