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Why Phytoplankton Community Composition?
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Phytoplankton are taxonomically and functionally diverse
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Background & Motivation

Our ocean teems with life, supporting many of Earth’s economies.

PACE will reveal the diversity of organisms fueling marine food webs
and how ecosystems respond to environmental change.

https://pace.gsfc.nasa.gov/



Background & Motivation

- How can we move beyond Chl a-based estimates of phytoplankton communities
from space?

—> Can we estimate PCC at finer spatial scales (pixel level?) with the added information
from PACE (hyperspectral OC and polarization; improved uncertainty calculations)?

- What types/how much data are needed to build robust predictive algorithms?
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Globally Consistent Quantitative
Observations of Planktonic
Ecosystems
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FIGURE 1 | Comparison of the total size range of plankton (in equivalent spherical diameter; ESD) that available optical and imaging methods can sample. Dashed

lines represent the total operational size range from commercial information while the red line represent the practical size range which is efficient to obtain quantitative

information, for an example see Figure 2. Drawings by Justine Courboules. Lom ba rd et al 2019
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Plankton imagery used to determine community composition of cells ~7-150 um
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Multiple approaches used to classify diatom images

1) 2.2 million images manually 2) > 300,000 images of diatoms,
validated over two years labeled with a deep learning
classification network \
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Algorithms based on pigment proxies show higher diatom
carbon estimates relative to IFCB-based estimates
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Shallow neural networks trained using plankton imagery data
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Merging satellite products from
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Plankton imagery data enable improved satellite-based diatom carbon estimates
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Uncertainty calculations
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Analytically, ocean color remote sensing is an inversion problem

absorption, satellite
scattering, .-
radiometry :

at-sea data
collection

at-sea data
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Adapted from M. J. Perry



Phytoplankton pigments drive spectral absorption features
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Phytoplankton pigments estimated from absorption spectra
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Relative pigment values vary spatially, and differently from [Chl a]
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Phytoplankton pigments can help differentiate groups

Pigments from discrete water samples (HPLC
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Hyperspectral R((A\) measured in situ enables method development
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Pigments from hyperspectral R(A) : Chase et al., 2017; Kramer et al., 2022 E4=downwelling irradiance



Near-future hyperspectral satellite measurements
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Ongoing & future research

- Include data from other ocean basins in diatom carbon neural network model
- Define the spatial scale limitations for predictive models of diatom carbon

- Incorporate a size metric for diatoms (e.g., large and small types) into the
algorithm

- Consider how to best define other groups that may not be imaged
comprehensively by the IFCB

- UTOPIA project for plankton image analysis



UTOPIA: User-friendly Tools for Oceanic Plankton Image Analysis

Designed as an evolving community space for IFCB data analysis

resources e
A WA |

Dr. Valentina Staneva

. Open-source code, examples and user guide for deep learning Senior Data Scientist

approaches to classifying plankton and particle images

Future goal: a “live pipeline” that supports the re-training of deep =0
learning networks following the contribution of new IFCB data Hisham Bhatt
CS student, UW

Please visit https://github.com/ifcb-utopia and/or contact alichase@uw.edu to be involved

eScience Institute ffebUTOPIA
User-friendly Tools for Oceanic Plankton Image Analysis (UTOPIA) is for use with data from the Imaging FlowCytobot (IFCB)
ADVANCING DATA-INTENSIVE DISCOVERY IN ALL FIELDS
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Plankton cell iagery or combined methodologies to
define the phytoplankton community greatly enhance
algorithm development

Hyperspectral data is anticipated to further improve
phytoplankton community composition algorithms, but

robust algorithms will still rely on (1)



Thank you!
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