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Abstract: Detecting the impacts of natural and anthropogenic disturbances that cause declines in

organisms or changes in community composition has long been a focus of ecology. However, a

tradeoff often exists between the spatial extent over which relevant data can be collected, and the

resolution of those data. Recent advances in underwater photogrammetry, as well as computer vision

and machine learning tools that employ artificial intelligence (AI), offer potential solutions with which

to resolve this tradeoff. Here, we coupled a rigorous photogrammetric survey method with novel

AI-assisted image segmentation software in order to quantify the impact of a coral bleaching event

on a tropical reef, both at an ecologically meaningful spatial scale and with high spatial resolution.

In addition to outlining our workflow, we highlight three key results: (1) dramatic changes in the

three-dimensional surface areas of live and dead coral, as well as the ratio of live to dead colonies

before and after bleaching; (2) a size-dependent pattern of mortality in bleached corals, where the

largest corals were disproportionately affected, and (3) a significantly greater decline in the surface

area of live coral, as revealed by our approximation of the 3D shape compared to the more standard

planar area (2D) approach. The technique of photogrammetry allows us to turn 2D images into

approximate 3D models in a flexible and efficient way. Increasing the resolution, accuracy, spatial

extent, and efficiency with which we can quantify effects of disturbances will improve our ability to

understand the ecological consequences that cascade from small to large scales, as well as allow more

informed decisions to be made regarding the mitigation of undesired impacts.

Keywords: coral bleaching; coral reef monitoring; underwater photogrammetry; change detection;

artificial intelligence; image segmentation; machine learning; computer vision; time series;

disturbance
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1. Introduction

Natural and anthropogenic disturbance events can cause mass declines in the foun-
dational species of ecosystems. Detecting and quantifying the impact of these events is
a critical focus of ecology [1], but doing so in a way that achieves results at ecologically
meaningful scales can be difficult [2]. The effort required to collect high-resolution data
constrains the areal and temporal extent that can feasibly be surveyed, limiting our ability
to fully assess the ecological consequences of disturbance. This is especially the case for
shallow marine ecosystems [3]. Fortunately, advances in underwater photogrammetry tech-
niques and computer vision tools, assisted by artificial intelligence (AI), provide solutions
to resolve this tradeoff.

Coral reef ecosystems illustrate the need for and challenges associated with high-
resolution change detection. These highly productive systems host a staggering level of
biodiversity that relies on reef-building corals [4]. The benthic communities of tropical reefs
are difficult to quantify at all relevant spatial and temporal scales. In situ visual surveys can
be relatively rapid and cost-effective, but they often yield coarse estimates of organismal
cover. Conversely, the manual annotation of images can produce high-resolution data but
the process is comparatively time- and labor-intensive [5,6]. This is a growing issue because
coral reefs are increasingly threatened by disturbances that cause persistent and expansive
declines in reef-building corals, the organisms that form the structural foundations of these
ecosystems [7]. Specifically, episodes of coral bleaching, associated with periods of elevated
ocean temperatures, can kill corals on landscape scales, and these events are increasing in
both intensity and frequency on a global scale [8–12]. This underscores the importance of
developing methods that can be used to accurately and efficiently assess the severity of
disturbances that kill coral in order to better understand their cascading impacts [13–19].

A suite of innovative tools and technologies has been utilized to map coral reef com-
munities. Underwater photogrammetry, for example, is increasingly used to quantify the
structural attributes of coral reefs. Large-scale efforts have been undertaken to create exten-
sive maps of these ecosystems at high spatial resolutions using photogrammetry [5,20,21].
Generally, extracting metrics of the physical attributes of a reef (e.g., surface rugosity or
roughness) from these maps is relatively straightforward. However, efficiently extract-
ing biological metrics, such as cover of benthic organisms (e.g., coral or algae), can be
more complicated and time-consuming [6]. A widely implemented approach is image
segmentation—the scaled measurement and annotation of objects within an image [22–25].
This form of image analysis is generally used to estimate metrics, including percentage
cover of benthic flora and fauna, via the 2D areal footprint of organisms in a given area.
Although image segmentation has been used on orthophotomosaics [26,27], the effort to
do so manually constrains the ability to scale up the technique in space and time. Thus,
a bottleneck exists that prevents the extraction of biological metrics, like the growth and
survival of individual coral colonies, both at large spatial scales and with high temporal
resolution [6]. This limits our ability to track meaningful changes in the benthic community
composition on coral reefs over time and thereby inhibits our understanding of how fine-
scale changes in the populations or communities of benthic organisms might translate into
landscape-scale impacts. Fortunately, innovations in machine learning provide a promising
solution to this challenge.

Through AI-assisted image segmentation, the labor required to measure and iden-
tify ecologically relevant objects, such as the sizes and identities of coral colonies, can be
automated, thus decreasing the time required for this task and increasing the amount of
information that can potentially be acquired. Deep learning methods have been imple-
mented to greatly increase the efficiency with which complex or irregular objects, such
as coral colonies, can be segmented from images [28,29]. Additionally, they enable reef-
scale changes in rugosity and structure to be detected over time [30]. We build on this
work here, outlining a framework that combines a rigorous underwater photogramme-
try technique [31] with novel, AI-assisted image segmentation software, TagLab (version
2023.5.16, [32]), to quantify the impact of a major coral bleaching event on an ecologi-
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cally meaningful tract of South Pacific coral reef with high spatial resolution (Figure 1).
Specifically, we aimed to: (1) quantify the amount of live coral loss that resulted from the
bleaching event with higher accuracy and precision; (2) explore size-dependent patterns of
coral mortality; and (3) compare the estimates from our approach with more widely used
methods of quantifying changes in coral cover. Using the workflow outlined in Figure 2,
we detected a dramatic loss in the amount of live coral on the reef and a reorganization
in the size structure of an important coral population through size-dependent mortality
of bleached corals. Lastly, we found that using approximated 3D surface area as a metric
when estimating coral cover enabled us to capture a significantly greater loss of live coral
compared to using 2D planar area, a metric that has been widely used to measure coral
size in images.

tt

Figure 1. Site location. (a) satellite image of geographical location of French Polynesia in the South

Pacific Ocean; (b) satellite image of Moorea, French Polynesia with a box indicating the location of

the study site; (c) the fore reef of Moorea near our study site after the bleaching event that occurred in

April of 2019 (PC: A. Thurber).
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Figure 2. Schematic of workflow. (a) custom-designed mount for a photogrammetry target that can be

screwed into an anchor mounted in the reef substrate (PC: K. Kopecky); (b) diver taking photographs

of the reef with custom photogrammetry targets in place (PC: R. Honeycutt); (c) orthophotomosaic of

a single reef plot before the bleaching event; (d) interactive AI-based segmentations using TagLab

(bright pink shapes) inside of a designated working area (shaded square) on the orthophotomosaic;

(e) zoomed-in view of fully automated annotations of live corals in TagLab; (f) an example live coral

colony (left panel) that died after the bleaching event (right panel).

2. Materials and Methods

2.1. Site Description

We conducted our study on Moorea, French Polynesia (17◦30′S, 149◦50′W), a high
volcanic island in the South Pacific Ocean with steep fore-reef slopes that extend offshore to
a barrier reef that surrounds the island’s ~60 km perimeter (Figure 1a,b). The Moorea Coral
Reef Long Term Ecological Research program (MCR LTER, https://mcr.lternet.edu) has
been collecting time series data on coral reef communities of Moorea since 2005, performing
photogrammetric surveys of several reef tracts at about 10 m depth on the north shore
fore reef annually since 2017. In April 2019, a prolonged period of elevated sea surface
temperatures triggered a major coral bleaching event that resulted in significant coral mor-
tality on the fore reef ([33]; Figure 1c). Our photogrammetric surveys spanned this major
disturbance, providing an opportunity to evaluate the utility of our AI-assisted approach
to quantifying change. We focused our analyses on two time points (photogrammetric
epochs): August 2018 (epoch 1), about 8 months before the bleaching event when live
coral cover was at an all-time high, and August 2019 (epoch 2), about 4 months after the
bleaching event once there had been significant deaths of live coral.

2.2. Reference Network Establishment, Image Acquisition, and Orthophotomosaic Generation

The first step in the workflow (Figure 2) is to establish a series of geodetic networks,
that is, permanent, fixed reference points in the reef substrate from which the reference
network can be measured. Creating a permanent and reliable reference network is critical
to both scaling the photogrammetric models and registering multiple models in space and
time. For our network, the reference points were established by SCUBA divers who drilled

https://mcr.lternet.edu
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holes into the primary reef substrate and affixed anchors (using underwater epoxy), into
which specially designed photogrammetry targets could be installed and then removed
during each sampling event (Figure 2a). The horizontal and vertical distances between
all targets are then measured with sub-centimeter precision (see [31,34]). The 5 reef plots
used in this study each have a footprint of about 25 m2 (5 × 5 m) and a geodetic reference
network that was established in 2017. From the reference network measurements for each
plot, we estimate a set of coordinates that are used to establish a temporally stable reference
system. This allows us to co-register the photogrammetric surveys and products from the
different epochs (see [31]).

Once the reference network is in place, SCUBA divers systematically photograph the
reef (Figure 2b). As the diver swims, downward-pointing and oblique photographs are
taken at a fixed distance above the reef (1–2 m) at a consistent rate in order to achieve at
least an 80% overlap (but generally > 90%) between consecutive images. Divers were able
to maintain a consistent distance above the reef while acquiring images using the depth
gauge on their dive computers [31,34]. The diver completes a series of parallel passes along
the length of a reef plot, and then a series of passes perpendicular to the first. Finally, a
series of oblique (45-degree angle to the reef) photographs are taken around the perimeter
of the plot. To minimize the variation in the light incidence on the reef, which is caused by
temporal and environmental factors, we photographed our plots during the same time of
year (August, the austral winter) and during the same time of day (between late morning
and early afternoon). In total, 500–800 images were taken of each plot during each epoch
(see [31]). Images were acquired in their raw format and white balance adjustment was
performed using color checkers distributed in the measurement area before converting the
images into the highest-quality JPG format in order to reproduce a more accurate color
spectrum [31]. This allows us to extensively adjust the lighting and color of the acquired
images, despite environmental conditions (e.g., cloud cover, water turbidity, depth, etc.)
that might cause variation in these attributes. This step is fundamental in our protocol as
color fidelity is critical for the human identification of marine organisms. It also facilitates
the training and implementation of the automated semantic segmentation process described
below in Section 2.3.

The final step of our photogrammetric process is constructing digital elevation mod-
els (DEMs) and orthorectified photomosaics (orthophotomosaics, for short) of each plot
(Figure 3). We would like to clarify, however, that the three-dimensional information ob-
tained from DEMs is of the single-valued form, z = f(x,y), and hence is an approximation
(i.e., ‘2.5D’) of the true three-dimensional shape of the reef. All photogrammetric models
and orthophotomosaics were generated using Agisoft Metashape (version 2.0), with an
average ground resolution of less than 1 mm (i.e., pixel size: <1 × 1 mm) and a discrepancy
among reference coordinates of a few millimeters [31,34].

2.3. AI-Assisted Image Segmentation and Manual Validation and Editing

Semantic segmentation involves the detection and partitioning of an image into dif-
ferent subdivisions based on their class. We employed TagLab (https://taglab.isti.cnr.
it, [32]), an open-source, AI-powered, and interactive image segmentation software de-
signed for coral reef habitats, to annotate and measure corals in our orthophotomosaics
(Figures 2d and 4). TagLab enables pixel-wise, accurate, and scale-aware labeling and
analysis of orthophotomosaics. This software also facilitates time series analysis when
multiple images of a site are available from different epochs. For example, it is possible
to automatically track temporal changes of individual objects (e.g., growth, shrinkage,
or death of coral colonies) in sequential orthophotomosaics of the same site when the
objects are co-registered (Figure 4, inset panels). Further, TagLab enables a user to create
custom classifiers for the automatic recognition of objects of interest via the creation of a
training dataset. Building the training dataset utilizes semi-automatic segmentation, in
which a human operator manually identifies and labels colonies after using AI-assisted
tools to outline coral colony borders. For example, the user only needs to indicate the

https://taglab.isti.cnr.it
https://taglab.isti.cnr.it
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four most extreme points of a colony border rather than trace the entire colony. This
and other semi-automatic segmentation tools greatly expedite the creation of the training
dataset, after which fully automatic segmentation can be used. In this study, 2 of the
10 orthophotomosaics (the same plot from both epochs) that we produced were annotated
semi-automatically in order to build the training dataset for the fully automatic classifier,
which was then used to segment the remaining 8 orthophotomosaics. TagLab is available
to download from Github: https://github.com/cnr-isti-vclab/TagLab (see [32] for more
detail on the software’s mechanics).

tt

ff

Figure 3. Example of 3D model layers for a single reef plot and epoch. (a) 3D mesh model with

shaded rendering; (b) 3D mesh model with ambient occlusion rendering; (c) digital elevation model

(DEM); and (d) orthorectified photomosaic.

https://github.com/cnr-isti-vclab/TagLab


Remote Sens. 2023, 15, 4077 7 of 18tt

tt

tt

Figure 4. The TagLab computer interface. A plot with automatic segmentations of live and dead

coral before (left) and after (right) the bleaching event. The small images show a live coral colony

(left, pink shading) that died as a result of a bleaching event (right, brown shading). White boxes

and lines indicate where the example colony is located in each of the larger images. The panels

on the far right display the various attributes of the plot and the annotated colonies. From top to

bottom: total coverage of designated coral classes (i.e., live and dead coral); a data table showing all

annotated colonies, co-registered through time; attributes of the selected colony (e.g., 2D planar area,

approximated 3D surface area, and perimeter); and a map preview showing the portion of the entire

orthophotomosaic that is currently displayed.

A human operator should always validate automatic segmentations visually (Figure 2e).
Then, depending on the desired metric or level of accuracy, the operator can correct
mistakes made during the automatic classification by manually correcting any poorly
predicted colony borders or mislabeled objects. This will require additional human labor
and processing time. In this study, once the training dataset had been used to build the
fully automatic classifier, we took further action to validate the accuracy of the automatic
classifier and improve the quality of the automatic segmentations. Because we were
interested in exploring patterns based on individual coral colony size, we manually divided
segmentations that enclosed multiple, overlapping or adjacent coral colonies of the same
taxon. However, if a user is interested solely in the total areal coverage by different types of
objects (e.g., live and dead corals), a minimum of further editing would likely be required.
Lastly, we modified the TagLab software for this study in order to approximate the 3D
metrics of reef organisms. Previously, TagLab did not support the loading or analysis of
DEMs, but only three-channel (RGB) images. The software was modified to be able to layer
the RGB images onto their respective DEMs in order to extract 3D approximations of coral
colony (and other) surface areas.

2.4. Analyses and Impact Assessment

Due to the dominance of corals from the genus Pocillopora inhabiting the reefs we
studied (>90% of coral colonies present), and the relative scarcity of other taxa, we focused
our analyses on changes in Pocillopora corals. Using the automatically generated, manually
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corrected segmentations, we analyzed several metrics of live and dead coral cover to
estimate the changes driven by the bleaching event (Figure 2f). First, we excluded all
segmentations < 2 cm2, as these were too small for a human observer to reliably identify.
Next, we calculated the total proportion of colonies that were alive or dead before and after
the bleaching event in order to understand how the ratio of live to dead colonies changed
in response to this disturbance. To quantify the magnitude of change in live and dead coral
areas from before to after bleaching, we summed the total 3D surface areas (estimated from
digital elevation models (DEMs) of the photogrammetric models) of live and dead colonies
for all 5 plots in each epoch (pre-bleaching: 2018, post-bleaching: 2019), and then averaged
the results across replicate plots within an epoch.

To explore patterns of size-dependent mortality after bleaching, we sorted the live
and dead colonies into size classes (based on the approximated 3D surface area of a coral
colony) and compared the abundances of these classes before and after the bleaching event.
The thresholds for the size classes were based on the quartiles of colony sizes for live corals
before the bleaching event (i.e., the size structure of the pre-bleaching population). We
rounded the size thresholds slightly to create clean cut-offs between classes. To create just
three size classes (Small, Medium, and Large), the middle two quartiles were combined for
the Medium size class, as these two quartiles behaved similarly to one another through time.
The final size classes used were: <100 cm2 (Small), 100–400 cm2 (Medium), and >400 cm2

(Large). Because larger colonies were more scarce than smaller ones, the ‘Large’ class
contained a much wider range in terms of size (401–3487 cm2) than the two smaller classes.
Lastly, we applied these size classes to the dead coral colonies to assess the mortality of
corals based on colony size.

Finally, we compared the estimated loss of live coral cover after the bleaching event
using two different metrics of coral surface area: approximated 3D surface area derived
from the DEMs, and 2D planar area derived from the areas enclosed by the perimeters of
segmented regions. A 2D planar area is commonly used in studies of coral reefs to estimate
the areal footprints of corals and other organisms within an image, which are then used
as proxies for coral colony size. To test whether the approximated 3D metric captured a
greater magnitude of coral decline after bleaching compared to the 2D metric, we ran an
analysis of covariance (ANCOVA) on live coral surface area as a function of area metrics
(approximated as 3D or 2D) and epoch (pre-bleaching: 2018, post-bleaching: 2019). All
analyses were performed in R (version 4.0.0, [35]) and RStudio (version 2022.12.0.353, [36])
using the Tidyverse package [37], and visualizations utilized colors from Manu: NZ Bird
Colour Palettes [38].

3. Results

3.1. Automatic Segmentation and Manual Validation/Improvement

After training a custom classifier on two orthophotomosaics of the same plot (one
image from epoch 1 pre-bleaching: 2018; one from epoch 2 post-bleaching: 2019), the fully
automatic classification correctly classified 93% of pixels (each ~1 mm) for living Pocillopora.
This result is comparable to the performance of a human operator and is the maximum
accuracy generally achievable [32]. The classification accuracy for dead coral, however, was
lower, with 70% of pixels correctly classified. There were two reasons for this. First, dead
coral often resembles the primary reef substrate and therefore was sometimes misclassified
as background reef. Second, there was a relatively low representation of dead coral in the
two orthophotomosaics used for the training dataset, as dead corals were prevalent only
in the post-bleaching image, which could be rectified by additional training. Nonetheless,
the automatic classifier was able to segment the corals in an entire orthophotomosaic in a
matter of minutes, a task that would have taken a human operator many hours to complete
manually.

While the automatic classifier was highly accurate in classifying pixels as live or
dead coral, it did not yet have the ability to distinguish well between colonies that have
abutting borders. Therefore, to obtain information on sizes and numbers of colonies, further
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manual division of the segmentations by a human was required. Before cropping our
orthophotomosaics down to designated working areas (to standardize the areas surveyed),
and before removing segmentations < 2 cm2 in area, 2060 segmentations of live coral were
completed automatically for the orthophotomosaics of the pre-bleaching epoch. These
segmentations were further divided manually by a human observer into 4366 live colonies.
For the post-bleaching epoch, 2426 segmentations were completed automatically and were
then manually divided further into 3181 live colonies. The number of dead coral colonies
was nearly identical between the automatic and manual segmentations for the pre-bleaching
epoch (1288 compared to 1289, respectively). However, for the 2019 epoch, manual division
increased the number of dead colonies from 1471 to 2077. After manually correcting all
segmentations, removing segmentations < 2 cm2, and standardizing the results to the
designated working areas for the plots, the total number of corals (live + dead) was 4306
in the pre-bleaching epoch and 4015 in the post-bleaching epoch. Manually dividing the
automatically segmented colonies added only about one hour per orthophotomosaic to the
overall time required for processing the images.

3.2. Changes in Colony Numbers, Approximated 3D Surface Areas, and Size Structure of Corals

As expected, the proportions of live and dead coral colonies changed substantially
from before to after the bleaching event (Figure 5a). Of the 4306 colonies measured across
all 5 plots before bleaching (within designated working areas), roughly 21% (904) of these
were dead. However, this proportion nearly doubled following the bleaching event, after
which 41% (1,646) of the 4015 colonies measured were classified as dead. Our assessment
of changes in the approximated 3D surface areas of live and dead corals at the plot scale
(~25 m2) before and after bleaching revealed even more dramatic changes (Figure 5b). After
bleaching, the approximated 3D surface area of live coral decreased by more than half,
from 26.7 (±2.4) m2 to 12.5 (±1.0) m2 (means ± SE), respectively. By contrast, the total
surface area of dead coral increased over eightfold, from 1.9 (±0.3) m2 to 16.6 (±1.6) m2,
and surpassed the total amount of coral surface area that remained alive after the bleaching
event.

We explored size-dependent relationships of coral mortality and found striking differ-
ences among size classes in their response to bleaching (Figure 6). The number of colonies
in the largest size class of dead coral (>400 cm2) increased 24-fold after the bleaching event,
from 5.6 (±1.3) dead colonies per plot (mean ± SE) before bleaching to 133.8 (±16.0) dead
colonies afterward. The Medium size class (100–400 cm2) showed a much more modest
1.3-fold increase, from 60.4 (±8.7) colonies before bleaching to 89.4 (±15.4) colonies after.
Lastly, the smallest size class showed no statistical differences in the mean number of dead
corals per plot from before to after the bleaching event. This size-dependent pattern in
mortality corroborates our observation that the change in surface area of live and dead
coral was markedly higher than the change in the proportion of live and dead colonies.
This could be explained by the fact that larger colonies contributed disproportionately more
to reef coverage than smaller colonies did.
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Figure 5. Changes in live and dead coral from before to after bleaching. (a) The proportions of the

total number of colonies (summed across replicate plots) in each year that were either alive (gray)

or dead (black). Total number of colonies before bleaching: N = 4306; total number of colonies after

bleaching: N = 4015. (b) Total approximated 3D surface areas (m2) of live coral (gray) and dead coral

(black). Triangles indicate means, error bars are ±1 SE, lines connect means through time, and small

dots are plot (replicate) totals.
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ff

Figure 6. The mean number (±1 SE; N = 5 plots) of dead coral colonies per plot in three size classes

(approximated 3D surface area in cm2), before (2018, dark blue) and after (2019, light blue) the

bleaching event.

3.3. Comparison of Approximated 3D Surface Area with 2D Planar Area

Our comparison of the approximated 3D surface area estimates with 2D planar area
estimates of live corals showed, unsurprisingly, that the 3D metric estimated far greater
amounts of live coral area within a time period than the 2D metric (triangles compared to
squares in Figure 7). More importantly, the approximated 3D metric revealed a significantly
greater loss rate of live coral than the 2D metric (slopes of the relationships in Figure 7
differ; ANCOVA F1, 0.05 = 5.05, p = 0.03; see Appendix A, Table A1).
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Figure 7. Comparison of estimates of live coral using approximated 3D surface area (m2, triangles)

and 2D planar area (m2, squares) in 2018 (pre-bleaching, dark blue) and 2019 (post-bleaching, light

blue) (plots as replicates). Triangles and squares represent means, error bars are ±1 SE, and lines

connect observations through time.

4. Discussion

4.1. Quantification of the Coral Bleaching Event

Assessing the ecological impacts of natural and anthropogenic disturbances is increas-
ingly important as these events become more common and severe. Therefore, innovative
tools and reliable methods are needed to accurately quantify changes in populations and
communities of organisms affected by these disturbances. This is especially important for
shallow subtidal ecosystems such as coral reefs, which are becoming increasingly threat-
ened by more frequent and severe bleaching events [8–12]. Here, we outlined a novel
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method that combined underwater photogrammetry with AI-assisted image segmentation
software in order to rapidly and accurately quantify the impact of a major coral bleaching
event on a tropical reef. We showed significant changes to the composition of this reef
at both the coral colony and landscape scales. The use of an approximated 3D metric to
quantify coral, as facilitated by the tools and techniques we described, provided a more
accurate estimate of the amount of coral present and the rate of loss due to a coral mortality
event compared to the more commonly used 2D metric.

The workflow described here not only enables a more accurate quantification of coral
loss over ecologically meaningful spatial scales (Figure 5), but it also provides the ability
to characterize a colony’s size-specific pattern of mortality. For Pocillopora, the prominent
taxon of coral in the system, the largest colonies were disproportionately affected by the
bleaching event in that the number of dead colonies in the largest size class increased by
an order of magnitude greater than that seen for smaller-sized colonies (Figure 6). This
pattern aligns with other field studies of coral bleaching in Moorea [39–41] and energetic
modeling of corals [42], which have all found size-specific variation in the susceptibility of
Pocillopora colonies to bleaching and in their subsequent mortality. The disproportionate
loss of larger Pocillopora colonies also explains the greater effect we observed on the change
in coral cover (Figure 5b) compared to the smaller change in proportions of live and dead
colonies (Figure 5a).

Many studies of coral reefs have implemented manual tracing of coral colonies to esti-
mate their areal footprint as a 2D surface, which is used as a proxy for colony size [22–25,43].
By approximating the 3D surface areas of corals, we captured a loss rate of live coral that
was significantly greater than that estimated by 2D planar area (Figure 7). A previous
study [44] that explored the relationship between 2D and 3D estimates of total surface area
of single coral colonies revealed scaling relationships that depended on coral morphology,
leading the authors to conclude that the labor-intensive nature of measuring corals in
3D may be avoided by converting 2D measurements into 3D metrics to quantify change
over ecologically meaningful spatial scales in the field. Our coupling of a rigorous pho-
togrammetric survey method with novel, open-access and AI-assisted image segmentation
software (TagLab) enabled the direct 3D approximation of both the surface area of coral
skeletons and semantic segmentation of co-located coral colonies with high resolutions
over large scales. This AI-assisted approach enabled us to estimate absolute changes in live
and dead coral cover on the reef with a realistic level of effort. In turn, this could improve
estimates of how disturbance will modify important ecological processes and services
that corals provide, such as reef metabolism and habitat provisioning [45,46], enabling
ecologists to better predict the cascading ecological consequences of disturbance [13–19].

4.2. Advantages to Our Approach

Our photogrammetric approach allowed us to quantify changes in live and dead
coral cover over spatial scales of 10s of square meters with sub-centimeter resolution and
accuracy [31,32]. From an ecological standpoint, the use of a fixed geodetic reference
network, as we described here, provides several benefits compared to more commonly
used photogrammetric survey techniques. First, the reference network acts to set a ro-
bust, three-dimensional scale for measuring objects (such as coral colonies) within an
orthophotomosaic. Second, the reference network enables users to georeference their or-
thophotomosaics and therefore align multiple orthophotomosaics of the same site that were
taken at different times (epochs). This facilitates highly precise spatiotemporal comparisons
that can yield highly accurate time series estimations of important biological variables.
Third, the reference network provides users with a means of estimating the error margins
of their measurements, allowing them to assess whether changes in biological variables
through time (such as growth or loss of corals) are statistically significant [31,34].

When coupled with AI, the high volumes of information contained in large orthopho-
tomosaics can be processed efficiently. With the use of TagLab, we were able to rapidly
extract large amounts of high spatial resolution data from the orthophotomosaics pro-
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duced by our photogrammetric approach (Figure 4). Automating the annotation of these
orthophotomosaics substantially reduced the processing time compared to annotations
completed manually [3,32]. Not only were the automated annotations highly accurate
compared to those completed by humans, but they can also be improved further through
manually editing or additional data and training. Further, once a desired level of accuracy
is achieved in training the program, the process of extracting data from orthophotomosaics
can be completed by personnel with less taxonomic or ecological expertise. Automating
the highly time-intensive task of measuring corals within photographs, such as we have
shown here, can boost our capability to monitor and detect changes in highly threatened
ecosystems like coral reefs.

4.3. Caveats to Our Approach

Several opportunities exist for improvement of our workflow. With regard to the
photogrammetric process, the establishment of an underwater fixed reference network can
be a challenging and labor-intensive task. New tools based on the integration of inertial
measurement units (IMUs) and depth sensors [47,48], however, are being developed in
order to reduce the number of measurements needed between fixed reference points—in
particular, the vertical distances between fixed reference points, which are the most difficult
to measure. With regard to the AI-assisted segmentation process, several issues arose that
required manual intervention. First, while the automatic classifier was highly accurate in
classifying live coral and reasonably accurate in classifying dead coral, it had difficulty
differentiating between colonies in the same semantic category when they shared borders
or overlapped with one another. This is understandable, as this task was difficult even
for human observers due to the high density of abutting, congeneric coral colonies on
the reefs we studied. If a user is interested in colony-level changes (as opposed to total,
reef-scale changes in coral cover), some additional labor may be required to manually
separate colonies if colony density is high on the reef being studied. Second, the automatic
classifier failed to classify live and dead coral correctly in a small minority of cases (<10%).
This could be attributable to the image quality for those particular colonies, or the relatively
small training dataset we used (the program was trained on only two orthophotomosaics,
one of which contained relatively few dead coral colonies). Nonetheless, TagLab performed
impressively with respect to quantifying live and dead coral cover, its automatic segmen-
tations can be continually improved with further training or manual editing, and it will
likely become a widely used tool in the study and monitoring of coral reef ecosystems.

4.4. Future Directions

There are several avenues to build on the research we have presented here, some of
which are already being explored. First, researchers in our group are currently developing
techniques to perform segmentation on 3D point clouds, which will further enhance the
accuracy of measuring the 3D surface areas of complex structures like coral colonies
using photogrammetric methods. Additionally, we are exploring the incorporation of
multispectral sensors into underwater drones to facilitate the acquisition and processing of
underwater images that can be used for underwater photogrammetry. As for developments
regarding TagLab, there are several in progress. First, data from subsequent years following
those presented in this study can be used to further train the automatic classifier, making
it more robust. We plan to release this trained model to be publicly available. We are
also currently refining methods and algorithms to easily track individual objects as they
transition between classes, such as a live coral colony that dies wholly or partially between
epochs. Further, we are developing an AI-assisted point classification tool that can be used
to estimate the cover of organisms and objects that are difficult to measure via currently
available tools (e.g., patches of algae). Lastly, the architecture of TagLab will soon transition
from using semantic segmentation to panoptic segmentation. This will allow for the
quantification of amorphous or indistinct components of the benthos, such as reef substrate
or coral rubble.
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5. Conclusions

The pace of changing global conditions warrants the development of sophisticated
methods and tools that can be used to make informed decisions regarding the manage-
ment of threatened ecosystems. Here, we have described an integrated underwater pho-
togrammetry and AI-assisted image segmentation methodology for robustly and efficiently
quantifying change in coral, the foundation species of tropical reefs. The insights that
can be gleaned from this technique are numerous and could enable ecologists to answer
questions that may not feasibly be addressed using traditional methods. Further, robust
change detection, as we have demonstrated, could prove highly valuable for ecological
monitoring efforts by reducing the tradeoff between the areal extent that can be feasibly
surveyed and the spatial resolution that can be achieved. Enhancing both the spatial extent
and resolution of ecological monitoring will strengthen our ability to forecast how the
functioning of vulnerable ecosystems, such as coral reefs, will change in an uncertain future,
helping us to mitigate the undesired impacts of disturbance.
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Appendix A

Table A1. Results of Analysis of Covariance (ANCOVA) testing the effect of using 2D vs. 3D measures

of live coral area to compare changes in cover of live coral before and after a major bleaching event.

Source DF Sum of Squares Mean Square F Value Pr > F

Model 3 1027.918483 342.639494 28.18 <0.0001

Error 16 194.538179 12.158636

Corrected Total 19 1222.456661

R-Square Coeff Var Root MSE Area Mean

0.840863 23.02680 3.486924 15.14290
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Table A1. Cont.

Source DF Type I SS Mean Square F Value Pr > F

Area_Type 1 397.6459238 397.6459238 32.70 <0.0001

Time_Point 1 568.8996018 568.8996018 46.79 <0.0001

Time_Point *Area_Type 1 61.3729571 61.3729571 5.05 0.0391

Source DF Type III SS Mean Square F Value Pr > F

Area_Type 1 188.7322881 188.7322881 15.52 0.0012

Time_Point 1 568.8996018 568.8996018 46.79 <0.0001

Time_Point *Area_Type 1 61.3729571 61.3729571 5.05 0.0391
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