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ABSTRACT OF THE DISSERTATION 

 

Spatial Patterns in the Response  

of California’s Kelp Forests to Climate Variability and Extremes 

 

by 

 

Katherine C. Cavanaugh 

Doctor of Philosophy in Geography 

University of California, Los Angeles, 2024 

Professor Kyle C. Cavanaugh, Chair 

 

Kelp forests, like many marine ecosystems, are being exposed to more frequent and 

intense disturbances. Marine heatwaves are major drivers of widespread and sustained kelp 

forest losses, as temperature directly affects the distribution and persistence of populations. 

Heatwave effects have been examined on large scales using satellite-derived data, but there is 

also variability in kelp responses on local to regional scales, driven by marine microclimates 

such as localized upwelling. Field and drone-based monitoring efforts have been employed along 

the California coastline to capture local dynamics, but these surveys only cover samples from 

selected kelp beds. Consequently, field and drone-based datasets represent one end of the spatial 

spectrum for observing kelp canopy response and recovery after disturbance events, 
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while satellite observations represent the other end. Neither method alone can fully resolve both 

local and regional to global-scale dynamics. 

The development of CubeSat constellations has enabled a workaround for these trade-

offs, with global imagery available near-daily at meter-scale. In my first chapter, I develop 

methods to create spatially continuous time series of California kelp population dynamics from 

high-resolution CubeSat data. In my second chapter, I employ these time series to highlight 

local-scale variability in California kelp populations that have been impacted by marine 

heatwave events, helping to better identify areas of concern and understand the drivers of 

heatwave-mediated loss and stability. In my third chapter, I scale these methods to effectively 

map kelp canopy across the state of California. I develop deep learning models for estimating 

kelp canopy presence and apply these models to a time series of CubeSat data. 

My findings contribute new perspectives for addressing and understanding kelp forest 

disturbance regimes. Mapping kelp populations with CubeSat constellation data allowed for the 

identification of areas of vulnerability, providing utility in prioritizing areas for strategic 

protection and restoration. Classifying sections of coastline that supported kelp forests amidst 

marine heatwave events showed the presence of refugia, where subpopulations have been able to 

persist in habitats that are buffered from disturbance. Further, mapping these populations across 

California will allow for the development of new indicators of ecosystem functioning and health. 
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Chapter 1. Introduction 

 Kelp forests support highly diverse ecosystems along temperate global coastlines 

(Krumhansl et al., 2016). Species distributions are spatially and temporally variable (Blanfuné et 

al., 2019), but the productivity and structure of forests enhance the abundance and diversity of 

the dependent community. Anchored to the rocky reef with a holdfast, individuals are buoyed 

towards the ocean surface with gas-filled pneumatocysts, introducing a three-dimensional habitat 

to the local system (Graham et al., 2007b). High rates of net primary production (NPP) 

contribute to a significant source of nutrition for herbivores (Elliott Smith and Fox, 2022) and 

detritus-based food webs as beach wrack (Duggins et al., 1989). There is also evidence that kelp 

forests play a significant role in marine carbon cycles, with the potential to sequester 173 TgC 

via deep ocean export (Krause-Jensen and Duarte, 2016). 

Changing temperature regimes, associated with both climate trends and extreme events, 

have become a threat to global biodiversity (Díaz et al., 2019). Consequently, temperature-

related impacts to kelp forests are of particular concern, as changes in the stability and 

performance of these organisms impact the community and ecosystem as a whole (Staehr and 

Wernberg, 2009). Over the last century, the intensification of marine heatwaves has resulted in 

record-breaking events across ocean basins (Oliver et al., 2018). These events, characterized by 

positive sea surface temperature anomalies that persist from days to months, result in rapid and 

extreme changes to upwelling and nutrient dynamics (Sanford et al., 2019). 

Marine heatwaves have emerged as a primary driver of kelp forest loss, precipitating 

population declines in many global regions (Krumhansl et al., 2016), including certain sections 

of coastal California (Bell et al., 2023; Cavanaugh et al., 2019; Michaud et al., 2022; Rogers-

Bennett and Catton, 2019). Here, in the winter of 2013 to 2014, a large warm-water anomaly 
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formed in the North Pacific that persisted through 2016. This multiyear heatwave was concurrent 

with reduced upwelling and limited nutrient availability, which had negative consequences for 

many ecosystems (Benthuysen et al., 2020; Oliver et al., 2018). Primary production decreased 

along the affected range, and many species of fish, mammals, and birds constricted their 

geographical ranges northward (Cavole et al., 2016). However, impacts to two canopy-forming 

kelps, giant kelp (Macrocystis pyrifera) and bull kelp (Nereocystis luetkeana), were highly 

variable. In some regions (e.g., Santa Barbara), kelp canopy recovered soon after the end of the 

heatwave (Cavanaugh et al., 2019), while in others (e.g., northern California), the effects of the 

heatwave were still apparent several years after the heatwave ended (McPherson et al., 2021).  

California kelp populations are strongly influenced by temperature and nutrient 

conditions (Bell et al., 2015a), making them particularly vulnerable to the extreme nature of 

heatwave events. Therefore, variability in temperature and nutrient conditions during and after 

the heatwave may explain the geographic inconsistencies in observed recovery (Hollarsmith et 

al., 2020). California kelp population dynamics have been examined on large scales using 

satellite-derived data products (Bell et al., 2023, 2020), but there is almost certainly also large 

variability in the response of kelp canopy on local to regional scales, which may be driven by 

marine microclimates, such as localized upwelling (Mora-Soto et al., 2024; Starko et al., 2022; 

Verdura et al., 2021). Field and drone-based monitoring efforts have been employed along the 

coastline to capture these fine-scale changes in local kelp canopy dynamics (Saccomanno et al., 

2023a), but restrictions with cost, time, and data collection inhibit their utility for conducting 

routine kelp mapping efforts across large-scale, continuous landscapes (Gray et al., 2022). 

Mapping kelp canopy coverage within and across coastal ecosystems would allow for the 

identification of areas of vulnerability, providing utility in prioritizing areas for strategic 
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protection and restoration (Hamilton et al., 2022). For example, classifying sections of coastline 

that have supported kelp populations amidst the extreme environmental stressors associated with 

the heatwave may indicate the presence of refugia, where subpopulations have been able to 

persist in habitat that is decoupled from regional climate variability (i.e., deeper, cooler waters) 

(Assis et al., 2016; Davis et al., 2021; Graham et al., 2007a). Kelp in refugia are likely the 

primary source of spores necessary for recolonization, making them important hotspots for 

management. Additionally, information on the underlying drivers of kelp survival can inform 

predictions of kelp forest changes under various climate scenarios, which has been implemented 

in other ecosystems, such as coral reefs (Asner et al., 2017). 

The central goal of this work is to map kelp abundance along the California coastline 

using methods that can adequately spatially capture highly disturbed and fragmented kelp 

forests. Specifically, I developed time series of canopy abundance at fine spatial scales to better 

identify the extent of kelp forest extinction and recolonization after the 2014 to 2016 marine 

heatwave. I employed these time series to characterize kelp populations that were able to persist 

through the disturbance. Finally, I investigated the role of spatial heterogeneity across northern 

California in providing kelp individuals with refuges, such as habitat features that facilitate the 

transport of deeper, cooler water during and after marine heatwave events. 
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Chapter 2. CubeSats show persistence of bull kelp refugia amidst a regional collapse in 

California 

 

This chapter has been accepted in its current form to Remote Sensing of Environment as 

Cavanaugh, K. C., K. C. Cavanaugh, C. C. Pawlak, T. W. Bell, and V. R. Saccomanno. 2023. 

CubeSats show persistence of bull kelp refugia amidst a regional collapse in California. Remote 

Sensing of Environment 290:113521. 

 

Abstract: Bull kelp populations in northern California declined drastically in response to the 

2014-2016 marine heatwave, sea star wasting disease, and subsequently large increases in 

herbivorous purple urchin populations. Despite the regional kelp forest collapse, there were 

small, remnant populations where bull kelp was able to survive. Moderate resolution satellites 

(i.e., Landsat) have been important for creating long-term, large-scale time series of bull kelp 

forests, however, these have been shown to underestimate or entirely exclude refugia due to their 

low densities and proximity to the coastline. While measurements from Unoccupied Aerial 

Vehicles (UAV) are spatially detailed, they are temporally limited and difficult to collect over 

regional scales. The development of CubeSat constellations has enabled a workaround for these 

tradeoffs, with global imagery available near-daily at meter-scale.  

We developed a method for mapping bull kelp canopy across the different sensor cohorts 

in the PlanetScope constellation. This required correcting surface reflectance measurements to 

account for differences in the spectral response functions among the sensors and leveraging the 

temporal frequency of PlanetScope data to increase the automation of classifying kelp canopy in 

imagery with increased noise. Using the PlanetScope derived kelp canopy extents, we identified 
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locations where bull kelp refugia have persisted in northern California. We found that bull kelp 

refugia occupied about 2% of the total available habitat in the region and about 9.4% of the 

average canopy area observed prior to 2014. These areas may be critical to the success of kelp 

forest re-establishment in northern California, which increases their importance for ongoing 

monitoring, conservation, and restoration efforts.  
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2.1. Introduction 

Climate change is reshaping global biodiversity by altering abiotic conditions and 

biological interactions (Rosenzweig et al., 2008). The cumulative effects of contemporary 

climatic trends and local disturbances are exceeding the adaptive capacity and environmental 

tolerance of many organisms (Blowes et al., 2019), and species distributional shifts have been 

widely observed (Chen et al., 2011). There is also evidence that species can retreat to or persist 

in refuge areas that provide protection against environmental stressors, particularly when the 

landscape is heterogeneous (Cacciapaglia and van Woesik, 2015; Verdura et al., 2021). Here, 

subpopulations are likely to experience microclimates that are decoupled from regional climate 

variability or ecological disturbance (Andrew and Warrener, 2017; Dobrowski, 2011). However, 

detecting the existence of these refugia remains challenging, as it requires observations that are 

sufficiently fine-scaled for target species (i.e., less than 1 km; Ashcroft, 2010; Kavousi and 

Keppel, 2018; Keppel et al., 2012).  

Northern California bull kelp (Nereocystis luetkeana) forests constitute an example of an 

ecosystem that is increasingly vulnerable to climate variability. A large marine heatwave 

persisted along the Pacific coast of North America from 2014 to 2016, resulting in widespread 

temperature anomalies of up to 2.5°C (Bond et al., 2015; Oliver et al., 2018). The heatwave 

coincided with mass mortality of sea star species (Harvell et al., 2019), which greatly reduced 

urchin predation by the sunflower sea star (Pycnopodia helianthoides). The combined effects of 

the heatwave and increased grazing pressure precipitated a regional ecosystem shift from bull 

kelp forests to urchin barrens, resulting in deforested clearings ranging from small, meter-scale 

gaps to the complete denudation of entire forests across hundreds of kilometers (Rogers-Bennett 

and Catton, 2019). Despite the presence of expansive urchin barrens, certain sections of coastline 
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have continued to support bull kelp populations throughout northern California (Saccomanno et 

al., 2022).  

Bull kelp is a canopy-forming species, and the floating biomass on the water surface has 

been successfully quantified using aerial and satellite imagery (Finger et al., 2021; Hamilton et 

al., 2020; McPherson et al., 2021; Rogers-Bennett and Catton, 2019; Saccomanno et al., 2022; 

Schroeder et al., 2020). However, the quantification of refugia has been difficult to achieve, as 

the remnant populations in northern California occur in small and isolated patches that vary in 

density depending on the number and proximity of individuals (i.e., a single individual to a 

continuous forest spanning over a kilometer; Saccomanno et al., 2022). Previous work has shown 

that scale is important for accurately describing the existence and location of refugia, and that 

existing methods manifest tradeoffs between spatial, temporal, and spectral resolutions (Finger et 

al., 2020; Saccomanno et al., 2022). 

 For example, the California Department of Fish and Wildlife (CDFW) has produced 

annual, high resolution (2 m) statewide maps of kelp canopy from aerial surveys that date back 

to 1989 (Veisze et al., 1999). These maps were used to reveal the scale (> 300 km of coastline), 

magnitude (> 90%), and timing (within one year) of the northern California bull kelp declines, 

and they provided evidence that some populations were able to persist throughout the multiyear 

heatwave event (Rogers-Bennett and Catton, 2019). However, the last successful surveys were 

completed in 2016, and so they cannot be used to monitor trends in refugia or recovery following 

the heatwave. More recent work (e.g., Saccomanno et al., 2022) partially filled this gap with 

UAV equipped with RGB sensors, which were used to survey 36 non-contiguous priority sites 

dispersed across 90 km of affected coastline in 2019 and 2020. At 3 cm resolution, these data 

successfully elucidated the location of relict kelp populations within surveyed areas. However, 
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regional UAV data collection was not cost or time effective, and classification of emergent 

canopy from RGB-based UAV imagery required extensive manual input. Current methods rely 

on thresholding vegetation indices to distinguish kelp from water (Cavanaugh et al., 2021), and 

high levels of spectral variability necessitated manual threshold selection and additional editing 

(Saccomanno et al., 2022).  

Moderate resolution satellite sensors, such as the Landsat Enhanced Thematic Mapper 

Plus (ETM+), Operational Land Imager (OLI), and Operational Land Imager 2 (OLI-2), provide 

a continuous and spatially comprehensive time series of bull kelp refugia habitat in northern 

California. Progress in the automation of kelp canopy detection from these data (e.g., Bell et al., 

2020) includes using a binary decision tree to classify Landsat pixels that contain canopy and 

subsequently modeling the pixels as a combination of kelp canopy and seawater using Multiple 

Endmember Spectral Mixture Analysis (MESMA) to estimate fractional kelp canopy cover at a 

30 m pixel scale. This method has been successfully applied to capture the abrupt ecosystem 

shift in northern California (McPherson et al., 2021), but the moderate resolution (30 m) was not 

sufficient for identifying the presence or amount of refugia that were able to persist during and 

after the 2014 to 2016 marine heatwave (Finger et al., 2021). These data often failed to capture 

microclimatic habitats that were smaller than the coverage of a single Landsat pixel (900 m2), 

which could potentially provide important refugia (Asner et al., 2022). 

The development of CubeSat constellations has enabled a workaround for these tradeoffs, 

as the integration of data from multiple satellites collectively achieves higher frequency data 

sampling, with the ability to acquire global coverage at high spatial resolution. Planet is one of 

the most recognized CubeSat constellation operators, and their PlanetScope constellation 

contains nearly 130 active satellites. The PlanetScope CubeSats provide daily observations at 3 
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m resolution for many global areas (Roy et al., 2021), and so they show great potential for 

monitoring fine-scale ecological dynamics (e.g., flowering events) across multiple years, at large 

spatial scales, and in heterogeneous landscapes (Dixon et al., 2021; Zeng et al., 2020). However, 

considerable geolocation inaccuracy and radiometric inconsistency between satellites and 

sensors remain as major challenges to the general applicability of the PlanetScope constellation 

for measuring environmental dynamics (Frazier and Hemingway, 2021; Leach et al., 2019). 

While PlanetScope data have been successfully used to detect other species of floating 

macroalgae (Macrocystis pyrifera), these methods were not automated and required manual 

delineation of over 75 images (Elsmore et al., 2022).  

In this study, we develop and validate a model for deriving bull kelp canopy from a time 

series of PlanetScope CubeSat data. The PlanetScope constellation offers the high spatial (3 m) 

and temporal (near daily) means for mapping bull kelp refugia, and the first image collections 

coincide with the last statewide aerial survey conducted by CDFW in 2016. The model uses 

spectral features to predict bull kelp presence, and we apply it to derive annual maps of canopy 

coverage in northern California from 2016 to 2021. 

 

2.2 Methods 

2.2.1 Study Region 

Bull kelp is distributed in the northeast Pacific from San Luis Obispo County in 

California to Unimak Island in the eastern Aleutians (Abbott et al., 1992; Miller and Estes, 

1989). Our study area included the Sonoma and Mendocino County coastlines in northern 

California, extending approximately 215 km from north to south (Fig. 1). This region was 
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historically productive and supported abundant bull kelp forests prior to the collapse that started 

in 2014 (Rogers-Bennett and Catton, 2019). 

  

 

Fig. 2.1. Sonoma and Mendocino County regions of northern California overlaid with images 

from multiple PlanetScope satellites. 

 

2.2.2 Image Acquisition 

PlanetScope 4-band Surface Reflectance data were acquired from Planet Explorer. 

PlanetScope images are generated from the PlanetScope satellite constellation, which contains 
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over 130 operational 3U CubeSats (10 x 10 x 30 cm) and provides imagery at near-daily 

resolution. Each sensor has an approximate ground resolution of 3 m (Planet, 2021). We 

acquired each pixel in the study area at ~ weekly resolution (about 5 images per month) during 

September and October from 2016 to 2021, resulting in a total of 2,070 images. Bull kelp is an 

annual species and will typically undergo a full lifecycle within one calendar year. Individuals 

appear in the early spring, grow to canopy height by mid-summer, and reach maximum 

photosynthesis and canopy area in the fall before senescing in winter (Nicholson, 1970; Vadas, 

1972). Imagery from September and October capture the period of peak abundance, making 

these months ideal for estimating refugia occupancy during and after each heatwave year. We 

manually digitized the coastline using PlanetScope imagery taken at low tide and masked pixels 

found within the coastline boundary. We masked pixels within 10 m of the identified coastline to 

reduce potential misclassification from intertidal algae and terrestrial vegetation. We also 

masked pixels greater than 3 km from the coastline to improve data processing times, as kelp has 

not historically been identified this far offshore (CDFW, 2021). 

 

2.2.3 Image Processing 

Merging data from the PlanetScope constellation to derive consistent kelp canopy maps 

through time presents various challenges, as PlanetScope sensors are not uniform across each 

satellite. All sensors provide four spectral bands (blue, green, red, NIR) and the same 

approximate ground resolution, but Planet has introduced sensor cohorts with varying relative 

spectral responses and levels of noise (Planet, 2021). These cohorts are distinguished using 

unique 2-character satellite identification (ID) codes, which currently include 0c, 0d, 0e, 0f, 10, 

11, and 20 (Planet, 2021). A number of studies have proposed methods for normalizing 
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radiometric inconsistencies among PlanetScope data, but these often rely on image spectra from 

reference datasets such as Landsat 8 (Leach et al., 2019) and Sentinel-2 (Latte and Lejeune, 

2020). Co-registering PlanetScope data with a reference dataset is difficult over coastal areas, as 

even minute differences in temporal capture may introduce significant error between pixel 

matchups (i.e., tides and currents). Furthermore, geolocation accuracy has been highlighted as a 

challenge by a number of studies that have applied these data for coastal analyses (Leach et al., 

2019; Traganos et al., 2017; Wicaksono and Lazuardi, 2018).  

We applied a log-residual correction (Green and Craig, 1985) to all surface reflectance 

images to standardize spectral reflectance values taken by different sensors in the PlanetScope 

constellation using the function logResiduals in Matlab 2020a. The log residual correction 

divides the spectrum of each pixel by the spectral geometric mean (mean of all bands for each 

pixel) and the spatial geometric mean (mean of all pixels for each band), before finally 

multiplying the output by the mean of all pixels in all bands (Eq. 1). This has been shown to help 

remove the effects of solar irradiance, atmospheric transmittance, instrument gain, and 

topographic effects from image data (Ganesh et al., 2013; Green and Craig, 1985). All 

calculations are performed using logarithms of the data values.  

 

𝐿 = |𝑒𝑖𝑛𝑝𝑢𝑡 𝑑𝑎𝑡𝑎−𝑠𝑝𝑒𝑐𝑡𝑟𝑎𝑙 𝑚𝑒𝑎𝑛−𝑠𝑝𝑎𝑡𝑖𝑎𝑙 𝑚𝑒𝑎𝑛+𝑒𝑛𝑡𝑖𝑟𝑒 𝑚𝑒𝑎𝑛|           (Eq. 1) 

 

We applied the Usable Data Mask asset supplied in the PlanetScope image bundle to 

mask any pixels identified as unusable by Planet (i.e., sensor error, image artifacts, etc.). The 

Usable Data Mask 2 (UDM2) product was not used, as it was introduced by Planet in August 

2018 (Planet, 2021) and was not consistently available for our imagery. We additionally masked 
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pixels altered by sun glint and crashing waves using gray-level co-occurrence matrices (GLCM). 

 

2.2.4 Kelp Canopy Classification 

Bull kelp can be visually distinguished from water with high resolution satellite imagery 

(Fig. 2). Similar to terrestrial vegetation, emergent kelp canopy prominently reflects the NIR 

wavelength range (700 to 1000 nm). Due to the high absorbance of water in the NIR, this region 

of the electromagnetic spectrum is advantageous for distinguishing floating canopy from the 

surrounding seawater (Fig. 2; Cavanaugh et al., 2021; Timmer et al., 2022). We manually 

classified a total of 93 images (~3 images per month from 2017 to 2019) covering a bull kelp bed 

off the coast of Ella Beach in British Columbia (48.363°, -123.757°) into two classes, 'kelp' and 

‘water' to capture data covered by different PlanetScope satellites, acquisition times, and view 

angles.  
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Fig. 2.2. A full PlanetScope scene from September 30, 2021 (A) in northern California that 

includes bull kelp surface canopy. Emergent canopy is visibly distinguishable in true color (B) 

and false color (C) composites. 

  

These data were used to train a two-class Naïve Bayes classifier, as previous work has 

shown that Naïve Bayes classifiers consistently yielded higher Kappa values than support vector 

machines (SVM), random forest models, and artificial neural networks when trained with 

PlanetScope imagery (Kranjčić and Medak, 2020). Naïve Bayes is a probabilistic supervised 

machine learning approach based on Bayes theorem (Park, 2016; Eq. 2). 

 

𝑃(𝐴|𝐵) =  
𝑃(𝐵|𝐴)𝑃(𝐴)

𝑃(𝐵)
         (Eq. 2) 

 

Where, in the context of using corrected reflectance data from the PlanetScope 

constellation to predict the probability of kelp presence in each PlanetScope pixel, A refers to 

kelp presence and B refers to a vector of PlanetScope reflectances for each band. Therefore, 

P(A|B) is the conditional probability that kelp is present given the reflectance measurements 

from different spectral bands. The algorithm deduces a prior probability distribution from the 

provided training data for all bands in the ‘kelp’ and ‘water’ classes (P(A)). The prior probability 

is multiplied by a likelihood function (P(B|A)), which is the probability distribution of data with 

the same predictors (i.e., an unclassified image), but an unknown class (Ahmad and Quegan, 

2012; Ahmad et al., 2021). The probability distribution of the data were assumed to be normal.  

We applied the resulting classifier to images taken in September and October from 2016 

to 2021 to obtain the probability of pixels containing kelp in each image. We calculated monthly 
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pixel-wise averages of probabilities and classified pixels that exceeded probabilities of 0.5 (i.e., 

the maximum probability for a 2-class classification) as kelp (Fig. 3). Aggregating the 

probability data on monthly time-steps aided in reducing error and labor-intensive manual 

editing due to misclassifications from radiometric and geometric issues with individual images.  

 

 

Fig. 2.3. Conceptual diagram of the automated portion of the kelp canopy detection scheme. 

Binary classifications were manually edited to remove any potential remaining image artifacts. 

 

2.2.5 Kelp Canopy Map Validation 

         To validate our kelp canopy classifications, we used ordinary least squares (OLS) 

regressions to compare PlanetScope-derived kelp canopy area estimates to three published 

datasets that have classified kelp canopy in northern California between 2016 and 2021. The first 

validation dataset included high resolution kelp canopy classifications derived from occupied 
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aircraft surveys hosted through CDFW. CDFW aerial surveys were collected between late 

summer and winter. The first aerial survey was conducted in 1989, and the second was 

conducted in 1999. They began collecting aerial data annually from 2002 to 2016, although some 

years and regions were not completed due to budget constraints, cloud cover, inclement weather, 

etc. (CDFW, 2021). The surveys contain complete coverage of Sonoma and Mendocino counties 

for 9 years (1989, 1999, 2003-2005, 2008, and 2014-2016), with partial coverage for 4 years 

(2002, 2009, 2010, and 2013). The data were originally collected at ~ 25 cm and were later 

resampled to 2 m internally at CDFW. PlanetScope data and CDFW data spatially overlap in 

2016, and these data were used for comparison of kelp canopy area estimates. We converted the 

2016 CDFW classification from a shapefile to 3 m pixels corresponding to the 3 m grid of 

PlanetScope imagery. We binned the northern California coastline into 1 km coastline segments 

and calculated the total kelp canopy area in each segment estimated by both CDFW and 

PlanetScope. CDFW data distinguish floating and submerged kelp canopy, and the submerged 

canopy class was excluded from the validation analysis. 

         The second validation dataset included classifications derived from UAV surveys of kelp 

canopy that were conducted along the coastline of Mendocino and Sonoma counties in 2019 

(number of samples (n) = 25), 2020 (n = 32), and 2021 (n = 34; Saccomanno et al., 2022). The 

surveyed sites varied in size from 0.16 to 1.48 km2. Expert classifiers manually selected and 

applied thresholds to the Red-Blue vegetation index used to derive kelp canopy in all UAV 

images, with a final resolution of ~ 3 cm (Cavanaugh et al., 2021). We extracted the overlapping 

areas between each UAV surveyed site and the respective PlanetScope classifications and 

performed a site level comparison of kelp canopy area. 
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 Last, we performed validations against Landsat satellite imagery (Bell et al., 2022). In 

this dataset, bull kelp canopy was estimated at 30 m resolution from 1984 to 2021 at quarterly 

intervals following methods from Cavanaugh et al., 2011 and Bell et al., 2020. Briefly, a binary 

decision tree was applied to Landsat Level 2 Surface Reflectance images to identify canopy 

presence, and MESMA was applied to pixels with canopy presence to estimate fractional 

coverage of kelp and seawater (Bell et al., 2020). We extracted and composited Landsat-derived 

classifications from the third (July to September) and fourth (October to December) quarter of 

each year between 2016 and 2021. We binned the northern California coastline into 1 km 

coastline segments and calculated the total kelp canopy area in each segment estimated by both 

Landsat and PlanetScope. The CDFW, UAV, and PlanetScope datasets each represented kelp 

coverage as presence/absence, and to maintain consistency, the Landsat dataset was converted to 

presence/absence. If a Landsat pixel contained kelp canopy area above 0, kelp was considered 

present in that pixel (900 m2).  

 

2.2.6 Effect of Spatial Scale on Refugia Detection 

Each dataset has its own lower detection limit of kelp canopy, and quantifying subpixel 

detection limits has implications for the local and regional application of aerial estimates. 

Calculating these uncertainties is often performed using comparisons against higher resolution 

sensors, which likely provide estimates closer to ‘ground truth’ data (Wang and Hu, 2021). To 

determine the effect of spatial scale on refugia detection, we used the UAV-based classifications 

to calculate the percentage of a PlanetScope pixel (9 m2) and a Landsat pixel (900 m2) that needs 

to be occupied by kelp canopy for the classification scheme to detect kelp presence. These 

calculations could not be performed for CDFW data, as they did not temporally overlap with any 
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of the UAV flights. We identified all pixels that were misidentified as ‘not kelp’ in the 

PlanetScope and Landsat classifications (false negatives) when compared to overlapping UAV 

pixels that estimated canopy presence in the same location. Of this subset, we randomly selected 

pixels that were 150 m apart to minimize the effects of spatial autocorrelation in the pixel-wise 

analyses. We calculated the percentage of the PlanetScope and Landsat pixels that were occupied 

by kelp canopy in the UAV images and used the pixel fractions to determine a threshold for 

refugia detection. 

 

2.2.7 Distribution of Refugia 

Bull kelp on the north coast of California has been characterized by a prolonged collapse, 

and a multi-year perspective can provide insight to where, and why, remnant populations have 

been able to persist. We define refugia as persistent kelp pixels that occurred in at least three of 

the six years immediately following the marine heatwave between 2016 and 2021. For 2016, we 

used kelp locations in both the CDFW and PlanetScope classifications. The three occurrences did 

not have to be consecutive. 

To find the maximum historical kelp canopy extent observed prior to the marine 

heatwave, we merged the extents of all CDFW aerial survey shapefiles that identified floating 

canopy (with either total or partial coverage of the study area) taken between 1989 and 2015. 

The maximum historical kelp canopy extent was used as a proxy for kelp habitat, i.e., any place 

that kelp canopy has been observed in the historical record. The maximum extent shapefile was 

converted to a raster with a pixel size of 3 m corresponding to the 3 m grid of PlanetScope 

imagery. We used these data to identify pixels that have been occupied by kelp canopy in the 

past, representing suitable kelp habitat but not refugia.  
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2.3 Results 

2.3.1 Kelp Canopy Classification and Validation 

The training data for the Naïve Bayes classifier consisted of 93 images, which included 

data from 57 different satellites across 3 satellite cohorts (0e, 0f, 10). The log residual correction 

helped to increase separability between kelp and water classes in the training data across each 

satellite cohort, particularly in the blue and green bands compared to raw reflectance values (Fig. 

4). The log residual correction also lowered the average coefficient of variation for the 

wavelengths in both the kelp (43.82 and 14.86, respectively) and water (45.90 and 8.06, 

respectively) classes. The kelp class exhibited high variability in the NIR before and after the 

correction was applied, but the values were higher than water on average (Fig. 4). The correction 

was applied to 2,070 images, which included data from 187 satellites across 4 satellite families 

(0e, 0f, 10, 20).  
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Fig. 2.4. Mean reflectance (solid line) and standard deviation (shaded region) of training data for 

each satellite cohort (0e, 0f, and 10) before (left) and after (right) the log residual correction was 

applied. 

 

 The PlanetScope-derived kelp canopy estimates agreed with regional CDFW 

classifications (R2 = 0.38, p < 0.001, slope = 0.61; Fig. 5b) and regional Landsat classifications 

(R2 = 0.49, p < 0.001, slope = 1.00; Fig. 5c) based on 1 km coastline partitions. PlanetScope 

estimates were also strongly correlated with UAV estimates of kelp area at the site level (R2 = 

0.70, p < 0.001, slope = 0.84; Fig. 5a). PlanetScope underestimated kelp canopy area compared 

to UAV in 2019 and 2020, but overestimated canopy area in 2021. False positives were rarely 

identified in the PlanetScope data compared to UAV (2% of all water pixels across all years).   
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Fig. 2.5. Comparison of bull kelp canopy area estimates between PlanetScope and data from 

UAV (A), CDFW (B), and Landsat (C) between overlapping locations. Dataset pairs were 

captured using different temporal aggregations (UAV and CDFW = daily, PlanetScope = 

monthly, Landsat = quarterly), but each cover at least one day during the peak kelp canopy 

season in northern California (September to October). The dotted line shows 1:1 relationship, 

while the red lines are the linear fits in log space. 

  

 All three comparisons had the best agreement when kelp canopy area was relatively high 

(between 0.1 and 1 km2). However, differences in estimates were most pronounced in locations 

with low kelp canopy. To characterize these differences, we found the pixels that were 

misidentified as water in the PlanetScope and Landsat classifications when compared to 

overlapping UAV pixels that estimated canopy presence. We plotted the number of false 

negative detections as a function of percent occupancy within that pixel (identified from the 

UAV classifications) and found that the number of false negatives exponentially decayed as the 

percent occupancy of kelp within a PlanetScope and Landsat pixel increased (Fig. 6). For both 

PlanetScope and Landsat, the number of false negative detections began to converge to 0 when 

kelp occupancy was close to 20% of a single pixel (1.8 m2 for PlanetScope and 180 m2 for 
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Landsat; Fig. 6). This agrees with previous work that demonstrated Landsat has a higher 

likelihood of missing a pixel that contains kelp if it is occupied by less than 20% kelp canopy 

(Hamilton et al., 2020). Landsat missed nearly twice as many kelp pixels than PlanetScope at 

very low percent occupancy (i.e., less than 10%; Fig. 6).  

 

Fig 2.6. Number of false negative kelp detections from both PlanetScope (left) and Landsat 

(right) as a function of the percent occupancy identified from the UAV classifications. 

 

2.3.2 Kelp Canopy Time Series 

The combined effects of a marine heatwave and overgrazing of urchins led to a collapse 

in bull kelp abundance along the north coast of California (Rogers-Bennett and Catton, 2019), 

and there was a pronounced lack of bull kelp recovery through 2021, with kelp abundance 

remaining at historically low levels (Fig. 7). Generally, there was good correspondence among 

Landsat, CDFW, and PlanetScope estimates, indicating that each method is adequate for 

analyzing kelp abundance at regional scale. Landsat and CDFW data both agree that bull kelp 

canopy showed high interannual variability in the years leading up to the heatwave (1984 to 

2013), although Landsat provided a much more comprehensive record of canopy abundance 
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during this period (n = 30) compared to CDFW (n = 6). After the onset of the heatwave in 2014, 

Landsat and CDFW both detected large losses, which were sustained throughout the duration of 

the heatwave. CDFW and PlanetScope only overlap in 2016, but the two have generally good 

agreement (1.21 and 1.18 km2, respectively). In late 2016 and early 2017, temperature anomalies 

began returning to near-normal levels (McPherson et al., 2021). However, kelp populations only 

slightly recovered from 2017 to 2021. PlanetScope was able to consistently detect a higher 

annual abundance than Landsat (0.9 km2 on average) despite the low abundance present. 

 

 

Fig. 2.7. Kelp canopy area in northern California from 1984 to 2021 from Landsat, CDFW, and 

Planet-Scope derived estimates. CDFW and PlanetScope overlap in 2016, but the two have 

generally good agreement (1.21 and 1.18 km2, respectively). 

 

2.3.3 Distribution of Refugia 

In Sonoma and Mendocino counties, there was a total of 35.97 km2 of suitable bull kelp 

habitat, as defined by areas where kelp canopy was present during at least one year between 

1989 and 2021. We identified 0.718 km2 of kelp refugia (areas where kelp was present in at least 
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3 of the 6 years between 2016 and 2021), comprising 2% of the total available habitat and 9.4% 

of the average canopy area observed prior to 2014 from CDFW. To assess spatial patterns in 

refugia occupancy across the study area, we aggregated the data to 1 km x 1 km grid cells and 

calculated the abundance of refugia compared to the abundance of historical habitat within each 

grid cell (Fig. 8). Refugia were almost completely absent in the northern portion of the study area 

between a latitudinal range of 39°3’ to 40°0’, aside from a few small, persistent beds near Point 

Delgada and Abalone Point (Fig. 8). Refugia abundance increased just north of Noyo Bay to Elk, 

where 61.6% of the 1 km grid cells were occupied by refugia at abundances ranging from 0.01 to 

36.23% of total available habitat. However, refugia occupied less than 3% of potential habitat in 

this area on average (2.52% ± 5.19%). Refugia were sparsely populated south of Elk through 

Point Arena, where occupancy increased again along the coastline to Sea Ranch (Fig. 8). From 

Point Arena to Sea Ranch, 54.55% of the 1 km grid cells were occupied by refugia at abundances 

ranging from 0.05 to 34.36% of total available habitat. Here, refugia occupied a slightly higher 

percentage of potential habitat than the region between Noyo Bay and Elk on average (6.66% ± 

7.67%). Refugia presence decreased in the southern portion of the study area from Sea Ranch to 

Jenner, where only 19.39% of grid cells were occupied, with a maximum occupancy of just 

2.14% (Fig. 8). 
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Fig. 2.8. The percentage of bull kelp refugia occupancy in 1 km grid cells compared to available 

habitat in the same locations from the northernmost (left) to southernmost (right) portions of the 

study area. Grey areas represent locations that were historically occupied by kelp canopy but 

were not occupied by refugia. The bottom panel represents the latitudinal variation in refugia 

occupancy from north to south along 1 km coastline segments.  

 

2.4 Discussion 

2.4.1 Comparison of Kelp Canopy Detection Approaches 

Our new method for mapping bull kelp canopy from Planet satellite imagery 

demonstrates that CubeSat data are an effective tool for detection and regional monitoring during 

years of low kelp canopy coverage and density. The PlanetScope-derived kelp canopy estimates 

were similar to maps created from high resolution occupied and unoccupied aerial surveys, as 

well as the Landsat satellites. We expected variation in kelp canopy estimates among each 

dataset, as the method of detection and spatial and temporal resolutions differed, and therefore so 
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did their detection capability of floating canopy. The method we present in this manuscript relied 

on developing relationships between kelp canopy area and image-derived spectral features (i.e., 

band reflectance values) using manually classified data for training points. We found it difficult 

to create robust classifiers or models that were accurate across different images and satellites, but 

our spectral normalization and temporal aggregation scheme helped address the radiometric and 

geometric inconsistencies both within and between PlanetScope satellite images. Our monthly 

composite classifications provide spatially and temporally continuous maps of bull kelp coverage 

at finer scale than previously possible. These approaches could be applied to other applications 

where increased noise or geolocation inaccuracy in individual images caused a propagation of 

errors during classification (Cannistra et al., 2021; Wicaksono and Lazuardi, 2018; Xu et al., 

2020). 

PlanetScope consistently underestimated kelp canopy area compared to UAV 

classifications in 2019 and 2020, which can be explained by the resolution mismatch between the 

two datasets. Kelp canopy was the lowest on record in northern California in 2019 and remained 

low in 2020, resulting in few areas with high kelp abundance. The stipes and blades of the 

sparsely populated bull kelp individuals were visible in the UAV imagery, and therefore these 

data were able to capture nearly all floating kelp canopy present at each site. For PlanetScope, 

the classifications were most comparable to UAV when kelp occupancy was greater than or 

equal to 20% of a single pixel (i.e., ~ 1.8 m2 of kelp), and so kelp coverage was likely lower than 

this threshold in many areas during 2019 and 2020. However, there were some signs of recovery 

in 2021, with increased bull kelp coverage and densities along the coastline. PlanetScope 

consistently overestimated kelp canopy compared to UAV during this period. The PlanetScope 

classifications provide a presence/absence metric and do not describe the amount of canopy 
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coverage at the pixel level. Here, there was likely a higher proportion of pixels occupied by less 

than 100% canopy coverage, resulting in overclassifications compared to UAV.  

Although the CDFW and PlanetScope classifications offered similar spatial resolutions (2 

m and 3 m, respectively) there were greater differences between PlanetScope and CDFW along 

sections of coastline with low bull kelp abundance. The CDFW classifications were derived from 

aerial data collected on a single date, while the PlanetScope classifications were generated from 

multiple images throughout September and October of each year. As a result, these datasets were 

not representing canopy conditions under equivalent tidal height and current stages, which have 

the potential to impact the amount of kelp detected on the surface. As tidal height and current 

speeds increase, they can significantly reduce the amount of kelp canopy present (Britton-

Simmons et al., 2008; Cavanaugh et al., 2021), which may have contributed to the variability at 

lower kelp abundances. Additionally, there are several scenarios that could occur for the 

PlanetScope-based classifications to exclude kelp from a region with kelp presence. For 

example, if a large kelp bed were present and detected by PlanetScope in one image in the 

beginning of the month, but a wave event caused mass dislodgement and mortality, the 

remainder and majority of the month would have no kelp canopy presence, resulting in a 

monthly classification of no kelp canopy presence (despite the classification scheme containing 

one accurate detection). 

The 35+ year archive of Landsat data provides a spatially and temporally consistent 

record of kelp canopy coverage (Wulder et al., 2012). Cost-free access to the Landsat archive 

since 2008 has allowed for significant methodological and ecological advancements in kelp 

remote sensing (Kennedy et al., 2014), including the creation of seamless data products in 

formats suitable for non-experts (i.e., Bell et al., 2022). While commercial optical sensors such 
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as PlanetScope have provided new opportunities for mapping kelp canopy at finer spatial scale 

than the Landsat archive (Pettorelli et al., 2014), the costs associated with the data may not be 

feasible for some research projects that require long-term monitoring of ecological processes, 

which occur over decades to centuries and at spatial scales across hundreds of kilometers (Reed 

et al., 2015). The choice of remote sensing and analytic data approaches is dependent upon 

research objectives and duration of funding (Cavanaugh et al, 2021).  

For example, Landsat has been shown to significantly underestimate the amount of 

floating bull kelp canopy during years of low abundance, including during the 2014 to 2016 

marine heatwave (Finger et al., 2021). At a local scale, Landsat was unable to capture refugia if 

they occupied less than 20% of a pixel (180 m2). This limitation reduces the potential of Landsat 

for capturing the spatial complexity of refugia (i.e., small, sparse, and fringing beds) or even 

identifying their presence altogether. Refugia dynamics require a sensor that can capture fine 

scale patterns in kelp bed size, shape, and area - particularly in populations that are relatively 

close to the coastline, which is a challenge for moderate resolution sensors (Bell et al., 2020; 

Finger et al., 2021; Hamilton et al., 2020). Despite methodological differences, the general 

agreement between PlanetScope, UAV, CDFW, and Landsat-based classifications supports its 

applicability for detecting refugia. 

The spatial and temporal coverage of PlanetScope data make them a favorable 

monitoring resource in the coastal zone, as regional imagery is available for download in near 

real time. Coastal variability is influenced by drivers that operate on timescales of hours (i.e., 

tides) to days (i.e., marine heatwaves and storm events) to decades (i.e., sea level rise and ocean 

acidification), and the magnitude of change can range from centimeters to hundreds of 

kilometers (Muller-Karger et al., 2018). Due to the dynamic nature and spatial complexity of 
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coastal targets, this study has demonstrated that the high-frequency sampling and high spatial 

resolution provided by PlanetScope CubeSats has been a successful resource for mapping bull 

kelp. Other studies have demonstrated the applicability of CubeSat constellation data for other 

coastal foundation species, including seagrasses (Tamondong et al., 2018; Wicaksono and 

Lazuardi, 2018) and corals (Asner et al., 2017; Li et al., 2020; Yamano et al., 2020). In contrast, 

the CDFW surveys were not completed during some years and regions due to budget constraints, 

cloud cover, inclement weather, etc., and the last successful survey was completed in 2016 

(CDFW, 2021). The spatial and temporal coverage of drone operations are limited by battery 

life, wind, weather, and regulatory limitations (Gray et al., 2022) making them inefficient for 

monitoring efforts over large scales. While the Landsat satellites provide the most spatially and 

temporally comprehensive dataset, they have a higher detection limit than PlanetScope, 

introducing complications for refugia detection. 

 

2.4.2 Distribution of Bull Kelp Refugia 

In 2014, the once extensive and persistent bull kelp forests in northern California shifted 

to urchin barrens (Rogers-Bennett and Catton, 2019). Our analysis of PlanetScope imagery 

showed that there was a pronounced lack of bull kelp recovery through 2020, with some 

potential recovery in 2021, although kelp abundance still remained at historically low levels. 

However, we identified pockets of refugia that persisted throughout the marine heatwave and 

urchin outbreak. There is evidence that refugia function as source populations for extirpated 

locations that were more sensitive to disturbance within kelp and other ecological communities, 

which is the first step for species recolonization (Johnson and Mann, 1988; Landesmann and 

Morales, 2018). However, environmental conditions impact both the persistence of refugia and 
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the subsequent success of re-establishment, making refugia locations and their environmental 

drivers valuable information for monitoring, conservation, and restoration efforts. 

Between 2016 and 2021, northern California bull kelp refugia occupied 0.718 km2 of the 

coastline. This accounted for about 2% of the total available kelp habitat in the region, and about 

9.4% of the average canopy area observed prior to 2014. In a recent publication, McPherson et 

al. (2021) documented the spatial and temporal variability of bull kelp canopy area in northern 

California from 1985 to 2019 along 90 m latitudinal bins, and their patterns of kelp abundance 

were closely related to our maps of refugia presence north of Point Arena. For example, a small 

abundance of bull kelp refugia was found from Fort Delgada to Noyo Bay and from Elk to Point 

Arena. McPherson et al. (2021) show a lack of persistence of kelp canopy along the same 

latitudinal gradients, which indicates that these areas were unsuitable for bull kelp growth during 

most years in their time series and were not disproportionately impacted by the effects of the 

heatwave. However, a small abundance of bull kelp refugia was also found south of Point Arena 

from Sea Ranch to Jenner. While McPherson et al. (2021) show low kelp canopy abundances in 

this region after 2014, the area displays high persistence throughout the rest of the time series 

(1985 to 2013), indicating that the area was suitable for persistent historical kelp growth, but was 

unsuitable for refugia. 

 

2.5 Conclusion 

 In 2014, the once extensive and persistent bull kelp forests in northern California shifted 

to urchin barrens. This study demonstrates strong potential for using CubeSat data for monitoring 

these regional bull kelp populations with local-level precision. Using these data, we show that 

northern California has continued to support refuge bull kelp populations despite widespread and 
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unprecedented declines. As a foundation species, understanding the local-scale factors that 

support bull kelp refugia is important for informed protection and management, helping to ensure 

the future of this species as it continues to face climate variability and change. 
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Chapter 3. Drivers of kelp forest refugia during successive disturbance events 

 

Abstract: Marine heatwaves are becoming more frequent and severe throughout the global 

ocean. These disturbances have led to large-scale declines in many ecologically important 

species, including kelp forests. Spatial heterogeneity across seascapes could provide kelp 

individuals and small populations refuges from thermal stress and nutrient limitation. Habitat 

features within upwelling regions may facilitate the transport of deep, cold water into shallow 

systems, but little is known about the temporal stability of these climate refugia. Kelp in climate 

refugia may also experience other stressors such as overgrazing by kelp herbivores, reducing 

their effectiveness. Here, we use high resolution kelp canopy maps generated from CubeSat 

constellation data to characterize kelp persistence in northern California following a dramatic 

decline in kelp abundance due to a severe marine heatwave and an increase in grazing by purple 

sea urchins. Persistence was associated with localized cooling, in addition to landscape features 

such as shallow depths, that may have provided refuge from overgrazing. Our multi-year models 

show that kelp presence within refugia were spatially variable from year to year, indicating the 

complexity of interactions among factors that provided refuge from the heatwave and grazing 

pressure. This study provides a framework for understanding spatial and temporal variability in 

refugia across large, heterogenous seascapes at the fine scale needed for restoration.   
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3.1 Introduction 

Disturbances create a mosaic of ecosystem effects across a landscape or seascape, within 

which exists substantial variability including undisturbed or minimally disturbed refuge areas  

(White and Pickett 1985, Ross et al. 2021, Christiansen et al. 2024). These disturbance-resistant 

locations can maintain suitable environmental conditions when disturbance effects render the 

surrounding habitat inhospitable (Ashcroft 2010). As a result, refugia enable the survival of 

organisms during a disturbance event and facilitate in situ persistence afterwards as intact habitat 

(Robinson et al. 2013). As the disturbed area recovers, populations can expand from refugia and 

gradually recolonize adjacent habitats that may have been more severely impacted (e.g., Gill et 

al., 2021), helping the seascape return to its pre-disturbance state (Keppel et al. 2012). 

As the impacts of climate change have become more widespread, there has been 

increased interest in identifying climatic refugia for a variety of ecosystems (Ashcroft 2010, 

Keppel et al. 2012). For example, forested areas growing in mesic microclimates that allow for 

higher tolerance of drought conditions despite decreased regional precipitation (McLaughlin et 

al. 2017) or coral reefs positioned in thermal refuges that modulate heat stress and coral 

bleaching as ocean temperatures increase (Smith et al. 2014). However, climate change is only 

one of the stressors facing species, and other types of non-climatic disturbances can threaten 

populations, even those within climatic refugia. Biotic interactions, physical disturbances, and 

anthropogenic land use change all have large ecosystem impacts (Morris et al. 2020). There is a 

need to better understand how these different factors interact to shape refugial conditions to 

inform conservation (Rojas et al. 2022).  

Kelp forests, like many other marine ecosystems, are being exposed to more frequent and 

intense disturbances (Rogers-Bennett and Catton 2019, Carnell and Keough 2020, Reeves et al. 
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2022). Marine heatwaves, defined as prolonged anomalously warm water events (Hobday et al. 

2016), have caused widespread and persistent kelp forest losses (Arafeh-Dalmau et al. 2019, 

Cavanaugh et al. 2019, Thomsen et al. 2019, Filbee-Dexter et al. 2020, Tait et al. 2021, Michaud 

et al. 2022). For example, in Western Australia, intense warming from a marine heatwave in 

2011 led to a ~100 km range contraction of kelp forests that has persisted for over a decade 

(Wernberg et al. 2013, 2016, Wernberg 2021). In other regions, such as central California, 

extreme temperatures have indirectly affected kelp forests by changing ecological interactions 

across rocky reef communities, including the intensification of grazing pressure (Smith et al. 

2021, 2024, Smith and Tinker 2022).  

Herbivory is a natural process within kelp forest ecosystems, and sea urchins normally 

subsist on unattached drift algae. However, they can display plasticity in foraging behavior, 

which has been attributed to changes in urchin (Ling et al. 2015) and kelp (Ebeling et al. 1985, 

Harrold and Reed 1985, Smith and Tinker 2022) population densities. Sea urchins may shift to 

active grazing when kelp detritus is limited (Dayton et al. 1992), and so heatwave-mediated 

reductions in kelp abundance can induce fundamental changes in foraging behavior (Rogers-

Bennett 2007, Smith et al. 2021, Smith and Tinker 2022). Active overgrazing can switch the 

system from a productive kelp forest to large scale urchin barrens, which can inhibit the recovery 

of kelp for decades (e.g., Tasmania; Johnson et al., 2011).  

Kelp survival during a marine heatwave event can be influenced by the severity of the 

disturbance and the position of an individual within the seascape in relation to possible refuges, 

such as microclimates that support temperature variation at fine spatial scales (Supratya et al. 

2020, Verdura et al. 2021, Starko et al. 2022, Mora-Soto et al. 2024). Bathymetric features, 

including bottom depth and complexity, can facilitate the transport of deeper, cooler water into 
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shallow systems and reduce thermal stress (Storlazzi et al. 2020, Wyatt et al. 2020, Leichter et al. 

2023). Further, upwelling regions may be more dynamic and able to provide more cool water 

refugia than non-upwelling regions (Lourenço et al. 2016, Salois et al. 2022, García-Reyes et al. 

2023). There is also evidence that these features can influence patterns of herbivory, which may 

become increasingly important as heatwave effects subside and grazing pressure increases. 

Urchins are limited to moving about their habitat to graze, and they contend with various 

physical factors that impact mobility. Urchins can surmount most obstacles when water motion is 

low (Laur et al. 1986), but they tend to avoid exposed or sandy locations where flow speeds can 

greatly exceed thresholds for dislodgement (Denny et al. 1985, Lamb et al. 2020) and sand 

storms can damage sea urchins. This avoidance may be a critical driver of local kelp forest 

persistence within urchin barrens, as similar dynamics have been observed in other ecological 

systems. For example, survival of quaking aspen clones can be significantly higher on rock 

outcrops that hinder belowground grazing from pocket gophers, as opposed to more exposed 

deep meadow soils (Cantor and Whitham 1989). 

Kelp refugia are likely driven by an interaction between marine microclimates, kelp spore 

availability, and local grazing pressure, and the relative contribution of each may change as the 

disturbance regime progresses. When marine heatwaves are long lasting (e.g., over 1 year) and 

overgrazing occurs in succession, the effects can compound and dampen the effectiveness of 

thermal refugia if the events are separated by less time than is required for recovery (Wilson et 

al. 2006, Turner 2010, Buma and Wessman 2011). Therefore, a key uncertainty about refugia is 

their spatiotemporal dynamics, particularly in discerning the criteria that dictate stable versus 

temporary refugia across consecutive ecological disturbances (Kolden et al. 2017, Rojas et al. 
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2022). However, little empirical work has examined the spatiotemporal dynamics of kelp refugia 

persistence within a multiple disturbance framework. 

In this study, we examined the spatiotemporal dynamics of kelp persistence along the 

north coast of California. This area is in an intense upwelling cell, yet has experienced dramatic 

declines in kelp abundance over the past decade (Rogers-Bennett and Catton 2019, McPherson et 

al. 2021, Cavanaugh et al. 2023). Here, a sea star epizootic in 2013 caused widespread declines 

of the urchin predator Pycnopodia helianthoides (Harvell et al. 2019), which was followed in 

quick succession by an unprecedented, multi-year marine heatwave that persisted from 2014-

2016 (Zaba and Rudnick 2016). The coastline experienced kelp forest losses of over 90% across 

350 km of coastline, and high urchin population abundances have prevented recovery for over 9 

years (Rogers-Bennett and Catton 2019, McPherson et al. 2021). Despite such disturbance, the 

region supports some relatively persistent refuge populations that have been mapped at high 

resolution (Cavanaugh et al. 2023), making it an ideal location for investigating the 

characteristics that allow these areas to persist in space and time. The goals of this study were to 

(1) identify physical characteristics associated with kelp persistence, and (2) examine how 

drivers of kelp presence changed over space and time. Specifically, we associated the presence or 

absence of kelp across northern California throughout the multiple stressor event with several 

environmental variables. We suggest possible habitat attributes that may provide refuge from the 

marine heatwave and protection from overgrazing by urchins. We then investigated the 

association between urchin abundances and the same habitat features as an additional assessment 

of the mechanisms driving spatial patterns in kelp persistence. 

 

3.2 Methods 
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3.2.1 Study System 

 Bull kelp (Nereocystis luetkeana) is a canopy-forming macroalga distributed along the 

Pacific coast of North America from central California to the Aleutian Islands (Miller and Estes 

1989, Abbott et al. 1992). Individuals display high fecundity and growth rates and typically 

achieve lengths of 10 to 20 m over the course of their annual life cycle (Nicholson 1970). 

Recruits appear in the early spring, and the emergent canopy grows to maximum extent during 

the late summer and early fall months (i.e., September or October). Bull kelp forests are highly 

susceptible to removal from wave events, and winter storms often result in dislodgement and 

widespread mortality (Hamilton et al. 2020).  

This study was conducted along the temperate coastline of northern California, located on 

the west coast of North America (Fig. 1). Here, bull kelp is the dominant canopy-forming 

macroalgae, and purple (Strongylocentrotus purpuratus) and red (Mesocentrotus franciscanus) 

sea urchins comprise the dominant benthic herbivores. After the onset of a severe marine 

heatwave in 2014, which was associated with sea surface temperature (SST) anomalies of about 

2.5°C (Bond et al. 2015), bull kelp populations experienced dramatic reductions in coverage 

(Rogers-Bennett and Catton 2019, McPherson et al. 2021). Simultaneously, urchin populations 

began increasing, which coincided with critical declines in the abundance of an urchin predator, 

the sea star Pycnopodia helianthoides (Rogers-Bennett and Catton 2019, Harvell et al. 2019). 

Although environmental conditions have become more favorable for kelp in recent years 

(McPherson et al. 2021), kelp population densities remain low (Fig. 1) (Cavanaugh et al. 2023, 

Saccomanno et al. 2023). This contracted distribution is hypothesized to be maintained by urchin 

overgrazing (Rogers-Bennett & Catton, 2019; McPherson et al., 2021). 
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Fig. 3.1. Average kelp canopy persistence across northern California in 1.5-kilometer bins (left) 

and local kelp canopy persistence in an example bed offshore Point Arena, California (upper 

right). Persistence data include the period of historically low kelp coverage from 2014 to 2022, 

shaded in the time series on the bottom right. The red curve represents a second order polynomial 

fit in the time series data. 

 

3.2.2 Data 

3.2.2.1 Kelp Cover  

 Bull kelp forms a floating canopy on the water surface that can be identified using aerial 

and satellite platforms (Rogers-Bennett and Catton 2019, Hamilton et al. 2020, Finger et al. 
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2021, McPherson et al. 2021, Saccomanno et al. 2023, Bell et al. 2023). Our analysis utilized 

annual maps of bull kelp canopy extent that were derived from a time series of high-resolution 

CubeSat imagery from the PlanetScope constellation collected during September and October, 

when bull kelp canopy is at its maximum extent (Cavanaugh et al. 2023). The PlanetScope 

constellation has collected imagery at 3 m resolution on a near-daily basis from 2016 to the 

present. We previously developed an automated method for detecting kelp canopy from these 

data using a Naïve Bayes classifier (see Cavanaugh et al. 2023 for more details). These data 

provide annual kelp canopy coverage of our study area at 3 m resolution from 2016 to 2022. This 

fine spatial resolution is ideal for mapping small refuge populations of canopy kelp. 

 We combined this time series with earlier high-resolution aerial surveys from the 

California Department of Fish and Wildlife (CDFW), which have been shown to display good 

agreement with the PlanetScope satellites in identifying the location and abundance of kelp 

canopy (Cavanaugh et al. 2023). CDFW conducted annual occupied aircraft surveys of kelp 

canopy along the California coastline from 1989 to 2016, which allowed us to extend our time 

series to include pre-heatwave and heatwave canopy conditions. The surveys capture full 

coverage of northern California region in 1989, 1999, 2003-2005, 2008, and 2014-2016 at 2 m 

resolution (CDFW 2024). All CDFW data were resampled to 3 m to match the spatial resolution 

and extent of the PlanetScope maps using nearest-neighbor resampling. Using the maximum 

extent of the CDFW and PlanetScope observations, we gridded this region into 3 m x 3 m 

spatially referenced cells that encompassed all points represented in the data and removed 

locations that were only observed once in the time series. In total, 1,643,162 cells of potential 

kelp habitat were used in our analysis, where each cell included an observation of kelp canopy 

presence or absence in 1989, 1999, 2003-2005, 2008, and 2014-2022.  
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3.2.2.2 Urchin Abundances 

 Red and purple sea urchin counts were collected in the late summer to fall between 2006 

and 2022 by the nearshore kelp forest ecosystem monitoring program (Rogers-Bennett et al. 

2019). Scuba surveys were conducted at 11 sites in northern California: Fort Ross, Timber Cove, 

Ocean Cove, Salt Point, Sea Ranch, Point Arena, Albion, Van Damme, Russian Gulch, Caspar 

Cove, and Todd’s Point. Surveys included counts of urchins along 30 x 2 m transects at randomly 

stratified locations within 4 depth strata from 1 to 20 m (Rogers-Bennett and Catton 2019). The 

number of surveys varied by site, and not all sites were surveyed each year. No sites were 

surveyed in 2020 or 2021 due to the coronavirus pandemic. We summed the number of red and 

purple urchins along each transect to represent total urchin counts in each location.  

 

3.2.2.3 Seascape Variables 

Small and fragmented kelp populations persisted throughout a multi-year period of 

historically low kelp abundance in northern California (Cavanaugh et al. 2023, Saccomanno et 

al. 2023), suggesting a preference for local environmental conditions within the disturbed 

seascape. We identified 11 habitat characteristics from published literature that have been shown 

to impact the spatial distribution and abundance of kelp forests. The 11 variables included 

features that may have helped to buffer the effects of extreme temperatures from the marine 

heatwave, such as localized upwelling, or that may have hindered the effects of urchin grazing, 

such as microtopography. We matched each habitat characteristic to the kelp canopy and urchin 

count observations in space and time. For gridded datasets, we selected the closest grid cell to the 

location of our observations for comparison.  
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A. Temperature 

Seawater temperatures and nitrogen concentrations are often strongly and negatively 

correlated in coastal California (Palacios et al. 2013), and while temperatures above 13°C and 

nitrogen (NO3) can synergistically and negatively influence kelp growth and photosynthetic rates 

(García-Reyes et al. 2014), they can also interact to produce complex ecological responses (Fales 

et al. 2023). In incubation experiments, high nitrogen concentrations can locally buffer the 

negative impacts of elevated temperatures and improve the growth and photosynthetic rates of 

individuals at macroscopic life stages (Fernández et al. 2020). For early life stages (i.e., 

microscopic), experimental evidence suggests that elevated temperatures may be more limiting 

than low nitrogen concentrations (Weigel et al. 2023). However, temperature and nitrogen co-

vary in the field (García-Reyes et al. 2014). We obtained daily SST data from 2000 to 2022 in 

northern California from a 1 km blended satellite time series product developed for the 

California Current (Kahru 2024) and calculated two absolute temperature metrics. The first 

included mean annual temperature during the recruitment season, from January to June, when 

sporophytes develop and grow. The second included mean annual temperature during the period 

that most individuals mature and reach the surface, July to October. We also calculated two 

temperature anomalies for each of these time periods (mean annual temperature from January to 

June and July to October) compared to a baseline of 2000 to 2013.  

 

B. Microtopography and Habitat 

 Bull kelp stands extend across bedrock, reefs, and boulder fields between the low 

intertidal (~ 3 m) and about 20 m deep (Nicholson 1970, Vadas 1972). We used a 1 m resolution 
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multi-source topobathymetric digital elevation model produced by the USGS Coastal National 

Elevation Database to characterize three seafloor characteristics. First, the data directly provided 

depth measurements of the seafloor. We also characterized the slope and rugosity of the seafloor, 

which are related to the topography and amount of hard substrate. Sites with high substrate 

complexity have been linked to stable kelp–urchin coexistence (Randell et al. 2022). First, we 

computed the slope of the depth, and then we computed the slope of the slope to provide 

information on rugosity (i.e., the rate of change in the slope). Using the maximum extent of the 

selected CDFW and PlanetScope observations, we also calculated the inward distance from the 

edge of kelp habitat, which is related to kelp density and may lead to a higher probability of 

recolonization year to year, as recolonization occurs via spore dispersal (Reed 1990).  

 

C. Coastline Exposure and Morphology 

The phenology of bull kelp may allow the species to outcompete other algal species that 

have difficulty settling in the presence of high wave action (Dobkowski et al. 2019), resulting in 

increased abundances in the year following a storm event (Hamilton et al. 2020). Additionally, 

storm events and intense wave action encourage urchins to retreat to burrows and channels worn 

into rock surfaces, as urchins found fully exposed to water velocities of 10 to 20 m/s have a high 

probability of dislodgement (Denny et al. 1985). We calculated the mean monthly maximum 

wave height of winter months (October-February) for each year using data from the Coastal Data 

Information Program (CDIP) nowcast alongshore wave-propagation model (O’Reilly et al. 

2016). The model calculates hourly estimates of maximum significant wave height at a depth of 

10 m along the California coastline at 100 m intervals along the back beach.  
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Rocky headlands and embayments can divert or obstruct alongshore currents, creating 

flow recirculation zones that accumulate larvae and hinder their transport along dominant axes 

(Wolanski and Hamner 1988, Gaylord et al. 2004). As a result, urchin recruitment hot spots can 

occur in the lee of headlands, such as in the lee of Bodega Head, California, where higher 

numbers of invertebrate larvae have been measured in comparison to the adjacent exposed 

coastline (Ebert et al. 1994, Mace and Morgan 2006, Morgan et al. 2011). On the other hand, 

rocky headlands also act as convergence points for wave energy and as fixation points for 

seaward rip currents, promoting offshore transport (George et al. 2015), which could reduce 

larval settlement. According to George et al. (2015), there are 78 headlands in the state of 

California, 11 of which are in northern California. These vary in area from 0.04 to 8.4 km2, and 

as a result, may also vary in their transport ability past the headland. To determine if there was a 

consistent relationship between rocky headland locations and sites of bull kelp persistence, we 

obtained the locations of headlands in northern California from George et al. (2015) and 

calculated the distance of each grid cell to the nearest headland. 

Salinity is variable in the coastal zone and can significantly decrease with increased 

proximity to river mouths. As rivers discharge and deliver increased levels of freshwater, sea 

urchins may face salinity levels below their tolerance limit (Lange 1964a, Rinde et al. 2014). In 

addition to freshwater, coastal streams and rivers often discharge eroded material to the ocean, 

leading to increased levels of sedimentation. Sediment deposits can scour or bury rocky 

substrate, preventing the settlement and growth of macroalgal species (Schiel et al. 2006, Lind 

and Konar 2017). Increased turbidity also leads to coastal darkening, which has been shown to 

significantly reduce primary production (Blain et al. 2021). To include the potential impact of 

river proximity on kelp persistence, we obtained the location of streams and rivers from both the 



57 

 

CDFW California Streams dataset and the National Hydrography Dataset (NHD) and calculated 

the distance of each grid cell to the nearest stream or river mouth. We did not limit locations by 

hydrographic feature size or amount of discharge.  

 

3.2.3 Statistical Analyses 

3.2.3.1 Identifying Drivers of Kelp Persistence 

Bull kelp on the north coast of California has experienced a protracted collapse, and we 

analyzed multi-year longitudinal data to understand the spatial drivers of persistent remnant 

populations. We quantified persistence by summing the number of times kelp was present in 

each grid cell from 2014 to 2022, with a minimum value of 0 and a maximum value of 9. Grid 

cells with a value of ‘0’ persistence contained kelp canopy between 1989 and 2013, but did not 

contain kelp canopy from 2014 to 2022. We extracted the values of each explanatory variable at 

all grid cell locations. For time series covariates, we calculated fixed averaged covariates, for 

example, temperature and wave height data were averaged from 2014 to 2022. To facilitate the 

interpretation and comparison of coefficients of covariates with different standard deviations, we 

standardized each covariate by subtracting the sample mean and dividing by the sample standard 

deviation. This standardization results in standardized coefficients and coefficients with larger 

absolute values indicate covariates with greater importance. 

To quantify the relative importance of different habitat characteristics in determining both 

the distribution and temporal dynamics of persistence, we used a Bayesian framework and 

applied fixed effects Poisson regression models in Just Another Gibbs Sample, or JAGS 

(Plummer 2003). JAGS is an open-source software to implement Bayesian estimation with 

Markov chain Monte Carlo (MCMC) methods and includes a package, R2jags (Su et al. 2015), 
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for interface in R (R Core Team 2024). We fit a single model that included all the covariates 

related to persistence. Spatial synchrony in kelp forest dynamics has been detected at the 

seascape scale (Cavanaugh et al. 2013). To minimize bias in the logistic regression coefficients 

and associated standard errors introduced by spatial autocorrelation, we randomly subsampled 

locations that were at least 150 m apart across 1000 replications, as populations show a high 

degree of spatial autocorrelation at distances less than 150 m (Cavanaugh et al. 2013). We 

modeled persistence as the number of years with kelp presence, 𝑁𝑖,  𝑖 = 1, … , 𝑛, where 𝑛 is the 

number of locations, with Poisson regression as a function of a (𝑘 + 1) vector of predictors, 𝑥𝑖, 

with initial element 1. 

 

 𝑁𝑖|λ𝑖 ~ 𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝜆𝑖) (Eq. 1) 

 𝑙𝑜𝑔(𝜆𝑖) =  𝑥𝑖
𝑡𝛽 (Eq. 2) 

 

where 𝜆𝑖 is the unknown mean persistence per grid cell 𝑖, 𝛽 = (𝛽0, … , 𝛽𝐾)′ is the (𝑘 + 1) vector 

of unknown regression coefficients (Eq. 1, Eq. 2). We transformed 𝜆𝑖 using a log link so that the 

linear predictor 𝑥𝑖
𝑡𝛽 can take values on the real number line while 𝜆𝑖 is non-negative. The 

parameter 𝛽0 is the intercept and 𝛽𝑘 is the coefficient for covariate 𝑘, and 𝑥𝑖,𝑘 is the (𝑘 + 1)-st 

element of 𝑥𝑖, the value of covariate 𝑘 for cell 𝑖 (Eq. 2). The prior and precision for 𝛽0 was 

chosen from the literature, with reports of about 5% of available habitat retaining refugia in 

northern California (Rogers-Bennett and Catton 2019, McPherson et al. 2021, Cavanaugh et al. 

2023). The priors for the coefficients were normal mean 0 and precision 1. 

 

 𝛽0 ~ normal(−3, 0.11) (Eq. 3)  
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 𝛽𝑘 ~ normal(0, 1) (Eq. 4) 

 

3.2.3.2 Tracking Changes in the Drivers of Kelp Presence 

During a multiple disturbance event, the magnitude of individual stressors fluctuates in 

space and time. The individual effects of extreme temperatures and urchin overgrazing are 

relatively well understood in kelp forest ecosystems, but our understanding of their influence on 

population resilience after consecutive occurrences of multiple stressors remains limited. Sites 

with higher habitat heterogeneity have been linked to population stability for other species 

(Oliver et al. 2010), and to understand if the drivers of kelp persistence in northern California 

were stable or variable throughout the multiple stressor event, we used a Bayesian hierarchical 

framework and applied mixed effects logistic regression models in JAGS. The same 1,643,162 

cells of potential kelp habitat were used in our analysis, where each cell included an observation 

of kelp canopy presence or absence in each year from 2014 to 2022 (i.e., kelp refugia). We fit 

separate models for each covariate and modeled the covariate’s importance on persistence in the 

dataset with different coefficients for year (2014, 2015, 2016, 2017, 2018, 2019, 2020, 2021, and 

2022). 

We randomly subsampled locations that were at least 150 m apart across 1000 

replications to minimize bias in the logistic regression coefficients introduced by spatial 

autocorrelation. We modeled the presence, 𝑍𝑖𝑡 = 1, or the absence, 𝑍𝑖𝑡 = 0, of kelp at each 

location, 𝑖 = 1, …, n, at year 𝑡 = 2014, …, 2022, with logistic regression. The probability of kelp 

presence was modeled separately for each environmental predictor variable, 𝑥𝑖𝑘𝑡 and again the 

predictors were standardized by subtracting the sample mean and dividing by the sample 

standard deviation 
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 𝑍𝑖𝑡|𝑝𝑖𝑡 ~ 𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖(𝑝𝑖𝑡) (Eq. 5) 

 logit(𝑝𝑖𝑡) =  𝛽0 + 𝛽0𝑡 + 𝛽𝑘𝑥𝑖𝑘𝑡 + 𝛽𝑘𝑡𝑥𝑖𝑘𝑡 (Eq. 6) 

 

where 𝑝𝑖𝑡 is the unknown probability of kelp presence. The probability of presence at cell 𝑖 was 

modeled using the logit link function, logit(𝑝𝑖𝑡) = 𝑙𝑜𝑔
𝑝𝑖𝑡

1−𝑝𝑖𝑡
, for each environmental predictor 

variable 𝑘. The parameter 𝛽0 is a global intercept, 𝛽0𝑡 is a year-specific random intercept, 𝛽𝑘 is 

the overall coefficient for covariate 𝑘, 𝑥𝑖𝑘𝑡 is the value of covariate 𝑘 at cell 𝑖 and time 𝑡, 𝛽𝑘𝑡 is 

the year-level coefficient for covariate 𝑘 at time 𝑡 (Eq. 6). The prior for 𝛽0 was chosen with the 

assumption that kelp would be present in about 20% of available habitat from year to year. The 

priors were 

 

 𝛽0 ~ normal(−1.75, 0.11) (Eq. 7) 

 𝛽0𝑡 ~ normal(0, 𝜎𝛽0𝑡
) (Eq. 8) 

 𝛽𝑘𝑡 ~ normal(0, 𝜎𝛽𝑘𝑡
) (Eq. 9) 

 

where the precision terms 𝜎𝛽0𝑡
 and 𝜎𝛽𝑘𝑡

 were modeled with a half-normal distribution (mean of 0 

and precision of 1), restricted to the positive real line.  

 

3.2.3.3 Urchin Abundance Model 

Although environmental conditions have become more favorable for kelp in recent years, 

kelp population densities remain low (McPherson et al. 2021). Ongoing work on sea urchin 
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density in northern California shows that densities remain high (Rogers-Bennett and Catton 

2019). Sea urchin behavioral work in central California suggests that local urchin populations 

may play a significant role in the persistence of northern California kelp forests (Smith et al. 

2021, Smith and Tinker 2022). To quantify the relative importance of different habitat 

characteristics in determining both the distribution and temporal dynamics of urchin abundance, 

we applied mixed effects logistic regression models in JAGS, similar to those used for tracking 

spatial shifts in kelp presence through time (section 2.3.1). We fit separate models for each 

covariate and estimated their relative importance on urchin counts in the dataset by year (2006 – 

2019, 2022). We also added a site-level random effect, indexed by 𝑗, to model differences in 

locations. Urchin counts, 𝑦𝑖𝑡, at each survey location, 𝑖 = 1, …, n, at year 𝑡 = 2006, …, 2019, 

2022 were modeled separately for each environmental predictor variable as negative binomial 

(NB) 

 

 𝑦𝑖𝑗𝑡 ~ NB(𝑝𝑖𝑗𝑡, 𝑟) (Eq. 10) 

 

where 𝑦𝑖𝑗𝑡 is the total urchin counts in survey 𝑖, where 𝑟 is the scaling parameter for the negative 

binomial (NB) distribution. We transformed 𝑝𝑖𝑗𝑡 to be a function of the mean λ𝑖𝑗𝑡 and used a log 

link for λ𝑖𝑗𝑡  so the transformed mean would be a linear function of the predictors (Eq. 11, Eq. 

12). 

 

 𝑝𝑖𝑗𝑡 =
𝑟

𝑟+λ𝑖𝑗𝑡
 (Eq. 11) 

 𝑙𝑜𝑔𝑖𝑡(λ𝑖𝑗𝑡) =  𝜇𝑖𝑗𝑡 (Eq. 12) 
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 𝜇𝑖𝑗𝑡 =  𝛽0 + 𝛽0𝑡 + 𝛽𝑘𝑥𝑖𝑘𝑡 + 𝛽𝑘𝑡𝑥𝑖𝑘𝑡 + 𝛾𝑗 (Eq. 13) 

 

Parameter 𝛽0 is the global intercept, 𝛽0𝑡 is the global year-specific random intercept, 𝛽𝑘 is the 

overall coefficient for covariate 𝑘, 𝑥𝑖𝑘𝑡 is the value of covariate 𝑘 at cell 𝑖 and time 𝑡, 𝛽𝑘𝑡 is the 

year-level coefficient for covariate 𝑘 at time 𝑡, and 𝛾𝑗 is the site-level spatial random effect at site 

𝑗 (Eq. 13). The priors were  

 

 𝛽0 ~ normal(5, 0.25) (Eq. 14) 

 𝛽0𝑡 ~ normal(0, 𝜎𝛽0𝑡
) (Eq. 15) 

 𝛽𝑘𝑡 ~ normal(0, 𝜎𝛽𝑘𝑡
) (Eq. 16) 

 𝛾𝑗  ~ normal(0, 𝜎𝛾𝑗
) (Eq. 17) 

 

where the precision terms 𝜎𝛽0𝑡
, 𝜎𝛽𝑘𝑡

, and 𝜎𝛾𝑗
 were modeled with a half-normal distribution (mean 

of 0 and precision of 1), restricted to the positive real line.  

 

3.2.3.4 Computation 

For all kelp models, we ran 4 chains with 10,000 iterations, a burn-in of 5,000, and a 

thinning rate of 10 for 2,000 total samples from the posterior. For the urchin abundance models, 

we ran 4 chains with 100,000 iterations, a burn-in of 50,000, and a thinning rate of 100 for 2,000 

total samples from the posterior. We determined model convergence using an R-hat statistic of 

less than 1.1 and the number of effective samples greater than 400. We summarized posteriors by 

averaging the posterior means, posterior standard deviations (SD), 95% posterior intervals (PI), 
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and the probability that the coefficient is positive P(beta>0 | data) across the 1,000 replicates of 

each of the 2,000 random samples, as a summary. For P(beta>0 | data), values less than .025 or 

greater than .975 are flagged as ‘significant’, in parallel with frequentist statistical practice. In 

the Bayesian framework, significance means that we are certain (at least 97.5%) about the sign 

of the covariate effect. 

 

3.3 Results 

3.3.1 Drivers of Persistent Bull Kelp in Northern California 

There was a total of 14.79 km2 of potential kelp habitat in northern California, which 

included locations where kelp canopy was present during at least two years between 1989 and 

2022. Kelp occupied 43.25% of this habitat at least once from 2014 to 2022, 17.82% at least 

twice, 6.88% at least three times, 2.89% at least four times, 1.17% at least five times, and less 

than 1% more than five times, suggesting that kelp populations were largely transient during the 

years of successive disturbance.  

Figure 2 presents the standardized effects of the predictors’ contributions to kelp 

persistence, where depth and rugosity had the strongest effects. Persistent kelp populations were 

more likely to occur in locations with shallow water depths and less bottom complexity. Growing 

season SST and growing season SST anomaly had a negative relationship with kelp persistence, 

indicating the presence of temperature refugia in cooler areas. Growing season SST and growing 

season SST anomalies had higher covariate estimates than recruitment season SST and 

recruitment season SST anomalies. Kelp persistence increased with increasing inward distance 

from historical canopy edge and with larger maximum winter wave heights (Fig. 2). Distance 

from river mouths showed a weakly positive relationship, indicating higher persistence further 
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from river mouths. The 95% confidence intervals for recruitment season SST, slope, and distance 

from nearest headland all crossed 0, indicating little to no effect for these variables (Fig. 2).  

 

Fig. 3.2. Summary of the posterior distribution of regression coefficients for the persistence 

model using the number of years that contained kelp canopy between 2014 and 2022 in each grid 

cell across northern California. Estimates are shown with 95% credible intervals and are in order 

from highest to lowest absolute magnitude. Covariates with intervals that do not cross 0 (red 

vertical line) are black, while those that cross 0 are grey. 

 

3.3.2 Temporal Variability in Drivers of Kelp Presence 
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The environmental factors related to kelp presence during the multiple disturbance events 

showed highly variable effects when separated by year. Figure 3 presents the addition of the 

main effect and the random effect of the covariate in that year (𝛽𝑘 +  𝛽𝑘𝑡) from Equation 6, 

showing the strength and direction of the association between kelp presence and the selected 

environmental covariates is stable or variable through time.  

Kelp is generally present in locations with colder absolute growing and recruitment 

season temperatures in each year compared to locations where kelp is absent in that year, except 

for 2015 and 2016 (which were heatwave years), when kelp was present in locations with 

slightly warmer temperatures (Fig. 3). Kelp was present in locations with colder growing season 

temperature anomalies after the onset of the heatwave in 2014, and these locations may have 

become less important after 2020, when kelp was present in locations with warmer growing 

season temperature anomalies. The recruitment season temperature anomaly displayed a variable 

trend; cooler temperature anomalies were associated with kelp presence during most heatwave 

years, temperature anomalies had no effect in 2018 and 2019, and warmer temperature anomalies 

were associated with kelp presence from 2020 to 2022 (Fig. 3).  

After 2019, there was a notable and consistent shift in the factors influencing kelp 

presence (Fig. 3). Environmental factors related to microtopography and habitat displayed a 

clear, temporal signal, particularly for depth, slope, and rugosity. Kelp was found in shallow 

habitats with low slopes and rugosity from 2014 to 2019, before migrating to and remaining in 

deeper, steeper, and more rugose habitats from 2020 onwards. River mouths showed a similar 

effect, as kelp tended to grow closer to river mouths from 2014 to 2019 relative to populations 

present from 2020 onward, which grew further from river mouths. Distance from habitat edge, 

distance from the nearest headland, and maximum winter wave height did not show clear trends.  
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Fig. 3.3. Heat map of the posterior mean environmental effects on the presence of kelp within 

refugia across co-occurring and consecutive ecological disturbances, a marine heatwave (2014-

2016) followed by a sea urchin outbreak (2014-2022).  

 

3.3.3 Spatial Shifts in Urchin Abundance through Time 

Northern California urchin populations displayed relatively consistent abundances from 

2006 to 2013 (Fig. 4). The onset of a sea star epizootic in 2013 caused widespread declines of the 

urchin predator Pycnopodia helianthoides (Rogers-Bennett and Catton 2019, Harvell et al. 

2019), followed in quick succession by a multi-year marine heatwave from 2014 to 2016 

(Michaud et al. 2022), which led to sustained urchin population increases after 2014 (Fig. 4). The 

timing of purple urchin population increases coincided with regional losses in kelp canopy area 

(Fig. 1), when sparse, patchy kelp beds became dominant along the coastline. 
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Fig. 3.4. Transect locations of scuba surveys conducted within northern California (top) and 

regional average of urchin counts collected within the transects from 2006 to 2022 (bottom). The 

red line indicates the onset of a sea star epizootic that was a contributor to widespread declines of 

the urchin predator Pycnopodia helianthoides. Years with asterisks were not sampled due to the 

coronavirus pandemic. 

 

The environmental factors related to urchin population abundance during the multi-year 

disturbance events showed highly variable effects when separated by year. Figure 5 presents the 

addition of the main effect and the random effect of the covariate in that year (𝛽𝑘 +  𝛽𝑘𝑡) from 

Equation 13, showing the strength and direction of the association between urchin abundance 
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and the selected environmental covariates is stable or variable through time. Urchin counts did 

not show a homogenous relationship with absolute or relative temperature metrics; some years 

showed negative relationships and others positive relationships, with no consistent or linear 

pattern (Fig. 5). Urchin counts showed a strong relationship with environmental factors related to 

microtopography and habitat, particularly for depth, slope, and rugosity. Higher abundances of 

urchins were found in deeper habitats with steeper slopes and increased rugosity until 2014, 

when populations began migrating to shallower, flatter, and less rugose habitats (Fig. 5). This 

pattern directly opposed the trends observed for kelp persistence within refugia (Fig. 3), 

indicating that kelp populations may be finding refuge from urchin overgrazing by utilizing 

topographic features that support fewer urchin individuals. The positive relationship with 

distance from the nearest river mouth was particularly strong for urchin populations, indicating 

that locations close to river mouths had fewer urchins (Fig. 5), as sea urchins are known to be 

very sensitive to salinity (Stickle and Diehl 1987). The effect of river mouths weakened in 2015 

and remained weak in 2018, 2021, and 2022. Increased urchin abundance was associated with 

increased distances from headlands and maximum wave height during most years (Fig. 5). 
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Fig. 3.5. Heat map of the posterior mean environmental effects on the abundance of urchin 

populations before and after a sea star die-off (2013-2014) and marine heatwave (2014-2016). 

 

3.4 Discussion 

Our data support the hypothesis that the significant decline in northern California bull 

kelp populations was initiated by warm ocean conditions and has persisted due to widespread 

urchin barrens, indicating that a perturbation to urchin populations may be necessary for shifting 

back to a forested state. Our results highlight a complex geography of kelp survival in climate 

refugia during and after the marine heatwave, facilitated by locations that offered sufficient 

nutrients or a combined effect of sufficient nutrients and reduced heat stress. However, post-

2019, the ability of kelp to evade urchin predation may have become more critical. This indicates 

that while temperature remains a significant factor for kelp refugia, urchin evasion has 
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increasingly dictated kelp survival and distribution in recent years, marking a change in the 

ecological dynamics of refugia. 

 

3.4.1 Climate Refugia 

The north coast of California is a heterogeneous seascape, where bull kelp canopy has 

historically been found at depths that range tens of meters, substrate that varies from simple to 

complex, and physical parameters such as temperature and salinity that fluctuate with proximity 

to coastline features and from year to year. Our statistical analyses showed that this heterogeneity 

contributed to the presence of persistent kelp, which was related to 8 of the 11 explanatory 

variables tested using multivariate Poisson regression. When kelp persistence was compared to 

historical habitat, cooler water temperatures were among the most important predictors. It is well 

established that temperature and nitrate are strongly correlated in coastal California (Palacios et 

al. 2013, García-Reyes et al. 2014), and a complex combination of these factors likely 

contributed to thermal refugia during the marine heatwave. Topographic divergence can cause 

localized, small-scale upwelling, which has been observed in other areas of the California 

coastline, such as the Point Loma headland in southern California (Roughan et al. 2005). Sites in 

northern California with localized upwelling may have provided sufficient nutrients and/or 

temperatures for kelp, allowing individuals in refugia to settle, grow, and become reproductive.  

For kelp to survive in these cooler climate refugia, sites would also need to offer refuge 

from urchin overgrazing. In northern California, localized upwelling may also hinder sea urchin 

recruitment. Sea urchin settlement is positively correlated with SST (Miller and Emlet 1997, 

Okamoto et al. 2020), and urchins may be less likely to settle when and where SST is too cool, 

which has been observed in other regions (Hernández et al. 2010). Additionally, adult sea urchins 
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may exhibit reduced grazing rates in cold areas and years as observed in recent experiments, 

where urchins showed reduced grazing during upwelling events (Murie and Bourdeau 2021). 

Our results also suggest that bull kelp persistence was more responsive to absolute 

thermal thresholds versus the magnitude of relative temperature changes. This result is consistent 

with the response of other canopy forming kelp populations to marine heatwave events. For 

example, in the Mediterranean Sea, a marine heatwave caused high kelp mortality rates at an 

absolute temperature of 28°C, with severe impacts on early life stages and fertility. However, 

environmental heterogeneity resulted in small-scale variability in thermal conditions throughout 

the seascape, and populations growing in open coves were less impacted than those in enclosed 

pools (Verdura et al. 2021). Similarly, in British Columbia, kelp forests located along warmer, 

inshore areas experienced far more extensive losses during a marine heatwave than those located 

along the cool, outer coast (Starko et al. 2022).  

 

3.4.2 Shallow Refugia 

The role of deep reefs as refugia during thermal disturbance has been well established for 

corals, as deeper habitats generally have colder water temperatures (Bongaerts et al. 2010). Deep 

rocky reefs are also hypothesized to be important for kelp as shallow waters warm and become 

unsuitable (Graham et al. 2007, Assis et al. 2016, Giraldo-Ospina et al. 2020). In contrast, we 

found persistent kelp in shallow habitats along the northern California coastline, which may be 

due to the combined disturbances of both warm water and sea urchin overgrazing. It is also 

possible that temperatures in these shallow areas are not warm enough to be limiting. Similar 

patterns have been observed at several sites along the coast of Australia, where kelp cover is 

highest at shallow depths that continue to support bottom temperatures that do not exceed the 
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maximum temperature that limits kelp development and growth (Young et al. 2015, Williams et 

al. 2020, Davis et al. 2021). Instead, kelp individuals appear to rely on shallow depths to avoid 

overgrazing by urchins. Urchins are often confined to depths that fall below the turbulent wave 

base to avoid removal and displacement, constraining their shallow habitat limit (Siddon and 

Witman 2003, Lauzon-Guay and Scheibling 2007, Steneck 2020).  

While the shallow, turbulent zone may not promote ideal conditions for kelp persistence 

due to increased wave action and irradiance (Young et al. 2016), these areas provide refuge from 

urchin herbivory, which has allowed for the persistence of small patches along a narrow, shallow 

strip. This finding is consistent with findings from the north-west Atlantic, where the main 

refuge for perennial algae from urchins was in the surge zone and on complex habitats (i.e., the 

tops of boulders) that projected into the surge zone (Chapman 1981, Himmelman et al. 1984, 

Witman 1987, Keats 1991). After a mass mortality of urchins, rates of recolonization depended 

on proximity to the refugial spore sources from the shallow, turbulent zone (Johnson and Mann 

1988, Keats 1991), which shows the importance of persistent kelp for recolonization. Similarly, 

along the west coast of Vancouver Island, Canada, in sites where urchin predators (i.e., otters) 

were absent, high abundances of sea urchins constrained the depth limit of kelp, driving kelp 

populations to occupy small, shallow sublittoral fringes surrounded by urchin barrens (Markel 

and Shurin 2015). The wave exposure metrics included in our analysis only had a minor positive 

impact on the presence of kelp persistence. However, these metrics were designed to capture 

general coastline exposure along a latitudinal gradient, not a depth gradient. Wave exposure is 

generally high along the open coast of northern California; bull kelp experiences near total 

dislodgement at the end of the fall season each year. 
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Persistent kelp populations were associated with low-complexity sites, indicating that 

seafloor structure variables (i.e., rugosity) were important. This result differs from other areas, 

such as San Nicolas Island, CA, where high-complexity sites showed increased resilience for 

kelp–urchin coexistence. (Randell et al. 2022). However, the bathymetry data used in this study 

were remarkably high resolution (1 m), and therefore even complex areas, such as the top of a 

boulder, might show up as ‘simpler’ habitats since the highest rates of change occur as the 

seascape changes from the bottom to the top of the boulder. For example, kelp may have 

persisted on the tops of boulders or rock features, but due to the resolution of the data, these 

areas may have been characterized as having little or no slope/complexity. Additionally, the kelp 

and urchin populations offshore San Nicolas Island were not analyzed in the context of multiple 

stressors, and the intensity of the heatwave offshore northern California from 2014 to 2016 may 

have impacted the behavior and survivorship of the local community (Smith et al. 2021, Smith 

and Tinker 2022).  

 

3.4.3 Stability of Refugia during Multiple Stressors 

Multiple stressors can compound and dampen the effectiveness of refugia, particularly if 

the habitat attributes that influence survival are different for each stressor or if the events are 

separated by less time than is required for recovery (Wilson et al. 2006, Turner 2010, Buma and 

Wessman 2011). While a small portion of the seascape supported persistent kelp (Fig. 2), our 

multi-year models show that most refugia were temporary and displayed high spatial variability 

from year to year. However, this variability was not stochastic, and instead, kelp presence tended 

to covary with spatiotemporal patterns in urchin abundance (Fig. 3; Fig. 5).  
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The high density of urchins in northern California likely made spatial avoidance difficult, 

and kelp individuals seemed to rely on temporally dynamic seascape features to elude 

overgrazing and facilitate coexistence. Higher abundances of urchins were found within deeper, 

steeper, and more rugose habitats until 2015, when populations emerged from cryptic habitats 

and became active in shallow, open reef spaces. Overgrazing likely restricted the depth range of 

kelp, leading populations to occupy small, shallow fringes. Subsequently, kelp began shifting 

their habitat from these riskier places to locations with increased depth, slope, and rugosity in 

2020. These places, which have been linked to stable kelp-urchin coexistence (Randell et al. 

2022), might prove better refuge from urchins, as urchin population densities are lower, urchins 

can hide from predators in crevices  (Russell et al. 2018), and individuals can preferentially feed 

on drift algae that becomes entrapped within the complex seascape features (Vanderklift and 

Wernberg 2008).  

Sections of coastline located near river mouth discharge sites may also be important 

refuge locations, although our results show this refugium was short-lived. Throughout the entire 

time series, urchins were typically found further away from river mouths. This pattern can be 

attributed to the low tolerance of sea urchins for abrupt changes in salinity. An influx of 

freshwater into urchin habitats can cause osmotic shock, which impacts urchin feeding behavior 

(Irlandi et al. 1997) and survival (Lange 1964b, Gibson et al. 2002, Rinde et al. 2014). Historical 

data indicate that purple urchins have experienced mass die-offs from increases in freshwater 

volume, including near the mouths of small streams. (Hendler 2013). Despite the potential 

negative effects of sediments on kelp, there is evidence that sedimentation can provide indirect 

benefits to the survival of kelp in areas with high grazing pressure (Kawamata et al. 2011). Sea 

urchins in other global regions have been shown to avoid portions of reef with a thin layer of fine 
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sediment, allowing already-established kelp stands to persist. However, our results show that 

kelp was initially present in locations closer to river mouths, but populations were present in 

locations further away in 2020. USGS discharge data support that 2020 to 2022 coincided with a 

period of low rainfall in California, suggesting that river mouth refugia may depend on discharge 

thresholds that have not been met in recent years (Fig. 6). We did not restrict river mouth 

inclusion in our analysis, and the strength of a river’s impact on kelp survival is likely influenced 

by physical parameters such as river mouth size and discharge levels.   

 

 

Fig. 3.6. Average discharge across 3 USGS gauges in northern California, Fort Bragg, Navarro 

River, and Gualala.  

 

In conclusion, this study contributed to our understanding of the spatial and temporal 

dynamics of kelp persistence across diverse seascapes with fine temporal resolution. We found 

that kelp survival during and after a marine heatwave was notably higher in cooler areas, 

indicating that localized upwelling sites served as climate refugia. These refugia may have 

supported nutrient-rich environments or a combination of sufficient nutrients and reduced heat 
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stress. However, a noteworthy shift may have occurred post-2019, where the ability of kelp to 

evade urchin predation may have become more crucial. As a result, a perturbation to urchin 

populations may be necessary for shifting back to a forested state. Such perturbations may 

include increased presence of predators (i.e., recovery of the sunflower sea star), sea urchin 

disease, or changes in the environment that drive changes in urchin survival or feeding behavior. 

Given the extensive decline observed across geographic areas, there is an urgent need to 

prioritize sites for restoration and implement preventative conservation measures. Monitoring the 

effectiveness and limitations of selected strategies over time is essential. This includes 

identifying and protecting remnant patches of kelp, or refugia, where subpopulations have 

managed to persist amidst heatwave events (Hamilton et al. 2022). While restoration efforts often 

aim to leverage these natural refugia, comprehensive data on their locations, stability, and 

enabling factors for persistence are lacking. Additionally, the insights gained from this study 

extend beyond kelp forest ecosystems to benefit other disturbance-prone systems. For instance, 

coral reef communities threatened by marine heatwaves require large-scale monitoring to 

understand bleaching events and degradation processes (Asner et al. 2017). Similarly, coastal 

wetlands face complex challenges influenced by disturbances operating on varying timescales, 

from tides to sea level rise (Miller et al. 2019). Addressing these challenges will require 

interdisciplinary approaches and a deeper understanding of ecosystem dynamics. 
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Chapter 4. Capturing local variability across California kelp populations 

 

Abstract: California kelp population dynamics exhibit considerable variability across scales that 

range from a single individual to the regional forest ecosystem. The PlanetScope constellation of 

130+ CubeSats offers near-daily global coverage at 3 m resolution and can provide fine-scale 

details in the location and extent of these environments over large regions. However, the creation 

of continuous and spatially synoptic time series from high-resolution CubeSat data within the 

broad geographic range of California kelp forests (e.g., over 1000 km of coastline) requires 

massive data volumes and scalable methods. Limited spectral resolution and radiometric 

calibration inconsistencies restrict the automation capability of spectral-based models, as 

complex ocean optics can promote the presence of both false positive and false negative 

detections. Here, we combine Planet Dove images and deep learning methods to develop a 

dataset with unprecedented spatial and temporal coverage and resolution. Specifically, we utilize 

the VGG16-U-Net model to generate state-wide maps of floating kelp canopy. We leverage the 

temporal resolution of the Planet Dove constellation to aggregate the images and enhance 

automation. Application of the model to 8 years of PlanetScope imagery (2016-2023) highlighted 

local-scale (less than 1 km) variability in kelp population dynamics across California, helping to 

better identify areas of concern and understand the drivers of both loss and stability. 
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4.1 Introduction 

Kelp ecosystems worldwide are confronting increases in the frequency and severity of 

marine heatwaves, leading to large-scale declines in regions that historically supported extensive 

and persistent forests (Smale, 2020; Smale et al., 2019). When local kelp populations are pushed 

to extinction, climatic instability and recruitment failure can hinder recovery for decades (Filbee-

Dexter & Scheibling, 2014). Kelp forests play a crucial role in supporting fisheries production (~ 

$29,900,904 Kg/Ha/year) and nitrogen removal (~ $73,800,657 Kg N/Ha/year), while also 

contributing to carbon sequestration from the atmosphere (Eger et al., 2023). As a result, 

deforestation trends result in devastating impacts to the natural environment and the economy. 

The California coastline highlights an ecosystem where kelp forests endured severe 

temperature disturbance during a multi-year marine heatwave event lasting from 2014 to 2016 

(Michaud et al., 2022). Populations in northern California suffered losses exceeding 90% within 

the first year (Rogers-Bennett & Catton, 2019) and have yet to exhibit signs of recovery 

(Cavanaugh et al., 2023; McPherson et al., 2021). Kelp forest declines were also observed in 

central and southern California, but the overall response was nonuniform, and kelp abundances 

have been stable or increasing along some coastal areas (Bell et al., 2023; Cavanaugh et al., 

2019). These trends underscore the importance of conducting spatially and temporally consistent 

assessments of kelp forest abundance, allowing for the identification of areas experiencing 

sustained and heightened mortality. The quantification of kelp forest degradation is crucial for 

optimizing strategies to better address protection and restoration (Hamilton et al., 2022). 

Satellite data with moderate spatial resolution have been widely used for mapping and 

monitoring regional changes in kelp coverage across California (Arafeh-Dalmau et al., 2021; 

Bell et al., 2020, 2023; Cavanaugh et al., 2010, 2019; McPherson et al., 2021; Young et al., 
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2016). Currently, publicly available products include seasonal (3-month) maps of kelp canopy 

area derived from Landsat images at 30 m resolution, spanning 1984 to present (Bell et al., 

2023). The Landsat-based maps excel in detecting large-scale extinction and recolonization 

events, but they are not tailored to capture small-scale dynamics effectively (Finger et al., 2021). 

The 30 m resolution proved inadequate for capturing highly disturbed kelp forests in northern 

California, especially in areas with sparse, nearshore canopy coverage (Saccomanno et al., 

2023a). Uncertainties remain high in resolving local patterns of loss or potential recovery. 

 Occupied (CDFW, 2024) and unoccupied (Saccomanno et al., 2023a) high-resolution 

(i.e., cm-scale) aerial surveys have been conducted to complement moderate-resolution survey 

methods and improve the identification of kelp coverage across California. However, these 

surveys lack spatial continuity, as they typically involve sampling spatially discrete reefs due to 

limitations related to environmental conditions, time, and cost. Consequently, 

occupied/unoccupied aerial datasets represent one end of the spatial spectrum for observing kelp 

canopy, while satellite observations represent the other end. Each approach, when used alone, 

fails to capture both local-level and regional to global-scale dynamics (Gray et al., 2022), thereby 

complicating efforts to map large regions at resolutions suitable for target species. 

 CubeSat constellation data have been utilized to overcome these challenges, which 

integrate information from hundreds of satellites to generate spatially comprehensive time series. 

For example, the PlanetScope constellation of 180+ CubeSats, called Doves, offers near-daily 

global coverage at 3 m resolution and has shown promise as an alternative for mapping the 

location and extent of kelp forests across their broad geographic range in California (Cavanaugh 

et al., 2023). However, Planet Dove sensors do not have onboard calibration devices, and their 

orbits are not maintained (Planet, 2024). The data are subject to inconsistencies in radiometric 
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calibration across each sensor, cloud and cloud shadow image artifacts, and sensor artifacts that 

appear as higher than normal brightness values, which restrict the automation capability of 

spectral-based models. Further, complex ocean optics can promote the presence of both false 

positive and false negative canopy detections (Cavanaugh et al., 2023; Wang & Hu, 2021). Deep 

learning algorithms present an opportunity to advance spectral-based methods and effectively 

leverage Planet Dove constellation data through the incorporation of spatial context in the image 

segmentation workflow, helping to mitigate spectral noise and confusion (Cheng et al., 2024; Hu 

et al., 2023; Marquez et al., 2022; Wang & Hu, 2021). 

 In this study, we combine Planet Dove imagery and deep learning methods to develop a 

dataset with unprecedented spatial and temporal coverage and resolution. Specifically, we 

leverage the VGG16-U-Net model, which utilizes the U-Net architecture and pre-trained weights 

from the VGG16 model, to extract state-wide maps of floating kelp canopy from 2016 to 2021. 

We integrate the single-image classifications into monthly maps to increase automation and 

reduce the time needed for manual quality assurance (QA) and quality control (QC). We 

quantified spatial variability in the size of continuous kelp beds along the California coastline, 

thereby mapping hotspots that may be missed by sensors with coarser resolutions and guiding 

kelp forest managers on the best mapping resources for their areas of interest. Our results support 

the efficiency and scalability of using deep learning with CubeSat constellation data to map 

variability in kelp abundance across California. 

 

4.2 Results 

 We present kelp canopy maps from the Planet Dove CubeSat constellation that show 

coverage and extent along the state of California annually from 2016 to 2023. The maps 
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incorporated a total of 52,287 km2 of satellite imagery collected by 317 different satellites, 

comprising over 5.8 billion pixels that captured high spatial and temporal variability in kelp 

abundance (Fig. 1). The VGG16-U-Net that we modeled and trained for kelp canopy detection 

allowed for an efficient and reliable method for analyzing extensive volumes of satellite data. 

The incorporation of spatial context (versus solely relying on spectral information) for kelp 

feature location helped to discard targets that may be spectrally similar to kelp canopy in the 

limited radiometric resolution currently offered by Planet Doves.  

 

Fig. 4.1. Ranges of giant kelp and bull kelp along the California coastline. While the two species 

have overlapping ranges between the northern state line and Point Conception, bull kelp is 

dominant north of San Francisco (left). Planet Dove annual time series of kelp canopy area 

summed within 5 km latitudinal segments (right). 
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 Initial VGG16-U-Net classifications segmented data into 5 classes that included ‘kelp’, 

‘seawater’, ‘waves’, ‘land’, and ‘no data’, and the overall validation accuracy of the model was 

87.32%. Using the testing dataset, which was kept separate from the training and validation 

datasets, we calculated errors of commission and omission in each class for our single-image 

classifications (Fig. 2). While the overall accuracy for ‘kelp’ was relatively low (58%), errors of 

omission totaled less than 1%, indicating that the model rarely missed kelp canopy that was 

present in Planet Dove data (Fig. 2). There were errors of commission in the ‘seawater’, ‘land’, 

and ‘no data’ classes, but our post-processing workflow helped to filter and remove these false 

positives during the creation of our monthly kelp composite maps (see Methods). 

 

Fig. 4.2. Normalized confusion matrix showing accuracy results on the test dataset from the 

VGG16-U-Net model.  

  

 The errors of commission in the ‘seawater’ class often arose from misidentifying wave 

facets as kelp beds. These facts mimic the shape and spectral signature of kelp beds, particularly 

in images contaminated by sun glint. Other errors were linked to spectral distortion in the 

images, which contained speckles, striping artifacts, or cloud artifacts with high surface 
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reflectance values in the near-infrared. Both wave facets and image artifacts tended to vary in 

location from image to image, and the aggregation of the single-image classifications produced 

by the VGG16-U-Net into monthly classifications (see Methods) helped to remove false positive 

classifications in these locations (Fig. 3). Errors of commission in the ‘land’ class often occurred 

in vegetated areas, which were removed after application of the land mask. False positive 

classifications in the ‘no data’ locations were removed after application of the UDM2 masks but 

were often located around the image borders (Fig. 3).  

 

 

Fig. 4.3. Conceptual diagram of the post-processing workflow to automate the production of kelp 

canopy maps across California, shown as an example case study from Harmony Headlands, CA, 

in 2021. Using the single-image time series for one month (A), we calculated the number of 

times each pixel was observed (B). UDM2 masks filtered low-quality pixels and cloud coverage, 

land masks removed land pixels, and offshore masks removed pixels located over 3 km offshore. 

We calculated the number of times the remaining high-quality pixels were observed along the 

coastline (C) and the number of times each high-quality pixel was classified as kelp (D). We 
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determined the proportion of kelp observations within the high-quality data (E) and excluded 

pixels observed in less than 50% of cases (F).  

 

The monthly maps and showed strong agreement with UAV estimates of kelp canopy 

area at the site level (R2 = 0.86, p <0.001, slope = 0.49). There were 6 occurrences where UAV 

surveys identified kelp canopy within a site and the Planet Dove maps did not (Fig. 4). There 

were no occurrences where the Planet Dove maps identified kelp canopy and the UAV surveys 

did not (Fig. 4). The Planet Dove monthly maps were also strongly correlated with regional 

CDFW classifications (R2 = 0.84, p <0.001, slope = 0.58) based on 1 km coastline segments. The 

orders of magnitude are consistent between each dataset, but Planet Dove maps estimated about 

2 times more kelp canopy than both UAV and CDFW (Fig. 4). 

 

Fig. 4.4. Comparison of Planet Dove classifications with those derived from UAV imagery, 

where each point represents total kelp canopy area in overlapping locations (left) and with 

CDFW occupied aircraft surveys, where each point represents kelp canopy summed within 1 km 
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coastline segments along the entire California coastline (right). The pink points represent 

locations that are giant kelp dominant, while the blue points represent locations that are bull kelp 

dominant. The solid black line shows 1:1 relationship, and the equation and R2 show OLS 

regression results.  

 

 To locate areas in coastal California that are likely missed by Landsat-based monitoring 

methods, we resampled the Planet Dove maps into a fractional coverage map at 30 m resolution 

and located unique kelp beds that consisted of connected pixels with less than 20% canopy 

occupancy, which is the kelp canopy detection limit of Landsat. On average, these beds included 

about 2,403 pixels and 65,000 m2 of each year (Fig. 5). Kelp beds consisting of pixels with less 

than 20% canopy were identified along the entire California coastline. However, they were most 

commonly found in areas with typically small or sparse kelp populations, such as northern 

California, and in regions with fringing beds, like certain areas of the Channel Islands (Fig. 5).  
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Fig. 4.5. Ranges of giant kelp and bull kelp along the California coastline (left). Median kelp 

fractional coverage within 30 m x 30 m grids within 5 km latitudinal segments (middle). 

Proportion of 30 x 30 m grids with less than 20% canopy within 5 km latitudinal segments; kelp 

beds with at least 1 pixel above 20% occupancy were excluded (right).  

 

4.3 Discussion 

 Giant kelp and bull kelp display considerable variability across various scales, spanning 

from individual beds to the broader regional forest ecosystem. This highlights the need for 

continuous time series to monitor population fluctuations, as well as extinction and 

recolonization dynamics (Bell et al., 2020; Krumhansl et al., 2016). We have compiled and 

analyzed a comprehensive, high-resolution database of kelp canopy abundance across California 

using a consistent and scalable method. The approach outlined in this manuscript leveraged the 

VGG16-U-Net model, which integrates the U-Net architecture and pre-trained weights from the 

VGG16 model, to extract the floating canopies of giant kelp and bull kelp from Planet Dove 

images. While radiometric and geometric inconsistencies within and across Planet Dove data 

reduced the accuracy of single-image classifications, our monthly aggregated maps helped 

mitigate errors and were comparable with higher resolution datasets from unoccupied and 

occupied aerial surveys. This provided reliability in data coverage and continuity. 

 The monthly maps generated from Planet Doves consistently overestimated kelp canopy 

area, by approximately 2 times, compared to both high-resolution unoccupied and occupied 

aerial surveys. Previous work has shown that Planet Dove images can adequately capture kelp 

presence when kelp occupancy is greater than or equal to 20% of a single pixel, or 1.8 m2 of kelp 

(Cavanaugh et al., 2023). Consequently, the monthly maps derived from Planet Doves can 
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identify kelp canopies ranging in size from approximately 1.8 m2 to 9 m2. However, these maps 

only provide a binary metric of presence or absence and do not report sub-pixel abundances. 

Specifically, they assign 100% kelp canopy coverage to any pixel where kelp canopy presence is 

detected, equivalent to 9 m2 of kelp. This approach results in overclassifications compared to 

higher resolution datasets, which can capture finer details in kelp bed abundance (Fig. 6). 

 

Fig. 4.6. Comparison of UAV and Planet Dove classifications of kelp canopy. 

 

In general, co-registering Planet Dove data with in-situ or other remote sensing validation 

datasets presents challenges, as even slight disparities in temporal acquisition can lead to errors 

in pixel alignment of kelp canopy. For example, the detectable aerial extent of both giant kelp 

and bull kelp canopies decreases by about 20% for every meter of tidal increase, when fronds 

become submerged (Britton-Simmons et al., 2008; Cavanaugh et al., 2021; Timmer et al., 2024). 

There is also evidence that currents can submerge fronds, although the relationship between the 

amount of floating kelp canopy and current speeds can vary by species and location (Britton-

Simmons et al., 2008; Cavanaugh et al., 2021; Timmer et al., 2024). Additionally, giant kelp and 

bull kelp demonstrate rapid growth rates, particularly during periods of upwelling, resulting in 

significant variations in canopy extent and abundance within the span of a month. Conversely, a 
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single wave event has the potential to eradicate entire populations (Reed et al., 2011). These 

factors not only influence validation results but are also incorporated into the monthly Planet 

Dove maps. For example, if a kelp bed is present in each Planet Dove image in the monthly stack 

but experiences fluctuations in size and location due to tidal variations, the edge of the bed is 

likely to be excluded from the final classifications. Those pixels were likely observed in over 

50% of the observations for that month. This is important to understand, as the Planet Dove 

monthly maps do not capture maximum canopy extent – they are representative of average 

canopy conditions for that month.  

 The monthly maps generated from Planet Doves successfully captured small and 

fringing beds that would have remained undetected at 30 m Landsat resolution. We showed that 

certain sections of coastline, such as northern California and the Channel Islands, often harbor 

large proportions of sparse, isolated beds, which emphasizes the importance of mapping 

California kelp canopies at high resolution to accurately quantify large-scale mortality and 

survival in severely disturbed forests. However, Planet Doves only began collecting consistent 

imagery in 2016 and should be used to complement Landsat-based datasets, not replace them. 

For example, shorter scale time series (10 years or less) can be subject to trends that quickly 

fluctuate with the periodicity of decadal scale climate oscillations (i.e., the North Pacific Gyre 

Oscillation (NPGO), Multivariate ENSO (MEI) indices, and the Pacific Decadal Oscillation 

(PDO)) (Bell et al., 2020). Longer-scale time series (20 years or greater) are necessary for 

detecting trends in kelp abundance that were not indicative of population reactions to these 

climate fluctuations (Bell et al., 2020). Similarly, in a review of global patterns of kelp forest 

change, all available time series of published and contributed kelp abundance datasets were 

compiled, and over 70% of the dataset was composed of relatively short-duration datasets, 
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spanning less than 20 years (Krumhansl et al., 2016). However, the authors argue that the 

datasets from longer-duration studies (i.e., 20 years or more) were most influential for 

determining trends in kelp abundance (Krumhansl et al., 2016). 

Implementing high-resolution mapping techniques to monitor kelp coverage within and 

across the state of California could offer valuable insights for both scientific research and 

management practices, enhancing efforts aimed at kelp forest conservation and restoration. Due 

to the geographic extent of observed declines since the 2014 to 2016 marine heatwave, there is a 

need to prioritize sites for restoration and preventative conservation measures and to monitor the 

value and limitations of selected strategies over time. Planet Dove data offer near real-time 

assessments of kelp canopy coverage that can be produced on a repeat basis, providing adequate 

means to complete such analyses. For example, kelp forests that have been able to persist after 

severe disturbance may indicate refugia (Kavousi & Keppel, 2018; Keppel et al., 2012). 

Conservation and restoration efforts are often designed to complement and utilize these natural 

refugia, but managers lack comprehensive data on their locations and an understanding of the 

factors that enable them to persist (Hamilton et al., 2022). The patterns of variation and stability 

in kelp presence revealed by Planet Dove sensors provide input to managers on coastal areas that 

are good candidates for conservation, such as refugia, and on areas that may need intervention or 

restoration for improved resiliency.  

 

4.4 Methods 

4.4.1 Study Area 

Giant kelp (Macrocystis pyrifera) and bull kelp (Nereocystis luetkeana) co-occur from 

Alaska to California, and both form canopies that float on the ocean surface. Giant kelp is 
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distributed along the entire length of the California coastline, but is the dominant species south of 

Monterey Bay, while the southern range limit of bull kelp is north of Point Conception (Fig. 1). 

Our study area included the mainland of California and the Channel Islands, extending over 

2,000 km of coastline. This region has historically supported productive bull kelp and giant kelp 

forests (Bell et al., 2023). 

 

4.4.2 Satellite Imagery 

We acquired Planet Dove data from the Dove Classic, Dove-R, and SuperDove sensors 

along the coastline of California in September annually from 2016 to 2023. Dove Classic sensors 

collect 4-band data with blue (455 - 515 nm), green (500 - 590 nm), red (590 - 670 nm), and 

near-infrared (780 - 860 nm) channels. Dove-R sensors collect 4-band data with blue (464 - 517 

nm), green (547 - 585 nm), red (650 - 682 nm), and near-infrared (846 - 888 nm) channels. 

SuperDove sensors collect 8-band data with coastal blue (431 - 452 nm), blue (465 - 515 nm), 

green (513 - 549 nm), green (547 - 583 nm), yellow (600 - 620 nm), red (650 - 680 nm), red-

edge (697 - 713 nm), and near-infrared channels (845 - 885 nm). 

In northern and central California, annual biomass maximums are typically observed in 

the fall, making September an ideal month for quantifying canopy coverage. While southern 

California kelp populations are spatially variable in their timing of biomass maximums, 

consistent, fall-coverage can highlight population oscillations over time (Bell, Cavanaugh, & 

Siegel, 2015; Bell et al., 2023). Using the Planet API, we collected imagery that covered each 

pixel in the study area at least 5 times. We designated arbitrary grids along the coastline that were 

~ 10 km alongshore x 3 km offshore to manage image downloads (n = 170). Image downloads 

were restricted to coastal areas within 3 km of the shoreline, as California populations have not 
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been observed this far offshore (Bell et al., 2023). Planet offers cloud-coverage estimates on a 

scene basis, and so we used the Usable Data Mask 2 (UDM2) asset to map cloud contamination 

within each grid (i.e., only within our area of interest). We downloaded all cloud-free imagery 

and calculated the number of times each pixel in the grid was observed. If any pixel was 

observed less than 5 times, we relaxed the cloud threshold by 10% (i.e., 90% cloud-free), 

downloaded the new data, and re-calculated the total observations. This process was repeated 

until every pixel had at least 5 observations, or until the cloud threshold reached 0% and the grid 

was fully covered with clouds. 

A total of 254 unique Planet Dove surface reflectance images were acquired between 

September 1 and September 30 in 2016, 2,258 in 2017, 2,516 in 2018, 2,365 in 2019, 2,103 in 

2020, 1,036 in 2021, 1,076 in 2022, and 1,084 in 2023. Poor quality observations, including 

cloud coverage and hot pixels, were identified by the UDM2 asset and masked. Observations 

marked as ‘usable’ by the UDM2 were considered good quality. We additionally masked land in 

the classifications using a 1 m resolution multi-source topobathymetric digital elevation model 

produced by the USGS Coastal National Elevation Database. Areas with a positive elevation 

were considered ‘land’ and were manually reviewed to assess accuracy.   

 

4.4.3 Model Structure 

We utilized a hybrid architecture, combining the U-Net structure (Ronneberger et al., 

2015) with VGG16 (Simonyan & Zisserman, 2014), to accurately extract floating kelp canopy 

from Planet Dove images. Originally proposed in biomedicine for segmenting ultrasound scans 

of arteries (Balakrishna et al., 2018), the VGG16-U-Net has been successfully adapted for high-

resolution remote sensing tasks, including the detection of floating macroalgae such as 
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Sargassum (Wang & Hu, 2021) and Ulva (Shang et al., 2023). The encoder part of the U-Net 

incorporates the original 13 convolutional layers from VGG16 and is structured into 5 

convolutional blocks. Following each convolutional block, we used a max pooling layer to 

reduce the image dimensions by 2 x 2. The decoder follows the classic U-Net design and also 

includes 5 convolutional blocks. Following each convolutional block, we included an 

upsampling operation (transposed convolution layer) to expand and restore the image dimensions 

by 2 x 2 and applied batch normalization. Skip connections were added between corresponding 

blocks in the encoder and decoder using a concatenation layer to copy and combine the feature 

maps. We used the Rectified Linear Unit (ReLU) as the primary activation function. The output 

of the last convolutional block in the decoder included a 1 x 1 convolution with a softmax 

activation function. The Stochastic Gradient Descent with Momentum (sgdm) optimizer was 

applied for model optimization. The initial learning rate was 0.001 and dropped by a factor of 0.1 

after every 5 epochs. The model was trained for 20 epochs, which allowed for convergence of 

the validation accuracy and loss rate. The mini-batch size was 8. Model training took 

approximately 20 hours. 

 

4.4.4 Model Training 

We acquired all available cloud-free SuperDove imagery from 2020, 2021, and 2022 

across 15 different sites along the Pacific coast of North America, spanning from British 

Columbia, Canada, to Baja California, Mexico. These sites encompassed a diverse range of kelp 

bed sizes, shapes, and densities, as well as various coastline morphologies, from complex to 

simple. The imagery was categorized into four classes – 'kelp', 'seawater', 'waves', and 'no data' – 

using supervised random forest models. Training data for each class were generated on a per-
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image basis to address cross-satellite spectral variability. The final classifications underwent 

manual inspection and correction for potential errors. A fifth class, 'land', was incorporated into 

each image utilizing a 1 m resolution multi-source topobathymetric digital elevation model 

sourced from the USGS Coastal National Elevation Database. Areas with a positive elevation 

were considered land and were manually reviewed to assess accuracy.  

VGG16 was originally trained on the ImageNet dataset, which consists of 3-band red-

green-blue (RGB) data (Deng et al., 2009). The first layer of the encoder accepts 3-band RGB 

images of size 256 x 256. Instead of using RGB composites, we generated pseudo-RGB 

composites with the near-infrared, red, and green bands. The near-infrared band accentuates high 

contrast between floating kelp canopy and the surrounding seawater, as kelp prominently reflects 

near-infrared light (Cavanaugh et al., 2021; Timmer et al., 2024). We sampled 35,433 256 x 256 

images from the Planet SuperDove images and labeled data. To help balance the dataset, we 

found all samples that contained kelp canopy (n = 3,725) and applied 2 sets of random image 

augmentations, which included flips, rotations, scaling, color shifts, and brightenings. The 

augmentations added 7,450 additional images with kelp presence to the training dataset. We split 

the samples into training, testing, and validation sets representing 80%, 10%, and 10% of the 

data, respectively. Response classes were weighted proportionally to the inverse of their 

abundance to over-weight classes that appeared more infrequently than others (i.e., kelp and 

waves versus seawater and land).  

 

4.4.5 Composite Kelp Maps 

We applied the VGG16-U-Net to all downloaded imagery. The resulting classifications 

were converted to binary labels indicating either ‘kelp’ or ‘no kelp’. We mapped the spatial 
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distribution of the total observations, total high-quality observations, and total kelp observations 

for the complete coverage of the study area. We determined the proportion of kelp observations 

within the high-quality data and excluded pixels observed in less than 50% of cases (Fig. 3). 

Convolutional neural networks (CNN) often generate periodic artifacts, known as checkerboard 

artifacts, which result from the forward-propagation of upsampling layers and the backward-

propagation of downsampling layers (Kinoshita & Kiya, 2020). We avoided the inclusion of 

checkerboard artifacts in our final, aggregated maps by applying random rotations to each image 

before application of the VGG-16-U-Net and restoring the original orientations afterwards. If 

checkerboard artifacts were present, their orientations were random from image to image, and so 

they were rarely carried over into the monthly aggregates. 

 

4.4.6 Model Validation 

 The Planet Dove maps of kelp canopy were evaluated against two datasets: a high 

resolution (2 m) kelp canopy map spanning the California coastline from 2016 derived from 

occupied aircraft surveys (CDFW, 2024) and high resolution (~3 cm) unoccupied aerial vehicle 

(UAV) maps collected along the California coastline between 2017 and 2023 (Cavanaugh et al., 

2021; Saccomanno et al., 2023). The objective of the evaluation was to compare the consistency 

of Planet Dove kelp canopy area estimates to higher-resolution sensors, which may provide more 

accurate estimates. 

 The CDFW occupied aircraft surveys were conducted between September 3-25, 2016, 

aligning with the timing of the September 2016 Planet Dove kelp canopy map. Originally 

collected at approximately 25 cm resolution, the CDFW data were classified, resampled to 2 

meters, and converted to shapefiles for public access (CDFW, 2024). We transformed these 
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shapefiles into 3 m pixels to correspond with the Planet Dove image grids using nearest neighbor 

sampling. Total kelp canopy area was calculated from both the CDFW map and the Planet Dove 

map along 1-kilometer coastline segments (n = 803), and ordinary least squares (OLS) 

regressions were conducted to compare the datasets. Additionally, the UAV surveys encompassed 

data collected across multiple years and locations: Sonoma and Mendocino counties from 2019 

to 2023 for bull kelp populations (Saccomanno et al., 2023), central California between Estero 

Bluffs and San Simeon in 2021 for giant kelp and bull kelp, Santa Barbara Coastal Long Term 

Ecological Research (SBC LTER) sites Arroyo Quemado and Mohawk Reef from 2017 to 2023 

for giant kelp, Palos Verdes between 2018 and 2023 for giant kelp (Cavanaugh et al., 2021), and 

one image collected at Point Fermin in 2017 for giant kelp. Surveys were conducted in August, 

September, or October from 2017 to 2023, with varying sample sizes each year. The surveyed 

sites ranged in size from 0.01 to 3.40 km2.  

 Each image was classified using spectral-based methods detailed in Cavanaugh et al., 

2021, or using Kelp-O-Matic, an open source, deep learning tool for kelp canopy extraction 

(Denouden and Reshitnyk, 2021). Once classified, total kelp canopy area was calculated across 

each site from the UAV maps and their corresponding spatiotemporal matchups for the Planet 

Dove maps, and OLS regressions were conducted to compare the datasets. 

 

4.4.7 Analysis of Scale 

 The Landsat satellites provide free and open-source data, enabling the creation of a 40-

year time series of giant kelp and bull kelp abundance (Wulder et al., 2012, 2016). The high 

degree of natural variability within kelp forest ecosystems stresses the necessity for continuous, 

long-term time series data, as populations tend to be incredibly dynamic (Bell et al., 2020). As a 
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result, Landsat-based kelp canopy maps have been produced for the west coast of the United 

States and in Baja California, Mexico (Bell et al., 2023), the Falkland Islands (Houskeeper et al., 

2022), Tasmania, Australia (Butler et al., 2020), Tierra del Fuego (Friedlander et al., 2020), 

among others. However, Landsat data may miss kelp canopy within a pixel if it occupies less 

than 20%, or 180 m2 (Cavanaugh et al., 2023; Hamilton et al., 2020). To address this limitation, 

we utilized bilinear resampling to spatially downgrade 3 x 3 m Planet Dove maps of kelp canopy 

to 30 x 30 meters, thereby generating pseudo-Landsat pixels. Each pixel represented the 

percentage of the 30 x 30 m grid occupied by kelp canopy. We calculated the median kelp 

canopy fraction across 5 km coastline segments. Subsequently, we identified distinct beds along 

the coastline, defined as continuous canopy sections within the pseudo-Landsat pixels. We then 

quantified which beds contained kelp canopy abundance below the detection threshold of 180 

m2, across 5 km coastline segments. Kelp beds with at least 1 pixel above 20% occupancy were 

excluded.  
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Chapter 5. Conclusions 

The overall goal of my dissertation was to provide new perspectives for addressing and 

understanding kelp forest disturbance regimes. While there have been considerable 

advancements made in the geography of terrestrial forest disturbance, the kelp forest literature is 

currently lacking. Marine heatwaves are projected to continue increasing in frequency, 

magnitude, and duration, and understanding how kelp communities have responded to past 

events may give insight on how the distribution of these important foundation species will 

change in the future. Distinguishing how the direct effect of heatwaves (increased temperature 

and nutrient limitation) and the indirect effects (wave disturbance and urchin overgrazing) 

impact kelp populations presents a framework for understanding which populations are suited to 

withstand changing climatic conditions. Further, estimating the distribution and abundance of 

kelp forests as a function of the relative strengths and interactions of driving forces would allow 

for more accurate attribution of biomass loss due to climate variability and extremes. 

 




