
Methodology

- Forecasting model: Extreme Gradient Boosting (XGBoost) was chosen 

for its robustness to sparse satellite data 

- Predictions generated from past 5-day history of input features

- Recursive forecasting: Model uses previous predictions as inputs for

multiday horizons
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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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Objective
- Produce forecasts of remotely 

sensed  Chlorophyll-a concentration 

up to 7 days into the future

- Exploit model-based ocean and 

weather forecasts 
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Benchmark Bias
(mg m-3)

R2 MAPD 
(%)

RMSE
(mg m-3)

Samples

Naïve 0.02 (-0.06) 0.81 (0.82) 18 (18) 1.09 (1.04) 5,395,014

Seasonal 
naïve

0.01
(-0.08)

0.75 (0.77) 21 (20) 1.25 (1.18) 9,244,171

Moving 
Average

0.02 (-0.06) 0.76 (0.82) 23 (19) 1.23 (1.06) 553,005

Simple 
Exponential 
Smoothing

0.02 (-0.06) 0.82 (0.82) 19 (19) 1.07 (1.06) 553,005

Reanalysis -1.20 (-0.09) 0.00 (0.75) 64 (24) 2.56 (1.25) 10,231,894

Table 2. Summary of benchmark and 

reanalysis performance metrics for the 

validation season (2020). All benchmarks 

consider a horizon of one day into the future. 

Benchmark samples require a history of 1-5 

preceding observations. Numbers in 

parentheses designate forecast model 

performance metrics evaluated on the 

benchmark samples

Horizon (days) Bias (mg m-3) R2 MAPD (%) RMSE (mg m-3)

1 -0.09 0.75 21.0 1.24

2 -0.11 0.71 24.0 1.33

3 -0.14 0.68 26.0 1.40

4 -0.15 0.66 27.0 1.45

5 -0.15 0.64 29.0 1.50

6 -0.15 0.62 30.0 1.53

7 -0.14 0.61 30.0 1.54

Table 1. Summary of forecast model performance metrics for 

the validation season (2020)
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Figure 3.  Time series of observed and forecasted 

chlorophyll-a concentrations at three points (Figure 2) 

in 2020.

Figure 2.  Region 

of Interest, 

selected points 

for time series 

analysis (Figure 

2) and number 

of satellite 

observations for 

the validation 

period (2020)

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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Curious about the 

results? Scan to 

watch the full 

validation period 


