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MARINE ROBOTICS

Mobile robotic platforms for the acoustic tracking
of deep-sea demersal fishery resources
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Knowing the displacement capacity and mobility patterns of industrially exploited (i.e., fished) marine resources
is key to establishing effective conservation management strategies in human-impacted marine ecosystems.
Acquiring accurate behavioral information of deep-sea fished ecosystems is necessary to establish the sizes of
marine protected areas within the framework of large international societal programs (e.g., European Community
H2020, as part of the Blue Growth economic strategy). However, such information is currently scarce, and high-
frequency and prolonged data collection is rarely available. Here, we report the implementation of autonomous
underwater vehicles and remotely operated vehicles as an aid for acoustic long-baseline localization systems for
autonomous tracking of Norway lobster (Nephrops norvegicus), one of the key living resources exploited in
European waters. In combination with seafloor moored acoustic receivers, we detected and tracked the movements
of 33 tagged lobsters at 400-m depth for more than 3 months. We also identified the best procedures to localize
both the acoustic receivers and the tagged lobsters, based on algorithms designed for off-the-shelf acoustic tags
identification. Autonomous mobile platforms that deliver data on animal behavior beyond traditional fixed
platform capabilities represent an advance for prolonged, in situ monitoring of deep-sea benthic animal behavior

to original U.S.
Government Works

at meter spatial scales.

INTRODUCTION

The marine benthic realm is progressively becoming wired with cabled
infrastructures in an attempt to transform strategic or protected
areas (i.e., those of commercial or ecological value) into robotized
laboratories with permanent monitoring functions (I, 2). At the
same time, other relevant oceanic networks are being established
worldwide, seeking to track the large-scale pelagic movements of
species over large geographic areas and durations by animal-borne
data loggers (3-6). Data like these provide essential behavioral
information for applying the latest conservation policies (7).

Large marine megafauna (e.g., cetaceans, dolphins, elasmobranchs,
or sea turtles), which rise to the sea surface habitually, allow the use
of data loggers with global positioning system (GPS) and remote
communication (e.g., Argos satellite network) to determine the
duration and trajectories of those movements (8). However, never-
surface-emerging benthic and pelagic species cannot be tracked
using such a methodology because electromagnetic waves suffer the
drawbacks of high attenuation in seawater medium (9).

For those nonemerging benthic species, acoustic positioning
methods from fixed platforms can be used alongside acoustic tag
sensors deployed on animals (10) that are tracked using long base-
line (LBL) triangulation techniques (11). However, deploying ben-
thic anchored receivers may increase operation complexity (e.g., in
terms of spatial precision) and economic costs (12), with minimal
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flexibility (e.g., single location). Moreover, it is necessary to use specific
tags to maintain synchronization between each receiver into the
listening network, which may increase the complexity in data post-
processing (13). Although this technology has proven useful for
behavioral tracking in shallow water scenarios (14), its performance
has not yet been fully examined in the deep sea. Only a few efforts
have been conducted to follow populations movements over kilo-
meter scales (15) with acoustic receivers mounted on moored of
curtain or gate typologies (16).

A complementary strategy to the use of moored devices is to
mount acoustic receivers on autonomous underwater vehicles (AUVs),
which is used as a virtual LBL, measuring the distance range with
the target by acoustic modems (17, 18). Differently from acoustic tags,
these modems have bidirectional communications capabilities, and
therefore, the time of flight (TOF) and slant range of an acoustic
signal can be measured knowing the sound’s velocity. Last, triangu-
lation localization techniques are applied to estimate the position of
tagged individuals with different algorithms (19). In addition, the
bearing information estimated by ultrashort baseline (USBL) sys-
tems can also be used, which increases the overall speed response
(20, 21). Nevertheless, the investigations are again limited to large
animals due to the size of electronic tags (22). Other authors use
bearing-only techniques to avoid the use of acoustic modems and
overcome the size limitations (23, 24), where an AUV borne hydro-
phones’ array is used to track acoustic tags. Unfortunately, a substantial
localization uncertainty is produced by the too-close positioning of
hydrophones, which often requires larger separation that is not
achievable on AUV (25).

However, marine robots have, in recent years, been used for the
tracking of marine species. For example, AUVs equipped with a single
hydrophone were used to track fishes with different error ranges
and procedures [e.g., SYNAPS and SPLWCA (14, 26, 27)]. Some of
the studies were conducted in combination with seafloor moored
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receivers, allowing records of the presence of tagged animals within
the area of detection but with high uncertainty in their position (28-31).
Other authors used custom transponders attached to large marine
species to increase the efficiency of vehicle tracking capabilities
(20, 32), but this approach is impractical for small marine species.
Here, we describe a new procedure for multitracking one of the
most important fishery resources in Europe, the Norway lobster
(Nephrops norvegicus Linnaeus, 1758) (33), using a set of moored
seabed receivers along with a remotely operated vehicle (ROV) and
an AUV (Fig. 1). We developed an area-only target tracking (AOTT)
method to achieve active tracking of instrumented individuals,
which only uses the detection pings of acoustic tags. Moreover, time
difference of arrival (TDOA) algorithms have been adapted and
tested to study their accuracy in variable operational scenarios. Specific
objectives were (i) TDOA algorithm performance comparison through
Monte Carlo (MC) simulations; (ii) new AOTT algorithm capabilities
presentation, where both simulations and field tests have been con-
ducted; and (iii) the results of a 3-month campaign using static re-
ceivers (i.e., mooring lines with acoustic receivers) and underwater

Underwater robot

to supervise the
receivers’
deployment

Auto-release
canister for

Norway lobsters

Underwater
robot for
seabed
photo-mosaic
inspection

Tagged
Norway lobsters

' (Nephrops norvegicus)
T

Fig. 1. Tracking deep water benthic marine animals. The strategy designed to track Norway lobsters (Nephrops
norvegicus) is represented. Four receivers created an acoustic LBL localization system, where each one was in self-recording
mode and was not accessed in real time. The tags transmitted periodically an acoustic ping, which was recorded by
the static receivers and the underwater vehicles; both systems were used to track the lobsters’ movements. More-
over, different pictures detailing operations and systems are included: (A) the canister used to release the Norway
lobsters, (B) the Super Mohawk Il ROV, (C) a tagged Norway lobster showing the Vemco tag glued on its superior
portion of the cephalothorax (manipulation of the lobsters occurred in red light to avoid eye damaging), and (D) the
Girona500 AUV. (E) Map of the study area in Roses continental slope, northwestern Mediterranean Sea.
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vehicles (an ROV and an AUV), where both TDOA and AOTT
algorithms have been used. The tracking potential of this combined
mobile and moored technology was tested in Roses continental slope
(Fig. 1E), in a deep-sea, no-take fishing zone under restoration to
show how a long-lasting acoustic-based deployment can provide pre-
viously unidentified behavioral data that can inform the establish-
ment and spatial extent of conservation areas.

RESULTS

TDOA tracking algorithms performance

The performance of the different TDOA algorithms tested is presented
in Fig. 2, where a set of MC simulations has been conducted. We
used four receivers to localize a target on a two-dimensional (2D)
scenario, because the depth of the targets under study was known
and constant (the species is benthic, with no swimming capability).
These simulations are important to demonstrate the capabilities to
track benthic tagged animals and to set the appropriate configura-
tion (e.g., number of receivers, receivers’ positions, or acoustic tag
transmission period).

The Cramér-Rao bound (CRB) rep-
resentation is presented in Fig. 2A, where
four receivers with 200 m of baseline
distance and a time error of 1 ms have
been used (for other array configura-
tions, see fig. S1). The area inside of the
receivers’ array showed the lowest ex-
pected measurement SD error (<1 m),
whereas the error increased up to 7 m at
250 m off the receivers’ array center.

To compare the algorithms’ perform-
ance, a predefined target trajectory has

LBL receivers

i been designed (Fig. 2B and movie S1),

according to which the target moves at
Underwater 1 ms™! among four receivers with a
robot to transmission period of 60 s. The root
localize and mean square error (RMSE) over the
track tagged time is shown in Fig. 2C, where all the
Ez;n;ilj LBL algorithms were iterated 100 times with
- a Gaussian error with 1-ms SD (fig. S2

shows the RMSE evolution with other
errors). This result showed that the
error is lower inside the receivers’ array,
especially for the maximum likelihood
(ML) estimation algorithm. That latter
registered the greatest error. Because of
numerical singularities around the re-
ceivers, the ML estimation failed to find
the minimum of the cost function, and,
instead, it reached the local minimum
nearby the receiver position. This prob-
lem was reduced by choosing a different
initial estimation (i.e., closer to the real
position), as explored with the weighted
least squares ML (WLS-ML) algorithm,
where the WLS method is used to ini-
tialize the ML estimation algorithm.
The algorithms’ RMSE over the 100
MC iterations with different noise added
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Fig. 2. TDOA algorithms performance. (A) The CRB for TDOA target estimation, where the red crosses represent static receivers creating an acoustic LBL system.
(B) Target trajectories designed to compare the different TDOA algorithms’ performance are presented in relation to the PF, the MAP estimation, the MAP marginalizing
the latest measures (MAP-M), the ML estimation, the WLS, the WLS-ML, and the YAPS. The red crosses denote the receivers’ positions. (C) The target estimation RMSE over
the time, where all the algorithms were iterated 100 times with a Gaussian error with 1-ms SD. (D) The RMSE over 100 MC iterations for all the algorithms, where different
TDOA noise has been added (6 = 0.5, 1, and 1.5 ms), the plots show the median and 5th and 95th percentiles. (E) Last, the average run time required to compute one

target position is shown.

in the time of arrival (TOA) measurements is presented in Fig. 2D. We
simulated the algorithms’ performance with noise SD (o) equal to 0.5,
1.0, and 1.5 ms. Moreover, additional tests with a Gaussian TOA error
with ¢ = 1.5 ms plus 5% of outliers were simulated to observe the
algorithms’ behavior when facing strong multipath scenarios. These
simulations showed that the particle filter (PF) had the best performance
under different noise conditions; however, it had more difficulties
handling scenarios with outlier measurements, whereas the WLS excelled.
In addition, the use of the WLS-ML combination slightly improved
the algorithm’s performance with different noise configurations.
Nonetheless, this benefit was not observed in scenarios with outliers.

Last, the average runtime required to compute one target posi-
tion is shown in Fig. 2E, where the fastest algorithm was the WLS
with 5 ms per iteration. In contrast, the PF required 977 ms, which
means an increase of more than two orders of magnitude in the
computational resources.

AOTT algorithm performance

A set of simulations were conducted to observe the optimal param-
eters for the AOTT algorithm (Fig. 3A) and the functions to weight
the PF’s particles (Fig. 3B). For example, the results showed a rela-
tionship between the tracker circumference radius (TCR) and the
maximum transmission range (MTR), where the greatest ratio,
T'tadivs = TCR/MTR, was equal to 0.8 (Fig. 3C). This means that the
tracker had to conduct circumference maneuvers over the target
estimation position with a radius less than the MTR but closer to it.
Nonetheless, it is difficult to know a priori the MTR achievable by
an acoustic tag, which can be affected by different factors such as

Masmitja et al., Sci. Robot. 5, eabc3701 (2020) 25 November 2020

the sea state or the acoustic noise. Therefore, different in situ
tests should be conducted to estimate its value. In our case, those
tests pinpointed a maximum range less than 400 m with only a 20%
of successful receptions (SRs) (fig. S3). In addition, the MTR is piv-
otal to spread the PF’s particles, and therefore, different relation-
ships between MTR and the maximum particles range (MPR) were
studied, which allowed us to identify the relation between the ratio
[range = MPR/MTR and the AOTT’s performance (see Fig. 3C).
Moreover, the behavior of missing some of the tag’s transmissions
could also be observed, where the SR over the total transmissions
ratio defined by I'reception = SR/TT is presented. Last, random particles
were spread around the latest estimated target position (Compound
resampling method), which helped to increase the particles diver-
sity and emphasized the latest time that the tag was detected, which
yielded to an increase in tracking performance (see Fig. 3C).

The AOTT’s performance can be observed in Fig. 3D (and
movie S2), where all the recommendations derived from the previous
MC simulations presented above were used, which showed an error
of ~100 m. After these simulations, a field test was conducted on 27 to
28 June 2018 (Fig. 3E) using the Monterey Bay Aquarium Research
Institute (MBARI) coastal profile float (CPF) as a target (Fig. 3F)
and a Wave Glider as a tracker (Fig. 3G) in Monterey Bay area (CA,
USA) (Fig. 3H). This test lasted more than 15 hours, where the CPF
conducted three immersions at 60-m depth.

Norway lobster tracking
The results of the four-step process to adjust the receiver clocks’
drift and offset are shown in Fig. 4 (A to F), where a resolution
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Fig. 3. AOTT method applied to the Monterey Bay test site. (A) AOTT method representation. (B) Functions designed to weight the particles of the PF. (C) MC simula-
tions to find the optimal value for different parameters, such as the circumference radius, the particles range, the reception, and the PF’s resampling ratio, computed for
static and moving targets. For all the simulations, the mean and the SD after 30 iterations are presented. The other parameters, which were not involved in the current
simulation, were considered ideal. (D) Simulations conducted to observe the AOTT’s performance under different scenarios, where a reception ratio of 100 and 60% was

used over 100 MC iterations. (E) Results obtained during a field test, where a CPF (F) was used as a target and a Wave Glider (G) as an observer. (H) Map of the study area

in Monterey Bay, CA, USA.

greater than 2 ms was obtained. Moreover, a small number of outli-
ers were detected during the postprocessing (e.g., Fig. 4E), which
had a random nature due to the homogeneous bathymetry of the
experiment zone (i.e., a quasi-flat slope ground). In addition, the
deployment position of the mooring lines using the oceanographic
vessel’s GPS, the ROV’s USBL, and the positions computed using
the acoustic receivers are presented in Fig. 4G. Here, a great differ-
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ence between the GPS’s and ROV’s positions could be observed,
which pinpointed the necessity of using underwater vehicles to know
the final positions of the receivers (Table 1).

After determining the receiver localizations and calibrating
their clock offsets, the tagged Norway lobster positions could be
tracked using the TDOA algorithms (see the next section). The tra-
jectory showed by each animal can be observed in Fig. 5A (and
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Fig. 4. Clock drift results during the Norway lobster tracking. (A) The synchronization process of the receivers can
be observed in the flowchart. Then, the four-step process and the results obtained at each step are also presented,
where C12 (red), C13 (blue), and C14 (green) denote the difference between two receiver clock drifts: (B) the main
drift at the beginning, (C) the coarse drift after the first step, (D) the fine drift, (E) the TDOA error result and its outliers,
and (F) the final TDOA using a synchronization tag as a reference. (G) In addition, the positions of the moorings and
the lobster canister are shown, where their initial position using the ship’s GPS, the position obtained using the ROV

USBL, and the position computed acoustically are also pictured.

movie S3), where the localization of the synchronization acoustic
tags attached on the mooring lines, and the acoustic tags attached
on the 33 individuals, is shown. After the canister release in the
center of the receivers’ array, the individuals show a dynamic
dispersion and occupation of the monitored area. Furthermore, the
cumulative distance of each individual was plotted in Fig. 5B, where
we could appreciate how some animal went outside of the receivers’
reception range and therefore were not detectable from that
moment on.

By the use of the two underwater robots (an ROV and an AUV),
we could track the presence of some of those area-evading animals.
The ROV conducted different lawn pattern movements on the
southeast of the area, covering 10 km?, and the AUV conducted a
circumference path on the west (see Fig. 5C) with a radius equal to
150 m. During these tests, four tags were localized, and moreover,
different images could be obtained, which will be used to study the
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seabed recovery in the protected areas
(Fig. 5D and movie S4).

Comparison between methods

The algorithms studied to track acoustic
tags using the TDOA information could
be compared together during the entire
Norway lobster tracking experiment.
Because the “true” position of the tagged
lobsters was unknown, the synchroniza-
tion tags attached on the mooring lines
T were used. In this case, the tags were
not moving but static. Figure 6 (A to E)
shows their estimated position and the
error covariance matrix, which are rep-
resented as error bars in Fig. 6F (and
summarized in table S1). For example,
the accuracy obtained to localize the
lobster canister synchronization tag [i.e.,
base station (BS) D], which was placed
in the receiver array center, was similar
among all the algorithms (error, <1 m).
However, the PF had the poorest per-

30/06 09/08 18/09
Date (dd/mm)

T
1

[N
30/06 09/08 18/09
Date (dd/mm)

+4.651x108
F T T 5 formance when it came to localize the
BS(A) BS(B) synchronization tags attached on the
F ¢ BS(A) «os@ ] mooring lines. This low performance
c was due to the nature of the PF’s parti-
r o501 X xc 1 des distribution near the receivers in a
FoX ] TDOA topology (i.e., eccentricity of the
eso) | XGPS oo hyperbola close to 1). Moreover, we
X X vsel s | found that both PF and WLS methods
L - showed higher errors in positioning moor-

544000 544100

ing Vemco acoustic receivers indicated
Easting (m)

as BS(D) and BS(E), which had a different
configuration (smaller dead weights and
VR2AR-69Kk receivers). Taking into con-
sideration the simulations conducted and
the run time required for each method,
the WLS-ML offered the best reliability.

Last, whereas the error of AOTT
(order of tens of meters) is greater than
the error that can be obtained with
TDOA algorithms (order of few meters),
the AOTT method overperforms these techniques due to the use of
a single moving receiver on a mobile vehicle. This strategy markedly
reduced infrastructure requirements.

DISCUSSION

In our study, we acoustically track tagged deep-sea benthic species,
combining the information provided by underwater vehicles and
anchored receivers, with meter spatial resolution. Here, the chal-
lenges of accurately positioning the receivers, adjusting the clocks’
drift, and algorithms’ performance have been analyzed, observing that
they are the primary cause of tracking success for an EU-relevant
fishery resource such as the Norway lobster in a no-take zone. Thus,
we set the basis and procedures that should be followed to obtain
the best accuracy possible in similar operative deep-sea scenarios.
To achieve such performance, the use of underwater mobile robotic
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Table 1. Mooring lines positioning error. Position of the moorings obtained using the ROV and the TOA signals (position 1) compared with the positions
computed using the WLS-ML algorithm (position 2) and the associated error. The mean error and the standard deviation (SD) were calculated using the
different positions calculated through the WLS-ML algorithm for each synchronization tag detection.

Position 1 Position 2
Moorings ) Error (m) SD (m)
x(m
BS(A) 543,957.71 0.55
BS(B) 544,090 0.40
BS(C) 544,092.14 4,651,434.09 544,092.10 4,651,433.95 1.05
BS(D) 543,952.24 4,651,347.94 543,952.56 4,651,348.23 0.29
BS(E) 544,114.21 4,651,341.26 544,114.03 4,651,341.52 0.48 0.27
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Fig. 5. Norway lobster tracking results. (A) The trajectories conducted by the tagged Norway lobsters during the moored experiment are represented, where the re-
ceivers are denoted as BS(X) and each tagged lobster has a different color. (B) The accumulative traveled distance covered by each tagged individual. (C) The different
trajectories conducted by the underwater robots to localize and track the Norway lobsters, where the receivers’ localizations are represented by a red cross (X) and the
detected tags denoted as TO to T3. (D) Image obtained with the ROV high definition camera, picturing the slope seabed with several tunnel entrances and a wandering

Norway lobster (15-cm distanced laser green-beam dots can also be observed).

platforms has been crucial, which can substantially boost traditional
tracking methods [e.g., (15, 16)] and extend target tracking beyond
the limits of current LBL systems. In doing so, we have worked with
two methods for target localization, which have been used in com-
bination to extend their capabilities: (i) through static receivers
anchored on the seabed and using TDOA algorithms, where 1-m
resolution can be achieved, and (ii) using a single receiver installed
on an underwater vehicle for dynamic tracking using the AOTT

Masmitja et al., Sci. Robot. 5, eabc3701 (2020) 25 November 2020

algorithm, which is capable of localizing and tracking acoustic tags
only by ping detections.

Many efforts to study deep-sea species using acoustic target
tracking systems have been conducted, and a complete survey of
design settings, detection algorithms, and used platforms is presented
in Table 2. In this scenario, the strength of our contribution lies in
the fact that we have faced the problem from a technological, oper-
ational, and scientific point of view, covering different areas of study
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transmission time t;. The TDOA was
designed to avoid this inconvenience
(36), where, by using two synchronized
receivers, the unknown f, can be elimi-
nated. In (37), the authors studied a
method that also estimated the ty; how-
ever, this method has its limitations when
the acoustic tag does not transmit in a
specific and fixed period. Moreover, in
(35), the authors studied analytically and
through simulations different TDOA
target localization algorithms and found
that it is not necessary to use the full set
of TDOA measurements. In general, a
set of L well-localized receivers are used,
where there are m = L(L — 1)/2 distinct
TDOA measurements from all possible
sensor pairs, which is known as the full
TDOA set (35). With only a subset, one
can achieve the same performance but
not when the target is outside of the
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the fastest method. The target tracking
3 experiments, in general, use a set of
receivers anchored on the seabed [e.g.,
(38, 39)]. These receivers can operate
3 for months continuously recording in-
formation of the tagged animals, and there-
fore, the number of measurements and
consequently the number of computa-
tions required to track each animal can
be notable. Thus, the runtime required

Fig. 6. Algorithms’ performance during the Norway lobster experiment. (A, B, D, and E) Synchronization tag

positions computed using different TDOA algorithms. These tags were attached on each mooring line alongside with
a Vemco acoustic receiver (BS). (C) The last tag was mounted on the lobster canister, which was deployed on the
center of the experiment. The error covariance matrix with a confidence interval of 98% is also presented. This infor-
mation is presented as error bars in (F). The plots show the median and 5th and 95th percentiles.

and shedding light on the difficulties and solutions we encountered.
Our results are an important step forward for prolonged, in situ
monitoring of deep-sea benthic animal behavior at meter spatial
scales. We believe that tracking deep-sea species using both acoustic
mooring receivers and underwater robotized platforms, which, within
the next years, could be an important component in fishery re-
sources management, may inspire future scientific discoveries (34).

TDOA algorithms

This hyperbolic scheme is the method used when the acoustic target
to be localized is not synchronized with the receivers or no bidirec-
tional communications capability is available (35). In these cases,
the slant range between target and receiver cannot be computed,
and therefore, the triangulation methods for target localization
based on range are not feasible. In a one-way communication sce-
nario, the main problem to compute the TOF is knowing the initial

Masmitja et al., Sci. Robot. 5, eabc3701 (2020) 25 November 2020

n w = 4 n 4
= = o T s 4 = .. .
2 g % 2 g is important to obtain the trustable track-
s = ing data.
AOTT algorithm

The area-based tracking method is used
when the information to estimate the
tag position is only the ping received by
one receiver. Two sets of simulations
with different reception ratios (I'reception)
were conducted, using ratios equal to 100 and 60%. Before and after
the target right turn (at 67 min from the beginning of the simula-
tion), the error was ~50 m using the ideal reception ratio and ~100 m
using the 60% ratio. In this last situation, the AOTT had more prob-
lems finding and tracking the real target position, which lost the
target position about ~2% of the iterations. Despite that, the tracker
in general did not lose the target’s position, and therefore, the great
capabilities of the AOTT method were demonstrated in relation to
previous efforts. For example, in (23), the authors used two hydro-
phones and bearing-only methods to track a tagged animal, result-
ing in critical consequences for the vehicle’s performance due to the
payload’s size and drag effects of these hydrophones, with a reported
error greater than 40 m. To increase the accuracy, the same authors
presented a custom tag design (32), integrating an inertial measure-
ment unit, which was used to adjust the velocity and attitude of the
species during an offline postprocessing. However, this approach
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augments considerably the tag’s size and, therefore, is not suitable
for smaller tags. The tag’s size is also an important constraint in (20).
In (14), the authors developed a method that used the signal strength
to infer the tag’s position; nonetheless, its performance and observ-
ability studies were not reported. Last, in (17), a synthetic LBL
was presented, where a constant, precise tag burst rate and a high-
resolution tag detection timestamp on the receiver were both neces-
sary for estimating tag positions, which are not always possible.
From the AOTT’s initial field test error, we could pinpoint three
elements: (i) The algorithm was notably stable, where the target was
almost always localized. (ii) During the first CPF’s immersion, the
error was lower than 100 m and then increased up to ~100 m. If we
compare this performance with the simulations conducted previ-
ously, and if we take into consideration that the Wave Glider’s path
was not optimal, the error’s values were inside the expected bound-
aries. (iii) When the CPF was at the surface (i.e., at 5 hours), the
error obtained was greater, probably due to poor tag reception.

Norway lobster tracking

We efficiently detected 33 tagged lobsters during several months
with high precision (i.e., less than 2 m) using the WLS-ML algo-
rithm (see Table 1). Once the tagged animals were localized, their
pattern of displacement could be inferred, e.g., using the joint esti-
mation over multiple individuals method (40).

Nevertheless, the reception of the tags using the underwater
vehicles was operationally complex. During the cruise conducted
5 months after the release of tagged individuals, different dives were
conducted with both the AUV and the ROV. On the basis of these
dives, we were able to detect four Norway lobsters. In addition to the
possibility that most of the tagged lobsters were lost or disappeared
from the study area, the small number of detections could be caused
by (i) acoustic interferences caused by the thrusters or the equipment
installed on the vehicles (e.g., the USBL or the doppler velocity log)
or (ii) due to lobster’s diel burrow emergence patterns (41), because
the acoustic signal could suffer strong attenuation while the indi-
vidual is inside its burrow (42). For example, in (31I), the authors
used a Wave Glider to track snow crabs (Chionoecetes opilio), which
is powered by sea waves and therefore does not use thrusters. More-
over, it does not use any acoustic positioning systems but GPS, be-
cause it stays permanently on the sea surface. Both aspects help to
reduce the noise and interferences with the tag’s signal. This was
also studied during the AOTT field test, where the reception ratio
was greater. One of the main constraints for benthic deep-sea tag
tracking is the maximum distance that an acoustic tag signal can be
detected (e.g., less than 300 m for smaller devices), and therefore,
the use of surface vehicles as Wave Gliders is not possible. One solu-
tion could be the use of an AUV with “silent” mode capabilities (i.e.,
dynamic buoyancy control) such as (43, 44) or tethered the receiver
at a sufficient distance.

MATERIALS AND METHODS

Fieldwork experiments

Tracking procedures were conducted during 2019 in a no-take fish-
ing zone, established at 380- to 400-m depth in Roses continental
slope, northwestern Mediterranean Sea (42° 00.8006’ N and 03°
31.9723" E; Fig. 1E). During an oceanographic cruise onboard of
the R/V Garcia del Cid, on 6 June 2019, we deployed four mooring
lines with Vemco receivers (Vemco, Canada): two equipped with

Masmitja et al., Sci. Robot. 5, eabc3701 (2020) 25 November 2020

VR2W-69k receivers and V7-69k synchronization tags; two equipped
with VR2AR-69k acoustic release receivers. In the middle of these
four mooring lines, we simultaneously released 33 Norway lobsters,
each dorsally glued (i.e., cyanoacrylate) to a Vemco V7-69k tag, by
using release canisters [an adaptation of (42)]. All lobsters were cap-
tured in the study area with creels during the previous days before
their release. The mooring lines with the receivers were recovered
on 23 September 2019 during a second oceanographic cruise onboard
the R/V Garcia del Cid.

In addition to the four mooring receivers and also to detect the
tagged lobsters, during a third oceanographic cruise onboard the
R/V Sarmiento de Gamboa in October 2019, we deployed two un-
derwater vehicles in the same field site: an AUV (Girona 500 AUV,
IQUA Robotics, Spain) and an ROV (Super Mohawk II, Forum
Energy Technologies, Houston, TX, USA), both equipped with
VR2W receivers.

Complementarily, some of these materials and procedures were
tested on different preliminary operational calibration trials: (i) con-
ducted at OBSEA observatory (www.obsea.es) deployed at 20-m depth
and 4 km east off central Catalan coast, Barcelona (Mediterranean
Sea), one of the three EMSO testing sites (fig. S4) (45, 46); and (ii) at
Monterey Bay, California (USA), using the installations of MBARI.

Methodology
Four receivers created an acoustic LBL localization system, where
each one was in self-recording mode and was not accessed in real
time. The tags transmitted periodically an acoustic and individual-
ized ping with a unidirectional communication protocol, which was
recorded by the receivers. The tags were programmed to send this
ping every 60 s (plus a random value up to 30 s to avoid multiple
tags consistently overlapping in time). Each tag transmits its own
identifier using a pulse position modulation with a carrier signal
frequency of 69 kHz. The Vemco V7 tag has a typical working range
of ~250 m, and therefore, the receivers’ baseline was set to 200 m.
In addition, the V7 synchronization tags from Vemco were used
to correct the receivers’ clock drift and to adjust the final receiver
array position using a four-step process described below. These syn-
chronization tags were attached on each mooring (1 m above the
receivers) and to the lobster canister. During the experiment, both
the ROV and the AUV positions were known using the R/V’s USBL.
In addition, the AUV had its own dead reckoning system for auton-
omous navigation. The final position of the receivers could be com-
puted using the information provided by the ROV’s USBL, which
was more exact than the deployment position obtained on the surface
with the GPS of the R/V due to the drift during the 400-m dive. The
ROV was piloted above the moorings, and its position was used as a
true position of two of them. Then, knowing the TOF among the
other lines and the lobster canister through the synchronization
tags and the receivers, their relative positions could be determined
by simple trigonometry functions and rotation matrices.

TDOA algorithms

Target localization using TDOA is a well-known problem that has
been addressed on both terrestrial and underwater environments
during the last decades. The TDOA has been usually used when no
synchronization between transmitters and receivers can be enforced,
and even more, if transmitters’ ping time is irregular (e.g., using Vemco
devices). In both cases, the TOF cannot be measured or estimated, and
consequently, the TDOA between different pairs of receivers is used.
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In general, TDOA algorithms can be divided in two groups, the
ML and LS methods (47). Using n + 1 receivers (where n € {2,3} is
the space dimensionality of the problem), a set of hyperbolic equa-
tions can be obtained to find the coordinates of the target. The
TDOA measurement between two receivers b € R" and the target
at position q € R" can be written as

W)= (to+glla=bill) = (to+¢lla=bill) +w

= Lla - bill-lla - byl +w
(1)

where i, j € {0, ..., m} and i # j, ¢ is the sound velocity in water,
and t, is the target transmission time. Assuming a zero-mean white
Gaussian error noise distribution of the TDOA measurements, i.e.,
w~MN(0,6%) with variance 6% the unknown parameter q € R" can
be estimated using the ML estimation method. In this case, the
density function for each p’(q) is given by

i 2
(77-n"(q))

&Xpl ~——— 2

216> 20

flg)= ()

where Tl represents the measured TDOA. Given a vector of ob-
servations T € R", the function £:R" — [0,1] C R which for
any target position ¢ € R" yields the probability p(fi | q), is re-
ferred to as the likelihood function, given by

262

I S T (@)
L(q) p(ulq)—gw»m(

:<v21?>mexp-—zz(u @)’

-—L P( IIF-u(q)||2>
(2m)"% |R| K

where ||al|y; 2 a’M'a, and R is the covariance matrix, and L, is

the identity matrix of dimension m x m. The ML estimator is de-
fined as

(©)

q = argmax £(q) (4)

qeR
A common practice in ML estimation is to work with the log-
likelihood function. Because the logarithm is a strictly increasing
function, and £(q) is strictly positive, maximizing the likelihood
and the log-likelihood is equivalent. Neglecting constant terms, the
ML estimator can be found by solving the optimization problem

q = argmin flq) (5)
qeR”
where f:R" — R is given by the following cost function
fig)= Hirnr@ [} = 2En@) R @Er@)  ©

In general, there is no closed-form solution to the previous opti-
mization problem. The cost function is relatively complex, nonlinear,
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and even not differentiable at some points because of the square roots
that define the TDOA measurements.

A standard approach for its optimization is to use Newton-Raphson
iterative minimization (48). To implement gradient and Newton
descent algorithms to minimize the cost function, it is necessary to
have expressions for its gradient Vf(q) and Hessian V*f(q), which
are the vector of its first partial derivatives and matrix of its second
partial derivatives, respectively. This can be done by resorting to
Matrix Differential Calculus; see (11, 49) and the references therein.

Nonlinear estimation problems are also often addressed using
linearized estimators, e.g., the extended Kalman filter (50). However,
a linearization-based filtering approach marginalizes all but the cur-
rent state and is hence unable to refine past linearization points. In
contrast, a batch maximum a posteriori (MAP) estimator computes
the estimates for the states at all time steps using all available mea-
surements (51). The difference between MAP and ML estimation
lies in the assumption of an appropriate prior distribution of the
parameters to be estimated (52). The MAP estimator uses all avail-
able information to estimate the entire target’s trajectory, which is
represented by stacking all states in the time interval [0,k] as

X0k = [xgxlTx,Z]T (7)
where X; = [Xqk Xqk Ygk Yqk]” € R is the target’s position
and all are the higher-order time derivatives (i.e., velocity or accel-
eration). In addition, a motion model is used, which typically con-
siders that the target moves randomly but assumes that a stochastic
kinematic model describing its motion (e.g., constant velocity) is
known. Thus, the discrete-time state propagation equation is gener-
ally given by

(®)

X = P X1+ Wiy

where wy _ | is zero-mean white Gaussian noise with covariance Q,
and the state transmission matrix, ®x_;, is given by

1 At 0 0
0100

(D_:

170 0 1 A ©)
00 0 1

Then, the MAP estimator seeks to determine the entire state-
space trajectory that maximizes the following posterior probability
density function

p(ﬁl:k | XO:k) o<

1 1 S 2
o —exp| —5[xo-Rojollp
(2m)" | Pojo | ( 2 "

T —exp

“en Q'
k
x [ eXP( _%”Hk'll(quﬁl)

=1(2m)2 [ Ry |2

(10)
— 21Xk @i x| [§y

where a prior distribution equal to p(x¢) = M(X¢|0, Po|o) has been
used and [I; denotes all the measurements in the time interval
[1,k]. Using the same procedure as in Eq. 3, the cost function is
given by
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ﬂXO:k) = %||X0'§0I0||%’om
k
+ ;I%HXV‘I’HXHHE'

+ 3 Ui n(ao) |
%2 B~ k) [[g

(11)

Last, the solution can also be computed using Newton-Raphson
iterative minimization methods; see (51) and references therein.
However, this solution heavily depends on the quality of the initial
estimate, especially if multimodal probability density functions are
involved (i.e., the solution may lie on local minimum instead of the
true target position).

To estimate multimodal distributions, one of the most used
methods is the PF (53, 54). The PF solves in a nonparametric way
the probability distribution problem using a set of particles, x € R*",
which are spread on the area to represent the true distribution. Each
particle represents a hypothesis of the target state. The particles are
weighted and normalized on the basis of their measurement likeli-
hood and resampled accordingly (55, 56).

Another method to solve the likelihood function Eq. 3 is using a
closed-form LS solution. A widely used closed-form method was
developed by Chan and Ho (36). They gave an alternative solution
for hyperbolic position fix by using an approximation of the ML
estimation when the TDOA estimation errors are small. The origi-
nal set of TDOA equations is transformed into another set x =
[qT rO]T e R"!, which are linear in source position coordinates
g, and adding an extra variable ry, which is the range between the
target and the reference sensor. Then, the algorithm uses a two-step
WLS method to estimate the target position, which is given by

x = (GIw'G,) 'GI¥'h (12)

where

bl, 10 [Ib1]| = [[bol|> - r10®

T 2 2 2

G, = P rofp - % [Dall"=1Poll" = 70" s _ 2B, R,
by, "1 [Ib1]* = [[bol|* = r10”

(13)

and B, = ||q - by||Ls.

Further, different authors have improved this technique; for ex-
ample, in (57), the WLS includes a vertical plane constraint and a
cone tangent plane constraint. These two constraints are derived
from the initial value and updated again after each iteration.

Last, in (37), the authors developed the yet another positioning
solver (YAPS) method, where they used the TOA instead of the
TDOA to estimate the target position. Because of that, they had to
also estimate the target transmission time #. The modeling follows
the state space paradigm, which uses the process and observation
models as in MAP estimation method. They used a stochastic pro-
cesses to describe the state propagation as a random walk with different
degrees of SD for both transmission time # — fi_1 ~ N{f-1 = ti2,6p;)
and target position q; ~ ./\/(qk,l,ZnyAtO's), where Dy, is the dif-
fusivity. The YAPS method is coded as a C++ file, which evaluates
the joint density through the template model builder (TMB) frame-
work. The latter uses the Laplace approximation to find the unob-

Masmitja et al., Sci. Robot. 5, eabc3701 (2020) 25 November 2020

served random variables (e.g., x, ¥, and f) and the parameters (e.g.,
D,,) that can be estimated using the ML principle and built-in opti-
mizer in R. Therefore, this model analysis follows a standard ML
analysis of nonlinear mixed-effects model, using the TMB as the
computational tool to automatize the process with R software.

Here, all these algorithms have been compared with the CRB
(58), which sets the lowest bound on the performance of unbiased
estimators that use observations according to a certain probability
density function. This bound is one of the most widely used (59-61),
which, for a TDOA target localization problem, is given by

Cov{q} = I(q)™* (14)
where I denotes the Fisher information matrix defined as
I(q)=V/(@ ' R'VAq) (15)

where Vf{(q) is the gradient of the log-likelihood function with re-
spect to the unknown parameters, which has been used to compute
the target position using the ML estimation. Taking the trace of I,
we obtain a new inequality, which sets a fundamental lower bound
on the mean square error of any unbiased estimator, given by

var{q}=E{||[§(m)-q||’} > tr(q)™") (16)

TDOA simulations

Different simulations have been conducted to characterize the
TDOA target localization algorithms explained above under differ-
ent parameters and scenarios. These simulations have been carried
out using the MC simulation method. For all the simulations, the
RMSE has been computed using the median, and the 5th and 95th
percentiles, over 100 iterations, where different TDOA Gaussian
noise has been added using ¢ = 0.5, 1, and 1.5 ms. The parameters
of the scenario simulated used were (i) tag transmission delay = 120s,
(ii) target velocity = 0.2 m/s, and (iii) number of particles (for the PF
algorithm) = 6000 particles. Algorithms’ run time has been obtained
using a processor Intel Core i7-4760HQ CPU at 2.10 GHz with
8 GB of random-access memory.

Receiver clock drift adjustment and localization
Four receivers have been used in this study, where each one has an
internal clock that is not synchronized periodically. Consequently,
during the campaign, they suffered from drift and misalignment.
This behavior introduces an error that must be fixed for two rea-
sons: (i) to be able to associate independent receptions at separate
receivers, corresponding to the same target and emission time, and
(ii) to compute the TDOA accurately. The TDOA between two re-
ceivers (considering their clocks’ drift) can be modeled as
w@)=L(llax-bill-llae-bilD+(Ca-Cp) (17
where Cj is the clock’s misalignment of receiver i at time step k.
Considering static receivers and a static acoustic tag qq (typically
localized in the center of the receivers’ array), the measurement
1/ (qo) should be constant. However, because of the differences in
the clocks’ drift C;j = Cik|q0 — Cik| qo» this is not true, which would
result in target localization errors. Therefore, here, we developed a
procedure to adjust the drift using a four-step process: (i) using the
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initial points and a linear regression, (ii) using a polynomial regres-
sion with all the points, (iii) using different polynomial regression
functions at different segments of data, and (iv) using the distance
difference to correct the offset.

The first step was used to adjust the main drift, which is neces-
sary to associate independent receptions at separate receivers. If the
clock’s drift is greater than the acoustic tag transmission interval
time, it is not possible to associate the receptions of an acoustic tag
transmission at different independent receivers (in long field studies,
i.e., more than 1 month, the drift can reach more than 30 s). Thus,
only the initial points can be used. Then, the different receptions can
be associated, and a polynomial fitted curve can be used to eliminate
the main clocks’ drift for the entire data. In addition, the whole data
were segmented into small portions (e.g., by weeks), and a second
polynomial fitted curve was used for a fine tune. With this proce-
dure, the drift was adjusted (i.e., the slope of the Cj;, aka C;l‘)pe)
Nonetheless, a final step to adjust the clocks’ offset was still neces-
sary. We know that the distance between the receiver pair ij has to
be equal to the distance between the receiver pair ji, and therefore,
an offset equal to C; ffset = (djj— dj) /2 can be added. Thus, each clock’s
receiver adjustment is given by

N
Clk;, = ZCSI‘(’Kf » Clii” + C3

=0

(18)

where Clk; , is the timestamp value n of receiver i, and N is the poly-
nomial degree of the fitting curve.

Once the internal clock drift was adjusted, the position of each
receiver b; could be computed. First, the distance among each re-
ceiver d;; was calculated using the TOF, which was known due to the
fact that each receiver had also a synchronization acoustic tag
attached on the mooring line, and therefore, the t; was known.
Then, the b; positions were computed using these distances and
trigonometry. Last, the positions were adjusted using a rotation ma-
trix and a translation matrix to obtain the final position referenced
to the geographic coordinates system, where the mooring anchors’
positions found by the ROV were used.

AOTT algorithm
The AOTT method uses a single moving receiver, and therefore, no
TDOA information is present. In its place, the tag’s position is estimated
by using the ping detection/no-detection information provided by a
receiver. However, the detection of a tag’s transmission is complex due
to acoustic noise from platforms’ thrusters, multipath, or distance
between the tag and the receiver. Consequently, the AOTT algorithm
attributes such as the reception ratio or MTR have been studied through
simulations and field tests before the Norway lobsters’ field survey.

Given the acoustic receiver and transmitter tag used for this
work, the only information that can be determined is the presence
or absence of acoustic tag transmissions in the area of the receiver,
without information about the tag’s direction or range of detection.
The AOTT method infers the target position by taking the area de-
termined by the maximum reception range as the only filter input
(62). Two types of areas can be defined: one where the tag is detect-
ed and one where the tag is not detected. The estimation of the tar-
get’s localization can then be computed by overlapping all of these
areas, where the zone with a main coincidence is where the target
should be, thereby representing its probability distribution.

The AOTT was implemented by using a PF algorithm, where a
set of particles x € R*" are randomly spread in the area; then, each
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particle is moved accordingly to a motion model Eq. 8, and each
particle’s weight is updated for each new detection (or no detection)
until all of them converge into the target position estimation. There-
fore, the probability distribution function can be derived using the
Bayes’ rule (63) with the recursion of the prediction step

pilzan)= 2 pllsic) plilziy) (19
Motion model Particles
and the update state
p(Xilzi)oe p(za|Xi)  p(Xi|Z:-1) (20)
Importance weights  Particles

wherez € R" are a set of measurements.

The main difference between the range-only (19) and AOTT
algorithm based on PF is how the particles are weighted. In a
range-only method, the likelihood ratio based on the measurement
probability function is described as

Wi =

@1
Zcfv

Loy p( (zk-z(xz»Z)
Vot

in this case, the index n € {0, ...,
to N.

Whereas in the area-only method, the measurement probability
function is based on the distance that each particle has between each
other and the observer, where the particles that are inside the area
defined by the maximum range that an acoustic tag can be detected
will be more weighted than the particles that are outside of this area.
Moreover, if an acoustic tag detection is missed, the particles inside
the area will be less weighted than the particles that are outside. This
behavior can be represented using the cumulative distribution
function (CDF) (64) and its complementary survival function (SF)
[known also as Q-function (65)], which are given by

1 .
m '[ ( >dx ifzm = 1
1- 21 _ jexp( (x-p)

\27o;,

N} indicates the particle number up

(xe-p)

Wi = (22)

—)dx ifzm =0
ZGW

where r is the distance between each particle and the observer, p is
the maximum range that an acoustic tag can be detected, and o7, is
the variance, which is used to modify the slope of the function. In
addition, the resampling method used in PF has also an important
impact on its performance. As was pinpointed in (66), a Compound
resampling method can improve the target accuracy. The main idea
of the Compound method is to spread a certain number of particles
randomly. In this case, the random particles are spread around the
latest estimated target position, which helps to increase the particles
diversity and to emphasize the latest time that the tag was detected.

AOTT simulations

The idea of observability in target tracking using a single vehicle is
of primary importance (67-69), which is related to the local weak
observability properties for a specific nonlinear system. The observability
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problem is concerned with determining conditions under which a
knowledge of the input-output data uniquely determines the state
of the system (70), e.g., the optimal path that should be conducted
by the vehicle to maximize the accuracy of the estimated target po-
sition (71-73). These studies pinpointed two basic rules to follow:
(i) All measurements must be performed uniformly distributed on
a circumference centered over the target, and (ii) the circumfer-
ence’s radius must be greater than the target depth and, in some
cases, as large as possible. Using these two ideas, we conducted
different simulations to characterize the AOTT algorithm under
different parameters and scenarios, which were used to optimize
the algorithm’s parameters and tracker’s path. These simulations
had been carried out using the MC simulation method. For all the
simulations, the mean and the average result after 30 iterations are
presented. The other parameters, which are not involved in the cur-
rent simulation, had been considered ideal. Two different scenarios
had been developed for each case: (i) localizing a static target
and (ii) tracking a moving target with a velocity that is equal to
0.2 m/s. The weight’s distribution used in the area-only method was
computed using oy = 4.5 m for the SF and o = 9 m for the
CDF functions, which were detection and no-detection scenarios,
respectively.

A second set of simulations was carried out to observe the AOTT’s
performance using all the results derived from the previous section.
In this case, the target was moving at 0.2 m/s and performed a 90°
right turn after 67 min; the rest of the parameters were (i) tag trans-
mission delay = 60 s, (ii) maximum tag transmission range = 250 m,
(iii) tracker radius = 200 m, (iv) tracker velocity = 1 m/s, (v) number
of particles = 10,000, (vi) resampling method = Compound with ratio
1.5%, (vii) MPR = 300 m, and (viii) number of iterations = 50.

AOTT test

Experimental field testing was conducted on 27 to 28 June 2018 using
a Wave Glider (Liquid Robotics, USA) as a tracker and the MBART’s
CPF (74) as a target. The Wave Glider was equipped with a Vemco
receiver (VR2C-69 kHz, Vemco, Canada), and two Vemco acoustic
tags (V7P-69k, Vemco, Canada) were installed to the CPF. In addition,
the CPF was equipped with a Benthos acoustic modem (ATM-900,
Teledyne Marine — Benthos, USA) and the Wave Glider with a Benthos
DAT (direction acoustic transponder) modem (DAT, Teledyne
Marine-Benthos, USA), which is a type of USBL. This test lasted
more than 15 hours, where the CPF conducted three immersions at
~60-m depth. During the tests, the Wave Glider carried out differ-
ent circumferences around the area (manually piloted), which were
used in two purposes: (i) to perform an acoustic tag detection ratio
versus range test, finding the maximum range where the tags could
be detected, and (ii) to compare the accuracy of the USBL, the
range-only target tracking, and the AOTT methods.

SUPPLEMENTARY MATERIALS
robotics.sciencemag.org/cgi/content/full/5/48/eabc3701/DC1
Fig. S1. Algorithms’ performance versus receivers’ position.
Fig. S2. TDOA algorithms performance over the time.

Fig. S3. Reception ratio.

Fig. S4. Fieldwork methods evaluation at the OBSEA platform.
Table S1. Algorithms’ performance during the Norway lobster experiment.
Movie S1. Simulation of target tracking using TDOA.

Movie S2. Simulation of target tracking using AOTT.

Movie S3. Norway lobster movements.

Movie S4. Seabed images.
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