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Importance of chlorophyll 
predictions 

 

● Oxygen depletion:
○ Hypoxia due to algae decomposition causes 

fish mortality, and ecosystem stress

● Toxin production:
○ Common toxin produced are dominic acid and 

paralytic shellfish toxins
○ The results are marine mammal illness, 

shellfish harvest collapse, and neurological 
illness in cases were toxic shellfish are 
consumed

● Economic effects:
○ HABs put harmful stress on food webs and 

thus fisheries, beach access and public health

https://smartwatermagazine.com/news/smart-water-magazine/harmful-algal-blooms-threaten
-californias-waters
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Widely Used Methods for chlorophyll 
concentrations measurements

Fluorometers are used to directly measure the presence of 
phytoplankton for the given volume of water

In-situ chlorophyll measurements

Satellites measure the amount of sunlight reflected from the 
ocean's surface and apply a ration of blue/ green wavelength 
relations to calculate the chlorophyll concentrations

Satellite predictions

01

02
https://santamariatimes.com/news/local/cal-poly-hosts-annual-open-house-on-its-pier/article_c2edb8f7-9cb1-5911-89ae-4484d9336a67.html

https://www.esa.int/Enabling_Support/Operations/Sentinel_mission_control_taking_shape
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Limitations of Current Methods for 
chlorophyll measurements

● Require expensive equipment and 
extensive installation process 

● Not practical for many areas of interest

In-situ chlorophyll measurements

● Temporal limitations (1-7 day gaps)
● Low accuracy in coastal regions 
● Land pixel interference

Satellite predictions

01

02



Foundational Research:

Source: Ali et al., 2023 [4]

●  Ali et al. use Sentinel 2 inputs 
and various ML algorithms to 
predict chlorophyll in multiple 
inland lakes in China

● Trained ML algorithms solely off 
of Satellite data compared to 
measured values

● Larger chlorophyll range and 
larger RMSE

“Deep learning for water quality multivariate assessment in 
inland water across China” 
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Problem Statement

● Question:
● Can Machine Learning 

models combine 
environmental observations 
to enhance predictions of 
chlorophyll over satellite 
retrieval alone?
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Area of Study
Cal Poly Pier (-120.7425 W, 35.1675 S) - NOAA station CPXC1
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Environmental Forcing Features
Cal Poly Pier (-120.7425 W, 35.1675 S) - NOAA station CPXC1
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Swell Forcing Features
NOAA station 46215

https://www.ndbc.noaa.gov/station_page.php?station=46025
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Satellite Forcing Features
Sentinel 3 retrievals

https://www.esa.int/Applications/Observing_the_Earth/Copernicus/Sentinel-3
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Chlorophyll Target Values
Cal Poly Pier (-120.7425 W, 35.1675 S) - NOAA station CPXC1
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Datasets
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Datasets
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Analysis of Current Satellite 
Predictions

 

Time aligned comparison of 300 chlorophyll satellite predictions compared to ground 
truth values

Location of predictions and ground truth measurements: Cal Poly Pier (-120.7425 W, 35.1675 S)
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Analysis of Current Satellite 
Predictions

 

Time aligned comparison of 300 chlorophyll satellite predictions compared to ground 
truth values

Location of predictions and ground truth measurements: Cal Poly Pier (-120.7425 W, 35.1675 S)



Confidential 

ML models used

● Builds many consecutive 
decision trees

● The following tree predicts the 
residual error from the previous 
tree

● Inputs split by decision 
thresholds at the tree nodes

● Training creates a new tree and 
does not continuously modify the 
current network  

2. XGBoost

● Learns continuous non-linear 
relationships using neurons and 
weights 

● Inputs processed simultaneously
● Learns via back propagation 

prediction error which allows for 
repeated weight updates 

● Training keeps updating the same 
network

3. Feedforward Neural 
Network
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XGBoost 
Structure 
Code 
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XGBoost
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XGBoost
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XGBoost Results
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XGBoost Results
 

Category Metric Value Meaning

Prediction Accuracy MAE 0.794 Average absolute prediction 
error

Prediction Accuracy RMSE 1.483 Typical prediction error 
(model is slightly 
underpredicting) 

Model Fit R² 0.853 Percent of chlorophyll 
variability explained on test 
data

Bias Bias 0.002 Average overprediction or 
underprediction

Generalization Train R² 0.992 Model fit on training data

Generalization Test R² 0.853 Model fit on unseen test data

Overfitting R² Gap 0.139 Difference between training 
and testing performance
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XGBoost Results
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Feedforward 
Neural
Network

https://curiocial.com/convolutional-neural-network-cnn-ai/

19                                        128                                     64                                     32
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FNN code 
structure



FNN Model breakdown

● x: Environmental input variables
● W: Learned feature weights
● b: Neuron offset term
● z: Weighted input sum
● a: Activated output term 
● ReLU: Nonlinear activation function
● y^: Predicted chlorophyll
● y: Measured chlorophyll
● L: Prediction error (loss)
● α: Learning step size

Variable Definition



 

 FNN Model 
breakdown



  

FNN Training



  

FNN Results



FNN Results



Future work

● Implement a year-year test/ training split to understand 
the more real predictive power of the inputs ex. 
(2020-2023 training and 2024 testing)

● Test on a different but similar coastal environment to 
what was used for training

● Retrieve Sentinel-2 satellite images and create 
chlorophyll extractions from scratch instead of 
comparing to Sentinel-3 estimates 
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