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ethods Applied in Chesap

Artificial Intelligence

Creating intelligent machines
mimicking human intelligence.

Machine Learning

Algorithms enabling computers to
learn from data.

,// Computational models with

interconnected artificial neurons.

Deep
Learning

Neural networks with multiple
layers for hierarchical
representation learning.
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Regression, Support Vector Machines (SVM), k-Nearest Neighbors (k-NN), Random
/ Forest (RF), Gradient Boosting (XGBoost, LightGBM, CatBoost), etc.

> k-Means Clustering, Hierarchical Clustering, PCA (Principal Component Analysis)

Recurrent Neural Network
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}Applications: Ecosystem VIMS |

Species Distribution Model (Horemans et al., 2024, Ecological modeling) ;V?fe_rtytegeramre (1)
* Predict Species distribution based on environmental variables e sedent of stinty rads
e Using numerical models (biases) Dissolved inorganic nitrogen (DIN)

Total organic nitrogen (TON)

¢ US| ng Obse rvation . (||m|ted) Solar irradiance at the water surface (swrad)
Total water depth
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2. Applications: Ecosystem

* Primary production (Scardi, 1996, Marine Ecology Progress Series)
* Use environmental data to estimate primary production use NN model
. PP = a+b-BZ,l, Ls(t) = Ls(t,p) HEr(t), | =—> NN

Table 1 The data set from Harding et al. (1986) includes primary production (PP), surface irradiance (f;), mean chlorophyll con-
centration (B), depth of photic zone (Z,), light extinction coefficient (k) and station depth (H). The binary variable in the last col-
umn (Bay) represents the location of each station [Chesapeake (CB) or Delaware Bay (DB)| and was added in order to improve
the performance of the artificial neural network. In Harding et al. (1986} the same result was achieved by calculating a different

LINEAR MODEL COMPOSITE LINEAR MODEL (2 OUTLIERS) 3-6-1 NEURAL NETWORK 4-6-1 NEURAL NETWORK
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Fig. 1. Companson between different empirical models of phytoplankton production (PP, g C m? d™'). Models are based on surface irradiance (/. E m™* d™'), biomass (B, mg chl
m™), light extinction coefficient (k, m™'), light absorption by chlorophyll [k, = 0.015 m™'(mg chl m~’)”’|. The second and fourth model (b & d) also take into account station loca-
tion (Bay, Chesapeake Bay = 1 and Delaware Bay = 0). The neural network structures are simplified, as bias neurons are not shown. In the error distribution histograms,

Hardlng, et al. 1986 labels indicate the upper limit of each class




;Applications: Storm surg VIVIS | i

Peak storm surge (Lee, et al. 2024, Coastal Engineering)

Using storm surge simulations for 1050 synthetic tropical cyclones (TCs) in
the US North Atlantic region (ADCIRC model)
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https://www.sciencedirect.com/journal/coastal-engineering
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g~-Applications:-Storm-surg VIMS |2

(a) Data (b) Model

NCEP synthetic hurricane tracks —®  Inputs to input layer Vam— | CHREOOE

(a) Galveston, TX 3 (b) New Orleans, LA

A

Surge height (m)
LA o - N WA O

(c) Tampa, FL —_— .?;t;rea: net ensemble (d) Charleston, SC
= Multiple linear regression

Hourly data within 350 km of each site (red dot)

Example data for one of 300 sites (orange dots)

Surge height (m)

(b) Neural network architecture
Input layer
(e) Wilmington, NC (f) New York City, NY

input,

input,

Surge height (m)

input,
output
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 1 2 3 45 6 7 8 9 101112 13 14 15 16 17 18 19 20
Top 20 surge values+6 hours Top 20 surge values+6 hours
Figure 4. (a—f) Six hours before and after the 20 events with the largest surge heights at each sites. Green lines shows the target timeseries and orange colors denote the

ANN models ensemble average (line) and range (shading) of predictions. The black lines show the multiple linear regression ensemble calculated using the same data
hidden layers - 2 or 3; neurons per layer - 50 to 200 input to the ANN models.

>

w

o 15}
(d) Tampa, FL 4 | (e) Miami, FL

Use hourly wind generated by Holland (1980) wind model
and train against ADCARC output for different track

N

o

Test data of storm surge (m)

) -
RMSE =000 A*=097 .| 4 RMSE =0.09 A = 0.92
Corelation = 0.98 il tion = 0.96 | Correlation = 0.92

o

Lockwood et al., JGR, 2022
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 7-day averaged Saltwater intrusion (Gorski, et al. 2024. L&O)
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;‘J-\pplications: Wave VIMS |V

* Predict daily mean/maximum significant wave based on wind (Shen et al. 2024)

’g‘% Data model (day: 50) Data model (day: 150)1
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}Applications: DO VIMS | 255

a) Correlation between predicted and observed anomalies

e Column minimum DO (Rossa and Stock, ECSS 2019) | e = . oo

o [-1,-0.75]

« Model tree (Cunist package for R) R e

(-0.25,0]

-2 . N %oy 02 (0,0.25]
Table 1 (b) Station cluster assignment . . o ’.‘ R~ (0.25,0.5]
Variables used as inputs to the mechanistic dissolved oxygen model. A e W . (05075)

e (0.751]
Abbreviation  Input variable Data source

TN load from Susq. River, total over previous 5 USGS

months MR | ) - ) Bias (mg/L)

Mean wind along NE/SW axis, Feb-Apr NDBC i 0 o SN & & o o [-1.75-1.25)
x a Cluster ] o a

Column-mean temperature anomaly, forecast CBP I o K B, A2 R« ° (-125,-0.75]
month R, ] Gore hypasd 1. o " 5 (~0.75,-0.25)
¢ o it oy . o o N L : SBhage -0.25,0.25)
Mean sea level anomaly, forecast month PSMSL 3 Y Paturent i e L Dy o e ue L s S
" o foemes . - % %2 . (0.25,0.75)
) ) ) » . e Y "o . . S (0.75,1.25]
Vertical density difference anomaly, forecast CBP te . x . (1.25.1.79)

month s S o (1.75,2.25)
Forecast month . ¢
Forecast hour
Profile bottom depth < x RMSE (mglL)
Longitude " : A . [0,05]
: ge"s e s s e . (051]
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. * (1,15
(1.5.2]
(2,2.5)
(2.5,3]
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p2-Applications: DO VIMS |2

. Prediqtion of DO (Xu et. 2020, Water Resource Research

(b)

®mCB2.1

ciis s’ . R * Drive by all external forcing: flow, N,P

WCB3.1 Depth (m) *  dataset testing period
0

orgnal ™\ Grided — I loadings, wind, air temperature, heat flux
<

Data
variable l

- v : Use parameter transformation
Be able to be used for management

Eigenvalues

Model
Training

1 Table 1

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

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(t)), where 7 € [t1 — acc, 2], with acc ranging
from 0 to 120. tI 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)

Neural network

Input layer Hidden layer 1 Hidden layer 2 Output layer

Regular transformation

+++48CB3.3C

N0 AW

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

Depth (m)
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15[ (a)CB3.3C R?=0.87; RMSE=1.64; skil=0.89; ° Observation :
skill-a=0.17 Models' mean
mean % std '
o Winter mode!

Spring obs. o) Spring mode

(b)CB5.2  R?=0.91; RMSE=1.20; skill=0.94: skill-a=0.29

Summer model
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Applications: Phytoplanktor VIMIS ci
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Predict phytoplankton (Xu and Shen, 2021. Ocean Modeling

Observed Chla (ug/l) X Modeled Chla (ug/l)
T

(a)CB2.2 R=0.57; RMSE=7.18; skill=0.53 (b) CB3.2 R=0.79; RMSE=12.16; skill=0.77 L | (c) CB3.3C R=0.84; RMSE=7.53; skill=0.83
R-a=0.36; skill-a=0.31 e R-a=0.62; skill-a=0.59 R-a=0.52; skill-a=0.50

*  Observation
Model ensemble mean
model mean t std

(a) 2014 Spring
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o
o

(d) CB4.2C R=0.82; RMSE=5.09; skill=0.81 (e) CB44 R=0.82; RMSE=4.64; skill=0.80 () 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

»
o

(c) 2015 Spring
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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 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 (e) 2016 Spring

(g) 2017 Spring

2015 2016 2017 2018 2015 2016 2017 2018 2016 2017 2018

(j) 2018 Sprifng
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}Applications: Phytoplankto

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

| Richmond| Chesapeake Bay

TF5-2

TF5 2A 10 Kilometers

TF5.2A, 1= 0.67(0.53) RMSE=3.00(6.79)

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

W@

Appomattox R.

TF5-3 '
er James
Rive
James River
%ﬁ

Input parameters: watershed model
outputs (flow, nutrients, temperature)
Support vector machine LS-SVM
(project to high dimension)
Parameter transformation

Without use temperature as an
independent variable

5.6, r’= 0.51(0.29) RMSE=

S ARR AR AR ¢ o Kok nik

7.92(8.78)

TF5-2A, (%)= 45.41

MMLMMMM

MW\MM gl

(%)- 1.70

(%)= 37.41

¥ A
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il WWWM

WVIMIS | &
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Management scenario:
Reduce nutriment by 50%

(%)= 46.80

TF55, ('I.)- 38.72

MW\MLMJ\N\J

('L)-)!SJ




3. Future Applications: VIMS
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e Using ML to predict future Ecosystem status

COMPOSITE LINEAR MODEL (2 OUTLIERS; 3.6 1 NEURAL NETWORK 46 1 NEURAL NETWORK

l0p

* Applying it for management

Hypoxia volume

-
o

® Observed
Predicted mean
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« Using a data-driven deep learning model to improve wind forecasting accuracy,
and improving wave forecasting (Yevnin & Tiked, 2022, PO)

« Can be used to link observations and numerical model)

Significant wave height FC RMSE - UMag RMSE

Conv(3x3, 128, | /. =) | ConvGRU(3x3, conv(sxa, 128,

dil 8)  x12 128) dil 8)

S %12

Concatenate

i ‘ W —
: Conv(3x3, 64,
dil 4)

Conv(3x3, 64, 3
dil 4) |/
i) g

Conv(3x3, 16, | X Conv(3x3, 16,
dil 2) ’ dil 2)

3

@
Conv(3x3, 8, X Conv(3x3, 2,
dil 1) J dil 1)

T : g

(32,128,c)

o
S
[w] ISy

(32,128,0) ||

Latitude

w w
L 1

Encode environmental; variables _
Construction of hypoxia volume | ' | 2
Longitude

Applications:




3. Future Applications: VIMS |V
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* One of the challenge of application of ML in estuary is high variations

» Physics-Informed Neural Network-based surrogate model for hydrodynamic
simulators governed by Shallow Water Equations.
Donnelly et al. Science of the Total Environment, 2024

ﬁland

Finite Volume Models PINNs Surrogate

Physics Informed Regularisaton

V.u=0=—> Av = A(s — q) > ReLU (9“) —pt+D) — Atz Zs{,> + ReLU (v(‘”) - p® — Atzz sij
i i i i
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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

Fourier Layer

Initial Conditions
Ocean Variables: T, S, Decod
U, V, SSH Patchify Ivle c((; le g
odaule

(8 Layers)‘

MY EEE

SST,U,V
(15 Layers)

Projection

X Weights
I 2

Boundary Conditions
Atmospheric Force, Topology

A

b Downstream Module

P

———— = .|| Downscaling Module Schematic Decoding Module Schematic  Coupling Module Schematic
., Backbone -‘ Projecnon - | 8 & o

- __ c Atmospheric Force Topology ‘
Ocean Variables Feature| Tensor Ocean Variables o T
Input H Output - 2&- Ocnn Biochemistry

Backbone Model Initial Conditions Backbone Model

Surface Ocean Wave

Global

Ci onphng
Feature

Decoding
Model

Merge High Resolution

: E<]
. \ 4
Downstream Lightweight Downstream > () = [ AN,
Input Fine-tuning Model Output Downascaling 1 Ocean Biochemistry
~ Model Variables

ﬁFrozen parameters f;} Lightweight Training
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|[510x 1080 x ]|
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* Machine learning (ML) methods have been utilized in the Bay
for a variety of applications.

* Given the large amounts of observational data and numerous
numerical models available, ML has significant potential for

improving forecasting and management efforts in the Bay.
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