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Purpose

Abstract

- &
‘ Global estimation of pigments from earth observation
will improve our understanding of ocean ecosystem

Random-forests can predict several accessory

El?mentls I_rom qﬁl’gshﬁectrar: e”a th ?bse(;vatlon data, In-situ Ocean Random Global by indicating phytoplankton types and how their
d.L]if corrf ?. |onbw!( (;rr]op ylh conrotnds Pigment Colour Forest estimates distributions changes with the climate.
ifferentiation between them.
Accessory pigments HPLC dataset Training / Validation split
Phytoplankton adapted to underwater light conditions High Performance Liquid Chromatography. Every fifth year was held back for final validation.
using accessory pigments. These pigments indicate HPLC, measurements of pigment 2002, 2007, 2012, and 2017,
the type of phytoplankton present. We aim to predict concentrations from across the globe captured
eight accessory pigments: 1997-2021 [3]
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Fig 1. Left) Absorption spectrum of pigments extracted from Fig 3. Right) Cross-correlation of features and pigments. Right) Auto- Fig 3. Location of training and validation data. Blue shows training data,
phytoplankton [1]. Blue bars illustrate the MERIS bands that OC-CCI uses as correlation of HPLC pigment measurements. whilst red shows validation data.
its reference [2]. Right) Histogram of in-situ pigment concentrations.
« Class bias Chlorophyll and Fucoxanthin * Correlation Chlorophyll and Fucoxanthin « Spatial bias towards the Atlantics
Preprocessing Parameter tuning Results: Cross-Validation
In-situ HPLC measurements matched with: 20-Fold Shuffle-Split and Leave-One-Year-Out Best model parameters:
| cross-validation used tc? tune. preprocessing Input features Depth of HPLC Depth aggregation
- Remote sensing reflectance, RRS, e_md parameters by exhaustive grid search. RRS 0 — 20m mean
Chlorophyll-a, from Ocean Colour Climate -
Change Initiative (OC-CCI) reflectance data [4] Maximum depth of HPLC to consider: Cross-Validation strategy
. Bathymetric Depth, from GEBCO [5] 0, 5, 10, 15, 20m Leave-One-Year-Out  20-Fold Shuffle-Split
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- . Fig 6. Cross-validation results. Coefficient of determination, R2, as a
OC-CCl Chlorophyll-a function of maximum depth of aggregation below which data was discarded.
Fig 4. Sankey diagram of preprocessing data flow. Flows show in-situ « Bathymetry + RRS Line shows the central tendency, with the confidence interval at 95% shown
HPLC dataset parred down into a match-up dataset ready for analysis. as shaded areas. Colour indicates the input variables; blue, reflectance only,
orange, chlorophyll-a only, and green shows reflectance plus bathymetry.
Results: Validation Discussion Conclusion
ot o rs PR p—— . Fucoxanthin predictions correlate more strongly with Machine-learning can provide good predictions of
TChib - TChib measured Chlorophyll-a than measured Chlorophyll-a and some secondary pigments from
5 Allorer B R Allo Fucoxanthin. This suggests prediction by proxy not earth observation data, but careful cross-
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Fig 8. Cross-correlation between Fig 8. R2 score of model per
predicted and measured pigment. ] ] L ] o
concentrations. « Correlations confound discrimination. I:> Balance the training data to reduce
11 Model cannot tell the difference between pigments correlations
e lowa o * Random splits over-estimate performance. I:> Spatial cross-validation strategies to better
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Fig 8. Histogram of predicted vs measured pigment concentrations.
Left, chlorophyll-a, right, Zeaxanthin. Dashed line shows 1 to 1 line, solid
line shows type Il regression where N is number of observations, S is the
slope, /, the intercept, O, bias, A, bias-corrected RMSE, RPD, relative
percentage difference.

MERIS overview, https://earth.esa.int/eogateway/instruments/meris/description
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