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Introduction

- Chlorophyll traces marine biomass production and serves as a key indicator of ocean health

- Forecasting chlorophyll accurately enables sustainable fisheries, water quality monitoring and early warning of Harmful Algal Blooms (HABS)
- Traditional forecasting models rely on physics-based dynamics and empirical biogeochemical formulations.

- Recent machine learning (ML) approaches have begun to outperform them in several Earth system domains (Nguyen et al., 2024).
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Figure 1. Observed and forecasted chlorophyll-a concentrations on 16 April 2020, with predictions from 1 to 7 days in advance.
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