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Importance of chlorophyll
predictions

e Oxygen depletion:
o Hypoxia due to algae decomposition causes
fish mortality, and ecosystem stress

e Toxin production:
o Common toxin produced are dominic acid and
paralytic shellfish toxins
o Theresults are marine mammal illness,
shellfish harvest collapse, and neurological
illness in cases were toxic shellfish are

consumed
e Economic effects:
o) HABS pUt harmful StreSS on food WebS and T;;;la;;)/l{i?;::fv\/\a/?;fsrmagazine.com/news/smart—water—magazine/harmful—aIgal—blooms—threaten

thus fisheries, beach access and public health



Widely Used Methods for chlorophyll
concentrations measurements

n In-situ chlorophyll measurements

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

Satellite predictions

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

https://www.esa.int/Enabling_Support/Operations/Sentinel_mission_control_taking_shape



Limitations of Current Methods for
chlorophyll measurements

n In-situ chlorophyll measurements

e Require expensive equipment and
extensive installation process
e Not practical for many areas of interest

Satellite predictions

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



Phase 1
Data Collection

GLORIA dataset

l

Obtain hyperspectral remote
sensing reflectance and geo-
located water quality
parameters

Phase 2
Data preparation

9 Simulate Sentinel-2
(1 surface reflectance

|

Normalize and
standardize the datasets

|

Split dataset

Phase 3
Model Training

-) Train using machine learning

Models SVM

XGBoost

Develop and train Multi-
Layer Perceptron (MLP)

Model Evaluation on Test Data

Validate the trained
models on test dataset

N2

Assess model
performance using metrics

Compare the performance
of DNN models against ML
models

Select the best models
based on evaluation metrics

| —%

Model Validation on Sentinel-2A

Apply the best selected
models to Sentinel-2A
f) satellite images for Chl-a
and SDD prediction for
Liangzi lake

l

Validate the predictions
with in-situ measurements

l

Compare the performance
of DNN models against ML
models using metrics

l

Select the best performing
models

—_—

“H 20% testing | | 80% training based DNN Model
2ol
Resampling / Stacking / K0}
Sentinel-2A MSI L2A Products | (7 Clipping »
l L Is the model
Obtain and divide surface optimized?
Eract et 08 banns reflectance of each band by
xiractiir " 10,000 and value of Pi
v)
= > S
Phase 4 Phase 5 Phase 6

Water Quality Prediction

Apply the best performing
models to Sentinel-2A satellite
images for Chl-a, SDD, and
TSS Prediction in various lakes

Water Quality
pred

@

Assess the spatial variations of
water quality parameters in
lakes’ water

Foundational Research:

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

Source: Ali et al., 2023 [4]

e Alietal use Sentinel 2 inputs
and various ML algorithms to
predict chlorophyll in multiple
inland lakes in China

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

e Larger chlorophyll range and
larger RMSE
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“Deep learning for water quality multivariate assessment in
inland water across China”

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



Problem Statement

e Question:

e Can Machine Learning
models combine
environmental observations
to enhance predictions of
chlorophyll over satellite
retrieval alone?




Area of Study

Cal Poly Pier (<120.7425 W, 351675 S) - NOAA station CPXC1

Data Source  |Retrieval Location Frequency of Retrieval Data Role

Environmental |[CPXC1 — Cal Poly Pier

Data Wisnftorie Station 30-minute measurements Input Feature
NOAA Station 46215 —

Swell Data Diablo Canyon Offshore (30-minute aligned observations |[Input Feature
Buoy

. .. |I(1-7 days)— aligned to 30-
Satellite Data Sentinel-3 OLCT Satellite minute timestamps using the fill- | Input Feature

Retrieval .
eieva forward technique

Ground Truth /
30-minute measurements Prediction
Target

Ground Truth  ||Cal Poly Pier Profiler (In
Data Situ Measurement)




Environmental Forcing Features

Cal Poly Pier (<120.7425 W, 351675 S) - NOAA station CPXC1

| Variable H Description H Units ‘
‘Wind Speed HAverage wind speed Hm/s ‘
‘Wind Gust HMaximum wind speed Hm/s ‘
‘Wind Direction HWind direction Hdegrees ‘
‘Air Temperature HAtmospheric temperature 2C ‘
‘Relative Humidity HAtmospheric moisture H% ‘
IAtmospheric Pressure HSurface pressure ”hPa |
‘Solar Radiation HIncoming solar energy HW/m2 ‘
‘Net Atmospheric RadiationHNet radiative exchange HW/m2 ‘
‘Rainfall HPrecipitation accumulation Hmm ‘
‘Dew Point HMoisture condensation temperature|[°C ‘




Swell Forcing Features

NOAA station 46215
‘ Variable “ Description H Units ‘
Mean Wave Period Average interval between successive waves s
Peak (Dominant) Wave Wave period matched to the maximum energy in the wave
Period spectrum
Significant Wave Height ||Average height of the highest one-third of observed waves lm

‘Wave Direction

HThe direction in which the waves are propagating

Hdegrees‘

https://www.ndbc.noaa.gov/station_page.php?station=46025



Sentinel 3 retrievals

Satellite Forcing Features

'Variable

Description Units
Open Ocean Sentinel-3 open ocean chlorophlyll-a estimate (OC4Me
Chlorophyll (Filled  |algorithm). Missing satellite observations are propagated pg/L
Forward) forward.
Open Ocean Source | Timestamp of the original Sentinel-3 open ocean chlorophyll [UTC
Time observation used to populate the filled-forward value. datetime
Time elapsed between the model timestamp and the original
Open Ocean Data Age|open ocean satellite observation. Used to indicate how stale |hr
the filled-forward value is.
Complex Waters Sentinel-3 optically complex waters chlorophyll-a estimate
Chlorophyll (Filled  ||(C2RCC algorithm). Missing observations are filled forward |pg/L
Forward) using the most recent valid retrieval.
Complex Waters Timestamp of the original Sentinel-3 complex waters UTC
R chlorophyll observation used to populate the filled-forward .
Source Time datetime
value.
Time elapsed between the model timestamp and the original
Complex Waters Data ||complex waters satellite observation. Indicates the hr

Age

confidence in the temporal alignment of the satellite
estimate.

https://www.esa.int/ Applications/Observing _the_Earth/Copernicus/Sentinel-3



Chlorophyll Target Values

Cal Poly Pier (<120.7425 W, 351675 S) - NOAA station CPXC1

Variable Description Units

Chlorophyll-a|Biomass proxy for phytoplankton abundance||ug/L




Datasets

I Training Rows (80%) [ Testing Rows (20%) — — data1]
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Datasets

Selected Input Feature Availability Timeline ERERICECEA)

Available
Satellite - Sentinel-3 Complex Waters Age hr

Satellite - Sentinel-3 Complex Waters Chl FilledForward
Satellite - Sentinel-3 Open Ocean Age hr

Satellite - Sentinel-3 Open Ocean Chl FilledForward

Swell - sea surface wave from direction
Swell - sea surface wave significant height
Swell - sea surface wave period at variance spectral density maximum ‘ ‘
Swell - sea surface wave mean period 1 1
\ NI H

H\ BT

Environmental - sea water practical salinity .

Swell - sea water temperature H ‘ ‘ ‘ ‘”‘

Environmental - DewPoint

Selected Input Feature

Environmental - Rainfall
Environmental - SolarRadiation
Environmental - AtmosphericPressure
Environmental - RelativeHumidity
Environmental - AirTemperature
Environmental - WindDirection
Environmental - WindGust

Environmental - WindSpeed

— Missing
Jan 2020 Jul 2020 Jan 2021 Jul 2021 Jan 2022 Jul 2022 Jan 2023 Jul 2023 Jan 2024 Jul 2024 Jan 2025
Date



Analysis of Current Satellite
Predictions

Location of predictions and ground truth measurements: Cal Poly Pier (-<120.7425 W, 351675 S)

100 Matched-Time Satellite vs Ground Truth Chlorophyll - Sentinel-3 Complex Waters
T T T T T T T
40 Linear Regression: Ground Truth vs Sentinel-3 Complex Waters Within 1 Hour
x  Data
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Analysis of Current Satellite
Predictions

Location of predictions and ground truth measurements: Cal Poly Pier (-<120.7425 W, 351675 S)

Matched-Time Satellite vs Ground Truth Chlorophyll - Sentinel-3 Open Ocean
100 T T T T T T T T T Linear Regression: Ground Truth vs Sentinel-3 Open Ocean Within 1 Hour
—©— Ground Truth Chiorophyll 30
—&— Sentinel-3 Open Ocean Satelite Chiorophyll
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Time aligned comparison of 300 chlorophyll satellite predictions compared to ground
truth values



Confidential

ML models used

2. XGBoost 3. Feedforward Neural
Network

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

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



XGBoost
Structure
Code

#Training/testing

#predi using the trained model
y_pred = model.predict(X_test)
y_train_pred = model.predict(X_train)

X = model_df[features] #env., swell, and sattelite data
y = model_df[target] #chlorophyll ground truth data

X_train, X_test, y_train, y_test, time_train, time_test = train_test_split(
X,
Y,
model_df[time_col],
test_size=0.2,
random_state=31

#Train model

model = XGBRegressor(
n_estimators=1200, #of trees
max_depth=5, #max depth of branches on the tree
subsample=0.7,#fraction of data rows per tree
colsample_bytree=0.7, #fraction of features per tree
reg_alpha=0.5, #more weight to simpler trees
reg_lambda=2.0, #less weight for large corrections
min_child_weight=4, #min rows to split so we dont split small env. groups
objective="reg:squarederror”, #loss function: L = (y - y_pred)”2
n_jobs=-1, #use all CPU cor
random_state=31

model.fit(X_train, y_train)




XGBoost

Step Value Function Equation

Input layer 19 inputs Environmental + swell + satellite inputs| x = [xq, X5, ..., X10]
1200

Tree ensemble 1200 trees Sequentially improve prediction

F@=) 1T

Single tree depth |max depth=35 |Maximum of 5 decision levels per tree Leaves < 2% = 32
Tree split Binary decision |Split data into environmental regions xj < threshold
Residual update ||Error correction |Next tree predicts remaining error r=y-—9%
Learning rate n = 0.02 Controls contribution of each tree Ve = V-1 + T (x)
Subsample 0.7 Uses 70% of rows per tree Random training subset
Feature sample (0.7 Uses 70% of inputs per tree Random feature subset

Final output

1 prediction

Combined chlorophyll estimate

y=F)




XGBoost

Input feature vector
i Ii:[zlaz%-"vzﬁ
Environmental + swell + satellite features

}

Initial prediction

Often starts from a constant baseline

l ’

Regularization penalty

Training objective | v
LO =Y 0w d) + S0 Lo 4 Boosting iteration ¢ Qf) =1T+ FAT v}
iction error and tree i Build correction tree f(z;) Penalizes too many leaves and large leaf weights

Tree splits using feature thresholds

repeat unil k= K

§i =Y
Next tree is traiﬁed to feducé remaining error New tree édjusts xthe previous prediction K= 12h0; (ot::[ r:umber of trees

'

' '
' '
i Tree node split - = =nextnode split = = =~ Repeat binary splitting !
: zj<s L L copeat whtin treer = =3} until sloppm%co?hdl_m;n is met :
' Feature z; and threshold s are selected A Copti = '
: by the algorithm i
' '
' / \ 1
3 TRUE FALSE .
' '
' '
' '
1 - - o B B B 1
' '
: Left region Right region ,'
: Ru(jys) = {= | =; < s} Ry(j,s) = {z | zj 2 s} !
' '
' '
' '
' '
' '
' '
' '
' ( ) '
'--------~--------‘--——I Terminal leaf values !

' Each leaf outputs a correction weight w; | ESIE oy gy o g gy iy RN 00 S L 08 0 0 :

i The tree prediction is f(z;)

¥ \

'

'

'

'

' l

Compute relmaining pregi)ction error (trredic(l(ig?)update Final XGBoost ensemble prediction
=y -9 —— 9. =9 " + fi(=i) —after K = 1200 treesh i (i)



Chlorophyll

XGBoost Results

XGBoost with Satellite: Actual vs Predicted Over Time

50 T
—— Actual
~—— Predicted
40 A
30
20 |
10 | [ | \' ‘
0 A | |
Q N 92 5.
v 1% % {V
Y » > D



XGBoost Results

Category

Prediction Accuracy

Prediction Accuracy

Model Fit

Bias

Generalization
Generalization

Overfitting

Metric

MAE

RMSE

R2

Bias

Train R?
Test R?

R2 Gap

Value

0.794

1.483

0.853

0.002

0.992

0.853

0.139

Meaning

Average absolute prediction
error

Typical prediction error
(model is slightly
underpredicting)

Percent of chlorophyll
variability explained on test

data

Average overprediction or
underprediction

Model fit on training data
Model fit on unseen test data

Difference between training
and testing performance

22



Feature

XGBoost Results

XGBoost Feature Importance: Environment + Swell + Satellite

Sentinel3_ComplexWaters_Age_hr
Sentinel3_OpenOcean_Chl_FilledForward
Sentinel3_ComplexWaters_Chl_FilledForward
sea_water_practical_salinity

DewPoint

SolarRadiation
Sentinel3_OpenOcean_Age_hr
sea_surface_wave_significant_height SWELL
AtmosphericPressure
sea_water_temperature_SWELL
sea_surface_wave_mean_period_SWELL
RelativeHumidity
sea_surface_wave_period_at_variance_spectral_density_maximum_SWELL
AirTemperature

Rainfall
sea_surface_wave_from_direction_SWELL
WindDirection

WindGust

WindSpeed

0.00 0.05 0.10 0.15 0.20
Feature Importance

0.25
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Feedforward
Neural
Network
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Hidden layer 1 Hidden layer 2 Hidden layer 3

Input layer
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FNN code
structure

# Training/testing split (80:20)
X = model_df[features].values
y = model_df[target].values

X_train, X_test, y_train, y_test, time_train, time_test = train_test_split(

model_df[time_col],
test_size=0.2,
random_state=31

# FNN model architecture

model = Sequential([
Dense(128, activation="relu", input_shape=(X_train_scaled.shape[1],)),
Dropout(0.20),

Dense(64, activatio
Dropout(0.20),

Dense(32, activatio

Dense(1)

1

model. compile(
optimizer=tf.keras.optimizers.Adam(learning_rate=0.001),
loss="mse",
metrics=["mae"

#Early end

early stop = EarlyStopping(
monito
patience=25,
restore_best_weights=True

#Train

history = model.fit(
X_train_scaled,
y_train,

validation_split=
epochs=300,
batch_size=64,
callbacks=[early_stop],
verbose=1

25



FNN Model breakdown

Steps Value Function Equation

Input layer 19 inputs env + swell + satellite inputs X = [Xx1, X2, ..., X19]

Zy = Wlx + bl
Hidden layer 1128 neurons ||First learned feature-combination layer
RelLU: a; = max (0,z;)

SRRNARAAA

1 4rop = M © aywhere m ~ Variable Definition
Dropout 1 0.20 Randomly removes 20% of neurons
Bernoulli(0.8) . . .
e  x: Environmental input variables
° 3 i
7 = Wya, + b, W: Learned feature weights
Hidden layer 2|64 neurons |Combines outputs from layer 1 o b: Neuron offset term
ReLU: a, = max (0,2,) ° z: Weighted input sum
e  a: Activated output term
Dropout 2 0.20 Removes 20% of active neurons Az40p = MO az ° ReL.U: Nonlinear activation function
e  y”: Predicted chlorophyll
% =W +bs e y: Measured chlorophyll
Hidden layer 3|32 neurons ||Final learned feature-combination layer ..
e L: Prediction error (loss)
ReLU: az = max (0, z3) . )
e  «: Learning step size

Output layer |1 neuron Produces chlorophyll prediction y =Wyas; + b,




FNN Model
breakdown

Training setup
Train/Test split: 80% / 20%
Batch size: 64

Validation split: 20% of training set

Fully connected dense structure
Each neuron receives every output from the previous layer
2y =Y wyai + by

e

Learned dense connections
Wi : 128 x 17 = 2176 weights
W) : 64 x 128 = 8192 weights
W; : 32 x 64 = 2048 weights

Wy : 1 x 32 = 32 weights

Total weights before biases: 12,448

Testing phase
Grest = f(Xtest)
Weights are fixed
No backpropagation occurs

Evaluation metrics

Input feature vector
@ = [z1,3,...,2n]”
19 environmental + swell + satellite inputs

|

Input scaling
= Il

StandardScaler normalizes each feature

128 neurons

l

Hidden Layer 1: 128 neurons

a; = ReLU(z) = maz(0, z1)

!

.
updatad weights and bisses

fuly connected
allto-all weights

64 neurons

Dropout 1: 20% removed during training

@ =m0a
my ~ Bernoulli(0.8)

}

Hidden Layer 2: 64 neurons
2z = Waay + by
W, € Ro128
ay = ReLU(z3) = maz(0, z2)

l

oo
oo

fuly conneced
229 alloalveights

‘\32 neurons
Sher m.w\

Dropout 2: 20% removed during training
Gz =my®az
my ~ Bernoulli(0.8)

!

Hidden Layer 3: 32 neurons
23 = Wiag + by
Wy € R
a3 = ReLU(z3) = ma=(0, z3)

}

Output Layer: 1 neuron

g =W,
¥ ‘;‘{1:‘;21, -
Predicted chlorophyll concentration

Adam nph‘mize[
—a-tu
WS S
Learning rate: e = 0.001
Updates weights and biases after each batch

A

gradents

Lolicd ey

Backpropagation
oL 6L

bW By
Gradients propagate baackward through all dense connections

“EEE

error gradient

TRREN RS S8 SRRE AN

Loss function
L=MSE=4 (i — 9
Training minimizes squared prediction error

Early stopping
Maximum epochs: 300
Patience: 25 epochs
Restores best validation weights

monitor vl

fidasion loss



FNN Training

Category Metric Value|Interpretation

Training Actual Epochs 207 Model trained for 207 full passes before

Duration Completed stopping

Training Maximum Epochs ..

Duration Allowed 300 |Training could run up to 300 epochs

: Validation 1 t di ing before 300

Eatly Stoppiiig |Stopped Barly? Yes alidation loss stopped improving before
epochs

Optimization  |Batch Size 64 |64 samples processed before each weight update

Regulafizaiion. |Dropout 20% Randomly rern.ove.s neurons during training to
reduce memorization




FNN Results

FNN Predicted vs Actual Chlorophyll with HAB Regions
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FNN Results

Category Metric Value |[Interpretation

Prediction Error MAE [1.1544 ||Average prediction error = 1.15 png/L chlorophyll

Prediction Error RMSE [1.9504 |Prediction error with larger errors weighted more heavily
Model Fit R? 0.7454 | The model explains 74.54% of chlorophyll variability
Bias Bias —0.1401||Small tendency to underpredict chlorophyll

Training Train

0.8146 |Model fit on training data(80%)
Performance R?

Testing Performance |Test R? [0.7454 |Predictive performance on unseen data (20%)

Overfitting Check  |R? Gap [|0.0692 ||A small train—test gap means there is a strong generalization




Future work

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

e Teston adifferent but similar coastal environment to
what was used for training

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