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Background - Importance

Canopy-forming kelps are foundation species

- Structure sub-tidal community.

- Provide food and shelter.

Sequester carbon.

Buffer coastlines from storm energy.

Kelp forests provide vertical 
structure that shapes productive 
and diverse coastal ecosystems 

around the globe.
Source: Arafeh-Dalmau et al., (2020)
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Background - Drivers

Kelp forests are regulated by
bottom-up and top-down controls

Kelp growth requires cold, nutrient-rich, and 
clear water (plus exposed rocky substrate).
Grazers, especially sea urchins, can rapidly 
decimate a kelp forest.

In a healthy forest, the abundance of grazers 
is limited by predators (for US. West coast 

predators are namely sea otters and sea stars).

Severe kelp forests declines 
allow ecosystems to transition 

to a new stable state. 
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Background - Drivers

New York Times
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and c). Absolute mean densities for both organisms stabilized
close to zero, represented by the anomalously low index values
between 2013 and 2018 for sunflower stars and between 2014 and
2019 for bull kelp (Fig. 4c; Supplementary Fig. 2 and Supple-
mentary Table 2). Despite temperature anomalies returning to
near normal distributions (Fig. 2c) and spring nitrate con-
centrations rebounding slightly from minimums observed in 2016
(Fig. 4b), barren conditions likely persist because of a widespread
shift in purple urchin foraging behavior34 (Fig. 4e; slope = 3.1 ±
0.67 m−2 yr−1; p= 0.02) and sustained high densities (mean=
14.8 ± 8.3 m−2) hinder a reversal back to healthy kelp forest state
(Fig. 4e).

Discussion
Northern California kelp forests experienced environmental and
biological perturbations that likely resulted from the combined
effects of (1) the absence of top-down control on urchin popu-
lations during and after the NE Pacific MHW (Fig. 4c), (2) abrupt
and persistent shifts in SST and nutrient conditions across the NE
Pacific MHW that were beyond the physiological thresholds of

optimum bull kelp growth and reproduction, and (3) an eruption
in the population and grazing intensity of the herbivorous purple
sea urchin. Previous work on the dynamics of marine and ter-
restrial ecosystem shifts sheds light on how these transitions in
northern California were initiated by environmental events35,43,44
and preceded by low ecosystem resilience.

Co-varying environmental parameters, including SST and
nitrate concentrations, historically maintained fluctuating yet
stable long-term trends of bull kelp conditions in northern
California (Fig. 4d; p > 0.05). However, differences in the
expression of kelp forest canopy dynamics between two founda-
tional kelp genera across the NE Pacific MHW highlights that the
annual life cycle of bull kelp makes them particularly sensitive to
acute stressors36, such as MHWs and prolonged nutrient deplete
conditions (Fig. 2 a–c). This is evidenced by the fact that the
stepwise decline in northern California bull kelp canopy area
across the NE Pacific MHW was not observed in giant kelp
(Macrocystis pyrifera) canopy biomass at a regional scale in
southern California19 and northern Baja California19,20,24. These
observations suggest that giant kelp responded strongly to the
NE Pacific MHW as a function of the genera’s physiological

Fig. 4 Temporal trends of important environmental and biological drivers of ecosystem change in northern California kelp forests. Standardized indices
of (a) bull kelp canopy coverage, MHW days, purple urchin density, and sunflower star density where data are available. Standardized indices overlaid with
Ordinary Least Square Regression (OLSR) fits (except in 4c 2003–2013 where a second degree polynomial LSR is applied) prior to and after the NE Pacific
MHW for (b) bull kelp canopy coverage and nitrate concentration, (c) sunflower star density, (d) MHW days, and (e) purple urchin density. See
supplementary data for detailed LSR results and error statistics (Supplementary Fig. 2 and Supplementary Table 2).

COMMUNICATIONS BIOLOGY | https://doi.org/10.1038/s42003-021-01827-6 ARTICLE

COMMUNICATIONS BIOLOGY | ����������(2021)�4:298� | https://doi.org/10.1038/s42003-021-01827-6 | www.nature.com/commsbio 5

SSWS onset

McPherson, Finger, Houskeeper, Bell, Carr, Rogers-
Bennett, & Kudela (2020) Communications Biology.

In 2013-2014, a severe Sea Star Wasting Syndrome (SSWS) 
event decimated west coast sea star populations.
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Background - Drivers

Fig. 1 Spatial and temporal variability of bull kelp canopy area in northern California from 1985 to 2019. a Sonoma and Mendocino county region of
study and SST domain (Esri World Imagery – Esri, CGIAR, USGS HERE, Garmin, FAO, METI/NASA, EPA, Earthstar Geographics) and inset with a global
map indicating the northern California region with a red star, b annual timeseries heatmap of kelp canopy summed within 90m latitudinal bins. Esri. “World
Imagery” [basemap]. Scale Not Given. “World Imagery Map”. December 12, 2009. https://www.arcgis.com/home/item.html?
id=10df2279f9684e4a9f6a7f08febac2a9. (Jan 26, 2021).

Fig. 2 SST distribution and kelp canopy area in northern California during prominent El Niño and MHW events from 1985 to 2019. Kernel density
functions for SST anomalies during a the 1997/1998 El Niño, b the 2014–2015 NE Pacific MHW event (i.e., ‘blob’ and El Niño), and c relatively normal
conditions before and after the MHW event (2012/2013 and 2018/2019, respectively). Shaded gray areas (a–c) represent ±1 SD from the long-term mean
SST index. Solid black lines (a–c) represent the physiological threshold for bull kelp at 17 °C65 (σ1985!2019 = 3.5) and the NO3 deplete (NO3= 0) threshold
(σ1985!2019 = 0.48). d Kelp canopy coverage through time with relevant oceanographic and biological events overlaid onto the timeseries as follows: a
shaded yellow bar during the 1997/1998 El Niño; a shaded red bar during the 2014/2015 ‘blob’; a shaded orange bar during the overlapping ‘blob’ and
2015/2016 El Niño; a shaded yellow bar during the 2015/2016 El Niño; and a dashed gray line in which SSWD in sunflower stars was first observed in 2013.
Annual error estimates (black error bars) for kelp canopy area were determined using the normalized root mean square error (NRMSE) between CDFW
arial flyover surveys and USGS Landsat imagery66.

COMMUNICATIONS BIOLOGY | https://doi.org/10.1038/s42003-021-01827-6 ARTICLE

COMMUNICATIONS BIOLOGY | ����������(2021)�4:298� | https://doi.org/10.1038/s42003-021-01827-6 | www.nature.com/commsbio 3

Kelp is resilient to individual stressors. Multiple stressors may push kelp past a tipping point. 

McPherson, Finger, Houskeeper, Bell, Carr, Rogers-Bennett, 
& Kudela (2020) Communications Biology.

El Niño
El Niño

“Blob”SSWS



2003 to 2012 in the Gulf of Alaska (0.085) and Southern California
Bight (0.018) (Fig. 2). Large uncertainty in the posterior rate esti-
mates of the remaining ecoregions precluded conclusions regarding
the direction of trends (Figs. 2 and 3 and SI Appendix, Figs. S1 and
S2). As a result, 35% of ecoregions were inferred not to exhibit
strong evidence of a directional change.
Our analysis detected a global average decline (i.e., the mean

of site-level slopes is negative, instantaneous rate of change =
−0.018 y−1, n = 1,138 sites from 1952 to 2015) (Fig. 4) that was
an order of magnitude smaller than the largest proportional rate
of change observed regionally (−0.177 y−1 in Agulhas Bank).
Although the majority of the dataset was composed of relatively
short-duration studies (71% were <20 y in duration) (SI Ap-
pendix, Fig. S3), the negative global trend detected by our
analysis was most strongly influenced by declines detected in
datasets that were collected over time periods longer than 20 y
(SI Appendix, Fig. S4) in 10 ecoregions (Scotian Shelf, South
Australian Gulfs, North Sea, Gulf of Maine, North-Central
California, Celtic Seas, North Sea, Southern California Bight,

Aleutian Islands, and Southern Norway). Slope estimates asso-
ciated with time series shorter than 20 y had higher variability,
and more commonly showed no directional change (SI Appendix,
Fig. S4). The global average trend was also most strongly influ-
enced by ecoregions with the most data (i.e., the Aleutian
Islands, North-Central California, Southern California Bight,
Bassian, Cape Howe, Celtic Seas), and therefore may not be
representative of large portions of the range of kelp where data
were missing entirely (i.e., Eastern Canadian Arctic and West
Greenland Shelf, the Russian Arctic, Cold Temperate Northwest
Pacific, Southern Chile and the Patagonian Shelf, Sahara Up-
welling, Eastern Bering Sea, Southern New Zealand, Great
Australian Bight) (Fig. 1), or where data were sparse through
time and across space (Figs. 1 and 2). Furthermore, although the
earliest data were collected in 1952, the bulk of available data
were collected from the 1990s to the present (Fig. 1 and SI
Appendix, Fig. S3), with the temporal distribution of available
data differing by ecoregion (Fig. 1).

Discussion
Global declines of a focal species group can indicate that the
cumulative effects of single or multiple stressors are over-
whelming the resilience of species throughout their range. The
potential for this decline is considered more likely for species
with slow postdisturbance recovery rates [e.g., corals (38)], those
species that display little seasonal variability in abundance [e.g.,
mangroves (39)], or those species experiencing stressors of suf-
ficiently widespread and high magnitude [e.g., fishes (1)]. How-
ever, for many taxa, globally coherent signals of change are
unlikely when the identity and magnitude of drivers vary widely
on local and regional scales (4, 17, 40), where species and eco-
types within taxonomic groups respond variably to change, or
where abiotic and biotic contexts vary widely across geographic
locations (41). The global average decline detected by our
analysis was modest compared with the large interregional
variability in the trajectories of change exhibited by kelps across
their range. Many ecoregions did not exhibit evidence of di-
rectional change, and for those ecoregions that did, both de-
clines and increases were evident at rates much larger than the
global average. These findings suggest region-specific signals of
global change, with local factors playing a dominant role in
driving kelp forest dynamics.
Many kelp forest ecosystems are naturally highly variable on

both seasonal and interannual time scales, and over small spatial
scales (42–44), reflecting a high reactivity to environmental
drivers and variation in their capacity to resist (45) and recover
from both small- and large-scale disturbances (46, 47). This wide
temporal variation contrasts with other marine foundation spe-
cies such as seagrasses (48, 49) and corals (50), which tend to
hold space for many years and take decades to recover from
disturbance. For kelp, rapid recovery following catastrophic
population losses is enabled by frequent recruitment and fast
individual growth rates; indeed, kelps have some of the fastest
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Fig. 3. Modeled slopes (instantaneous rate of
change per year) and associated probability (Bayesian
probability cutoff) for each ecoregion (n = 8,846 data
points from 26 ecoregions). Slope magnitudes are
shown as colored shading of ecoregions, whereas
probability is demonstrated using the thickness of
ecoregion outlines.

Fig. 2. Modeled ecoregion slopes (instantaneous rate of change per year)
and 90% credible intervals for the full dataset (n = 8,846 data points from
26 ecoregions), with variable temporal coverage in each ecoregion, and
by decade (1983–1992, 1993–2002, and 2003–2012). Ecoregion means are
colored red if the 90% credible intervals (i.e., high probability) do not
overlap zero.

Krumhansl et al. PNAS | November 29, 2016 | vol. 113 | no. 48 | 13787
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Global trends in kelp forest health are mixed 

Source: Krumhansl et al., (2016)
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Background – Global Status
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Background - Distribution

Distribution of Giant 
Kelp

Source: Macaya & Zuccarello, 2010

~15,000,000 
years ago

~20,000 years ago
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Remote monitoring of kelp forest ecosystems.
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Methods - Overview

Giant kelp blades lie very near 
the surface of the water and 
reflect near infrared light.

Detectable using high-spatial 
resolution satellite imagery with 

a near-infrared channel.
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Methods - Manual

the nearshore zone are particularly important in regions where kelp predominantly forms
fringing canopies closer to the shoreline.

Quantitative comparison of the DTM and FF8 methods was performed by aggregating
kelp-containing pixels to their nearest 1 km coastline segment and comparing the number of
classifications within each segment with the corresponding number of expert classifications.
Validation results are presented in Fig 4 using all available manually classified imagery, with
the DTM approach using the TM, ETM+, and OLI sensors shown in panels A, B, and C,
respectively. Panel D shows the FF8 approach using the TM and OLI sensors overlaid, due to
the lower total number of available matchups. No ETM+ matchups were available for coinci-
dent FF8 data products and expert-annotated imagery.

Across all sensors, the DTM approach produced higher R2 and lower RMSE, expressed as a
percentage of the range in the expert-annotated coastline aggregates, compared to the FF8 data
products. For consistency, the challenging nearshore pixels that were masked for the DTM
data products were also removed in the validation of the FF8 aggregates. Biases of the FF8 data
products within individual matchup scenes were greater in magnitude than those of the DTM
data products, but occurred in both directions across scenes. Optimizing sensitivity and

Fig 3. Comparison of kelp classification methods. A pseudo-color scene of East Falkland is shown in the upper left panel with expert kelp
classifications indicated in green. The figure inlays show various automated and manual methods, as well as non-annotated imagery, for a smaller
spatial region, as follows: (A) manual classifications performed on a single OLI scene by an expert technician; (B) pseudo-color (NIR/red/green) image;
(C) DTM automated classifications of a single OLI scene; (D) DTM automated classifications of a single ETM+ scene; (E) FF8 consensus classifications
of OLI imagery during 2017; and (F) KD automated classifications of MSI imagery during 2017.

https://doi.org/10.1371/journal.pone.0257933.g003

PLOS ONE Automated satellite remote sensing of giant kelp at the Falkland Islands (Islas Malvinas)

PLOS ONE | https://doi.org/10.1371/journal.pone.0257933 January 6, 2022 9 / 20

Houskeeper, Rosenthal, Cavanaugh, Pawlak, Trouille, 
Byrnes, Bell, & Cavanaugh (2022) PLoS ONE.

Pseudo ColorExpert (manual)

Landsat (OLI) image of East Falkland
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Methods – Floating Forests

Houskeeper, Rosenthal, Cavanaugh, Pawlak, Trouille, 
Byrnes, Bell, & Cavanaugh (2022) PLoS ONE.

The Floating Forests project

Citizen scientists use the Zooniverse 
portal to view image tiles and identify 

kelp canopy patches

We apply a consensus threshold per 15 
unique viewers to determine kelp 

presence.

Citizen scientists view RGB imagery, 
with the green band enhanced as a 

function of the NIR band.

Another automated approach based on the difference between NIR and red satellite reflec-
tance observations was also processed within the GEE code editor using open-access code
(github.com/BiogeoscienceslabOxford/kelp_forests). Atmospherically corrected surface reflec-
tance products were obtained from the GEE public data repository for the MultiSpectral
Imager (MSI) aboard the European Space Agency satellite Sentinel-2. Differences between
NIR and red reflectance products were converted to binary presence/absence kelp data prod-
ucts based on predetermined thresholds [4]. The open-access code was adjusted to produce
annual composites, and this dataset is hereafter referred to as KD. The KD dataset is included
for visual comparisons but is not included in the validation analysis, since the algorithm was
not applicable to the Landsat imagery on which the manual, expert classifications were
performed.

Citizen science kelp classifications. Crowd-sourced satellite kelp classifications were
obtained for TM, ETM+, and OLI Landsat imagery (USGS tier 1) through the FF project (floa-
tingforests.org), in which scenes were spatially subset into smaller tiles (⇡2.25 km2), and
color-stretched tile images (red/green/blue) were annotated by citizen scientists through the
Zooniverse citizen science web portal (zooniverse.org), shown in Fig 2. Each tile was viewed
by 15 unique, unskilled observers during the period 2014 to 2020, with classifications recorded
as shape files. Annotated tiles were combined as rasterized (10m resolution) data composites
containing the summed classifications for each pixel within each spatially subset tile.

Tiles were then post-processed using Matlab by rasterizing the shapefiles and then convert-
ing to binary using a consensus classification threshold of 8. The consensus threshold was
selected based on visual inspection of scenes as well as optimization of the Matthew’s Correla-
tion Coefficient—a metric that is relatively insensitive to class imbalance [39]—in comparison
to expert-annotated imagery. Binary classifications that were on land or that were greater than
4.5 km from the nearest coastline were discarded. In general, oceanic consensus classifications

Fig 2. Zooniverse citizen science web portal. The Zooniverse interface in which citizen scientists indicate kelp canopy
locations for the Floating Forests project. A representative tile viewing a portion of East Falkland is shown.

https://doi.org/10.1371/journal.pone.0257933.g002

PLOS ONE Automated satellite remote sensing of giant kelp at the Falkland Islands (Islas Malvinas)

PLOS ONE | https://doi.org/10.1371/journal.pone.0257933 January 6, 2022 7 / 20
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Methods – Floating Forests

the nearshore zone are particularly important in regions where kelp predominantly forms
fringing canopies closer to the shoreline.

Quantitative comparison of the DTM and FF8 methods was performed by aggregating
kelp-containing pixels to their nearest 1 km coastline segment and comparing the number of
classifications within each segment with the corresponding number of expert classifications.
Validation results are presented in Fig 4 using all available manually classified imagery, with
the DTM approach using the TM, ETM+, and OLI sensors shown in panels A, B, and C,
respectively. Panel D shows the FF8 approach using the TM and OLI sensors overlaid, due to
the lower total number of available matchups. No ETM+ matchups were available for coinci-
dent FF8 data products and expert-annotated imagery.

Across all sensors, the DTM approach produced higher R2 and lower RMSE, expressed as a
percentage of the range in the expert-annotated coastline aggregates, compared to the FF8 data
products. For consistency, the challenging nearshore pixels that were masked for the DTM
data products were also removed in the validation of the FF8 aggregates. Biases of the FF8 data
products within individual matchup scenes were greater in magnitude than those of the DTM
data products, but occurred in both directions across scenes. Optimizing sensitivity and

Fig 3. Comparison of kelp classification methods. A pseudo-color scene of East Falkland is shown in the upper left panel with expert kelp
classifications indicated in green. The figure inlays show various automated and manual methods, as well as non-annotated imagery, for a smaller
spatial region, as follows: (A) manual classifications performed on a single OLI scene by an expert technician; (B) pseudo-color (NIR/red/green) image;
(C) DTM automated classifications of a single OLI scene; (D) DTM automated classifications of a single ETM+ scene; (E) FF8 consensus classifications
of OLI imagery during 2017; and (F) KD automated classifications of MSI imagery during 2017.

https://doi.org/10.1371/journal.pone.0257933.g003

PLOS ONE Automated satellite remote sensing of giant kelp at the Falkland Islands (Islas Malvinas)

PLOS ONE | https://doi.org/10.1371/journal.pone.0257933 January 6, 2022 9 / 20

Houskeeper, Rosenthal, Cavanaugh, Pawlak, Trouille, 
Byrnes, Bell, & Cavanaugh (2022) PLoS ONE.

the nearshore zone are particularly important in regions where kelp predominantly forms
fringing canopies closer to the shoreline.

Quantitative comparison of the DTM and FF8 methods was performed by aggregating
kelp-containing pixels to their nearest 1 km coastline segment and comparing the number of
classifications within each segment with the corresponding number of expert classifications.
Validation results are presented in Fig 4 using all available manually classified imagery, with
the DTM approach using the TM, ETM+, and OLI sensors shown in panels A, B, and C,
respectively. Panel D shows the FF8 approach using the TM and OLI sensors overlaid, due to
the lower total number of available matchups. No ETM+ matchups were available for coinci-
dent FF8 data products and expert-annotated imagery.

Across all sensors, the DTM approach produced higher R2 and lower RMSE, expressed as a
percentage of the range in the expert-annotated coastline aggregates, compared to the FF8 data
products. For consistency, the challenging nearshore pixels that were masked for the DTM
data products were also removed in the validation of the FF8 aggregates. Biases of the FF8 data
products within individual matchup scenes were greater in magnitude than those of the DTM
data products, but occurred in both directions across scenes. Optimizing sensitivity and

Fig 3. Comparison of kelp classification methods. A pseudo-color scene of East Falkland is shown in the upper left panel with expert kelp
classifications indicated in green. The figure inlays show various automated and manual methods, as well as non-annotated imagery, for a smaller
spatial region, as follows: (A) manual classifications performed on a single OLI scene by an expert technician; (B) pseudo-color (NIR/red/green) image;
(C) DTM automated classifications of a single OLI scene; (D) DTM automated classifications of a single ETM+ scene; (E) FF8 consensus classifications
of OLI imagery during 2017; and (F) KD automated classifications of MSI imagery during 2017.

https://doi.org/10.1371/journal.pone.0257933.g003

PLOS ONE Automated satellite remote sensing of giant kelp at the Falkland Islands (Islas Malvinas)

PLOS ONE | https://doi.org/10.1371/journal.pone.0257933 January 6, 2022 9 / 20

the nearshore zone are particularly important in regions where kelp predominantly forms
fringing canopies closer to the shoreline.

Quantitative comparison of the DTM and FF8 methods was performed by aggregating
kelp-containing pixels to their nearest 1 km coastline segment and comparing the number of
classifications within each segment with the corresponding number of expert classifications.
Validation results are presented in Fig 4 using all available manually classified imagery, with
the DTM approach using the TM, ETM+, and OLI sensors shown in panels A, B, and C,
respectively. Panel D shows the FF8 approach using the TM and OLI sensors overlaid, due to
the lower total number of available matchups. No ETM+ matchups were available for coinci-
dent FF8 data products and expert-annotated imagery.

Across all sensors, the DTM approach produced higher R2 and lower RMSE, expressed as a
percentage of the range in the expert-annotated coastline aggregates, compared to the FF8 data
products. For consistency, the challenging nearshore pixels that were masked for the DTM
data products were also removed in the validation of the FF8 aggregates. Biases of the FF8 data
products within individual matchup scenes were greater in magnitude than those of the DTM
data products, but occurred in both directions across scenes. Optimizing sensitivity and

Fig 3. Comparison of kelp classification methods. A pseudo-color scene of East Falkland is shown in the upper left panel with expert kelp
classifications indicated in green. The figure inlays show various automated and manual methods, as well as non-annotated imagery, for a smaller
spatial region, as follows: (A) manual classifications performed on a single OLI scene by an expert technician; (B) pseudo-color (NIR/red/green) image;
(C) DTM automated classifications of a single OLI scene; (D) DTM automated classifications of a single ETM+ scene; (E) FF8 consensus classifications
of OLI imagery during 2017; and (F) KD automated classifications of MSI imagery during 2017.

https://doi.org/10.1371/journal.pone.0257933.g003

PLOS ONE Automated satellite remote sensing of giant kelp at the Falkland Islands (Islas Malvinas)

PLOS ONE | https://doi.org/10.1371/journal.pone.0257933 January 6, 2022 9 / 20

Pseudo Color Expert (manual) Floating Forests / Citizen 
Science
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Methods – Spectral Unmixing

Bell, Allen, Cavanaugh, & Siegel (2020) Remote Sensing of Environment.

Decision tree paired with a 
spectral unmixing approach 

evaluates pixel-by-pixel 
fractional canopy coverage.

Recently automated using 
Google Earth Engine (GEE).
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Methods Comparison

the nearshore zone are particularly important in regions where kelp predominantly forms
fringing canopies closer to the shoreline.

Quantitative comparison of the DTM and FF8 methods was performed by aggregating
kelp-containing pixels to their nearest 1 km coastline segment and comparing the number of
classifications within each segment with the corresponding number of expert classifications.
Validation results are presented in Fig 4 using all available manually classified imagery, with
the DTM approach using the TM, ETM+, and OLI sensors shown in panels A, B, and C,
respectively. Panel D shows the FF8 approach using the TM and OLI sensors overlaid, due to
the lower total number of available matchups. No ETM+ matchups were available for coinci-
dent FF8 data products and expert-annotated imagery.

Across all sensors, the DTM approach produced higher R2 and lower RMSE, expressed as a
percentage of the range in the expert-annotated coastline aggregates, compared to the FF8 data
products. For consistency, the challenging nearshore pixels that were masked for the DTM
data products were also removed in the validation of the FF8 aggregates. Biases of the FF8 data
products within individual matchup scenes were greater in magnitude than those of the DTM
data products, but occurred in both directions across scenes. Optimizing sensitivity and

Fig 3. Comparison of kelp classification methods. A pseudo-color scene of East Falkland is shown in the upper left panel with expert kelp
classifications indicated in green. The figure inlays show various automated and manual methods, as well as non-annotated imagery, for a smaller
spatial region, as follows: (A) manual classifications performed on a single OLI scene by an expert technician; (B) pseudo-color (NIR/red/green) image;
(C) DTM automated classifications of a single OLI scene; (D) DTM automated classifications of a single ETM+ scene; (E) FF8 consensus classifications
of OLI imagery during 2017; and (F) KD automated classifications of MSI imagery during 2017.

https://doi.org/10.1371/journal.pone.0257933.g003

PLOS ONE Automated satellite remote sensing of giant kelp at the Falkland Islands (Islas Malvinas)

PLOS ONE | https://doi.org/10.1371/journal.pone.0257933 January 6, 2022 9 / 20

Houskeeper, Rosenthal, Cavanaugh, Pawlak, Trouille, 
Byrnes, Bell, & Cavanaugh (2022) PLoS ONE.

the nearshore zone are particularly important in regions where kelp predominantly forms
fringing canopies closer to the shoreline.

Quantitative comparison of the DTM and FF8 methods was performed by aggregating
kelp-containing pixels to their nearest 1 km coastline segment and comparing the number of
classifications within each segment with the corresponding number of expert classifications.
Validation results are presented in Fig 4 using all available manually classified imagery, with
the DTM approach using the TM, ETM+, and OLI sensors shown in panels A, B, and C,
respectively. Panel D shows the FF8 approach using the TM and OLI sensors overlaid, due to
the lower total number of available matchups. No ETM+ matchups were available for coinci-
dent FF8 data products and expert-annotated imagery.

Across all sensors, the DTM approach produced higher R2 and lower RMSE, expressed as a
percentage of the range in the expert-annotated coastline aggregates, compared to the FF8 data
products. For consistency, the challenging nearshore pixels that were masked for the DTM
data products were also removed in the validation of the FF8 aggregates. Biases of the FF8 data
products within individual matchup scenes were greater in magnitude than those of the DTM
data products, but occurred in both directions across scenes. Optimizing sensitivity and

Fig 3. Comparison of kelp classification methods. A pseudo-color scene of East Falkland is shown in the upper left panel with expert kelp
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Quantitative comparison of the DTM and FF8 methods was performed by aggregating
kelp-containing pixels to their nearest 1 km coastline segment and comparing the number of
classifications within each segment with the corresponding number of expert classifications.
Validation results are presented in Fig 4 using all available manually classified imagery, with
the DTM approach using the TM, ETM+, and OLI sensors shown in panels A, B, and C,
respectively. Panel D shows the FF8 approach using the TM and OLI sensors overlaid, due to
the lower total number of available matchups. No ETM+ matchups were available for coinci-
dent FF8 data products and expert-annotated imagery.

Across all sensors, the DTM approach produced higher R2 and lower RMSE, expressed as a
percentage of the range in the expert-annotated coastline aggregates, compared to the FF8 data
products. For consistency, the challenging nearshore pixels that were masked for the DTM
data products were also removed in the validation of the FF8 aggregates. Biases of the FF8 data
products within individual matchup scenes were greater in magnitude than those of the DTM
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Methods Comparison

Houskeeper, Rosenthal, Cavanaugh, Pawlak, 
Trouille, Byrnes, Bell, & Cavanaugh (2022) PLoS
ONE.
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specificity for the citizen science classifications is possible through adjusting the consensus
threshold. We found that a consensus threshold of 8 was reasonable within the FLK region,
but another study recently found that a consensus threshold of 4 (i.e., more sensitivity) was
more appropriate based on annotated imagery of Southern California waters [30]. Different
optimization results may be due in part to the increased width and offshore extent of the giant
kelp beds in FLK, particularly along the eastern coastline. The different optimization results
may also be due to differences in image processing, because the earlier images available to
Rosenthal et al., (2018) [30] were not atmospherically corrected. Satellite data processing levels
were consistent within each method for this study.

Interannual variability in kelp canopy extent (1985–2021)

Timeseries of total FLK kelp canopy coverage derived from the FF8 and DTM approaches
indicate that the spectral and citizen science approaches show similar temporal patterns and
trends. Annual composites of total kelp canopy area are shown in Fig 5, with DTM data prod-
ucts shown for individual sensors TM, ETM+, and OLI in red, blue, and orange, respectively,
and for a multisensor composite in gray. FF8 data products are shown as an annual,

Fig 4. Validation of automated and citizen science kelp classifications. Validation scatterplots for expert (vertical)
and automated or citizen science consensus (horizontal) classifications of pixels with kelp present per 1 km of
coastline, as follows: (A) validation of TM matchups using DTM; (B) validation of ETM+ matchups using DTM; (C)
validation of OLI matchups using DTM; and (D) validation of OLI and TM matchups using FF8.

https://doi.org/10.1371/journal.pone.0257933.g004
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bright NIR pixels.
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Methods Comparison

We trained a Mask R-CNN model using a U.S.
west coast kelp forest image library (Landsat).

Model applied to develop time series for Baja 
California regions near southern range limit.

Mask R-CNN is a convolutional neural 
network used for image segmentation 

(developed by industry AI researchers)

Marquez, Fragkopoulou, Cavanaugh, Serrão, Houskeeper, & Assis (In Review) Journal of Remote Sensing.

Expert Mask R-
CNN
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Methods Comparison

Preliminary results from 
another image segmentation 
approach using EmbedSeg
model (Lalit et al., 2022).

Collaboration led by 
Ramanakumar Sankar, a

postdoctoral researcher at 
University of Minnesota.

Next steps: Model failing when
channel normalization poor

Model Citizen SciencePseudo color

Model Citizen SciencePseudo color

Training performed using 
citizen science classifications 
from Falkland Islands dataset.
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Remote monitoring of kelp forest ecosystems.

Photo: J. Heller

Results shown are based on the spectral unmixing method, 
unless otherwise stated 
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Regional Results

Houskeeper et al. (2022) PLoS ONE.

Satellite mapping of kelp dynamics

We obtained satellite remote sensing observations of the FLK region using available Landsat 5,
7, and 8 imagery. We extracted kelp canopy area from the Landsat imagery using a citizen-sci-
ence approach [30], as well as the current state-of-the-art automated method [10]. The two dif-
ferent approaches provided redundancy and also allowed us to compare each method using
manual, expert classifications as a validation dataset. Based on the validation results presented

Fig 1. Map of Malvinas or Falkland Islands. The location and coastline of the Falkland Islands (Islas Malvinas) are shown at increasing scale within
panels (A), (B), and (C). Within panel (B), the generalized location and direction of the Antarctic Circumpolar Current (ACC) and the Falkland
Current (FC) are indicated in blue, and the Brazil Current (BC) is indicated in red.

https://doi.org/10.1371/journal.pone.0257933.g001
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Mora-Soto et al. (2021) Journal of Biogeography.

Giant kelp forests in the Falkland Islands were 
surveyed over a century ago by HMS Beagle
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kelp beds in FLK, particularly along the eastern coastline. The different optimization results
may also be due to differences in image processing, because the earlier images available to
Rosenthal et al., (2018) [30] were not atmospherically corrected. Satellite data processing levels
were consistent within each method for this study.

Interannual variability in kelp canopy extent (1985–2021)

Timeseries of total FLK kelp canopy coverage derived from the FF8 and DTM approaches
indicate that the spectral and citizen science approaches show similar temporal patterns and
trends. Annual composites of total kelp canopy area are shown in Fig 5, with DTM data prod-
ucts shown for individual sensors TM, ETM+, and OLI in red, blue, and orange, respectively,
and for a multisensor composite in gray. FF8 data products are shown as an annual,

Fig 4. Validation of automated and citizen science kelp classifications. Validation scatterplots for expert (vertical)
and automated or citizen science consensus (horizontal) classifications of pixels with kelp present per 1 km of
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validation of OLI matchups using DTM; and (D) validation of OLI and TM matchups using FF8.

https://doi.org/10.1371/journal.pone.0257933.g004
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Regional Results

Recent declines possible, 
although a decline with 

similar scale was 
observed in 1985-87.

Citizen science data 
products (green) capture 

similar temporal 
variability.

Houskeeper, Rosenthal, Cavanaugh, Pawlak, Trouille, Byrnes, Bell, & Cavanaugh (2022) PLoS ONE.

multisensor composite in green due to the lower amount of available observations. Datasets
for individual sensors were combined as multisensor composites based on a weighted mean
that incorporated the number of observations available from each sensor within a single year
(see S1 Table). The earliest DTM observations are from 1985, but coverage during this year
only includes the western portion of FLK.

We did not detect significant long-term linear trends in kelp canopy using either the DTM
data products spanning 1985–2021 (P = 0.28) or the FF8 data products spanning 1987–2018
(P = 0.09). Recent declines in kelp coverage were visible for the full FLK region during 2017–
2020, but the magnitude of this recent decline is similar to the range observed in the DTM
timeseries between 1985 and 1987. We also tested for regional kelp canopy trends by evaluat-
ing timeseries of DTM data products aggregated to their nearest 1 km coastline segments.
Considering timeseries results from each 1 km segment by coastline orientation and position,
we did not detect cohesive spatial structure for trends in kelp canopy (S2 Fig). Approximately
3.9% and 8.8% of the 1 km coastline partitions indicated significant (P < 0.01) positive and
negative linear trends, respectively.

We also evaluated potential effects of basin-scale climate indices by testing for lag correla-
tion with annual and seasonal DTM data products. Limiting the lag in the climate index to one
year (i.e., because of the rapid turnover expected for giant kelp populations), no significant
correlation was detected with MEI or other indices.

Using a synthetic nitrate model described in S1 Fig, we found that annual composites of
kelp canopy area were positively correlated to nitrate concentration when nitrate was lagged
by one year, with r = 0.65 (P < 0.01) for the combined FLK region. Correlations derived
between canopy area and synthetic nitrate within individual, 1 km coastline subsets indicated
that positive associations between kelp and lagged nitrate were consistent across most FLK
coastline segments, shown in Fig 6. Similar results were obtained for temperature because of

Fig 5. Timeseries of kelp canopy extent for the combined FLK region. Annual mean total canopy area within the FLK region is shown for DTM data
products using TM (red), ETM+ (blue), and OLI (yellow) individual sensors, as well as a multisensor composite (gray line). FF8 data products are
scaled to a separate y-axis based on the percentage of applicable pixels observed in an individual year, due to spatial patchiness in the FF8 coverage
through time, and are presented as a multisensor composite (green). DTM observations in 1985 only include the western portion of FLK. Yearly
intervals correspond to July of the preceding calendar year through June of the listed calendar year.

https://doi.org/10.1371/journal.pone.0257933.g005
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Canopy area time series for Falkland Islands
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Regional Results

Tests performed at 1km granularity.

Most regions indicated significant positive 
(negative) correlation to nitrate (or 

temperature). 

Regions with weak correlation generally had 
few kelp patches, e.g., San Carlos Waters.

Houskeeper, Rosenthal, Cavanaugh, Pawlak, Trouille, 
Byrnes, Bell, & Cavanaugh (2022) PLoS ONE.

Canopy area correlation with temperature or nitrate

the linear model used to estimate synthetic nitrate, but only nitrate is presented because tem-
peratures in FLK are not anticipated to reach levels associated with thermal stress in giant kelp.

Areas where nitrate correlations were either negative or were not found to be significant
(shaded purple or gray, respectively) were typically in regions with very low or ephemeral kelp
canopy coverage, e.g., inland seas such as the San Carlos waters, shown in the upper right sub-
set panel. Some southern portions of West Falkland also recorded fewer instances of signifi-
cant positive correlation, possibly because differences in coastline morphology, bathymetry,
and wave exposure in West Falkland result in narrower, fringing beds closer to the coastline
than in East Falkland. For example, nearshore canopy is more likely to be removed by our
nearshore mask and may also be more sensitive to wave effects.

Discussion

Automated approaches for remote sensing of giant kelp

The physical and biological characteristics of FLK make this region well suited for satellite
monitoring of giant kelp. For example, FLK kelp beds are relatively wide and extend further

Fig 6. Spatial variability in correlation between standardized canopy extent and modeled nitrate concentration. Correlation coefficients for
modeled nitrate concentrations and DTM standardized canopy extents are shown in purple and green for 1 km coastline subsets. If P� 0.01,
coefficients are instead indicated in gray. Timeseries of select coastline subsets are shown in the figure inlays, with standardized kelp canopy extent
indicated in gray for individual 1 km coastlines and in black for the combined sub-region, and with modeled annual nitrate shown in red. Years are
indicated on the x-axis. The sub-regions included in the figure inlays are indicated with a dashed black line, and correspond as follows: Weddell Island
and adjacent islands (upper left); San Carlos waters (upper right); and Lively Island (lower right).

https://doi.org/10.1371/journal.pone.0257933.g006
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Regional Results

We’ve performed a re-analysis 
of U.S. west coast canopy 
using the data products as 
accessed from KelpWatch.

Recently we’ve partnered with the 
Nature Conservancy to launch an 
interactive data visualization tool:

https://kelpwatch.org/

Bell, Cavanaugh, Saccomanno, Cavanaugh, Houskeeper, Eddy, 
Schuetzenmeister, Rindlaub, Gleason (In Review) PLoS ONE.

https://kelpwatch.org/
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Regional Results

Canopy area along the Monterey Peninsula shows a slow decline with patchy 
recovery compared to the rest of the central California region. 

Bell, Cavanaugh, Saccomanno, Cavanaugh, Houskeeper, Eddy, Schuetzenmeister, Rindlaub, Gleason (In Review) PLoS ONE.
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Remote monitoring of kelp forest ecosystems.

Photo: J. Heller
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Next Steps / Ongoing Projects

Floating Forests
Collaboration with Jarrett Byrnes, 
Isaac Rosenthal, Laura Trouille, 
Tom Bell, Kyle Cavanaugh, and 
many others.

Kelp on the Edge
Pipeline targeting:

Tasmania and New Zealand

KelpWatch
Collaboration with Tom Bell, Kyle Cavanaugh, 
Vienna Saccomanno, Katherine Cavanaugh, Norah 
Eddy, Falk Shuetzenmeister, Nathaniel Rindlaub, 
Mary Gleason, and many others.

Presently on server
Upcoming additions

Google Earth Engine
Continue to develop Google Earth 
Engine pipeline to scale up to new 
regions
Collaboration with Tom Bell, Kyle 
Cavanaugh, Katherine Cavanaugh, 
Alejandra Mora, Mauricio Palacios, 
Erasmo Macaya, and many others.

Upcoming analysis
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Collaborators and Funding

UC Los Angeles
Kyle Cavanaugh
Kate Cavanaugh
Cami Pawlak

UM Boston
Jarrett Byrnes
Meredith McPherson
Isaac Rosenthal

U Victoria
Alejandra Mora-Soto

WHOI
Tom Bell

Zooniverse
Laura Trouille

The Nature Conservancy
Vienna Saccomanno
Falk Schuetzenmeister
Nathaniel Rindlaub
Norah Eddy
Mary Gleason

U Concepción
Erasmo Macaya

Wildlife Conservation Society
Mauricio Palacios

U Algarve
Jorge Assis

U Minnesota
Ramanakumar Sankar

And many others….



Photo: J. Heller

NOCCG Seminar, H.F. Houskeeper, 27 July 2022 28

Thank you

Henry Houskeeper
University of California Los Angeles

hhouskee@g.ucla.edu

mailto:hhouskee@g.ucla.edu
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Regional Results

Resistance: stability following a 
disturbance event.

Resilience: recovery following a 
disturbance event

Data suggests a possible
latitudinal gradient in resistance.

Results from U.S. West Coast re-analysis of spectral unmixing approach. 

Bell, Cavanaugh, Saccomanno, Cavanaugh, Houskeeper, Eddy, 
Schuetzenmeister, Rindlaub, Gleason (In Review) PLoS ONE.
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