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. . Data model (day: 50) Data model (day: 150)
* AL/ML has been applied in the Chesapeake Bay Y| 15
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* Classify submerged vegetation from aerial imagery
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e Plankton image recognition

* VIMS estuarine and coastal modeling group have focused on
applications of ML for predictions and management for
both hydrodynamics and water quality
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* Forecasting model
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* Saltwater intrusion CNN/Transformer with attention
* Ecosystems and Water quality

model
* Primary production
Observation data * Dissolved oxygen/hypoxia volume ::,;:Z'.?f;z;m [ f::,:‘:'.?{;:;xd} T oo
* Harmful algal bloom
* Phytoplankton model

* Water quality assessment
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* Phytoplankton vs nutrient reduction
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* Observations
e CBP Long-term water quality observations (more than 40 years)
* NOAA long-term monitoring tide, wind, temperature), and buoy data
* NOAA shallow water monitoring data (tide, salinity, Chl a, temperature etc.)

* Numerical model results

* Reliable numerical models have been aviation in the Bay and generated long-term
model results (ROMs, SCHISM, SWWN, FVCOM etc.)

e Satellite data

* These data can be used for training ML

* Provide fast and effective predictions

e Use limited forcing data for for casting to the future and reconstruction of historical
evolution

* Provide uncertainty anabasis
* Provide alternative tools for management
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* ML simulation of hourly tide in high resolution (Wang, Zhang, et al.)

* Use hourly 3D mOdeI SCHISM elev (m): 2020-02-01 01:00:00400:00 ML elev (m): 2020-02-01 01:00:00400:00
Simu IatiOnS (20'year) ""kf B ke = RMSD(SCHISM,ML) = 2.19 ¢cm
of tide to train ML Bias(SCHISM,ML) = -0.47 cm
mOdEI - ) ¢4 060 -4 L2
ML forced by
selected tide, salt,
wind at boundary
The ML model can
simulate hourly
effectively with high
model skill.

SCHISM
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* Use numerical wave model data to train ML model, and verified the model using NOAA observations

 Predict daily mean/maximum significant wave based on daily wind data at 9 stations.

LSTM model Data model (day: 50) Data model (day: 150)
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Verification NOAA data
Test . | Stingray Pt. , RMSE= 0.11(m), Skill= 0.89, NRMSE=033 (Shen et al. 2024)
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ﬁllmty Intrusion in Chesap

Simulate saltwater intrusion trained using 3D model

simulation (CNN + ensemble)

Forward forecast using preceding 90-day flow data

Reconstruction history saltwater intrusion

Conduct management scenarios

Verified using Delaware Bay data
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Forward prediction (7 to 14 days)

Forwar 7-day prediction: Past 90-day flow CC=0.87, RMSE=4.92(km) Max 95%=0.95(km)
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Analysis of historical vairones

Anual mean SWI length
T
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Seasonal mean SWI: Spring

T T
—e— Original Data
— — Trend Line: y = -0.01 x + 308.23

L
1980 2000
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—*— Original Data
= = Trend Lineiy =0.01x + 263.99

—e— Original Data
— = Trend Line: y = -0.00 x + 288.37
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Year

Seasonal mean SWI: Fall

—e— Original Data
Trend Line: y = -0.02 x + 324.93
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Flow reduction scenarios

Compare Baseline and Reduce flow by 30%

—— Baselne —— Sen.RunB|
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Shen et al., 2026
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Use EOF to separate spatial and temporal variation.

. Prediqtion of DO

(b)

mCB22
WCB3.1

mCB2.1

Depth (m)
0

Testing .o ‘ Prediction for \
dataset ‘ testing period | |

Original Gridded _—t

target | pata Emn=C,(9+ ﬁm xTi(0)

Temporal vector

Model
Training
i

variable l i
mE — g

C: predicted fmrg
C,; long-term mean value furgl
x

Spatial vector preserved vertical structure

Drive by all external forcing: flow, N loading, wind,
temperature (similar to numerical model)

Use parameter transformation

Be able to use for management

Table 1
A List of the Transformation Options in the Data-Driven Model

Neural network

Input layer Hidden layer 1 Hidden layer 2 Output layer

///

;'J;f\\

Activation function (f): tansig

Transformation Subtypes Formula

Time-lag transformation 1-7 ¢(t) = x(t-lag), with lag ranging within 0, 10, ... 60 days
Accumulative transformation 1-13 ¢(t) = mean(x(1)), where 7 € [t1 — acc, 2], with acc ranging
from 0 to 120. t1 and ¢2 are the beginning and end of each month;
tl=t—15and t2=t+15
¢=x
$ = log(x)
$=1/x
¢ = exp((x-mean(x))/std(x))
¢ = x/(p50 + x), also known as Monod-type filter
$ =x/(p75 + x)
¢ = x/(p25 + x)
¢ = (x-mean(x))/std(x)

Regular transformation

OO A W=

Note. x = forcing variable; ¢ = transformed forcing variable; t = time; std(x) = the standard deviation of x; mean(x) = the
mean value of x; P25, P50, P75 = the 25, 50, and 75 percentile of x.

(Xu et. 2020, Water Resource Research)
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ytoplankton Simulation VIMIS | =iy

* Predict phytoplankton gnencrs

(a)CB2.2 R=0.57; RMSE=7.18; skill=0.53 (b) CB3.2 R=0.79; RMSE=12.16; skill=0.77 | | (c) CB3.3C R=0.84; RMSE=7.53; skill=0.83

R-a=0.36; skill-a=0.31 R-a=0.62; skill-a=0.59 R-a=0.52; skill-a=0.50
a skill-a . a skill-a a skill-a (a) 2014 Spring

*  Observation
Model ensemble mean
model mean % std

(c) 2015 Spring
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(d) CB4.2C R=0.82; RMSE=5.09; skill=0.81 (e) CB4.4 R=0.82; RMSE=4.64; skill=0.80 (f)CB5.2 R=0.82; RMSE=4.13; skill=0.81
R-a=0.24; skill-a=0.21 R-a=0.21; skill-a=0.14 R-a=0.25; skill-a=0.18
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(g) CB54 R=0.80; RMSE=3.72; skill=0.72 (h) CB6.1  R=0.70; RMSE=3.26; skill=0.63 (i) CB7.3  R=0.33; RMSE=2.46; skill=0.14
R-a=0.27; skill-a=0.11 R-a=0.51; skill-a=0.40 R-a=0.53; skill-a=0.41
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(g) 2017 Spring

2015 2016 2017 2018 2015 2016 2017 2018 2015 2016 2017 2018
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(i) 2018 Sprifg (i) 2018 Spring
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Latitude (deg) Latitude (deg)

(Xu and Shen, 2021. Ocean Modeling)
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Use daily VIIRS satellite data of Chl-a

DINEOF is used to efficiently estimate the missing records (7-day mean)

CNN to train model using external forcing (Flow, TN, TP loading, temperature, solar
radiation)

Parameter transform were applled to find the best parameters
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;hytoplankton Prediction in

e Can we use ML model for management
* Predicate phytoplankton (Shen et al., 2019, Ecological modeling

Chesapeake Bay

TF5-2A, r’= 0.67(0.53) RMSE=3.00(6.79)

_TF5-3, r*= 0.76(0.67) RMSE=4.35(6.93)

TF5-2 + :, :. T "., (f1 a il Y e | Y X < -
? ———— 5 PR VL 5 PORRLR AV WA Vi WL Management scenario:
{:;:“ Reduce nutriment by 50%

TF5-3

James River

sk

TF5-2A (%)= 45.41

8

8 &

Appomattox R.

Chl a(uglL)
Chia(uglL)
3

go 3

1995 2000

2000 2005 2010
Year

Input parameters: watershed model ~ TNy = %65{"_2‘) bty
outputs (flow, nutrients, temperature) L i 1 S s i
Support vector machine LS-SVM i |
(project to high dimension) AN il
Parameter transformation st spin 70
Without use temperature as an

independent variable

(Shen et al., 2019, Ecological modeling)
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* AI-GOMS model (Xiong et al., 2023, arXiv)

a Backbone Model

Encoder Module (16 Layers)

Fourier Fourier Fourier
Layer Layer | Layer

Initial Conditions Bp— @
Ocean Variables: T, S,
U Ve hol Patchify Fourier Layer

Decoder
Module 3
(8 Layers)

SST,U,V
(15 Layers)

Projection

X Weights

Boundary Conditions
Atmospheric Force, Topology

b Downstream Module

s d

————— Downscaling Module Schematic  Decoding Module Schematic  Coupling Module Schematic

a , Backbone I’rolecnon Wl
Ocean Variables Feature} Tensor Ocean Variables @ m In | @
1 Otnn Blocllcmlstn
W Q¢

Input Output
P P Backbone Model Initial Conditions Backbone Model

Global
Feature

High Resolution

Downstream Lightweight Downstream ,<>L*:‘ N -
Input Fine-tuning Model Output Downscaling F -’ L Ocean Biochemistry
Model Variables

fa g
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}oncl usions VIS |20

e Estuarine and coastal modeling group of VIMS have engaged in ML to
develop prediction models for hydrocyanic and water quality
simulations in the Chesapeake bay

* There are large amounts of observational data and many numerical
models, which can be used for training ML model

* ML has been applied to the Bay for various applications

* ML has the potential to be applied for forecasting and management
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