RUTGERS

NEW BRUNSWICK

Al for Energy Innovation:

Insights, Examples, and Projections from
an Energy Research Lab

Ahmed Aziz Ezzat, Ph.D.

Assistant Professor, School of Engineering, Rutgers University
Faculty Affiliate, Rutgers Climate & Energy Institute (RCEI)
Scholarly Affiliate, Rutgers Data Science & Al Collaboratory (RAD)
Lab Director, Renewables & Industrial Analytics (RIA) Research Lab

aziz.ezzat@rutgers.edu

.
e =\ -
N X i Y - a 1 2
) » \ - " 7 - - ! y ’ b y—
- ¥ A | 5 i . ) ¢ % NS -
- = R aAral -
: = e K
Ny T - > =
Hed " = o L -« ‘ s
2 -~ 0 2 - ,
- i ‘e - ¢ o P am GG -
b o -5 ) p 3 3 .
- . - \ N - . o35 -
g . a - 7
54 i S v s — . > 1%
N < £
* Lo » .
7 r ) ~ » <
22 o S
\ \ r - 4
) 3 \.

Es T



mailto:aziz.ezzat@rutgers.edu

Al for Energy Innovation: Insights, Examples, and Projections from a Research Lab R RUTGERS

NEW BRUNSWICK

Energy Operations Under Uncertainty: Role of Al
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A real-world example: Pushing the boundaries of forecasting

From PJM report on Storm Elliot (December 2022): “The load forecast is determined by an algorithm that considers expected
weather conditions, day of the week and holidays.... The extreme weather ... included bitter cold temperatures that were
outside of the data sample used to train the load forecast models...”

Source: Winter Storm Elliott Event Analysis and Recommendation Report July 17, 2023, PJM.
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Why can Al be the answer? It’s not only
about data volume... Al can unlock:

« Multiple data modalities (e.g., image,
text, time series, event data)

« Multiple data sources (e.g., satellites,

numerical products, smart meters,
weather stations, social signals)

f > PRODUCTS > GOOGLE CLOUD

5 ways Al will shape businesses in 2025

Dec 17,2024

Multimodal Al, linhanced enterprise search and more: Be sure to check out all of Google Cloud’s thoughts on how
2 min read

Dusinesses this year.

@ Oliver Parker < Share
Vice President, Global Generative Al Go-To-Market, Google Cloud

Gartner predicts 40% of GenAI solutions will by 2027
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generalization.

« Ability to rapidly adapt to dynamic,
complex, and rare events, based on
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Multimodal

vehicles and large language models will be

Generative Al

Google bids foj multimodal Aljeadership
@ PAUL GILLIN

multi-modal and multi-source data.

Better forecasts = Better operations
(cost, reliability, environmental footprint)

INNOVATION

HowMultimodal Aljs Impacting Healthcare
==
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Example 1: Al-Powered Short-term Weather
Forecasting for Energy System Operation
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Example 1: Al-Powered Short-term Weather Forecasting for Energy System Operation
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Example 2: Al-Powered Short-term Electricity Price and Curtailment Forecasting

f 5% in curtailment

1.0 —
rediction accurac
B Deep Neural Network — 0.902 P y BN Accuracy
161 Forecast error by month I o 0822 0852 mmm F1 Score
L _
] O 0.8 0.758
s 14 O
) . .
S 12 30% in forecast error 10% in average LCTE
M, ~"| during periods of price forecast error acrossthe | ¢, 091
17 volatility (Jan 2024) full year (2024) o
© 8 >
@) O 0.4 -
D 67 ©
o =
o 4 Q
. O 0.2
2 <
Jan Feb Mar Apr May Jun Jul  Aug Sep Oct Nov Dec Full year 0.0 - -
XGBoost Baseline
8 o % [ = Al can predict when and where curtailment will happen
” s':: —— Deep Neural Network 1
A \ -
601 R C
2> 3 )
- p— ]
U E — y_true
. pe—) Ak, - — y_pred
& 40 ¥ la =
SV (©
U ¥ i : -
(D) | -
= Forecasts vs. Actuals S
88 P . - . y : O of L
12-03 12-10 12_17 12-24 12-31 2025—‘0?-25 2025—‘0?-26 2025-b7—27 2025—‘07—28 2025—‘07—29 2025—‘0?-30 2025—‘0?-31 2025-b8—01

Time (days) Time (days)



NEW BRUNSWICK

Al for Energy Innovation: Insights, Examples, and Projections from a Research Lab R RUTGERS

Thoughts and Takeaways:

« Al unlocks the Big Data Era: By integrating diverse data modalities and sources, and by leveraging generative
capabilities, Al allows us to extract more from information, learning what traditional models cannot.

« Al reduces uncertainty in energy operations: Better forecasting of demand, supply, and prices can make
energy systems more efficient, more reliable, and more sustainable.

« Many examples to highlight: Al for predictive maintenance, for load forecasting, and for co-existence of energy
systems with environmental habitats.

 The benefits of Al can potentially outweigh its costs, but efficiency matters: If developed responsibly, Al
can be a net generator of value, delivering system efficiency, reliability, and environmental gain, but we must
invest in Frugal Al — models that achieve high performance without excessive computational or energy costs.

« Collaboration is key: Crowdsourcing Al (data, models, computational resources) to scientists, researchers, and
students, can accelerate innovation and broaden impact of Al.

* Prepare the next generation: Training Al-literate engineers and scientists is essential to fully harness the
opportunities and promise of Al.



