Techw

Al for Power Systems

Pascal Van Hentenryck

Director, NSF Al Institute for Advances in Optimization
Director, Tech Al — the Al Hub at Georgia Tech

A. Russell Chandler Ill Chair and Professor

Georgia Institute of Technology

[

-
‘0
r
¢ Al
r

Institute for Advances
in Optimization

January 6, 2025 Pascal Van Hentenryck, Copyright 2021-2025 Al for Energy



Institute for Advances

in Optimization

‘-0
‘F Al

2
=
1%
L=
—
al
O
A
<
O
L
—




intel
beep

BEST
BUY.

P S
|| EMBARK

Google

Use-Inspired Research

Industrial Partners

@PDI

m Shriners
Children's

Southern
=8 Company

PSR

@der

Ever better.

@ Sandia
National
Laboratories

AVKEYSIGHT £ WestRock

KINAXIS®

Research Education and Diversity

Al Institute for Advances
in Optimization

@:’ Al Institute for Advances

in Optimization

Argonne & (8 s

NATIONAL LABORATORY Bonder

o
o W4
(}//
WOMEN INSPIRED in LIFE and LEADERSHP

KIDS -~
ISO rewengland Heest ‘DREW International

. Lawrence
Livermore
National
Laboratory
p
)
» Los Alamos

.= IVADO

= UNIVERSITY OF

WATERLOO

NNNNNNNNNNNNNNNNNN

ICICLE

DEMOCRATIZING Al

Pacific Northwest : '-&_“‘; =

Innovation

pin s

® Georgia

CENTER OF INNOVATION



The BeaUty Of Optlmlzatlon ﬁllnstituteforAdvances

in Optimization
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The ChallengeS of Optlmlzathn ﬁl(l)nljst'gir;tlig;;‘%iﬁdvances

» Optimization may be too slow in some circumstances

Real-Time
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Rea“tleS |n the Fle|dS al(ljn;'imjltzt;:%;Advances

» Optimization over physical infrastructures

» Solving the same core problem repeatedly
— In situations that are relatively stable
— in situations where a lot of historical and forecasted data is available
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Optimization as a Function ﬁ.gﬁm{mvances

Optimization Model
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Parametric Machine Learning (7 st for Acvances

in Optimization

Machine Learning Model
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The Overall ApprOaCh ﬁl (')"ps’ttﬁiii ;‘%:1 Advances

» Considering a multi-parametric optimization
— using a distribution of inputs

» Move the computational burden offline
— through machine learning
» Learning offline
— empirical risk minimization
» Evaluation at inference time / real time
— on a specific input with orders of magnitude improvement in efficiency

M+ (x)



Does it work?



The Challenges for Al in Engineering

Empirical risk minimization under constraints
— physical, engineering, and/or business constraints
Trustworthy Al by design

— not as an after-thought

Reliability

— models to be deployed in critical infrastructures
Performance guarantees

— quality of solutions (e.g., optimality gaps)
Scalability (and energy efficient)

— input size of 1,000,000 and output size of 100,000

ml Institute for Advances
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Al is Ready
for Critical Power Systems Applications




Al is the Key Technology Enabler
for Critical Power Systems Applications
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Energy Systems Operator Pipeline (7 st for acvances

in Optimization

» A sequence of optimization problems to decide
— Commitments: Which generators do we switch on/off?

— Dispatches: How much power each generator produces and
how much reserves it provides?

. Forecast Forecast Real-time
! Offer bids / / (load/wind/solar) /“" update """ f conditions 7‘ """""" :

measu rement

Load &
exchanges

DA-SCUC DA-FRAC LAC RT-SCED MISO power grid
(MILP) (MILP) (MILP) (LP) / OPF simu lation
Renewable
output

commitment commitment commitment dispatch
decisions decisions decisions targets

D Input data [:] Optimization D Exogeneous
factors
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Physics and Engineering ﬁlénpitmtzzmdvances

THE POWER BALANCE

LO

Consumption Generation 1




Economic Dispatch with Reserves (7 st for Acvances

in Optimization

min  ¢(p) + M||¢]|x

p,r,§

st. e p=0L, load = generation
e'r> R,
p+r<p,
0<p=<p,
0<r<r,
f—¢<®p <f+¢,
£ > 0.







Economic Dispatch with Reserves (7 st for Acvances

in Optimization

min  ¢(p) + M||¢]|x

p.r,¢
st. e'p=L,

e'T>R, < enough reserves
p+r<p,

0<p<Dp,

0<r<r,

f— &< Pp <f+¢,

£>0.



Economic Dispatch with Reserves (7 st for Acvances

in Optimization

p+r <p, engineering
0<p<p, constraints




Security-Constrained Economic Dispatch

SCED energy dispatch
2016-08-02 00:00:00

Nuclear
B Thermal 1000 MW
m Hydro

Wind
Solar o 10 MW

SCED reserves
201&-08-02 00:00:00

Muclear
® Thermal 1000 MW
m Hydro

m Wind
Solar o 10 MW

£ Al Institute for Advances
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Real-Time Risk Assessment ﬁl Institute for Advances

in Optimization

Risk simulation engine

Historical data ] ) N conenill ) : Empirical distribution
. Offer Bids RT-SCED RT-SCED RT-SCED
load, wind, solar ‘ 00:00 00:05 |_> - 23.55 Ie ;]Iul fe ;’?Iul I ;’,Tlu‘
) ) - ’ Load |f Wind  ff Solar fjf
— | J L J 1 J
| ; o

L

y

] 1]
Scenario 2 [ ﬂ 11 . 11
: RT-SCED RT-SCED RT-SCED |'I Dispatch / .'I Recerves / {I Ramping /
ML Model Day-ahead Market Commitment { : H : v =3 "% | \ L |

SCUC + FRAC decisions

Y

Y

Forecast ;

[ Risk Quantification ]

- Scenario N
& Scenarios B o - . ~ ‘ ‘
LRTASCED RT-SCED |_) _){ RT-SCED y
00:00 00:05 23:55
. - - ~ Reserve Reserve Supply
adequacy flexibility flexibility

D Input data D ML / Optimization D Decisions D Risk

1 Monte-Carlo simulation (24hr) = 288 LPs = ~15 CPU.min






Probabilistic Forecasti ng ﬁl Institute for Advances

in Optimization

» High-dimensional time series forecasting
— Joint distribution of O(104) variables

2019-09-08 00:00 UTC

. .o . P over-predict (%)
— Uncertainty quantification
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Data-Driven v.s. Weather-Informed

NREL wind Copula Scenarios
2019-05-08 2019-05-09 2019-05-10 2019-
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FO recaStI ng ACCU racy ﬁl Institute for Advances
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Probabilistic Forecasting and Scenario Generation

load wind solar
s-sum ind s-sum ind s-sum ind

model NMAE(%) RMSE NMAE(%) RMSE | NMAE(%) RMSE NMAE(%) RMSE | NMAE(%) RMSE NMAE(%) RMSE
ARIMA 42% 6316.1 5.2% 1302.4 16.6% 4136.8 28.5% 25.4 9.0% 190.3 12.4% 0.7
Dlinear 2.8% 4211.2 4.2% 1003.1 16.7% 4134.2 26.9% 24.6 7.2% 181.0 10.0% 0.7
Nlinear 3.3% 4964.5 3.9% 994.9 16.2% 4030.6 26.0% 23.9 7.4% 182.5 10.2% 0.7
DeepAR 5.1% 7261.4 6.1% 1428.8 16.8% 4357.0 27.2% 25.3 5.2% 168.9 8.2% 0.7
TFT 2.9% 44738 3.7% 954.5 16.7% 4335.3 27.0% 25.7 5.5% 173.3 8.9% 0.7
WI-Dlinear 2.7% 4149.3 3.8% 947.3 9.6% 2615.7 18.5% 18.5 4.8% 130.2 7.3% 0.6
WI-Nlinear 3.0% 4572.3 3.9% 984.6 0.7% 2633.1 18.4% 18.4 5.0% 134.9 7.5% 0.6
WI-DeepAR 1.6% 2461.2 2.3% 596.4 10.3% 2778.3 18.7% 19.4 4.0% 139.7 6.3% 0.6
WI-TFT 1.1% 1702.6 1.9% 500.4 7.9% 2152.1 16.1% 17.0 3.1% 106.1 5.8% 0.5

Table 3
Deterministic Forecast accuracy on MISO dataset

Hanyu Zhang, Reza Zandehshahvar, Mathieu Tanneau and Pascal Van Henten-
ryck. Weather-Informed Probabilistic Forecasting and Scenario Generation in Power
Systems. Applied Energy (to appear)
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Optimization Proxy (" st o Aance

Optimization Proxy

" Predict: My RepairR

nput —s| - eisielettr Y QN3 LY, output

- | y

feasible

approximation :
i solution




Optimization Proxy

/

I @ opt ML

.Proxy /

e
-1 0 1 2 3 4
| viol |

9 +1.31
0 +0.00
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Repair Step '@
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Input

Training the Optimization Proxy
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Optimization Proxy
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Th e P I’I m al E D P roxy ﬁl Institute for Advances

in Optimization

-----------------------------------------------------------------------------------------------------------

Repair: R
:' N .
: : Power Balance Layer
: | ;"""-"".".""""""-"".".""""."""""""E :
: | - _Ja-pcie w1Tp<1Ta :
E l : ﬁ (I—¢Hp + C¢§ otherwise ~ .
: 5 | BT 1 g :: ........................ :
X —>ioh N — l p —
' N7 I . An—
; : - ]_: o Py + o' (Bg =7y —By) Vge€G' E
E [ | 4 ﬁg”al(ﬁg‘ﬁg”FFQ) Vg € G .
1 I | e E NN N NN NS EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEES :
: | | 1
: I I Reserve Layer '
: R L - W e :
Input layer Hidden layers Sigmoid layer :
(Enforce bounds)

-----------------------------------------------------------------------------------------------------------



D2

Repairing the Power Balance

Pe) -1

£ Al Institute for Advances
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proportional
response

1-9Np+n'p ife'p<D
1-n)p+n0 ife’p>D



Increasi ng the Reserves fﬁ:l (l)npsttlm:;ea for Advances
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ReaI'Tl me RlSk Assessment " Al Institute for Advances

in Optimization

D Input data [:] ML / Optimization D Decisions D Risk
1 Monte-Carlo simulation (24hr) = 288 LPs =






Power plant outage Primary control Secondary control Tertiary control

0.065 Hz

50 Hz

9.935 Hz

5min 15min

1200 MW




Secu rity'CO nstrained OPF /Al Institute for Advances

in Optimization

min ch—i—Mn( Z ||'q;ﬁ|l) (D

B, ke {0UKgUKe
LI P Power Balance in
[ )ee orurcgurce the Contingencies
s.t. 1'g=1"d (2)
f—no < f=K(d—Bg) < f+nq (3)
g<g=<g @)
1'g,=1"d VkeK, (5)
f-m <fi =K(d—Bgy)<ftm,  VkEK, © thermal limits
g. < 9ki = G; VieG,VkeK,,i#k (7)
Ir & i VkeK. (8)
| g%, — 48 Ltk (9)
gi +"NiYi . . tk (10)
wz0¢ CoOntingencies & a
f—me S (12)
N > 0 Eu—— (13)
ni € [0,1] VkeK, (14)

pr: € JONIN VicG,VkEK,, i#k (15)



C ase St u d | eS ﬁl Institute for Advances

in Optimization

A. Velloso, P. Van Hentenryck, and S. E. Johnson. An exact and scalable problem decomposition I nfe rence T| mes | N MmS
for security-constrained optimal power flow. Electric Power Systems Research 195(June):
106677, 2021.

i . 2.5 hours »<10 ms |

13.486
491 7/_gOC J/2U.33 ©6U3J.80 1331095 / 1UYd 10 ToLi_gve | Tiowovr UsrosTou VLU 31.775
6515_rte 4648.31 9560.78 9243047 4 6.65 10 6515_rte | 823.016 6767.474 10.576 51.9370

Over 2.5 hours



Self-Su perVised Primal-Dual Learni ng ml Institute for Advances

in Optimization

lThX?;(Y?J)Q

.1
"+t = argmin 37 fr(vi) +Dg (1) B (v3) + 5

. i
i€(n]

|

Primal Learning
Update Py while freezing D

| Outer iter. k

‘ Update p

Dual Learnmg }

ate D, while freezing P,

s+ arg;nin% S [[Dg(3:) — Dy (x:) + p g (P (x:)) |
i€[n]




The Primal and Dual Networks

A |
P ' ~
Fully Connected Power Balance | ! D Nominal dispatch

Layer Repair Layer

...................... ! §

Primal Net . »
X | BlnaIl:y SE —— Pk Generator contingency
: ayer : dispatch
|
Input Parameter : ¢ |
|
I I
: Estimating | e
: —T—> Slack
! Slacks ! M Stacks
e ______1
Dual Net ] > )\ Lagrange multiplier

(Submitted on 23 Nov 2023 (v1), last revised 27 Apr 2024 (this version, v2)]
Self-Supervised Learning for Large-Scale Preventive Security Constrained DC Optimal Power

Flow

Seonho Park, Pascal Van Hentenryck
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Al is Ready
for Critical Power Systems Applications




Al is the Key Technology Enabler
for Critical Power Systems Applications




The Challenges for Al in Engineering

Empirical risk minimization under constraints
— physical, engineering, and/or business constraints
Trustworthy Al by design

— not as an after-thought

Reliability

— models to be deployed in critical infrastructures
Performance guarantees

— quality of solutions (e.g., optimality gaps)
Scalability (and energy efficient)

— input size of 1,000,000 and output size of 100,000
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