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Abstract 

Jennifer Anne Broughton 

PHYTOPLANKTON BLOOM DYNAMICS AND DEVELOPNMENT OF 
PRIMARY PRODUCTIVITY METHODS IN THE CALIFORNIA CURRENT 

SYSTEM 
 

The California Current System (CCS) is a coastal upwelling region that supports 

diverse and abundant mesopredators including fishes, seabirds, and marine 

mammals. Many fisheries, including Pacific salmon, anchovy, and sardine are 

present along the coast, making effective management of coastal marine resources in 

the CCS both ecologically and economically important. Oceanographic observation 

networks can provide useful information for resource management, but because of 

limited spatial coverage, fail to provide a complete picture of water mass dynamics. 

Next-generation ocean color radiometers with improved spectral resolution will 

provide opportunities for development of new algorithms to resolve important 

ecological questions in complex coastal environments. This dissertation focused first 

on phytoplankton bloom dynamics in the upwelling shadow of Monterey Bay, 

California. Using partial least squares regression, environmental factors were related 

to microbial and phytoplankton abundances in order to evaluate how environmental 

factors influence the local phytoplankton community. Microbial and phytoplankton 

abundances in the upwelling shadow were positively associated with warmer, 

nutrient-depleted water. “Major” blooms of all biological groups primarily occurred 

during the oceanic season when these environmental conditions persisted. Chapters 2 

and 3 built on knowledge from Chapter 1 and included remote sensing techniques. 
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Chapter 2 used hyperspectral ocean color and sea surface temperature (SST) data 

collected from low-flying aircraft and a systematic cross-shelf survey design to 

characterize water types in the northern CCS. Using three derived ocean color 

parameters (chlorophyll a, colored dissolved organic matter, and particle 

concentration) and SST, k-means clustering produced tenable water mass 

classifications; comparative k-means clustering using 20 spectral shape coefficients 

derived using functional data analysis failed to resolve meaningful water mass 

classifications. Data for this chapter were collected as part of the U.S. Geological 

Survey’s Pacific Continental Shelf Ecosystem Assessment (PaCSEA) program. 

Finally in Chapter 3, I used hyperspectral data to understand bloom dynamics in 

Monterey Bay, California, Chapter 3 modified working primary productivity (PP) 

models to include a particle size distribution component. Based on phytoplankton 

physiology, I expected modified PP algorithms would improve PP estimates 

compared with traditional methods. Although modified PP models improved 

estimates by a factor of two to three when compared to 14C-derived ground truth 

values, no significant improvement was made over other regionally-tuned 

algorithms. This indicates that one or more other variables, such as depth resolved 

chlorophyll a, are needed to significantly improve future models. Data for this 

chapter were collected as part of the Hyperspectral Infrared Imager (HyspIRI) flight 

campaign using the Airborne Visible/Infrared Imaging Spectrometer (AVIRIS) 

sensor. Due to issues with atmospheric corrections, not enough data were available 
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to make statistically significant conclusions on the performance of this sensor in 

Monterey Bay.   
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INTRODUCTION 

The coastal oceans are responsible for more than 50% of global marine 

primary productivity (PP), and thus are a fundamental component of the Earth’s 

biogeochemical cycles (Eppley and Peterson 1979, Field et al. 1998). These hotspots 

of enhanced surface production support short food chains that transfer energy 

efficiently to higher trophic levels (Ware and Thomson 2005, Kudela et al. 2010). As 

with other eastern boundary currents, upwelling primarily supports the high 

chlorophyll a concentrations in the CCS, with rivers and topography providing 

additional local enhancements (Pennington and Chavez 2000, Hickey et al. 2008).  

The CCS supports abundant mesopredators including fishes, seabirds, and marine 

mammals (Ainley et al. 2005, Adams et al. 2012, Zamon et al. 2014). Many 

fisheries, including Pacific salmon, anchovy, and sardine, are present along the 

coast, making effective management of coastal marine resources in the CCS both 

ecologically and economically important. Oceanographic observation networks, such 

as the Integrated Ocean Observing System (IOOS) have been established for the 

purpose of achieving this goal. As part of this global data network, weekly sampling 

at the Santa Cruz Municipal Wharf (SCMW) for water quality actively alerts 

fisheries management and fishermen to potential hazards resulting from phytotoxins 

and degraded water to minimize risk of human consumption of contaminated 

seafood.  

Time-series data collected from observational platforms also can provide 

valuable information involving physical, chemical, and biological environmental 
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changes through time. Kim et al. (2009) utilized a 20-year dataset collected from the 

Scripps Pier in southern California to evaluate phytoplankton bloom dynamics in 

response to changing environmental conditions, and found that chlorophyll a 

increased over the 20-year period; this increase was not related to changes in local 

SST, local winds, or upwelling index. Understanding how phytoplankton dynamics 

respond to variable environmental conditions ultimately influences the ability to 

predict PP in complex coastal environments.   

Although oceanographic observational networks are extremely useful for 

identifying and managing localized threats and provide convenient global data 

access, spatial limitations do not allow a complete picture of water mass dynamics. 

Remote sensing of ocean color collected from either satellite or aircraft can 

supplement discrete in situ measurements. Satellite swath coverage and aerial 

transect surveys allow unique insights by collecting data over large spatial areas 

synoptically. For example, using data the Moderate Resolution Imaging 

Spectrometer (MODIS), Kahru et al. (2012) observed increasing PP in the CCS, and 

found this trend was associated with warmer SST and decreased upwelling. Satellite 

data, however, also have limitations. Specifically the spectral range of current 

satellites, such as the Moderate Resolution Imaging Spectrometer (MODIS; 8 ocean 

color bands), Visible Infrared Imaging Radiometer Suite (VIIRS; 5 ocean color 

bands), Multispectral Instrument (MSI) on-board SENTINEL-2 (5 ocean color 

bands), and Operational Land Imager (OLI) on Landsat 8 (4 ocean color bands) lack 
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the spectral coverage to adequately represent the variability of inherent optical 

properties observed in the ocean (Lee 2012). 

Clouds make satellite measurements of ocean color available intermittently 

which can limit data availability and therefore introduce seasonal and regional biases 

into long-term datasets. Additionally, issues with atmospheric corrections have been 

shown to cause major problems when processing ocean color data (Palacios et al. 

2015). Using low-flying aircraft circumvents many of these issues, and can be used 

to evaluate ocean processes over regional scales. Harding et al. (1992), Harding et al. 

(1995), Miller and Harding (2007) have been successfully utilizing low-flying 

aircraft to monitor water quality in the Chesapeake Bay for more than two decades.  

Next-generation NASA missions including Pre-ACE (PACE), ACE 

(Aerosols, Clouds, and ocean Ecosystems), and the Geostationary Coastal and Air 

Pollution Events (GEOCAPE), will have on-board ocean color radiometers with 

hyperspectral capabilities. This technology opens up the possibility of applying more 

complex algorithms that utilize spectral shape to derive information about coastal 

ocean ecology (Lee et al. 2005).  

Sensors such as the Hyperspectral Imager for the Coastal Ocean (HICO; 

352.5 – 1080.0 nm at 5.7-nm resolution) and Airborne Visible/Infrared Imaging 

Spectrometer (AVIRIS; 400 – 2500 nm at 10-nm resolution), which have improved 

spectral and spatial resolution, can demonstrate methods that can be applied to next-

generation technology. Taking advantage of HICO’s enhanced spectral resolution in 

the red wavelengths, Ryan et al. (2014) adaptively identified and calculated the peak 
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of chlorophyll fluorescence, the wavelength of which changes as a function of 

biomass. This study shows the potential of next-generation sensors and algorithms to 

improve our understanding of phytoplankton dynamics in complex coastal 

environments.  

Using the AVIRIS sensor, a primary goal of the 2013-2015 Hyperspectral 

Infrared Imager (HyspIRI) flight campaign was to understand how phytoplankton 

functional types (PFTs) influence biogeochemical cycling in the coastal ocean 

(http://hyspiri.jpl.nasa.gov/science). PFTs are phytoplankton groups that share 

similar traits related to ecosystem function, irrespective of phylogeny (Nair et al. 

2008). Phytoplankton cell size is a functional trait that can be used to define a PFT, 

and is directly related to nutrient cycling such that ecosystems with larger mean cell 

sizes transfer energy to higher trophic levels more efficiently than environments with 

smaller size mean cell sizes (Nair et al. 2008, Kostadinov et al. 2010).  

A direct relationship between algal particle size distribution (PSD) and PP 

has long been recognized such that specific rate processes are inversely related to 

average PSD (Cote and Platt 1983, Chisholm 1991, Marra 2007), though evidence 

indicates that with high nutrient concentrations and sufficient light, photosynthetic 

rates of larger phytoplankton are equal to or greater than those of smaller cells 

(Cermeño et al. 2005, John et al. 2007, Suggett et al. 2009). Current working PP 

models parameterize assimilation efficiencies as a function of indirectly related 

physical parameters or use constant values. For example, the most frequently used 

Vertically Generalized Production Model (VGPM; Behrenfeld and Falkowski 
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1997a), calculates the chlorophyll-normalized optimum rate of carbon fixation (PB
opt, 

mg C mg Chl-1 h-1) as a function of SST. The VGPM predicts PP as  

PP = 0.66125 * PB
opt * [E0/(E0 + 4.1)] * Zeu * Copt * Dirr     (Eq. 1) 

where Eo is surface daily photosynthetically active radiation (PAR, mol quanta m-2), 

Copt  is the chlorophyll a concentration at PB
opt, and assumed to equal surface values, 

Zeu is euphotic zone depth, and Dirr is photoperiod length. Kahru et al. (2009) 

compared the VGPM to four other algorithms (Eppley et al. 1985, Kameda-Ishizaka 

2005, Marra et al. 2003, Behrenfeld et al. 2005), and found using coefficients tuned 

with regional data, the modified VGPM best predicted PP, but still only explained 

two-thirds of the variability in 14C-generated values. Using the same dataset, Jacox et 

al. (2015) modified the VGPM by parameterizing PB
opt as a function of chlorophyll a 

and distance from shore (as a proxy for PSD), and found the regionally tuned model 

only moderately improved PP estimates compared to traditional algorithms. Only 

when vertical profiles of the in situ chlorophyll a and light field were included did 

model predictability significantly improve (Jacox et al. 2015).  

Uncertainties in chlorophyll a estimates make models that use phytoplankton 

absorption, an inherent optical property (IOP), as an alternative measure of 

phytoplankton biomass appealing. IOPs include absorption (a(λ)), scattering (b(λ)), 

and attenuation (c(λ)) by water and its constituents. Colored dissolved organic matter 

(CDOM) and phytoplankton absorption have overlapping spectra, which can result 

in overestimation of chlorophyll a concentrations when traditional algorithms that 

utilize the ratio of green to blue remote-sensing reflectance (RRS), are used (Sauer 
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and Roesler 2006, Morel and Gentili 2009). RRS is the ratio of upwelling radiance to 

downwelling irradiance and is a relatively “easy” measurement to make. 

Photoacclimation represents another source of uncertainty for chlorophyll-based PP 

models because cellular pigment concentrations can vary significantly on daily to 

annual timescales (Falkowski and LaRoche 1991, MacIntyre et al. 2002). Behrenfeld 

et al. (2009) found changes in chlorophyll a in the lower tropical latitudes were 

driven by seasonal light variability rather than biomass changes. Because the amount 

of chlorophyll a per cell is variable, it is an ambiguous measure of phytoplankton 

biomass. 

The absorption-based model (A-ph) proposed by Lee et al. (1996, 2011) 

circumvents issues associated with chlorophyll a measurements by utilizing the 

Quasi-Analytical Algorithm (QAA; Lee et al. 2002). As for other inversion 

algorithms, the QAA derives measurements of IOPs from RRS using radiative 

transfer theory with assumptions made about spectral shapes. The A-ph model is 

defined as 

PP(z) = ϕm * [(Kϕ * exp(-v * E(z)))/ (Kϕ + E(z))] * (Aph * E(z))  (Eq. 2a) 

with 

E(z) = E0 * exp(-KPAR(z) * z)      (Eq. 2b) 

and includes ϕm and Kϕ, representing the vertical variation in the quantum yield of 

photosynthesis, Aph, the absorption coefficient of phytoplankton, and KPAR, the 

vertical attenuation coefficient for PAR (Lee et al. 2011). This approach can work 
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well in nearshore environments (Lee et al. 2011), but does not significantly improve 

estimates for the CCS (Kahru et al. 2013).     

The overarching goal of this dissertation is to evaluate phytoplankton 

ecology and PP in the coastal ocean using in situ and remotely derived data. Chapter 

1 utilizes a 7-year dataset collected from the SCMW to evaluate bloom dynamics in 

the upwelling shadow of Monterey Bay, CA. Upwelling shadows are found globally 

along eastern boundary coastlines, and because of their unique physical and 

chemical structure, are environments favorable to harmful algal blooms (HABs; 

Pitcher et al. 2012).  I evaluated whether environmental factors were related to 

patterns in microbial and phytoplankton abundance to understand local dynamics 

over multiple time scales. 

Chapters 2 and 3 build on the knowledge from Chapter 1 and expand on the 

ability to link local environmental conditions to phytoplankton community 

composition by including a remote-sensing component. To inform resource 

management associated with potential development of wind and wave energy in the 

Pacific Northwest, the Unites States Geological Survey (USGS) in collaboration 

with UCSC, used low-flying aircraft to collect concurrent hyperspectral ocean color, 

SST, and seabird species distribution and abundance. Using SST and ocean color, 

Chapter 2 evaluated k-means clustering methods for characterizing water masses in 

the northern CCS. The survey area is shown in Figure 1. The goal of Chapter 2 was 

to evaluate methods for describing ecologically relevant water masses. This chapter 

additionally sought to determine what, if any, extra information is imparted to the 
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analysis when the entire spectral shape, rather than only a few derived ocean color 

parameters and SST, are used to classify water types.  

The primary goal of Chapter 3 was to improve working models of PP by 

including a physiologically-based parameter, particle size distribution (PSD) as a 

measure of assimilation efficiency. The paradigm is that PP is directly related to the 

average phytoplankton cell size such that there are direct positive correlations 

between the PSD and PP (Chisholm 1991, Wilkerson et al. 2000, Kostadinov et al. 

2010). Exceptions, however, are observed in cold, nutrient-replete regions with 

sufficient light conditions (Malone and Neale 1981, Shiomoto et al. 1997). The algal 

PSD provides information about the structure and metabolism of marine ecosystems; 

therefore I predicted that PSD-based models would improve estimates of PP in the 

CCS.  

This dissertation uses data collected from a diverse set of oceanographic 

observations platforms to create a more complete picture of phytoplankton dynamics 

in the CCS over multiple time-scales. Data collected as part of this dissertation 

contribute to our understanding of phytoplankton ecology from local bloom to 

regional scale water mass dynamics. The models developed as part of Chapter 3 can 

be used to estimate PP in the CCS, but may require additional regional tuning. 

Consistent with other regional PP models, results from this study indicate that one or 

more additional parameters are required to significantly improve future PP 

algorithms.  
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Figure 1. Map of Chapter 2 survey area with the 100-m, 200-m, 1000-m, 2000-m 

isobaths shown. The black lines are the flight lines and the red dots show the 
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locations of observation platforms utilized. National Data Buoy #46029 provided 

measurements of wind speed and direction, SATURN-03 provided chlorophyll a 

measurements, and Columbia River flow data were collected from the Dalles, OR.  
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Wind-driven upwelling variability and local topography cause an upwelling shadow in the 

northern region of Monterey Bay, California to persist seasonally. This study applied partial 

least squares regression to a 7-year time-series collected within this retentive feature for the 

purpose of evaluating the environmental controls on chlorophyll a and picoplankton 

(Synechococcus spp., picoeukaryotes, and heterotrophic bacteria) abundance.  A bloom 

threshold subsequently was defined and applied to all biological groups to evaluate seasonal 

and inter-annual abundance patterns.  Microbial and phytoplankton abundances in the 

upwelling shadow were positively associated with warmer, nutrient-depleted water. 

Consistent with these results, two-thirds of “major” phytoplankton blooms occurred in 

October-November when sea surface temperature (SST) was relatively warm and nutrient 

concentrations were low to moderate. These major blooms were predominantly composed of 

dinoflagellates, some of which are able to migrate to depth for nutrient uptake. This 

potentially decoupled surface chlorophyll a from nutrient concentrations and could partially 

explain the negative relationship observed between upwelling conditions and phytoplankton 

biomass. Although evidence indicates that chlorophyll a is increasing in the California 

Current System (CCS), we observed no inter-annual trend. Results from this study indicate 

that the upwelling shadow of Monterey Bay is decoupled from CCS processes on seasonal 

and inter-annual timescales.  
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1 Introduction 

Monterey Bay, California is a coastal open embayment located in the California 

Current System (CCS) on the eastern edge of the North Pacific gyre. The biological, 

chemical and physical environment is strongly influenced by locally upwelled water and 

California Current water, which is advected onshore during relaxation events (Graham and 

Largier 1997, Ryan et al. 2014).  Local conditions in the bay are principally driven by the 

degree of upwelling (and relaxation), which in turn is controlled by the strength and direction 

of the alongshore winds and shelf topography (Pennington and Chavez 2000, Wilkerson et al. 

2000, Kudela et al. 2008, Jacox and Edwards 2011). Numerous watersheds also empty into 

Monterey Bay, and rivers are an important source of nutrients (Kudela and Chavez, 2004, 

Lane et al. 2009, Fischer et al. 2014). Furthermore, the land surrounding Monterey Bay area 

has been intensively used for agriculture, and there is a clear anthropogenic signature in 

coastal nutrient loads (Chapin et al. 2004, Lane et al., 2009, Hughes et al. 2011) that appears 

to significantly impact phytoplankton community structure (Kudela et al. 2008, Kudela et al. 

2010, Paerl et al. 2011).   

              The seasonal patterns in Monterey Bay are well described. The Bay is typically 

divided into periods of upwelling, relaxation, and periods when the coastal poleward flowing 

Davidson Current surfaces (Skogsberg 1936, Bolin and Abbott 1963, Breaker and Broenkow 

1994, Pennington and Chavez 2000). The upwelling season, characterized by low SST and 

high salinities, typically spans February to August. The oceanic season (August-November) 

follows upwelling; upwelling-favorable winds relax and the California Current collapses 

onshore and annual SST and thermal stratification are greatest. SST in the Davidson current 
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season is relatively warm and the water column is weakly stratified (Skogsberg 1936, 

Skogsberg and Phelps 1946, Pennington and Chavez, 2000). Using a 7-year time-series from 

the Monterey Bay Aquarium Research Institute’s M1 (36.7527 - 122.0283) Pennington and 

Chavez (2000) modified the seasonal construct by splitting the upwelling season into an early 

active phase (February – June; cold, nutrient-rich, and less stratification) and a decay phase 

(July – August; warmer temperatures and stronger stratification). The transition to the decay 

phase likely results from surface warming and a weakening of upwelling-favorable winds. 

This study follows this construct and divided the upwelling period into two phases. 

As a response to upwelling at Point Año Nuevo and regional topographical effects, 

shallow, stratified, cyclonic circulation can persist in the northern part of the bay (Breaker 

and Broenkow 1994). Newly upwelled water flows into the bay creating dynamic fronts 

where phytoplankton can become concentrated, and the associated nutrient supply can 

support massive phytoplankton blooms (Kudela et al. 2008, Ryan et al. 2008, Ryan et al. 

2014). Furthermore, when newly upwelled or California Current water flushes the bay during 

an upwelling event, the upwelling shadow acts as a refuge, maintaining and protecting the 

phytoplankton from being flushed or dispersed (Graham and Largier 1997, Ryan et al. 2009). 

This combination of processes sets up an environment that acts like a semi-enclosed 

embayment, insulating the bay from regional CCS processes. Upwelling shadows are found 

globally along eastern boundary coastlines and their unique physical and chemical 

structuring support environments favorable to harmful algal blooms (HABs; Pitcher et al. 

2012).  



	   20	  

Basin-scale variability (e.g., the El Niño/ Southern Oscillation (ENSO), Pacific 

Decadal Oscillation (PDO), and North Pacific Gyre Oscillation (NPGO)) also impact local 

patterns of phytoplankton abundance and composition in the CCS. ENSO events have 

significant effects on the chemical, physical, and biological structure of Monterey Bay and to 

directly impact rates of phytoplankton primary production (Chavez 1996, Wang and Fiedler 

2006, Bjorkstedt et al. 2011). DiLorenzo et al. (2013) found the PDO and NPGO control low 

frequency upwelling dynamics and these periods capture the decadal expression of El Niño 

events throughout the extratropics (eastern Pacific and Central Pacific El Niños, 

respectively). Cloern et al. (2007), found the PDO to directly control phytoplankton 

community composition in San Francisco Bay and their study encouraged us to include these 

climate indices in our analysis.  

The two primary objectives of this work were to evaluate total chlorophyll a and 

picoplankton bloom dynamics in a seven-year, weekly time-series from the Santa Cruz 

Municipal Wharf (SCMW), and to identify and understand the environmental conditions that 

influence phytoplankton community composition across multiple time scales. To accomplish 

this, we 1) identified the primary modes, or components, of variability at the SCMW and 

used these components to evaluate the underlying mechanisms driving patterns in 

phytoplankton and microbial abundance, and 2) statistically defined a plankton “bloom” 

event, and applied this threshold to the 7-year time-series.  Previous studies have evaluated 

seasonal and interannual patterns in phytoplankton abundance and community composition 

in the CCS (Anderson et al. 2008, Kim et al. 2009, Barron et al. 2014). This work builds on 
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these studies by including for the SCMW an evaluation of the role of basin, regional and 

local scale physical forcing on local patterns of phytoplankton abundance.   

 

2 Methods 

2.1 Data Sets 

Discrete water samples were collected approximately weekly from August 2006 to 

December 2013, initially as part of the California Program for Regional Enhanced 

Monitoring for Phyco Toxins (Cal-PReEMPT, 2006), and later as part of the Central and 

Northern California Ocean Observing System (CeNCOOS, 2007-2013) at the SCMW 

(36.9633 N, 122.0172 W) (Figure 1). Variables of relevance to this study include 

temperature, chlorophyll a (Chla), picoplankton abundance (cell counts of heterotrophic 

bacteria, Synechococcus spp. and picoeukaryotes), phytoplankton “relative abundance index” 

(RAI), inorganic macronutrients, and urea concentrations (Table 1). The methods used for 

each dataset are described below. USGS stream gage river discharge rates for the Salinas, 

San Lorenzo, Pajaro and Soquel Rivers (http://waterdata.usgs.gov/nwis/), Bakun Upwelling 

Index for the Monterey Bay region (36°N, 122°W; www.pfeg.noaa.gov/products/PFEL), 

multivariate El Niño Southern Oscillation (ENSO) index (MEI) 

(http://www.esrl.noaa.gov/psd/enso/mei/index.html), Pacific Decadal Oscillation (PDO) 

index (http://jisao.washington.edu/pdo/), and North Pacific Gyre Oscillation (NPGO) index 

(www.o3d.org/npgo/) were also assessed. All environmental and biological variables 

included in model development are listed in Table 1 and models are described in the 

‘Statistical Analyses’ section below. The Pajaro, Soquel, San Lorenzo and Salinas Rivers 
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were chosen for this study because they were identified by Lane et al. (2009) to best predict 

toxigenic diatom blooms (a biological response) in this region. River discharge rates were 

summed to produce a single variable, ”River Discharge”.  

 

2.2 Discrete Water Sample Analysis 

Approximately weekly water samples were collected by integrating water from three 

depths (0ft, 5ft, 10ft) using a 2L Niskin bottle. Temperature was measured immediately 

following sample retrieval. Water for analysis of nitrate + nitrite (hereafter referred to as 

nitrate, NO3
-), phosphate (PO4

3-), and silicate (SiO4
2-) was filtered through a Whatman GF/F 

filter (nominal pore size 0.7 µm) and stored at -20°C with subsequent analysis using a Lachat 

QuikChem 8000 Series (Lachat Instruments, Hach Company, Loveland, CO) (Smith and 

Brogen 2001, Knepel and Brogen 2002). Ammonium (Holmes et al. 1999) and urea (Price 

and Harrison 1987) were collected and stored separately at -20°C and measured 

colorimetrically. Chla samples were collected using Whatman GF/F filters and analyzed 

using the non-acidified fluorometric technique on a 10-AU Turner fluorometer 

(Welschmeyer 1994).  

Phytoplankton RAI is a measure of phytoplankton abundance for species greater than 

~30 µm and easily observable chain-forming smaller species. This is a qualitative index 

ranging from 0-4 with 0 being absent and 4 being greater than 50% of any given sample (0 = 

absent; 1 = <1%; 2 = 1-10%; 3 = 11-50%; 4 = >50%) (Jester et al. 2009). As a relative index, 

the RAI was only used to evaluate trends and understand temporal dynamics of larger 

phytoplankton. Of the phytoplankton observed at the SCMW, Alexandrium catenella and 
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Pseudo-nitzschia spp. were identified as HAB-forming groups. Dinophysis spp., 

Cochlodinium spp., Lingulodinium polyedrum, Gonyaulax spinifera, and Akashiwo 

sanguinea are known to cause harmful bloom events in the Monterey Bay region, and were 

also identified as HAB species. To convert the RAI to percent composition, we assigned to 

the observation the mean percentage value of the index range. So if the RAI for a given 

species was 2, we set that species equal to 5%. We then added all these values together and 

set this new value to 100%. The relative proportion of this value was assigned to each group 

based on the summed percentages of each specific group, i.e, diatoms, dinoflagellates or 

other, a group that included Dictyocha spp. and Pheocystis spp., a silicoflagellate and 

prymnesiophyte respectively.  

 

2.3 Picoplankton Abundance by Flow Cytometry 

 Samples collected for flow cytometric (FCM) analysis were fixed with 4% 

paraformaldehyde yielding a final concentration of 0.004%, and stored in the dark at -80°C. 

Three major groups of picoplankton were characterized and enumerated: heterotrophic 

bacteria (HBAC), Synecococcus spp., (SYN) and picoeukaryotes (PICO). The samples were 

analyzed on a Becton Dickinson Influx flow cytometer (BD Biosciences, San Jose, CA) 

equipped with a 200 mW laser exciting at 488 nm. Auto-fluorescing beads (SPHERO Ultra 

Rainbow Fluorescent Particles, 0.5-3.0 µm diameter) were added to samples prior to analysis 

for size validation. Samples were run at ~25 µL min-1 for 2 min and a volumetric estimate of 

cell density was determined according to Goebel et al. (2008) and Blakely and Kudela 

(2012). Each sample was characterized by its forward angle light scatter (FSC; relates to 
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particle size), orange fluorescence emission from phycoerythrin (527 ± 27 nm), and red 

fluorescence emission from chlorophyll a (692 ± 40 nm), to enumerate SYN and PICO. 

Failed sample preservation prevented picoplankton data analysis for October-December 

2007, May-August 2009, and November-December 2009 reducing the overall number of 

weekly samples by 34.   

To count HBAC, the nucleic acid stain SYBR Green I (Molecular Probes, Inc., 

Eugene, OR) was added and FSC and fluorescence emission at 531 ± 30 nm was used to 

identify the population. Sample preparation was carried out in subdued light. SYBR I was 

diluted 1:20 from the manufacturer concentration with 0.22 µm filtered deionized water. 

Each 0.75 mL sample had 1 µL diluted SYBR I added. Optimal incubation time was 

determined by performing a time-series experiment taking HBAC measurements every 1-5 

min for 60 min; based on this analysis, a 15-minute dark incubation was chosen. Due to 

problems with stain efficacy, there were no HBAC data for May-August 2013. For all SYN, 

PICO, and HBAC samples, FlowJo software (Tree Star, Inc.) was used to analyze and obtain 

a volumetric estimate of cell density (Goebel et al. 2008, Peacock and Kudela 2012).  

 

2.4    Statistics 

2.4.1 Partial Least Squares Regression 

The relationships between environmental variables (urea, NH4
+, NO3

-, PO4
3-, SiO4

2-, 

UI, river discharge, NPGO, PDO and ENSO) and biological variables (Chla, HBAC, SYN, 

and PICO) were evaluated using partial least squares regression (PLSR). PLSR is particularly 

appropriate when there is autocorrelation among predictor variables (Carrascal et al. 2009). 



	   25	  

In PLSR, the environmental variables first are grouped into axes of variability called 

components, which are specifically orientated with respect to the dependent biological 

variable. Therefore, for each of the four regressions, the environmental variables loaded 

differently in each component in order to maximize the amount of variability explained by 

the model. The loading values for the environmental variables are a measure of how much 

variability is explained within the component. The number of components chosen for model 

inclusion was determined by analyzing plots of 1) mean squared error (MSE) vs. component 

number, and 2) percent variance explained by each component. Thus, the predictability of the 

model was maximized while the error was minimized. Prior to analysis, all variables (Table 

1) were tested for normality, and log-transformed to reduce heteroscedasticity.  

Environmental data were normalized by computing their standard score (subtracted the mean 

and divided by the standard deviation for each dataset). To evaluate whether any time lags 

between variables existed we used the cross correlation function (CCF) in Systat Version 

14.0. 

 

2.4.2 Bloom Analysis 

We defined “major” plankton blooms based on a constant threshold defined as the 

95th cumulative percentile of the log-transformed seven-year time series. This approach 

identified the top 5% of observations, and was used to understand changes in phytoplankton 

bloom dynamics over the entire 7-year time-series. 

 

3 Results 
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3.1 Oceanographic Conditions 

The discrete samples from August 2006 through December 2013 and the monthly 

means are shown in Figure 2. Sea surface temperature ranged from 8.8 to 17.6º C with a 

median value of 13.0º C. Minimum temperatures occurred from December to February 

(Davidson current season) and maximum temperatures occurred from August to September 

(late upwelling/early oceanic period) annually. NO3
- ranged from ≤ 0.14 to 24 µM (median = 

2.4 µM). The highest concentrations were observed from February through May (active 

upwelling phase), and the lowest concentrations persisted from June though October (late 

upwelling/oceanic period), varying inversely relative to temperature in the annual cycle. 

Covarying with NO3
-, PO4

3- ranged from ≤ 0.02 to 4.7 µM (median = 0.8 µM), and SiO4
2- 

ranged from 0.5 to 67.4 µM (median = 13.1 µM). Ammonium concentrations ranged from ≤ 

0.02 to 52.1 µM (median = 1.6 µM). Urea concentrations ranged from ≤ 0.02 to 15.85 µM 

(median = 0.69 µM).  

When we extended the SST dataset from the SCMW to include January – August 

2006, we found pronounced differences between the SCMW and M1 located at mid-bay. The 

monthly and annual means and SST anomalies are shown in Figure 3. Contrary to previous 

studies that observed moderate temperature during the Davidson current season (Skogsberg, 

1936; Pennington and Chavez 2000), we found that the average temperature during the 

Davidson current season was colder (11.3 °C) than during the early upwelling season (12.3 

°C).  

 

3.2 Chlorophyll a and Picoplankton Abundance 
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Trends in Chla and RAI for the 7-year time-series from August 2006- December 2013 

are presented in Figure 4. Chla ranged from 0.40 to 289.1 µg L-1 (median = 5.65 µg L-1). 

Minimum concentrations occurred from December through March and elevated 

concentrations persisted from April through November. Two periods of elevated 

phytoplankton biomass were recorded each year. The RAI time-series showed the 

phytoplankton community in the early upwelling season was dominated by diatoms whereas 

dinoflagellates dominated during late upwelling and oceanic periods.  

Trends in picoplankton abundance for the 7-year time-series from August 2006 

through December 2013 are presented in Figure 5. HBAC abundance ranged from 1.31x105 

to 1.08x107 cells mL-1 (median = 1.65x106 cells mL-1). Abundance of HBAC was elevated 

beginning in May and remained high until November, with the greatest abundance in 

September and October. The abundance of SYN ranged from 51 to 3.21x105 cells mL-1 

(median = 7.55x103 cells mL-1). Relatively elevated SYN concentrations typically occurred 

twice per year, in September-October and January-March. Abundance of PICO ranged from 

65 to 5.91x104 cells mL-1 (median = 6.70x103 cells mL-1). There was no visually apparent 

seasonal pattern in the concentration of picoeukaryotes.  

 

3.3 Partial Least Squares Regressions 

 Chla was set as the dependent variable in the PLSR, and when three environmental 

components were included, a statistically significant model (p < 0.001) was produced with an 

r2 value of 0.30. In the first component, which explained 19% of the variability in Chla, 

temperature (+), NH4
+ (-), NO3

- (-), PO4
3- (-), and to a lesser extent SiO4

2- (-) and urea (-) had 
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the highest loading values (Figure 6). Urea (-) and NPGO (-) primarily loaded in the second 

component (8% of the Chla variability), and river discharge solely loaded the third 

component and explained 3% of the variability. 

 Including only the first two environmental components in the final regressions 

produced statistically significant models with the lowest MSE values for all picoplankton 

groups. The first environmental component when HBAC was set as the dependent variable 

was very similar to the first environmental component from the Chla PLSR: temperature (+), 

NH4
+ (-), NO3

- (-), PO4
3- (-), and to a lesser extent SiO4

2- (-) and urea (-) had the highest 

loading values (Figure 6). This component explained 13% of the variability in the HBAC 

abundance data. River discharge (+), PDO (+), and NPGO (-) had the highest loading values 

in the second component which explained 3% of the HBAC variance. The p-value and r2 for 

this regression are < 0.001 and 0.16 respectively.  

In the first environmental component related to SYN abundance, temperature (+), 

NO3
- (-), PO4

3- (-), and river discharge (-) had the highest loading values and explained 18% 

of the variability (Figure 6). SiO4
2- (+) and UI (-) had the highest loadings in the second 

component which explained 6% of SYN variability (r2 = 0.24). The p-value for this model 

was < 0.001. 

 In contrast to the regressions predicting Chla, HBAC and SYN, PLSR only explained 

6% (r2 = 0.056) of the variability in PICO abundance (p < 0.001). Like the other biological 

groups, temperature (+), NO3
- (-), PO4

3- (-), and to a lesser extent NH4
+ (-) and SiO4

2- (-) had 

the highest loading values in the first component which explained 4% of the variability in 
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PICO abundance (Figure 6). The second component explained 2% of the variability and was 

primarily loaded by river discharge (+), NO3
- (+), and SiO4

2- (+).  

 

3.4 Bloom Analysis  

Occurring from May through December, there were 18 major phytoplankton blooms 

with Chla concentrations from 28.6 to 289.1 µg L-1. The maximum concentration was 

observed on 14 November 2007 (289.1 µg L-1), which was during a red tide event primarily 

composed of the dinoflagellate Akashiwo sanguinea. This HAB destroyed feather 

waterproofing and was responsible for numerous seabird mortalities in Monterey Bay during 

the event (Jessup et al. 2009). 67% of the major bloom events during the 7-year time series 

occurred during the oceanic season and were primarily composed of dinoflagellates based on 

the RAI.  

The major blooms for all biological groups are shown in Figure 7. Eight major HBAC 

blooms were identified, and occurred between May and November, and ranged from 

4.23x106 to 1.08x107 cells mL-1. Half of the major HBAC bloom events occurred in August-

November 2006 concurrently to another large red tide event that persisted in Monterey Bay 

during summer and autumn of that year (Kudela et al. 2008).  

Eight major blooms of SYN also occurred, all from August to October. Major blooms 

of SYN ranged from 6.28x104 to 3.21x105 cells mL-1. Although there is a visually apparent 

smaller peak of SYN in February in every year, this was not identified as a statistically 

significant major bloom using these thresholds. The maximum value was observed on 23 

September 2009 (3.21X105 cells mL-1), and no major blooms were identified from 2011-
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2013. Twelve major blooms of PICO were identified, and occurred in all months (and years) 

except December-January and July. Major blooms ranged from 2.23x104 to 5.91x104 cells 

mL-1. 

 

4 Discussion  

4.1 Environmental Controls on Biological Groups 

PLSR is an effective data reduction technique that is specifically useful when there is 

autocorrelation between variables (Carrascal et al. 2009). This technique was compared with 

traditional principal components regression, and was found to significantly improve model 

parameters (p-value, r2, and MSE). Using PLSR, 19% of the variability in Chla was 

associated with relatively warm temperatures and depletion of both upwelling-supplied and 

regenerated nutrients. We used CCF to test if this observation was the result of surface 

nutrient utilization and subsequent depletion, and found a statistically significant 4-9 week 

time lag between Chla and temperature (and PO4
3-) (p < 0.05). However, Service et al. 

(1998), however, observed a much shorter 4-day time lag between decreased temperatures 

and an increase in fluorescence at M1. Because phytoplankton respond to their environment 

on hourly to daily timescales (Cullen and Lewis 1988, Müller et al. 2001), our observation 

likely resulted from an artifact of the statistical method. Additionally, we found a zero week 

time lag when NO3
- and Chla were evaluated (time lags 0-2 weeks were significant at the 

0.05 significance level) indicating the phytoplankton community was efficiently utilizing the 

available upwelling and non-upwelling derived NO3
-. Thus, the negative relationship 

between Chla and upwelling conditions is not directly related to nutrient drawdown. In the 
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CCS, Kahru et al. (2009) also observed an increasing trend in Chla and NPP in the CCS 

associated with decreased upwelling and increased sea surface temperature. This indicates 

that processes operating on regional scales in the CCS are also potentially driving abundance 

patterns at the SCMW.  

Of the major phytoplankton blooms that occurred during the oceanic season, all were 

primarily composed of dinoflagellates, of which 64% were known toxin-producing species. 

Some dinoflagellates are able to migrate to depth to utilize nutrients from the nutricline 

(Hasle 1950, Cullen and Horrigan 1981, Peacock and Kudela, 2014). This gives this group a 

competitive advantage under stratified conditions, and decouples phytoplankton biomass 

from surface nutrient concentrations. In addition to vertical migration, dinoflagellates found 

in upwelling systems have been shown to exhibit higher than expected affinities for NO3
- and 

medium affinities for NH4
+, and are thus adapted for both low or pulsed NO3

- and moderate 

to high NH4
+ concentrations (Kudela et al. 2010). Nutrient affinity is typically thought to be 

size-dependent, or scale allometrically (Chisholm 1992). Upwelling HABs, however, exhibit 

a wide-range of nutrient affinities that results in a wide nutrient tolerance and a deviation 

from the traditional allometric relationship (Kudela et al. 2008, Kudela et al. 2012). This is 

consistent with the regression results that showed Chla was directly related to depleted 

nutrient concentrations. Dinoflagellates are able to bloom in a variety of nutrient scenarios, 

consequently keeping surface nutrient concentrations low.   

Other evidence indicates that Chla is increasing in the CCS (Anderson et al. 2008, 

Kim et al. 2009, McGaraghan and Kudela, 2012, Kahru et al. 2012). Our data from SCMW 

did not show an increase in bloom magnitude over the time period examined in this study. 
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We evaluated increasing or decreasing temporal trends using the weekly time-series using 

Kendall’s tau (p = 0.47). During periods of weak or no upwelling, rivers (Kudela et al. 2010) 

and internal tides (Shea and Broenkow 1982) transport inorganic macronutrients and urea to 

the northern region of Monterey Bay. Thus, in addition to the location of SCMW in 

Monterey Bay’s upwelling shadow which sets up and maintains an ideal physical 

environment for seasonal dinoflagellate blooms, fluvial and sub-nutricline inputs can support 

high phytoplankton biomass, thus decoupling this site from larger CCS processes.  

HBAC abundance was expected to follow planktonic primary production (Cole et al. 

1988, Biermann et al. 2014) and increase during warmer conditions with decreased upwelling 

(Degerman et al. 2013, Nydahl et al. 2013). HBAC abundance followed this expected 

pattern, with major blooms occurring primarily in the oceanic season when the concentration 

of Chla in Monterey Bay reached maximum values, and upwelling was weaker. Figure 8 

shows the monthly and annual averages of HBAC and Chla; HBAC clearly was correlated 

with Chla on both seasonal and intra-annual timescales. We used CCF to evaluate the 

presence of a time lag between Chla and HBAC, and found the greatest correlation at the 

zero time lag. This tight coupling between the groups indicates that the primary source of 

organic carbon for HBAC was associated with phytoplankton as opposed to land-derived 

nutrients.  

Synechococcus spp were also expected to thrive in warm conditions with stronger 

stratification. (Agawin et al. 1998, Paerl et al. 2012, Zhang et al. 2013). PLSR results were 

consistent with this expectation; SYN was associated with warmer temperatures, depleted 

nutrients and low river flow. The negative relationship observed with river discharge could 
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be a response to several environmental changes associated with high/low river flow, 

including changes in salinity, dissolved organic carbon (DOC) (Kudela and Chavez 2004), 

nutrient ratios (Lane et al. 2009), elevated trace metal concentrations (e.g., Cu2+; Paerl et al. 

2011), or bacteriophage concentration (Lu et al. 2001). In the Pearl River Estuary in southern 

China, Zhang et al. (2013) observed a similar negative response between river discharge and 

Synechococcus spp. abundance. Crosbie and Furnas (2001) also found a negative relationship 

between Synechococcus spp. and river runoff on shelf waters of the Great Barrier Reef, and 

attribute this relationship to salinity (and temperature) changes, a hypothesis we were unable 

to verify because salinity data were not consistently available for the 7-year time period at 

the SCMW. 

In the open ocean, picoplankton are the dominant members of the phytoplankton 

community, both in numbers and biomass (Chisholm et al. 1988, Li et al. 1994, Zubkov et al. 

1998). Moving onshore, the concentration of nutrients increases and the abundance of 

picophytoplankton relative to larger phytoplankton decreases. The paradigm is that in coastal 

environments, biomass and production are dominated by the larger phytoplankton and 

zooplankton, with the picophytoplankton exhibiting relatively constant background 

concentrations (Wilkerson et al. 2000, Garibotti et al. 2003, Collins et al. 2003, Kudela et al. 

2005). However, despite the expected general dominance of large cells with low surface to 

volume ratios, during the oceanic season, SYN were important members of the 

phytoplankton community in terms of numbers and biomass. Despite the taxonomic diversity 

of this groups, PICO, alternatively, remained relatively constant throughout the year.  
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4.2 The Upwelling Shadow and HABs in Monterey Bay 

We observed differences in surface temperature at MBARI’s M1 both seasonally and 

between years. Differences in the sign of the surface temperature anomalies at the SCMW 

from the mouth of the bay at M1 occurred in 2007 and 2011. 2007, which had the highest 

mean Chla concentration, also had the highest average upwelling-favorable wind speeds 

(direction relative to north >315° and <45°; corrected for angle of coastline). Temperature at 

M1 in 2007 was anomalously cold, consistent with strong upwelling, while temperature at 

the SCMW was anomalously warm. A potential explanation for this difference is the 

increased temperature gradient between the two water masses restricted mixing, thus the 

water mass located in the upwelling shadow remained warmer than the rest of the bay. 

Surface temperature anomalies in 2011 were also different between sites: M1 was 

anomalously warm and SCMW was anomalously cold. Mean upwelling-favorable wind 

speeds for that year were low, indicating the importance of a strong temperature gradient in 

the maintenance of the upwelling shadow. Consistent with this idea, PLSR component 1 

showed that overall, Chla was positively related to the upwelling index at the SCMW (Figure 

6); like the CCS and Monterey Bay, phytoplankton processes were upwelling-driven. 

However, the specific response at the SCMW was associated with positive temperature and 

nutrient-depleted conditions, indicating that upwelling was necessary for the establishment of 

the upwelling shadow which created a unique local environment favorable to dinoflagellates. 

Deviations from the seasonal patterns observed at M1 in Chla also were observed at 

the SCMW. There were two periods during the upwelling and oceanic seasons of elevated 

biomass recorded each year at both the SCMW and M1. Contrary to our results, Pennington 
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and Chavez (2000) observed greater Chla concentrations during the upwelling period than 

during the oceanic season. The SCMW bloom time-series shows that major bloom events 

occurred primarily (67%) during the oceanic season, specifically in October-November. 

Seasonally, this is when the concentrations of NO3
- and PO4

3- begin to increase and 

temperatures decrease, potentially indicating the breakdown of stratification and utilization 

of the nutrients injected into surface waters from below the thermocline. Ryan et al. (2010) 

described how the physical dynamics in Monterey Bay create fronts that concentrate 

nutrients and motile phytoplankton. It is along these boundaries that they also observed 

vertical mixing from below the thermocline. However, canyon nutrient pumping (tidally-

driven) likely was the main source of nutrients fueling the period of elevated phytoplankton 

biomass. Alternatively, Fischer et al. (2014) clearly showed that the tidally influenced 

Elkhorn Slough plume can become entrained in the northward flowing nearshore current, and 

deliver nutrients to the northern part of Monterey Bay. Thus, there are multiple potential 

nutrient sources that feed the northern region of the bay. 

 

5 Summary and Conclusions  

Elevated phytoplankton biomass was observed twice yearly at the SCMW, consistent 

with observations from MBARI’s M1. At the SCMW, however, concentrations during the 

late upwelling and oceanic periods were greater in magnitude during the early upwelling 

spring season, and composed primarily of dinoflagellates, which migrate to depth to utilize 

nutrients from below the euphotic zone. Consistent with this pattern, PLSR results showed 

that periods of high Chla were associated with periods of nutrient depletion.  



	   36	  

Using PLSR, the climate indices NPGO, PDO, and MEI did not explain the biological 

variability at the SCMW. A potential explanation for this observation is that the seven-year 

time-series was not sufficiently long to evaluate decadal-scale variability. Other potential 

mechanisms not measured in this study, such as viral lysogeny, could play a role in 

controlling abundances of biological groups. McDaniel et al. (2002) found viral induction in 

natural population of marine Synechococcus spp. occurred seasonally, primarily in the 

winter. Viral pathogens were not the primary controlers of seasonal abundance, however, but 

rather enhanced the effects of nutrient limitation or adverse environmental conditions 

(McDaniel et al., 2002). 

The results of this study show that processes in the CCS and at the SCMW are 

decoupled on both seasonal and annual timescales. This indicates that large-scale patterns 

occurring in the CCS may not hold for local regions, and monitoring sites such as the SCMW 

may not be indicative of the larger patterns occurring in the CCS. For example, weekly 

monitoring at the SCMW for HAB-forming species can help identify localized threats to 

human and marine predator (seabirds and marine mammals) health, but might not reflect 

conditions at larger spatial scales. This highlights the need for a more comprehensive 

statewide monitoring effort and increased collaboration to get a comprehensive picture of 

phytoplankton dynamics in the CCS. Furthermore, localized threats can become regional if 

the HAB is advected outside the upwelling shadow. For example, in November-December 

2007, a bloom of Akashiwo sanguinea first observed in the northern region of the bay moved 

offshore and caused widespread seabird mortality (Jessup et al. 2009). Thus early detection 
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and monitoring can effectively inform fisheries management and the public at large before a 

major problem occurs.  
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Table  

Table 1. Variables used in the statistical analyses. The climate indices analyzed 

include the Pacific Decadal Oscillation (PDO) Index, The North Pacific Gyre 

Oscillation (NPGO) Index, and the Multivariate ENSO Index. For the partial least-

squares (PLS) regressions, N = 299 for all variables. Sample size for biological 

variables refers to bloom analyses.  

 

Variable 
Type 

Variable Units Range (Median) Transformation 

ENV Temperature °C 8.8 –17.2 (13.0) None 
ENV Ammonium µM 0 – 52.1 (1.6) Log10 
ENV Urea µM 0  – 15.9 (0.6) Log10 
ENV Nitrate µM 0 – 24.0 (2.6) Log10 
ENV Phosphate µM 0 – 4.7 (0.8) Log10 
ENV Silicate µM 0.5 – 67.4 (13.4) Log10 
ENV River Discharge ft3 s-1 2.9 – 10684.0 (67.9) Log10 
ENV PDO Index 1st EOF SST  -2.3 – 0.8 (-0.9) None 
ENV NPGO Index 2nd EOF 

SSH 
0.6 – 2.5 (1.4) None 

ENV Multivariate 
ENSO Index 

1st EOF of 6 
variables 

-2 – 1.5 (-0.5) None 

ENV Bakun Upwelling 
Index 

m3 s -1100m 
coastline-1 

-256 – 640 (66) None 

BIO Chlorophyll a µg L-1 0.40 – 201.90 (5.65) Log10 
BIO Heterotrophic 

bacteria 
cells mL-1 1.31x105 – 1.08x107 

(1.65x106)  
Log10 

BIO Synechococcus 
spp.  

cells mL-1 51 – 3.21x105 
(7.55x103) 

Log10 

BIO Picoeukaryotes cells mL-1 65 – 5.91x104 

(6.70x103)  
Log10 
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Figure Legends 

Figure 1. Monterey Bay, California. Samples were collected at the Santa Cruz 

Municipal Wharf. Environmental and biological data were compared to data collected 

at the Monterey Bay Aquarium Research Institute’s (MBARI) M1.  

Figure 2. 7-year weekly time-series and monthly means (August 2006 – December 

2013) of temperature (a-b), phosphate (c-d), silicate (e-f), nitrate (g-h), ammonium (i-

j), and urea (k-l) collected at the Santa Cruz Municipal Wharf. The bars on the right 

plots represent one standard deviation.  

Figure 3. Annual surface temperature anomalies observed at MBARI’s M1 and the 

Santa Cruz Municipal Wharf are shown in the top panels. The annual and monthly 

mean surface temperature observations and standard deviations from both sites are 

shown in the bottom panels.  

Figure 4. 7-year time-series of log10 transformed chlorophyll a is shown in the top 

panel. Shown in the bottom panel is the percent composition of the > 30 µm-sized 

phytoplankton from Relative Abundance Index, which is an index ranging from 0-4. 

To convert the RAI to percent composition, we assigned to the observation the mean 

percentage value of the index range. We then added all these values together and set 

this new value to 100%. The relative proportion of this value was assigned to each 

group based on the summed percentages of each specific group, i.e, diatoms, 

dinoflagellates or other, a group that includes Dictyocha spp. and Pheocystis spp., a 

silicoflagellate and prymnesiophyte respectively.  



	   47	  

Figure 5. Picoplankton concentrations and monthly means. Numbers on x-axis 

indicate month of year. The bars on the right plots represent one standard deviation.  

Figure 6. First components of partial least-squares regressions (PLSRs). The positive 

and negative loadings associated with the first PLSR component for each biological 

group are shown.  

Figure 7. Major blooms of pico- and phytoplankton. Month is shown on the x-axis 

and year on the y-axis. The marker size is related to bloom duration and the color 

indicates concentration. 

Figure 8. The seasonal and annual means of heterotrophic bacteria (HBAC) 

abundance showed the same temporal patterns as chlorophyll a (Chla). Shown in the 

top panel are the annual means of HBAC and Chla with the error bars representing 

one standard deviation. A linear regression (log10 transformed HBAC and Chla) 

yielded an r2 and p-value of 0.6 and < 0.05 respectively. The bottom panel shows the 

seasonal means and standard deviations. The r2 and p-value for this regression were 

0.7 and < 0.01 respectively.   
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Figures

Figure 1 
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Figure 3. Annual surface temperature anomalies observed at The Monterey Bay Aquarium 
Research Institute’s M1 (36º 45’ 9.74”, -122º 1' 41.934") and the Santa Cruz Municipal Wharf 
(SCMW) are shown in the top panels. The annual and monthly mean surface temperature 
observations and standard deviations from both sites are shown in the bottom panels. 
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In the northern California Current System (nCCS), seasonal upwelling/downwelling 

and the Columbia River plume create oceanographic structure that affects organisms 

at all trophic levels, from enhanced phytoplankton growth to the formation of 

physical frontal boundaries that aggregate and make prey available close to the 

surface for predators. Detection of frontal boundaries and water mass classification 

provide useful information for resource management and marine spatial planning. 

Prior analyses of the bio-optical characteristics of the Columbia River plume and 

surrounding waters have relied on satellite-derived ocean color at coarse spatial and 

spectral resolution. For example the best spatial resolution for Moderate Resolution 

Imaging Spectrometer (MODIS, 8 wavelengths in the 400-800 nm range) is 250 m., 

though more often 1 km or greater resolution is used. Additionally, cloudy 

conditions make satellite data available only intermittently. As an alternative to 

satellite remote sensing, we conducted low-altitude aerial surveys to collect 

hyperspectral ocean color data and sea surface temperature (SST) along east-west 

transects spanning continental shelf and slope waters off northern California, Oregon 

and southern Washington. We used k-means clustering to classify water types in the 

nCCS using two sets of input variables: 1) SST and derived bio-optical variables 

(chlorophyll a, Colored Dissolved Organic Material (CDOM), and a proxy for 

particle concentration; 2) SST and spectral shape coefficients derived using 

functional data analysis. Clustering based on three derived variables and SST 

produced the “best”, or most distinct, water masses. Multi-spectral sensors used on 
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low-flying aircraft, therefore, represent a cost-effective way to collect ocean color 

data to derive meaningful habitat classification at sea for marine species distribution. 

 

1 Introduction 

The California Current System (CCS) is an eastern boundary current 

spanning the region from Baja California to British Columbia and extending up to 

1000 km offshore (Miller et al. 1999). Despite a poleward decrease in wind-driven 

Ekman transport, surface concentrations of chlorophyll a increase with latitude 

(Ware and Thomson 2005). Intermittent upwelling with periods of relaxation 

occurring at time scales of 2 – 10 days (coincident with time scales of phytoplankton 

blooms), frontal boundaries related to the Columbia River, submarine canyons that 

enhance coastal upwelling, internal waves generated by remote winds, broad 

continental shelves, and coastlines without capes (local bathymetry) make the nCCS 

one of the most productive areas in the CCS (Hickey and Banas 2008; Hickey et al. 

2006).  

The Columbia River Plume (CRP) supplies 77% of the total freshwater 

discharge from San Francisco, CA to the Strait of Juan de Fuca, WA (Hickey 1998), 

and is a major source of dissolved and particulate organic material, nutrients, and 

trace metals to the nCCS (Hickey et al., 2005, Aguilar-Islas and Bruland, 2006). 

Although the Columbia River has relatively low iron concentrations compared with 

other rivers in the US, upwelling and resuspension of estuarine sediments during low 

tide supply enough iron such that nitrogen ultimately limits phytoplankton growth in 
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the region (Bruland et al. 2008, Kudela and Peterson 2009). Although the Columbia 

River generally is not a source of nitrogen to the region (nitrogen is primarily utilized 

in the estuary before entering the Pacific Ocean), the river can be an important 

nutrient source during periods of low upwelling (Kudela et al. 2010). 

Basin-scale variability associated with El Niño events also affects water mass 

dynamics and structure in the nCCS (Huyer et al. 2002). For example, responding to 

physical and chemical changes associated with the 1998 El Niño, Corwith and 

Wheeler (2002) observed a substantial decrease in total phytoplankton biomass, with 

a corresponding shift to smaller size classes off Oregon. At the regional scale within 

the nCCS, CRP dynamics vary on tidal, seasonal, and decadal time scales. Lohan and 

Bruland (2006) observed entrainment of newly-upwelled water during flood tides 

(with a concurrent increase in nitrate, iron, and manganese), and entrainment of 

nutrient-poor, relatively warm California Current water during ebb tides. River flow 

peaks twice a year, in the spring (snow melt) and winter (rainfall). The spring flow is 

greater in magnitude and more constant than the winter outflow which is driven by 

storm events and thus more sporadic (Thomas and Weatherbee, 2006). River flow not 

only affects plume volume and boundary dynamics, but also its biochemical 

properties. Bruland et al. (2008) found that when flow was high, the Columbia River 

was a significant source of iron to regional ocean waters; when flow was lower, most 

iron was removed via biological or chemical transformation reaching the land-sea 

interface.  
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The interactions between the CRP and shelf waters are complex and have 

been described extensively. Briefly, the upwelling season (summer/autumn) is 

characterized by periods of intermittent upwelling and relaxation (wind reversals), 

resulting in a bi-directional plume (Hickey et al. 2005, Thomas and Weatherbee 

2006). When upwelling-favorable equatorward winds prevail, the plume separates 

from the coast via Ekman transport, and flows southwestward, increasing-cross shelf 

transport up to 25% (Banas et al. 2009a). Nutrient-rich upwelled water becomes 

entrained in the CRP, where strong density gradients restrict mixing and dilution. 

Consequently chlorophyll a is greater during persistent upwelling conditions 

(Kudela and Peterson 2009). When winds are poleward, Ekman transport is onshore 

(downwelling conditions), and the CRP flows northward and is retained along the 

Washington coast (Banas et al. 2009b). Less variability in plume directional flow 

occurs in the winter when winds are predominantly southerly. During downwelling 

conditions, Bruland et al. (2008) observed entrainment of warm nutrient-poor coastal 

water in the plume. During these conditions, the CRP is the primary source of 

nutrients to shelf waters.  

The elevated net primary production (NPP) in this region fuels transfer of 

energy to higher trophic levels (Kudela et al. 2010). Zooplankton biomass is 

enhanced within “aged” plume water, and concentrated along strong density 

gradients within the plume’s pycnocline and at the plume boundary (Peterson and 

Peterson 2008). South of the CRP and about 55 km offshore of Oregon (44ºN, 

125ºW), Heceta Bank is another ‘hotspot’ in the nCCS where the distinct 



	   61	  

biochemical environment promotes high phytoplankton NPP (Hickey and Banas 

2003). Both the CRP and Heceta Bank support diverse and abundant mesopredators 

including fishes, seabirds, and marine mammals; these features are particularly 

important when normal conditions change and the subsequent nutrient flux is 

reduced (Ainley et al. 2005, Adams et al. 2012, Zamon et al. 2014). Many fisheries, 

including Pacific salmon, anchovy, and sardine, occur along the coast, making 

effective management of coastal and marine resources in the nCCS both ecologically 

and economically important. Classification of regions of similar water properties 

over appropriate spatial scales will thus provide useful descriptions of species 

habitats (Longhurst et al. 1995, Devred et al 2007). 

Previous water mass classification using the bio-optical characteristics of the 

CRP and surrounding waters have relied on satellite-derived ocean color at coarse 

spatial and spectral resolution. To characterize seasonal and interannual variability in 

the CRP and surrounding waters, Thomas and Weatherbee (2006) used 1-km 

resolution SeaWiFS multispectral data and a supervised maximum likelihood 

procedure to successfully delineate four water masses using five normalized water-

leaving radiance (Lnw; W m-2 nm-1) bands. Palacios et al. (2012) developed a training 

dataset based on in situ measurements of salinity, SST and chlorophyll a, and 

applied this to 250-m resolution MODIS data to predictively discriminate water 

masses within the plume and surrounding waters. Venegas et al. (2008) used 1-km 

resolution data to examine relationships between chlorophyll a variability and SST, 

sea surface height (SSH), and surface wind stress.  
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Herein, we use hyperspectral ocean color data and SST collected on a low-

flying aircraft to characterize nCCS water types and identify patterns between years 

and determine what, if any, extra information is imparted to the classification 

analysis when using higher spectral resolution data by analyzing the spectral shape 

rather than the individual bands. To accomplish this, we 1) used the HydroRad3 

hyperspectral radiometer (HOBI Labs, Inc) as a tool to measure ocean color in the 

coastal zone; 2) used k-means clustering with ecologically relevant physical and bio-

optical parameters (SST, chlorophyll a, colored dissolved organic matter (CDOM), 

particle load) to classify water masses in the nCCS; 3) used functional data analysis 

(FDA) to derive spectral shape coefficients for input to k-means clustering analysis; 

4) used discriminant function analysis (DFA) to validate water mass classification 

from k-means. 

 

2 Methods 

2.1 Data Collection 

We conducted six low-altitude aerial surveys (17-27 January 2011, 23-30 

June 2011, 7-19 October 2011, 18-27 February 2012, 1-5 July 2012, and 19-24 

September 2012) using a twin-engine fixed wing Partenavia or AC-500 flown along 

east-west transects spanning the continental shelf and slope waters off northern 

California, Oregon and southern Washington coasts, including the Columbia River 

plume (Figure 1).  
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To identify and characterize water masses in the nCCS, we mounted a 

HydroRad3 (HR3) and a digital infrared radiation pyrometer (Heitronics; KT19.85) 

on the aircraft, and conducted low-altitude aerial surveys during upwelling 

(summer/autumn), and downwelling (winter) periods in 2011 and 2012. These data 

were collected simutaneously with seabird abundance and distribution observations 

(Adams et al. 2014). The HR3 provided simultaneous measurements of downwelling 

and upwelling radiance (Ld, Lu; W m-2 nm-1 sr-1) and downwelling irradiance (Ed; W 

m-2 nm-1) over the wavelength range 325-800 nm every 0.3 nm. The Ed and Lu sensor 

were mounted at zenith and nadir respectively. The radiance sensors had 15° field of 

view, and the Ed sensor was equipped with a Teflon diffusive cosine collector. 

Flights were ~60 m above seal level (ASL) and flown at 100 knots (~52 m s-1) speed 

over ground, yielding a pixel size ~16 m x 50 m for a one second integration time. 

The actual integration times varied from 20 ms to 2-3 s, resulting in a corresponding 

variable pixel size. Flight GPS trackline data were matched to HR3 data using the 

closest time point to within one second, and were taken in conjunction with 

observations of Beaufort Sea State, cloud cover, and seabird species and count 

(Adams et al. 2014). 

 

2.2 MODIS Data 

 MODIS L1B data were downloaded from the LAADS website 

(https://ladsweb.nascom.nasa.gov/data/) and processed to L2 data using SeaDAS 

v7.2.  To correct the data for atmospheric effects, we used a modified atmospheric 
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correction scheme that has been shown to work well in the CCS (Ryan et al. 2009). 

Of the 46 survey days, none had both SST and ocean color data in more than 50% of 

the image. Because there were so few spatial and temporal matchups between HR3 

and MODIS data due to cloud cover, we considered MODIS data collected within 

one day of HR3 data to be a good match.  

 

2.3 Additional Data Sets 

For 2011-2012 we compiled USGS stream gage river discharge rates for the 

Columbia River at the Dalles, Oregon (45.608 N, 121.172 W) 

(http://waterdata.usgs.gov/nwis/inventory/?site_no=14105700), wind speed and 

direction data were from the National Data Buoy Center #46029, located near the 

Columbia River mouth (46.159 N, 124.514 W) 

(http://www.ndbc.noaa.gov/station_history.php?station=46029), and in situ 

chlorophyll a for the Columbia River estuary from the Center for Coastal Margin 

Observation and Prediction (CMOP) SATURN-03 platform (46.208 N, 123.943 W) 

(http://www.stccmop.org/datamart/observation_network/fixedstation?id=saturn07) 

(Figure 1).  

 

2.4 Data Processing and Derived Products 

We used manufacturer-supplied calibration constants to calibrate and process 

raw HR3 data using RadSoft (Version 1.1, HOBI Labs, Inc.). Resulting spectra were 

then exported and processed in Matlab Student v.2011a. We visually identified spikes 
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representing bad data (differentiated from pixels with very high real values by 

looking at the gradients between pixels) and removing these from further analysis. 

Data were then interpolated to 5-nm resolution using linear interpolation.  

Normalized water-leaving radiance (Lnw) was calculated using the following 

equation from Gordon and Voss (1999), 

Lw = [Lnw(λ)] cosθ exp[-(τr(λ)/2 + τOz(λ)) (1/cosθ)]  (Eq. 1) 

where θ is the solar zenith angle, and the optical thickness of the atmosphere 

associated with molecular (Rayleigh) scattering and ozone absorption are 

represented by τr and τOz respectively. Because the plane was flown at 60 m (ASL), 

we assumed absorption of ozone and Rayleigh scattering were negligible and set 

these coefficients to zero; we assumed water-leaving radiance (Lw) was equal to Lu. 

Clouds can alter both the magnitude and spectral shape of incident light, which 

consequently, affected the Lu signal; therefore we divided spectral Lnw by the 

integrated area for the full wavelength range. This normalization was necessary 

because survey data were collected in both cloudy and cloud-free conditions. 

Although no correction could be made when the quality of light was altered by 

clouds, dividing by the integral effectively normalizes the spectra to a common 

scale. The alternative, excluding all cloudy to partially cloudy data, was considered 

but rejected because it severely reduced the number of observations. 

Remote-sensing reflectance was computed using the following equation from 

the SeaWiFS Optics Protocol (Mueller 2003), 

RRS = Lu/Ed        (Eq. 2) 
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To account for the partial reflection and transmission of the upwelled radiance 

through the sea surface we divided Lu by 0.54 according to Mobley (1999). To 

account for air-sea transmittance and Fresnel reflection, we used the methods of 

Doxaran et al. (2012) and multiplied Ed by 0.97. Chlorophyll a (Chla) concentrations 

were calculated using the CALFIT algorithm developed by Kahru et al. (2012), which 

is an optimization of the fourth order polynomial coefficients of the OCv type 

chlorophyll algorithms, refined for use in the CCS:  

Chla (mg m-3)= a0 + a1R + a2R2 + a3R3 + a4R4   (Eq. 3a) 

R = 445>490nm/545nm      (Eq. 3b) 

a = [0.3973, -3.7832, 2.5636, 1.8097, -3.0309] 

CDOM was estimated using the algorithm of Kahru and Mitchell (2001), originally 

developed for use with SeaWiFS data: 

aCDOM = 10 (a0 +a1 * R)      (Eq. 4a)

 R = log [nLw(443)/nLw(510)]     (Eq. 4b) 

a = [-0.393, -0.872]         

 

2.5 Water Mass Classification 

2.5.1 K-means 

We used k-means cluster analysis (Matlab Student Version 2011a) a feature-

based classification technique, to delineate and characterize water types in the nCCS. 

Feature-based classification uses the inherent variability in multivariate data to 

reveal structure, making no a priori knowledge necessary (Martin Traykovski and 
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Sosik 2003, Jain 2009) and thus introducing less bias (Palacios et al. 2012). K-means 

derives clusters based on a distance measure related to multiple variables (e.g., bio-

optical and physical characteristics) that define unique water masses (Oliver et al., 

2004, Devred et al., 2007, Palacios et al., 2012). Input variables to the k-means 

analysis included log10 transformed SST, Chla, CDOM, and nLw(555), a proxy for 

total particle load (Otero and Siegel 2004). All variables were scaled from 0-1, thus 

weighting them equally in the water mass classification.  

K-means clustering analysis computes clusters based on the squared 

Euclidean distance from the mean of each cluster. The algorithm partitioned the 

sensor –derived observations into a user-specified number of clusters; the number of 

clusters (k = 4) in this study was chosen based on the results of Thomas and 

Weatherbee (2006) who found four water masses to persist in the CRP region. K-

means cluster analysis was used rather than hierarchical or fuzzy c-means clustering 

because it is considered more robust for datasets with lower signal-to-noise ratios 

(Martin Traykovski and Sosik 2003, Jain 2009).  

 

2.5.2 Functional Data Analysis 

Because of significant covariance between bio-optical properties (Chla and 

CDOM), inherent low signal-to-noise ratios, and highly variable atmospheric 

conditions (mostly cloud effects), we present an alternative approach to water mass 

classification. Using FDA (R V3.1.0), we converted Lnw(λ) (distinct radiance values 

at 70 wavelengths) to a polynomial function using a Fourier transformation. This 
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generated a series of sine and cosine coefficients that provided shape descriptors of 

the Lnw spectra. Lee et al. (2007) calculated first and second order derivatives of RRS 

spectra, and identified eight important spectral features necessary to identify major 

phytoplankton properties, though earlier studies suggest more are required 

(Sathyendranath et al. 1994, Lee and Carder 2002). We conducted FDA using 5-15 

Fourier base functions (derived shape coefficients), and found that the number of 

base functions used had very little impact on k-means classifications results. The 

final number of base functions or derived shape coefficients was set to 10 (10 sine 

and 10 cosine, yielding 20 total coefficients) since this produced the best 

classification, i.e. the classification with the largest differences between groups 

determined from discriminant function analysis (DFA), which is described below. 

Before performing k-means clustering, all spectral shape coefficients were 

normalized to the area under the spectral curve and re-scaled from 0-1. Initially SST 

was not included in the clustering analysis, and we reduced the set of correlated 

variables using functional principal components analysis (fPCA). Inclusion of PC 

scores did not yield meaningful clusters, so SST was added to the analysis and 

scaled from 0-5. SST was weighted more in order to produce meaningful water 

masses; when scaled from 0-1, the results of k-means were difficult to interpret and 

not comparable to the k-means clusters that used Chla, CDOM, particles and SST.  

 

2.5.3 Validation of Water Mass Classification 
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We used DFA (Systat version 13.0) to test which k-means analysis (SST & 

derived variables, or weighted SST & spectral shape coefficients) resulted in the 

“best” classification. DFA predicts a categorical dependent variable from one or 

more continuous variables; it determines whether groups differ with regard to the 

mean of a variable (White and Ruttenberg 2007). We used DFA to determine if the 

two k-means classifications results differed with respect to the mean normalized 

water-leaving radiances (Lnw, no in situ data were collected). First we created a 

training dataset by randomly removing half of the observations from each classified 

water mass. We then used DFA to test water type classifications using this training 

data. Predictor variables included the normalized hyperspectral Lnw spectra; the 

categorical variables were the water mass classifications from the two k-means 

analyses. 

 

3 Results  

3.1 Environmental Conditions  

During winter 2011, we sampled 17-27 January, but HR3 ocean color data 

covered only the northern section of the survey region, including the CRP, which 

was sampled on 25-27 January. River discharge was moderate and relatively 

constant during the sampling period, and the wind stress was relatively weak 

(Table1, Fig. 1). The 2012 winter survey spanned 18-27 February, and was 

characterized by moderate river flow (less flow than the 2011 winter survey period) 

and relatively variable, strong winds (Table1, Fig. 1). During summer 2011, we 
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sampled 23-30 June. River discharge was greatest recorded throughout any of the 

survey periods, and the wind was relatively strong, changing direction partway 

through the survey (Table1, Fig. 1). No wind data were available for the summer 

2012 survey period (1-5 July). River discharge was relatively high. The autumn 

surveys exhibited the lowest river flow rates. In 2011 we sampled from 7-19 

October, when wind speeds were some of the strongest observed during the 

sampling periods. In 2012, we sampled from 19-24 September, when some of the 

weakest wind speeds were observed.  

 

3.2 HR3 Matchups to MODIS Satellite Data 

 The best two MODIS to HR3 matchups are shown in Figure 2. Only subsets 

of the MODIS images were cloud-free and thus available for matchup to HR3 data. 

Using the modified atmospheric correction scheme, the structure and gradients of 

Chla in the MODIS images were realistic and comparable to HR3 data. The 

distributions of Chla values between sensors were also similar. Thus, the HR3 is 

potentially an effective tool to measure Chla using ocean color in the coastal zone.  

 

3.3 Discriminant Function Analysis 

 The k-means with SST and three derived bio-optical properties produced the 

better overall classification (% correctly identified values, 79 – 95%) than when 

classification was based on weighted SST and spectral shape coefficients (55 – 77%; 

Table 2). Using a few derived hydrological properties and SST yielded water masses 
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that clearly performed better than the classification schemes based on spectral shape 

coefficients and weighted SST in all cases. With the exception (<10% difference 

between classification methods) of water mass 1 in June 2011, and water masses 1, 2 

and 3 in September 2012, classification based on derived biophysical properties, 

which use only a few wavelengths and equal weighting applied to SST, provided 

more meaningful water mass classifications than using the entire spectral shape 

coefficients and SST (Table 2). The following results focus on the k-means with SST 

and derived variables as inputs (i.e., the “best” water mass classification).  

 

3.4 K-means 

3.4.1 January 2011 

In January 2011, k-means clustering identified a bi-directional CRP core, 

bulging at the Columbia River mouth. This was the coldest water mass and had the 

greatest median concentrations of Chla, CDOM, and particles (Figure 3). The 

offshore water mass was the warmest and had the lowest concentrations of Chla, 

CDOM and particles. Aged CRP water had intermediate values for all variables used 

in the clustering scheme, and most likely identified regions where plume water 

became mixed with the offshore water mass (Figure 3). The boundary between these 

water masses was located on the continental shelf with the exception of the transect 

perpendicular to the Columbia River mouth, where the plume extended beyond the 

shelf break. Bio-optical properties and SST for all water masses are summarized in 

Table 3.  
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3.4.2 February 2012 

The k-means clustering identified a bi-directional plume (44.5 N to 47 N, the 

northern extent of survey area) in February 2012. As in the 2011 winter survey, this 

was the coldest water mass, and had the greatest median Chla concentration (Figure 

3). Nearshore and intermediate water masses were identified, with the boundary 

between the two located between the 100-m and 200-m isobaths on the continental 

shelf. Kudela et al. (2006) found that the continental shelf is a natural boundary 

between optically distinct shelf and open ocean waters, which is consistent with the 

frontal region identified here. The intermediate water mass had similar SST to both 

the nearshore and offshore water masses, and extended over Heceta Bank. The 

offshore water mass was the warmest, and as expected, had the least Chla, CDOM, 

and particle concentrations.  

 

3.4.3 June 2011 

During June 2011, core CRP water clustered separately from aged plume 

water, which extended about 200 km southwest from the Columbia River mouth 

(Figure 4). The SST of core CRP water was similar to the aged plume water, but had 

greater concentrations of Chla, CDOM and particles. The offshore water mass 

extended the length of the survey area and had the least Chla, CDOM and particles. 

The median SST (13.8 °C) was intermediate compared with the other water masses 

identified. The nearshore (newly upwelled) water mass was the coldest and had 
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similar concentrations of Chla, CDOM, and particles as the aged plume water. The 

boundary between these two water mass was located at the shelf break or offshore.  

 

3.4.4 July 2012 

In July 2012, the boundaries of the CRP differed from those observed in 2011 

and did not cluster separately; we refer to this water mass as plume/nearshore water 

The plume/nearshore water formed a bulge at the mouth of the Columbia River and 

extended northward. Very nearshore water south to Cape Blanco (< 100 m depth) also 

clustered with this water mass. Intermediate water bordered the plume and extended 

south along the coast to Cape Blanco, and across the shelf break. South of Cape 

Blanco, the southern nearshore water mass was colder and had greater concentrations 

of Chla, CDOM, and particles. The offshore water, unlike the two nearshore water 

masses, extended the entire length of the survey had the lowest median concentrations 

of Chla, CDOM and particles (Figure 4).  

 

3.4.5 October 2011 

During October 2011, k-means clustering identified a CRP bulge extending 

offshore and north of the river mouth (Figure 5). Very nearshore water south of the 

plume and water around Cape Mendocino had the highest concentrations of Chla, 

CDOM, and particles, and clustered with the CRP water mass. Where CRP and 

optically-similar water mixed with offshore water was classified as intermediate (both 

at the CRP boundary and around Cape Mendocino), and had Chla, CDOM, and 



	   74	  

particle concentrations similar to the warm offshore water mass (Figure 5). A second 

offshore water mass extended the latitudinal range of the survey area, and had the 

lowest median Chla, CDOM and particle concentrations (Figure 5).  

 

3.4.6 September 2012 

In September 2012, the CRP water mass again was bi-directional, and 

extended southwestward near Heceta Bank; isolated observations of similar waters 

occurred very nearshore between Capes Blanco and Mendocino (Figure 5). This 

water mass had roughly the same SST range as the intermediate water mass, but had 

greater concentrations of Chla, CDOM and particles (Figure 5). The nearshore water 

mass extended from south of the Columbia river to south of cape Mendocino over a 

large portion of the continental shelf. This was the coldest water mass, with 

concentrations of Chla, CDOM, and particles similar to CRP water. The offshore 

water mass was located predominantly north of Cape Blanco, and had the warmest 

SST with the lowest Chl, CDOM and particle concentrations. The majority of 

observations were classified as intermediate, with SST similar to the CRP, and Chla, 

CDOM and particle concentrations of intermediate values between offshore water and 

CRP water. This water mass was located at the CRP boundary, where it mixed with 

the offshore water mass, and extended the length of the survey area.  

 

4 Discussion 

4.1 Water Masses in the nCCS 
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The February 2012 k-means clustering identified a bi-directional plume, 

nearshore, intermediate, and offshore water masses. The SST of the nearshore water 

mass was similar to intermediate and offshore water (SST) increased with decreasing 

latitude), but had higher Chla, CDOM and particle concentrations. This indicates that 

upwelling was not the mechanism supplying nutrients to this water mass, consistent 

with expectations of no/low upwelling from the literature; instead we suggest 

stream/river discharge and interaction with the bottom (through enhanced mixing 

during storm events) to be the primary source of nutrient input. 

Consistent with the greater relative variability in ocean forcing during the 

upwelling season, water masses in the nCCS, including the CRP, had significantly 

different boundaries between the 2011 and 2012 summer surveys. In July 2012, the 

plume was diminished in area and located predominantly north of the Columbia River 

mouth. Additionally, the CRP did not cluster separately from inshore waters. The July 

2012 water masses were distinctly divided at about Cape Blanco, and the CRP 

clustered with nearshore water located north of this divide. The recorded SSTs 

indicated strong upwelling at Cape Mendocino with moderate to cool SSTs north to 

Cape Blanco and presence of offshore thermal frontal boundaries. This thermal 

boundary is well documented in the literature (Barth et al. 2000, Huyer et al. 2005, 

Venegas et al. 2008) and seems to be a response to differential forcing combined with 

bathymetry and coastline orientation.  

CRP Chla concentrations in June 2011 and July 2012 were 1.56-18.38 mg m-3 

(median = 4.89 mg m-3) and 12.3-16.7 mg m-3 (median = 15.2 mg m-3) respectively. 



	   76	  

Chla at SATURN-03 (located right inside the Columbia River mouth; Figure 1) in 

June and July ranged from 2.5-8 mg m-3 (2011) and 2.5-6 mg m-3 (2012). In June 

2011, river flow was high and the core plume was relatively small. Although 

upwelling was occurring (indicated by low coastal SST), the distribution of plume 

Chla overlapped with Chla concentrations measured in the estuary. We suggest that 

this pattern indicates that the Columbia River was the primary source of nutrients to 

the plume. The range of Chla in the ‘aged plume’ water mass was lower than the core 

plume. This is consistent with the findings of Peterson and Peterson (2008) who 

observed the greatest zooplankton concentrations in older or aged plume water. 

Likewise, we would expect to find the highest abundances of fish and seabirds within 

these boundaries.  

Conversely in July, plume (and optically similar water) Chla was much higher 

than in the estuary. Relatively homogenous SST values across the continental shelf 

indicates that weak or no upwelling occurred north of Cape Blanco just prior to or 

during the July 2012 survey period. Elevated phytoplankton biomass observed in the 

CRP may have resulted from a northward flowing plume that blocked southward flow 

of California Current water, causing this water mass to be retained on continental 

shelf, and consequently creating a more stable environment to promote phytoplankton 

growth.  However, these data are only a snapshot, and other mechanisms (i.e., tides, 

internal waves, upwelling preceding survey period) could have set up the observed 

pattern.  
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High Chla values were observed north of the CRP during October 2011 (< 

100 m depth; >15 mg m-3). Chla in the Columbia River estuary at this time (1-3.5 mg 

m-3) was lower than the values observed north of the river mouth. This pattern is 

similar to July 2012, and also indicates a northward flowing plume retained on the 

Washington shelf. Possibly an additional nutrient source was entrained in the plume, 

allowing accumulation of phytoplankton biomass. 

In September 2012, weak, southerly winds (downwelling favorable) persisted 

for most of the survey, then switched to (upwelling favorable). The plume region was 

sampled 23-24 September. A bi-directional plume is consistent with alongshore wind 

stress that switched from southerly to northerly partially through the survey. 

Nearshore water had a slightly greater median Chla (1.80 mg m-3) than CRP water 

(1.75 mg m-3), resulting from elevated concentrations over Heceta Bank. Lower SSTs 

were observed nearshore north of Cape Blanco indicating nutrients in this water mass 

were at least in-part upwelling-derived.  

 

4.2 Validation of K-means Clusters 

For every survey, the DFA results showed the k-means that used SST, Chla, 

CDOM, and nLw(555) as a proxy for particle concentrations as input variables 

yielded the most distinct, or “best” water mass classifications. We suggest that 

clustering using the entire spectral shape may not contribute to effective delineation 

of water masses in the nCCS, but rather judicious selection of a few meaningful bio-

optical properties best classify meaningful water masses. Possible explanations for 
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these results are that the spectral shape was influenced by factors not directly related 

to water masses (such as differences introduced with the atmospheric correction and 

geometry of the sensor). Alternatively, key differences in biogeochemical properties 

identified using the k-means clusters with discrete wavelengths are not statistically 

significant relative to larger changes in spectral shape when using the full set of 

wavelengths.  

  

5 Summary and Conclusion  

This study has demonstrated that airborne ocean color and SST data can be 

used to characterize water masses associated with the nCCS, including the CRP. We 

observed large variability in water mass boundaries between years during all seasons, 

consistent with the expectation of a dynamic bi-modal CRP (Hickey et al. 2005). 

Aircraft mounted sensors allowed data to be collected when satellite data would have 

otherwise been unavailable due to cloud cover; of 46 survey days, none had both SST 

and ocean color data in > 50% of the image. For the past two decades, in the 

Chesapeake Bay, Harding et al. (1992), Harding et al. (1995), Miller and Harding 

(2007) used low-flying aircraft to monitor phytoplankton dynamics in cloudy 

conditions at high spatial resolution. Including ocean color from low-flying aircraft 

could provide important information on phytoplankton and water mass dynamics over 

multiple time-scales.  

Water mass classification using k-means clustering with three derived ocean 

color variables and SST produced better results than clustering based on spectral 
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shape descriptors from Fourier transformation and weighted SST. Because the k-

means clustering using spectral shape coefficients were difficult to interpret and did 

not perform as well using DFA, a multi-band sensor would be sufficient as a cost-

effective way to measure ocean color for defining optical water masses.  
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Table	  Legends	  

Table	  1.	  Airborne	  flights	  with	  concurrent	  environmental	  data.	  USGS	  stream	  gage	  

river	  discharge	  rates	  from	  the	  Dalles,	  OR	  are	  in	  units	  of	  cubic	  feet	  per	  second.	  

Wind	  speed	  and	  direction	  are	  observations	  from	  the	  National	  Data	  Buoy	  

#46029,	  which	  is	  located	  near	  the	  Columbia	  River	  mouth.	  Wind	  speed	  (m	  s-‐1)	  is	  

averaged	  over	  an	  eight-‐minute	  period	  and	  wind	  direction	  is	  the	  direction	  the	  

wind	  is	  coming	  from	  in	  degrees	  clockwise	  from	  true	  north.	  Median	  values	  are	  in	  

parentheses.	  	  

Table	  2.	  Results	  of	  the	  Discriminant	  Function	  Analyses	  (DFA).	  The	  numbers	  in	  

the	  top	  row	  are	  the	  water	  masses	  or	  cluster	  IDs.	  The	  column	  values	  are	  the	  

percent	  correctly	  identified	  pixels	  using	  the	  results	  from	  the	  jackknifed	  

classification	  matrix.	  The	  last	  column	  is	  the	  total	  percentage	  of	  pixels	  identified	  

correctly	  for	  all	  classified	  water	  types.	  P-‐values	  (pillai’s	  trace)	  for	  all	  analyses	  

were	  <	  0.0001.	  	  

Table	  3.	  Summary	  of	  k-‐means	  results.	  Color	  refers	  to	  water	  mass	  types	  

presented	  in	  Figures	  3-‐5.	  Ranges	  of	  sea	  surface	  temperature	  (SST),	  chlorophyll	  a	  

(Chla),	  colored	  dissolved	  organic	  material	  (CDOM),	  and	  a	  particle	  proxy	  are	  

shown.	  Median	  values	  are	  in	  parentheses.	  	  
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Figure Legends 

Figure 1. A map of the survey area with transect lines is shown on the left in panel 

a. The 100m, 1000m, and 2000m isobaths are shown. Columbia River flow rates 

from the Dalles, OR are shown in the top right panel (b). The gray boxes show the 

survey dates. Data have been smoothed using a running mean. Panels c-g show the 

winds from the National Data Buoy # 46029 located at the mouth of the Columbia 

River plume. No wind data available for the July 2012 survey period.  

Figure 2. MODIS matchups to HydroRad3 chlorophyll a data. Panels a-e show data 

from 26-27 June 2011. Panels f-j are images from 23 February 2012. The 

chlorophyll a unites are log10(mg m-3). 

Figure 3. K-means results for winter surveys. Water mass classifications are 

indicated by color. The box plots on the right show the distribution of sea surface 

temperature (SST), chlorophyll a (Chla), colored dissolved organic material 

(CDOM), and particles for each water mass. nLw(555) is used as a proxy for particle 

concentrations and is shown scaled from 0-1.  

Figure 4. K-means results for summer surveys. Water mass classifications are 

indicated by color. The box plots on the right show the distribution of sea surface 

temperature (SST), chlorophyll a (Chla), colored dissolved organic material 

(CDOM), and particles for each water mass. nLw(555) is used as a proxy for particle 

concentrations and is shown scaled from 0-1. 

Figure 5. K-means results for autumn surveys. Water mass classifications are 

indicated by color. The box plots on the right show the distribution of sea surface 
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temperature (SST), chlorophyll a (Chla), colored dissolved organic material 

(CDOM), and particles for each water mass. nLw(555) is used as a proxy for particle 

concentrations and is shown scaled from 0-1. 
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As part of the Hyperspectral Infrared Imager (HyspIRI) flight campaign, we 

evaluated working models of primary productivity (PP) with the goal of improving 

model estimates in Monterey Bay, CA. We added a physiologically-based 

parameter, particle size distribution (PSD), derived using remote-sensing reflectance, 

as a variable in existing bio-optical models. We found negative relationships 

between the biomass-normalized maximum rate of photosynthesis (PB
max) and the 

quantum yield (ϕ), and the PSD power-law slope (ξ), indicating that cell size and 

photosynthetic rates positively covary in Monterey Bay, CA. Using robust 

regressions (RR) to calculate coefficients, we parameterized PB
max, and ϕ from ξ. 

Traditional PP algorithms overestimated in situ and ξ –based values by a factor of 

two to three. Recent attempts to improve PP model estimates in the California 

Current System (CCS) have been made by 1) regionally tuning model coefficients, 

and 2) relating PB
max to some measurable proxy, such as distance from shore. Despite 

the different optimization methods applied, including the ξ-based approach described 

here, about two-thirds of in situ PP variability is consistently explained using the 

best PP model. Previous studies found model performance dramatically improved 

when in situ vertically resolved chlorophyll a was included, indicating 

improvements in PP calculations will come not from better parameterization of 

photosynthetic parameters, but rather by including vertically resolved changes in 

chlorophyll a. 
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1 Introduction 

The coastal oceans comprise less than 5% of the ocean surface area, yet they 

are responsible for more than 50% of marine net primary productivity (~26.3 Pg of 

carbon per year), making them an integral component of biogeochemical cycling on 

the planet (Eppley and Peterson 1979, Field et al.1998). These areas provide large 

amounts of organic material to higher trophic levels, sustaining complex coastal food 

webs and maintaining important fisheries production (Ryther 1969, Peterson et al. 

1988, Ware and Thomson 2005). A direct relationship between phytoplankton PP 

and algal PSD has long been recognized; specific rate processes are inversely related 

to average phytoplankton cell size (Cote and Platt 1983, Chisholm 1991, Marra 

2007). Contrary to this paradigm, several studies, including Malone and Neale 

(1981) and Shiomoto et al. (1997), found photosynthetic rates of the larger 

phytoplankton in cold temperate waters (<10 °C) were equal to or greater than those 

of smaller cells. Additional evidence indicates that in high nutrient and sufficient 

light conditions, larger-sized phytoplankton have greater maximum biomass-

normalized production rates (PB
max) and photosynthetic efficiencies than smaller 

cells (Cermeño et al. 2005, Suggett et al. 2009). John et al. (2007) observed this 

pattern in the Gulf of Mexico, where the increase in PB
max was associated with a 

concurrent increase in the abundance of large diatoms and enhanced Rubisco 

activity. Understanding the relationships between photosynthetic efficiency 
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parameters and phytoplankton size distribution in coastal environments is critical to 

inform models used to estimate global PP.  

 Traditionally phytoplankton PP has been estimated by measuring 

radiolabeled carbon incorporation or oxygen evolution after a period of incubation 

(Stiemann-Nielsen 1952, Peterson 1980). The errors associated with these 

measurements (Eppley 1980, Fitzwater et al. 1982, Kolber and Falkowski 1993) and 

labor-intensive methods have led researchers to develop alternative ways to measure 

this process. Fluorescence signals obtained from the pump and probe technique 

(Kolber and Falkowski, 1993, Boyd et al. 1997), Pulse Amplitude Modulated (PAM) 

fluorometers (Barranguet and Kromkamp 2000, White et al. 2011) and Fast 

Repetition Rate fluorometers (Behrenfeld et al. 1998, Suggett et al. 2009) have been 

used to measure electron flow through PSII, which is directly related to gross 

primary production. Numerous studies have found PB
max and the initial slope of the 

biomass-normalized P vs. E light curve (αB) derived using fluorescence to correlate 

well with 14C-derived values (Kolber and Falkowski 1993, Babin et al. 1996, Boyd 

et al. 1997, Corno et al. 2005), and to be directly related to phytoplankton PSD 

(Cermeño et al. 2005).   

Phytoplankton PP is highly variable in time and space making in situ 

measurements inadequate for estimating the variability in global PP. The 

development of optical sensors deployed on satellites has made accessible to 

scientists synoptic views of ocean color which can be used to infer phytoplankton 

biomass and PP (Behrenfeld and Falkowski 1997b, Field et al. 1998). The most 
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commonly used PP model is the Vertically Generalized Production Model (VGPM; 

Behrenfeld and Falkowski 1997a), which requires knowledge of the phytoplankton 

biomass and its physiological state (chlorophyll-normalized optimum rate of carbon 

fixation (PB
opt), surface irradiance (Eo), chlorophyll a concentration at PB

opt (Copt), 

depth of euphotic zone (Zeu), and photoperiod length (Dirr)):  

PPeu = 0.66125 * PB
opt * [E0/(E0 + 4.1)] * Zeu * Copt * Dirr     (Eq. 1) 

Kahru et al. (2009) compared the VGPM with four other algorithms (Eppley et al. 

1985, Kameda-Ishizaka 2005, Marra et al. 2003, Behrenfeld et al. 2005) and 

evaluated it against in situ PP data in the southern CCS. Using coefficients tuned 

with regional data, the modified VGPM best predicted PP (Kahru et al. 2009), but 

still only explained two-thirds of the variability in 14C-generated values. Using the 

same dataset, Jacox et al. (2015) modified the VGPM by parameterizing PB
opt as a 

function of chlorophyll a and distance from shore as a proxy for cell size, and found 

the regionally tuned model only moderately improved PP estimates compared with 

traditional algorithms. Only when vertical profiles of the in situ chlorophyll a and 

light field were included, did model predictability improve significantly (Jacox et al. 

2015).  

Based on the assumption that mean phytoplankton cell size is inversely 

related to both concentration of chlorophyll a and maximum growth rate, Kameda 

and Ishizaka (2005) refined the VGPM using a two-phytoplankton community 

model. Their modification incorporated into the VGPM a size-class component 

based on the spatial distribution of chlorophyll a and sea surface temperature (SST). 
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An underlying assumption of this model is that cell size is inversely related to 

biomass-normalized photosynthetic rates, which has been shown to be untrue for 

nutrient and light replete waters (Lorenzo et al. 2005, John et al. 2007). This method 

also does not take into account the cellular pigment composition or the pigment 

packaging effect both of which cause deviations from the chlorophyll a-cell size 

relationship (Bricaud et al. 2004).  

Uncertainty in chlorophyll a estimates derived from ocean color due to 

absorption by colored dissolved organic material (CDOM) and detritus (adg) is 

especially problematic in nearshore environments (Morel and Gentili 2009), which 

makes PP algorithms that use an alternative measure of biomass appealing. An 

additional confounding problem is that chlorophyll a within a single cell can vary 

significantly over a period of a day making pigment concentration an ambiguous 

measure of biomass (Ryther and Menzel 1959, Behrenfeld et al. 2002, MacIntyre et 

al. 2002). The model proposed by Marra et al. (2003) was based on phytoplankton 

absorption empirically parameterized from SST. Although this model performed 

well compared with the other models considered, the modified VGPM had the 

highest r2 and lowest unbiased root mean square deviation (RMSD) when compared 

to the in situ PP dataset (Kahru et al. 2009). The model proposed by Marra et al. 

(2003) was based on an empirically derived relationship between phytoplankton 

absorption and SST, and did not include parameters constraining the change in 

phytoplankton physiology with depth or respiration. The absorption-based model (A-

ph) proposed by Lee et al. (1996, 2011), on the other hand, utilized algorithms that 
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determine the inherent optical properties (IOPs), including absorption and 

attenuation, using RRS. Lee et al. (2011) applied this algorithm in the Southern 

Ocean and found the A-ph model increased the r2 value over the chlorophyll a-based 

models (Lee et al. 1996, 2011). The A-ph model is defined as 

PP(z) = ϕm * [(Kϕ * exp(-v * E(z)))/ (Kϕ + E(z))] * (Aph * E(z))  (Eq. 2a) 

with 

E(z) = E0 * exp(-KPAR(z) * z)      (Eq. 2b) 

All model variables with notations are listed in Table 1. The A-ph model includes ϕm 

and Kϕ, representing the vertical variation in the quantum yield of photosynthesis, 

Aph, the absorption coefficient of phytoplankton, and KPAR, the vertical attenuation 

coefficient for PAR (Lee et al. 2011). This approach worked well in the nearshore 

environment in the Southern ocean (Lee et al. 2011), but again was not a significant 

improvement for estimating PP the CCS (Kahru et al. 2013).     

Current satellites lack the spectral coverage to adequately sample 

phytoplankton processes in coastal environments. Specifically the spectral range of 

current satellites, such as the Moderate Resolution Imaging Spectrometer (MODIS; 

8 ocean color bands), Visible Infrared Imaging Radiometer Suite (VIIRS; 5 ocean 

color bands), Multispectral Instrument (MSI) on-board SENTINEL-2 (5 ocean color 

bands), and Operational Land Imager (OLI) on Landsat 8 (4 ocean color bands) lack 

the spectral coverage to adequately represent the variability of inherent optical 

properties observed in the ocean (Lee 2012). 
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Sensors such as the Airborne Visible/Infrared Imaging Spectrometer 

(AVIRIS) have both spectral resolution, although issues with sensor calibration and 

atmospheric corrections of the HyspIRI imagery data have required special 

processing procedures implemented by the AVIRIS team, limiting its use (Palacios 

et al. 2015). The goals of this project were to use AVIRIS data over the Monterey 

Bay region to refine and evaluate existing models of phytoplankton PP. We 

accomplished this in three steps: 1) we incorporated a PSD component into the 

VGPM and A-ph models (Behrenfeld and Falkowski 1997a, Lee et al. 1996) by 

empirically relating model variables associated with phytoplankton physiology to 

PSD, which can be remotely derived; 2) we compared the PSD-based VGPM and A-

ph model output from AVIRIS to in situ PP; and 3) we assessed the internal 

consistency of the dataset by evaluating the relationships among optical indices and 

relevant variables. Although specifically part of the HyspIRI Airborne Campaign, 

this goal has direct application to other next-generation sensors including Pre-ACE 

(PACE), ACE (Aerosols, Clouds, and ocean Ecosystems), and the Geostationary 

Coastal and Air Pollution Events (GEO-CAPE).  

 

2 Methods 

2.1 Sampling  

HyspIRI flights with concurrent PP data occurred on 30-31 October 2013, 5 

December 2013, 23 April 2014, 28 April 2014, 23 October 2014, 27 October 2014, 

and 30 October 2014. Flight lines were optimized to avoid sun glint, and data were 
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atmospherically corrected using ATREM+ according to Palacios et al. (2015). Of the 

eight flight days, there was only one matchup to ATREM+ atmospherically 

corrected AVIRIS data on 31 October 2013. Concurrent with AVIRIS flights, we 

collected in situ data aboard the R/V John H. Martin at three ocean stations covering 

the range of biological and chemical environments in Monterey Bay: the location of 

the Monterey Bay Aquarium Research Institute’s (MBARI) M0 mooring (M0), the 

Red Tide Incubator (RTI), and the mouth of the Pajaro River (PRM). To increase the 

sample size for model development and inter-comparison of variables, we also 

collected data in Monterey Bay during the MB13 and MB14 field campaigns aboard 

the R/V John H. Martin, or from the Santa Cruz Municipal Wharf (SCMW).  

In situ optical profiles of IOPs including hyperspectral absorption and 

attenuation from the WETLabs ac-s (400 to 728 nm) and scattering at six 

wavelengths and a single scattering angle (140°) using a HOBILabs HydroScat6 

(420, 442, 470, 510, 590, 700 nm) were collected at each cruise station. Surface and 

profiles of downwelling irradiance Ed(z,λ) and upwelling radiance (Lu(z,λ)) were 

collected using a Satlantic HyperPro II spectroradiometer (350- 796 nm). No 

profilers were deployed at the SCMW.  

Water samples, excluding aCDOM samples, were transported to the laboratory 

in acid-washed amber HDPE bottles rinsed with deionized water and with sample 

water. We assume that transportation time from the field to the laboratory (~15-45 

minutes) did not affect measurements. Upon arrival in the laboratory, 25-100 mL 

were filtered onto Whatman GF/F filters for measurements of chlorophyll a. Filters 
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were extracted at -20°C in 90% acetone overnight, and analyzed on a 10-AU Turner 

fluorometer using the non-acidified fluorometric technique (Welschmeyer 1994). 

Samples for particulate absorption measurements (ap) were filtered at low pressure 

onto Whatman GF/F filters and stored at -80°C until analysis. Water for PAM-

derived P vs. E parameters were additionally dark adapted for 3-5 min after transfer 

to instrument cuvette. We also ran P vs. E experiments using radiolabeled carbon for 

the twelve MB13 samples for comparison to PAM-derived values.  

For in situ measurements of PSD, we used a Becton Dickinson Influx flow 

cytometer and a Fluid Imaging Technologies FlowCAM. The flow cytometer 

measures the light diffracted by a cell as forward angle scatter (FSC), which was 

used as a measure of cell size (Collier and Palenik 2003). SPHERO Ultra Rainbow 

Fluorescent beads, 0.5 and 1.0 µm in diameter, and polystyrene particle size beads 

(2.0-2.4, 3.0-3.4, 5.0-5.9, 7.0-7.9, 8-12.9, and 13.0-17.9 µm diameters) were added 

to samples prior to analysis for size validation. Samples collected for flow 

cytometric analysis were fixed with 4% paraformaldehyde yielding a final 

concentration of 0.004%, and stored in the dark at -80°C until analysis. 

The FlowCAM takes pictures of particles through a standard microscope 

objective lens as they pass through a glass flow chamber (Reynolds et al. 2010). We 

ran FlowCAM samples using an objective lens of 10X magnification. Particle size 

beads were run separately to verify size measurements. We recorded events triggered 

by both scattering and fluorescence to get total and algal PSD respectively. Since 

cells greater than 100 µm in diameter contribute less than 1% of particulate 
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backscattering and thus the RRS signal (Ulloa et al. 1994), we set our upper limit to 

100 µm for FlowCAM measurements. 

 

2.2 Particle Size Distribution 

Particle size distribution is frequently described using a hyperbolic, Junge-

type distribution (Boss et al. 2001, Twardowski et al. 2001, Kostadinov et al 2009), 

N(D) = N0*(D/D0)-ξ       (Eq. 3) 

where N(D) is the number of particles per volume of seawater normalized to the size 

bin width, D is the particle diameter, D0 is a reference diameter, N0 is the particle 

differential number concentration at D0, and ξ is PSD power-law slope. Consistent 

with the results of Reynolds et al. (2010), we observed deviations from this 

relationship; specifically, when we sampled during predominantly monospecific 

blooms. To correct for this, we removed data from size bins associated with “peaks” 

in PSD data prior to calculation of ξ. To solve for ξ, flow cytometer and FlowCAM 

data were fit to Eq. 3 by setting D0 equal to 2 µm, log-transforming both sides of the 

equation, and using ordinary least squares (OLS) regression. 

Mie theory relates the particulate backscatter coefficient, bbp, to ξ through the 

volume scattering function (VSF) and index of refraction, and provides a framework 

that can be used to predict the directional scattering of light by particles (Ulloa et al. 

1994, Wozniak and Stramski 2004, Doxaran et al. 2009). The assumptions are that 

particles are dilute (no secondary scattering), spherical, and homogeneous, though 

studies have shown that results are relatively insensitive to violations of cell shape 
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and homogeneity (Asano and Sato 1980, Boss et al. 2001). Mie theory predicts ξ ~ η 

+ 3, where η is the spectral slope of bbp according to 

bbp(λ)  = bbp(λ0) * (λ/λ0)-η         (Eq.4) 

Generally, as the spectral slope increases, the relative proportion of small-sized 

particles increases (Loisel et al. 2006, Kostadinov et al. 2010). For 3.5 > ξ > 4.0, 

Twardowski et al. (2001) found the relationship ξ ~ η + 3 was maintained, regardless 

of changes in the index of refraction. Since some of our data fall outside this range, 

we used instead the following equation from Kostadinov et al. (2009)  

ξ = -0.00191η3 + 0.127η2 + 0.482η + 3.52     (Eq. 5)  

Like bbp, particulate attenuation, cp, decreases with increasing wavelength 

according to a hyperbolic model (Boss et al. 2001), 

cp = cp(λ0) * (λ/λ0)-ϒ        (Eq. 6)  

and, for non-absorbing particles, cp is directly related to the  ξ according to  

 ξ = ϒ + 3 – 0.5 * exp(-6ϒ)      (Eq. 7) 

Deviations from this relationship are expected to increase with absorption, i.e., an 

increase in the imaginary part of the index of refraction (Boss et al. 2001). Mie 

theory predicts that the spectral slopes of bbp and cp are sensitive to different size 

ranges of particles (Twardowski et al. 2001, Behrenfeld and Boss 2006), so we 

expected the slopes derived from each of the optical indices to be slightly different.  

 

2.3 In situ Optical Profiles 

The ac-s data were first processed in WetView 5.0, which included 
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instrument-specific internal temperature correction and application of clean water 

offsets. Using Matlab v2011a, we adjusted the absorption a(λ) and attenuation c(λ) 

spectra across the two holographic gratings, correcting for the step offset that results 

when the ac-s switches from one detector to the other. The data were then binned to 

0.5m depth resolution, and corrected for salinity and temperature dependencies 

according to Sullivan et al. (2006). Pure water calibrations were performed following 

each cruise period and used to correct for instrument drift. We also corrected for 

overestimation due to scattering losses in the absorbance channel according to 

Rottgers et al. (2013). The particulate beam attenuation coefficient, cp, was calculated 

by subtracting adg(λ) from c(λ). We fit Eq. 6 to cp, and solved for ϒ from 400 nm to 

700 nm using OLS regression according to the methods of Boss et al. (2001). To 

determine phytoplankton absorption for the A-ph productivity model, we subtracted 

adg(440), which was assumed to be constant within the mixed layer, from a(440).  

Profiles of the VSF collected using the HydroScat6 (HS6) first were binned to 

0.5 m resolution. Simultaneous ac-s measurements then were used to apply the sigma 

correction to the VSF, which then was converted to bbp using the following equation,  

bbp = 2πX * [VSF(140°,λ) – VSFW(140°,λ)]    (Eq. 8) 

with X = 1.08 from the calibration file. This correction accounts for attenuation in the 

measurement path of the instrument (Jørgensen et al. 2003). Using data from all six 

wavelength channels we fit Eq. 4 to the data and solved for η using OLS regression 

(Loisel et al. 2006).  

Profiles of Ed(λ) and Lu(λ) collected using the HyperProII were processed 
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using ProSoft V7.7.15 (Satlantic, Inc). RRS(z,λ) was calculated as 

RRS(z,λ) = Lu(z,λ) /Ed(z,λ)      (Eq. 9) 

and used as input to the Quasi-Analytical Algorithm (QAA; Lee et al. 2002, Kahru et 

al. 2014) in order to retrieve relevant IOPs used to calculate ξ and PP. We determined 

in situ KPAR by integrating Ed(z,λ) over the visible wavelength range, log-

transforming with depth, and averaging the slopes within the first optical depth 

defined as τ1 = 0.37 * Ed(490). Zeu was determined by finding the depth associated 

with 1% of surface PAR. Light attenuation calculated using RRS according to Lee et 

al. (2005) was used in both VGPM and A-ph, and compared to in situ values. 

 

2.4 Absorption Coefficients 

Particulate absorption coefficients, ap(λ), were measured using a Varian Cary 

50 Scan spectrophotometer (350-800 nm) using the quantitative filter pad technique 

(Mitchell and Kiefer 1984). Sample filters were scanned and the mean of five blank 

scans subtracted. Blank and sample filters were then “bleached” with 1.5% NaClO, 

rinsed with 500 µL Milli-Q, and rescanned. Data were first normalized to the mean 

value between 725-775 nm, correcting for possible differences between sample and 

reference filters. Absorbance coefficients were obtained from measured optical 

densities as 

ap(λ) = 2.303 * OD(λ)/(V/A)      (Eq. 10) 

where the factor 2.303 converts from log10 to ln, A(m2) is the filter area covered by 

particles, V is the volume filtered (m3), and OD is the optical density. The respective 
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contributions of phytoplankton and non-algal particulate material were determined 

by subtracting non-algal particulate absorption coefficient, ad(λ), from ap(λ). 

Phytoplankton absorption coefficients, aph(λ), were then corrected for multiple 

scattering in the GF/F filter (“β effect”) according to Cleveland and Weidmann 

(1993).  

Samples for CDOM absorption (aCDOM) measurements were filtered through 

a 0.2 µm Whatman nylon filter and dispensed into polypropylene Falcon tubes.  

Samples were stored in the dark at 4°C until analysis, with storage times ranging 

from 1-5 days. The spectral absorbance of the filtrate was measured between 350 

and 800 nm on a Varian Cary 50 Scan spectrophotometer using a 10 cm quartz cell. 

Freshly produced Milli-Q water was used as a reference. The following equation was 

fit to the data,  

 aCDOM = A*e-sλ        (Eq. 11) 

solving for the amplitude (A) and spectral slope parameter describing the relative 

steepness of the spectrum (s) (Twardowski et al. 2004).     

 

2.5 P vs. E Curves 

  Harvested light energy can have several fates including being used in 

photochemistry, dissipated as heat as non-photochemical quenching (NPQ), or re-

emitted at a longer wavelength as fluorescence (Maxwell and Johnson 2000). The 

quantum yield (ϕ) describes the efficiency of utilized light, and will vary 

significantly depending on cellular currency. Specifically, the quantum yield of PSII 
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(ϕPSII) is greater than the quantum yield of oxygen evolution (ϕO2), which is greater 

than the quantum yield of carbon production (ϕC). ϕPSII most closely relates to gross 

primary productivity as O2 can be consumed within the cell via light-dependent 

respiration processes (Halsey et al. 2014). ϕC is related to net primary productivity as 

it measures only the accumulation of carbon compounds.  

The quantum yield of fluorescence (ϕF) typically ranges from 2-5% 

depending on whether the reaction center is open or closed and this measurable 

signal can be modulated to control ϕPSII in response to increasing intensities of light 

(Kolber and Falkowski 1993). A rapid light curve (RLC; ~5 min) measures ϕPSII as a 

function of irradiance, and when plotted, resembles a traditional P vs. E curve. 

Although visually similar, P vs. E and RLCs differ in the cellular currency measured 

and in the time scale over which the measurements are made. We used a Walz 

WATER-PAM fluorometer, which excites fluorescence using 5-µs pulses from an 

LED (650nm) repeated at varying frequencies such that the intensity of light is 

controlled by the frequency of flashes rather than being exposed to a single pulse of 

light. Actinic illumination and saturation pulses are applied between measuring 

pulses. The measuring light is sufficiently low to minimally excite fluorescence, 

which allows for the determination of a minimum dark-adapted value, F0. At this 

point, all the reaction centers are open and Qa receptors are oxidized (Kolber and 

Falkowski 1993). Applying a saturating pulse fills all Qa receptors, and the 

maximum amount of fluorescence is emitted, Fm. The variable fluorescence, Fv, is 
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the difference between Fm and F0, and can be used to calculate the maximum 

potential quantum yield of PSII (Babin et al. 1996),  

ϕPSII = Fv/Fm        (Eq. 12) 

The PAM software (WinControl v2.08) calculates electron transport rates (ETR) as 

 ETR = ϕPSII * PAR * 0.5 * ETR-factor    (Eq. 13) 

where the factor of 0.5 represents the equal distribution of electrons to PSI and PSII 

and the ETR-factor is the fraction of incident light estimated to be absorbed by the 

sample set to 0.84. ETR was converted to carbon production assuming a 

photosynthetic efficiency of 0.05.  

For incubations using radiolabeled carbon, we used a photoynthetron 

equipped with a Tungsten halogen lamp, and the absolute magnitude of PAR 

incident on the samples was measured with Biospherical Instruments PAR meter 

(model QSL-101). 5mL whole water was dispensed into borosilicate scintillation 

vials, inoculated with 2-10 µCi of NaH14CO3, and incubated at 9 different 

irradiances ranging from 0 to 805 µmol quanta m-2 s-1. Samples were incubated for 

30 min at ambient temperatures from the collection site using a circulating water 

bath. Following incubation, samples were acidified by directly adding HCl, allowed 

to degas for >24h, and radioactive disintegration was measured using Beckman 

Coulter Liquid Scintillation Counter. Uptake was determined after subtraction of 

time zero samples acidified at the start of the incubation. 

The P vs. E characteristics, PB
max, αB, and β, a photoinhibition term, were 

determined by fitting the equation of Platt et al. (1981) to experimental data, using 
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the software package KaleidaGraph V4.1.3. Photoinhibition occurs on time scales of 

hours to days (Falkowski and LaRoche 1991, MacIntyre et al. 2002), so although a 

photoinhibition-like response was observed in many of the RLCs, this was more 

likely the result of dynamic down-regulation of PSII (Ralph and Gademann 2005, 

Behrenfeld et al. 2009). To account for differences in lamp spectra between the 

photosynthetron and PAM fluorometer, we normalized αB to spectral quality 

according to Babin et al. (1996). 

 

2.6 PSD-Primary Productivity Models 

 The VGPM parameterizes PB
opt as a function of sea surface temperature. 

Alternatively we parameterized PB
opt as a function of PSD (ξ) using Robust 

Regression (RR). Because not all variables were normally distributed at the 0.05 

significance level (Lilliefors corrected K-S test), and because of the presence of 

outliers, we used RR rather than OLS. The twelve traditional 14C-based light curves 

were used in model development, and additionally used to validate PAM-derived 

values as in situ measures of PP. For the A-ph models, we parameterized ϕC as a 

function of ξ. ϕC is equal to αB divided by the spectrally-weighted biomass-

normalized phytoplankton absorption coefficient (āph*), and is normally treated as a 

constant equal to 0.12 mol C mol photon-1. As for PB
opt, we used αB derived from 

traditional P vs. E curves to build the empirical relationship with ϕC, and αB from 

RLCs for in situ measurements.  
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2.7 Statistical Analyses 

To evaluate the performance of the algorithms in comparison with in situ 

observations and sensor products, we used four statistical measures as described by 

Kahru et al. (2014). We used RR to calculate r2, a measure of the variability 

explained by the model. Median Relative Percent Error (MRPE), calculated as  

MRPE = 100 * median ((Pi – Oi)/Oi)     (Eq. 14) 

where Oi and Pi are the ith observed and predicted values respectively, was used as 

an estimate of bias. As a measure of scatter, we used the Median Absolute Percent 

Error (MAPE) calculated as 

 MAPE = 100 * median(Abs((Pi – Oi)/(Oi))    (Eq. 15) 

Root mean square deviation (RMSD), which is extensively used in the literature 

(Lee et al. 2011, Kahru et al. 2012), is another measure of scatter between observed 

and predicted variables, and was calculated as  

 RMSD = √(mean(log(Oi - Pi))2)     (Eq. 16) 

 

3 Results 

3.1 Comparison of Size Parameters 

 Particle size data were collected using both the flow cytometer and the 

FlowCAM, and fit using Eq. 3. The FlowCAM data collected using the fluorescence 

channel produced the best matchup to flow cytometer data and so were used for 

analysis. The results are shown in Table 2. The r2 and RMSD were 0.68 and 0.072 

respectively, and the slope was 1.27. Because Monterey Bay is largely dominated by 
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larger phytoplankton (>20 µm), including chain-forming species (Wilkerson et al. 

2000) and because the FlowCAM measures particles in this range, we used the 

FlowCAM-based calculation of ξ for statistical analyses (ξinsitu).   

 The RR with ξinsitu and PSD slope calculated from HS6 backscatter (ξHS6) had 

a higher r2 and lower error and bias terms (MRPE and MAPE) than when in situ 

values were compared to ξACS (0.50, 7.86%, 7.86% versus 0.061, 11.16%, 14.60% 

respectively). Two outliers identified in the ξACS regression were removed increasing 

the r2 to 0.48. These outliers occurred when chlorophyll a was high (79.43 and 17.08 

µg L-1), emphasizing the pitfalls of using spectral attenuation as a proxy for ξ when 

there are a lot of absorbing particles in the water column. Using RRS from the 

HyperPro, we applied both QAA-V5 as described in 

http://www.ioccg.org/groups/Software_OCA/QAA_v5.pdf and the regionally tuned 

QAA (QAA-Calfit) from Kahru et al. (2012). In Monterey Bay, both the QAA-V5 

and QAA-Calfit, when compared to ξinsit, had r2 values less than 0.1, indicating that 

parameterization of ξ from RRS using either version of the QAA should introduce 

error into PSD-PP models. There were only three AVIRIS data points for the ξAVIRIS 

comparison, so although the r2 was 0.71 when QAA-V5 was used, this could be an 

artifact of sample size, especially considering that the inversion algorithm was 

unable to derive PSD from in situ RRS data. When we applied the QAA-Calfit 

coefficients, the slope was negative. All statistical measures are shown in Table 2. 

 

 3.2 Comparison of IOPs and Model Parameters 
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 IOPs used in the A-ph model are aph(443), a(490) and bbp(490), with a(490) 

and bbp(490) used to calculate KPAR.  KPAR was also used to calculate Zeu for the 

VGPM. Comparisons between in situ and remotely derived IOPs were necessary in 

order to understand if error is introduced during the IOP retrieval (QAA-V5 and 

QAA-Calfit) or inherent to the productivity algorithm. The QAA iteratively solves 

for IOPs beginning with a(555), which it uses to solve for bbp(555) then solves for 

the slope, η. Phytoplankton absorption coefficients are finally calculated. Compared 

to ac-s values of a(490), the QAA-V5 and QAA-Calfit algorithms applied to in situ 

RRS performed similarly, with the same r2, 0.58, and similar low bias and scatter 

terms. There was a single outlier in both regressions, but since RR is insensitive to 

outliers, the QAA-V5 and QAA-Calfit r2 values increased only slightly to 0.63 and 

0.60 respectively when the outlier was removed. AVIRIS a(490) was negatively 

correlated with both ac-s and HyperPro a(490), and thus was not able to successfully 

retrieve this parameter.  

As for a(490), variability in the in situ backscatter was about equally 

explained using QAA-V5 and QAA-Calfit, with r2 values of 0.48 and 0.50 

respectively, though there was slightly less scatter and bias associated with QAA-

V5. As for a(490), AVIRIS values were negatively related to in situ measurements, 

potentially an artifact of sample size. 

Phytoplankton absorption was measured three ways: the filter pad technique 

(FPT), subtraction of adg from ac-s absorption, and by applying QAA to RRS data. 

For initial verification of phytoplankton absorption measurements, we compared 
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aph(440) from the FPT (aphFPT) to in situ chlorophyll a. The r2 is 0.78; the packaging 

effect was expected to cause variability in this relationship. When chlorophyll a was 

compared to phytoplankton absorption measurements from the ac-s (aphACS), the r2 

was 0.40, but increased to 0.88 when the raw data were compared. 69% of the 

variability in phytoplankton absorption calculated from HyperPro RRS using QAA-

V5 (aphV5) can be explained from aphFPT. The slope for this regression is 1.18, close to 

a one-to-one matchup. The matchup with phytoplankton absorption calculated using 

QAA-Calfit (aphCALFIT) had an r2 and slope of 0.26 and 0.39 respectively. When 

compared to aphACS, the QAA-V5 explained significantly more of the variability than 

QAA-Calfit and had lower error and bias terms. Although the QAA-Calfit was 

regionally tuned using CCS 14C-PP data, using the original coefficients yielded 

higher r2 and lower scatter and bias terms for aph(440), and so was used to calculate 

all input variables for VGPM and A-ph.  

Because the VGPM is a chlorophyll-based model, we evaluated this term as a 

source of error to model results. The standard algorithm, OCv3, uses the ratio of blue 

to green RRS bands to derive chlorophyll a (O’Reilly et al. 2000). Kahru et al. (2012) 

regionally tuned this algorithm using California Current System (CCS) data, termed 

Chl-Calfit. When in situ chlorophyll a were compared to HyperPro RRS values 

calculated using OCv3 and Chl-Calfit, r2 values were 0.88 and 0.89 respectively. 

Because the r2 values are similar and the error and bias terms are larger for OCv3, 

we used Chl-Calfit as input to the VGPM. Consistent with the results of Palacios et 

al. (2015), AVIRIS RRS was unable to predict in situ chlorophyll a.  
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3.3 P vs. E. Variables Related to ξ 

 This study is motivated by the assumption that PSD is related to 

photosynthetic efficiency and thus PP. Twelve 14C P vs. E experiments were 

conducted and used to parameterize ξ as a function of PB
opt. We used RR to calculate 

model coefficients, and variables were log10-transformed prior to the analysis. 

Regression results are summarized in Table 3. Consistent with expectations in a 

cold, upwelling environment, maximum rates of photosynthesis were observed when 

there were relatively larger particles in the water. Using RR to validate the use of 

PAM-derived measurements of PB
opt for input to PP models, the r2 and slope were 

0.32 and 0.95 respectively. So although there was large variability around the model 

fit, the slope was close to one indicating that this measurement has potential as a 

measure of C-based production.  

 ϕC was calculated as αB from traditional P vs. E curves divided by āph*, and 

was related to ξinsitu using RR. Sample size was reduced to eleven due to a missing 

aph sample. ϕC  decreased linearly with decreasing cell size. When measurements of 

14C-based ϕC were compared to PAM-derived values, the r2 and RMSD were 0.015 

and 0.32 respectively. Two outliers were identified and when removed the r2 

increased to 0.84. PAM-based measurements of ϕC were lower than 14C-based 

values, which is likely due to the conversion factors used to calculate ETR as a 

function of Fv/Fm to carbon production.  
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3.4 Primary Productivity Models  

 VGPM 14C and PAM-derived PP were in good agreement, with an r2 of 0.77 

and a slope of 0.94, and thus validated the use of fluorescence-derived measurements 

as “ground truth”. PP calculated using all in situ data ranged from 7.66 to 5960.67 

mg C m-2 d-1 with a median value of 667.22 mg C m-2 d-1. These data were used to 

evaluate how empirically derived values of PB
opt using PSD compared with 

temperature-based values. Using temperature to model PB
opt had a slightly higher r2 

than when ξinsitu was used (0.94 and 0.88, respectively). The MRPE and MAPE were 

about a factor of two lower, however, for the PSD-based model (11.75%, 11.75%, 

and 6.29%, 6.29% respectively). Additionally, when the raw data are compared, PP 

calculated from temperature-based PB
opt has a slope two times greater than the14C 

and ξ-based models (Figure 1). When PB
opt was calculated from in situ RRS-based 

ξV5, the r2 was 0.94, an improvement over both the temperature and ξinsitu-based 

models, a surprising result since the QAA-V5 explained less than 10% of the 

variability in the ξinsitu data. Whether a function of sensor performance or an artifact 

of sample size, ξAVIRIS-V5 matched ξinsitu and was thus able to predict PB
opt and PP.  

 When in situ RRS-derived chlorophyll a was used as input to the VGPM, the 

r2 was 0.92. Because chlorophyll a calculated from AVIRIS RRS was negatively 

related to in situ values, VGPM PP could not be calculated using remotely derived 

data. Substituting Zeu calculated with QAA-V5 IOPs, the r2 values were 0.92 and 

0.99 respectively for in situ and AVIRIS values. As for ξ, AVIRIS-derived KPAR was 

highly correlated with in situ data. When in situ RRS data were used to calculate all 
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model variables, and PB
opt was calculated as a function of ξV5, the in situ data 

explained 74% of the variability, compared to 70% when the temperature-based 

model was used. 

 PP calculated using the VGPM and A-ph models were in good agreement 

after log10 transformation (r2 and RMSD of 0.57, 0.094 and 0.83, 0.098 for 14C and 

PAM-based data respectively), though VGPM PP was a factor of two larger when 

the non-transformed data were considered. A-ph PP ranged from 3.68 to 2652.80 mg 

C m-2 d-1, with a median value of 159.69 mg C m-2 d-1.  Compared to the 

“traditional” 0.12 constant value for ϕC, using the ξinsitu based model improved model 

performance. As for the VGPM, the r2 for the “traditional” model was greater (0.91 

and 0.84, respectively), but also had higher error and bias terms, and a slope 

significantly different than the 14C and ξ-based models when the raw data were 

plotted (Figure 1). 

When we substituted RRS-derived values of ξ, the r2 values increased to 0.93 

and 0.99 for in situ and AVIRIS data respectively. When E(z) and aph(440) derived 

from RRS are substituted, the r2 values were 0.93, 0.85 (in situ) and 0.99, 0.39 

(AVIRIS) for E(z) and aph(440) respectively. When all A-ph variables were derived 

from in situ RRS, more variability was explained when ϕC was calculated as a 

function of ξHyperPro-V5 than when we used the traditional constant value of 0.12 (0.71 

and 0.69). The bias and error terms for this regression were also lower (-11.73%, 

14.014%, and 22.22%, 22.22%, for MRPE and MAPE respectively). When we used 

AVIRIS data, PP values were negatively related, likely an artifact of sample size. 
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Thus, we were not able to use the AVIRIS data to derive PP using either the VGPM 

or A-ph. When in situ RRS values were used for derivation of all model variables, 

slightly more of the variability in the VGPM was explained than for A-ph (74% and 

71%, respectively).  

 

4 Discussion  

4.1 Primary Productivity Models and PSD 

A primary goal of the 2013-2015 HyspIRI flight campaign using AVIRIS 

was to understand how phytoplankton functional types influence biogeochemical 

cycles under varying climatic conditions (http://hyspiri.jpl.nasa.gov/science). 

Phytoplankton functional types (PFTs) are phytoplankton groups that share similar 

traits related to ecosystem function, irrespective of phylogeny (Nair et al. 2008). 

Palacios et al. (2015) found AVIRIS unable to produce accurate results of PFTs 

using the Phytoplankton Detection with Optics (PHYDOTax) algorithm, which uses 

a linear un-mixing scheme to separate the RRS signal into library end-members of 

representative phytoplankton taxa (Palacios et al. 2012). Phytoplankton cell size is 

an alternative functional trait to define a PFT, and is directly related to nutrient 

cycling; ecosystems with larger mean cell sizes transfer energy to higher trophic 

levels more efficiently than environments with smaller size particles where 

regenerative processes dominate (Nair et al. 2008, Kostadinov et al. 2010). Particle 

size is also directly related to carbon export rates from the surface to the deep ocean 

(Eppley and Peterson 1979). Consistent with the goals of the HyspIRI field 
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campaign, we evaluated the ability of AVIRIS to predict PFTs and related rates of 

PP in an optically complex system.  

Inclusion of a physiologically based parameter, ξ, in the VGPM and A-ph 

improved estimates of PP compared with traditional algorithms that overestimated 

PP. For VGPM PB
opt, for a given temperature, in situ data were generally lower than 

predicted values (Figure 2). The data used to build this empirical relationship were 

collected globally, and in most of the ocean, temperature and rate processes are 

inversely related to size; smaller phytoplankton cells can reach higher maximum 

production in warmer, nutrient-depleted conditions than larger cells (Chisholm 

1992). In our dataset, there was no correlation between PB
opt and temperature, 

indicating this model is not appropriate for use in Monterey Bay. Additionally, 

MacFayden et al. (1998) found using the traditional E0 term, which is essentially a 

scaling factor that is often independent of actual PAR measurements, caused 

production to be overestimated in Monterey Bay. When we substituted their constant 

value for the VGPM PAR term, we estimated production rates that matched A-ph 

values (slope ~ 1).   

 The absorption-based model, using the constant 0.12 mol C mol photons-1 for 

ϕC also resulted in an overestimation of 14C and ξ-based production by about a factor 

of three. Median values for ϕC from 14C and PAM experiments were respectively 

0.031 and 0.024 mol C mol photons-1, consistent with the results of Kudela and 

Chavez (1997) who found this value to range from 0.017 to 0.106. Using a 

regionally-defined constant value could thus improve model predictions, though 
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variability in production resulting from changes in ϕC would be unaccounted for. We 

calculated PP substituting the range of possible ϕC values, and compared these to 14C 

and ξ-based values (Figure 3). We found using 0.05 mol C mol photons-1 for ϕC 

yielded PP estimates closer to in situ measurements than when 0.12 was used, and 

obtained similar scatter and bias terms to the ξ-based model.  So the error or noise 

introduced by physiologically induced changes in ϕC is small relative to the total 

scatter, and a constant value reflecting regional taxa would be sufficient for 

estimating regional production rates.   

When we parameterized PB
opt and ϕC from ξHyperPro-V5, the models performed 

better than when ξinsitu was used (higher r2 and lower bias and scatter terms). The 

QAA uses the ratio RRS(440)/RRS(555), which is related to bbp(555), to empirically 

estimate η. Despite regional tuning, the QAA applied in Monterey Bay explained 

<10% of ξinsitu variability. ξinsitu and ξHyperPro-V5 data had overlapping distributions, but 

higher variability was associated with the ξinsitu measurements. We speculate that the 

higher variability in ξinsitu was an artifact of FlowCAM measurements, and the actual 

variability expected for Monterey Bay is closer to ξHyperPro-V5. Consistent with this 

hypothesis is the close correlation between HS6 and HyperPro-QAA measurements 

of bbp(490). As previously described, the QAA solves for η from a single measure of 

bbp(555). If the QAA were unable to accurately derive η, then there would be no or 

low correlation at other wavelengths. Alvarez et al. (2013) found FlowCAM 

measurements of PSD consistent with traditional microscope-based techniques in the 

Cantabrian Sea, suggesting that the higher than expected variability in ξinsitu was 



	   123	  

potentially associated with sample preservation. No preservative was added to 

samples, and <15% of the samples were run 2-3 days after collection. Although 

stored in a 15°C incubator in the dark, there were likely taxonomic differences 

associated with bottle and storage effects.  

Although the ξ-VGPM performed better than the traditional algorithms and 

ξ-A-ph, with 74% of the variability explained, overall performance was similar to 

other regionally tuned models for the CCS (Kahru et al. 2009, Jacox et al. 2015). 

Jacox et al. (2015), using a 25-year dataset of in situ vertically resolved PP and 

chlorophyll a, observed decoupling of surface chlorophyll a from depth-integrated 

PP, and found estimates of PP were significantly improved when the depth 

distribution of in situ chlorophyll a and light were included (Jacox et al. 2015). Both 

that study and the results presented here indicate that further refinement of PB
opt in 

the CCS will not improve VGPM estimates, but rather we suggest information on the 

vertical structure of PP and the relationship with surface chlorophyll a will best 

inform future models.  

Due to issues with atmospheric corrections, only three matchups were 

available to evaluate the AVIRIS sensor over Monterey Bay. And due to the 

distribution of these points, with two of them having RRS values close together in 

magnitude, water properties derived using AVIRIS data either were strongly 

positively or negatively correlated to in situ data. Despite the fact that IOPs derived 

from AVIRIS RRS were strongly negatively correlated with in situ a(490), bbp(490), 

and aph(440), it was able to predict ξinsitu such that production could be calculated 
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with accuracy when only ξAVIRIS-V5 was substituted. More data are needed to address 

whether AVIRIS can predict PFTs and PP in Monterey Bay.  

 

4.2 IOP Inversions 

Because accurate estimates of PP are to a first order dependent on IOP 

retrieval, we evaluated sources of error for the QAA inversion procedure. The QAA-

V5 and QAA-Calfit performed similarly for estimating a(490) and bbp(490) with 

both regressions having a single outlier (for both QAA-V5 and QAA-Calfit). For 

a(490), the outlier occurred on 30 October 2013 at PRM during a red tide event. 

Chlorophyll a for this station was 79.43µg L-1. To potentially improve estimates 

a(490), we could have used 640 nm as a reference wavelength rather than 555 nm 

when absorption exceed a threshold value. This was shown to yield better estimates 

in water with highly absorbing particles (Lee et al. 2002).   

Consistent with the conclusion of Lee et al. (2010) that the error between 

variables is independent and proportional, the error in a(490) was not propagated to 

the retrieval of bbp(λ) and r2 values between the variables were within 10% of each 

other when compared to in situ data. For bbp(490), the outlier occurred on 5 

December 2013, also at PRM, but when chlorophyll a was moderate, 4.89 µg L-1. 

This cruise, however, followed a pulse of high discharge from the Pajaro River, 

which could potentially have resulted in a deviation from the expected spectral shape 

of bbp.  
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QAA-V5 performed significantly better than the regionally tuned QAA-

Calfit at retrieving aph(440), with an r2 of 0.69 when compared to in situ aph(440). 

The dataset used to calculate QAA-V5 coefficients included samples collected in 

Monterey Bay, so regional tuning is unlikely to significantly increase inversion 

performance. So although absorption is a more precise measure of phytoplankton 

biomass in aquatic environments, using PP algorithms that utilize aph(440) are 

unlikely to improve PP estimates significantly in the CCS.  

	  

5 Conclusions 

As part of the 2013-2014 HyspIRI flight campaign, we evaluated working 

models of PP in Monterey Bay, and found that when we parameterized 

photosynthetic efficiencies as a function of relative cell size, model performance 

increased compared with traditional algorithms, which overestimated PP by a factor 

of two to three. When compared with other regionally tuned algorithms, however, 

the PSD-based approach did not significantly improve model performance. Despite 

the different optimization methods applied, including the ξ-based approach described 

here, consistently about two-thirds of in situ PP variability is explained, indicating 

that further regional tuning of photosynthetic efficiencies will not improve model 

predictability. Thus, we suggest some other variable, such as depth-integrated 

chlorophyll a, is required to significantly improve future PP algorithms.  
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Table Legends 

Table 1. List of variables and notations used.  

Table 2. Comparisons of in situ and remotely derived water properties using r2 and 

slope from Robust regressions, Median Relative Percent Error (MRPE), Median 

Absolute Percent Error (MAPE), and Root Mean Square Deviation (RMSD). 

Remote-sensing reflectance is notated as R.  

Table 3. Robust regression coefficients used to predict photosynthetic variables 

from the power-slope of the particle size distribution for input to primary 

productivity models, VGPM and A-ph.  
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Figure	  Legends	  

Figure	  1.	  VGPM	  and	  A-‐ph	  based	  measurements	  of	  primary	  productivity	  

compared	  to	  traditional	  and	  particle	  size	  distribution	  (ξ)-‐	  based	  algorithms.	  	  

Figure	  2.	  The	  biomass-‐normalized	  optimum	  rate	  of	  photosynthesis	  (PBopt)	  

plotted	  as	  a	  function	  of	  surface	  temperature.	  The	  dotted	  line	  is	  the	  predicted	  

value	  based	  on	  the	  empirically-‐derived	  coefficients	  from	  Behrenfeld	  and	  

Falkowski	  (1997a).	  	  

Figure	  3.	  A-‐ph	  primary	  productivity	  and	  PAM-‐based	  measurements	  of	  quantum	  

yield	  (ϕ)	  compared	  to	  productivity	  using	  14C,	  the	  particle	  size	  distribution	  slope	  

(ξ),	  and	  the	  range	  of	  possible	  ϕ	  values.	  	  

	  

Figure	  1	  
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CONCLUSION 

This dissertation resulted initially in the characterization of microbial and 

phytoplankton abundance at the Santa Cruz Municipal Wharf (SCMW), an 

observational platform located in the upwelling shadow of Monterey Bay. Over the 

7-year period analyzed as part of Chapter 1, phytoplankton bloomed twice annually, 

but unlike the regional pattern (Pennington and Chavez 2000), the later bloom was 

larger in magnitude than the spring bloom. In Monterey Bay during the oceanic 

season, which persists from August through November, the upwelling shadow can 

act as a refuge, maintaining and protecting the phytoplankton from being flushed or 

dispersed (Ryan et al. 2009). Consistent with these observations, we found that two-

thirds of statistically defined “major” phytoplankton blooms occurred during the 

oceanic period when dinoflagellates typically dominated the phytoplankton 

community.  

Results from the partial least-squares regression (PLSR) indicated that 

abundance of all biological groups measured at the SCMW, total phytoplankton 

measured as chlorophyll a (Chla), Synechoccocus spp. (SYN), picoeukaryotes 

(PICO), and heterotrophic bacteria (HBAC), were positively related to warm surface 

temperatures and depleted nutrients. Results of the bloom analysis revealed that, 

except for PICO, which had no seasonal abundance pattern, “major” blooms of all 

biological groups primarily occurred during the oceanic season, when these 

conditions persisted. Some dinoflagellates can migrate to depth to utilize nutrients 

from the nutricline (Hasle 1950, Peacock and Kudela, 2014) giving this group a 
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competitive advantage under stratified conditions, and potentially decoupling 

phytoplankton biomass from surface nutrient concentrations. 

Although results presented in Chapter 1 are from a local observation platform 

located in an upwelling shadow, the relationships between chlorophyll a and 

temperature (positive) and upwelling (negative) are consistent with other studies in 

the California Current System (CCS). Kim et al. (2009), using a 20-year dataset 

collected from the Scripps Pier in southern California, found that chlorophyll a 

increased over time, and this increase was not related to changes in local sea surface 

temperature (SST), local winds, or upwelling index. Kahru et al. (2009) observed an 

increasing trend in chlorophyll a in the CCS, and also found this increase was 

associated with warmer temperatures and decreased upwelling. This emphasizes the 

importance of combining monitoring networks and remote sensing to get a more 

complete picture of coastal phytoplankton ecology. 

The relatively short time scale of Chapter 1 leads to further questions about the 

potential effects on Monterey Bay biota of environmental factors operating over decadal 

scales. Basin-scale variability (the El Niño/ Southern Oscillation (ENSO), Pacific Decadal 

Oscillation (PDO), and North Pacific Gyre Oscillation (NPGO)) has been shown to impact 

local patterns of phytoplankton abundance and composition in the CCS. ENSO was shown to 

have significant effects on the chemical, physical, and biological structure of Monterey Bay, 

and to directly impact rates of phytoplankton primary production (Chavez 1996). Cloern et 

al. (2007) in San Francisco Bay, found the PDO directly controlled phytoplankton 

community composition. The relatively short period over which our samples were collected 
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was potentially insufficient to adequately evaluate the impact of basin scale variability at the 

SCMW.  

 Chapter 2 used hyperspectral ocean color and SST collected from a low-flying in the 

northern CCS. Surveys were flown three times annually from 2011-2012 along east-west 

transects spanning the northern California, Oregon and southern Washington coasts, 

including the Columbia River plume. The goals of this chapter were twofold: 1) to classify 

regions of similar water properties to carry out seabird community association analysis with 

environmental habitat descriptors and inform marine spatial planning (e.g., effective siting of 

alternative energy infrastructure; Adams et al. 2014), and 2) determine what, in any, extra 

information is imparted to the classification analysis when using the entire spectral shape. To 

accomplish these goals, we first evaluated the HOBI Labs HydroRad3 (HR3) hyperspectral 

radiometer as a tool to measure ocean color in the coastal zone by comparing chlorophyll a 

concentrations derived using the HR3 to Moderate Resolution Imaging Spectrometer 

(MODIS) data. Of the 46 survey days, none had satellite-derived ocean color data in more 

than 50% of the image. So, to achieve acceptable spatial and temporal matchup for 

comparison, we used subsets of the HR3 and MODIS images. Using a modified atmospheric 

correction that has been found to work well over Monterey Bay (Ryan et al. 2014), we found 

MODIS and HR3-derived chlorophyll a to be in good agreement, validating the use of the 

HR3 as a tool to measure ocean color in the coastal ocean.   

To classify water masses, we applied k-means clustering analysis two ways. First, we 

used SST and ocean color data to derive ecologically meaningful variables (Chla, colored 

dissolved organic matter (CDOM), particle load). Alternatively, we used functional data 
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analysis to derive shape coefficients that, with SST, were used as k-means inputs. Using 

discriminant function analysis (DFA) to evaluate k-means results, we found using 

ecologically meaningful variables that used only five wavelengths of ocean color produced 

the most distinct, or “best”, water masses. This chapter highlights the capabilities of low-

flying aircraft for collecting synoptic environmental data while surveying distribution and 

abundance of marine animals—this combination will assist marine spatial planning and 

enable better management of our coastal resources. Data for this chapter were collected when 

remote sensing data would have otherwise been unavailable due to cloud cover.    

The primary goal of Chapter 3 was to improve working models of primary 

productivity (PP). To do this, we parameterized assimilation efficiencies as a 

function as algal particle size distribution (PSD), which can be derived using remote-

sensing reflectance, RRS. We found negative relationships between the biomass-

normalized maximum rate of photosynthesis (PB
max) and the quantum yield (ϕ), and 

the PSD power-law slope (ξ), indicating that cell size and photosynthetic rates are 

positively related in Monterey Bay, CA. Using robust regressions (RR) to calculate 

coefficients, we parameterized PB
max, and ϕ from ξ, and found that traditional PP 

algorithms overestimated in situ and ξ –based values by a factor of two to three.  

Recent attempts to improve PP model estimates in the CCS have been made 

(Kahru et al. 2009, Jacox et al. 2015), and despite the different optimization methods 

applied, including the PSD-based approach described in Chapter 3, about two-thirds 

of in situ PP variability is consistently explained using the best PP model. Previous 

studies found that model performance dramatically improved when in situ vertically 
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resolved chlorophyll a was included, suggesting that further regional tuning of 

photosynthetic efficiencies will not improve model predictability, and one or more 

other parameters, such as depth-resolved PP, is needed to improve future algorithms. 

In summary, this dissertation emphasizes the need to use an integrated approach to 

study coastal phytoplankton ecology. Remotely derived data need to be 

supplemented with in situ measurements collected on above- and subsurface 

platforms over multiple time-scales to address the range of scientific questions 

presented in the nearshore environment.  
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