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why phytoplankton?  fun fact #1

QUESTIONNAIRE



(1)  Do you like to breathe?



(2)  Do you like to eat?

Despite comprising < 1% of plant/algal biomass on Earth …



phytoplankton produce 50-70% of the oxygen we breath



phytoplankton represent the first link in the marine food web & play key role in 
the ecology of the ecosystem


jeremy.werdell@nasa.gov 
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why phytoplankton?  fun fact #2

phytoplankton fix* 100M tons of carbon / day 
= 40B tons carbon / year (~40 Pg C each year)

> 99% of organic carbon resides in marine sediments

Sallie	  W.	  Chisholm,	  Nature	  407,	  685-‐687	  (2000)	  

* fixing carbon is the 
process of converting 
CO2 to organic matter
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Pre-Aerosols, Clouds, and ocean Ecosystems (PACE) mission
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NASA is invested in seeing phytoplankton community 
composition studied from space (satellites & 10+ years of 
OB&B investment into research & algorithm development)


summary & progress


the GSFC Ocean Biology Processing Group (OBPG) has 
begun preparing to support this:



- SeaBASS (data archive) support for in situ measurements

- algorithm implementation into l2gen/SeaDAS

- match-up system support for algorithm validation


much work remains to be done & challenges abound
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www.archives.gov 
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terminology 

PSC – particle size class 
 
micro:   > 20 µm      
nano:   2 to 20 µm      
pico:   < 2 µm 
 
  

jeremy.werdell@nasa.gov 

can describe either 
phytoplankton or particles 

PFT – phytoplankton functional type 
 
“function” can mean many things (see Lecture 4 from week 1) 
 
often class/genus-ish levels – diatom vs. dinoflagellate vs. cyano, etc. 
sometimes functions like “nitrogen fixers” or “calcifiers” 
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perspective 

the faithful & the skeptical surround us 
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this is pushing the limits of existing satellite instruments 

many methods have been proposed, most fall into 2 classes 

like it or not, this is our future – already big in our community  

spatially, temporally diverse validation data are, um, … 
 

HUGE science driver for PACE (Pre-Aerosols, Clouds, and ocean Ecosystems) 
 

this presentation will walk through methods & issues 
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(1)  the (increased) degrees of separation between 
the satellite & in situ measurements


(2)  the (increased) number of satellite methods to 
model phytoplankton community composition


(3)  the (increased) number of in situ methods to 
infer phytoplankton community composition


 


why will it be more challenging to measure & validate PFTs 
than other ocean color products?
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satellite measured  
Rrs(λ) 

degrees of separation in data products


in situ measured  
Rrs(λ) 

satellite measured  
Rrs(λ) 

in situ measured  
Chl, IOPs 

satellite modeled  
Chl, IOPs 

satellite modeled 
Chl, IOPs 

in situ measured  
Chl, IOPs 

satellite modeled  
PFTs/PSCs 

satellite measured  
Rrs(λ) 

in situ inferred 
PFTs/PSCs 

measured	  
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outline 

diverse bio-optical methods to estimate PSCs/PFTs exist 
 
their sensitivities remain unexplored 
 
most folks use proxy data sets for their validation 

jeremy.werdell@nasa.gov 
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measuring PSCs & PFTs in the field


microscopy

genetic/molecular methods

flow cytometry

coulter counters

video imaging

continuous plankton recorder

spectroscopy

optics (bb, c spectral slopes)

HPLC pigment analyses

etc.




microscopy	  

most ocean color PFT/
PSC algorithms tuned 
& validated using this 
proxy method
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phytoplankton accessory pigments 
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DPA = Diagnostic 
Pigment Analysis 
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phytoplankton accessory pigments 
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adjusted chl-to-accessory 
pigment ratios – link to 
fractional chl for each PSC 
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outline 

diverse bio-optical methods to estimate PSCs/PFTs exist 
 
their sensitivities remain unexplored 
 
most folks use proxy data sets for their validation 

jeremy.werdell@nasa.gov 
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methods 

two flavors of algorithms: 
 

abundance 
•  exploit observed relationships between the trophic status of the 

environment & the type of phytoplankton expected to be present 
•  assign empirically-derived thresholds on [chl], bb(λ), aph(λ), etc. 

jeremy.werdell@nasa.gov 

spectral 
•  exploit variations realized in the spectral shape of Rrs(λ) with 

varying community structure 
•  use unique optical signatures of specific PFTs or PSCs to 

distinguish between groups 

varied inputs to the algorithms: 
 

•  Rrs(λ), Chl, bbp(λ), a(λ), aph(λ), combinations of these 
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[accessory pigments] PSC (size classes: 
pico,nano,micro)

PFT (taxonomic 
community)
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satellite-
derived [chl]

Uitz (2006)
Hirata (2011)

bb(λ) 
Kostadinov (2010)

bb(λ) + a(λ) 
Aiken (2007)

a(λ) 
Ciotti (2006)
Devred (2006)
Hirata (2008)

satellite-
derived IOPs

satellite-measured 
radiances

Subramanium (2002)
Sathyendranath (2004)
Alvain (2005, 2008)

Brown (1994)Pan (2010)
Roesler (2004)
Westberry (2005)

satellite-measured 
radiances & -derived IOPS

Mouw (2010)

17 



abundance methods 
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assume that a given phytoplankton biomass, defined by 
either Chl or IOPs – in particular, aph(λ) – covaries with 
the dominance of or fraction of a particular PFT or PSC 

18 



outline 

jeremy.werdell@nasa.gov 

[accessory pigments] PSC (size classes: 
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Roesler (2004)
Westberry (2005)

satellite-measured 
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Mouw (2010)
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abundance – Chl as input  

provide estimate of %Chl for each PFT/PSC in a pixel 
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abundance – Chl as input  
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abundance – Chl as input  
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abundance – Chl as input  
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abundance – Chl as input  

provide estimate of relative presence (%) of 3 PSCs 
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abundance – Chl as input  

use range of Chl & estimate of mixed layer depth (MLD) 
to assign each pixel to 1 of 14 trophic categories 
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abundance – Chl as input  

empirically parameterized vertical profiles of PSCs for 9 
stratified & 5 mixed water categories 
used to infer column-integrated phytoplankton biomass, 
its vertical distribution, & community size composition 

stratified water mixed water 
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abundance – Chl as input  

estimates of marine productivity 
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abundance – IOPs as input  

assign a dominant PSC to each satellite pixel 
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abundance – IOPs as input  

premise – slope of aph(443) to aph(510) & 
magnitude of aph(443) vary with PSC 

jeremy.werdell@nasa.gov 
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abundance – IOPs as input  

micro when  
aph(443) > 0.069 m-1 

 
pico when 
aph(443) < 0.023 m-1 

 
nano otherwise  

jeremy.werdell@nasa.gov 
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spectral methods 

exploit variations realized in the spectral shape of Rrs(λ) or 
IOPs with varying phytoplankton community structure 
 
unlike abundance approaches, these can detect different 
PFTs/PSCs with common total biomass, provided the 
groups have contrasting optical signatures 
 
but, often confounded by variations of spectral 
characteristics of the same PFT/PSC due to growth 
conditions, nutrient availability, & ambient light regimes 
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spectral – Rrs(λ) as input  

provide estimate of phytoplankton accessory pigment 
concentration (mg m-3) for each satellite pixel 

jeremy.werdell@nasa.gov 
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spectral – Rrs(λ) as input  
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spectral – Rrs(λ) as input  
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spectral – Rrs(λ) as input  

provide estimate of dominant PFT for each pixel 

jeremy.werdell@nasa.gov 
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spectral – Rrs(λ) as input  

average satellite nLw(λ) for a range of Chl 
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spectral – Rrs(λ) as input  

nLw(λ) anomalies for each PFT 
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spectral – aph(λ) as input  

estimate the relative fraction of 2 PSCs for each pixel 
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spectral – aph(λ) as input  

deconvolve aph(λ) from an inversion algorithm into 
contributions by two size classes 
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spectral – ap(λ) as input  

use component Gaussian 
functions to represent 
absorption by individual 
or groups of pigments  
 
correlate with HPLC 
pigment concentrations 
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spectral – bbp(λ) as input  

estimate the relative fraction of 3 PSCs for each pixel 

η from Loisel & Stramski 2000 
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spectral – bbp(λ) as input  
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spectral – bbp(λ) as input  
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spectral – bbp(λ) as input  
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spectral – inversion modeling 

inversion modeling as described in Lectures 19 & 20, except … 

… solve for slope of beam-c 

… solve for multiple aph(λ) 
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spectral – aph(λ) as input  

Roesler et al. 2004 
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outline 

diverse bio-optical methods to estimate PSCs/PFTs exist 
 
their sensitivities remain unexplored 
 
most folks use proxy data sets for their validation 
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algorithm sensitivites 

all PFT algorithms use derived products (e.g., Chl & 
IOPs) or make a priori environmental assumptions 
 
unfortunately, few PFT/PSC modeling papers 
include robust analysis of the sensitivity of the 
model outputs to the model inputs 

jeremy.werdell@nasa.gov 

how sensitive are the abundance methods to 
uncertainties in derived Chl & IOPs? 
 
how sensitive are the spectral methods to 
uncertainties in Rrs(λ) & derived aph(λ)?   
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sensitivity of the operational chl algorithm 
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sensitivity of an inversion model to parameterization 
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Werdell et al. 2013 
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IOCCG PFT working group




http://www.ioccg.org/groups/PFT.html

http://ioccg.org/groups/PFT-TM_2015-217528_01-22-15.pdf
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IOCCG workshop participant feedback

what do you consider to be the 3 biggest problems you’ve faced or think need to 
be overcome with regards to validating remote sensing PFT algorithms?



sample size: 5 (not including myself)





(5) availability of global datasets for algorithm development & satellite validation; 
need to rely on HPLC (thus, DPA & CHEMTAX); limitations of HPLC as a proxy



(2) mismatch between spatial & temporal scales of satellite & in situ measurements



(1) satellite uncertainties & sensitivities to algorithm inputs



(1) satellite limits of PFT detectability



(1) in situ methods & their differences & uncertainties



(1) differences in algorithm outputs (size, taxonomic groups or species, fraction of 
Chl vs fraction of absorption, etc.)



(1) PSC definitions
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outline 

diverse bio-optical methods to estimate PSCs/PFTs exist 
 
their sensitivities remain unexplored 
 
most folks use proxy data sets for their validation 

jeremy.werdell@nasa.gov 
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measuring PSCs & PFTs in the field


microscopy

genetic/molecular methods

flow cytometry

coulter counters

video imaging

continuous plankton recorder

spectroscopy

optics (bb, c spectral slopes)

HPLC pigment analyses

etc.




microscopy	  

most ocean color PFT/
PSC algorithms tuned 
& validated using this 
proxy method
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HPLC measurements as proxy PFT/PSC data 

all authors acknowledged the need for rigorous validation 
via microscopic or flow cytometric enumeration of 
phytoplankton cells 
 
these measurements are scarce, whereas HPLC pigment 
data are now abundant & globally distributed 

jeremy.werdell@nasa.gov 
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NASA HPLC measurements since 2009 
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HPLC measurements as proxy PFT/PSC data 

weaknesses in DPA: 
 
various phytoplankton groups share some taxonomic 
pigments (e.g., fucoxanthin in diatoms, plus 
dinoflagellates & Phaeocystis) 
 
some phytoplankton groups encompass wide size ranges 
(e.g., most diatoms are micro, but some are nano) 
 
requires a priori knowledge of accessory pigment ratios 

jeremy.werdell@nasa.gov 
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validation via visual inspection 

global spatial distributions often inspected to verify expected 
relationships with environmental preferences 
(Prochlorococcus in oligotrophic waters, diatoms in upwelling 
zones & high production environments) 

jeremy.werdell@nasa.gov 
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example validation exercises 
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Kostadinov et al. 2010 
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example validation exercises 
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Brewin et al. 2010 
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example validation exercises 
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discussion 

thoughts? 
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