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Standardized methods for effectively and rapidly monitoring changes in the biodiversity
of marine ecosystems are critical to assess status and trends in ways that are
comparable between locations and over time. In intertidal and subtidal habitats,
estimates of fractional cover and abundance of organisms are typically obtained
with traditional quadrat-based methods, and collection of photoquadrat imagery is
a standard practice. However, visual analysis of quadrats, either in the field or from
photographs, can be very time-consuming. Cutting-edge machine learning tools are
now being used to annotate species records from photoquadrat imagery automatically,
significantly reducing processing time of image collections. However, it is not always
clear whether information is lost, and if so to what degree, using automated approaches.
In this study, we compared results from visual quadrats versus automated photoquadrat
assessments of macroalgae and sessile organisms on rocky shores across the American
continent, from Patagonia (Argentina), Galapagos Islands (Ecuador), Gorgona Island
(Colombian Pacific), and the northeast coast of the United States (Gulf of Maine)
using the automated software CoralNet. Photoquadrat imagery was collected at the
same time as visual surveys following a protocol implemented across the Americas
by the Marine Biodiversity Observation Network (MBON) Pole to Pole of the Americas
program. Our results show that photoquadrat machine learning annotations can
estimate percent cover levels of intertidal benthic cover categories and functional groups
(algae, bare substrate, and invertebrate cover) nearly identical to those from visual
quadrat analysis. We found no statistical differences of cover estimations of dominant
groups in photoquadrat images annotated by humans and those processed in CoralNet
(binomial generalized linear mixed model or GLMM). Differences between these analyses
were not significant, resulting in a Bray-Curtis average distance of 0.13 (sd 0.11) for the
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full label set, and 0.12 (sd 0.14) for functional groups. This is the first time that CoralNet
automated annotation software has been used to monitor “Invertebrate Abundance
and Distribution” and “Macroalgal Canopy Cover and Composition” Essential Ocean
Variables (EQVs) in intertidal habitats. We recommend its use for rapid, continuous
surveys over expanded geographical scales and monitoring of intertidal areas globally.

Keywords: Americas, biodiversity monitoring, machine learning, marine biodiversity, Essential Ocean Variables
(EOVs), photoquadrats, rocky intertidal zone, CoralNet

INTRODUCTION

Sustained monitoring of the coastal zone is fundamental for the
assessment, management, and conservation of living resources
over scales ranging from local to global (Miloslavich et al., 2018;
Canonico et al., 2019). There still exist major observational gaps
across the world. Many protocols available for sampling of marine
biota may not be easily implemented, and are time consuming
and expensive, limiting their deployment (Titley et al., 2017;
Muller-Karger et al., 2018). This has led to a pervasive absence
of biodiversity surveys in much of the global coastal zones and
ocean, and especially in the global south where resources can be
especially limited (Barber et al., 2014).

Machine learning for automated analysis of photoquadrat
images can accelerate the flow of information from monitoring
programs to decision makers. This facilitates early detection
of changes in biological communities and rapid responses to
mitigate habitat degradation (Gonzilez-Rivero et al, 2020).
Over the past two decades, the availability of tools that
extract taxonomic information from digital imagery of benthic
communities has grown. Automated image annotations have
already been used successfully in machine learning applications
for rapid assessments of the health of coastal and marine
habitats, such as in coral reefs (Marcos et al., 2005; Stokes and
Deane, 2009; Shihavuddin et al., 2013; Beijbom et al., 2015;
Gonzalez-Rivero et al., 2016; Griffin et al., 2017; Williams et al.,
2019; Raphael et al, 2020). Point annotations are typically
performed using manual annotation software like pointCount99
(Porter et al., 2002), Coral Point Count with Excel Extensions
(Kohler and Gill, 2006), photoQuad (Trygonis and Sini, 2012),
or Biigle (Langenkiamper et al, 2017). These facilitate the
annotation process through graphical user interfaces and tools
for the export of occurrence observations in various digital
formats. The CoralNet software' is one of these tools, which
also serves as a collaborative research platform that allows
multiple users to interact and analyze large common data
sets simultaneously.

The use of images to identify benthic organisms and compare
analyses between different locations requires standardized
annotation, labels, and metadata. Categories for benthic
substrates and biota have been proposed by the Collaborative
and Automated Tools for Analysis of Marine Imagery (CATAMI;
Althaus et al.,, 2015). The CATAMI categories include several
of the biological and ecological Essential Ocean Variables
(EOVs; Miloslavich et al., 2018), and thus provide opportunities

Uhttps://coralnet.ucsd.edu/

for conducting standardized global assessment of benthic
ecosystems using common indicators with relevance to societal
needs. EOVs are being implemented by the Global Ocean
Observing System (GOOS; Intergovernmental Oceanographic
Commission of UNESCO), who define EOVs as . ..those
sustained measurements that are necessary to assess the state
and change of marine ecosystems, address scientific and societal
questions and needs, and positively impact society by providing
data that will help mitigate pressures on ecosystems at local,
regional and global scales.”

In this study, we specifically use machine learning to
quantify the “Invertebrate Abundance and Distribution”
and “Macroalgal Canopy Cover and Composition” EOVs
in the rocky intertidal zones of four countries in the
Americas participating in the Marine Biodiversity Observation
Network Pole to Pole of the Americas (MBON Pole to
Pole; Canonico et al, 2019). We evaluate the accuracy of
the automated analysis done with the CoralNet software to
quantify benthic cover of CATAMI categories. This leads
to several recommendations for the implementation of
image-based biodiversity surveys of macro-algal and sessile
macro-invertebrate coastal communities.

MATERIALS AND METHODS

Intertidal rocky shore localities in Argentina, Galapagos Islands,
Colombia, and the northeastern United States (Gulf of Maine)
were surveyed during 2018 and 2019. This was part of a large-
scale MBON Pole to Pole collaboration. Five localities were
sampled across these four countries (Table 1). At each locality,
three sites separated by 1-10 km from each other were selected
for sampling (Figure 1). At all sites, the rocky intertidal zone
was divided into three strata (low, mid, and high tide level),
based on the presence of indicator species in each stratum and
tidal height. Due to logistical challenges at the United States
sites, particularly of working in areas with very large tidal ranges,
only two strata were sampled at these sites. At each level, ten
0.5 m x 0.5 m quadrats with a regular 100-point grid (except
United States where quadrats were 0.25 m x 0.25 m) were laid
at random locations over the substrate in a stretch of rocky shore
that goes along the water for a distance of at least 50 m (ideally
100 m). The taxonomic identity and substrate below each grid
intersection were registered in situ. These observations were used
to quantify the fractional coverage of sessile fauna, macro-algae,
and bare substrate. In this study we call these observations visual
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TABLE 1 | Summary of sampling sites.

Argentina Ecuador Colombia United States
Investigator Gregorio Nicolas Edgardo Brian
Bigatti Moity Londorio- Helmuth
Cruz
Sampling year 2018 2019 2018 2018-2019
Locality Puerto Santa Cruz Gorgona Massachusetts
Madryn Island Maine
Sites Punta Charles LaMancora  Marblehead
Cuevas Darwin LaVentana  Pumphouse
Punta Este Foundation Playa Verde ~ Chamberlain
Punta Ratonera Grindstone
Loma Tortuga
Bay
Camera type Nikon Canon Canon G16 Nikon
AW130 S120 D5100
Image cover (m) 0.5 x 0.5 0.5 x 05 0.5 x 05 0.25 x 0.25
# Quadrats 90 90 90 92

quadrats (VQ). A detailed field protocol is available on the Ocean
Best Practices System’.

Photos of the same quadrats (photoquadrats - PQ) were taken
with a digital compact camera fixed to a rigid structure to ensure
a focal distance of 60 cm with respect to the substrate (Figure 1).
At each site, ten photoquadrats were collected per tidal level for
a cumulative total of 362 photoquadrats across all sampled sites.
All images were uploaded to CoralNet and are publicly available
on the CoralNet website at MBON_AR_CO_EC_US_Human’.
A 100-point regular grid was digitally overlaid on each PQ
and the identity of the item at each intersection was annotated
by the observer (PQhuman). The percent cover for each
photoquadrat was determined and the average percent cover
was computed per country and tidal level for each category.
The same sets of images were manually annotated by an
observer, focusing on an independent set of 100 points randomly
distributed on each image grid. This was done to train
CoralNet automated annotator using EfficientNet-b0 (Tan and
Le, 2019) as a feature extractor, and Multi-Layer Perceptron
for a classifier. Randomly annotated photoquadrats by human
observation, and automated annotation were stored in a different
public source in CoralNet*. Photoquadrats were uploaded as
an independent set of images to this CoralNet source for fully
automated points-annotations (PQ.robot). We aimed to extract
three types of percentage cover estimations from each quadrat
(VQ, PQ.human, and PQ.robot), with the exception of the
United States sites where VQ were not performed in the exact
same area as PQ.

Statistical Analyses

We used the confusion matrix provided by CoralNet to evaluate
the performance of the classifier. The accuracy metric is
calculated by training the robot with 7/8 of the provided
annotations (n = 31,853) and using the remaining data points

Zhttps://repository.oceanbestpractices.org/handle/11329/1143
3https://coralnet.ucsd.edu/source/2268/
“https://coralnet.ucsd.edu/source/2048/

as a test set (n = 4,347). Detailed accuracy for each of the
benthic categories was also calculated using the R package “Caret”
(Kuhn, 2009).

With the trained classifier, the percent cover estimates for
each benthic category were compared between robot and
human annotations, and robot versus visual annotations using
a generalized (binomial) linear mixed model (GLMM) to detect
effects of annotation methods (i.e., human vs. robot). As field
percent cover estimates do not record the exact coordinate where
the organism occurs below each intersect point in the gridded
quadrat, it was not possible to match point annotations produced
by the robot. Thus, we compared sets of taxa annotations
derived from human observations with those from the automated
annotations by the robot [i.e., PQ.robot vs. VQ, and PQ.robot vs.
PQ.human] using Bray-Curtis (BC) distance with a generalized
(binomial) nested model. BC distances were computed from
paired community matrices derived from each of the methods
for each of the quadrats. This metric is typically used to
quantify differences in community composition between samples
(beta diversity), and is adequate to these type of data (counts).
Therefore, the analysis will determine the effect of the factors
“stratum” and “country” on BC distances and allow to calculate
how different estimates of community composition (in terms of
percentage of similarity) are between methods. As photoquadrats
in the United States were not taken at the exact location as those
analyzed visually in the field, data from this country were not
included in the comparison with visual observations.

To avoid performance problems of automated annotations
due to a low set of training points, we used categories
that accumulate up to 95% of all the points present in
the quadrats (SC, MAE MOB, MAEN, and MAA) (see
Supplementary Table 1).

All statistical analyses and plots were performed in R (R Core
Team, 2020); the GLMM was modeled with Ime4 R package
version 1.1-23 (Bates et al., 2015).

Study Locations

Patagonia, Argentina

Biodiversity data were collected at three Atlantic Patagonia
sites: Punta Cuevas in the city of Puerto Madryn, Punta Este,
and the Marine Protected Area Punta Loma (Figure 1). The
three sites are located in Golfo Nuevo at ~42.5°S, 65°W. Sea
surface temperature ranges from 8 to 18°C at all sites. The
Patagonian rocky intertidal zone is often exposed to extreme
physical conditions, with air temperature variations of up to
~40°C during the year, maximum wind speeds of ~90 km/h,
semidiurnal tides (Rechimont et al., 2013), high solar radiation,
and exposure to prolonged desiccation.

Biological zonation at the low tide level of this rocky
intertidal site is characterized by macro-algae assemblages of
Corallina officinalis, Ulva sp., Ceramium sp., the invasive Undaria
pinnatifida, and mobile invertebrates (Miloslavich et al., 2011).
The mid tide level is typically dominated by mussel beds
composed of two small species Brachidontes rodriguezii and
Brachidontes (Perumytilus) purpuratus, and its predator Trophon
geversianus. The high tide level is represented by large areas
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were then compared and statistically analyzed.
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FIGURE 1 | Study workflow showing the location of sampling localities, in situ collection of visual observations, photoquadrat imagery from each locality, and data
processing and analysis. The inset map represents the area highlighted with the rectangle containing the four sampled sites in the United States (Marblehead,
Pumphouse, Chamberlain, and Grindstone). Visual annotations collected on the field (above the map) were used to estimate percent cover of all taxa to the lowest
possible taxonomic level and subsequently aggregated into CATAMI categories. Note that photoquadrats were collected in the same place than visual quadrats.
CoralNet software was employed to estimate percent cover of CATAMI categories from direct human annotations and automatically by machine learning after
training the algorithm with 100 points randomly distributed over 362 photoquadrats. Outputs from visual and photoquadrat (human and automated) annotations

of bare substrate and partial cover of Ulva prolifera, Balanus
glandula, encrusting algae of the Ralfsia genus, and the presence
of the pulmonate false limpet Siphonaria lessonii.

Gorgona, Colombia

The Gorgona National Natural Park, which is part of the Tropical
Eastern Pacific Marine Corridor, is a protected area located
about 30 km off the Colombian Pacific coast (Figure 1). This
island, along with Gorgonilla, is the largest insular territory
on the Pacific coast of Colombia (Giraldo, 2012; Cardona-
Gutiérrez and Londofo-Cruz, 2020). Tides range 4-5 m and the
horizontal extent of the intertidal zone can range from a few
centimeters to hundreds of meters depending on the slope of the
coastal zone. The sea surface temperature varies between 26 and
29°C, although it can occasionally descend below 19°C during
upwelling events at the beginning of the year (Diaz et al., 2001;
Zapata, 2001).

Three sites were sampled: La Ventana, Playa Verde, and La
Camaronera. The slope at sampled sites is gentle, hence, the
intertidal is approximately 100-150 m wide during low tide.
The high intertidal zone normally has a steeper slope producing
a narrow band. This band is typically devoid of organisms
likely due to high temperatures of rocks during daytime. Most
inhabitants are mobile or well-adapted to these conditions, like
littorinids and Nerita scabricosta. The mid-intertidal is wider,
and the lichen Verrucaria sp. is common along with calcareous
coralline algae such as Lithophyllum sp. and the green algae
Cladophoropsis adhaerens. Snails like Vasula melones, Nerita

funiculata, Parvanachis pygmaea, and the bivalve Isognomon
janus are common. Chitons like Ischnochiton dispar and Chiton
stokesii are relatively common in this zone. The low intertidal
is similar in algal composition to the mid-intertidal but with
higher coverage. Here, the red algae Ceramium sp. is common.
In addition to the mollusks mentioned above, Fissurella virescens
normally occupies this zone. Different species of ophiuroids are
also present in this stratum.

Galapagos, Ecuador

We repeatedly sampled three sites in the south of Santa Cruz
island, in the central part of the Galapagos archipelago near
0.74°S (Figure 1). The sites are Ratonera, the Charles Darwin
Foundation (both located within Academy Bay in Puerto Ayora),
and Tortuga Bay (located 5 km to the southwest). This area is
seasonally influenced by the North Equatorial Counter Current
the South Equatorial Current, and the Humboldt Current (Edgar
et al., 2004; Palacios, 2004). Sea surface temperature in the study
sites ranges from an average low of ~22°C in the cold season
to ~25°C in the warm season; mean air temperature range
from ~21 to ~27°C in the cold and warm season, respectively,
with high solar radiation conditions all year round due to
the proximity to the Equator. The rocky intertidal shores of
Santa Cruz are characterized by a black, basaltic substratum of
volcanic origin (Geist, 1996; Vinueza et al., 2014). The tides are
semidiurnal, spanning 1.8-2.4 m (Wellington, 1975). Low tide
level cover is characterized by the presence of Ulva spp. and
Zoanthus spp. This is the only stratum where the slate pencil
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sea urchin Eucidaris galapagensis can be found. The mid-tide
stratum has the highest abundance of the endemic thatched-
roof barnacle (Tetraclita milleporosa) and the mobile invertebrate
Thais sp. The high tide layer is almost entirely composed of
bare black lava rock sparsely covered with biofilm (algae-bacterial
mat), with macro algae only occurring in crevices and between
boulders that retain humidity and are protected from direct
sunlight exposure. Mobile invertebrates here are characterized
by Plicopurpura sp. The intertidal shores are home to the only
marine iguana in the world (Amblyrhynchus cristatus) and the
abundant sally lightfoot crabs (Grapsus grapsus), which are
important consumers of the macro-algae present in these habitats
(Vinueza et al., 2006).

United States

The rocky intertidal zone in the northeast of the United States,
specifically the Gulf of Maine (GOM), covers a vast area of
the coast. Sea surface temperature in the GOM ranges from an
average low of ~5°C in winter to ~18°C in summer, although
recent years have seen considerably warmer temperatures in both
winter (7°C) and summer (20°C). The region is among the fastest
warming on the planet, with an increasing number of marine
heat waves (Pershing et al., 2015). Tidal amplitude can be as large
as 16 m in parts of the Bay of Fundy in the northern Gulf of
Maine (Fautin et al,, 2010); however, at the sites sampled the
tidal range was between 4 and 5 m (Figure 1). Two localities
in the GOM were used, the north shore of Massachusetts (MA)
and the mid coast of Maine (ME) (Figure 1). Two sites at each
locality were used, namely Pumphouse (Nahant) and Marblehead
in MA; and Chamberlain and Grindstone in ME. We defined the
“high zone” for this study as that corresponding to the upper half
of the band defined by the presence of the sessile invertebrates
Mpytilus edulis and Semibalanus balanoides. The “mid zone” was
defined as the lower half of the Mytilus- dominated zone. Moving
lower in the intertidal, sessile invertebrates are gradually replaced
by macroalgae, specifically Ascophyllum nodosum, and Fucus
spp. Mobile invertebrates, such as Littorina littorea, Littorina
obtusata, and Nucella lapillus, are usually associated with these
macroalgal habitats.

Collaborative and Automated Tools for
Analysis of Marine Imagery Label-Set

PQ.human and VQ were annotated using categories developed
under CATAMI. The consensus label-set (Table 2) was defined
by the same experts that performed VQ annotations.

RESULTS

A total of 18 CATAMI categories were included (Table 2), four of
which were common to all the countries (barnacles, encrusting
algae, filamentous algae, and hard substrate). Of these, eight
categories found are presented in Figure 2. Rocky intertidal
sites in Argentina presented more variability of CATAMI groups,
with a marked dominance of the consolidated substrate class
in the high tide zone, bivalves in the mid tide zone, and
algae in the low tide zone. In Colombia and Ecuador, all tidal

strata ( low-, mid-, and high) presented low cover of algae and
invertebrates, resulting in high cover of consolidated substrate.
For the United States sites (Maine and Massachusetts) the erect
coarse branching macroalgae covered most of the substrate,
followed by barnacles (CRB).

Training of the automatic classifier resulted in an average
accuracy of 87% (Supplementary Table 2 and Supplementary
Figure 1). As expected, the classifier performed better with
CATAMI labels that were well represented in the training set
(SC, MAEC, MOB, MAF, CRB, MAS, MAA, accuracy between
~90 and 98%). The accuracy of the classification of rare or less
frequent labels was lower (e.g., MOG, WPOT, accuracy between
~78%). For example, the Encrusting Macroalgae category
(MAEN) presented a high number of training annotations
(Table 2), but had a low detection rate resulting in a low
accuracy (~78%, Supplementary Table 2). Mollusk bivalves
(MOB) had a similar training number to MAEN, but this
category was clearly distinguished by humans in the photos
and therefore resulted in a higher detection rate than the robot
(accuracy ~98%, Supplementary Table 2). The total accuracy
of the classifier improved to ~89% after classifying groups that
aggregate CATAMI labels into broader categories that we refer
to as “functional” groups, specifically “hard substrate,” “algae,”
“invertebrates,” and “other” (Supplementary Table 3).

Comparisons between the CATAMI labels percent cover
estimates from robot and human annotations resulted in
non-significant differences in a fully nested GLMM model
(Supplementary Table 4), using both the quadrats and sites as
random factors. However, high variability was observed in less
frequent groups of organisms in both robot and human estimates
(Figures 2A,B).

Comparisons of percent cover estimates between PQ.human
and PQ.robot revealed that the CoralNet algorithm reliably
quantifies relative abundances of the most representative
CATAMI categories (Figure 2). In some cases, the PQ.robot
indicated presence of MAEC or MAF categories in countries
or tidal levels where they were not present. In Argentina, for
example, MALCB was misidentified as MAEC in four of the
resulting classifications. Disparities between VQ records and
PQ.robot annotations were more evident in areas with low
percent cover values (Figure 2). Encrusting macroalgae (MAEN)
was generally underestimated by the automated annotation
in Ecuador and Colombia. Furthermore, percent cover of
articulated calcareous macroalgae (MAA) was underestimated by
the robot in Argentina whereas it was overestimated in Colombia.
The opposite was observed with filamentous macroalgae (MAF),
with overestimated percent cover values in Argentina and
underestimated ones in Colombia and Ecuador.

Average percent cover of broad classes including algae,
invertebrates, and substrate in each tidal level and country were
computed by aggregating percent cover values of corresponding
CATAMI categories (Figures 3A,B and Supplementary Table 5).
Using these broad groups, PQ.human and automated PQ.robot
percent cover also presented almost equal estimations, with the
exception of algae cover in the high tide level in Colombia
and Ecuador because of the misclassifications of the automated
annotations. Comparison of VQ versus PQ.robot for the
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TABLE 2 | Collaborative and Automated Tools for Analysis of Marine Imagery (CATAMI) classification scheme used in this studly.

Name Label # Training annotations Countries ID CoralNet ID CATAMI
Substrate: Consolidated (hard) SC 17814 AR, CO, EC, US 4114 82001001

Macroalgae: Erect coarse branching MAEC 4766 us 317 80300903
Macroalgae: Filamentous/filiform MAF 2931 AR, CO, EC, US 309 80300930
Macroalgae: Encrusting MAEN 2891 AR, CO, EC, US 321 80300926
Mollusks: Bivalves MOB 2753 AR, US 355 23199000
Crustacea: Barnacles CRB 2196 AR, CO, EC, US 357 27500000
Macroalgae: Sheet-like / membraneous MAS 1418 AR, CO, US 294 80300922
Macroalgae: Articulated calcareous MAA 612 AR, CO 325 80300911

Worms: Polychaetes: Tube worms WPOT 283 AR, CO, EC 361 22000901

Unscorable Unc 179 AR, CO, EC, US 118 00000001

Mollusks: Gastropods MOG 145 CO, US 353 24000000
Macroalgae: Large canopy-forming: brown MALCB AR 299 80300902
Bryozoan BRY us 1853 20000000
Macroalgae: Laminate MALA us 301 80300918
Macroalgae: Erect fine branching MAEF us 313 80300907
Cnidaria: True anemones CNTR EC, US 4774 11229000
Cnidaria: Colonial anemones CNCA EC 4773 11500901

Macroalgae: Globose / saccate MAG AR 305 80300914

Country codes: AR, Argentina; US, United States; EC, Ecuador; CO, Colombia.

functional groups (hard substrate, algae, invertebrates, and
other) showed similar results to PQ.human versus PQ.robot.
However, percent cover of invertebrates detected by the robot
in Ecuador was slightly lower than that estimated by VQ.
Also, a slightly lower cover was estimated by the robot
with algae cover in the high tide level of Ecuador and
invertebrates in the low tide level of Colombia than that
estimated by VQ.

To compare the performance of the classifier at community
level, we computed the Bray-Curtis (BC) distance between the
percent cover of the dominant CATAMI categories and results
from the CoralNet classifier (PQ.robot) and PQ annotated by
human (PQ.human). We also computed BC distance between
functional groups estimated using field annotations (VQ) and
the PQ.robot and PQ.human. A BC value close to zero denotes
no significant differences between the communities estimated by
the two methods.

Functional groups were identified with more accuracy by the
CoralNet classifier, thus yielding lower BC distances compared
to those based on CATAMI categories (Figures 4A,B versus
C,D). High tide strata in Colombia and Ecuador exhibited the
lowest BC distances for both CATAMI and functional groups.
In general, the largest BC distances were observed at the low
tide level at all locations. However, no statistically significant
differences were detected when tested with a GLMM nested
model (Supplementary Tables 6, 7).

DISCUSSION

Standardized field methods and machine learning allowed to
assess changes in Essential Ocean Variables of percent cover
of intertidal rocky shore and benthic biodiversity in different
locations of the Americas. Intertidal zones, like coral reefs, are

potential bellwethers for the ongoing impacts of global climate
change (Helmuth et al., 2006). Intertidal invertebrates and algae
are exposed to extreme weather and climate variability with
large fluctuations in temperature, salinity, and water availability
(Madeira et al., 2012). Mass mortality events have been reported
from intertidal sites across the globe (e.g., Harley, 2008; Mendez
etal., 2021), and the incidence of marine heat waves is increasing
(Hobday et al., 2016). It is not clear yet what the potential
consequences of these mortality events are for patterns of species
distribution, biodiversity, and ecosystem services (Roman et al.,
2020; Vye et al., 2020).

Using imagery from diverse rocky intertidal habitats we
demonstrate that the CoralNet machine learning system can
estimate nearly identical fractional abundances of functional
groups (i.e., aggregates of CATAMI categories) as those derived
from manual photoquadrat annotation. In most cases, results
based on automated annotations were comparable to those
obtained from in situ visual observations. This approach
opens avenues for collecting biodiversity data to monitor rapid
changes in marine coastal environments to inform management.
Documenting changes in biodiversity using time series has
proven incredibly valuable, but such efforts have occurred in only
afewlocations (e.g., Vye et al., 2020). Long-term records from the
global south are rare. The use of artificial intelligence to facilitate
analysis of photos, which can be accomplished rapidly by a few
people and with relatively few resources, can play a valuable role
in the creation of much-needed monitoring networks. They play
an important role in locations where access to sites is limited,
dangerous, or otherwise restricted. For example, in the Gulf of
Maine, visual surveys were not conducted in the lowest part of
the intertidal zone because of the extreme tidal range, which
can cause very rapid rates of tidal return; coupled with large
waves, this makes sampling in this zone for extensive time periods
very difficult. The adoption of standardized methods, such as
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those used here, facilitates collaborative efforts that span wide
geographic ranges.

The accuracy of automatic annotation of intertidal image
collections depends on many factors. This includes imaging
conditions (e.g., light level, angle of view, camera quality,
and resolution), the number of training annotations and the
variability of taxa sampled. Photos used in this study had
similar lighting, camera quality, resolution, angle of view, and
focal distances. This provided homogeneity among image sets.
Nonetheless, we observed that shadows can affect portions
of the photos and rendered them not suitable for automated
classifications. We observed poor robot classification capacity in
dark shadows or in overexposed areas of the photographs, as
well as in areas with water, bubbles, and wind that moves these
around. These areas, present in some photoquadrats, lowered the
accuracy of the automated results. To provide a more uniform
light to the area to be photographed, the target can be illuminated
with lights or strobes. Also, shading the area where imagery
will be captured with a sun cover over the frame (e.g., using an
umbrella) to provide uniform illumination is another option to
increase image quality.

By using 100 points per photoquadrat we trained the robot
with more than 36,000 annotations. Nonetheless, we often had
less than the 1,000 minimum training annotations recommended
by CoralNet developers®. A solution to avoid misinterpretation is
to use a semi-automated mode (known as “alleviate” mode) that
uses classification scores to decide when to register automated
annotations and when to leave annotations to be manually
registered by humans. For example, Beijbom et al. (2015) showed
that by using a level of alleviate of 50%, the quality of the percent
cover estimation was not notably affected. In this study, the
alleviate mode was not tested. Based on the machine confidence
of our data, a 50% threshold would require a manual annotation
of only ~2% of the points (i.e., 724 points).

In situ visual surveys are often more effective than
photoquadrats for species-level taxonomic identification
and especially for counting rare species and mobile fauna that
may be hidden in crevices and under the algal cover. However,
we found instances when using photographs was advantageous.
For example, we observed that differences between visual

Shttps://coralnet.ucsd.edu/blog/a- new- deep-learning- engine- for- coralnet/
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quadrat versus photoquadrat-based annotations of sessile (or
semi-sessile, such as gastropods) species were likely due to
parallax error in visual quadrat observations. The 100-point
intersection grid in the visual quadrat is usually placed in the
middle of the frame leaving some space between the intersections
and the substrate. If the observer is not looking exactly above
the quadrat (i.e., ~0° zenith angle), incorrect annotations may
be attributed to parallax (Hill and Wilkinson, 2004; Leujak
and Ormond, 2007). Nevertheless, errors due to parallax are
difficult to quantify and beyond the scope of this study. We
tried to minimize its effect by always looking at the quadrat
directly from above.

In addition, we noted that observers often identified rare
species when they were located near, but not necessarily exactly
on, a grid intersection. This resulted in the recording of rare
species as the minimum cover percentage, which might better
describe the richness of the site while introducing errors due
to differences among observers when comparing sites. Such
errors are not reproduced with photoquadrat methods, which use
digitally gridded intersections that do not yield parallax errors
and minimize the overestimation of rare species that do not fall
exactly on the digital grid.

In this study, while the same observer performed visual
annotations and photoquadrats analyses, there was a time
gap between observations. Therefore, some differences can be
expected in the classification of the same quadrat. One of
the key benefits of CoralNet automated annotations is that
the analysis is consistent across all the images and parallax,
and inter-annotation errors will not interfere in the analysis
performance (Beijbom et al., 2015). In this sense, typical human
errors associated with manual annotations and data entry are
minimized by this method, helping to standardize the protocol
used. This methodology could be used in regional monitoring
programs involving a great amount of samples in different
sampling sites/countries.

In Colombia and Ecuador, it was difficult to discriminate
among encrusting algae and hard substrate by direct human
annotations. This impacted the robot classification performance
for the MAEN category. In the field, investigators were able
to touch the rock in order to detect the encrusting algae and
this resulted in a higher cover estimation on the VQ. In such
cases, where a category is difficult to detect in photoquadrats, we
expected to find low accuracy in the automated classifier. Manual
annotations can diminish this bias, but such errors are a problem
for the machine learning tool.

CoralNet is a collaborative platform that can be adopted
more widely to help large-scale, collaborative networks and
communities of practice such as the MBON Pole to Pole to
enhance the spatial coverage and sampling frequency of their
biodiversity monitoring programs. This can augment the quality
and interoperability of annotations by using a common label-
set amongst multiple observers, while training the robot or
new users that may use previous annotations for verification.
We showed that 36,000 manual point annotations were enough
to properly train the most dominant benthic cover categories
over four distinctive locations along the American continent.
However, combining several countries on the same CoralNet

source may lead to confusion among similar categories from
different locations. The creation of separate training sets for
each country or even for each site should be investigated to
avoid confusion among similar categories from different sites.
The protocol used in our work gives the capacity to rapidly
process a large set of new photos to obtain robust percent cover
estimated within hours. Such estimates can then be used to detect
rapid changes in biological and ecosystem EOVs resulting, for
example, from massive mortality events, macroalgae blooms or
the loss of benthic coverage. The protocol performed in our
work helps advance ecological studies and can be applied for the
detection of rapid changes in benthic coverage which could serve
as an early warning of the impacts of contamination events or
global climate change.

CONCLUSION

Image-based biodiversity surveys using automated annotations
from CoralNet software were sufficiently robust to characterize
the relative abundance of benthic cover categories and
functional groups, specifically for “Invertebrate Abundance and
Distribution” and “Macroalgal Canopy Cover and Composition”
EOVs in rocky intertidal habitat in four countries of the Americas
with very different environmental regimes and spanning more
than 80° of latitude. We found no statistical differences in
percent cover estimates of the dominant functional groups
annotated visually by observers and automatically by CoralNet
using photoquadrats. Differences between visual quadrats
annotated in the field and automated annotations by CoralNet
on photoquadrats based on the analysis of community matrices
were not significant, resulting in a Bray-Curtis average distance
of 0.13 (sd 0.11) for the full label set and 0.12 (sd 0.14) for
functional groups set. Our results indicate that automated
image-based annotations are a practical source of information
for biodiversity monitoring in intertidal benthic habitats to detect
rapid changes over large geographic domains, and can optimize
sampling effort in the field to expand the area of monitoring
sites and sampling frequency minimizing human errors while
increasing field safety.
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