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Why Phytoplankton Community Composition?

Dierssen et al., 2021



Lecture motivation…
From the NASA PACE website homepage:

…& inspiration
Slide content inspired by and borrowed from Jeremy Werdell (NASA), Julia Uitz (LOV), Dylan Catlett (WHOI), & 
many papers (see tables & references)



Lecture outline & key points

à Previous studies to estimate phytoplankton community 
composition from optics & remote sensing

à Recent work and expansion to include new approaches and data 
types

à Where do we go from here? (hint: you tell me!)





Phytoplankton Community Composition (PCC)  - some definitions

PSC = Phytoplankton Size Classes (note: also Photosynthetic Carotenoids…)
- pico, nano, and micro (what should the size cutoffs be?)

PG = Phytoplankton Groups
- a catch-all terms for species and size classes?

PFT = Phytoplankton Functional Types
- biogeochemical function? 

Beware: The meanings of all of these terms may change based on the user

Bottom line: we want to define the phytoplankton present in the water by some 
metric that differs/moves beyond total biomass (most commonly approximated 
via estimates of chlorophyll a concentration)



And what about units???

Absolute
- Concentrations (cells/L)
- Biovolume (mg/m3)
- Biomass, carbon (mg/m3)
- Chl a (micrograms/L, mg/m3)

Relative
- Fraction (%) of total Chl a
- Fraction (%) of total biovolume
- Fraction of some subset of the total community (e.g., % of all microplankton)
- “Dominant” group (in what units?)

Probability of occurrence (at some threshold?)
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Science is an incremental continuum; we build and grow from 
past efforts. We should think critically about both what has 
been done, and what we are currently doing (and why)



Previously developed algorithms: two main categories 

Abundance-based Spectral-based

Reflectance Reflectance

PCC    PCC    

IOPsChl a



https://ioccg.org/wp-content/uploads/2018/09/ioccg_report_15_2014.pdf



https://ioccg.org/wp-content/uploads/2018/09/ioccg_report_15_2014.pdf





Inputs ≠ Outputs is a fundamental algorithm limitation Mouw et al., 2017



Soppa et al. 2014
Losa et al. 2017 (combined 
abundance and spectral)
Chase et al. 2022 (diatom carbon)

Raitsos et al., 2008

Rêve-Lamarche et al. 2017; Xi et al. 2020
Sathyendranath et al. 2004
Kramer et al. 2018

And regional

• Gap 1: Information Mismatch between Satellite-Derived Phytoplankton 
Composition Products and User Group Target Variables

• Gap 2: Lack of Traceability of Uncertainties in PG Algorithms
• Gap 3: Missing Capabilities of Current Ocean Color Satellite Measurements
• Gap 4: Lack of Regional Capability of PG Algorithms
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How is phytoplankton community composition defined in situ?

- Microscopy
- Pigments
- Flow cytometry 
- Automated imagery
- Merged size spectra
- Genetic information



Diatoms DinoflagellatesChlorophytes, Euglenoids Silicoflagellates
Prymnesiophytes
Cryptophytes

Chlorophylls b & c

Phytoplankton pigments attributed to different groups
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Pigments from discrete water samples

Chlorophyll b Chlorophyll c



Chase et al., 2022, supp. Info.

CHEMTAX method applied using pigments concentrations



The assumption: biomarker pigment concentration 
changes reflect changes in PCC 
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Pigment concentrations

= diatom biomarker (Fuco)

= chlorophyte biomarker (MVChlb)

= dinoflagellate biomarker (Perid)
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Slide credit: D. Catlett
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Pigment concentrations

= diatom biomarker (Fuco)

= chlorophyte biomarker (MVChlb)

= dinoflagellate biomarker (Perid)More light*

Problem 1: Phytoplankton physiological responses to 
environmental changes

*Other stimuli that impact pigment 
expression include nutrient 
availability, temperature, others.
Responses to specific stimuli vary 
across species and groups
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Slide credit: D. Catlett



𝜇g
 L

-1

Pigment concentrations

= diatom biomarker (Fuco)

= chlorophyte biomarker (MVChlb)

= dinoflagellate biomarker (Perid)
Not a diatom*

𝜇g
 L

-1
*Other sources of inter- and intra-
group variability in biomarker 
pigment expression are known

Problem 2: Many biomarker pigments lack specificity to 
a single phytoplankton group

Slide credit: D. Catlett





Imaging FlowCytobot (IFCB)

Plankton imagery used to determine community composition of 
cells ~8-150 μm



2°C 30°C



2°C 30°C

IFCB



April 16, 2022 April 20, 2022



April 16, 2022 April 20, 2022

∼3,000 ROIs/ml ∼500 ROIs/ml



March 25, 2022 March 27, 2022



∼500 ROIs/ml ∼700 ROIs/ml

March 25, 2022 March 27, 2022



Scene 1

Scene 2
a) b) A
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~5 million IFCB images spanning four seasons

North Atlantic 
Ocean
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High spatial resolution measurements of phytoplankton 
taxonomic groups



Variability in diatom carbon across chlorophyll a

Chase et al., 2022



Haëntjens et al., 2022

Merged cytometry-based phytoplankton size distributions



PSDs and optical size proxies

Haëntjens et al., 2022



DNA meta-barcoding
1. Filter seawater 2. Extract DNA 3. PCR-amplify 

barcode genes

ATGC
ATGC
AAAT
GCGC

4. Sequence 5a. Sequence 
Composition

• DNA meta-barcoding “measures” the relative 
sequence abundances of amplicon sequence 
variants (ASVs ≈ species) 
• Compare ASVs to reference seqs with known 

origin to assign taxonomy, get relative 
abundances of species/groups

Reference

ATGC = 

GCGC = 

??

5b. Taxonomy 
Predictions

Slide credit: D. Catlett



Diatom
s

(Phytoplanktonic) 
Dinoflagellates

Pigments

Phytoplankton group comparisons
Concentrations Compositions

*Catlett et al., in review at L&O
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Slide credit: D. Catlett



Shallow neural networks trained using plankton imagery data

ρ = 0.71 ρ = -0.16ρ = -0.42

à Diatom carbon and environmental variables are correlated but with high variability



Merging satellite products from multiple platforms

Chase et al., 2022

Daily MODIS Aqua Chl a Daily MUR SST product Monthly SMAP SSS



Cdiat_Pigments (Eq. 2,5)

Cdiat (Eq. 6)

3-parameter neural network

Previous Chl a-based 
method (Hirata et al., 
2011)

Updated Chl a-based 
method

Neural network-
based method

Comparison of satellite-based estimates of diatom carbon

Diatoms defined by 
pigment proxy

Diatoms defined by 
plankton imagery

Chase et al., 2022



Uncertainty calculations are necessary!

Diatom ID accuracy
Cell biovolume 
estimate

Statistical counting 
error

Chl a uncertainty

Neural network 
uncertainty

Uncdata

At low estimated diatom carbon values, the absolute error dominates 
over the relative error, and thus UncNN= max(1.05 mg m-3, 65%) 

Is it good enough???





à Note that deep learning networks do not necessarily require a separate feature 
extraction step



à 9 of 20 manuscripts related to various types of plankton imaging



Define and train a convolutional neural network (CNN) model

- Define and compile the layers of the CNN model
- Train the model and save the history object



Considerations for model runs in plankton image classification
Preprocessing

- Data augmentation, rotations, replicates

- Preserve the length/width ratio when data are prepared?

- Model tests to evaluate impact of image augmentation

- Background color and normalization to one shade of gray (concerns of varying instruments 

and users)

- Adjust darkness as a form of augmentation

- Position of image within the field of view

Mouw Lab, URI Sosik Lab, WHOI Kudela Lab, UCSC
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Annual mean species richness in 
the contemporary surface ocean

Projected change in species 
richness for 2081-2100 period

Benedetti et al. 2021



Smith and Bernard, 2020



MODIS February 23, 2020
NASA Earth Observatory



How can we navigate the push-pull of untapped potential in PCC 
algorithms, and the inherent challenges?

Different questions will have different data needs. Consider when a 
given data product is applicable, and when it is not. What do you 
want to know, and why? 

àConsider scales of spatial and temporal variability
àRemember that uncertainties “complete the data”



https://eos.org/opinions/overcoming-the-challenges-of-ocean-data-uncertainty



From Orenstein et al., 2022: 

“…we would like to advocate for two goals that we should pursue as a 
community: (1) more open and efficient sharing of trait-annotated 
datasets, and (2) development of educational programs at the interface 
of computer science and ecology.”



Open science
- Guidelines
- Repositories
- Trainings
- Tools

https://simonscmap.com/
https://science.nasa.gov/open-
science/transform-to-open-sciencehttps://zenodo.org/

https://www.go-fair.org/

https://pangeo.io/index.html



à Many have free resources for students/academic users

Cloud Computing Platforms



A few favorite resources for GitHub, python, and machine learning

Git – the simple guide:
https://rogerdudler.github.io/git-guide/

Data Analysis in python for oceanographers:
https://currents.soest.hawaii.edu/ocn_data_analysis/index.html

Recommendation from Patrick:
https://www.pythonlikeyoumeanit.com/

Tools for satellite data analysis designed by Patrick:
https://github.com/patrickcgray/open-geo-tutorial

Set of four videos that explain neural networks and deep/shallow learning:
https://www.youtube.com/watch?v=aircAruvnKk&list=PLZHQObOWTQDNU6R1_67000Dx_ZCJB-3pi

This website lets you play around with number of layers and neurons in a neural network and visualize the effects:
https://playground.tensorflow.org

General resource for clear explanations of math terms and concepts:
https://betterexplained.com/

https://rogerdudler.github.io/git-guide/
https://currents.soest.hawaii.edu/ocn_data_analysis/index.html
https://www.pythonlikeyoumeanit.com/
https://github.com/patrickcgray/open-geo-tutorial
https://www.youtube.com/watch?v=aircAruvnKk&list=PLZHQObOWTQDNU6R1_67000Dx_ZCJB-3pi
https://playground.tensorflow.org/
https://betterexplained.com/


What are the major challenges in PCC algorithm work? 

- Sensitivity of methods to the uncertainties in measured products and/or 
intermediate derived products

- Target variables (PCC groups) are often defined by proxy, ultimately limiting 
algorithm refinement

- Sufficient datasets for model development and testing are not trivial to collect

- Linking what is needed by end users (e.g., climate & ecosystem modelers, water 
quality management & HAB detection)



What are the exciting opportunities in PCC algorithm work? 

- Advancements in data collection technology for assessing in situ PCC 

- Hyperspectral satellite remote sensing & UAV data

- Increased application of machine learning and computing power 
advancements

- Incorporation of additional/ancillary data, both in situ and via combing data 
from multiple satellite platforms

- Improved models and data collection that in turn provide insights into finer 
spatial and temporal scale properties of ocean dynamics



Thank you!



References

Alvain, S., C. Moulin, Y. Dandonneau, and F.M. Bréon. 2005. “Remote Sensing of Phytoplankton Groups in Case 1 Waters from Global SeaWiFS Imagery.” Deep Sea Research Part I: 
Oceanographic Research Papers 52 (11): 1989–2004. hSps://doi.org/10.1016/j.dsr.2005.06.015.

Bracher, A., M. Vountas, T. Dinter, J. P. Burrows, R. RöSgers, and I. Peeken. 2009. “Quan^ta^ve Observa^on of Cyanobacteria and Diatoms from Space Using PhytoDOAS on SCIAMACHY 
Data.” Biogeosciences 6 (5): 751–64. hSps://doi.org/10.5194/bg-6-751-2009 .

Bracher, A., H. Bouman, R. J. Brewin, A. Bricaud, A. M Ciod, Le. Clementson, E. Devred, et al. 2017. “Obtaining Phytoplankton Diversity from Ocean Color: A Scien^fic Roadmap for Future 
Development.” Fron7ers in Marine Science 4 (March): 1–15. hSps://doi.org/10.3389/fmars.2017.00055 .

Brewin, R. J. W., S. Sathyendranath, T.Hirata, S. J. Lavender, R. M. Barciela, and N. J. Hardman-Mounjord. 2010. “A Three-Component Model of Phytoplankton Size Class for the Atlan^c 
Ocean.” Ecological Modelling 221 (11): 1472–83. hSps://doi.org/10.1016/j.ecolmodel.2010.02.014

Cael, B. B., Alison Chase, and Emmanuel Boss. 2020. “Informa^on Content of Absorp^on Spectra and Implica^ons for Ocean Color Inversion.” Applied Op7cs 59 (13): 3971. 
hSps://doi.org/10.1364/ao.389189. 

Chase, A. P., Boss, E. S., Haëntjens, N., Culhane, E., Roesler, C., & Karp- Boss, L. 2022. “Plankton imagery data inform satellite-based es^mates of diatom carbon”. Geophysical Research 
Le@ers, 49, e2022GL098076. hSps://doi.org/10.1029/2022GL098076

Hirata, T., N. J. Hardman-Mounjord, R. J. W. Brewin, J. Aiken, R. Barlow, K. Suzuki, T. Isada, et al. 2011. “Synop^c Rela^onships between Surface Chlorophyll-a and Diagnos^c Pigments 
Specific to Phytoplankton Func^onal Types.” Biogeosciences 8 (2): 311–27. hSps://doi.org/10.5194/bg-8-311-2011.

IOCCG (2014). Phytoplankton Func^onal Types from Space. Sathyendranath, S. (ed.), Reports of the Interna^onal Ocean-Colour Coordina^ng Group, No. 15, IOCCG, Dartmouth, 
Canada. hSps://ioccg.org/wp-content/uploads/2018/09/ioccg_report_15_2014.pdf

Mouw, C. B., N. J. Hardman-Mounjord, S. Alvain, A. Bracher, R. J. W. Brewin, A. Bricaud, A. M. Ciod, et al. 2017. “A Consumer’s Guide to Satellite Remote Sensing of Mul^ple 
Phytoplankton Groups in the Global Ocean.” Fron7ers in Marine Science 4 (February). hSps://doi.org/10.3389/fmars.2017.00041.

Uitz, J., H.Claustre, A. Morel, and S. B. Hooker. 2006. “Ver^cal Distribu^on of Phytoplankton Communi^es in Open Ocean: An Assessment Based on Surface Chlorophyll.” Journal of 
Geophysical Research 111 (C8): C08005. hSps://doi.org/10.1029/2005JC003207 .

Werdell, P. J., C.. S Roesler, and J. I. Goes. 2014. “Discrimina^on of Phytoplankton Func^onal Groups Using an Ocean Reflectance Inversion Model.” Applied Op7cs 53 (22): 4833–49. 
hSp://www.ncbi.nlm.nih.gov/pubmed/25090312.

https://doi.org/10.1016/j.dsr.2005.06.015
https://doi.org/10.5194/bg-6-751-2009
https://doi.org/10.3389/fmars.2017.00055
https://doi.org/10.1016/j.ecolmodel.2010.02.014
https://doi.org/10.1364/ao.389189
https://doi.org/10.1029/2022GL098076
https://doi.org/10.5194/bg-8-311-2011
https://ioccg.org/wp-content/uploads/2018/09/ioccg_report_15_2014.pdf
https://doi.org/10.3389/fmars.2017.00041
https://doi.org/10.1029/2005JC003207
http://www.ncbi.nlm.nih.gov/pubmed/25090312

