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Abstract—The use of swarms of Autonomous Underwater
Vehicles (AUVs) for environmental monitoring operations could
provide important data about pollution, but is currently limited
by the high costs of the AUVs and their communication equipment. In this work, we design a system that exploits a multimodal
network, composed by both USBL low-frequency and low-cost
high frequency acoustic modems, at a much lower cost than
standard single mode deployments, and uses distributed sensing
and communication-based ranging to perform the localization of
an AUV swarm. Our system is able to maintain a positioning
error below 13 m over long time periods in different operational
scenarios, at a fraction of the cost of the single mode system, and
concentrating all the expensive equipment in the leader AUV.
Index Terms—Underwater multimodal networks, Kalman filter, DESERT Underwater, WOSS, Bellhop ray-tracer.

I. I NTRODUCTION
Autonomous Underwater Vehicles (AUVs) are submersible
underwater nodes able to accomplish a pre-loaded mission
with a high level of autonomy. Their missions can cover a
large set of applications [1]: scientific underwater exploration,
military applications, off-shore industrial applications [2], and
applications related to environment protection, like measuring
the level of pollution of shipwreck sites. The use of AUVs in
these types of missions is very effective compared to human
divers in terms of efficiency and risk to human lives.
Military and industrial missions usually involve large scale
and expensive AUVs, designed for diving thousands of meters
below the sea surface and fully equipped with very sophisticated and expensive tools and sensors, whose prices can easily
exceed 1M EUR per unit [3], tailored for specific applications,
such as high-resolution 3D scanners [4] and multibeam echosounders [5]. However, applications related to environmental
monitoring do not need such expensive equipment as they
typically require to inspect the characteristics and the quality
of the water column of a large littoral area.
For example, in the case of pollution monitoring, the
presence of microplastics in the seawater has been verified up
to a depth of 600 m. This kind of monitoring is usually of great
interest in coastal waters close to beaches and ports, where the
water depth is always less than 100 m. A small and cheap
AUV equipped with pollution sensors and communication
tools rated for a maximum depth of 200 m, with a price below
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50K EUR per unit [6]–[8], can perform the task in a costeffective manner.
The main challenge is the need to measure the level of
pollution in a wide area with high resolution in space and in
depth. To accomplish this task, a single AUV would require
several sweeps of the area, consuming time and energy. Due to
the lack of GPS, the longer the mission of an AUV, the higher
its drift from the original path [9]. Therefore, the drawback of
this solution is not just the time required to accomplish the
mission, but also the low level of spatial resolution due to the
position uncertainty. To overcome this issue, a coordinated
swarm of N AUVs can be employed to act as a distributed
sensor, reducing the duration of the mission by a factor of N
and improving the measurement resolution.
AUV formation control and maintenance have been of high
interest for the robotics research community in the last years,
with a special focus on proposing solutions for Cooperative Navigation (CN), simultaneous localization and mapping
(SLAM), and state estimation through extended Kalman filter [10]. In a cooperative navigation system, the AUVs exchange information related to their relative range and direction
measurements between each other through an acoustic wireless
link [11] in order to improve their localization precision.
Several works related to AUV swarm formation [12]–[14]
focus on the design and evaluation of the localization and
navigation system itself, assuming the existence of a stable
and robust acoustic communication link between the AUVs.
However, this does not address the significant challenges of
the underwater communication channel, such as multipath,
low bandwidth, long propagation delay, and the acoustic noise
caused by shipping activity and the wind surface waves [15].
In this paper, we analyze the behavior of a leader-follower
formation, where the leader is responsible for tracking the followers in order to ensure they are not drifting from the original
mission. Specifically, we propose and evaluate two different
networks, namely, a single mode low frequency acoustic (SM)
network, and a low-cost multimodal low frequency and high
frequency acoustic network (MM). We propose two different
communication scenarios for the MM network, considering
a centralized system (MM-C) in which all computation is
performed by the leader and the followers just report measurements, as well as a distributed system (MM-D) in which
the followers implement their own tracking systems and report
their state instead of raw measurements.

Both the SM and the MM networks are composed of a
surface node (e.g., a surface buoy or a vessel) with a well
known position, equipped with a GPS receiver and a long
range low frequency (LF) acoustic modem, a leader AUV
equipped with an LF modem with both normal and inverted
ultra-short baseline (USBL) capabilities, and four additional
AUVs that act as the followers. In the SM network, all AUVs
are equipped with the LF acoustic modem, so the leader can
both communicate and track the followers with its USBL LF
acoustic modem [16].
SM is currently the most commonly used mode for AUV
networks, as it allows each AUV to communicate directly with
the surface node and estimate its position with high precision.
It relies on commercial off the shelf modems for long range
communication [16]–[18] that provide high performance and
precision, but have a significant cost, making large AUV
formations economically infeasible: prices can easily exceed
8K EUR per acoustic modem (or 16K EUR for a modem with
USBL capabilities), with a total communication equipment
cost of 16K EUR for the leader and 8K EUR for each follower.
In this paper, we show that it is possible to maintain an acceptable accuracy using the MM network configuration, which
requires far cheaper high frequency (HF) acoustic modems.
The precision of the localization will be slightly lower, as the
HF modems only have ranging capabilities, so only the leader
and the surface node can use the LF communication link. The
market for high frequency modems includes low-cost acoustic
modems which can transmit at a range of a few hundred
meters with a bitrate of a few tens to a few hundred bits per
second [19], such as the AHOI acoustic modem prototypes
developed by the Smartport group of TUHH [20], which have
an overall cost of about 600 EUR. We considered the use of
the AHOI modems for HF communication in the MM network:
in this case, the total cost per follower would be reduced by
an order of magnitude.
If we also use low-cost AUV models for the follower units,
such as the VENUS AUV developed by ENEA [6], the design
would concentrate all the most expensive equipment in the
leader unit. In addition to environmental monitoring, this setup
can also enable new applications, where, for instance, one of
the followers can be elected (or even “sacrificed”) for a “high
risk task” (e.g., for mine countermeasure or for shipwreck
inspection in a harsh environment) with a lower financial risk.
Both the SM and MM configurations are presented in Fig. 1.
The rest of this paper is organized as follows: Sec. II describes the system model and the proposed tracking framework
in detail, while Sec. III presents the simulation settings and
the scenarios we used to verify its performance. The results of
the simulation are discussed in Sec. IV, and Sec. V concludes
the paper, presenting some avenues of future work.
II. S YSTEM MODEL
In our model, the performance of network architectures
is given by the accuracy with which the leader tracks its
own position and those of the followers. To achieve this
task, the leader deploys a Bayesian estimator, which requires
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Fig. 1. AUV swarm coordinated with a single mode low frequency acoustic
network (above) and with a multimodal low frequency and high frequency
acoustic network (below).

knowledge of the evolution of the target state. Hence, the
leader assumes that each AUV is in uniform rectilinear motion
in the 3D space. We denote node i’s position at time t
as xi (t) = [xi (t), yi (t), zi (t)], and its heading as ψi (t) =
[θi (t), φi (t)], where θi (t) and φi (t) represent its orientation
with respect to the frame of reference on the horizontal and
vertical plane, respectively. The motion equations of node i
are then given by:


xi (t + τ ) = xi (t) + cos(θi (t)) cos(φi (t))vi (t)τ
yi (t + τ ) = yi (t) + sin(θi (t)) cos(φi (t))vi (t)τ , (1)


zi (t + τ ) = zi (t) + sin(φi (t))vi (t)τ
where vi (t) is the speed of the considered AUV. We highlight
that the motion equations in (1) are a simplified model of the
true movements of the target, whose behavior is independent
of the tracking system. Finally, we define the state of node i
at time t as
si (t) = [xi (t), yi (t), zi (t), θi (t), φi (t), vi (t)] ,

(2)

while the network state is given by the union of each different
state si (t).
We assume each AUV to be able to measure its current
depth using a pressure sensor, as well as its current heading
using internal magnetometers and gyroscopes. However, we
do not consider independent GPS positioning, as underwater
attenuation is too strong to receive the signal from the satellites. Hence, the internal measurement vector for node i at
time t is
h
i
yi,i (t) = ẑi (t), θ̂i (t), φ̂i (t) .
(3)
We model the measurement error as a multivariate Gaussian
random variable with a time-invariant diagonal covariance
matrix Ri,i , as the measurements come from independent
instruments. In both the SM and MM networks, the leader is
equipped with a USBL-capable LF modem, which allows to
estimate its relative position x0,1 (t) from the ship, which
maintains a static position. From now on, we denote the leader
as node 1 and the ship as node 0; when it receives a packet
from the ship, the leader achieves the following measure:
h
i
y0,1 (t) = x̂0,1 (t), ψ̂1 (t), v̂0,1 (t), dˆ0,1 (t) .
(4)

Besides updating its position and heading information, the
communication allows the leader to measure two more variables: the Euclidean distance between nodes i and j, i.e.,
di,j (t) = ||xi (t) − xj (t)||2 , which is estimated by measuring
the round trip time, and the relative speed between nodes i
and j, i.e., vi,j (t) = vi (t) − vj (t), which is estimated by
measuring the Doppler effect. As above, the measurement
error is assumed to be a multivariate Gaussian random variable
with covariance R0,1 .
In our system, the leader also exchanges packets with the
follower nodes. Depending on the network configuration, the
leader can get the internal measurements of the follower, along
with additional information. If the communication between
AUVs is low-frequency (SM-C configuration), the leader can
get additional information: the LF modem allows the leader
to measure the angle of arrival of the signal, as well as the
target relative position, resulting in the measurement vector
h
i
SM-C
yi,1
(t) = x̂i,1 (t), ψ̂1 (t), v̂i,1 (t), dˆi,1 (t), ẑi (t), ψ̂i (t) . (5)
Instead, in the MM-C configuration the ranging and Doppler
information only allows the leader to estimate the distance between itself and the target and the relative velocity of the latter.
Therefore, each time it communicates with a follower with an
HF modem, the leader measures the following quantities:
i
h
MM-C
yi,1
(t) = v̂i,1 (t), dˆi,1 (t), zi (t), ψ̂i (t) .
(6)
Finally, in the distributed MM-D system, followers implement
their own tracking systems, based only on their internal measurements. When they communicate with the leader, follower
nodes report the changes in their position as tracked by their
internal filter, giving the leader the measurement vector
h
i
MM-D
yi,1
(t) = v̂i,1 (t), dˆi,1 (t), x̂i (t), ψ̂i (t) .
(7)
In all network configurations, we consider a multivariate
Gaussian random variable with covariance R1,i to represent
the measurement noise.
In order to estimate the full state of the system s(t), the
leader implements an Unscented Kalman Filter (UKF) [21],
which is a widely used tracking algorithm capable of dealing
with both linear and non-linear motion models. The update
equations for the position of each AUV are given by (1),
with an additional zero-mean Gaussian noise with covariance
matrix Q. The new information obtained at each time t is
variable, and depends on whom the leader communicates with:
if it does not communicate during a time step of the filter,
its measurement vector coincides with y1,1 (t), while if it
communicates with follower i, it is given by a combination
of y1,1 (t) and yi,1 (t).
In both the SM and MM networks, the leader retrieves the
information from the other nodes in a round-robin fashion.
Specifically, it probes each node, one at a time, to receive
information about its state, while obtaining ranging information by measuring the round trip time. While in the MM
network the leader can only use the USBL modem in inverse mode to estimate its own position when communicating

with the surface node, the SM network allows it to use the
USBL modem to track each of the followers as well. The
MM-D tries to overcome this limitation by improving the selftracking capabilities of the follower nodes. However, such an
implementation entails the transmission of a larger amount of
information between AUVs, and, therefore, the leader receives
fewer updates.
The MM network presents another issue: the follower nodes
have no direct contact with the surface node, so they never get
information on their absolute position. This can result in small
errors when measuring their heading and speed accumulating
over time, resulting in an increasing error as the mission
goes on. There are two possible ways to deal with this issue
without expensive hardware: the first, and simpler, one, is
off-mission recalibration: the mission is periodically paused,
allowing all AUVs to stop, then send several update messages
while moving in a pre-determined pattern. This allows the
leader to triangulate the followers’ positions and effectively
reset the state of the system without additional hardware,
but requires more time, as recalibrations can slow down the
mission. The second strategy, on-mission triangulation, has the
AUVs perform triangulation online by using more complex
communication topologies. Using a mesh-like topology instead
of a star, with communication between followers as well as
to the leader, would allow the leader to know the relative
distance between follower nodes, triangulating their position
and limiting the tracking error. In this work, we consider
off-mission recalibration, leaving on-mission triangulation as
future work.
III. S IMULATION SETTINGS
In this work, we simulate the SM and MM networks with
the multimodal DESERT Underwater protocol stack using
the WOSS framework [22], in order to model the acoustic
multipath with the Bellhop ray tracer. In all our simulations, a
swarm of 5 AUVs moves in an arrowhead formation, with the
leader located at the vertex of the arrow. The setup of the SM
network is: LF central frequency 25 kHz, bandwidth 5 kHz,
datarate 500 bps, and transmission power 175 dB re 1µPa.
The round-robin period required for obtaining both USBL data
and sensors information from ship and followers has been
set to 5.976 s. The MM network uses the same LF modem
configuration, and an HF modem with central frequency 50
kHz, bandwidth 25 kHz, datarate 195 bps, and transmission
power 156 dB re 1µPa [23].
In the SM-C configuration the LF data period to obtain
USBL data from the ship is 3.01 s, while the round-robin
period to obtain ranging and sensor data from the followers
via HF is 4.26 s for MM-C, and 4.59 s for MM-D. We assume
that positions can be quantized using 3 bytes and angles using
2 bytes: this results in a payload of 4 bytes from the followers
for the SM-C and MM-C cases (necessary to transmit z, θ and
φ) and 6 bytes for the MM-D case (as the followers also need
to transmit x and y), with a header of 1 byte for each packet.
Both the leader and the followers implement a UKF exploiting
the Sigma Points parameterization given in [24] and using
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Fig. 2. Path of the Medium water scenario.

Fig. 3. Path of the ROV scenario.

α = 0.9, β = 2 and κ = 10 as scaling parameters. As process
noise we consider Q = qI, where I is an identity matrix and
q = 0.01, while the precision of the system measurements is
reported in Table I.
We evaluate the performance of our system in two different
deployment scenarios, which are represented in Fig. 2 and
Fig. 3. The first is called Medium water scenario and emulates
the motion of an AUV fleet on a virtual path at a constant
speed of 1 m/s with the leader depth varying from 6 to 50
m. In this case, the distance between adjacent AUVs is 54
m: in particular, two followers are deployed 5 m deeper than
the leader, while the other two are deployed 10 m deeper
than the leader. In this case, packet loss is frequent for
communications with the surface node (close to 25%), around
10% for HF communications with followers, and below 1%
for LF ones. The Medium water scenario is characterized by
linear movements, which should improve the performance of
the tracking system, but also has the AUVs move over long
distances.
The second scenario considers the real motion of the CNR
INM Remotely Operated Vehicle (ROV) described in [25];
for simplicity, we name it ROV scenario. During the dive,
performed in Biograd Na Moru [26], [27], the ROV was
moving between a depth of 1 and 3 meters, at an average speed
of 0.2 m/s. In this scenario, the lower distance from the surface
vessel reduces the error probability, which is between 5% and
10% for all kinds of communications. Moreover, the distance
between adjacent AUVs is 6 m: in particular, two followers
are deployed 1 m deeper than the leader, while the other two
are deployed 2 m deeper than the leader. In contrast to the
Medium water scenario, the ROV scenario is characterized by

a lower speed and many turns and changes in direction, as the
AUVs are exploring a restricted area.
In both scenarios, we assume that the leader knows the full
system state at the beginning of the mission. Moreover, we
assume that the AUVs stop the mission at regular intervals to
carry out a system recalibration. Such procedure involves a
packet exchange between all the system nodes, so that each
AUV can estimate its position by a triangulation process.
We call recalibration period Tc the interval between two
consecutive triangulations. The value of Tc should be as large
as possible, since a temporary interruption of the mission may
negatively affect the AUV task. At the same time, a frequent
recalibration of the AUV positions allows the leader to reduce
the tracking error.

Measurement

Standard Deviation

Instrument

Depth
Pitch
Yaw
Relative speed
Relative distance
Relative position
Yaw, pitch

0.1 m
0.5 ◦
0.5 ◦
0.2 %
1%
0.5 %
0.5 ◦

Altimeter
Inclinometer
Magnetometer
Doppler Effect
Round Trip Time
USBL
USBL

TABLE I
M EASUREMENT STANDARD DEVIATIONS .

IV. R ESULTS
The system performance is determined by the leader’s
tracking system, i.e., it coincides with the accuracy of the
leader’s estimate of its own and its followers’ positions. We
first consider the Medium water scenario with a simulation
period Tsim = 30 min and a recalibration period Tc = 20 min;
the obtained results are reported in Fig. 4 and Fig. 5. The first
figure shows the boxplot of the tracking error obtained during
the initial stages of the AUVs’ mission, while the latter shows
the boxplot of the tracking error obtained during the advanced
stages of the mission. In particular, we define the initial stage
as the first 5 minutes following a system recalibration and the
advanced stage as the 5 minute period that precedes a system
recalibration. In both figures, we distinguish the leader’s selfpositioning error from the error on the close followers and
on the far followers, where the close followers are the AUVs
moving in the proximity of the leader and the far followers are
the AUVs moving at the edges of the arrowhead formation.
We can observe that the self-positioning error remains below
2 m in both Fig. 4 and Fig. 5, as the leader is always able
to accurately track its own state thanks to the USBL system.
In the SM-C configuration, the leader uses the LF modem
with USBL to communicate with the followers as well as with
the surface node; consequently, the positioning error of both
the close and the far followers remains low across the whole
mission. In the multi-mode tracking systems, the positioning
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error increases for both the close and the far followers, as
MM-C and MM-D do not exploit the USBL system while
communicating with the followers. In this case, the position
of each AUV is estimated by the communication round trip
time, and the tracking performance deteriorates as that distance
increases. The main consequence of this is that the positioning
error on the far followers is greater than the positioning error
on the close followers. We observe that error propagation
steadily decreases the estimation accuracy for the followers
over time: the system performance in the initial stages are
much better in Fig. 4 than in Fig. 5.
In all stages of the mission, the SM-C configuration ensures
the best performance; however, as we discussed above, it is
also an order of magnitude more expensive, and the performance difference does not justify the expense for applications
that do not require high localization precision. Focusing on
the other approaches, we observe that the MM-D configuration
clearly outperforms the MM-C configuration. The additional
Kalman filters installed in the follower AUVs succeed in
improving the tracking accuracy despite the longer round
trip time due to the larger payload size. Considering a close
follower in an advanced stage of the mission, the MM-D system
ensures that the 75-th percentile of the positioning error is
about 5 m. Under the same conditions, the 75-th percentile of
the positioning error obtained with MM-C is about 9 m.
We now focus on the ROV scenario with a simulation

period Tsim = 30 min and a recalibration period Tc = 20
min; the obtained results are reported in Fig. 6 and Fig. 7.
The SM-C system behaves like in the previous case: the
USBL communication allows the leader to accurately track
both itself and the followers in all the mission stages. For
the same reason, the leader self-positioning error is very
low with both MM-C and MM-D; however, if we take the
followers into account, the results are different. In both the
early stages of the mission, neither of the multi-mode network
configurations seems to clearly outperform the other: both
MM-C and MM-D ensure a tracking error below about 5 m.
Instead, in the mission late stages, the positioning error starts
to promptly increase, and MM-D leads to the best results. We
can explain this by better analyzing the ROV motion, which
is characterized by straight-line movements alternated with
sudden turns. This entails that, especially in the mission late
stages, it becomes more difficult for the tracking system to
estimate the follower positions.
At the beginning of the mission, all the AUVs do not move
far away from their starting positions. In this condition, the
tracking performance is not affected by the inaccuracy of
the local measurements of the followers; the MM-C system
performs slightly better, as the leader can receive updates
more often. In the advanced stages of the mission, followers
move away from their initial positions and the effects of local
measurement errors are more significant: as we can observe in
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Fig. 7, the MM-D approach becomes more convenient. Considering a close follower in an advanced stage of the mission the
75th percentile of the MM-D tracking error is 10 m lower than
the value obtained with the MM-C configuration. Hence, the
MM-D network succeeds in keeping the tracking error below
10 m in both the Medium water and ROV scenarios, while the
MM-C configuration leads to worse performance.
We conclude our analysis by evaluating the tracking performance of the MM-D network for two different values of the
recalibration period Tc ; the obtained results are reported in
Fig. 8 (for the Medium water scenario) and Fig. 9 (for the
ROV scenario), respectively. In particular, we consider three
different recalibration schemes: the first exploits a recalibration
period of 10 minutes, the second exploits a recalibration
period of 20 minutes, while the latter does not carry out
any recalibration. As it is intuitive, the shortest recalibration
period ensures the best tracking performance, since the target
state is repeatedly reset. Conversely, in the configuration
without recalibration, the tracking error tends to increase as
the simulation goes on.
It is interesting to observe that in Fig. 8 the tracking
performance for Tc = ∞ is not strictly monotonic: the error
reaches its maximum after 20 minutes of simulation and
then starts decreasing. We can explain this by analyzing the
Medium water path represented in Fig. 2. After 20 minutes
of simulations, the AUV fleet is at the maximum depth and
the maximum distance from the ship, whose coordinates are
(0,0,0). In such a scenario, the packet loss probability increases
and, therefore, the tracking system updates its internal state
less frequently. When the AUVs move again towards the
ship, the communication conditions and the tracking accuracy
improve.

AUVs in this kind of application. While being less accurate
than the more expensive single mode system, our scheme can
still achieve an error below 5 m 20 minutes into the mission
considering a close follower AUV, and 13 m considering
a far follower AUV. A periodic recalibration of the system
target state allows to maintain such performance over a longer
period.
Future work on the subject includes the development of
more advanced communication schemes that can allow larger
swarms to maintain formation control with a very limited
number of USBL-equipped nodes, using both random access
and scheduled strategies. These advanced schemes would
remove the need for off-mission recalibration, using multiple
subsequent packet exchanges to triangulate the position of all
the involved nodes.

V. C ONCLUSIONS AND F UTURE W ORK
In this work, we have presented a low-cost cooperative
multi-mode tracking system for swarms of AUVs that reduces
the cost of the communication equipment for the follower
nodes by an order of magnitude. If combined with lowcost AUV models, the proposed system can be exploited
to make environmental monitoring operations economically
viable, solving the cost issue that has slowed the adoption of
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