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Machine Learning in the Delta:
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Background
» Al Terminologies » Conventional Delta Models vs. ML Models

SCHISM* 3-D Model DSM2* 1-D Model

ML
-@? Yo oE:T] Physically-Based Simplified Physics >
.':l. Structure Bl [{e IR (ST Te | Structured Flexible
Runtime gEVE Seconds

Al: Artificial Intelligence Interpretability] “White Box” "Gre
ML: Machine Learning

ANN: Artificial Neural Network
DL: Deep Learning

GenAl*: Generative Al *SCHISM: Semi-implicit Cross-scale Hydroscience Integrated System Model DSM2: Delta Simulation Model I

*GenAl tools were used to create selected icons and images in this presentation
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Retrospective: Foundational Development (1990s)

> Motivation * MDO: Minimum Delta Outflow module

Alt.1: G-Model
Water Right Standards (Denton, 1993)
Decision 1485 ¥ Delta Outflow/ K o BRI GICRITIEE w

(D1485) Water Quality Alt.2: DSM2 wR, 1994)
Alt.3: ANN

> Pilot Efforts: Feasibility & Viability

Planning

Model

References

(OfsE=1 0]

Training Cycle
Early ANNs Repeat until Convergence
Multi-Layer Perceptron (MLP) Feed Forward

(Input > Activation

\ Function > Output)

Optimization Loss Evaluation
(Update (e.g., Mean Squared
./ Parameters) Error)

/ Backpropagation

(Gradient
Input Layer Output Calculation)
(Features) Layer
(Prediction)

Early Applications
(1990s)

a) Flow ~ Salinity
(Sandhu and Finch,
1995; Chung, 1999)

b) Marginal Export
Cost (Sandhu and
Wilson, 1997)

c) Total
Trihalomethane

(TTHM) (Hutton and
Sandhu, 1995)




Retrospective: Refinement & Implementation (2000s)
» Refinements: Reliability & Stability » Implementation

CalSim
1|
* Varying input combinations? \
 Tide influences3
S D
s

« Different node structures’
« Various train-test splits?
* Input data normalization?

 Perturbed inputs’ ’

« CalSim Il > G-Model - flow ~
salinity (Q~S) relationship

« ANN tested against G-Model*?°
 ANN replaced G-Model

« Python, Awk, C-Shell - Python’

References

1: Pranger, 2000; 2: Seneviratne (2002);
3: Seneviratne and Wu (2007); 4: Wilbur
and Munevar (2021); 5: Mierzwa (2002)
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Retrospective: Expansion & Diversification (2010~)

Methodological Diversified Institutional

Expansion

Shift Applications
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References
1: He et al. (2010); 2: Qi et al. (2023); 3: Qi et al. (2021); 4: Roh et al. (2023); 5: Jayasundara et al. (2020); 6: Chen et al. (2018); o (@)

7: Ahmadi et al. (2025); 8: He et al. (2022); 9: Namadi et al. (2023); 10: Kim et al. (2022); 11: Saha et al. (2024); 12: Olivetti et al. (2021);
13: Avouris et al. (2025); 14: Russo and Athanasopoulos-Zekkos (2024); 15: Swyers et al. (2023); 16: RMA (2021) 17: Wang et al. (2025)
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Retrospective: Milestones & Critical Gaps

> Milestones

ML Emulator of: DWRSIM-MDO*

Timeline:

CalSim II-G-Model*

CalSim II-DSM2* CalSim 3-DSM2*

* MDO: Minimum Delta Outflow

G-Model: Salinity Gradient Model

DSM2: Delta Simulation Model Il

» Gaps

/ Current State
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Disparate Lack of

Datasets Standards I

Fragmented Isolated Case
Development Studies

~
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anterpretability o

aGeneralizability

il

Gaps \ / Future State \

Unified Data
Infrastructure

Operationalization Robust ML
Models

Standardized
ML Protocols

%

Operational
Decisions
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Prospects™: Implementing ML Protocols
> ML Protocols

ML may be a hammer — but not

ofEe oot ELER every problem is like a nail
b g DEFINITION
e SN TR Vell-defined problems drives

meaningful ML

4. MODEL Data is the new oil
DEPLOYMENT PREPARATION

Integrate, monitor, and Collect, clean, transform,
maintain in production. and split data.

Don’t throw raw data into ML

S
it rust Q Don’t use a sledgehammer to crack a nut
3. MODEL

DEVELOPMENT ‘ Licliislell Overfitting is your enemy

Train, tune, evaluate,

and select models.

Generalization is key

> Addresses Gap @) .
- I nte rO pe I'a bi I ity *The views expressed are those of the speaker only




Prospects*:Multi-Modal Data & Emerging Technologies

Multi-Modal Delta Digital Twin Computational Engine Interpretability Decision & Action
Data Fusion (Virtual Replica) (Simulation/Forecasting) (Insights) (Adaptive
Management)
}  Delta-Wide St
Remote Sensing Multi-Task ML = Al Agents
(Automation/
Explainable Optimization)

O AIXAY l

Q@ Human-in-the-
D Generative Al loop Manager
. . | (Synthetic Data) —.
In-Situ Monitoring
Sampling Operational Feedback
- Gap @ Gap @
Gap@) i,
Interpretability

Generalizability

Interoperablllty m Operationalization

*The views expressed are those of the speaker only 910




Machine Learning
in the Delta
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