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• Phytoplankton play a key role in ocean carbon cycle by producing 

~50 Gt C per year through photosynthesis (Primary Production, PP)

• Satellite-based models rely on photosynthesis-irradiance (PI) 

parameters to estimate global PP, including,

o𝛼𝐵: Initial slope of the PI curve

o𝑃𝑚
𝐵: Maximum photosynthetic rate

o𝐸𝑘: Photo-acclimation parameter

that are assigned by region and season.

• Yet, in situ data are sparse — limiting assignment at higher resolution

POLICY RELEVANCE
Improving estimates of phytoplankton-driven carbon fluxes is 

essential for:

• Understanding the ocean’s role in climate regulation

• Reducing uncertainty in carbon budget assessments

• Informing climate policy and Earth system models
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• Machine learning enables creation of global maps of key photosynthetic 

parameters, enhancing both spatial and temporal resolution.

• Results show higher primary production values when using the new PI 

parameter maps, compared to baseline primary productivity product.

• Further model refinement and expanded in situ datasets are needed to 

fully capture local-scale variability and improve model reliability.

GOAL
Enhance primary production estimates by dynamically 

predicting photosynthetic parameters using machine learning 

and satellite observations.

2.2 Modelling steps

•  Climate Change Initiative (CCI)

• Ocean colour CCI (OC-CCI)

•  NASA PAR products 

•  Ocean reanalysis system 5 (ORAS5) 

2.1 Data sources

 In situ PI measurements

(training targets)

 Satellite-based & ocean 

reanalysis inputs

(match-ups to in situ data)
Global database  

(Bouman et al., 

2017, 2018; Kulk 

et al., 2020)
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3.4 New parameter maps yield higher global PP estimates, 

particularly in mid-latitude and subtropical regions

3.1 Random forest models show good predictive 

performance

Figure 3.1 Model performance on 

predicting three target PI parameters. 

Each panel shows predicted versus true 

values with density shading, a 1:1 

reference line (dashed red), and the 

regression fit (solid dark red).
Figure 3.2. Comparison of current and machine learning–derived global maps for key primary 

production parameters. Maps show spatial distributions of (1) log(𝛼𝐵 ​) (top) and (2) log(𝑃𝑚
𝐵) (bottom). 

Figure 3.4. Normalised differences in PP estimated using per province/season (baseline, Kulk et al. 

2020 & ESA SCOPE) and new PI maps. Figures show annual mean differences normalised by 

standard deviation of baseline model with values near 0 indicating high agreement and values >1 

exceeding typical variability.
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Figure 3.3. (A) Global observation density shows more sampling in Arctic and North Atlantic regions. 

(B1-B4) For 𝑃𝑚
𝐵, spatial heterogeneity patterns, resulting model bias, and relationships between 

variability and data availability and performance. (C1-C4) Same analysis for 𝛼𝐵 shows consistent 

patterns where high natural variability and low observation density both independently drive model 

discrepancies.

3.3  Geographic observation inequality and environmental 

heterogeneity determine model performance


	Slide 1

