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Coral reefs are under threat worldwide. Yet, in these often-challenging marine habitats, biologists lack the tools to
quantify the spatial heterogeneity of mobile reef fauna at high resolution (<1 meter), hampering monitoring and
restoration efforts. Because of the diverse species present, multiple sensor modalities are needed to characterize
the biodiversity. The urgent need to expand this study across unexplored reefs worldwide compounds these chal-
lenges. To address these problems, we propose a generative model of reef observations and develop a multi-
modal framework for seeking and mapping hotspots of biodiversity. In a case study on a healthy Caribbean reef,
our autonomous underwater vehicle used passive acoustics and visual sensing to locate a biological hotspot
around a large Dendrogyra pillar coral. We used the colocated multimodal data to self-validate the hotspot’s prom-
inence, representing a technological step forward to help understand the ecological dynamics of coral reefs.

INTRODUCTION
Biodiversity is a key metric for quantifying the health of ecosystems
worldwide, measuring the absolute and relative abundance of differ-
ent species of organisms. However, this biodiversity is not uniformly
distributed but instead clusters into “hotspots” or regions with
notably higher density of diverse species (I, 2). Initially, this hotspot
model was used to describe whole ecosystems. However, more re-
cent work has shown that this heterogeneity exists in a fractal pat-
tern across all spatial scales in an ecosystem. Variability in factors
such as availability of food or shelter can create spatial heterogeneity
in the distribution of different species on the scale of kilometers (3)
or even meters (4, 5). Localizing these hotspots and assessing their
density and extent is a challenging task, because it requires direct
observations of many, vastly different species. Observing these dif-
ferent species necessitates an equally diverse array of sensors because
survival adaptations, such as camouflage or hiding behaviors, may
make some species all but invisible to any given sensing modality.
Here, we focus on the task of assessing biodiversity on coral reefs.
Despite covering less than 0.01% of Earth’s oceans (6, 7), an esti-
mated 25% of marine species spend some portion of their life cycle
on a coral reef (8). Because of factors such as rising ocean tempera-
tures, disease, overfishing, and coastal development, today’s reefs are
under threat globally (9-11). To maximize the effectiveness of con-
servation and restoration efforts and to better manage these resourc-
es under stress, there is a need to improve our ability to measure the
spatial, temporal, and ecological heterogeneity of coral reefs. Within
the boundary of a reef, hotspots exist at or below the meter scale (4, 5).
Traditional methods, such as diver-based surveys, are not designed
to resolve these features beyond the scale of an entire reef, limiting the
resolution of the data available to stakeholders and policy-makers.
In contrast, autonomous underwater vehicles (AUVs) can produce
maps of underwater benthic structure over larger areas with higher
spatial resolution, up to the centimeter scale (12-14), and their ability
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to be equipped with many different sensors makes them an ideal
choice for multimodal assessment of biodiversity. However, to date,
these autonomous surveys have focused on the static benthic por-
tion of coral reefs, ignoring or overlooking the dynamic fish and
mobile invertebrate fauna that make up a major portion of the rich
biodiversity of a coral reef.

The most commonly used method to study mobile species on
coral reefs, such as pelagic fish, is through systematic surveys con-
ducted by trained scientific scuba divers (15-18). These surveys
typically collect visual data, recorded using a handheld camera or
in situ counting of fish and coral. Analyses of these surveys average
results over multiple transects and are not designed to provide as-
sessments of spatial ecological heterogeneity. The scope of reef stud-
ies is limited by the high cost of training a scientific diver, the health
risks associated with frequent dives (19), and the difficulty of access-
ing often-remote reefs. Consequently, only a small fraction of the
world’s reefs are surveyed, and those surveys occur no more than once
or twice per year, covering only a small portion of the reef (20, 21).
In the past decade, another method for reef health assessment has
emerged using passive acoustic monitoring (PAM) equipment on reefs
to study the underwater soundscape (22-25) and sounds of animals.
Given that the true number of soniferous species is unknown, it is
believed that between 47% (26) and 71% (27) of fish species produce
sounds (28). These sounds include intentional calls, such as those
for territorial defense, attracting mates, and coordinating spawning
(29, 30), and incidental sounds, such as those during swimming,
feeding, or photosynthesizing (31-33). These sounds can be detect-
ed over long ranges. Damselfish (Dascyllus albisella) calls can be de-
tected at a range of 12 m with a signal-to-noise ratio of 5 to 10 dB
(34). In quieter environments, these ranges can extend to upward of
50 m (35, 36). In contrast, vision-based detection is limited to a few
meters because of the effects of absorption, attenuation, and scatter-
ing (37, 38). However, visual signals carry more information. For
example, visual detection of fish species is commonplace (39-41),
yet species identification remains out of reach for state-of-the-art
acoustic detectors (24, 42). Cryptic species, those that prefer to con-
ceal themselves in the rocks and coral structure of a reef (43), are hid-
den to visual sensors. Relying exclusively on passive acoustic sensing
will fail to detect organisms that do not vocalize (44) or otherwise
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produce sound. These factors provide a strong motivation for the
use of multiple, overlapping sensing modalities to more accurately
measure biological activity on coral reefs.

To address the scalability, cost, and risks involved with using div-
ers on coral reefs, different methods for deploying mobile sensors
on reefs have been investigated. Towed camera systems and remote-
ly operated vehicles (ROVs) have also been used for visual surveys
of reefs (45, 46). However, ROV require constant direct oversight,
which limits scalability, and ROV tethers bound the range of opera-
tion and bring a risk of entanglement and damage to the reef (47).
Towed camera systems can achieve faster coverage than an ROV or
a diver; however, image quality can suffer, particularly on reefs where
complex topography can heighten the principal challenges of towed
camera deployments: maintaining constant altitude, avoiding colli-
sion with the reef, and ensuring that the camera remains perpen-
dicular to the seafloor (48). AUV have perhaps the greatest potential
to be a scalable solution for studying dynamic organisms on coral
reefs. Operating an AUV requires much less training than scientific
diving while also mitigating risks to humans. Many coral reefs are
shallow, making them accessible to smaller AUV’ that are more af-
fordable for conservationists and scientists. Now, AUVs are most
often used to map static components of benthic substrates, includ-
ing coral (12-14) and seagrass (49), using visual and inertial sensors
to localize themselves (50, 51) and to make large and high-quality
maps of benthic substrates. Although these surveys may occasion-
ally observe mobile organisms (52), the study of these organisms is
not typically the focus. AUV have been used to study mobile organ-
isms; however, these methods have typically been developed for
midwater applications, using active acoustics (3), acoustic tags (53),
and visual tracking, without the clutter of the seafloor (54, 55) and
for larger organisms (56, 57).

Here, we make two primary contributions (Movie 1). The first of
these is an autonomy framework that consists of four hotspot dis-
covery behaviors linked by a generative model of multimodal spe-
cies observations on a coral reef as outlined in Fig. 1. This system
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addresses the needs of marine biologists for scalable tools capable
of studying the distribution of biological activity on reefs with
submeter-scale resolution across a wider variety of species than any
sensing modality alone. Where there is overlap between visually and
acoustically observable species, our system provides overlapping
multimodal measurements that can self-validate the existence of
hotspots, an important capability for exploring unknown reefs. The
second major contribution of this work is a case study demonstrat-
ing the different behaviors in a set of overlapping experiments locat-
ed on a healthy Caribbean reef. For this case study, we present data
from three visits to Joel's Shoal reef, a model reef with high biodiver-
sity in the US Virgin Islands (58, 59), between November 2022 and
March 2024. In these experiments, we used the four autonomous
hotspot discovery behaviors to assess biological activity on the reef.
We then show how the data from these missions can be used to make
inferences about the unobservable ecological processes of the reef
that drive hotspot formation. These experiments used our existing
AUV system, Curious Underwater Robot for Ecosystem Exploration
(CUREE) (60), whose unique combination of onboard computation
and modular design (Fig. 2) allows it to support the multimodal
adaptive missions presented here.

RESULTS

Hotspots of biological activity can be detected by estimating locations
with high animal abundance. Our approach used complementary
multimodal observations, specifically vision and passive acoustic sens-
ing. By using these two modalities in both open- and closed-loop
autonomous control, we developed four distinct hotspot discovery
behaviors: a visual fish census, acoustic hotspot mapping, acoustic
homing using biological signatures, and visual tracking of sentinel
species. These behaviors were lined by a generative model that de-
scribed how different types of observations of species distributions
on coral reefs related to the presence and/or absence of hotspots.
The behaviors could either be used in isolation or combined as
building blocks for multimodal missions
that allowed users to optimize around the
trade-offs between sensing modalities and
hotspot discovery strategies. To demon-
strate this capability, we performed a series
of experiments using our AUV, CUREE
(60) (Fig. 2). These experiments were lo-
cated at Joel's Shoal, an ecologically im-
portant reef on St. John (Fig. 3), between
November 2022 and March 2024. A list
of the individual AUV deployments that
made up these experiments is provided
in table S1.
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Movie 1. Overview of multimodal hotspot seeking and mapping behaviors. We show how two different sensing mo-
dalities, vision and passive acoustics, can be used in both an open-loop hotspot mapping behavior and a closed-loop
hotspot seeking behavior. Using these behaviors, we were able to repeatedly identify the region around a Dendrogyra
pillar coral as an active biological hotspot on a Caribbean coral reef.
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model, each location on the reef has a set
of underlying habitat characteristics, such
as the rugosity, the local soundscape, or
any number of other difficult-to-observe
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Fig. 1. Generative model for visual and acoustic observations of biological activity on a coral reef. The plate
notation model (97) consists of nodes (ovals) that represent features in the environment. Plates (rectangles) group
these nodes where there are multiple parallel instances, for example, multiple species on the reef or different appear-
ances or sounds of a single species. Nodes are linked by causal relationships (arrows). The problem of detecting
hotspots of biological activity can be formulated as estimating the locations that have the highest animal abundance.
Our four hotspot discovery behaviors are designed to leverage observable environmental features (blue) while avoid-
ing reliance on unobservable features (gray). Further study of datasets collected using these behaviors allows marine

biologists to make inferences about unobserved features.

Fig. 2. CUREE. (A) CUREE is a small, portable AUV designed for autonomous explo-
ration of shallow water ecosystems (60). (B) CUREE is easily deployed by a single
person from a small boat. (C) Its multimodal sensing includes four hydrophones
mounted on extended arms and forward- and downward-facing cameras to seek
out hotspots of biological activity on coral reefs.
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Sentinel Species

environmental processes (61). The cu-
mulative effect of these factors combined
with different species’ preferences for each
gives rise to a complex distribution of
biological hotspots, H, across locations,
X, on a reef, represented by the distribu-
tion P(H, X). However, this distribution
cannot be measured directly. Instead, our
AUV made a set of observations Z; ,,
where s is the species or subset of species
observable with a sensing modality m.
Thus, the distribution of hotspots can be
written as

P(H,X)x ). )P

meM se$

(H|H,) x P(H,|Z,,,) X P(Z,,,1X)

(1)

where S is the set of species present on
the reef and M is the set of sensing mo-
dalities available to the AUV. The first
term, P(H|Hj), contains the likelihood that
a hotspot of a given species indicates a
larger multispecies hotspot. The second
term, P(Hy|Z; ), represents the “direct-
ness” of the observations of a species with
a given sensing modality, equivalent to
the sensor model in a partially observ-
able Markov decision process (62). The
last term, P(Z; 4| X), is the set of observa-
tions collected by the robot during a mis-
sion. Although we present this model in
the context of studying coral reefs with an
AUV, it generalizes to any multimodal ex-
ploration and mapping of sparse and het-
erogeneously distributed phenomena.

On a reef, the contribution of a species
hotspot to overall biodiversity, P(H|Hy), is
typically unknown, and gathering data to
better understand it is one of the biologi-
cal objectives. In contrast, after a mission, the subset of the reef visited
by the robot, P(Z; | X), is fully known. Thus, behavior design and
sensor selection has the greatest effect on the scientific value of obser-
vations by shaping the directness distribution, P(H;|Z,,,).

Where the observation model is more direct, it is advantageous
to use it with exhaustive, open-loop behaviors, because each Z; ,,
provides more information about H;. However, this exhaustive map-
ping is typically not feasible to use to cover all x € X (although
the greater range offered by acoustic observations helps offset
this at the cost of directness), and so we also developed behaviors
that can leverage less direct information that can be used to “warm
start” the more direct mapping behaviors. Additionally, these be-
haviors can be used to find local maxima in the respective H; for
ecological assessments that do not require the full distributions.
Acoustically, this presents itself as a simple gradient-following
homing behavior. Visually, it leverages the knowledge and expe-
rience of an intermediary sentinel species to guide the AUV along
the same gradient.
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Fig. 3. Overview of the Joel’s Shoal experiment site. (A) Joel’s Shoal reef is located within the boundary of the Virgin Islands National Park near St. John in the US Virgin Islands
(USVI). (B) The reef lies between 6 and 12 m deep, ~350 m south of Cocoloba Point. (C) Orthomosaics reconstructed over the four experiments to Joel's Shoal paint a complete picture
of the reef and the sand flats that surround it. The reef consists of a rocky coral-covered region ~20 m by 30 m in size. The composite of individual orthomosaics was done manually.
Individual orthomosaics are in the Supplementary Materials as figs. S1 to S3. (D) Joel's Shoal is an ecologically diverse site, and it hosts a wide range of fish species and coral.

Visual fish census

The first experiment that we conducted at Joel's Shoal was a visual
fish census to produce a high-resolution map of the number of visi-
ble fish at each point on the reef. The census took a systematic ap-
proach to visual observation of a reef, collecting data similar to
those of a human diver survey. However, the AUV’s ability to localize
itself underwater provided much better position estimates for
systematically gridded data for high-resolution analysis. In our vi-
sual census, CUREE followed a back-and-forth lawnmower survey
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pattern (63) over a 15 m-by-20 m portion of Joel’s Shoal, and it used
downward- and forward-facing cameras to record fish and other or-
ganisms in the survey region for later analysis. In total, the survey
took 33 min 19 s to complete, with a path length of 210.1 m. Run-
time and distance information for all missions is collected for side-
by-side comparison in table S1 in the Supplementary Materials.
Although ecological ground truth for hotspot distributions was dif-
ficult to obtain in this real-world environment, we used the large
carbonate skeleton of a dead Dendrogyra cylindrus pillar coral on the
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northeast side of Joel’s Shoal as a prominent landmark for a hotspot.
On the basis of previous diver surveys, this coral skeleton was be-
lieved to be a likely hotspot of fish activity even after the coral polyps
had died out. The visual fish census provided the lowest-noise ob-
servations of hotspot density, P(Z;is|X), because the AUV directly
observed and localized visible organisms. However, the trade-off for
this precision was the relatively limited extent, X, of the survey, which
was limited by the field of view of the downward-facing camera.

We used an automated image processing pipeline to count the
number of fish observed at each point along the survey trajectory
(Fig. 4). The video showing the detection bounding boxes is includ-
ed in the Supplementary Materials as movie S1. On average, we de-
tected 1.86 fish per frame. However, these fish were not distributed
uniformly. Fish were detected in only 3630 of 10,026 (36.2%) of
frames, with 1597 (15.9%) containing multiple fish. When fish were
present, an average of 5.14 fish were in frame, with a maximum of 65
fish detected in a single frame. This spatial heterogeneity matched a
preliminary diver exploration of Joel's Shoal, which had identified
three potential hotspot locations: the large Dendrogyra pillar coral
pictured in Fig. 3 and two coral overhangs. These sites are shown
with yellow, orange, and red circles, respectively, in Fig. 4. As can be
seen in Fig. 4, the largest concentration of observed fish lies along
the northeast edge of the reef near the Dendrogyra pillar coral. A
second, less prominent hotspot was located ~5 m south of the first
one. Using our fish census data, we were able to show an increase of
24.7 times the average number of fish per frame observed within 2 m
of the Dendrogyra pillar coral and overhangs compared with the av-
erage across the rest of the survey. To validate these autonomously
collected data, we manually counted fish in uniformly spaced 30-s
intervals of diver survey videos taken during the same time span as
our autonomous experiments. Manual survey data are shown in full
in table S2. In the three frames where the Dendrogyra hotspot ap-
peared, we counted 284, 34, and 40 fish for an average of 119.33. In
frames where the Dendrogyra pillar coral did not appear, this aver-
age dropped to 12.67 fish (N = 36, 6 = 11.88), for an average in-
crease of 9.42 times.

A second postsurvey analysis of the visual data stitched the sur-
vey imagery into a three-dimensional (3D) orthomosaic of the reef
(Fig. 4), using Metashape photogrammetry software (64). Using this
mesh, we were able to quantify the rugosity of the reef (65), which
has been shown to have a strong correlation with increased fish
abundance and diversity in Caribbean reefs (66). In the survey area,
we found that rugosity varied between 1.00 (flat ground in the sand
flats on the eastern side of the reef) and 6.38 near the Dendrogyra
pillar coral. Using a linear regression, we found that high-rugosity
regions were correlated with the areas where the most fish were ob-
served [regression slope (B) = 5.587 and coeflicient of determina-
tion (R?) = 0.34].

Acoustic hotspot mapping

The second experiment was a survey that constructed an acoustic
map of fish density by triangulating fish calls using a directional hy-
drophone array. We conducted two of these passive acoustic surveys
at Joel's Shoal. The first was during the same grid survey in November
2022 when the visual fish census data were collected. The second
took place 8 months later in July 2023 and greatly expanded the sur-
vey area into a large cross-shaped survey with arms that extend 50 m
north, south, east, and west from the center of Joel’s Shoal reef. The
Dendrogyra grid survey consisted of 57 observations each lasting
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15 s and spaced every 2 m along the AUV’s trajectory. During each of
these observation windows, the AUV paused and drifted to avoid mask-
ing the reef soundscape with thruster noise. For the cross-survey, we
made 44 observations, and the spacing between them was increased
to 4.5 m. During the Dendrogyra grid survey, we detected 47 fish calls
with confidence >0.4, for a call rate of 3.30 calls per minute, where-
as the cross-survey had 66 detections and a call rate of 4.47 calls per
minute. Heatmaps (Fig. 5) show the number of intersections between
bearing vectors for detected fish calls over the reef. Given the time
between observations and relatively short observation windows, it is
highly unlikely that CUREE reobserved the same organism at mul-
tiple points during the survey. Even if it did, there would have been
enough time between observations for the fish to have moved. How-
ever, past studies using PAM data have shown that the typical period
of variability of fish on the reef is aligned with the daily cycle, with
the most rapid changes happening at dawn and dusk (23, 67). Given
that we conducted our surveys near midday, we believe that the dis-
tribution of fish was stationary during the period of the survey. The
acoustic surveys complemented the visual fish census data by directly
addressing its limited extent, as demonstrated by the much larger
cross-survey. However, this came at the cost of a noisier P(Z;ud|X)
because the AUV must infer organisms’ positions rather than directly
observe them.

As with the visual census shown in Fig. 4, the majority of the
acoustic activity in both acoustic surveys was found on the north-
east side of the reef, clustered around the high-rugosity areas near the
Dendrogyra pillar coral and the two overhangs. Despite the 8 months
between these two surveys, the position of this hotspot on the northeast
side of Joel’s Shoal remained consistent across the two acoustic sur-
veys and was consistent with the hotspot identified by the visual
census. However, the observed difference in the heatmap density
between portions of the reef within 2 m of the Dendrogyra pillar
coral and overhangs was substantially lower than in the visual cen-
sus, only 1.8 times higher density on the Dendrogyra survey and
2.67 times during the cross-survey.

Acoustic homing using biological signatures

Although the open-loop visual and acoustic hotspot mapping ex-
periments were successfully able to locate biological hotspots, they
required considerable prior knowledge about the probable hotspot
location to perform effectively. To discover hotspot environments
where this assumption does not hold, such as exploring an previ-
ously unidentified reef, we developed a closed-loop acoustic homing
behavior, which used CUREE’s directional hydrophone array to
guide the AUV to areas with substantial snapping shrimp activity
(5 to 20 kHz). Figure 6 shows the results of two different sets of
experiments conducted in March 2024 demonstrating this homing
behavior. The first used an underwater speaker playing a recording
of a healthy reef soundscape with shrimp snaps and fish vocaliza-
tions, which acted as a sound source with a known ground-truth
position. We performed seven homing tracks using the speaker,
during which the robot navigated toward the speaker from starting
positions between 10 and 80 m away from the speaker at a variety of
angles. CUREE was able to successfully navigate to the speaker each
time, with an average final positional error of 3.891 m (SE = 0.809 m).
During the longest track, the 80-m experiment shown in orange, a
motor boat crossed the bay, necessitating a pause while the boat
passed, which can be seen in the track 50 m away from the speaker
at the 600-s mark.

50f 15

920z ‘Gz ARe|Nl uo (noyzbuens)) ABojouyde | pue 8duB 1S Jo A1sieaiun Buoy BuoH ay] e Hi0:eousios mmmy/sdiy woly papeojumoq



SCIENCE ROBOTICS | RESEARCH ARTICLE

A Fish Count Map (conf. > 0.25) .
- 60
7.5 50
g 40
5040 30
20
25
£
_§ 0.0 - 10 3
‘@ <
& £
> —2.51
_50 -
_7.5 -
. T T . 1
-20 -15 -10 -5
X Position (m)
C YOLOV5 Overhead Fish Detection

fish 0.95

fish 0.64
fish 0.9fish 0.96
ish
9

TiSAI09Bs052 o 005

- fiShe0:96 fish 0.95 0.c+.
iy s

figwoy | MEmOSS

en 0.95
isn 20,096

fish 0.8
fish Uga fisn V.77

fish 0.64

fish 0.96fish 0.95

Tisn VN3 [R—_—

B Rugosity Map
7
75
6
5.0
25 5
E >
5 00 Z
2 48
0 >
€ 25 <
. 3
-5.0
2
-75
. T 1
-20 -15 -10 -5
X Position (m)
D 3D Mesh from Photogrammetry

Pillar Coral
(Dendrogyra cylindrus)

Rugosity

E Comparison of Rugosity and Fish Count along Survey Track
Near Overhang #2 Near Dendrogyra Near Overhang #1

60

50
3 40 |
€
>
o
Y 30 4
G

20

L l
10 1 | \
N . » : I by |
0 25 50 75 100 125 150 175 200

Distance along Survey (m)

Fig. 4. Visual fish census of Joel’s Shoal. (A) Map of visually detected fish during a lawnmower survey of Joel’s Shoal and (B) map of rugosity of benthic substrate.
(€) Individual fish were detected and counted using YOLOVS5 (83). (D) High-rugosity areas included the D. cylindrus pillar coral and two overhangs highlighted with yellow,
orange, and red circles, respectively. (E) Within 2 m of these high-rugosity features, the average number of fish per frame was 13.56, whereas the average across the rest

of the reef was 0.55 fish per frame.

The second experiment was performed at Joel’s Shoal using the
natural soundscape of the reef as the acoustic source. For these ex-
periments, we deployed the robot to the northeast of the reef,
between 20 and 25 m from the reef, in a flat, sandy region. In both of
the homing tracks, shown in Fig. 6, the emergent behavior can be
seen as both trajectories converged on the large Dendrogyra pillar

McCammon et al., Sci. Robot. 11, eadx9939 (2026) 13 May 2026

coral located on the northeast side of Joel's Shoal. Each trajectory
passed close to the Dendrogyra pillar coral, with the closest point for
the first trajectory 0.416 m away and the second 0.381 m. Once on
the reef, the trajectories then took similar paths toward the reef cen-
ter, where another, albeit much smaller, Dendrogyra colony was lo-
cated. The first homing mission ran for 9 min 46 s, taking only 1 min
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Fig. 5. Acoustic activity heatmaps for two surveys at Joel’s Shoal. Heatmaps show the number of intersections of fish call detections (confidence >0.4) plotted at 2-m

resolution. (A) A small-scale dense survey (Dendrogyra grid) and (B) a large-scale
hotspot near the Dendrogyra pillar coral on Joel’s Shoal. Additional secondary hots

sparse survey (Joel’s Shoal cross-survey). Both missions identified a primary acoustic
pots near the center of the reef were also found in both surveys. The same Dendrogyra

pillar coral and overhang locations from Fig. 3 are highlighted in the survey heatmaps. Heatmaps were produced by (C) detecting fish calls using a YOLO-based fish call
detector (24), (D) computing TDOA using maximum cross-entropy, and (E) counting intersections between resultant bearing vectors.

32 s to arrive on the reef. The second mission started farther away
and lasted 12 min 4 s, of which the first 3 min 46 s was the robot
homing to the reef. Acoustic homing had the greatest hotspot dis-
covery extent, X, of all four behaviors presented because it was not
limited by a predefined survey area while also leveraging long-range
acoustic sensing. However, its directness suffered even more than
the acoustic survey, given that localizing an acoustic source while
moving directly toward it requires arriving at the source location.

Visual tracking of sentinel species

Using vision-based gradient-following for hotspot discovery is chal-
lenging underwater because of the relatively low visibility compared
with that in air (68). Instead, our fourth behavior addressed this
range limitation by visually tracking an intermediary organism. We
chose to use a sentinel species for this because these species are typ-
ically highly mobile, are visually distinct, and play critical ecological
roles. For example, as a predator moves through its environment, it
will bias its motion toward hotspots as it searches for patchily dis-
tributed resources. Over a sufficiently long duration, it will return re-
peatedly to hotspots where there is a high probability of finding prey
(69, 70), revealing their location.
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In our experiment, we manually located a barracuda (Sphyraena
barracuda), an apex predator on coral reefs. Using a semisupervised
visual tracker, CUREE followed the barracuda for 9 min 55 s, over
which time the AUV and barracuda moved a distance of 296 m over
Joel’s Shoal and surrounding regions. The barracuda was initially
located near the Dendrogyra hotspot (Fig. 3). The path of the AUV
is shown in Fig. 7. The full tracking sequence is included in the Sup-
plementary Materials as movie S2. During the tracking mission, the
AUV’s behavior was predominantly autonomous, using visual ser-
voing to keep the fish centered in the AUV’s view. After the initial
manual lock-on, the tracker required human intervention on seven
occasions, either because the barracuda swam out of frame (a phys-
ical failure of the vehicle) or because the tracker had locked onto the
wrong object (a failure of the tracking software). In total, these man-
ual interventions accounted for 56 s of the track, with the remaining
8 min 59 s being fully autonomous.

Examining the trajectory of CUREE and the barracuda, we saw
that the pair initially moved west, across Joel’s Shoal, before going
south then southeast, away from Joel’s Shoal across a rocky region,
and then along the edge of another previously unexplored reef. The
barracuda then crossed a sandy region, heading west back toward
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Fig. 6. Demonstration of passive acoustic homing with prerecorded reef sound playback and live reef sound at Joel’s Shoal. (A) Trajectories from the recorded reef
sound playback experiment show that CUREE was able to seek out the sound source at ranges of more than 80 m. (B) In the natural soundscape experiment at Joel’s Shoal,
CUREE’s behavior was again consistent across both trajectories. Starting from two different points over sand to the northeast of the reef, CUREE homed in on acoustic
signatures produced by biological activity near the Dendrogyra pillar coral and then proceeded southwest toward another acoustic hotspot. Approach distances to these

hotspot locations are shown in (C) and (D), respectively.

Joel's Shoal and the Dendrogyra pillar coral. During the period when
the barracuda was tracked, there were two points that the barracuda
revisited. The first of these spots was the Dendrogyra hotspot identi-
fied in all of our previous experiments. The second was a spot roughly
50 m southeast of Joel's Shoal over a large sandy patch, where the bar-
racuda revisited a point where it interacted with and scared off a large
reef snapper. Although visual tracking offered the ability to discover
unknown hotspots using purely short-ranged visual observations, it
had relatively low directness, given that it relied on an assumption of
ergodicity of the tracked organism relative to the hotspots.

DISCUSSION
The key result from our experiments was that each of the four hotspot
discovery behaviors successfully and independently identified the
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northeast side of Joel’s Shoal around the Dendrogyra pillar coral as
the most biologically active portion of the reef. Furthermore, this
hotspot was persistent across the experiments that spanned 15 months,
pointing to this region as being consistently important as a home for
a major portion of the biological activity of Joel's Shoal. The four
hotspot discovery behaviors can be categorized by their type, either
open-loop mapping or closed loop seeking, or by their sensing mo-
dality, either visual or acoustic. Each type and modality has advan-
tages and disadvantages for discovering biological hotspots, which we
discuss in more detail.

Multimodal sensing

Our experiments highlight the complementary nature of acoustic
and visual sensing for discovering biological hotspots. During the
Dendrogyra survey, the difference in the sharpness of the hotspot
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Fig. 7. Closed-loop visual tracking of a barracuda near Joel’s Shoal. (A) The barracuda was first spotted near the Joel’s Shoal Dendrogyra hotspot. The semisupervised
tracker enabled the AUV to keep the fish in frame despite substantial appearance changes shown in profile view (B) or seen from behind (C) and (D). In these frames, the
target of the tracker is shown in orange. (E) During the visual tracking experiment, CUREE followed a barracuda over a path length of 296 m as the fish traveled between

two different reefs.

between the visual and acoustic maps highlights the difference in
their respective directness. In the visual data, there is a sharp bound-
ary of the hotspots with an increase of 24.7 times the number of fish
observed within 2 m of the Dendrogyra pillar coral and overhangs
compared with the average across the rest of the survey. In contrast,
acoustic hotspot mapping produced much less prominent hotspots,
only a 1.8-times increase. However, the trade-off for this loss of spec-
ificity is that, acoustically, we were able to replicate this result over
much longer ranges, with the same hotspot being identified in the
smaller Dendrogyra grid survey and the much larger Joel’s Shoal cross-
survey (Fig. 3). In the cross-survey, CUREE was able to detect fish
calls located at this hotspot at ranges up to 25 m away. This distance
is well beyond the range where the reef, let alone the fish on it, is
visible to CUREE. Not only are these detection ranges aligned with
existing literature (34, 45), but they are also consistent between the
acoustic mapping and acoustic homing experiments. In the demon-
stration of the homing behavior, the soundscape of Joel’s Shoal was
detected at ranges of up to 15 m from the reef.

Comparing the behavior of the active homing and tracking be-
haviors, the difference in directness follows from the selection of the
respective choices of indicator species (Fig. 1): snapping shrimp for
homing and the barracuda for tracking. The less-mobile snapping
shrimp provide a more consistent signal toward the hotspot but offer
less opportunity for discovery of multiple hotspots. These experiments
also highlight another difference. During the visual track, because
of the limited field of view of the camera, occasionally, the barracuda
slipped out of frame, requiring a manual recovery to bring the bar-
racuda back in frame. In contrast, acoustic homing uses an omnidi-
rectional sensor, making it easier to reacquire the true biological signal
and continue homing after the signal is temporarily masked, such as
by the passing boat in Fig. 6.

By combining the two sensing modalities into a single mission,
such as overlapping fish census and acoustic surveys, the limited-area
visual data can be used to clarify the mapping between acoustic activity
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and abundance. This mapping can be used to predict species abun-
dances across the regions of the map where only acoustic data are
available. We used linear interpolation to compare gridded data
(fish calls and rugosity) and point data (fish counts). Comparing the
data collected in visual and acoustic surveys, we found a positive
correlation between the number of visually observed fish and rugosity
with f = 4.352 and R* = 0.247. We also found near-negligible cor-
relations between rugosity and fish calls (B = 0.457 and R* = 0.048)
and number of visually and acoustically observed fish (f = 0.037 and
R* = 0.024). However, this dataset is dominated by frames with no
visible fish or low numbers of fish (Fig. 4; 2993 of 10,026 total frames
contained one or more fish, and only 973 frames contained three or
more fish). This imbalance in the data makes it difficult for regres-
sion to pull out trends that only become apparent in the relatively
rare hotspots where many fish are present. To account for this, we
repeated the regression using only frames where at least one fish ap-
peared. This resulted in a strengthening of the correlation between
all three variables. Between rugosity and visual detections, we found
B = 6.587 and R* = 0.401; between rugosity and fish calls, p = 0.491
and R* =0.101; and between visual and acoustic detections, p = 0.047
and R” = 0.099. These regression data and additional filter values are
shown in the Supplementary Materials (figs. S4 to S6). However, even
filtering for only areas where fish are present does not fully explain
the covariance between these variables. Other notable sources of vari-
ability may be the previously discussed difference in precision between
the visual and acoustic modalities, visual observations of nonvocal-
izing fish species, or preferences by fish among high-rugosity regions.
Other variables such as food availability can affect habitat preference
and thus the formation of hotspots between areas of similar rugosity.

Open- and closed-loop control

Although all four hotspot discovery behaviors identified the north-
east region of Joel’s Shoal as a biological hotspot, they did so in dif-
ferent ways that affect the resultant distribution of observations,
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P(Z, X). The open-loop surveys were unguided, and, therefore, the
expected time to locate an unknown point in space scales with the
area (N?) covered. In contrast, the guided search of the closed-loop
methods scales with distance to the unknown point (N). This differ-
ent scaling bears out in the mission times, where the grid survey and
cross-survey at Joel’s Shoal took 33 min 19 s and 44 min 55 s, respec-
tively. In contrast, the two homing missions took nearly one-third of
the time, only 12 min 5 s and 9 min 47 s, finding the Dendrogyra pillar
coral in 7 min 0 s and 5 min 2 s, respectively. Although the barracuda
track began at the Dendrogyra pillar coral, the barracuda quickly
returned to the area, taking only 9 min 55 s to do so. The trade-off
for this speed is completeness (15-18). Although the closed-loop
missions found the hotspot more quickly and were equally capable
at measuring the difference between the hotspot activity and sur-
rounding baseline, they provided less context of the area around the
hotspot and, therefore, were worse for mapping the spatial extent of
the hotspot. Additionally, the systematic nature of the closed-loop
behaviors had benefits for localization, providing loop closures to
constrain visual localization and mapping algorithms (13, 71) or to
ensure overlapping features for 3D reconstruction (72).

In addition to a trade-off between speed and completeness when
comparing open- versus closed-loop strategies, there are also inter-
esting trade-offs when considering which sensing modality is used.
The speedup in hotspot search is partially mitigated by the longer
range offered using passive acoustics in a closed-loop behavior be-
cause triangulation for direct localization of the hotspot can be done
with as few as two observations. However, acoustic localization ac-
curacy is a function of the angular estimation error, which is loca-
tion independent, and the ratio of the length of the triangulation
baseline orthogonal to the (unknown) distance to the source. Dense
coverage provides varied viewpoints, increasing both the length of
the baseline and variability in the angle to the sound source. For both
visual and acoustic sensing, repeated coverage of the same area in a
single survey increases map accuracy. During visual mapping, mul-
tiple passes mitigate the multiple-detection problem that can arise
when the robot sees the same fish or group of fish in multiple suc-
cessive frames, whereas repeat visits with a passive acoustic sensor
increase listening time and therefore the likelihood of observing a
stochastic fish call.

For use in a multiyear data collection campaign, systematic map-
ping surveys offer replicability and direct comparisons of the same
geographic region over time. Intuitively, because of their dense cov-
erage of a predefined region of interest, both visual and acoustic map-
ping behaviors are particularly effective when there is a strong prior
on the location of a hotspot and the objective is to quantify its mag-
nitude and extent. In contrast, the two seeking behaviors, acoustic
homing and visual tracking, provide more information when there
is no such strong prior. Although we largely demonstrated each be-
havior in isolation, they can be combined as building blocks, en-
abling more complex and scientifically useful behaviors. By closing
the control loop and leveraging data from the environment in real
time, seeking behaviors allow an AUV to quickly converge on hotspot
locations, collecting data that could be used to inform the placement
of systematic grids for future mapping missions (73, 74). This would
allow the AUV to first seek out a hotspot over long ranges and, then,
once found, precisely quantify each hotspots’ size and biodiversity.
The ultimate goal for our system is to become a scalable platform for
assessing biodiversity across all types of ecosystems that can be placed
in the hands of users around the globe.
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Integration with ecological studies

Our system expands both the scale and scope of researchers’ ability
to study the distribution of biological hotspots on coral reefs. This
represents a step forward in the ecological study of coral reefs, al-
lowing biologists to pinpoint biological activity more quickly and
with far higher spatial resolution than is now possible. Critically, our
system can be integrated into existing experimental methodologies,
using open-loop mapping behaviors to replicate pelagic diver sur-
veys (59) and benthic photoquadrats (75). However, the principal
contribution of our system lies in the AUV’s ability to find and re-
solve hotspots within the boundaries of a reef. Traditional manual
surveys of reefs are designed to assess the reef as a whole, averaging
observations across a survey track (and multiple survey tracks) (58,
76, 77). Although this supports comparisons between reefs, it over-
looks the hotspots and heterogeneity that occur within a reef but
that are emerging as key components of ecosystem function and re-
silience (58, 78, 79). The 2D maps produced by our open-loop be-
haviors (Figs. 3 and 5) provide a more reliable and replicable way to
study hotspot distributions on reefs than landmark-based annota-
tion of diver video, such as in the manual comparison in the visual
mapping experiment. Using these maps, we were able to directly
quantify the importance of an area long suspected of being a hotspot.
As stakeholders seek to prioritize areas of protection and how best
to restore reefs, these quantitative assessments are vital.

Multimodal sensing also expands the scope of organisms that can
be mapped using open and closed-loop behaviors. Some organisms
that play an important role on the reef, such as urchins (Diadema
antillarum), snapping shrimp (genera Alpheus and Synalpheus), and
spiny lobsters (Panulirus argus), are cryptic and thus are difficult to
observe visually. However, they are soniferous and thus available for
acoustic detection and quantification. As demonstrated in acoustic
homing, snapping shrimp provided a key resource for the AUV hom-
ing behavior. Similarly, simultaneous audio and visual hotspot map-
ping expands the scope of organisms that can be mapped to include
soniferous cryptic organisms, allowing them to be included in larger-
scale studies of reef health. Last, the simultaneous audio and visual
observations directly address a long-standing limitation of PAM stud-
ies of coral reefs, namely, the inability of PAM sensing to effectively
distinguish between different species. By collecting colocated audio
and visual observations, we can begin to build datasets correlating
the two sensing modalities, bridging this knowledge gap.

Through the inclusion of closed-loop behaviors and multimodal
sensing, our system goes beyond what standard diver-based meth-
ods are capable of, enabling more targeted and higher-resolution
studies of coral reef ecology. Acoustic homing enables active seeking
of biological hotspots, which will facilitate the discovery of new ac-
tive sites on unexplored coral reefs. Similarly, following individual
organisms with visual tracking will allow scientists to obtain valu-
able information about the linkages among hotspots, animal behav-
iors, and habitats. The ability to quickly find and study new sites is
particularly important in the face of myriad disturbances to coral reef
ecosystems from natural and anthropogenic threats that can cause
sweeping changes to coral reefs (80). Efficient and rapid discovery of
now active sites can enable more targeted study and protection of
more resilient portions of the reef. While tracking the barracuda, we
found that it ventured into areas that were not previously considered
to be part of the same reef system. Most surveys in the area, or simi-
lar studies, tend to focus surveys on the reef, where researchers and
managers expect the highest concentration of life and tend to prioritize
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management or studies. Last, long-term observations of a single or-
ganism provide opportunities to observe animal-animal interactions,
such as the barracuda’s territorial interaction with a large snapper. In
doing so, we gain important data about the territorial interactions
between these two predator species.

MATERIALS AND METHODS

Curious Underwater Robot for Ecosystem Exploration

The experiments shown here were conducted using CUREE (60),
shown in Fig. 2. CUREE is a small single-person deployable AUV
with six thrusters, enabling full six-degree-of-freedom motion un-
derwater. For navigation, CUREE has a Water Linked A50 Doppler
velocity logger (DVL) that measures speed over bottom and distance
from the seafloor. It also has either a VectorNav VN-100 or ICM-
20602 inertial measurement unit to measure orientation and accel-
eration, and it can be equipped with an Evologics S2C R 18/34 ultrashort
baseline (USBL) system for absolute positioning underwater and trans-
mitting basic commands and telemetry. CUREE used onboard bat-
teries that provided 1.5 hours of operational duration. It carried all
of the computation required for autonomous operations onboard,
meaning that it could operate in either a tetherless or tethered con-
figuration. While tethered, CUREE could be remotely controlled from
a surface station, which also displayed real-time sensor data, includ-
ing vehicle telemetry and high-resolution video. Although all of the
experiments presented here except the Joel's Shoal cross-survey (Fig. 5)
were conducted in the tethered configuration, all real-time data
processing and control were performed on board CUREE. Across
all experiments, CUREE operated at a nominal altitude of 2 m off
the seafloor.

Visual sensing

CUREE’s camera system is modular, but the typical configuration
for our experiments consisted of two stereo camera pairs, one
downward-facing and one forward-facing, each using Luxonis OAK-
FFC-3P series boards combined with Arducam UC-517 Autofocus
IMX477 modules and lenses with 110° fields of view. The angle of
the forward-facing pair is configurable and can be varied between
facing forward (90°) and facing downward at 60° or 45°. Modifying
this camera configuration was done by swapping out the AUV’s for-
ward “head” housing (shown in Fig. 2), enabling CUREE to be quickly
reconfigured for different mapping or tracking missions (60). Real-
time data processing for the camera systems was also contained
within the head, with an Nvidia Jetson Orin NX using a Connect-
Tech carrier board. The frame rate and resolution of these cameras
were software configurable. The forward camera pair ran at 720p with
15 frames per second (fps) for fast closed-loop control for tracking
and teleoperation (when tethered), and the downward pair was
set to 1080p at 6 fps for high-resolution benthic mapping and 3D
reconstruction.

Acoustic sensing

CUREE’s passive acoustic sensors consisted of four calibrated HTI
96-MIN hydrophones with a sensitivity of —206 dB re: 1 V/pPa ar-
ranged in a planar array with a maximum aperture size of 0.88 m.
Hydrophone data were gathered using an AcBotics AcSense DAQ
with a 48-kHz sampling rate, which allowed CUREE to resolve sounds
of up to 24 kHz. In the experiments shown here, we targeted the
“fish band” (50 Hz to 2 kHz) and the “shrimp band” (4 to 20 kHz).
We assumed that the overwhelming majority of acoustic sources
were in the far field, far enough away from the robot that a wave
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propagating across the array will appear planar (81). The natural
soundscape of the reef was 100.75 dB re: 1 pPa® Hz ™', and individu-
al fish calls had a signal-to-noise ratio of 1.53 (1.84 dB) over the
noise floor (24, 58). To avoid masking these sounds with the AUV’s
much louder thrusters, we adopted a listen-then-move strategy. When
listening, CUREE would come to a stop then turn off its thrusters for
a predefined amount of time. During the open-loop acoustic surveys,
this was a 15-s window; however, during acoustic homing, this win-
dow duration was reduced to 3 s. When its thrusters were off, CUREE
was not stationary. Because it was ballasted to be slightly positively
buoyant, CUREE would slowly drift toward the surface when it was
not actively maintaining depth. Additionally, CUREE was often sub-
ject to wave action and currents. For each recording, the first 1 s of
data (0.5 s for homing) was discarded to ensure that no extraneous
thruster spool-down noise would contaminate the reef soundscape
recording. One other potential source of acoustic interference was
the active acoustics, such as the DVL and USBL that CUREE used for
state estimation. During the acoustic missions, the 23-kHz USBL,
which would have interfered with biological signals, was not used, and
we did not observe any acoustic leakage from the 1-MHz DVL into
either the fish band or shrimp band.

Visual data processing

To count fish during the visual fish census, we used a semiautomat-
ed pipeline built around a YOLOV5 detector model (82, 83). Our
fish census imagery contained overhead views of fish and therefore
was visually distinct from typical datasets of fish, which tend to fo-
cus on side profile views of fish or even fish out of water, such as in
images of anglers holding fish. To account for this, we first trained
the detector on a general corpus of annotated fish imagery from
publicly available datasets: OzFish (84), FathomNet (only the Gna-
thostomata class) (85), FishTrack22 (86), Puget Sound Nearshore
Fish (87), Labeled Fishes in the Wild (88), and DeepFish (segmenta-
tion only) (89). We followed this by fine-tuning the detector using
manually annotated fish detections from 312 labeled frames out of a
total of 13,236 recorded (2.3%) spaced evenly across our survey of
Joel’s Shoal. Last, we used this model to estimate fish counts on the
remaining unlabeled images from the fish survey using a confidence
threshold of 0.25. Where counts were available from hand-labeled
data, those were used instead.

We computed rugosity, the ratio between actual surface area of
an object and the portion of the 2D plane the object covers (65, 90),
using Metashape v2.1.2 (64) photogrammetry to produce 3D recon-
structions of the reef and seafloor. Scale information was derived
from CUREE’s inertial odometry and AprilTags of known size in
the resultant reconstructions, some of which can be seen in Fig. 4.
Using the photogrammetry reconstruction, rugosity was computed
at a 0.25-m” resolution.

For the visual tracking experiments, we used semisupervised track-
ing following the methodology outlined in (91), with KeepTrackFast
(92) running onboard CUREE. This method used pretrained deep
neural networks that compared reference images with patches in sub-
sequent frames, localizing each subsequent patch most similar to the
reference. In this way, only a single manually provided reference im-
age was needed to provide robust tracking without the need for a
comprehensive labeled dataset. This tracker was then integrated into
the control stack of the vehicle in a simple visual-servoing scheme,
where the tracked bounding box was maintained in the center of the
vehicle’s view. For the tracking mission, the vehicle was tethered,
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allowing the operator to provide the initial bounding box using a
graphical interface on the AUV’s control station laptop and to intervene
manually if the tracker lost its target. The tracker used the forward-
facing cameras with an altitude safety threshold of 2 m.

Acoustic data processing

To map biological hotspots acoustically, we began by computing spec-
trograms from the recorded signals, and, then, using a YOLO-based
fish call detector (24), we separated fish calls from the background
soundscape. We retained each fish call with a predicted confidence
threshold >0.4. For each call identified this way, we isolated it with
a fourth-order Butterworth band-pass filter set by the upper and
lower frequency bounds of the detected call. This filtered signal be-
came the reference signal. Applying the same filter to each other chan-
nel, we computed the delay that maximized the cross-correlation
with the reference signal. The final preprocessing step was to discard
any bearings where the measured delays were physically implausi-
ble, for example, when a signal appeared to arrive at two opposite
corners of the array in sequence before arriving at any other array
elements. Assuming a known sound velocity ¢ and distance between

receivers, AD, the resultant delays can be used to compute the source
angle 6 with 6 = AD x w. With a planar array, CUREE could

not disambiguate between sound sources arriving from above and
below the robot. Given that most fish and invertebrate activity was
observed near the reef bottom, we could reasonably assume the
sounds came from below. However, this assumption was not neces-
sary; because both mapping and homing behaviors were performed
in 2D, we simply projected the resultant angles back into a 2D repre-
sentation, flattening the Z axis and sidestepping the need to resolve
this ambiguity entirely. The heatmaps shown in Fig. 5 are histograms
showing the density of intersections between the rays for each de-
tected fish call at each observation location, with bearing deter-
mined using time difference of arrival (TDOA) (81).

The relative infrequency of fish calls would have made them an
unreliable signal for the short listening durations of the homing be-
havior. Instead, we used the more continuous noise of shrimp snap-
ping (5 to 20 kHz) as the guide signal. However, the continuous
signal prevented the use of TDOA to determine bearing. Thus, in-
stead we used a real-time Bartlett beamformer (93), which subdi-
vided the continuous acoustic signal into short windows, and used
match filtering to determine a steering vector a = (6, ¢) where 6 and
¢ are azimuth and elevation angles, respectively. The beamformer
found an a that maximized a’ x R X a, where H is the Hermitian
operator and R is the covariance of time-averaged power of the sig-
nal (81). Given that snapping shrimp produce short, impulsive sig-
nals, we chose 0.1 s as the window size for the real-time beamformer
(93). One issue that we encountered was that our array’s aperture
(0.88 m) was optimized for a narrowband frequency of 660 Hz and,
because of signal aliasing, would create large side lobes at other fre-
quencies. To address this, rather than using a single narrowband
beamformer, we used a broadband beamformer created by averag-
ing the output of 256 beamformers at uniformly spaced frequencies
across the shrimp band. This averaging sufficiently damped the side
lobes in the array response, obtaining a single narrow main lobe. We
fitted a von Mises mixture to the distribution of bearings produced
by the beamformer, and, then, we selected the mean of the highest-
weighted component as the target bearing. During homing, CUREE
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would move 3 m along the target bearing, before it would come to a
stop and repeat the process. The synthetic sound source experiment
was conducted with the speaker placed on seafloor at a depth of 3 m
in Great Lameshur Bay (latitude 18.318194, longitude —64.723612).
The conditions in the bay during the experiment were calm (Beaufort
sea state 1), and it was located far away from known reefs. Previous
experimentation in Great Lameshur Bay found the ambient noise
level substantially quieter than Joel’s Shoal at 94.4 dB, making it an
ideal location to test acoustic propagation in a natural environment
(94). During the homing experiments, CUREE was manually driven
to a point away from the source, and, then, the homing behavior was
enabled. On Joel’s Shoal, we set a maximum duration of 10 min. In
Lameshur Bay, we terminated each homing experiment when the
speaker came into view of the robot’s cameras.

Statistical analysis of multimodal data

To identify correlations across different observation types (visual
fish counts, acoustic maps, and rugosity), we used linear regression
to fit p and R* to the data. Given that the acoustic heatmaps and ru-
gosity data were gridded but the visual fish counts were not, we used
linear interpolation from the gridded data to compute an estimate at
the nongridded points, which was then used in linear regression.
Both the linear interpolation and linear regression were implement-
ed using the SciPy library in Python.

Site selection and context
Discovered in 2016, Joel's Shoal is a healthy coral reef located ~300 m
southeast of Cocoloba Cay and 350 m south of Cocoloba Point
on the southern coast of St. John (latitude 18.313309, longitude
—64.757340), in the US Virgin Islands, and protected within the bound-
ary of the Virgin Islands National Park. The reef consists of a rocky
coral-covered region ~20 m by 30 m in size, surrounded by sandy
flats with sparse seagrass and rubbly, sparse coral areas (Fig. 3). The
reef’s offshore location also helps to acoustically isolate it, mitigating
the effects of other sound sources, such as waves breaking on the shore.
Given that its location is generally leeward from the prevailing trade
winds, conditions around Joel’s Shoal are relatively mild (Beaufort
scale <3). In these mild conditions, the effects of wind are not cor-
related with sound pressure levels (58).

Joel’s Shoal is one of the best examples of a biologically active reef
in the region, with high coral cover (4.8% hard coral cover and 25.1%
soft coral cover) and low prevalence of macroalgae (59), allowing it
to play host to a large number of fish and invertebrates (23, 76), with
a particularly large abundance of grunts and damselfish, both of which
are taxa known for their acoustic activity (95, 96). Joel’s Shoal is part
of a long-term reef assessment in the area and thus has been regu-
larly characterized by standard diver surveys since 2016 (59) and has
been the site of extensive PAM experiments (24, 76).
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