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Coral is the life-form that underpins the habitat of most tropical
reef ecosystems, thereby supporting biological diversity through-
out the marine realm. Coral reefs are undergoing rapid change
from ocean warming and nearshore human activities, compromis-
ing a myriad of services provided to societies including coastal
protection, fishing, and cultural practices. In the face of these chal-
lenges, large-scale operational mapping of live coral cover within
and across reef ecosystems could provide more opportunities to
address reef protection, resilience, and restoration at broad man-
agement- and policy-relevant scales. We developed an airborne
mapping approach combining laser-guided imaging spectroscopy
and deep learning models to quantify, at a large archipelago scale,
the geographic distribution of live corals to 16-m water depth
throughout the main Hawaiian islands. Airborne estimates of live
coral cover were highly correlated with field-based estimates of
live coral cover (R = 0.94). Our maps were used to assess the
relative condition of reefs based on live coral, and to identify po-
tential coral refugia in the face of human-driven stressors, includ-
ing marine heat waves. Geospatial modeling revealed that water
depth, wave power, and nearshore development accounted for
the majority (>60%) of live coral cover variation, but other hu-
man-driven factors were also important. Mapped interisland and
intraisland variation in live coral location improves our under-
standing of reef geography and its human impacts, thereby guid-
ing environmental management for reef resiliency.
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Coral is the foundational, habitat-generating life-form of most
tropical reefs, but coral is under increasing pressure from
marine heat waves, coastal development, and resource extraction
(1). Coral change is occurring at multiple ecological scales
ranging from genotypic- and species-level responses to broad
reef- and regional-level reorganization (2). However, the spa-
tially continuous distribution of live coral cover remains un-
known, owing to a scale gap between field and drone-based
surveys that sample portions of any given reef and satellite-based
approaches that fail to resolve live coral cover from space (3).
This gap makes it difficult to map very large regions, such as
island archipelagos, at the spatial and biological resolution of the
habitat-forming organisms inhabiting these regions.
Operational mapping of live coral cover within and across reef
ecosystems could provide opportunities for science and man-
agement to better address reef protection, resilience, and res-
toration. For example, reef areas with live coral cover persisting
after repeated stressors, such as marine heat waves, may indicate
coral refugia (4). Spatial information on refugia may then drive
innovations in marine protection as well as scientific investiga-
tion of underlying drivers of coral survival (5). In turn, new un-
derstanding of survivorship may alter predictions of reef change
in the current and forthcoming ocean climate (6, 7). Large-scale
information on live coral cover can also inform restoration ef-
forts. Reefs that have lost coral cover from activities such as
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coastal development could be targeted for restoration if these
activities are curtailed. However, low coral cover reefs previously
exposed to repeated marine heat waves and severe degradation
may represent intractable restoration possibilities (8).

The eight main Hawaiian islands (MHIs) are an iconic case in
point of regional variability in the face of multiple stressors.
Human pressure on Hawaiian reefs is wide-ranging, from rela-
tively low impact on Kaho‘olawe to high impact on O‘ahu (9).
Coastal development has resulted in hot spots of sedimentation,
waterborne pollutants, and reef removal, while fishing and other
resource uses have generated declines in reef resilience (10). In
parallel, a series of marine heat waves has nonuniformly engul-
fed the MHIs, with the 2014, 2015, and 2019 bleaching events
being the most recent. The 2015 event generated live coral losses
reaching more than 50% in some areas, but the geographic ex-
tent of loss or resistance remains unknown (11).

The MHIs span a latitude and longitude range of 4° and 6°,
respectively, and vary in geologic age, from less than a few years
old on parts of Hawai'i Island to more than six million years old
on Ni‘ihau (12). Island age is accompanied by stage of accretion
and subsidence, processes that generate enormous interisland
and intraisland variation in reef extent associated with benthic
substrate availability. Combined geophysical and anthropogenic
variability across the MHIs has generated ecological complexity
in reef composition common to reef systems worldwide.

Significance

Coral reefs are changing at unprecedented rates, and the ma-
jority of reefs are undergoing widespread losses in live coral
cover. Management and policy development efforts focused
on conserving and restoring coral reefs are hampered by a lack
of geographically consistent and actionable high-resolution
information on the specific location and extent of live coral.
Based on an operational airborne technique, we developed
and applied a live coral mapping capability across the main
Hawaiian islands to identify potential coral refugia as well as
reefs for potential coral restoration. Our findings inform cur-
rent management actions across the archipelago and demon-
strate the tactical role that live coral mapping can play to
support decision-making at large ecological scales.
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Fig. 1. Percent live coral cover at 2-m spatial resolution to 16-m depth for the eight Main Hawaiian Islands.

To assess land-sea controls over live coral cover, and to ex-
pand options for coral conservation and management, we un-
dertook the first large-scale, high-resolution mapping study of
live coral cover across an island archipelago. While there have
been extensive in-water surveys of coral reefs in the MHIs, these
have been constrained by site access and benthic variability,
making the use of field information a challenge to the develop-
ment of comprehensive regional maps of where live coral exists.
Moreover, most airborne or satellite-based approaches derive

benthic composition as aggregate classes such as coral combined
with algal cover (e.g., refs. 13 and 14), and no programs have
operationalized a method to cover large areas (e.g., >1,000 ha)
with highly automated mapping of live coral location. We devel-
oped an airborne mapping approach that combines laser-guided
imaging spectroscopy and computational deep learning to quantify
the geographic distribution of live corals to a depth of 16 m. The
resulting map was used to assess the relative condition of reefs
from a coral perspective, and to identify areas of high live coral

Table 1. Inventory of reef cover and composition in the eight Main Hawaiian Islands in 2019 at 2-m spatial resolution to a water depth
of 16 m

Island Live coral cover, ha Algal cover, ha Sand cover, ha Reef substrate, ha Mapped area, ha
Ni‘ihau 498 [10.0] 2,637 [9.0] 1,855 [6.6] 3,136 4,991
Kaua'i 552 [11.1] 3,162 [10.8] 4,117 14.7] 3,715 7,831
O’ahu 1,164 [23.4] 8,836 [30.1] 11,698 [41.8] 10,001 21,699
Moloka’i 626 [12.6] 3,870 [13.2] 4,451 [15.9] 4,497 8,948
Lana’i 279 [5.6] 1,388 [4.7] 783 [2.8] 1,668 2,451
Maui 850 [17.1] 4,480 [15.2] 2,480 [8.9] 5,331 7,811
Kaho’olawe 90 [1.8] 461 [1.6] 302 [1.1] 553 855
Hawai‘i 922 [18.5] 4,564 [15.5] 2,276 [8.1] 5,486 7,762
Total 4,984 29,401 27,964 34,386 62,350

The brackets indicate the proportional contribution of each island to the entire inventory of live coral, algal cover, and sand cover throughout the mapping
coverage. Reef substrate is live coral cover plus algal cover. Total mapped area is the sum of live coral, algal cover, and sand cover.
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Fig. 2. Island-scale relationships between reef substrate area (in hectares)

and (A) total live coral cover (in hectares) and (B) ratio of live coral cover to
reef substrate availability.

cover, deemed potential refugia. Following geospatial analyses of
live corals, we used computational machine learning to quantify
multiple land—sea drivers affecting live coral cover, as a means to
inform mitigation and restoration efforts throughout the MHIs.

Results

Interisland Reef Composition. Across the MHIs, the total shallow
reef area mapped was 62,350 ha covering about 95% of all
known reefs to a depth of 16 m (Fig. 1, Table 1, and SI Appendir,
Figs. S1 and S2). Of that mapped area, 34,386 ha are composed
of either live coral or algal cover (including algae on rock sur-
faces), which combined, we refer to here as “reef substrate” that
excludes open sand cover. Just 15% (4,984 ha) of reef substrate
is currently covered in live coral throughout the main archipel-
ago. In terms of live coral cover contributions to the MHIs, the
top three islands are O‘ahu (23.4% of MHI coral), Hawai'i
(18.5%), and Maui (17.1%), which collectively account for 60%
of all live coral cover (Table 1 and Fig. 24). However, algal cover
is also highest off O‘ahu, resulting in the lowest proportion of
live coral (12%) per unit reef substrate in the main archipelago
(Fig. 2B). The second largest system is the fringing reef of
Hawai‘i Island, which covers 5,486 ha of reef substrate, with
922 ha (17%) of this area comprising live coral. On a reef sub-
strate basis, Hawai‘i Island has proportionally more live coral
than any other island, and 42% more than the lowest ranking
island of O‘ahu (Fig. 2B).

Coral Mapping Validation. Field-measured live coral cover was
highly correlated with live coral estimates derived from airborne
mapping (R* = 0.94; Fig. 3 and SI Appendix, Fig. S3). The
root-mean-squared error (RMSE) between field and airborne
results was 0.08, with 6% and 11% of the 1132 field transects
falling beyond one and two RMSE units, respectively, from the
1:1 line against airborne measurements. In most cases, points of
disagreement fell above the 1:1 line, indicating that the airborne
method underestimates more often than overestimates live coral
cover. There was no significant difference in validation results
between windward and leeward field sites (SI Appendix, Fig. S4),
reducing concern that the performance of the mapping could be
disproportionally affected by windward coastlines with typically
stronger winds and larger waves.

Geospatial Variation in Live Coral. Live coral cover showed a highly
variable spatial arrangement at intraisland and interisland scales
(Fig. 4). Variogram-range maps revealed that most reefs contain
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live coral cover that varies at high spatial frequency, often less
than 100 m, indicated by low range values (Fig. 44). However,
this background condition is punctuated by stretches of reef with
relatively uniform live coral cover. Importantly, large stretches of
reef along O‘ahu and Kaua'i show high variogram-range values
because live coral cover is consistently low. By contrast, Hawai'i
Island is characterized by high-frequency shifts in live coral cover
along nearly all of its coastline, where live coral cover is pro-
portionally much higher (Fig. 2). Variogram-sills represent the
baseline variation in live coral cover between areas on an island
that are far enough apart to lack any shared local environmental
controls. O‘ahu is largely uniform with the exception of Kane‘ohe
Bay in the northeast and northwestern portions of the island
(Fig. 4B). In contrast, Lana‘i and Kaho'olawe are among the
most variable in terms of live coral cover (Fig. 4C).

Live Coral Hot Spots. We identified 20 reef sites ranked by live
coral cover, each over a contiguous area of at least 10 ha, across
the main archipelago (Fig. 54). The highest density of live coral
hot spots occurs on Hawai'‘i Island, followed by Maui, Kaho‘olawe,
Moloka'‘i, and Lana'i. A single hot spot of high coral cover was also
found on O‘ahu and Ni‘ihau. Kaua'i failed to make the top 20 live
coral hot spots.

Among the top sites with the highest live coral cover areas,
seven occur along Hawai'i Island, with five of those along the
leeward west Hawai'i shoreline and two near the city of Hilo on
east Hawai'‘i Island (SI Appendix, Table S1). Based on absolute
live coral cover, the top site is Kiholo Bay, averaging about 33%
live coral cover off NW Hawai‘i Island (Fig. 5B). Another
standout is Papa Bay, based partly on average coral cover (27%),
but particularly in terms of coral cover uniformity, with a spatial
SD of live coral cover of just 13% (SI Appendix, Table S1). In-
dependent of coral cover uniformity, each of the topmost 10 sites
contain subsections of reef with at least 1 ha of reef exceeding
80% live coral cover.

Live Coral Drivers. Our machine learning analyses revealed mul-
tiple contributors to the spatial distribution of live corals
throughout the MHIs (Fig. 6). The model accounted for 90% of
the overall geospatial variation in live coral cover, indicating that
the land-sea variables used in the model were appropriate in
explaining the live coral map. Many of the factors included in the
model were measurably important to model accuracy, but water
depth, maximum wave power, and nearshore development exerted
the strongest influence (permutation reduced model R* by 0.62,
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Fig. 3. Field verification of airborne live coral cover mapping across four

Hawaiian islands (n = 1,132 transects). ASU, Arizona State University field
sites; DAR, State of Hawaii Division of Aquatic Resources field sites.
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Fig. 4. Geospatial variation in live coral cover for the Main Hawaiian Is-
lands. Semivariogram (A) range and (B) sill are shown at the Top and Bot-
tom, respectively. (C) Island-scale semivariograms in the Inset graph.

0.37, and 0.34, respectively) on the spatial variation in live coral
cover to a depth of 16 m.

Examination of model partial dependency indicated that water
depth has a hump-shaped relationship with live coral cover at the
scale of the eight MHIs, with maximum cover in the 4- to 8-m
range (Fig. 7). This relationship, including a large decrease in the
relative importance of water depth on live coral at about 11-m
depth, was confirmed during our assessment of patterns within a
field validation dataset covering all MHIs from a 2003 coastal
habitat mapping project of the National Oceanic and Atmo-
spheric Administration (15). We caution, however, that these
trends in controls on live coral only extend to our maximum
mapping depth of 16 m, and should not be construed as repre-
senting the role of these drivers on deeper corals outside of our
mapping capability.

At the scale of the entire eight MHIs, maximum wave power
and nearshore development are positively and negatively asso-
ciated with live coral cover, respectively. Additional factors re-
lated to the archipelago-wide geography of live coral cover
included sea surface chlorophyll-a concentration (positive rela-
tionship), average sea surface temperature (negative), and av-
erage wave power (positive). It is often said that wave power and
live coral cover are negatively related, which was true in our
analyses for the islands of Hawai‘i, Maui, and Lana‘i (SI Ap-
pendix, Fig. S5). However, that was not true for the islands of
Oah‘u or Kaua‘i, or at the archipelago scale, where repeated
bleaching and coastal development have removed large tracts of
live coral from leeward areas of low wave power.

33714 | www.pnas.org/cgi/doi/10.1073/pnas.2017628117

Discussion

Our mapping approach reveals intrareef and interreef differ-
ences in live coral distributions with implications for a range of
conservation and management efforts. First, an archipelago-
scale live coral map has the potential to guide coral restoration.
Across the MHISs, interisland differences in live coral cover result
from a combination of substrate availability related to island age
and both land- and reef-use history. Some islands, such as O‘ahu,
have enormous amounts of reef substrate but are presently
dominated by algal cover resulting from the accumulated effects
of land and sea use (16). Successful restoration is predicated
upon sufficient coral propagation and outplanting combined with
mitigation of drivers of ongoing coral loss, particularly those
related to reef use and coastal development (17, 18). Coral
outplanting alone is a highly complex undertaking currently with
limited impact; a global study of more than 500 coral outplants
found that only two-thirds survived to the 1-year mark, after
which survivorship decreased (8). Given our limited ability to
predict where temperatures and water quality will best fit reef
restoration, a shortcut could focus on effort in areas with some
remaining coral cover, indicating that survival remains viable.
Nonetheless, restoration plans must be met with actions to miti-
gate factors that have reduced live coral cover in the past (19, 20).
Our geospatial modeling analysis suggested that, beyond natural
factors such as water depth, live coral cover in the Hawaiian Is-
lands is highly regulated by nearshore development.

In parallel to actions undertaken to mitigate negative land—sea
impacts on live coral cover, special attention can be focused on
the subset of reefs harboring high densities of coral that have
thus far survived ocean warming and coastal activity. Our ap-
proach identifies these “potential” refugia, with intersite and
intrasite comparative data at high resolution at full jurisdictional
scale. Doing so affords a ranking of sites based on resilient coral
cover as well as reef accessibility, current protections, and
land-sea interactions. Underlying causes of living coral resis-
tance likely range from genetics to protective environmental
conditions. For example, Kiholo Bay has the highest live coral
cover mapped in the MHIs, which coincides with cool subsurface
groundwater discharge (21) (SI Appendix, Table S1), perhaps
affording protection against marine heat waves (22). By contrast,
live corals of Papa Bay may remain protected on a submerged
volcanic shelf with twice the water depth of Kiholo Bay, also
providing a thermal refuge. Independent of specific reasons for
potential refugia, these maps help generate hypotheses and
management-relevant questions for further investigation.

The locations of these potential coral refugia ultimately play a
role in determining regional-scale resilience of the entire reef
system, particularly in the context of biological source-sink re-
lationships between reefs. Along west Hawai'‘i Island, for exam-
ple, reefs with the highest coral cover are widely separated (Figs.
1 and 5). Interspersed among these high coral cover reefs are
extensive areas with low-to-moderate coral cover (Fig. 1). Ocean
currents are seasonally variable along the west Hawai‘i Island
coastline, but the predominant flow is latitudinal, with diver-
gence in the north and south directions occurring roughly at the
midpoint of the coastal system (SI Appendix, Fig. S6). These
currents provide reef-to-reef transport of coral, fish, and inver-
tebrate larvae, particularly in surface biological slicks (23). Such
biological transport serves as a functional nervous system to the
entire reef complex (24), and coral refugia may be contributors
to the resilience of this large-scale system.

Patterns of interisland and intraisland variation in live coral
cover revealed in our study provide input to resource manage-
ment and decision-making efforts to conserve remaining areas of
high-quality reef, while supporting plans for improving reef re-
siliency and applying restoration throughout the Hawaiian Is-
lands. In 2016, the State of Hawaii created the Marine 30 x 30
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Fig. 5. (A) Top 20 reefs (red and yellow dots) based on live coral cover
density, with the top 10 (red dots) matching S/ Appendix, Table S2. (B) Zoom
maps of the top five live coral cover sites in the Main Hawaiian Islands: (1)
Kiholo Bay; (2) Keawaiki; (3) ‘Anaeho‘omalu; (4) Keaukaha; and (5) Papa Bay,
all of which are on Hawai'i Island.

Initiative, an effort to place at least 30% of reefs in the main
archipelago into active management (25). Currently, just 6% of
reefs are actively managed. The live coral maps assist this ini-
tiative in at least three complementary ways. First, marine pro-
tections applied to potential coral refugia can create biodiversity
banks for the future. Second, areas of moderate live coral cover
can be targeted for activities that mitigate land—sea stressors,
while planning for large-scale coral reef restoration. Finally,
areas of extremely low live coral cover may be difficult to manage
using currently available techniques.

High-resolution maps of current live coral cover are a spatially
explicit, quantitative baseline against which future conservation
performance assessments can be made. Beyond a limited one-
time assessment, conservation and management actions will
benefit if live coral mapping can be done on a repeat basis.
Repeat mapping can improve the determination of coral per-
sistence, particularly to ascertain whether such areas truly con-
stitute formal refugia in the face of land—sea stressors including
increased frequency and intensity of marine heat waves (4, 26).
Repeat live coral mapping will also help to determine the effi-
cacy of reef management and coral restoration programs. As-
sessment of net change, both in areas of coral outplanting as well
as in comparing outplanting efforts with natural background
variability, could assist in applying scarce resources to coral reef
management.

Asner et al.

The need for continued in situ measurements, whether from
traditional fieldwork or camera-based mapping (27, 28), will
continue to be central to ensuring the accuracy and interpreta-
tion of the large-scale high-resolution live coral mapping we have
generated. However, our mapping capability can be repeated at a
cost of less than $4 USD per hectare if operated at the scale of
the shallow reefs of the entire MHIs. The natural, economic, and
cultural significance and value of these reefs, exceeding a billion
US dollars per year (29, 30), suggests that large-scale live coral
monitoring is warranted in support of management activities
intending to increase reef resiliency and ecosystem sustainability.

Methods

Airborne Mapping. We used the Global Airborne Observatory (GAO) (formerly
Carnegie Airborne Observatory) (31) to collect mapping data from January 2
to February 4, 2019. To maximize data consistency, airborne operations were
performed from 0830 to 1100 local time. To reduce the influence of sky
conditions, surface glint, and ocean swells, the coastline covered during
each day of operations was determined by monitoring cloud presence and
water surface quality. The GAO collected data from multiple coaligned in-
struments, two of which were used directly for live coral mapping: a high-
fidelity visible-to-shortwave infrared (VSWIR) imaging spectrometer and a
dual-beam light detection and ranging (LiDAR) scanner (31). In addition, we
used a 60-megapixel digital camera to assess and manage sea surface glint
levels during flight. A precise position and orientation system enabled the
computation of aircraft trajectory to within 5 cm (RMSE) during all flights.
Global Positioning System (GPS) timing data were collected during flight by
all three instruments, and this information, along with known position and
instrument boresight offsets, allowed precise back-computation of position
and orientation for the receiver of each instrument.

During flight, instrument settings were set for the planned nominal flight
altitude of 2 km above the sea surface. Flightlines were spaced to achieve
50% overlap in VSWIR spectrometer coverage. Aircraft groundspeed was 130
to 140 kt. LIDAR pulse frequency was set to 200 kHz (100 kHz per laser) and
scan frequency was 34 Hz with a field of view of 38°, allowing 2° of buffer on
each side of the spectrometer field of view of 34°, achieving a nominal pulse
density of more than 4 pulses-m~2. The digital camera provided more than
60% side overlap between flightlines.

Data Processing. After airborne collection, data from all three instruments
were orthorectified and both radiometrically and atmospherically corrected.
The raw LiDAR point cloud data were converted to a 1-m resolution digital
surface model (DSM) by interpolating between the first returns from each
pulse. A sufficient number of returns from the infrared (1,064 nm) LiDAR
beams reflected by the water surface were recorded to allow the production
of an interpolated water surface elevation map.

The VSWIR spectrometer sampled at a rate of 100 frames:s~'. The raw
spectrometer data collected onboard the GAO were first converted to ra-
diance using laboratory calibration data collected before the campaign. The
radiance data contain 427 spectral channels covering the wavelengths be-
tween 350 and 2,500 nm in 5-nm increments. With the LIiDAR DSM and
known position, orientation, and camera lens model for each instrument,
the three-dimensional position of each spectrometer and digital camera
pixel was ray-traced to the sea surface level. Using the LiDAR-derived ob-
servation angles and elevation as inputs, we performed atmospheric cor-
rection with a modified version of the ATREM model (32, 33).

Orthorectification of each flight line was adjusted for water refraction and
depth. We used a neural network deep learning model to compute depth for
each flight line (34). Then for each spectrometer pixel, the at-surface view
zenith angle, ¢,, was modified for refraction at the air-water interface to
get below-surface zenith angle, ¢, using Snell’s law and standard refractive
indices for water and air, respectively. From the original sea surface location,
this angle was traced to the modeled ocean floor depth to get a new three-
dimensional position for each spectrometer pixel representing the pixel lo-
cation on the seafloor. With the location of each spectrometer pixel known,
individual flight lines were mosaicked together using a strategy of minimum
glint, where glint is defined as the average reflectance value for the five
spectral bands covering the wavelengths 890 to 910 nm for each pixel. For
each mosaic map pixel location, data from the flight line with the lowest
glint at that location was kept.

Model Training Data. Training data for the deep learning model were taken
from multiple sources. We collected 979 RTK-GPS field points along the West

PNAS | December 29,2020 | vol. 117 | no.52 | 33715

www.manaraa.com

SUSTAINABILITY

SCIENCE


https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2017628117/-/DCSupplemental

Downloaded at Palestinian Territory, occupied on November 30, 2021

Water Depth
Maximum wave power
Nearshore deve\opment
Average Ch\orophy\l-A
Average SST
Non-commercial catch

Average wave power

Commercial catch

Average PAR

Total effluent

Coarse rugosity

Fine rugusﬂy

....................
““““ :
“““““ '
:

Reduction in R? from Model Permutation

Fig. 6. Relative importance of factors related to live coral cover throughout the eight Main Hawaiian Islands. PAR, photosynthetically active radiation; SST,
sea surface temperature. Plus (+) and minus (-) symbols indicate the relationship of the driver variable with live coral cover. See S/ Appendix, Table S1 for

model data information.

Coasts of Hawai'‘i, Maui, and O‘ahu, each identifying a point over a live coral-
or algal-dominated surface. In addition, 36,067 points were added from
imagery over clear and obvious sand and nonbenthic objects such as low
clouds, breaking waves, and surface-exposed bare rock. We also incorpo-
rated high live coral cover from field-based transect data, described in the
next section. While the positioning of the transect data was not precise
enough to use as point inputs to the deep learning model, spectrally uni-
form areas under some of these transects were outlined (<10 x 10 m), and
reflectance spectra were averaged within these regions and given the live
coral cover value for the given transect. This was done for 208 transects,
which were partitioned by percentage of live coral cover as follows: 30 at
0%, 192 at 5%, 37 at 5 to 25%, 18 at 25 to 50%, and 31 at >50%.

In a similar manner, we used publicly available validation data from a
coastal habitat mapping project of the National Oceanic and Atmospheric
Administration (15). These 3,021 samples were collected by divers, under-
water viewers, and drop cameras at locations across all Hawaiian Islands. The
positional accuracy of these data as well as the temporal delay since col-
lection precluded their use directly as point training data for this model.
Again, spectrally uniform areas from 124 of the points were averaged and
assigned the proportional cover types in the dataset. These points were
partitioned by percentage of live coral as follows: 77 at 0%, 14 at 10%, 15 at
20 to 30%, 21 at 40 to 50%, and 42 at >50%.

Model Training. We used the TensorFlow package in Python (35) to train a
feed-forward neural network model with 150 VSWIR spectrally contiguous
bands of reflectance data (380 to 1,130 nm to distinguish both benthic and
nonbenthic targets) as well as matching GAO depth as input. The model
architecture included a 151-node input layer, along with three dense
hidden layers of 2,000, 2,000, and 500 nodes, respectively, with a dropout
layer of ratio 0.2 between each of the hidden layers. All dense hidden
layers used a RELU activation function. Finally, a four-node output layer
was used, one each for proportion of sand, live coral cover, algal cover,
and “other,” using a sigmoid activation function. Here, algal cover is de-
fined as a combination of strong light-absorbing turf algae and weaker
light-absorbing macroalgae. This final sigmoid activation function ensured
that the output values for each class ranged from 0.0 to 1.0. However, this
did not force the sum total of the four classes’ predictions to be 1 (or 100%
cover). Because of the unbalanced training data and the need for the four
outputs to sum to unity, we created a custom loss function that returned a
sum of three components:

1._A weighted mean square error (MSE) across all classes, with class weights
1.10, 1.10, 0.95, and 0.85 for sand, live coral cover, algal cover, and
“other,"” respectively:
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During model execution, 80% of the above-described field data were used
for training, and 20% were used as stopping criteria and test set. We used
the ADAM optimization algorithm (36) to fit the network coefficients to the
training data, with an automatic stop determined as no improvement in the
validation set loss value in 15 epochs. The model required 156 epochs to
reach this optimization criterion, with the overall unweighted MSE across all
classes settling at 0.0324. Individual class MSE values from the test set were
0.0355, 0.0314, 0.0383, and 0.0083 for the sand, live coral cover, algal cover,
and “other” classes, respectively.

Maps of live coral, algal cover, and sand cover were derived for more than
95% of reefs of the MHIs to a depth of 16 m. These maps were mosaicked for
each of the MHIs at 2-m resolution. When applied at full MHI scale, spec-
troscopic errors due to atmospheric and water anomalies (rough and high
turbidity conditions) caused some noticeable coral overprediction artifacts
from the model extrapolating. To mitigate these artifacts, a second Gradient
Boosting Model (GBM) (37) was used solely as a check on the live coral cover
prediction results from the neural network model. Training and testing of
the GBM were carried out with the same input data using the same training/
validation split used for the network model, with the exception that only the
live coral cover values were used as a response variable. The GBM was per-
formed using the Scikit-Learn Python package (38) with the number of re-
gressors set to 500 (determined using a grid search optimization approach).
Other model metaparameters were left at their default values. The MSE for
live coral cover on the test set was 0.0386, which was higher than the neural
network model, and the predicted live coral cover was generally lower in the
GBM than the neural network model. However, visual assessment of output
maps suggested that patterns of live coral cover were sufficiently similar
between maps and, importantly, the GBM model lacked overprediction
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Fig. 7. Partial dependency plots showing relative differences in live coral
cover for the top three land-sea drivers in our analysis from Fig. 6. (4) Water
depth; (B) maximum wave power; and (C) an index of nearshore development
index.

artifacts in the same places. Thus, the GBM maps could serve well as a check
for overprediction artifacts in the neural network model-based maps.
Maps with most artifacts removed were produced using the following
function of the live coral values from the two models, using a cutoff value for
the difference between the models of 0.65 that was determined by iteration:

Yenn<Yc,Gem + 0.65

v = YeNNy
¢ otherwise

Ye,GBM:

When predicted live coral value was changed in this way, the reduction in
cover, yenn — Ye,gem, Was reallotted proportionally to the other three classes,
sand (s), algal (m), and “other” (o) based on their previous contribution to
the total cover of the given pixel, i.e., the following:

Yi

yi=yi+ m (,Vc,NN - ,Vc,GBM) vie([s, m,o].

Field Validation. From August to November 2019, we carried out diver-based
transect surveys to assess error in mapped live coral cover estimates. At each
site, we conducted one 25-m transect along three isobaths of 5-, 10-, and 15-
m depth. When deeper isobaths were not possible, we generated transect
replicates at available isobaths at each site. Divers recorded benthic com-
position every 0.25 m to species level for living taxa and recorded all non-
living substrate. We took GPS coordinates at the start and end of each
transect with a Garmin eTrex 30x (Garmin Ltd.). An Arizona State University
(ASU) set of 129 transects on Hawai'i Island had a depth breakdown of <5 m
(n=2),5to 10 m (n =48), 10 to 15 m (n = 49), and >15 m (n = 30) (5/
Appendix, Fig. S3). These transects generated 129 mean live coral cover
estimates that were geospatially aligned with the airborne imaging
spectrometer data.

In addition to ASU field data, we also incorporated transect data
collected in October to November 2019 by the Hawai‘i Department of

Asner et al.

Land and Natural Resources, Division of Aquatic Resources (DAR). The
DAR data were also collected using 25-m transects at depths ranging
from <5 to >15 m on the islands of Hawai‘i (n = 28), Maui (n = 297),
Moloka‘i (n = 29), and O‘ahu (n = 649). The depth breakdown of the DAR
data were <5 m (n = 763), 5 to 10 m (n = 153), 10 to 15 m (n = 86),
and >15 m (n = 1). The DAR transects were also located using handheld
GPS units, and the data were averaged by transect to generate a total of
1,003 live coral cover estimates for comparison to the airborne data.
Combined, the ASU and DAR data totalled 1,132 transects on four islands
(S Appendix, Fig. S3).

Geospatial Analyses. We next assessed the spatial patterning of live coral
between and within the MHIs using empirical variograms. We broke the live
coral map for each island into a grid of 500 x 500 pixels (1-km) cells. Because
of the additive nature of the variogram variances, we computed one for
each island using sample-size weighted averages of the individual lag vari-
ances across grid cells into a single variogram. This methodology provided
the additional benefit of generating information about the variation in
spatial patterning within each island. For each 1-km grid cell, an empirical
variogram was computed with the GeoStats package (39) in the Julia pro-
gramming language (40), using 40 lag steps and a maximum lag of 500 m. A
variogram model was fit to the empirical variogram for each grid cell to
derive sill, nugget, and range parameters. An island-wide empirical vario-
gram was computed as a weighted average of the variograms from all grid
cells from that island, where the weight for each cell was the number of
valid live coral observations separated by the given lag distance within
that cell.

Land-Sea Driver Modeling. We used 14 land-sea environmental maps avail-
able for the MHIs to assess the relative importance of environmental and
human factors on the mapped distribution of live coral (S/ Appendix,
Table S2). These maps included the water depth and three benthic surface
metrics derived from the GAO (34): planar curvature computed using a
3 x 3 pixel (6 x 6-m) moving window, “fine” planar rugosity computed
using a 9 x 9 pixel (18 x 18-m) moving window, and “coarse” planar ru-
gosity computed after upscaling the depth data to 6 m with a mean filter,
using a 9 x 9 pixel (54 x 54-m) moving window (41). We also used several
datasets derived by the Ocean Tipping Points project (9): average and
maximum ocean wave power (42); average annual commercial and non-
commercial fishing catch (43); nearshore development (44); average and
maximum sea surface temperature (45); average photosynthetically ac-
tive radiation (PAR) and chlorophyll-a concentration (46); and total pol-
lutant effluent (9). We tested the validity of including sea surface
temperature anomalies and degree heating weeks as potential drivers of
2019 live coral cover. We found that the massive 2015 marine heat wave
dominated the temperature anomaly maps, and that event had also
dominated the eastern side of the MHIs (Hawai‘i and Maui) where coral
cover is naturally higher (S/ Appendix, Fig. S7). This generated a spurious
result relating higher temperatures to higher coral cover on the time and
space scale of this study.

To better match the resolution of these land-sea factors, the GAO live
coral cover maps were coarsened to 30-m resolution using a mean filter.
All input factors were resampled to match this resolution using cubic
spline interpolation. We randomly selected 80,000 30-m pixels from the
eight MHI coastlines, covering 7,200 ha of mapped reef, to carry out the
modeling analyses. Modeling was carried out using a Random Forest
Machine Learning approach (47) with the Scikit-Learn Python package
(38). A full grid search was performed to find the best metaparameters
for the model, and the optimal settings were 2,000 estimators, one
sample per leaf, two samples per split, and four features scanned at each
split. This model achieved an R? = 0.90. We assessed the importance of
each variable using a permutation-based, R2-reduction metric. For each
input variable, for each of five iterations the values for this variable were
randomly shuffled, keeping values of all other variables intact. Model
predictions were performed using the permuted dataset, and we retained
the difference between the original R? (0.90) and the R? computed from
this permutation. The five difference values were averaged for each
variable to get a single importance value, where larger positive values
indicate greater reduction in R? and, equivalently, greater variable
importance.

Data Availability. Digital mapping data are currently available on Zenodo

(http://doi.org/10.5281/zenodo.4292660) (48). All study data are included in
the article and S/ Appendix.
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