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MISO Today

Transmission 71,800 miles
Generation Capacity 177,760 MW
Peak Summer System 127,125 MW
£ Demand
I, IN .| | Customers Served 42 Million
B MISO North )

[l MISO Central
1 MISO South
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MISO Tomorrow

Historical and projected MISO-wide Generation Mix
(% of Energy)

2005 2019 2030

Announced 2030 Members’ Generation Mix*
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Increasing Prediction Error
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End-to-End Risk Management

High

Uncertainty

: Low

Risk-Aware Market Clearing Project
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Day ahead market
(tomorrow)

Look-ahead commitment
(every 15 min)

Real-time market
(every 5 min)
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RAMC Datasets

3 Time series (CUI)

Load (LBA level) + wind (unit-level)

5min granularity, 04/2017 — 04/2019
Weather data from USAF database (public)

> Optimization instances (CUI)

- Generator data + subset of transmission lines
DA-SCUC: one week of data
LAC: 672 instances

J 96 instances on 01/29/2019

J 572 instances on 09/15 — 09/20/2018

Risk-Aware Market Clearing Project
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RAMC Datasets (RTE)

» Grid -
- Full network topology (AC)
- Additional units to match 2018 system

e * .Ow’,,w
» Time series & Forecasts DY e PR B < ne?
- Regional load/wind/solar every 30min e
- Day-ahead forecasts (hourly) for load/wind/solar . .
- Disaggregated to bus-level components | Q

» Economic data e St e
- Generator offer data matched from PJM bids e el e RS

RAMC

Risk-Aware Market Clearing Project
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MISO Market Clearing Pipeline
E= i [ e 7

Forecast
(load/wind/solar)

[ {J
measulremenl —
( i Load & AMIS0
} ; * ; i exchanges
- ol % MISO power grid . Practi
DA-SCUC D?MTS;\C (m(;) RT- (ﬁgED 1 OPF simulation - oo h/\ganua/
Lt opmn e Reserve Markets WSO
Renewable 4 Attachment B o b =
———| Day-Ahead Energy and e
£ Ope!ating}fizzgz:ﬂzr::; Business Practices Manual
commitment commitment commitment dispatch g . gﬁfﬁ?s L(;gfc Energy and Operating
decisions decisions decisions targets e Reserve Markets
Energy and Operating D
Reserve Markets EMISC Real-Time Energy and
e == Operating Reserve Market
O Sof(ware Formulations and Im)
Business Logic
D Input data D Optimization D Decisions D Exogeneous == “==%=n  Business Practi
factors ——  Energyand Oper
ReserveMarkets\
Business Practices Mand{ Atta_cm"?em c ~ -
Energy and Operating Reliability Assessment
. - = | Reserve Markets Commitment
» RAMC Digital twin T | e
Market Optimization Business Logic
Techniques
) H H .
- MISO'’s technical documentation: >1000 pages
- RAMC codebase (opt. only): >20,000 lines of Julia .
- Deterministic and stochastic formulations o o 4

Risk-Aware Market Clearing Project =
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Forecasting

» Predictive models needed for...
- Load / Wind / Solar predictions
- Point-forecasts & uncertainty quantification

» RAMC leverages
- Asset-bundling tools
- Spatio-temporal models
- Uncertainty quantification and scenario-generation
- Down-sampling with support points

~RAMC
Risk-Aware Market Clearing Project
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Asset Bundling

» Reduce dimensionality
- Fewer dimensions - smaller models, faster training

j;:zé}x / \:\:/ )
Todiy 0 i 7
Wil ik
1 -.:', s -\
» Bundled time series are easiertolearn | =

- Lower variance, lower intermittency
- Positive impact on learning models

Risk-Aware Market Clearing Project

e “Ac Georgia
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Forecasting & Uncertainty quantificati

on
» Spatio-temporal forecasting models

- Dynamlc graph captures interactions between wmdfarms

> Uncertalnty quantlflcatlon + scenario generatlon

Sgatlo temporal dlstrlbutlons Gaussian processes;

Gaussian Copula
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Real I
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Support points

» Scenario reduction with support points

Gt
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Stochastic Formulations

» Two-stage stochastic programming (TSSP) formulations

- 1ststage (x) - 2nd stage (y, per scenario)
e FRAC/LAC: commitment e FRAC/LAC: energy/reserve dispatch
o SCED: energy/reserve dispatch at t=1 o SCED: energy/reserve dispatch at t>1
j Tx + xqT
rgcllyn cC X DsX(qs Vs Total expected cost
, S
¢ A X 2 b, X € X First-stage constraints
S. L.
T X + VVS yS 2 hS VS Second-stage constraints

PR S aAlc Georgia
4+ RAMC £MISO Te2h
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Stochastic FRAC

Distribution of SFRAC optimality gaps at 40min (RTE, 2018)

o
0.6 o
o
o
. 05 F
= o
Qo o
© 0.4 - F
(&) 3 P
=
= 0.3} S
k= °
—
8- 0.2 > o °
’ e
+ % :
0.1 i f
0.0 | 'l ' 1 ? 1 1 s 1 3 s ? 'l
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nowv Dec

1

e “acn Georgia
4 RAMC =miso “°927 W

a—— |

)




Stochastic FRAC

FRAC RDH SFRAC PFRAC

Season

Cost (VPI) Cost (VPI) Cost (VPI) Cost
Spring  332.13 (13.78%) 289.68 (1.11%) 287.21 (0.29%) 286.37

Summer  35.56 (2.19%) 34.80 (0.05%) 34.80 (0.05%) 34.78

Fall 879.22 (17.52%) 729.67 (0.61%) 727.00 (0.25%) 725.16

Winter 692.42 (21.82%) 546.18 (0.90%) 544.40 (0.58%) 541.25

4+ RAMC =MISO Ge‘%;%ﬁ@ W
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Learning Optimization Proxies for Large-scale SCED\ @PES ‘ SIEEE

Loads,
griﬂiﬁﬁgﬁ Optimal
economic bids, - - energy/reserve
: dispatch
commitment
decisions ...
. Yy < y

SCED Optimization Model
Solved every 5 minutes

4 RAMC EMISO “°9E
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Machine Learning Model
Predict in milliseconds
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Learning Optimization Proxies for Large-scale SCED )

« Limitations:
« Small academic test systems
« We focus on systems with 6,500 buses or more
* Industrial formulation
« Dataset from over simplified simulation;
e.g., only considers the change of loads
X spatio-temporal correlations of loads
X renewable generation
X economic bids
X commitment decisions

~RAMC
Risk-Aware Market Clearing Project
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The Challenge

25 ¢

H-T HT T..

| - B 1T

High variability in commitment decisions

* Annual seasonal patterns of the commitment
decisions

* Total of 5380 different hourly commitments
across 8760 hours in 2018

* Combinatorial explosion of commitment
decision = adverse effect on ML model

#Unique hourly commitments per day

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Month of the year

N =Mic Georgia
4+ RAMC =miso “°927 W
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Just-in-Time Learning Pipeline

D-1 Noon I
- s N\ — aY | t ) i
(" 1) Data gathering ) 2) Data augmentation 3) Training | 4) Prediction |
, \ — b |
N\ = = 3 @_ _: | I I |
= = —_—— —_——
2 —— I I
J S — @ J | | :
———— —_——F e — ——
Solar/Wind/Load MT <— | | |
—forecast J ST =——— |
- $ - _I _______ i | I
s N\ SCED for D day : ; i :
— @_ I I
=———— e -
==
SCED data multiple |
L DA-SCUC for D day J \ instances ) DNN models I
\_ AN J \ y, 1
|
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Just-in-Time SCED Learning
* CTR model
« Classifier C,,,: R? - {0,1}%9
» Determine whether each generator is < Input features>
at upper/lower limit or neither
. Regl'eSSOl' C . Rd+29 N ]R'g Feature Size Source
Wwa2* Load L Load forecast
* Regress the active power dispatch Cost of(:gilferators G . B?ci:cas i
-~ . . s Cost of reserves 2G Bids
« Additional 2g in the input is induced Previous solution e SCED
by the classifier Commitment decisions G scucC
. Reserve Commitments G SCUC
° LOSS funCtlonS Generator min/max limits 2G Renewable forecasts
. . . Line losses factor 2B +1 System
* Classification: binary cross entropy loss
» Regression: MAE loss
* Trainable parameters: around 4 millions
7l hnicn Georgia
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Just-in-Time SCED Learning

—+— CTR —e— Reg —»— Persistent CTR —»— Persistent Reg
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Just-in-Time SCED Learning
Date Method Small Medium  Large All
Naive Reg  0.122 0465 1.602 0374
Naive CTR  0.084 0333 1128 0262 o/ :
Feb. 12 Reg 0057 0188 0654 0153 Up to 37% improvement for small
CTR__ 0043 0141 0535 0.117 generators and 48% for medium
Naive Reg 0242 0345 7480 0.772 )
Ao 05 Naive CTR 0,197 0220 4374 0.463 generators;
pr. Reg 0.149  0.152 2553 0.282
CTR 0105 0110 2291 0.241
Naive Reg  0.097 0256 7.447 0.637 CTR have 0.59% and 0.34% MAPE
Aus 26 Naive CTR 0080 0149 4045 0352 ” di dl _
& Reg 0054 0124 2454 0218 or medium and large generators;
CTR 0.034 0064 2220 0.190
Naive Reg  0.176 0.535 8425 0.778
Ot 73 Naive CTR 0140 0341 4596 0434
: Reg 0106 0192 2724 0263
CTR 0076  0.145 2525 0.235
TSmall: 0-10MW; Medium: 10-100MW; Large: >100MW
' ——— H
4 rAMC =miso “%2% W
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Just-in-Time SCED Learning

* 4 orders of magnitude faster

m

SCED Optimization ~16s 85s
CTR Model <le-3s < le-3s
4+ RAMC =MISO Ge‘%;%ﬁ&
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Risk Assessment

Day-ahead forecast fort = 1, 2 .. 24 (red) Updated forecastatt =1 fort=2,3 .. 24 (blue)
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Day-ahead (DA) SCED
Simulation Day-ahead
risk estimate [ ~
Scenanos RT-SCED | | RT-SCED RT-SCED \
t=1 t=m | t=288 Samples

|[ Load [ , Updated forecast->
RT-SCED | | RT-SCED RT-SCED DA Risk .
t=1 t=m || t=288 | " - how to update the risk

.|‘ .| estimate?
rT-scep|[RT-scep|  [RT-scep RESCNCRR Resene

= t=m T t=288

Senario N | Scenario 2 | Scenario 1

DAUC DAUC
= Optimizer Decision

isi Sample Optimization/ .
O oo [T e [ o poayss

D Georgia
1 RAmC M0
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Incremental Risk Assessment

DA
Scenarios

Risk-Aware Market Clearing Project

Day-ahead (DA) SCED
Simulation

RT-SCED | | RT-SCED RT-SCED
t=1 t=m "t t=288

DA UC DA UC
Optimizer Decision

RT-SCED | | RT-SCED RT-SCED

Samples

=il t=m " t=288

Senario N | Scenario 2 | Scenario 1

SCED ML
model inputs

RT-SCED | | RT-SCED RT-SCED
t=1 t=m " t=288

Train SCED ML
surrogate model

@~ &

Sample Optimization/
values ML model

|| Load || Cost
Shed
Reg. Op.
Reserve| {|Reserve

SCED ML
model outputs

(ests | 9 IEEE
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Incremental Risk Assessment

HA samples
Load Cost RT-SCED-based
Shed HA Risk
Quantification
Reg. Op.
Reserve Reserve

Hour-ahead
(HA)
scenarios

Wind
gen.
| Solar
gen.

Senario N | Scenario 2 | Scenario 1

Compare

Risk Results

HA samples
Load Cost SCED ML-based
Shed HA Risk

Quantification
Reg. Op.
Reserve Reserve

Sample Optimization/ Analysis
values ML model

)

Trained
SCED ML

surrogate
model

Q Decision

Senario N | Scenario 2 | Scenario 1

L
S

A

)
A

™
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SCED Risk Learning

° RTE g rl d Chanel

- Divided into 12 regions (zones) ~ppe 5 ?3"3.3"? 5
- Three stochastic variables per zone (wind/solar E, sy - °° '''''''''''''''''''''' ]
generation and load) ‘ 1_w[ j H';g;zr%ges -
~ Perform system level SCED risk estimation - ﬂ =L o
* For the FRAC UC portfolio, update the risk for ey MDD ca
the next hour - Y

https://en.wikipedia.org/wiki/Regions_of France

- Two time periods considered in this example:

5:00am - 10:00 am, 4:00 pm-9:00 pm :‘:::Z — oayanesd forcast
(morning and evening peak hOUI’S) §°5°°° This is an extreme scenario: chosen
- Predict system cost, regulating reserve, ::Z:Z hOUF-?L':zi ;?;iceaas; ifzrire] ct::ttail of
operating reserve, and load shed with both ML gsmo
surrogate and full RT-SCED optimization 3 5500
- Using predicted QOls, compute the risk *:::::
2 2 2 3 z

+RAMC EMISO TG
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SCED Risk Learning

* Model inputs (40):
12 x zonal wind/load/solar values

» Total wind/load/solar values Model Validation
* Hour of day

* Cost Cost § 271 $ [67,000,

* Regulating reserve 174,237]

» Operating reserve Reg. Reserve 2.2 MW [500, 888] MW

* Load shed Operating 36 MW [500, 3300] MW

* Training data: Reserve

« 288 x 2500 MC samples from day-ahead Load Shed 0.94 MW [0, 2810] MW
risk assessment - 288 x 2500 MC
input-output samples

» 70-30 train-test split

« Random forest regression
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Profiles

SCED Risk Learning

Prob of load
Shed >0
MAE = .03

—— ML - Pred
—— RT-SCED - True

00:1Z
00:0Z
00°6T
00:8T
00:LT
00:9T
00:ST
-
00:vT 8
00:€TS
o
oozt €
&
00°TT
00:0T
006
008
00:L
00:9
00's

10

@ © <
o o o

pays peo1 jo ‘qoid

Prob of op.
reserve < MRR
MAE = .02

o
o

0.0

]

— RT-SCED - True

—— ML - Pred

—

00°1Z
00:02
00:6T
0081
00:£T
00:91
00:5T
T
00T 8
-
00:€T 8
Qo
oozt €
E
00°TT
00:0T
006
008
00:L
009
00:5

10

@ © <
=] o o

=
o

abepoys “say "do jo ‘qoid

[0, 7.3e6]

Risk of load shed > 0
MAE = 8e4
Range =
MAE (%) = 9.6%

W

1yia
o)

MISO

\
)
3

S
>,

—— ML - Pred
—— RT-SCED - True

1le6

—

00°1Z
00:02
00:6T
00:8T
00:£T
00:9T
00:5T
-
0041 2
00°€TS
v
oozt €
£
00°TT
00:0T
006
008
00:L
009
00°s

© <+ m ~ -

n
($) Pays peo Jo ysiy

=4e4
=1.9%

MAE
Range = [0, 6.1e6]

MAE (%)

Risk of op. reserve < MRR ,

i

ML - Pred
RT-SCED - True

il

le6

(=]

00:1Z
00:02
00:6T
00:8T
00:L1
0091
00:ST
0041 3
b
00:€1’S
v
oo0:zt £
E
00°Tt
00:0T
006
008
00:L
009
00's

o n
($) abepioys “say “do jo ysty

< m ~N - =}

Risk-Aware Market Clearing Project




\ (e¥es | GIEEE

Conclusion

Risk-Aware Market Clearing

Forecasting and Uncertainty Quantification
Dimensionality Reduction

* Asset Bundling and Support Points

Stochastic Optimization

Just-In-Time Machine Learning for Operations
Real-time Risk Assessment

4+ RAMC =MISO Ge‘%;%ﬁ@ W
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