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Net Demand (MW)

Demand minus wind and solar
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» The duck curve

» Net demand is reduced during the day (the duck’s
belly)

» Net demand sharply increases at sunset (the
duck’s neck)

» The need for flexibility significantly increases
» The canyon curve

» Recently, CAISO’s net load has reached zero or
gone negative

» Dispatchable resources are sharply reduced
during the daytime

» The need for flexibility conversely increases as
the sun sets

» Selutions:
» Charging/discharging of batteries
» Additional forms of energy storage

» ...
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Chemical Mechanical
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California Energy Storage Alliance (CESA)
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» NYISO and MISO

» Energy storage must offer in as a generator or load separately in the day-ahead market

» But may allow different offers in the real-time market

» PJM and NYISO (Phase 2)

» The ISO/RTO software will optimize the operational mode of PSH (pumped storage hydro) based on
production cost minimization

» ISO-NE

» Includes features to more realistically capture the parameters of PSH in pumping modes, like
minimum pumping levels, minimum run and down times, etc.

» CAISO

» Has plans for its storage resources to provide cost offers from withdrawal mode to
injection/generation mode if the resources have a continuous operation between maximum withdrawal
and maximum injection (thus excluding PSH)

» ... dependent Syste L Operator and Regi nal | ransmission
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Crverview
Fewvenue
Operation

Case Studies

Events

NEM BESS

Homsdale Power Reserve
1MW

Market Revenue to Date
$207.36m

Lake Bonney BESS1
B

Market Bevenus to Date

$40.18m

Victorlan Big Battery
3006

Market Reverwe to Date

$70.52m

Wandoan Battery Energy Storage System
(BESS)

0o

Market Reverue to Date

$38.60m

Dalrymple North BESS

oM

Markzt Revenue ta Date
$41.54m

- SN
Ballarat Battery Energy Storage System
samw

Wharkst avenus b Date

$30.97Tm



Hornsdale Power ReserveltEiZF1E7%

, Home Simulator BESS VPP FAQ About
Cvenview
Hatnsdale Power Roserve v @ somw sk
Revenue

m % Tatal (3 click on each revenue bar to diil down inlo BESS Operations, Apr 1, 2022 - Jun 30, 204 [5)
Operation S1s0k
Case Studies $100k
- B I I I || | I |
L1 T N 71T T ||.|,||||||l||
§-50k
Apr May Jun
Contingency Regulation Energy Total
S1.140 Stdik $1.51M S2EM

NEM BESS
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A recourse function is non-anticipative if the decision depends only on the past observations but not on the future. By R. T. Rockafellar
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A multistage game investors play with the uncertainty of price:

NASDAQ: AAPL A Buy ® Sell

MNASDAQ:AAPL

The here-and-now decision  zoom 1m 3m 6m YTD 1y Al From May2,2022 To May2,2023

in 05/2022:

selling or holding? ® 09/2022 05/2023 @

‘@ 0512022 J
N 7J 0

A

140

120

Jun‘22 Jul 22 Aug 22 Sep'22 Oct'22 Now *22 Dec'22 Jan'23 Feb'23  Mar'23 Apr'23 May'.

One owes a stock, and now he/she is in 05/2022. In determining whether to sell the stock, he/she
needs to account for the uncertainty of the future price. Depending on his/her uncertainty model and
profit maximization model, he/she may or may not sell the stock in 05/2022.



JEFRHEAMERISER (2)

A multistage game investors play with the uncertainty of price:

NASDAQ: AAPL ABuy ®sel  tAgrowth

MNASDAQ:AAPL
The here-and-now decision  zoom 1m 3m 6m YTD 1y Al From May2,2022 To May 2,2023
in 05/2022:
selling or holding?
@ 05/2022

A o

Jan ‘23 Feb'23  Mar'23 Apr'23 May .

If his'she model does not respect the nonanticipativity, i.e., assuming that the investment decision
can be made with all future price signals (in a scenario), then the optimal here-and-now decision is

to sell the stock right now, since he/she can profit from any short-term growth in the future.
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Optimization models

» Single-stage optimization model

» Determines beforehand how the resources linearly
react temporally independently to the deviation of
power output of variable renewable generation (VRE)

» Two-stage optimization model

» Determines beforehand the operational range of
temporally coupled resources (e.g., energy-limited,
ramping-limited) so that they will be dispatched
temporally independently

» Multistage optimization model

» Precisely model the sequential decision making
forward through time

How does it work?

Find a robust linear reaction function

via static robust optimization.
Then dispatch following the simple rule

Restrict the decision space + Temporally decomposition

Find a robust operational boundaries

via adjustable robust optimization.
Then implement the here-and-now decision

The multistage optimization model works
simply because it is precise



ATHEAORFMAAERIERE— =R

0 < pPC < pPCmax Lower/upper limit of discharging power

0 < ptH < pCH.max Lower/upper limit of charging power
L The operation of energy
0 < erq — (PPC/RP)A Upper limit of the state of energy (SOE) storage are temporally
coupled due to the SOE

C.‘[II)E'.‘-I}A o Jpmax Lower limit of the SOE constraints

BT S /]

pPCpCH — @ Cannot discharge and charge simultaneously

The discharging/charging power deployed at time ¢ steers the SOE to a new state, which will become the
initial state of the next period and limit the usability of the storage at time #+1.

When working on a temporally coupled system, the two-stage uncertainty-aware optimization model does not
respect the nonanticipativity.
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Why distributionally robust optimization (DRO) is good?

min max f(x) + Ep[Q(2, &)] e /
xEX PEP 481t /T — Value function - 5P
where i
|
)

x is the first-stage decision
P is the ambignity set of distributions of the random vector £
T

Infinity (infeasible)

fle), Qlx, &) are the here-and-now cost, second-stage cost, respectively

Stochastic pragramming (SP):

Infinity {infeasible)
1) The value function may be unbounded {no robustness)

b
9 Costw.ri, a point prediction 5 L SRR 5
¢ o Costin a worst-case scenario 2) The cost expectation w.r.t. an empirical dist. is minimized
- Walue function - Det. Optimization
[— ‘alue function - DRO
Optimal Q. £
future — Value funclicn - RO
cost
function .
{value \\
function)
- — e — Te——
m 3
Ri p AP
DRO: aNdom paramelsr E Robust optimization {(RO):
1 Tl.1 lue function is bounded (robust 1} The value function is bounded (robustness)
¥ The-value functionis baunde " (r{? Lol l..'e.ss) 2) The cost w.rt. a scenario (typically the worst-case one} is
2) The worst-case cost expectation is minimized (out-of-sample minimized

performance guaranteed)
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Column-and-constraint
based algorithm

Benders’ decomposition/ A
generation method
{extended C&CG)

Blisstelon The second-stage problems
models L Benders’ type algorithm (C&CG)

» Two-stage  Evaluate the cost expectation on @
a finitely discrete set of scenarios

SP
©

» Two-stage Evaluate the worst-case cost on (cutting planes in the T domain
an infinite uncertainty set do not suffice*)

RO
©

(dozens of supporting points in

» Tuw—stwe Evaluate the worst-case cost . - .
DRO expectation on an infinite support ~ -“"9 pisnoe Indhe == domein
e P PP do not suffice™) the £ domain do not suffice™)
Solve the sub-problem
Solve the master problem ) Update the master problem
(evaluate the worst-case cost
expectation on an infinite support)
+ Solve a mixed-integer linear & pport) + Augment lr_na _scerlarios in the
program (MILP) « Relax the second-stage MILP E‘Tat:t’;nra[ir?;;tgn?numn 1o the
« Obtain a first-stage decision recourse to a linear pragram (LP)
* Refine the value function of the Q) o e
relaxed recourse problem LU AT -
+ Recover a discrete distribution \ S :
A Qet)

* Refine the discrete distribution to
get an extremal distribution
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A modified IEEE 118-bus system with 38% renewable generation capacity

Resources Thermal generators

» Number 39

» Total capacity 5540 MW

424 MW, 1463 MWh

ESS Wind farms

15 4
3395 MW

» Simulation of chronological operations of intraday markets are performed on 7 typical days. (The day-ahead
market clearing model that models the optimal robust energy bounds of energy storage as decision-
dependent uncertainty is being studied, and will be presented in the near future!)

» ESS function well to hedge against the variability and uncertainty of VRE
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» Model 2, a distributionally robust intraday market clearing model that does not respect nonanticipativity, induces
a slightly higher {0.22%) average cost. The costs of Model 2 can be slower, but the cost on Day 6 is

significantly higher.

» Model 3, a deterministic-optimization-based model, incurs load shedding of amount 107.27 MWh and 485.64

MWh on Day 1 and Day 2, respectively.
Comparison of dispatch costs

Model 1 (ours) Model 2 Model 3
= Cost ($) Cost ($) Difference (%) Cost ($) Difference (%)
» Day 1 1,108,205 1,111,460 0.29% 1,163,699 5.01%
» Day 2 878,541 878,265 -0.03% 1,179,757 34.29%
» Day 3 761912 760,541 -0.18% 760,459 . -0.19%
» Day 4 677,320 676,143 -0.17% 675,594 -0.25%
» Day 5 499,806 503,264 0.69% 494,861 -0.89%
» Day 6 350,460 356,771 177% 346,120 -1.24%

» Day 7 303,198 303,167 -0.01% 304,041 0.28%
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» Algorithm 1: our algorithm, which makes use of the value function of the relaxed (convex) ESS model

» Algorithm 2: another algorithm that uses the nested column-and-constraint generation method to refine a discrete set of scenarios

» Improvements:

» less runtime (49.39s vs. 153.03s on Day 2; 112.46s vs. 525.55s an Day §)

» less scenarios/events (13 vs. 22 on Day 2; 15 vs. 22 on Day 6)
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