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Abstract
Facilitating the Social Welfare Convergence of Strategic Energy Storage in Electricity Markets

Ningkun Zheng

As grid-scale energy storage resources rapidly entered modern power systems since last
decade, driven by decarbonization goals, they have begun transforming grid stability, market
dynamics, and renewable energy integration. Energy storage resources, including batteries,
pumped hydro, and emerging storage technologies, provide unmatched flexibility and fast
response, enabling them to balance fluctuating renewable generation, smooth demand peaks, and
offer ancillary services. Despite the technical advances in storage deployment, effectively
integrating these resources into wholesale electricity markets to maximize both market efficiency
and storage profitability presents significant challenges.

To address these challenges, this dissertation develops practical methods and models to
facilitate energy storage participation and market integration. For energy storage participants, this
dissertation proposes several advanced methods to manage the complexities of energy market
arbitrage, including approaches to address price uncertainties and the nonlinear characteristics of
storage operation. These techniques enable storage agents to improve profitability while aligning
their operational safeties with dynamic market conditions. For system operators, a new market
model is introduced to better integrate energy storage, accommodating the unique state-of-charge
constraints, nonlinear physical characteristics, and fast-response capabilities of storage resources.
This model facilitates more precise state-of-charge management, improving grid stability and the

efficient deployment of storage assets.



To comprehensively evaluate bidding strategies and market designs, this dissertation
presents a high-fidelity, WECC-based market simulation model. This model incorporates detailed
system constraints, including transmission and two-stage market settlement, providing a realistic
platform to test the impacts of storage participation on market outcomes. Simulations conducted
with this framework explore the influence of strategic bidding under varying conditions and
support the development of storage-inclusive market designs that promote efficient and reliable

grid operations.
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Chapter 1: Introduction and Background

1.1 Grid-scale Energy Storage for Decarbonization

Decarbonization in the electric power sector is pivotal for sustainable developments as other
sectors become electrified. The renewable energy share of the US electricity generation mix has
reached more than 20% by 2020 and is projected will double by 2050 [1]. Energy storage resources
(ESRs) provide reliable and affordable solutions to many challenges in a power system with a high
renewable share, such as peak shaving [2], voltage support [3], and frequency regulation [4]. Pilot
programs have shown storage is a cost-effective and profitable solution in these applications. Rec-
ognizing the potential for energy storage to facilitate greater renewable integration by absorbing
excess renewable energy during periods of low demand and injecting it back into the grid when
demand rises, the Federal Energy Regulatory Commission (FERC) issued Order 841 [5] to further
remove barriers for energy storage to participate in wholesale electricity markets and urge inde-
pendent system operators and regional transmission organizations to develop bidding and dispatch
models for energy storage.

Hence, ESRs are entering wholesale electricity markets at a surging rate. The grid-scale energy
storage capacity connected to the California Independent System Operator (CAISO), the power
system operator and market organizer of the state of California, has increased from about 500 MW
in 2020 to near 10,000 MW! as of July 2024 [6, 7, 8]. According to EIA Annual Electric Generator
Report, with increasingly installed energy storage capacity flatten the ancillary service market
price, majority of energy storage participants starting to focus on arbitraging in wholesale energy

markets [9].

This include all type of energy storage, with battery energy storage accounting for over 90% of the installed
capacity



1.2 Social Welfare with Energy Storage Participation

With the rapid growth in installed ESR capacity, a new set of challenges is emerging for both
system operators and energy storage owners, as ESRs has unique physical and economic character-
istics compared to conventional thermal generators and variable energy resources. ESRs have the
advantage of flexibility and fast response but are constrained by their energy-limited nature. Their
ability to provide energy products and services is dependent on their state-of-charge (SoC) at any
given time. Additionally, energy storage has a unique cost structure, as its bids not only account for
physical operating costs but also incorporate opportunity costs. These opportunity costs reflect the
desire to be dispatched at a specific time based on their predicted conditions and potential profits
in future market intervals.

For system operators, this evolving situation requires a comprehensive understanding of how
energy storage influences grid operations, market dynamics, and overall system stability, as well
as the development of methods to optimally utilize energy storage resources. Addressing these
challenges involves developing efficient market models, monitoring and predicting energy storage
strategic behaviors, assessing the impact of energy storage on market clearing result, renewable
integration, and long-term infrastructure planning. On the other side, energy storage owners face
the challenge of handling this complex market environment to maximize their economic benefits.
This involves formulating effective control and bidding strategies, managing market uncertainties,
and responding adaptively to market rules and regulations. Owners must balance their operational
physical constraints with market opportunities to ensure economic profitability and operational
safety.

In a competitive market, energy storage that maximizes profit will also help facilitating market
competitiveness and maximize social welfare [10]. Properly managed storage resources can offer
much-needed flexibility to the grid, aiding in the efficient dispatch of resources and smoothing out
the variability of renewable energy sources. By maximizing their profits through intelligent strate-

gies, storage owners not only contribute to their own economic success but also play a crucial role



in fostering a more competitive market. This, in turn, can lead to more efficient market outcomes,

promoting social welfare by ensuring a reliable, cost-effective, and sustainable energy supply.

1.3 Thesis Outline

This dissertation aims to improve social welfare through effective participation of energy stor-
age in the wholesale electricity market. It provides solutions and insights to the following ques-

tions:

* How to develop control algorithms and bidding strategies for ESRs and Vehicle-to-Grid
(V2G) service provision for electric vehicle charging stations (EVCSs) that effectively han-
dle real-time price uncertainties, nonlinear physical characteristics, and reflect their strategic

behavior.

* How to manage SoC of ESRs with new market model using their economic bids while ac-

count for the unique characteristics of energy storage?

* How to verify market designs and rules that support renewable and energy storage integra-

tion, utilization, and system reliability with strategic energy storage participation?



Chapter 2: Understand Energy Storage Strategic Behavior

2.1 Motivation

The increasing role of ESRs in wholesale electricity markets, particularly for arbitrage in en-
ergy markets, is reshaping power system dynamics and market operations. With ancillary services
markets becoming saturated due to surging ESR deployments [11], storage resources are increas-
ingly focusing on energy market arbitrage, leveraging price differences to generate revenue and
support grid stability [12, 13]. However, this shift is challenged by the complexities of ESR op-
eration, including highly volatile electricity prices and the difficulty of managing energy storage
SoC.

Simultaneously, the growing integration of renewable energy and electric vehicles (EVs) is
presenting new challenges and opportunities for grid management. Smart charging, particularly
V2G services, is emerging as a crucial strategy to support this transition, balancing grid demands
with EV charging needs [[14], [15], [16]].

Both ESRs and EVCSs in wholesale markets are facing common challenges: managing com-
plex, nonlinear battery behaviors and navigating uncertain and volatile electricity prices. These
challenges require the development of novel control algorithms and market strategies that are com-
putationally efficient, scalable, and can adapt to varying market and operational conditions.

On the other hand, independent system operators (ISOs) and regional transmission organi-
zations (RTOs) are working to understand the behavior of strategic energy storage arbitrage for
effective market power monitoring. ESRs have different marginal cost principals compared to
conventional thermal generators and variable energy resources, primarily due to the opportunity
costs associated with future market conditions and revenues, as well as their energy-limited nature.

Consequently, the traditional marginal cost-based market power monitoring approaches prevalent



in the US might not be suitable for ESRs [17].

Thus, this chapter aims to:

* Develop energy storage control algorithms and economic bidding strategies that effectively
handle real-time price (RTP) uncertainty while accounting for the nonlinear physical models

of energy storage.

* Identify optimal approaches for strategic control in EVCSs to provide effective V2G ser-
vices, considering nonlinear charging characteristics and uncertainties in price and charging

Sessions.

* Provide a comprehensive understanding of ESR strategic behavior and offer a method to

model strategic energy storage in integration analysis studies.

These objectives aim to enhance the profitability and operational efficiency of both energy

storage and V2G services in the context of a transforming power system and energy market.

2.2 Contribution

In this chapter, we address the challenges of market price uncertainty and the non-linearity in
physical models for ESR arbitrage and EVCS V2G services by developing an analytical dynamic

programming framework with multiple methods to handle uncertainty:

1. The analytical dynamic programming algorithm derives the optimal marginal value func-
tions for the deterministic case. To address market price uncertainty, we employ various
methods, including stochastic dynamic programing (SDP), Multi-layer Perceptrons (MLP),

and Convolutional Long Short-Term Memory Networks (ConvLSTM).

2. The proposed framework achieves state-of-the-art performance for ESR arbitrage, with the
flexibility to accommodate different market conditions, while also providing cost savings for
EV fleet charging by accounting for nonlinear behaviors in both batteries and chargers, all

with scalable computational cost.



2.3 Energy Storage Optimal Control and Economic Bidding

In this subsection, we introduce an energy storage arbitrage algorithm which handle market
price uncertainty with several different methods. This energy storage arbitrage algorithm reaches
state-of-the-art arbitrage profitability, robust performance, adaptive to different market rules, and
computational efficiency, making it ideal for energy storage market arbitrage and suitable for mod-
eling strategic energy storage behavior in integration studies.

In the following, we first present an analytical dynamic programming approach for energy stor-
age real-time market arbitrage, providing optimal control and bidding strategies for the determin-
istic case. Next, we introduce three different methods to handle RTP uncertainties and demonstrate

the performance and versatility of the algorithm through a case study.

2.3.1 Analytical Dynamic Programming for Optimal Energy Storage Control

The proposed energy storage arbitrage algorithm builds upon an analytical dynamic program-
ming method for optimal energy storage control [18]. This method effectively calculates the op-
portunity value of energy storage as a function of the SoC. Without loss of generality, both ESR

arbitrage and EV charging problems can be modeled as following using dynamic programming:

Oi-1(ei-1) = bn;a)i Ai(pr = by) —cpi + O:(er) (2.1a)

€&(er-1)

where the storage opportunity value is defined recursively as the maximized storage arbitrage profit
including the profit from the current time step and the future opportunity values. A, is the price,
P:, by are charge and discharge power output, ¢ is marginal discharge cost. We denote that the stor-
age charge and discharge power and the final storage SoC belong to a feasibility set &(e;—;) which

is dependent on the storage starting SoC e,_; at the start of time period ¢. &(e;—1) is described with



the following constraints:

0<b;<P,0<p, <P (2.1b)
p:r=0if 2, <0 (2.1¢c)
e;—ei1 =—pi/n+bm (2.1d)
0<e <E (2.1e)

where (2.1b) models the upper bound, P, and lower bound, 0, constraints on the storage charge and
discharge power output. (2.1c¢) is a relaxed form of the constraint that enforces the energy storage
not charging and discharging simultaneously. Negative price is the necessary condition for storage
to charge and discharge simultaneously in price arbitrage. Hence by enforcing the storage to not
discharge when the price is negative, we eliminate simultaneous charging and discharging [18].
(2.1d) models the energy storage SoC evolution constraint with efficiency 7 and (2.1e) models the
upper bound E and lower bound (we assume as 0) of the storage SoC.

We introduce the marginal opportunity value function, ¢,, defined as the first-order derivative

of the optimal opportunity value:

0
q:(e) = %Qt(e) (2.2)

Our prior work proved g;—; can be recursively calculated with next period value function ¢;,

real-time price A,, power rating P, marginal discharge cost ¢, and efficiency 7. The marginal value



function calculated using the deterministic formulation is thus

q,_l(e) =

gi(e+Pn) ifd; < q/(e+Pn)n

A/n if g;(e + Pm)n < A; < q:(e)n

q:(e) if gi(e)n < A < [gi(e)/n+c]?

) (2.3)
(A4 =o)n if [g:(e)/n+c]" < A,

< [g:(e=P/m)/n+c]*

qi(e = P/n) if A > [qi(e = P/n)/n+c]”

This deterministic formulation serves as the basis for ESR arbitrage and EVCS V2G services under
uncertainty, and from this we are able to calculate marginal opportunity value function ¢,(e) at any
time step using backwards recursion by defining an end period value function g7. We then use a
piece-wise linear form of ¢,, discretizing g, by splitting the energy storage SoC level e into small,
equally spaced segments (significantly smaller than the power rating P), to formulate the optimal
control. For any SoC level ¢;, we can find the nearest segment and return the corresponding value.

In the following subsections, we discuss how this deterministic formulation is applied for en-

ergy storage arbitrage under RTP uncertainty using SDP, MLP, and ConvLLSTM.

2.3.2  SDP for Uncertainty

In this subsection, we propose using a Markov Process to model RTP uncertainty and formulate
the energy storage arbitrage problem using SDP. First, we model the stochastic price process using
a first order Markov process and summarize how we train the Markov process using historical price
data. Then we reformulate the arbitrage problem in Subsection 2.3.1 based on the Markov process,

update the marginal value function calculation, and illustrate control policy with marginal value

9© 2024 IEEE. Reprinted, with permission, from N. Zheng, J. Jaworski and B. Xu, "Arbitraging Variable Efficiency
Energy Storage Using Analytical Stochastic Dynamic Programming," in IEEE Transactions on Power Systems, vol.
37, no. 6, pp. 4785-4795, Nov. 2022, doi: 10.1109/TPWRS.2022.3154353.



functions. In the end, we introduce the complete solution algorithm.

Markov Process Model

We model RTP uncertainty using a first order Markov Process model. The Markov model
includes 7 stages, and each stage has N nodes. We discretize RTPs into a set of time-dependent
nodes 7, ;, each node clusters prices within the range [gt’ ;» T1,i) where T, is the lower range bound
and 7, ; 1s the upper range bound. Note that the smallest price node does not have a lower bound,
and the highest price node does not have an upper bound. Each period has the same number of
nodes N = {1,2,..., N}, but the node value may be different. Price nodes are associated with the
following time-varying transition probability matrix M; = {p;;,|i € N,j € N} indicating the
probability that the price will transit from 7;; to 7141,;,1 € N, j € N.

We generate the probability transition matrices M; from historical RTP. All transition matrices
in this paper are constructed with an hourly resolution, i.e., M, are identical in same hour Hj, where
H, = {1,2,...,24}. This approximation is motivated by the fact that generators are scheduled
hourly in day-ahead, and also to reduce the effect of limited training data size. We calculate My,
base on the sum of state transit incidents happens in Hj, for all days in training historical data.

Given a set of training price data set A;, we calculate the hourly transition probability as (V¢ € Hj)

o = ZteHh H{A4 € 7Tt+1,j}1{/lt € 1} (2.4)
B 2er, H{Ar € i} '

where /1{A} denotes the indicator function for event A: I{A} = 1 if A is true, O otherwise. This
transition probability is the likelihood of the next time point price in node j given the current price

in node i. Note that p; ; ; in time period ¢ is identical to transition probability of hour Hj, it belongs.



Stage T-1 Stage T Final

Qr-1,1(e) Vra(e) Qr1(e)
Pr-1,ij Prij
—1Qr-1,(e) — Qrj(e) Vena(e)
Qr-1n(€) Vrn(e) Qrn(e)

. e . S

Figure 2.1: Diagram of state transition in the proposed SDP with Markov process.

Arbitrage Reformulation with Markov Models

We now reformulate the price arbitrage problem in Subsection 2.3.1 by replacing the stochastic

price {1;|t € 7} with the proposed Markov price process {r;;|t € 7, i € N} as

Qz—l,i(et—l) = gnix ﬂz,i(pz —b;) —cp; + Vz,i(et) (2.5a)
Viile) = " pijaQujler) (2.5b)
JEN

subject to the same constraints (2.1b)—(2.1e). Note that the major change of the discretized price
formulation compared to the one in Subsection 2.3.1 is that the maximized revenue Q;_1;(e;—1)
and the value-to-go function V; ;(e,) now are uniquely associated with the price nodes 7, ;. We use
V to replace Q for the opportunity value function to differentiate its association with the current
price node i and the next price node j. (2.5b) represent the process from Qr ;(e) to Vr;(e) in
Figure. 2.1. Q;_1;(e;—1) is the maximized arbitrage profit when the storage initial SoC is e;_;
at price node m;;, V;;(e;) is the opportunity value of the storage SoC e, at the end of the time

period ¢ at price node 7, ;. The opportunity value function (2.5b) is calculated using the price node
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transition probability p; ;;, which models the probability of transitioning to price node 71;,1,; when
the current price is ;. Hence V; ;(e;) is the expected SoC value function counting in all transition
possibilities associated with the current price node r;;. A simplified diagram of state transition is

shown in Figure. 2.1

Analytical Marginal Value Function Update

We update the marginal value function calculation (2.3) by applying Markov Process to the

original form, where g;_; is the derivative of Q;_;; and v, is the derivative of V;;

qi-1,(e) = (2.6)

viile+Pnb) i < vii(e+Pnb)y?

mei/n” ifvei(e+ Pp?)nb < m; < vii(e)nb
vii(e) if v ;(e)n® < m; < [vii(e)/mP +c]*
(mi —c)n? if [vii(e)/n? +c]™ < my;

< [vii(e = P/nP)/n? +c]*

vii(e=P/nP) ifm; > [vii(e=P/nP)/nP +c]"

This represent the process from V7 ;(e) to Qr_11,(e) in Figure. 2.1. Note that in (2.6), we extend
the (2.3) by incorporating different charge and discharge efficiencies 1 and . The derivation of
(2.6) is summarized in the Appendix A.1, while an intuitive explanation is given as follows. The

five listed cases in (2.6) corresponds to the five control cases in the same order:
 Storage charges at full power P when price is very low;
 Storage charges at partial power between 0 and P when price is moderately low;
* Storage does not charge or discharge when price is similar to the current marginal opportu-

nity value;
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* Storage discharges at partial power between 0 and P when price is moderately high;
* Storage discharges at P when price is very high.

while exact conditions are as listed in (2.6).
To explain the principle of (2.6), we use first-order optimality condition of (2.5a) by taking the

derivative with respect to the final SoC e,_; as

] ob 0 0
OP:t 96 ) iﬂti(el)i -0 (2.7)
dei1  Oeiq '

—1,i(ei-1) :ﬂt,‘( —C
it l de;_1 de;_1

and according to (2.1d) and the Karush—Kuhn-Tucker (KKT) conditions we can conclude the

following conditions

1/n?  if (2.1b) for discharging is not binding

Opi/dei (2.8a)

0 if (2.1b) for discharging is binding

—n? if (2.1b) for charging is not binding

(2.8b)

Ob;[0e;
0 if (2.1b) for charging is binding

0 if (2.1b) is not binding
Oei/de;—1 =3 (2.8¢)

1 if (2.1b) is binding

now it is intuitive to see that in the second and fourth case of (2.6) the storage charge or discharge
at partial power so that (2.1b) is not binding, hence g;_1; equals to either x;;/ nb or (m;; —c)n?
depending on the charge or discharge status; in the first and the fifth case the storage charge or
discharge at full power, so the power derivatives are zero hence q;_;;(e;—1) = v;(e;), in which
e, can be replaced with e;_; + Pn® or e,_; — P/n” depending on the charge or discharge condi-
tion. In the third case both the charge and discharge power are bounded by non-negative value so

qi-1.i(e;—1) = v;i(e;) directly holds.
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Control Policy

After finishing the marginal value function calculation and obtained all marginal value function
v:i, we can execute the control using realized market prices A;. Similar to fitting the Markov
process model, we first look up the corresponding value function v, ; associated with 4, by looking
for the closest price node 7, ; such that ;< Ay < 7.4, then the storage control decision is updated

as

pi = min{p;, e;_1n’} (2.9a)

b, = min{b,, (E — e;_1)/n"} (2.9b)

where p, and 13, are calculated as

{0, P} if A, < v (e +P77b)77b

{0, ifvii(e+Pn)PnP <A <vii(e)n’

{0,0} ifvi(e)n’® <A < [vii(e)/n? +c]*

J (2.9¢)
{B,0} if [vii(e)/nP +c] < 4,

< [vii(e = P/nP)/nP +c]*

{P,0} ifA; > [vii(e = P/nP)/nP +c]*

in which a and g are given as follows

a= (/") —e)/n” (2.9d)

B = (er-1 = vi} (4 = )nP))/n” (2.9)
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where v;il is the inverse function of v; ;.

(2.9a) and (2.9b) enforce the battery SoC constraints over the discharge p; and charge b, de-
cisions. (2.9c) calculates control decisions and following the same principle as to (2.6) but use
the observed price A, instead of the price nodes ;. In the first, third, and fifth cases the control
decisions are clear as the storage is either at full charge power, idle, or full discharge power. In the
second and fourth cases, the marginal value function v;; should equal the marginal objective value

q:-1,, therefore we can use the inverse function of v, ; and the price to update the control decision.

Solution Algorithm

We list the complete solution algorithm while enforcing the final marginal value function
Vena(e) value is higher than a given threshold e/. In this algorithm implementation we discretize

v;; into a set of M segments with value and SoC pairs
Vi = {veimlm € M} (2.10)

associated with equally spaced SoC segments e, ,,,. In our implementation, we discretized the SoC

into 1000 segments. The marginal value function calculation algorithm is listed as Algorithm 1.
Then after finishing the valuation, we perform the actual arbitrage simulation by updating the

storage control decision using the actual system price 4,. The arbitrage algorithm is shown in

Algorithm 2.

2.3.3 MLP for Uncertainty

A first-order Markov Process may not fully capture the high level of stochasticity in real-time
prices. Therefore, in this subsection, we employ MLP to better model real-time price uncertainty.
Our approach is to predict the opportunity values at different energy storage SoC levels and use

the predicted values to optimize arbitrage decisions using observed prices and the energy storage

9© 2024 IEEE. Reprinted, with permission, from N. Zheng, X. Liu, B. Xu and Y. Shi, "Energy Storage Price Ar-
bitrage via Opportunity Value Function Prediction," 2023 IEEE Power & Energy Society General Meeting (PESGM),
Orlando, FL, USA, 2023, pp. 1-5, doi: 10.1109/PESGM52003.2023.10253102.
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Algorithm 1 Marginal Value Function Calculation With Markov Process

Initialization:

Set energy storage parameters c, P, n”,n", E and final SoC e/ .

Set T — ¢ to start from the last time period.

Initialize final marginal value function segments vz, to zeros for er ,, > el and a high value
(e.g., $1000/MWh) for er,, < e/. Note: The final marginal value function does not depend
on price nodes.

Ll

5: whilez > 1 do

6: Sett—1—t > Go to the earlier time step
7 for each price node i € N and value function segment m € M do

8: Update charge/discharge efficiency for SoC segment

9: Compute g;—1;(€s-1m) using (2.6)
10: Discretize g;-1,i(es—1,,) With the same granularity as the value function
11: end for
12: Calculate the marginal value function for the previous time step as:

Vielim = 2jeN Pijuqi-1.7(€rm) (2.11)

13: end while

Algorithm 2 Arbitrage with Calculated Marginal Value Function

1: Initialization:

2: Set energy storage parameters ¢, P, 7, 7", E and initial SoC e,.

3: Initialize e;_; « ey.

: forr e [1,T] do

5 Get realized price A, and choose v;; associated with closest price node ;,

6: Calculate p, and b; base on v,, i using (2.9a)-(2.9¢), and calculate e; according to (2.1d)
7

8

N

Return ¢;, p;, d;
: end for
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model. We will define the learning problem to predict the marginal opportunity value function and
present the solution method in this subsection.

Similarly, we model the energy storage arbitrage problem using dynamic programming, with
the opportunity value function as a prediction base on prediction model parameters € and prediction

features x:

max p,,p; e /ll‘(pl‘ - bt) —cpr t Q(etlaax)- (212)
€&(er-1)

where the first and second term are identical to Subsection 2.3.1. The third term QA(etl(),x) is
the predicted energy storage opportunity value function, which is a function of the SoC e; at the
end of time period . O depends on the prediction model parameters 6 and the prediction features
X[1-1,-2,...1-w] over a look-back period W. The energy storage charge and discharge decisions and

the final SoC belong to a feasibility set &(e,—1) described with the same constraints (2.1b)—(2.1e).

Marginal Opportunity Value Function Learning

The objective of the problem in this approach is to optimize the prediction model parameters
6 that maximize energy storage arbitrage profit over a set of training price data and energy storage
physical parameters. Intuitively, this problem could be formulated as a bi-level problem. The upper
level maximizes the total profit over the entire training time horizon. The lower level enforces
a non-anticipatory decision-making process in which the energy storage dispatch decision only
depends on the current price and the predicted opportunity value as in (2.12). However, it will
likely be computationally intractable.

Problem Statement. In this paper, we consider an alternative two-stage training approach in
which we first generate the hindsight marginal opportunity value function g, (e) for all SoC level e
constrained by (2.1e) and then train the learning model to predict the marginal opportunity value

function. Since we do not assume any particular functional form of the SoC opportunity value
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function ¢, (e), we apply piece-wise linear approximation in which we describe ¢;(e) using fixed
SoC segments. Each segment is associated with an opportunity value Q;(e) corresponding to the
integral of ¢,(e). The first stage of the training process is thus to calculate the hindsight marginal

opportunity value function g, (e) using the following equations

QO;-1(es~1) = max by,prrer Ai(pr = b)) — cpi + Qi) (2.13a)
€&(er-1)
0
q:(e) = =0 (e) (2.13b)
e

Note that different from (2.12), (2.13a) is deterministic, and opportunity value Q; is calculated
based on historical price data instead of predicted using a learning model. We use (2.3) to generate
hindsight opportunity value functions g;(e) and will discuss in following solution method subsec-
tion. The second stage trains a learning model to predict the marginal opportunity value function

q:(e) using prediction features which are past prices

. N 2
min 3, atet6. %110 ow) - auce)| .13

The learning model thus fits a piece-wise linear approximation of the hindsight marginal op-
portunity value function g, (e) based on the first-order derivative of the optimal value Q;, and e is
from the set of SoC segments S. The prediction 4 is the predicted opportunity value function, and

its integral is the predicted opportunity value Q in (2.12).

Solution Method

The solution method includes three steps: First, we use the analytical dynamic programming
model in Subsection 2.3.1 to generate the hindsight opportunity value function g,(e) based on
historical price data, which is a deterministic case. Second, we train a learning model using the
hindsight marginal opportunity value function. Finally, we utilize this model to predict future

marginal opportunity value functions based on new prediction features, specifically new market
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prices.

For second step, we train standard MLP networks using the Adam algorithm to predict future

marginal opportunity value functions g;(e) as shown in Algorithm 3. We use day-ahead prices

(DAPs) and RTPs with look-back window W as predictors. Relying on Adam, we can iteratively

update € based on the gradient of (2.13c) with respect to x.

Algorithm 3 Marginal Value Function Prediction Model Training

1:

—_ =
- O

R U

Initialization: Set random seed. Set hyper-parameters in Adam (Default). Set number of
neurons based on input data and ReLu as activation function. Initialize 6.
i—0
while not meet stop criteria do
forr e [1,¢] do
x «— DAPs/RTPs with look-back window W
q:(e) < historical opportunity value function at ¢
Update 6 by minimizing (2.13c) using Adam
end for
i—i+1
end while

: return 6 > Parameters of the prediction model

After training the marginal value function prediction model, we use the algorithm 4 for arbi-

trage control. We can calculate the opportunity value Q (e/16, x) by integrating the marginal value

function prediction G (e,|@,x). Similar to Algorithm 2 in SDP method, we can solve (2.12) effort-

lessly using marginal value function prediction 4 and first-order conditions, since it is a single-

period problem [19].

Algorithm 4 Arbitrage with Marginal Value Function Prediction

1

2
3
4
5:
6
7
8

Initialization:
Set energy storage parameters c, P,n”, " E.
Initialize e;—1 « eg.
forr e [1,T] do
Predict ¥ (e/]6, x)
Solve single-period optimization (2.12)
Return e,, p;, d;

. end for
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2.3.4 ConvLSTM for Uncertainty

There are short-term daily cycles and long-term seasonal cycles in real-time prices. To bet-
ter capture patterns in this time series data, in this subsection, we integrate Convolutional Long
Short-Term Memory Networks, or ConvLSTM, into the dynamic programming framework. In the
previous two methods, we focused on energy storage optimal control based on realized RTPs. For
grid-scale energy storage, most systems most systems are bid ahead of market clearing and are
not able to perform price responses. Thus, in this subsection, we extend the approach to design
optimal bids and submit bids ahead of price realization.

The problem formulation is identical to the MLP method in Subsection 2.3.3 but incorporates
different prediction features and applies transfer learning. The system structure is similar to that
of the MLP method, but it uses ConvLSTM in the learning step. This approach allows for both
price response, where optimal control is applied after price realization, and economic bidding,
where bids are designed based on the marginal opportunity value function prediction before price
realization. The structure is shown in Figure. 2.2. In the following, we present the design of
prediction features for ConvLSTM, the model selection process, the implementation of transfer

learning, and the full algorithm.

Feature and Label Formatting

In general, the spot price for electricity exhibits long-term and short-term cycles according to
cycling demand: the daily cycling between peak and non-peak hours and the long-term seasonal
cycles; though events and the stochastic nature of price create differences in between. Thus we
chose to use a ConvLSTM neural network, which can learn patterns in time series data. For
learning timestep ¢, our network input/target pair could be [A4;, g;] (or g;+r, Where +hr represents
an hour time shift for the hour-ahead bidding case). However, to better capture daily cycling, we

elaborate our single-step input-output pair by constructing the following input-output matrices:

9© 2024 IEEE. Reprinted, with permission, from Y. Baker, N. Zheng and B. Xu, "Transferable Energy Storage
Bidder," in IEEE Transactions on Power Systems, vol. 39, no. 2, pp. 4117-4126, March 2024, doi: 10.1109/TP-
WRS.2023.3280841.
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{X,Y} = {[Apar|Artp], V}

ADAP,i-m ADAP,1—m+1 ... ApaAP;
ADAP,i—m—1 ADAP,i—m .o. ADAPs-1
Apap =
ADAP,t—m—5hr  ADAPt—m—-5hr+1 --- ADAP,—5hr
ARTP,1—n ARTP-n+1 ... ARTPy
ARTP,t—n—1 ARTP,t—n coo ARTP-1
Agrtp =
ARTP,t—n—5hr ARTP,i—n-5hr+1 - -- ARTP,—5hr
q:
0 qi-1
qt—5hr

where Apap and Agrrp are matrices made up of our DAP and RTP data, and m, n are a lookback
window for the day ahead and real-time prices respectively, and Shr is the number of timesteps that
make up five hours in a given market resolution (60 in a 5 min resolution market). This allows the
network to capture not only the information on past prices for the current value function but also
the relationship between past marginal value functions in a 5-hour lookback. We chose five hours
here as it is long enough to capture cycles within a single day (e.g. peak vs non-peak demand
and the transition between them). The inclusion of the DAP here serves as a more stable price
reference for the corresponding hour’s spot price. Also of note is the cyclic symmetry of the price
matrices along the diagonal, which allows the network to learn better the equivariant properties of
the dataset [20]. Finally, the choice of a ConvLSTM, as opposed to a traditional LSTM, is to allow
the network to capture the "vertical" temporal relation between the five hours of data in each data

block.
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Note that for DAP, the shift applied to t across rows corresponds to a step shift in the resolution
of the real-time market. Meaning that if it is a 5S-minute resolution real-time market, the first 12

rows of Apap will be the same since the day-ahead market is hourly resolution.

Model Selection and Transfer Learning

The major advancement of the ConvLSTM method is its improved robustness across different
market conditions and battery durations, as well as its demonstrated transferability between dif-
ferernt locations. Thus we chose one general network architecture for testing. However, initial
experimentation showed minimal gain-loss in network performance on minor parameter changes
across cases. Further, to guarantee that the training converges to a well-performing set of weights,
multiple networks were trained for each case. The weights achieving the most consistent and low
validation error were saved for evaluation. Of those, the best model was chosen by the highest ar-
bitrage profit. The network is trained over 100 epochs in the case where it is trained from scratch,
and 25 epochs for the transfer learning training, with a learning rate of 1073, Further, we use a
callback function that saves the model weights only when the validation error improves, ensuring
that the weights loaded for training are not overfitted. This callback also allows us to set our epochs
with significant overhead to ensure convergence without over-fitting in all cases.

Furthermore, we apply transfer learning to quickly adapt a trained model from one price zone
to another. Our transfer learning approach freezes all model layers except the output layer and
retraining on the dataset of the task to be transferred to [21]. The underlying assumption is that the
output layer is more sensitive to data variability while the rest of the network captures persistent
patterns in the data. Note that this transfer learning approach does not directly apply to storage of

different durations as the number of outputs in the output layer depends on the storage duration.

Full Algorithm

We lay out our workflow below, which is a sequence of three algorithms. As a prerequisite for

model training, we generate all hindsight marginal value functions Q using the analytical dynamic
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programming solution in Subsection 2.3.1. After this, we construct our input dataset and train our

prediction model according to Algorithm 5, which produces our trained model weights 6.

Algorithm 5 Value Function Prediction Model Training

1: Dataset Preparation: Pre-Process price data according to Subsection 2.3.1 and data prepara-
tion

2: Initialization: Initialize model parameters 6 using random seed.

3: while stop criteria not true do

4: forr e [1,¢] do

5: x < [Apap|Artp]

6: y<—Q

7: Calculate Loss Components by (2.13c)

8: Update 6 by backpropagation

9: end for
10: end while
11: return 6 > Parameters of the prediction model

Algorithm 6 outlines a transfer learning approach to adapt the prediction model produced by
Algorithm 5 for use by another zone. Algorithm 6 exhibits higher computational efficiency, as it
follows a similar workflow as Algorithm 5, but with smaller training datasets specific to the new
zone. The resulting trained model weights are denoted as 8*. We differentiate between the two
sets of model weights since we compare the two transferring approaches (transfer learning, and

applying the model on new zones without retraining) later in the subsection.

Algorithm 6 Transfer Learning

Initialization: Initialize model parameters #* using random seed

0* «— 6 (trained model parameters)

Freeze all parameters except output layer parameters

Repeat training loop using new region’s data set {[Af,plAgrpl, Q*}

return 6* > Parameters of the prediction model

AN e

Algorithm 7 outlines the process of simulating arbitrage using our prediction model in price
response cases. The arbitrage simulation is as follows: use the prediction model trained in Algo-
rithm 5 and/or Algorithm 6 to predict value functions using the current RTP and price data over
a look-back window (including the day ahead look-back); then make the operational decision by

solving the single-period optimization (2.3.3). In the economic bids case, we predict marginal
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value functions and then generate the bids instantaneously according to Appendix A.2, as it simply
down-samples the predicted value function modified by efficiencies. Once the bids are generated,

use them to simulate arbitrage and market clearing as outlined in Appendix A.3.

Algorithm 7 Arbitrage with Value Function Prediction

Initialization:
Set energy storage parameters c, P, n, E.
Initialize e;_ « eyg.
forr € [1,T] do
Predict G(e;|0, X)
Solve single-period optimization (2.3.3)
Return ¢,, p;, b,
end for

PN A A

2.3.5 Case Study
Case Study Setting

We consider the following four market designs and participation settings to demonstrate that

our proposed approach fits a wide range of storage participation options and market designs:

* HA-1. Energy storage owner submits single-segment bids one hour ahead to real-time mar-
kets. This represents the current storage bidding model in most wholesale real-time markets
in the US [22, 23] where energy storage submits one charge bid and one discharge bid one
hour ahead of the market clearing. The storage can update its bid for each hour, but the bids
must stay the same within each hour for multiple market clearings (for example, real-time

markets clear every five minutes in NYISO, so one hour includes 12 real-time clearings).

* HA-10. Same to HA-1 except the storage submits /0-segment SoC-dependent charge and
discharge bids. This is a new market design proposed for CAISO to economically manage

storage SoC in real-time [24, 25]. This market design will be further illustrated in Chapter 3.

* PR-10. The storage conducts price response in real-time, deciding the storage control after

observing the published RTP, instead of submitting bids [19]. The price response option is
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limited to behind-the-meter storage in which the associated demand is cleared in RTP. In
this case, the storage is not limited to any bidding models and can use any decision-making
models. Yet, we assume the storage uses a 10-segment approximation of its opportunity
value as it provides a good enough approximation to the actual marginal value function.
This also enables us to benchmark HA-10 and PR-10 cases to demonstrate the economic

cost of the hour-ahead bidding requirement.

* PR-1. Same as PR-10 except the storage uses the average opportunity value (i.e., one seg-
ment approximation) for arbitrage control. This is not a realistic case as there is no motiva-
tion for the storage operator to limit itself to using a single-segment, less accurate approx-
imation of its marginal value function to conduct arbitrage. However, we include this case

with the sole purpose to benchmark against the HA-1 case and PR-10 case.

In all case studies, we consider storage with a 90% one-way efficiency n and a $10/MWh cost
of discharge ¢ (excluding the opportunity cost), unless otherwise specified. We consider three
storage durations including 2-hour, 4-hour, and 12-hour. Further, we adapt our base prediction
model to predict the hour ahead case by adding an hour time shift to our ground truth training
target value function, which corresponds to 12-time steps in S-minute price resolution.

We conduct the majority of our case studies over price data from New York ISO (NYISO) [26]
for four price zones: NYC (Zone J), LONGIL (Zone K), NORTH (Zone D), and WEST (Zone
A). We also use data from the Australian Energy Market Operator (AEMO) for Queensland to
demonstrate the transferability of our approach using transfer learning [27].

We observe differences in price statistics and generation mix across zones from the same ISO,
and in between zones from ISO’s in other states and even countries, summarized in Table 2.1. In
NYISO, these differences can be attributed to significant transmission congestion when compar-
ing the two main zone groups in NYISO [28]. QUEENSLAND has the highest price volatility,
which can potentially be attributed to the absence of a day-ahead market. Further, we see a clear
tie between penetration rates of renewables into the zones and the price volatility [29]. We also

see the highest occurrence of negative prices in NORTH, which is due to the significantly higher
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Table 2.1: Price Data Statistics

Zone Negative Price# STD  Renewable %
NYC (NY) 208 28.82 0.93
LONGIL (NY) 190 50.17 0.93
NORTH (NY) 6334 40.25 13.06
WEST (NY) 633 37.55 13.06
QNSLND (AUS) 522 243.00 13.19

penetration of wind when compared to NYC and LONGIL.

All case studies using price data from NYISO were trained using data from 2017 to 2018, and
tested over 2019 data. Each year of price data for each price zone has 8760 day-ahead price data
points (hourly resolution) and 105,120 real-time price points (5-minute resolution). For ConvL-
STM, the look-back price window includes the last 36 real-time prices (3 hours) and 24-day-ahead
prices (one day). The maximum training time over two years of training price data, including the
generation of historical optimal value functions and training of the neural network, is 390 sec-
onds, a bit more than five minutes. The network consists of a Convolutional Block with three
sequential time-distributed Convolutions+MaxPool layers, then an LSTM block with two sets of

bi-directional LSTM+drop out layers, and then finally a Dense layer at the output end.

Benchmark Proposed Methods

We first benchmark our proposed approach with other competing energy storage price arbi-
trage methods in a price response setting (PR-10), in which storage can observe price first and
act accordingly, without bidding ahead into markets. We benchmark the proposed three methods
SDP [19], DP-MLP [30], DP-ConvLSTM [31] with a reinforcement learning method (RL) [32],,
and perfect price predictions which provide the highest profit possible. In RL, we have 11 actions,
103 price states, and 121 SoC states, which take more than 1 hour to train for 5-min resolution
arbitrage. The RL approach uses a Markov decision process model by discretizing the storage
SoC, and it only works with perfect efficiency (100%). To provide a fair comparison, all methods

in benchmark comparison consider storage with perfect efficiency, while other cases still consider
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90% efficiency.

Figure. 2.3 shows the comparative results when trained using price data from 2017-2018 and
tested in 2019 at price zones in NYISO. The result shows that DP-ConvLLSTM has a clear advan-
tage over other methods in terms of profitability. Notably, the DP-ConvLSTM approach performs
exceptionally well in capturing low-frequency extreme events, such as the surge in profits around
June in LONGIL and WEST, where the ConvLSTM captures profit spikes that the RL benchmark
misses. The difference between the ConvLSTM profit value and the perfect prediction comes from
the difference in arbitrage decision as a result of numerical saturation. In this context, numerical
saturation means that the network learns to predict numerical values in the range of data it most
frequently sees (marginal value functions of stable prices), and so when it predicts on anomaly
data (price spike marginal value functions) that are numerically much larger, the network predic-
tion saturates at the largest common numerical value it sees. Since DP-ConvLSTM demonstrates

the best performance, the following case study will focus on this approach.

Price Response Performance

We compare the price response arbitrage performance (PR-1 and PR-10) with different storage
durations. Table 2.2 shows the arbitrage profit ratio results.

Overall, the result shows stable performance over the four price zones and three storage du-
rations. In comparison, our previous work using SDP [19] and DP-MLP [30] have worse perfor-
mance in LONGIL (more frequent price spikes) and NORTH (more frequent negative prices). The
comparison between PR-1 and PR-10 shows that increasing the marginal value function approx-
imation from one to ten segments increased the profit ratio by around 3%. Considering different
storage durations, the profit ratio is lower for long-duration energy storage (12hr), as the longer
storage duration leads to a longer temporal correlation into the future, thus, higher prediction dif-
ficulties. Still, our method achieved around 75% profit ratio (PR-10) in the worst-case scenario in

the NORTH zone.
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Table 2.2: Captured percentage profit ratios: Price-response

Zone PR-1 PR-10

2hr 4hr 12hr 2hr 4hr 12hr
NYC 80.83 79.96 73.54 83.69 83.63 75.67
LONGIL 82.33 80.61 79.10 82.98 83.94 82.38
NORTH 7824 75.87 71.02 79.52 79.96 74.29
WEST 84.43 80.37 83.65 8797 87.44 8443

Table 2.3: Captured percentage profit ratios: Hour-ahead

Zone HA-1 HA-10

2hr 4hr 12hr 2hr 4hr 12hr
NYC 7399 7482 77.00 78.79 80.61 74.47
LONGIL 74.26 76.56 82.01 75.30 79.63 81.89
NORTH 73.22 71.71 70.17 75.83 77.21 73.16
WEST 78.79 80.13 84.17 83.12 83.94 84.60

Hour-ahead Bidding Performance

We now investigate hour-ahead bidding, which is the most common market design for energy
storage owners operating in the real-time market, where the storage submits bids an hour ahead of
time. Table 2.3 shows the hour-ahead bidding profit ratio in the NYISO case study. The profit ratio
is lower than the price response as the storage owner must decide on the bids one hour before the
actual time of arbitrage. The short-duration storage (2hr) cases have higher profit ratio reductions
(up to 7%) as the value function is more sensitive to recent market prices. On the other hand, the
long-duration storage (12hr) is more resilient and the hour-ahead bidding has little impact on the
profit ratio.

Hour-ahead bidding results also restate our observation from the price response case, that multi-
segment SoC bids are more beneficial for short-duration storage to better manage their SoC, while
the improvement is not obvious for long-duration storage. Overall, our approach achieved a higher
than 70% profit ratio in all hour-ahead cases, showing robust performance under different market

designs and storage technologies.
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Transfer Learning in AEMO

We now demonstrate the effectiveness of applying transfer learning to quickly adapt a pre-
trained value function prediction model from one market to a new market. In this case study,
we pre-train the prediction model using NYC price data from 2017-2018 and conduct arbitrage
in Queensland, Australia. In Queensland, we use selected data from 2019 for training and the
first 6 months of 2021 for evaluation. We skipped the year 2020 because of COVID-19’s impact.
To present the sensitivity of transfer learning over a limited amount of data, we consider various
durations of training dataset. We present a sensitivity analysis comparing the performance of
transfer learning versus training a model from scratch for the situations where we have access to
training data for only 3 days, 1 week, 1 month, and 1 year of data for the target zone. Thus this

case study has the following steps:

1. Use a pre-trained network (transfer learning) or a randomly initialized network (training

from scratch).

2. Use a limited duration of Queensland price data from 2019, ranging from 3 days to 1 year,
to train the model using transfer learning as outlined in Algorithm 6 , or normal training

outlined in Algorithm 5.

3. Test the arbitrage performance to arbitrage, as outlined in algorithm 7, using the first six-

month of data in Queensland, 2021.

Table 2.4 shows the arbitrage profit ratio results for Queensland. The transfer learning ap-
proach vastly outperforms training a model from scratch in data-scarce scenarios. Note that our
approach with transfer learning outperforms the University of Queensland St Lucia Tesla Battery
Project, which uses a commercial-grade model prediction control. Our approach achieves around
80% profit ratio compared to their reported 68.2% profit ratio for a 2-hour battery in the AEMO
market [33]. We also see that adding more data to the transfer learning case does not necessarily

increase performance, whereas training the model from scratch becomes a viable option once a
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Table 2.4: Percentage profit ratio for hour-ahead bidding in QUEENSLAND AUS with different amounts of training data

HA-1 HA-10
Duration Training No Data 3 Days 1 Week 1Month 1 Year NoData 3 Days 1 Week 1Month 1 Year
hr T.L. 7724 82776  82.85 81.30 85.35 7890 84.00  81.54 79.93 83.42
No T.L. X 4822  51.36 78.59  83.88 X 4459 4488 78.10  86.95
Ahr T.L. 81.21 81.29  81.31 78.11  79.12 84.06 87.44  84.34 7779 82.65
No T.L. X 6240 6545 74.92  80.42 X 5599 5599 7436  83.11
12hr T.L. 9243 8396  81.32 78.74  82.73 90.69 80.78  79.11 78.84  81.35
No T.L X 7479 7553 7439  75.43 X 73.65 7359 74.56  82.36
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certain amount of data is available. For the 2-hour storage, training from scratch becomes viable
when you have one month of data available for the target zone. For the 4-hour storage, the model
still needs about one month of data to reasonably perform when trained from scratch, though the
model can capture higher profit ratios for three days and one week of data than the 2-hour case.
Compared to both of these, the 12-hour storage seems to be the easiest for the model to learn,
only needing three days of data when training from scratch to achieve reasonable performance;
however, the 12-hour storage shows that the transfer learning approach outperforms training from
scratch for all data scenarios for 1 and 10 segments. However, since the 12-hr storage has a lower
opportunity cost and less significant change in the opportunity cost between sequential time steps,
predicting the opportunity value might not be an effective method.

The takeaway is that transfer learning beats training the model from scratch when data scarcity
is an issue. However, when the dataset size increases to a general size of 1 month, training from
scratch becomes a viable option. Additionally, adding extra data, past three days or one week
for transfer learning and the past 6 months for training from scratch, does not necessarily yield
better performance. As such, it is more useful to focus on stabilizing ConvLSTM’s volatile and
initialization-sensitive training and other changes to the training process. In almost all cases, using
the model trained on NYC data without any retraining performs comparably or even better than
transfer learning and even training a model from scratch. This indicates statistical robustness and
generality in the NYC data, and it also points to a unified generating distribution behind the price
data. However, further analysis is required regarding other permutations of transfer learning and

on testing different data duration permutations.

2.4 EVCS control with nonlinear physical models and uncertainties

In Section 2.3, we introduced how to handle price uncertainty in the energy storage real-time

market arbitrage problem, while simplifying by ignoring the nonlinearity in the energy storage

9© 2024 IEEE. Reprinted, with permission, J. Jaworski, N. Zheng, M. Preindl and B. Xu, "Vehicle-to-Grid Fleet
Service Provision Considering Nonlinear Battery Behaviors," in IEEE Transactions on Transportation Electrification,
vol. 10, no. 2, pp. 2945-2955, June 2024, doi: 10.1109/TTE.2023.3305235.
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physical model. However, our proposed method is capable of handling nonlinearity. In this section,
we consider an EV fleet charging problem, which involves nonlinearity not only in the battery
physical model but also in the charger.

Coordinating EVCS with time-varying electricity tariffs, such as real-time price, is becoming a
key business model for V2G applications as transportation electrification expands. Previous studies
have explored EVCS contributions to ancillary services and distribution grid control [34, 35, 36],
but capacities for these applications are becoming saturated by grid-scale energy storage [9]. As a
result, the focus has shifted toward minimizing EV charging costs in wholesale electricity markets,
where price response allows EVs to reduce charging costs while alleviating grid stress.

Several EVCS smart charging algorithms recognize the importance of accounting for both non-
linearity in battery characteristics and price uncertainty. However, many existing studies do not
fully address these challenges [37, 38, 39]. For instance, while some studies consider price uncer-
tainty, they often overlook the nonlinear behavior of EV batteries [40, 41, 42]. Additionally, many
of the approaches that account for nonlinearities do so only partially, without comprehensively
modeling relevant factors [43, 44, 45, 46].

Given the increasing role of V2G in electricity markets, it is crucial to develop methods that
handle both nonlinearity and price uncertainty simultaneously. A comparison of the literature
on this topic is presented in Table 2.5, illustrating the gaps in existing approaches. Our proposed
method closes this gap by integrating nonlinear battery characteristics and price uncertainty in both
energy storage arbitrage and EV charging problems. Using a real-time control algorithm based on
SDP in Subsection 2.3.2, we ensure computational efficiency while optimizing EV fleet charging

operations.

2.4.1 System Model and Formulation

We aim to minimize the charging cost for a public EVCS under either V1G (unidirectional) or
V2G (bidirectional) modes, where the electricity costs are settled in time-varying RTP. We assume

the EVCS has a sufficient number of identical chargers and there is no rejection of services. Dif-
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Table 2.5: Consideration of price uncertainty and battery parameters nonlinear behavior in smart
charging control formulations

Nonlinear Nonlinear

Price Power Nonlinear Cycling Penalty /

Uncertainty  Rating  Efficiency Degradation Cost
[37, 38, 39] X X X X
[43, 44] X V4 X X
[45] X X X v
[46] X X v v
[40, 41, 42] v X X X
Proposed v v / %

ferent from the energy storage arbitrage problem, the EVCS system must account for EV charging
sessions. Additionally, we integrate nonlinear behavior of EV charging and EVCS total power

limitation into our energy storage arbitrage formulation in Subsection 2.3.1.

EV Charging Sessions

We consider K number of EVs accessing the EVCS during the simulation period, with K =
{1,..,K} as the EV set. Each EV arrives/departs at time step Ax/Dy. In this section, we use the
subscript k£ € K to denote the EV index and the subscript t € 7y = {Ay,..., Dy} to denote the

time step index of charging session for k. We constraint charging sessions by:

eavk =Sk, epk = Fr, VkeXK (2.14)

where e, ; is the SoC of EV k at time step 7, and e4, x/ep, « is the SoC upon arrival / departure.
(2.14) defines EV k arrives with a starting SoC S, and departs with a charging target Fi. At
each EV arrival, the controller updates the tuple (Ax, D, Sk, Fi), which is used as input for the
proposed algorithm. We assume the EVCS has no prior knowledge or prediction capability of
EV arrivals Ay, but each EV will inform the EVCS its starting SoC Sy, departure time Dy, and
charging target F; upon arrival. Additionally, the controller has access to the current SoC levels

from all EVs.
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Figure 2.4: Assumed EV battery SoC-dependent parameter curves for all EVs

2.4.2 Nonlinear Behavior

We consider a generic EV charging model with efficiency and cycling penalty as quadratic
functions of SoC [47], and power rating curves resemble a Tesla Model S fast charging curve with
custom-defined CC-CV behavior [48]. Figure. 2.4 depicts the assumed parameter curves. Note
that the assumed curves were presented as an example. The algorithm utilized in this research
can accommodate any other types of nonlinear curves estimated by the individual EV’s battery

management system. We model the battery nonlinear behavior of each EV as constraints (V¢ € 7%):
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0< b;,k < Bk(et_l,k) (2.15)
0 < pix < Pir(er—1x) (2.16)

ek —ei—1.k = —Pri/Mk(er—1k) + bix - ni(er-1,x) (2.17)

in which b, i / p x s the charge / discharge power, By / Py is the upper bound of the charge / discharge
power output, and 7 is the efficiency. In order to capture the SoC dependent nonlinear behavior
of By, Pk, and ni, we model all of them as functions of e;_; ;. This implies that the power rating
and efficiency in time step ¢ depend on the SoC in the previous time step t — 1. (2.15) and (2.16)
model the upper and lower bound of EV power output. The SoC evolution is represented in (2.17)
by utilizing a piece-wise linear approximation of the battery’s nonlinear parameters, which takes
into consideration the interval price changes in the electricity market. The controller employs a
low-resolution version of the battery’s nonlinear parameter curves for use in control policy com-
putations, resulting in the discretized form of (2.17). This assumption is made to simulate the

challenge of approximating the behavior of EV batteries during online smart charging control.

Full Formulation

We formulate the EVCS fleet management problem as:

min > 3" (k= i) + Celer 1Pk (2.18a)
bt kPt k
keXK 1T
s.t. (2.14),(2.15),(2.16), (2.17) (2.18b)
E, <e <Eg (2.18¢)
S <L Y bus<L (2.18)
keK keK
{bix,prxlk € K,t € T} € Causal Control Policies (2.18¢)
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The objective (2.18a) of the EVCS is to minimize the total charging cost of all EVs: the first
term is the electricity cost, with A; denoting the RTP of electricity, and the second term prevents
excessive degradation. Please be aware that simultaneous charging and discharging events for the
same vehicle do not occur, as they necessitate significant negative electricity prices, typically in
the range of negative hundreds of dollars, given current battery efficiencies. Cj is modeled as a
differentiable function of the SoC e;_; x for each EV k according to the nonlinear battery model.
Note that while the EVCS operator does not assume EV battery degradation cost, it considers
an EV battery discharge penalty to avoid excessive cycling. (2.18c) uses E, /Ej to model EV
minimum /maximum SoC limit. In (2.18d), the total charging and discharge power from all EVs
is subjected to the station power limit L. (2.18e) defines the control policy must be causal (non-

anticipatory) and only depend on past and current information [49].

2.4.3 Solution Method

We take a two-step approach to solving the EVCS control problem (2.18). First, we use a com-
putation efficient SDP method in Subsection 2.3.2 to solve each EV’s charging program subjecting
to price uncertainties, individual battery models, and charging targets. This step satisfies all con-
straints in (2.18) except the EVCS power limit constraints (2.18d). Then, we adopt a Least Laxity
First (LLF) approach [50] to aggregate the controls from all EVs in compliance with the EVCS

power limit.

Decomposition to Arbitrage Problems

We can decompose (2.18) into parallel arbitrage problems by relaxing the charging station
power limit constraint (2.18d), which are the only coupling factors among all EVs. Each resulting
sub-problem becomes an arbitrage problem that maximizes the arbitrage profit (or, equivalently,
minimizes the charging session electricity cost) while meeting the final SoC target. Thus, we
model single EV’s charging problem as energy storage arbitrage problem in Subsection 2.3.2. We

will discuss in later subsections how we aggregate results from all EVs to incorporate the EVCS
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power limits.

Solution Method with Nonlinearity

To solve the SDP problem (3.3) consider nonlinearity, we extend the solution approach in
Subsection 2.3.2 by incorporating the SoC-dependency of battery behavior parameters into the

first-order optimality condition expression as

qr-1, i(er—1]A;) =

( op: _ b, ) Ci(er ) Op: B 0Ci(er-1)
dei—1  Oesq ot de;_1 dei_1 '
de;
+vtj(e,)a =0 (2.19)

where ¢g,_1;(e;—1 | A;) is the derivative of Q,_;(e;1 | A;), or the storage device’s marginal opportu-
nity value. We introduce index i, j to represent 12 price nodes in Markov process at ¢t and ¢ + 1.

According to the Karush-Kuhn-Tucker (KKT) conditions and dual decomposition of (2.17), we
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obtain the following:

op:/de;—1 = (2.20a)
n+ (p:/n)-(dn/de) if (2.16) not binding
dP/de if (2.16) binding

Ob;/0e,—1 = (2.20b)
—1/n = (bs/n)-(On/de) if (2.15) not binding
0B/de if (2.15) binding

Oe,/de;_1 = (2.20¢)
0 if (2.15) or (2.16) not binding

1= (1/m)-(P[de) + (1/n)*-(dn/de)P

+17-(0B/de) + B-0n/de if (2.15) and (2.16) binding

By replacing the partial derivative expressions given by (2.20) in (2.19) for full power rating
(binding) and partial (non-binding) charging or discharging cases, we obtain an analytical marginal
opportunity value function update expression. Note that the expressions in (2.20) involve the opti-
mization variables p; and b;. The expressions are solved by approximating p; and b, by the power
ratings B and P corresponding to the current SoC. The full formulation of this equation is deferred
to Appendix A.4.

Thus, we can apply Algorithm 1 and Algorithm 2 in Subsection 2.3.2 for single EV charging
problem, similar to energy storage arbitrage problem. The final marginal value function setting
for energy storage arbitrage can be interpreted as a Lagrangian relaxation to incorporate the final
SoC charging target constraint into the SDP by assuming an arbitrarily large penalty ($1000/MWh)
for not achieving the charging target. This enables the marginal value function corresponding to
the EV departing time step to act as an inverse activation function, with a linear penalty cost to

the battery SoC until reaching the specified charging target. This enforces the battery to charge
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regardless of the price when approaching the end of the charging session in V1G and V2G cases
to meet the charging target.

When applying this control policy with a nonlinear system, the assumption is that the storage
device parameters B, P, i, and C used in the elaboration of the control decision are approximations
of the real storage device behavior parameters. The control decision will be calculated using a
trained model from historical price data and executed in the testing environment. The testing

environment will limit the control inputs to a range within the true storage behavior constraints.

EV Fleet Control Simulation

The full simulation algorithm is illustrated in Figure. 2.5 and is described as follows:
1. Initialization. Start from the first time period and the first EV.

2. Marginal Value function calculation. Go through each plugged-in EV, and calculate their
SoC opportunity value function based on the price distribution indexed from the current time

period ¢, the remaining charging time and the SoC charging target.

3. LLF aggregation. Compute the ratio of time elapsed in the current session to the total
session duration for each connected EV. Based on the calculated ratios, sort the EVs in

descending order.

4. Execute arbitrage policy. Following the LLF ranking order, execute the control policy for
each EV as described in Algorithm 1 and Algorithm 2. If the facility power limit is reached,

set the remaining EVs’ power control signals to zero and go to step 1.

5. Next time step. Go to step 1 until reaching the target simulation time.

Note that the control signals in Step 4 will be truncated by the testing environment if they are
outside the range of the actual battery behavior model. The LLF sorting step provides a lightweight

solution to aggregate the individual value function results and comply with the facility’s power
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Figure 2.5: Flowchart for the EV Fleet control simulation

41



limit. This enables the modular nature of the algorithm components and prevents exponential

computation time growth as the number of EVs in the EVCS increases.

2.4.4 Case Study
Data and Experiment Design

We test the proposed EVCS control algorithm using the 2019 NYISO price data. Price uncer-
tainty is modeled using a first order Markov process trained with 2016-2018 NYISO price data.
We include prices from four zones to demonstrate performance results in different price patterns:
NYC, LONGIL, NORTH, and WEST.

We model all EVs with identical SoC-dependent parameter curves and three capacity categories
(60kWh, 80 kWh and 100 kWh). Although the proposed method can handle different parameter
curves and a wider range of EV capacities, we made these assumption in our case study for sim-
plicity. A 101-sample resolution version of the SoC-dependent battery parameter curves shown
in Figure. 2.4 is considered as the ground truth and used as the testing environment. We assume
that the controller has access to a 10-sample resolution version of the same battery nonlinear pa-
rameter curves. With this resolution gap between the environment and the valuation process, we
demonstrate the effectiveness of the proposed algorithm in providing efficient control with a lim-
ited amount of data to approximate the battery model.

We consider six scenarios to test the proposed algorithm and establish benchmarks for com-
parison. The PF (perfect forecast) benchmark represents the lowest possible EVCS operating cost
obtained by performing a deterministic optimization using RTP in Julia with Gurobi. The UC (un-
controlled charging) benchmark represents an EVCS without a control policy or V2G capability
where EVs start charging as soon as they arrive at the EVCS and charge with the maximum allow-
able power rating at all times until reaching their charging target. Facility power limits are fairly
distributed among actively charging EVs. The considered scenarios characteristics are summarized
in Table. 2.6.

The EVCS consists of 21 bi-directional (unless otherwise noted by the scenario being tested)
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Table 2.6: Case study simulation scenarios

Controller
Assumes
Solution Uncertain Nonlinear
Scenario  Method Price Battery  V2G

PF MILP
uC N/A
NL-V2G Proposed
NL-VIG Proposed
L-V2G  Proposed
L-VIG  Proposed

SNENENENEE
*x X NN X% N
EENEIENESEN

17.2 kW level-2 chargers and has a 150 kW power limit, leading to an over-subscription ratio of
2.4. We assume 75 users have access to the EVCS. EV battery capacities are assigned uniformly
at random and kept constant for all scenarios. The randomized capacity assignment results in
twenty-three 60kWh EVs, twenty-seven 80 kWh EVs and twenty-five 100 kWh EVs. Users’ en-
ergy requested, and arrival and departure times are obtained from the Caltech ACN dataset [51],
specifically using the 2019 JPL data with energy requests greater than 5 kWh. Figure. 2.6 shows
the distribution of arrival and departure times of the dataset that will be used for the simulation. A
starting SoC of 10% is assumed for all arrivals. The SDP method in Subsection 2.3.2 is performed
in all scenarios using the described Markov process to handle price uncertainty.

For a charging session to be successful in any of the scenarios, the control algorithm must
achieve a final SoC within 5% of the user’s SoC charging target. We define the Charging Target
Compliance performance metric as the ratio between successful and total charging sessions. Note
that the user may input a target that is infeasible due to a short session duration. The charging
target compliance metric will exclude these infeasible cases.

The benchmark (PF) was implemented using mixed integer linear programming (MILP), as
shown in Appendix A.5, along with the proposed algorithms and the EVCS simulation, in Julia

programming language with the optimization solver Gurobi [52].
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Dataset.

44



Cost Savings and Charging Target Compliance

Figure. 2.7 shows a sample charging session using both NL-V2G and NL-V1G scenarios. V2G
achieves cost reduction by charging during low price periods and capturing additional revenue
through energy arbitrage, and V1G reduces EVCS operating costs only through its smart charging
capability. Note that embedding the final SoC requirement in the value-to-go function calculation
results in successful charging sessions for all the shown cases while minimizing total cost and EV
battery cycling during the session.

Figure. 2.8 shows the EVCS operating cost savings achieved by the proposed algorithm and
the PF scenario as a percentage of the UC (uncontrolled charging) scenarios as well as the charg-
ing compliance results across the four considered NYISO zones. NL-V2G results in an average
operating cost savings of 38% over UC, with savings reaching up to 56% in the WEST zone while
maintaining average charging compliance of 97%. The cost savings average drops to 21% across
zones if NL-V1G is used. This demonstrates the impact of bi-directional charging capability on
EVCS operating costs. Both L-V2G and L-V1G result in increased average cost savings (49% and
27% respectively) compared to NL-V2G and NL-V1G, but at the expense of charging compliance
(68% for L-V2G and 61% for L-V1G). L-V2G and L-V1G increased cost savings come from es-
timating the nonlinear power ratings as constant, which causes mismatches between the control
signal and the actual power rating capability at a given time step. This mismatch leads to EVs not
achieving their session charging target, which results in lower power purchased from the grid and
reduced charging target compliance. Additionally, Figure. 2.9 shows the cumulative costs of the

V2G/V1G PE, NL-V2G, NL-V1G, and UC cases for the simulated year.

V2G Energy Equivalent Mileage

Most EVs have a battery warranty based on the production time and the drive mileage. To
this end, V2G puts on additional discharges to the battery and may accelerate the expiration of
the manufacturer warranty. In this section, we study how much additional energy is discharged in

V2G and the equivalent mileage consumption to understand how much stress V2G would put on
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Figure 2.7: Performance of the proposed control policy in a 9-hour charging session in both (a)
NL-V2G and (b) NL-V1G scenarios.
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Figure 2.9: EVCS cumulative operating costs during 2019 for all simulated NYISO zones. Perfect-
forecast V2G/V1G, stochastic V2G/V1G and uncontrolled charging scenarios are shown.
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Table 2.7: Energy Balances (in MWh) for a 1-year EVCS simulation

Zone NYC NORTH WEST LONGIL
NL-V1G Charged 14576  146.28 146.57 145.90
NL-V2G Charged 154.61 15226 165.80 158.51
NL-V2G Discharged  7.64 4.68 16.45 11.05

battery warranties.

Table 2.7 compares the total EVCS energy input (charged) and output (discharged) in NL-V2G
and NL-V1G scenarios across all NYISO zones. On average, 6.2% of the total energy charged in
the NL-V2G scenario is used for discharging to arbitrage electricity prices. From these results, an
equivalent mileage value for an EV participating in a V2G EVCS can be estimated by translating
the energy output from the station to mileage through an EPA EV range estimate [53]. This value
becomes relevant when calculating the impact of V2G on EV warranty, which is regulated to
be the first of 8 years or 100,000 mi (15 years or 150,000 mi proposed in California) [54]. As
a case study, we use the Tesla Model X EPA estimated range of 348 mi for a full charge (100
kWh) [55]. Subsequently, a fraction of yearly energy output from the NYC EVCS (9.6 MWh),
proportional to the number of charging sessions corresponding to a particular EV (139 sessions
out of a total of 2967), is equivalent to a mileage value of 1565 mi. This corresponds to a 12%
increase in the average mileage driven per year (USDOT average is 13500 mi [56]), which would
lead to passing 100,000 mi approximately nine months earlier than the baseline average mileage.
Additionally, using the EVCS total energy output, an EPA estimated range of 348 mi and the
cost savings achieved by V2G result in an incremental EVCS operating cost savings benefit of
$0.125/kWh and $0.036/mi. Using our proposed method to estimate V2G equivalent mileage
under different control policies would increase accuracy when performing long-term EVCS TEA

studies.

Computation Times

Table 2.8 shows computation times for 1-year simulations of three cases all using nonlinear

battery models: 1) PF-MILP: nonlinear V2G optimization with perfect price forecast formulated
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Table 2.8: Computation times (in seconds) for a 1-year V2G simulation

Zone NYC NORTH WEST LONGIL
PF-MILP 5567 6123 6117 6214
PF-DP 97 93 90 97

NL-V2G 830 825 829 814

using MILP and solved using Gurobi; 2) PF-DP: nonlinear V2G optimization with perfect price
forecast solved with the proposed algorithm, note that in this case there is no uncertainty, so the
proposed algorithm is essentially dynamic programming; 3) NL-V2G: nonlinear V2G optimization
solved using the proposed stochastic dynamic programming algorithm. Hence, PF-MILP and PF-
DP are deterministic, while SDP is stochastic.

The computation time result shows the computation tractability of the proposed algorithm in
both deterministic and stochastic optimization. The comparison between PF-MILP and PF-DP
is an apple-to-apple comparison as both algorithms solve a deterministic EVCS problem. PF-
DP, the deterministic version of our proposed algorithm yields an average result within 1.5% of the
solution times provided by the MILP formulation, while the computation time is around 60x faster.
Our proposed SDP-based algorithm achieves a computation time 7.5x faster than the MILP. Note
that SDP is solving multi-stage stochastic optimization while the MILP is solving deterministic
optimization, while both use nonlinear battery models. Therefore, our proposed algorithm can also
be considered a faster, more efficient, and open-source alternative for solving deterministic smart

charging control case studies.

2.5 Summary

In this chapter, we address the increasing role of ESRs in wholesale electricity markets, fo-
cusing on the challenges of market price uncertainty and the nonlinearities in physical model. We
develop an analytical dynamic programming framework that incorporates dynamic programming
with SDP, MLP, and ConvLSTM to handle price uncertainty and extends the solution method for
nonlinear physical models.

This framework enables optimal control and bidding strategies for ESRs and EV charging
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systems, providing a scalable, computational cost efficient solution that adapts to varying market
conditions. Importantly, it also offers a means to model the strategic behavior of energy storage,

making it useful for integration analysis, which will be further explored in Chapter 4.
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Chapter 3: Energy Storage State-of-Charge Market Model

3.1 Motivation

Integrating ESRs into wholesale electricity markets requires the development of new models.
In centralized electricity markets, which cover most regions in North America, participants must
bid using a resource model representing their operational characteristics in the market clearing.
For example, conventional thermal generators submit power segment bids stemming from their
heat rate curves and other operation or cost parameters, including startup costs, no-load costs,
ramp rates, and minimum up and down time [57]. However, ESRs have distinctly different op-
erational characteristics compared to conventional thermal generators and need different bidding
parameters. The FERC has recognized this need and issued Order 841, which requires that fu-
ture electricity market designs “account for the physical and operational characteristics of electric
storage resources through bidding parameters or other means” [5].

This need for a new model for ESRs is mainly driven by the challenges associated with man-
aging the SoC of ESRs, which current market models fail to address effectively. Managing SoC of
ESRs is critical for system operators and energy storage participants. The energy storage opportu-
nity cost depends on SoC, and various storage operation factors, including degradation rates and
efficiencies, depend on power rating and SoC [18, 58, 59]. Managing SoC is achievable in day-
ahead markets with a 24-hour optimization horizon but is not effective in real-time markets [60].
Currently, most system operators allow storage to participate in markets by self-scheduling or
submitting both charge and discharge bids [22]. Storage has complete control over its SoC in

self-scheduling but loses the flexibility to react to actual system conditions, decreasing revenue

9© 2024 IEEE. Reprinted, with permission, from N. Zheng, X. Qin, D. Wu, G. Murtaugh and B. Xu, "Energy
Storage State-of-Charge Market Model," in IEEE Transactions on Energy Markets, Policy and Regulation, vol. 1, no.
1, pp. 11-22, March 2023, doi: 10.1109/TEMPR.2023.3238135.
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potential and social welfare. Managing SoC through existing bidding models is difficult as storage

participants cannot update their bids in a timely manner based on SoC [61].

3.2 Contribution

This chapter introduces a storage market model that allows energy storage participants to effec-
tively manage their SoC through economic bids and better represents SoC-dependencies of energy
storage physical and operational characteristics.

The main contribution is five-fold:

* We introduce an SoC segment market model for energy storage participation to economically
manage their SoC in wholesale electricity markets. The model allows energy storage to
submit power rating, efficiency, and charge and discharge bids by segments according to the

SoC ranges.

* We incorporate SoC-dependent physical parameters into our previous storage bidding algo-

rithm to generate time-varying SoC-dependent charge and discharge bid curves.

* We combine the proposed market model with the optimal bidding algorithm to benchmark
the proposed model with existing market models in terms of system costs, price results, and

storage revenue in price-taker and price-influencer cases.

* For storage models whose parameters are independent of SoC, we model SoC-dependent
bids as linear programming in real-time markets. Results show the proposed model reduces

total system costs and price volatility with little effect on the computation time.

* For storage models whose physical parameters are dependent of SoC, we model SoC-dependent
bids using mixed-integer linear programming, in which integer variables are required to
model the inherent non-convexity. Results show modeling the SoC dependency in day-
ahead (multi-period) and real-time markets can significantly reduce system costs and price

volatilities, and improve storage revenue, but have to trade-off computation time.
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3.3 Formulation

We first define an SoC-dependent energy storage model in which the power rating, efficiency,
and discharge cost depend on storage SoC. We describe how to incorporate SoC-dependent energy
storage model into multi-period optimizations, which we will use as a benchmark for comparison.
We then present the single-period SoC segment market model, which dispatches storage using

SoC-dependent charge and discharge bids and SoC-dependent energy storage model.

3.3.1 State-of-charge Dependent Energy Storage Model

We consider a generalized piece-wise linear storage model in which the storage has S segments
of discharge cost, efficiency, and power rating parameters to model their dependency over SoC.

Each segment s € S = {1, ..., S} is specified according to the following parameters:

* E; denotes the ending SoC range of segment s in MWh. Segment s has an SoC range
between E;_; and Ej, E is the lower SoC limit, and Ej is the upper SoC limit. The sequence

of the SoC segment index s is monotonic with the SoC range, i.e., E; > E; for all i < s.

* C is the physical discharge cost of segment s, in $/MWh; this cost includes prorated cost
based on battery degradation and other maintenance costs, but does not cover the electricity

cost of charging the storage.

* D, is the maximum discharge power output of segment s standardized with the dispatch time

step, in MWh.

* P is the maximum charge power output of segment s standardized with the dispatch time

step, in MWh.
« n¢ is the discharge efficiency of segment s, n¢ € [0, 1].

« ¥ is the charge efficiency of segment s, n? € [0, 1].
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Figure. 3.1 shows a 5-segment example of the storage model parameters, where charge and
discharge efficiency are simplified to be identical but we can model them as different parameters.

We present a multi-period model that dispatches storage directly using SoC-dependent param-
eters. Although in theory power system operators can use multi-period models to dispatch energy
storage in real-time using a look-ahead dispatch setting, this only applies to dispatch decisions
from the first time period and repeats the dispatch optimization with updated system states and
prediction horizon. The multi-period dispatch may not be practical due to computation and predic-
tion complexities. Therefore, the primary motivation for using the multi-period dispatch model is
to provide a benchmark for comparison with the single-period dispatch model.

We consider a generalized multi-period energy storage dispatch model with a time-varying
operating cost function J;(-) over a time horizon of t € 7 = {1,2,...,T}. We introduce binary

variables to enforce the SoC segment transition logic. We formulate the dispatch problem as

p,mlcg Z Jt( Z(pt’s Bl d“)) + Z Csdrs (3.1a)

teT seS seS
ste > (pis/Py) < vi, Y (dig/Dy) < 1=v, Vi €T (3.1b)
seS seS
ers—ei_1s=—dig/nt +pinl, V1€ T,s€8S (3.1¢)
(Es—Es-1urs <ers < (Es—Es_1)us -1, Vt € T,s €S. (3.1d)

The decision variables in (3.1) include non-negative continuous variables p; s, d; s, e;s and
binary variables v; and u, ;. p;s,d; s are the battery charging/discharging power output over time
period 7 from SoC segment s, and e; ; is the state of energy stored in segment s at the end of period ¢.
(3.1b) enforces the segment-wise power rating for charge and discharge power; the binary variable
ensures that the storage cannot charge and discharge simultaneously. (3.1c) models the segment

energy evolution subject to the segment charge and discharge efficiency. Finally, (3.1d) models the
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Figure 3.1: A 5-segment SoC-dependent energy storage model: (a) discharge rating; (b) charge
rating; (c) one-way efficiency; (d) marginal discharge cost.
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SoC segment logic, that a segment of higher SoC levels must be empty if the lower SoC segment
is not full; this logic is achieved using binary variables u; 5. u; ¢ = 1 indicates SoC segment s is full
during time period ¢ (e; s = E; — E5_1), and u; ; = 0 indicates the segment is not full. The upper
energy limit of SoC segment s is limited by u, ;_1, forcing e; 5 to be zero if the lower SoC segment
s — 1 is not full, i.e., u; -1 = 0.

Total power output and storage SoC is simply the sum of each segment, i.e.,

pi=) prss =) dis, er=) ey (3.1e)
s S N

where p; is the storage charge power output over time period ¢, d; is the discharge power output,
and e; is the storage SoC.

We employ binary variables u, ; to enforce the SoC segment transition logic because if we
relax u; g, the SoC segment transition may not follow the correct charging or discharging order.
For example, assume we have a 2-segment SoC model. The model should always discharge the
upper segment first or charge the lower segment first. Now assume the lower segment has a lower
discharge cost and the battery is fully charged. The optimization will discharge the lower SoC
segment first due to the lower discharge cost, which is against the SoC transition logic. On the
other hand, assume a 2-segment empty battery where the upper segment has a cheaper discharge
cost. In this case, the optimization will first charge the upper segment because it can discharge later
at a lower cost, which also violates the SoC transition logic. Therefore, we use binary variables to
enforce the SoC transition logic in this generalized storage SoC market segment model.

If the storage has constant parameters, i.e., a linear SoC independent storage model, it is equiv-

alent to a 1-segment model in which s € {1}.

3.3.2 Single-period Bid-based SoC Segment Market Model

We now formulate the single-period economic dispatch problem in which the system operator

dispatches energy storage based on their submitted bids with physical parameters instead of phys-
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ical parameters only. We assume the storage submits two sets of time-variant bids, each with §
segments. Same as the multi-period model, each bid and parameter segment is associated with an

SoC range E;_; to Ej.

* G, is the discharge bid over segment s, above which the storage is willing to discharge over

segment s.

* B, is the charge bid over segment s, below which the storage is willing to charge up over

segment s.

The single-period dispatch model with storage charge and discharge bids is

pt,Sadt,s

S S
min — J( Y (prs = di)) + D (Grds = Bispy) (3.20)

st. (3.16) — (3.1d) (3.2b)

which is subject to the same storage constraints as in the multi-period optimization case, but cov-
ers only one time period. We illustrate the proposed SoC segment market model in Figure. 3.2,
where energy storage participants can submit multiple charge and discharge bids between usable
SoC (USOC) and lowest SoC (LSOC), depending on SoC segments. We can adjust USOC and
LSOC according to the ancillary service award when considering the ancillary services market.
The single-period charge and discharge revenues are shown by blue and red shadow areas, respec-
tively. If G, ; and By s are strictly decreasing within time step ¢, we can relax the problem to linear
programming by omitting binary variables.

In single-period dispatch, we can remove the binary variable u, s if G, ; and B; ; monotonically
decrease with storage SoC increases. The major difference here is that the optimization considers
only a single time period at a time. If we relax binary variables, the single-period dispatch will
always try to discharge the segment with the lowest G, ; or charge segments with the highest B; .
If bids monotonically decrease with SoC increases, this becomes equivalent to always discharg-

ing SoC segments in descending order and charging in ascending order, which follows the SoC
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Figure 3.2: Illustration of SoC segment market model. Charge and discharge bids are segments
dependent on SoC ranges.

transition logic.

3.4 Bidding with SoC Segment Market Model

We include a bidding model in this paper with a focus on benchmarking the performance of the
proposed and existing storage market models in terms of system cost savings, price volatilities, and
revenues. While market participants are free to use any approaches to design bids following the
proposed market model, the bidding algorithm adopted in this paper is derived theoretically based
on dynamic programming and is proven to provide optimal arbitrage decisions [62, 18]. Thus, the
comparison reasonably represents results in a competitive electricity market.

We consider storage participants who design their bids using a profit-maximization price arbi-
trage model based on a set of price predictions A;. To handle the SoC dependencies in the storage

model, we approximate all storage parameters to depend on the storage SoC at the beginning of
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the time period. The resulting dynamic programming arbitrage problem becomes

Oi-1(ei-1) = lgl%iX/lt(dt - pi) —c(e-1)d; + Qi (er) (3.3a)

subjects to the following constraints

0<d;, <D(e;i-1), 0 < p; < Pes—1) (3.3b)
d;=0if 4, <0 (3.3¢)

e/ —er1 = —di/n’(ei1) + pi’ (er-1) (3.3d)
0<e <E (3.3e)

where Q,_ is the maximized energy storage arbitrage profit dependent on the energy storage SoC
at the end of the previous time period e;—;. Q; represents the opportunity value of the energy
storage SoC e; at the end of time period ¢, hence the value-to-go function in dynamic programming.
Note that to model the dependencies of the physical parameters, here the storage discharge cost
¢, power ratings D and P, and efficiencies nd and n? are all functions of e;—;. Hence, in this
dynamic programming formulation, we apply local linearization to assume the storage parameters
are constant within a single time step. In this case, we can up-sample the time step; for example,
instead of solving the problem using a market-clearing time frequency such as 5 minutes, we solve
the problem at a 1-minute resolution to obtain a more accurate local linearization to the nonlinear
storage model.

We now design bids based on factoring the marginal discharge cost and charge value counting

in both physical and opportunity costs

—1)d; — O (e; 1
(’)C(e 1)adl Q:(e;) _ c(e,_1)+%%(et) (3.4a)
aC(et—l)c(;t — Q:(e) = P q.(er) (3.4b)
Pt
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where ¢, is the derivative of Q;. To generate bids for each G, and B, ; segment, we replace the
discharge cost ¢ with the segment discharge cost cg. For g, we take its average value between the

SoC range E;_; to E by sampling SoC

1 .
Gt,s =~ Cs + n_d Z ql(elas) (3.4C)

N

Bis~ml ), %S\ji,s) (3.4d)
i s

where e; s € [Es_1, E] is the SoC samples and N; is the number of samples.
Our prior work [18] proposed an analytical algorithm that calculates g, recursively in reverse
order. This algorithm uses the following equation to calculate the value g;—; to an SoC input e

based on the opportunity function from the next time period g, as

Qt—l(e) =

qi(e+PnP) it 4, < g;(e + PnP)n?

AP if g;(e + PpP)nP < A; < q/(e)n?

q:(e) if g;(e)n” < A, < [gi(e)/n +c]*

) (3.5)
(/lt—c)ﬂd if [q,(e)/nd+c]+ < A

< lgi(e =D /) [n? +c]*

q:(e - D/Ud) if 4; > [q;(e - D/Ud)/ﬂd +c]™.

Note that in (3.5), c, n?, nd, P, D are all functions of ¢, but we omitted the function form
for simpler presentation. Since e is input to (3.5), the algorithm simply looks up the value of
storage parameters based on the input e and finishes the calculation. Thus, we solve the dynamic
programming by initializing the final value function g7 as all zeros indicating no more opportunity

value at the end of operation horizon, then we perform (3.5) in reverse order to calculate g, over
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the entire time horizon.

We further discretize g, by equally dividing energy storage SoC level e into small segments,
which is finer than the power rating P. For any SoC level ¢;, we can find the nearest segment
and return the corresponding value. Note that Q; in the objective function is the integral of g;.
Therefore, discretizing the derivative ¢, is equivalent to approximating Q, using piece-wise linear

functions.

3.5 Case Study

3.5.1 Price-taker Case Study

In the first case study, we consider an energy arbitrage problem assuming energy storage is a
price-taker with no power to influence market prices. The objective of the price-taker case study
is to simulate real-time market clearing with various storage market models while assuming the
storage would not impact the market price. In this case, the market clearing problem - in which
the system operator minimizes the total system operating cost, can be equivalently modeled as an
arbitrage profit-maximizing problem [10]. However, the key difference between our considered
price-taker market clearing model and a price-response/self-schedule model is that the storage’s
action is constrained by its bids, which must be submitted one hour ahead of time and the bid must
stay the same for each hour which contains twelve market clearing time periods. Storage charge
and discharge decisions in our study have to be a result of comparing the submitted bids and the
market clearing price.

To focus on the comparison of market models, we assume the storage can predict price perfectly
but must obey the market rule to design bids and be cleared. This case study aims to demonstrate
how different storage market models would impact storage arbitrage profit potential. In terms of

market design, we consider three market models:

1. Multi: the energy storage is not constrained by the market bidding model and can freely

make charge and discharge decisions to arbitrage price differences. This case represents the
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best possible arbitrage results and adopts the optimization multi-period dispatch model (3.1).

2. RTD-1: the storage submits one charge bid and one discharge bid for each hour, and the
system operator clears the storage bids in single-period real-time dispatches. This model
represents existing storage participation models being used now in most ISOs. This case

uses optimization model (3.2) and sets S = 1 as it assumes a 1-segment model.

3. RTD-S: similar to RTD-1 except the storage submits 5-segment bids as proposed in this
paper. We use an equally spaced 20% SoC segment range; this case uses optimization

model (3.2) and sets S = 5.

All three cases use a price arbitrage objective function; the J; function in the objectives (3.1a)

and (3.2a) becomes the product between price and storage total power:

T 25 (prs = di)) = 2( Z5prs — dis) (3.6)

where A, is the market price.

We use the 2016 CAISO real-time locational marginal prices of one node (WALNUT_6_NO11)
with 5-minute resolution. The energy storage submits hourly charge/discharge bids, and the real-
time market clears every 5 minutes. Hence, in Multi, the storage optimizes charge and discharge
decisions every 5 minutes, while in RTD-1 and RTD-5, the storage bids are the same through 1
hour, and will be cleared every 5 minutes.

We consider an SoC-independent storage model and several SoC-dependent storage models in
this case study to demonstrate the effectiveness of the proposed SoC market model as shown in
Table. 3.1. In both case we apply multi-period dispatch model (Multi) and single-period dispatch
model with SoC segment market model (RTD-1 and RTD-5). We assume a 4-hour battery energy
storage with 1 MWh capacity in all models. In the SoC-independent storage model, we use con-
stant parameters assume the charge/discharge power rating of 0.25 MW (normalized according to

4-hour energy storage with 1 MWh capacity), one-way charge/discharge efficiency of 90%, and
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Table 3.1: Comparison of SoC-independent case and SoC-dependent case

Multi-segment bidding Multi-segment parameters
SoC-independent v X
SoC-dependent v v

Table 3.2: Arbitrage simulation results with CAISO WALNUT 2016 price data with SoC-
independent storage models

Storage Market Revenue Cost Profit Profit Solution

Model Model [$] [$] [$] Ratio [%] Time (s)
Multi 23042 3770 19272 100 51
IDP  RTD-5 22856 4100 18757 97.3 6
RTD-1 20606 3699 16908 87.7 3

marginal discharge cost of $20/MWh for all segments. In contrast, SoC-dependent storage model

parameters are approximated to 5 segments of step-wise linear functions as shown in Figure. 3.1.

SoC-independent Storage Model

We first compare the three market models using an SoC-independent storage model in which
the storage power ratings, efficiencies, and discharge costs are constant. The year-round result of
2016 is shown in Table 3.2. The single-period model with SoC segment bids (RTD-5) only loses
2.7% of profit compared to the multi-period model (Multi) due to hourly bidding limitations. The
energy storage cannot change bids according to price/opportunity cost variation within hours and
submits averaged bids to the system operator instead. The single-period model with 1-segment
bids (RTD-1) loses 9.6% more profit than RTD-5. The result shows that RTD-5 improves storage
profit in the market even energy storage parameters are SoC-independent because RTD-5 incor-
porates SoC-dependent opportunity value. The single-period dispatch decouples inter-temporal
decision variables, which reduces problem complexity. Therefore, the solution times for single-

period models are lower than for the multi-period model.
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SoC-dependent Storage Model

We now compare market designs using SoC-dependent storage models, in which the storage
power rating, efficiency, and discharge costs depend on the SoC range. We let the storage operator
design bids using the SoC-dependent storage model in RTD-1 and RTD-5. Only in RTD-1, the
dispatch instructions are not always feasible because the system operator clears the market using
an SoC-independent (1-segment) storage model while the actual storage model is SoC-dependent.
Energy storage submits average discharge cost, highest efficiency, and highest power rating as
industrial implementation to maximize their profit, provided most arbitrage profit comes from
sparse abnormal prices. To bound energy storage dispatches within the physically feasible region
of the storage in RTD-1, we project the dispatch instruction to the storage feasible operation region

as in (3.2b) by minimizing the square error, i.e.:

ming, ., , || Xy prs = il P + 1| 2y drs = dil? (3.7

subjects to (3.2b) (3.8)

where p, and d, are the dispatch instructions cleared by the system operator. In this setting, we
simulate the process of SoC-dependent energy storage submitting bids to the system operator and
trying their best to follow the received dispatch signals from the system operator.

We design five SoC-dependent storage models with different power ratings, motivated by our
observation that SoC-dependent storage power ratings are the primary factor affecting storage

profit potentials:

1. DPA: the storage has SoC-dependent segment-wise charge and discharge power ratings as

shown in Figure. 3.1.
2. DPB: same as DPA except the storage has a constant discharge power rating.

3. DPC: same as DPA except the storage has constant charge and discharge ratings.

64



Table 3.3: Arbitrage simulation results with CAISO WALNUT 2016 price data with SoC depen-

dent storage models

Storage Market Revenue Cost Profit Profit Solution
Model Model [$] [$] [$] Ratio [%] Time (s)
Multi 20803 3228 17575 100 283
DPA  RTD-5 17328 2707 14621 83.2 22
RTD-1 12468 2389 10079 57.3 16
Multi 21233 3148 18085 100 193
DPB  RTD-5 20372 2995 17377 96.1 19
RTD-1 17544 2834 14710 81.3 11
Multi 22081 3310 18772 100 97
DPC  RTD-5 21450 3382 18068 96.2 18
RTD-1 18529 3056 15472 82.4 11
Multi 21905 3470 18435 100 170
DPF  RTD-5 20174 3299 16875 91.5 18
RTD-1 17261 2851 14410 78.2 11
Multi 21833 3236 18598 100 172
DPL  RTD-5 19898 3282 16616 89.3 18
RTD-1 14462 2893 11569 62.2 11

4. DPF: the storage has a constant charge power rating but the discharge power ratings decrease

in the first segment. Discharge power ratings are [70%, 100%, 100%, 100%, 100%] of the

highest power rating; otherwise, the model is the same as DPA.

5. DPL: the storage has a constant charge power rating but the discharge power ratings decrease

in the last two segments. The segment-wise discharge power ratings are [100%, 100%,

100%, 90%, 50%] of the highest power rating; otherwise, the model is the same as DPA.

Table 3.3 shows the result for the entire year of 2016. In DPA, RTD-5 gets a lower profit ratio

than the SoC-independent storage model case, and RTD-1 only captures 57.3% profit compared

to Multi. However, in DPB, when the discharge rating is constant, we reached a profit ratio close

to the SoC-independent case. We further investigate two SoC-dependent energy storage models

with different discharge power rating curves (DPL and DPF). The performances of single-period

models are better than the DPA case, especially in DPF, which only has reduced power rating at

lowest SoC segment. The charge power rating has little effect on the profit ratio, as shown in the

65



()]
o

© lllEﬁnQe

© 40 | R Multi |
Q

c

Q

320t -
8]

o

0

10 20 30 40 50 60 70 80 90
SoC [%]

Figure 3.3: Histogram comparing SoC distribution in multi-period (Multi) and single-period dis-
patch (RTD-5) results of the nonlinear storage model.

DPC case.

RTD-5 provides a lower profit, primarily because the storage has to discharge at a lower power
rating when price spikes occur, and the SoC is not positioned at the 20% to 60% range with the
highest power rating. In the single-period dispatch, the storage is more likely to charge up to high
SoC values or discharge to low SoC values based on the submitted bids, while the multi-period
optimization better optimizes operation based on SoC segments.

Figure. 3.3 shows a histogram comparing SoC distribution in the DPA model with the Multi
and RTD-5 cases. The energy storage stays between 20% to 60% more often in the Multi case, so

the storage can discharge at a higher power rating more frequently than the RTD-5 case.

3.5.2 Price-influencer Case Study

In the second case study, we consider energy storage as a price-influencer, meaning its charge
and discharge will affect the price. We assume a competitive market in which the storage partic-
ipant will not try to exercise market power, but its action will still impact the market prices and
other outcomes. Since the focus of the study is to compare different storage market models, we
assume the storage only participates in real-time markets and has a perfect prediction of the day-
ahead market prices cleared without energy storage participation, but cannot predict how its market

actions will impact the real-time price clearing. To do this, we first perform a day-ahead 24-hour
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unit commitment in AppendixB.1 without storage and record the dispatch cost, commitment status,
and prices. The storage will use the price results from the unit commitment and design bids using
the considered market rule, and then we perform both a multi-period dispatch and a sequential
single-period dispatch using the same demand and wind profile, and the commitment results from

unit commitment. Two types of dispatch settings are compared:

1. Multi-period dispatch (Multi): The system operator solves a 24-hour period economic
dispatch with storage’s physical cost as in AppendixB.2 (B.2a). The Multi-period case also
serves as a benchmark as it provides the optimal dispatch result if assuming the same storage

model and forecast accuracy.

2. Single-period dispatch (RTD): The system operator solves sequential real-time dispatch
problems with storage bids as in AppendixB.2 (B.2c). These bids cover both the physical

and opportunity cost of the storage.

We do not consider ramp limits so that the multi-period and single-period dispatch yield the
same dispatch and price results without storage, as there are no more inter-temporal constraints.

We perform simulations on an Independent System Operator New England (ISO-NE) 8-zone
test system [63]. The system demand varies between 9 GW to 17 GW, with an average of 13 GW.
The wind capacity is 6.5 GW with an average wind capacity factor (average power output divided
by its maximum power capability) of 0.4. We pick five representative demand and wind profiles
for our study using a K-means approach. In all cases, we observe the market clearing results with
storage capacity increasing from 1 MW to 1000 MW with a 4-hour duration, simulating increasing

storage participation in markets. We assume multiple storage have the same action.

SoC-independent Storage Model

We first consider an SoC-independent storage model to show the benefit of implementing SoC-

segment market models even if the storage physical parameters are independent of SoC. In this
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Figure 3.4: Market clearing results comparison with SoC-independent storage models. All sub-

figures use the legend in Figure. 3.4f.

case, the system operator can dispatch the storage optimally in multi-period dispatch without im-

plementing SoC-segment models. Yet, the SoC-segment model still provides benefits in real-time

dispatch as the storage opportunity cost depends on the SoC. In this case study, we have stor-

age with a one-way efficiency of 90%, total charging/discharging power ratings are normalized

according to installed 4-hour energy storage capacity, and marginal discharging cost at $20/MWh.

Figure. 3.4 shows the simulation results with different installed energy storage capacities over

multi-period and single-period dispatch using different market models.
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SoC-dependent Storage Model

We now consider an SoC-dependent model, in which storage physical parameters depend on
SoC, to demonstrate the benefit of dispatch storage using SoC-segment models. In this case, mod-
eling SoC segments will improve the dispatch accuracy in both multi-period and single-period
dispatch, as an SoC-segment model provides a closer approximation to the true storage model. In
the case study, we consider a storage segment model the same as Figure. 3.1, prorated to 1, 5, or
10 segments depending on the case study setting. Note that the dispatch may not be feasible in
the case of the 1-segment model as we assume the real storage model is 5-segment. Thus, we will
again use norm-2 projection as in (3.7), while the mismatch between the instruction and the actual
dispatch is penalized with a $50/MWh penalty cost.

We first compare storage market models in RTD. Figure. 3.5 shows a similar trend as in
the SoC-independent case study that a higher number of SoC segments achieves lower system
costs, average price, and price volatility. Yet, the improvement is more significant than the SoC-
independent cases because now both the storage physical parameters and opportunity costs depend
on SoC. Notably, the 1-segment storage model increased the system cost at high storage capacity
cases, which primarily contributed to the $50/MWh infeasibility penalty cost. On the other hand,
the profit result for storage is mixed, but RTD-1 still provides higher profit at low storage capacity.
This result also agrees with the SoC-independent case, which is due to that the one-segment model
is not effective in reducing price volatility which in turn increases storage profits.

Furthermore, we also include a comparison of adopting SoC-segment models in multi-period
dispatch with 1-segment model (Multi-1) and 10-segment model (Multi-10). The result shows that
model SoC segments also imporve in the system cost savings as the Multi-10 is a more accurate
representation of the storage model. The price results from Multi-1 and Multi-10 are similar, while
Multi-1 earned more profits as we did not consider the mismatch penalty in profit calculation.

Finally, we compare the impact of the SoC-segment model over the solution time. As shown
in Figure. 3.6, in the case of SoC-independent storage models, the SoC-segment model is a lin-

ear programming model and the number of segments has negligible impacts over the computation
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time. However, in the case of SoC-dependent storage models, we have to introduce binary vari-
ables to enforce the segment transition logic as the underlying storage model is inherently non-
convex. Thus the use of binary variables increased the solution time significantly. Overall, our
result suggests the SoC-segment model improves the market efficiency and has negligible com-
putation impact with SoC-independent storage models that are most often used in power system
studies [64]. On the other hand, while the SoC-segment market model can further improve market
efficiency when extended to the more sophisticated SoC-dependent storage models, it introduces

computation challenges that require careful attention when implemented in practice.

3.6 Summary

In this chapter, we propose a new wholesale market model for energy storage that allows energy
storage to submit charge and discharge bid segments according to the storage SoC ranges. Com-
bining this model with an optimal bid generation algorithm, we show that the SoC segment market

model improves storage utilization in markets from several perspectives. In the price-influencer
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case study, the SoC segment market model is most effective in reducing real-time prices (~ 10%)
and their volatilities (~ 30%) compared to the existing storage model, as the segment model pro-
vides finer granularity for storage to respond to different prices. Using SoC segment market models
can also further reduce total system cost by around 0.5%, which is 5% more compared to the cur-
rent storage model. The impact of the SoC segment market model on storage profit potential is
mixed: When ignoring the influence of storage over market prices, the SoC segment market model
provides 10% to 56% more profit to storage than the 1-segment model, especially if the storage
parameters are sensitive to SoC; yet when considering the influence of storage on price, the SoC
segment market model reduces storage profits because it is more effective at reducing system price

volatilities.
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Chapter 4: Strategic Energy Storage in Electricity Market

4.1 Motivation

The ownership of over 95% of grid-scale energy storage systems in the US is held by private
electricity producers [65]. As a result, the strategic behavior of energy storage in wholesale elec-
tricity markets has been extensively studied in the literature. [66] and [67] have examined strategic
behavior and market power using methods like equilibrium analysis and merit order stack mod-
els. However, these studies rely on oversimplified market-clearing models and neglect important
factors such as transmission and unit commitment constraints. Other research efforts [68, 69, 70,
71] have used bi-level models to capture energy storage strategic behavior. While these models in-
corporate power system constraints and market equilibrium, they make the strong assumption that
strategic entities have full knowledge of market clearing and often simplify the clearing process
due to computational limitations.

This gap highlights the need to study energy storage market power and strategic behavior using
a high-fidelity market model where the offerings of strategic entities are decoupled from the system
operator’s market-clearing processes.

As increasing energy storage capacity has a profound influence on market outcomes, as noted
by [72], it is critical to investigate the performance of strategic bidding algorithms in market
conditions that closely mirror real-world scenarios. Existing research on bidding algorithms em-
ploys techniques like stochastic programming [73], robust optimization [74], reinforcement learn-
ing [75], deep reinforcement learning [76], and CNN-LSTM with analytical stochastic dynamic
programming [77]. While these studies provide valuable insights, they often benchmark using
price-taker assumptions, relying on historical market prices or predefined price scenarios. As en-

ergy storage capacity grows and multiple strategic agents participate in wholesale markets, their
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influence on market clearing outcomes becomes significant, affecting both day-ahead and real-time
markets.

Thus, this chapter aims to:

* Develop a high-fidelity wholesale electricity market simulation model capable of testing

various market designs and energy storage bidding algorithm.

* Investigate the impact of strategic energy storage participation on market dynamics and sys-

tem reliability, particularly as storage agents influence market-clearing processes.

* Evaluate the effectiveness of different market rules that facilitate energy storage integration,

enhance system reliability, and promote a competitive market environment.

These objectives aim to provide a robust testbed for evaluating market designs and control
algorithms, reflecting the interaction between strategic energy storage agents and the wholesale

electricity market.

4.2 Contribution

This chapter investigates the effect of strategic energy storage participation in energy markets
by introducing an open-source market simulation model for simulating two-stage market clearing.
Combined with the energy storage bidding algorithm proposed in Chapter 2, this model allows for

detailed simulation of strategic energy storage behavior in electricity markets.

* The high-fidelity market simulation model developed in this chapter provides accurate mod-
eling of day-ahead unit commitment at hourly resolution and real-time economic dispatch at
five-minute intervals. This detailed temporal modeling is critical for analyzing market dy-
namics and understanding the integration of emerging technologies, such as energy storage,

in wholesale electricity markets.

* While the model is applied primarily to the western interconnection, its flexibility allows

it to be adapted to other regions and markets with two-stage settlement structures. This
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adaptability makes it a valuable tool for researchers and policymakers in exploring the impact
of different market designs and facilitating the integration of renewable energy sources and

energy storage.

* By modeling the participation of strategic ESRs under various market designs and participa-
tion rules, the system model supports the development of energy storage policies and helps
optimize energy storage integration into the grid. This functionality assists in designing

market mechanisms that improve market efficiency and reliability.

* This chapter verifies the performance of the proposed energy storage arbitrage algorithm
introduced in Chapter 2 and demonstrates the efficiency of the SoC market model introduced
in Chapter 3. These contributions enhance the utilization of ESRs, helping to stabilize market

prices and improve overall system reliability.

4.3 Problem Formulation

In our high-fidelity market simulation model, we model the wholesale electricity market as
a two-stage settlement comprising an hourly-resolution day-ahead market (DAM) and a high-
temporal-resolution real-time market (RTM). Both can be modeled in look-ahead rolling horizon
fashion. In this study, supply-side market participants, encompassing owners of thermal genera-
tors, renewable generators, and emerging technologies, submit bids to DAM and RTM.

The market operator conducts a daily DAM to determine next-day unit commitment (UC)
and schedules the dispatch for each generation of resources with day-ahead load and renewable
generation forecast. The objective function of the DAM is to minimize system generation cost,

subject to system and generation resources constraints. The constraints of DAM UC include:

* Load balance constraints;
» System-wide operation reserve requirement constraints;

* Transmission line power flow limits;
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» Thermal generator total and segment capacity, forced outage, ramping, minimum up/down

time, must run, and state transition constraints;

* Renewable generator availability constraints;

* Energy storage power rating, energy capacity, and state-of-charge evolution constraints.

A detailed mixed-integer linear program formulation of the DAM UC is given in Appendix-
C.2. Once the DAM UC is solved, the unit commitment outcomes, including hourly on/off statuses
and start-up/shutdown decisions, are carried over to the RTM economic dispatch (ED). DAPs are
also calculated based on fixed commitment outcomes. Our test system enables the incorporation
of a UC with a look-ahead window beyond the conventional 24-hour UC, aiming to better manage
load and renewable fluctuations beyond the immediate operational day.

On the operation day, high-temporal-resolution RTM ED is implemented in a multi-interval
rolling horizon setting. With unit commitment binary variables fixed, the RTM ED is modeled as
linear programming and illustrated in Appendix C.3. With multi-period optimization, only the first

time interval decisions will be applied in the real dispatch.

4.4 Case Study Test System

In this chapter we use a simplified Western Electricity Coordinating Council (WECC) system,
build based on open-source data. In this section, we outline the data collection and processing ap-
proach from open-source data. The simplified WECC system, including regions, network, genera-
tion resources, renewable and load profiles - developed from the WECC 2032 ADS PCM (Anchor
Data Set Production Cost Model) Public Data, reduced WECC 240-bus system [78], and CAISO

Demand Forecast Data.

4.4.1 Data Processing

WECC ADS is sourced from balancing authorities, transmission planners, and planning coor-

dinators in the US and other entities in Canada and Mexico. This ensures a representation of the
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Figure 4.1: Reduced and modified regions and network for WECC.

present and projected network, generation resources, and loads over a ten-year planning horizon
that closely reflects real-world conditions. In the publicly available version of WECC ADS, trans-
mission data is withheld due to security concerns. Consequently, we utilize the reduced WECC
240-bus model (WECC-240) to derive transmission data. While WECC ADS was initially de-
signed for hourly-resolution production cost models and doesn’t provide high-temporal-resolution

renewable and load profiles, we generate real-time profiles based on CAISO historical data.

Simplified Regions and Transmission

The transmission system is simplified to six regions, as illustrated in Fig. 4.1, a choice driven

by the unavailability of detailed transmission data in the open-source ADS. These regions are
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Table 4.1: Transmission Line Parameters

From Region To Region Reactance X (p.u.) Capacity (MW)

1 2 0.0071 6,368
1 4 0.0034 3,500
1 5 0.0299 99,999
2 3 0.0287 888
2 5 0.0195 1,700
2 6 0.0436 3,200
3 6 0.0209 2,200

delineated based on the topology of the WECC-240. However, regional transmission limitations
are still represented using selected lines from the WECC-240 and capacity limits from EIA-930
data, ensuring a realistic portrayal of transmission constraints despite the simplified model. Our
approach computed line impedances within the WECC-240 using parallel impedance calculations
on manually selected lines, considering only reactance and excluding resistances. This decision
aligns with typical practices in market-related studies where transmission line losses are often
overlooked. Notably, all impedances were handled in per units (p.u.), ensuring standardization and
relevance for our analysis. The capacities for most transmission lines in the WECC-240 are set at a
default value of 99,999 MW. To better represent transmission congestion, we set transmission line
capacity as the maximum hourly interchange data from neighboring balancing authorities in 2022,
sourced from the EIA-930. There are eight transmission lines connecting regions; their parameters

are detailed in Table. 4.1.

Generation Resources Data

The information regarding generation resources is entirely sourced from ADS. Since ADS de-
picts the generation resources projected for 2032, we filtered the data only to include currently
existing and in-service generation resources, encompassing 45 coal, 925 natural gas, 6 nuclear,
167 biofuels, 123 geothermal, 669 solar PV units, 351 wind units, 1134 hydropower plants, and 82
energy storage systems. Modeling individual generation units captures the impact of unit commit-

ment and dispatch, which is crucial for realistic market price simulation. Aggregated models often
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Table 4.2: Comparison of Test System Renewable Resources with Actual Installations in CAISO
(End of 2022)

Wind Solar Hydro Geo Bio Battery
Test System 6,485 16,007 10,077 903 2,583 4,775
Actual 7,950 15,967 12,281 798 1,597 4,614

undermine these critical constraints. Therefore, we model individual generation assets in detail in
our market simulation model. We compensate for not modeling real-time commitment in CAISO’s
procedures for fast-start units by implementing a piece-wise linear cost model for these units in
RTD. This model assigns costs varying from $200 to $400 per MW, corresponding to a dispatch
capacity range of 0 to 1000 MW.

The total nameplate capacity of thermal generators, which includes geothermal and nuclear
resources, stands at 115,320 MW. The total nameplate capacities for wind, solar, hydro, and en-
ergy storage are 25,227 MW, 27,002 MW, 66,340 MW, and 16,183 MW, respectively. Table. 4.2
compares the installed renewable resources in CAISO from our processed data with the actual fig-
ures at the end of 2022 [79]. Notably, the renewable penetration in the table closely aligns with
real-world statistics.

For generation resources, we assume bid curves for both thermal and renewable generation.
Thermal generators are modeled with multi-segment bid curves based on marginal costs and op-
erational constraints, including start-up and no-load costs where applicable. Renewable resources,
which typically have low marginal costs, submit bids near zero to ensure dispatch priority, in line
with actual market practices. This bidding structure enables a more realistic representation of
generation resource participation in the market clearing process.

For non-generator resources, including pumped hydro storage and battery storage, we use either
historical average bids or our proposed energy storage bidding algorithm from Chapter 2. These bid
assumptions allow storage resources to participate strategically or non-strategically in the market,
reflecting realistic price-response behavior and operational limitations.

We model thermal generators using multi-segment piece-wise linear approximated heat rate

curves. We directly sourced the maximum/minimum capacity, initial dispatch, segment increment
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capacity, segment increment heat rate, minimum up/down time, ramp up/down rate, variable op-
eration and maintenance cost, and fuel cost from the ADS. The start-up cost, no-load cost, and

segment marginal cost are calculated as detailed below:

SUC, = SUC,™ + FC, * SUF, (4.1a)
NLC, = FC, * FMin, (4.1b)
MCy g5 = FCg % HRy 44 (4.1¢)

where SUC,, NLC,4, and M C, 4 are start-up cost, no-load cost, and segment marginal cost of ther-
mal generator g, respectively. SUC g " is the fixed start-up cost ($), F'Cy is the fuel cost ($/MMBtu),
SUF;, is the start-up fuel (MMBtu), FMin, is the minimum fuel input (MMBtu), HR is the lin-
earized heat rate for segment gs. To better match real bidding costs during peak loads in our
simulation, we increased fuel prices by 20%, mirroring the observed average bidding price rise
in generators operating at peak load seasons [80]. It is important to mention that the variable
operation and maintenance cost is not incorporated into the segment marginal cost. Instead, it is
calculated separately based on the total output, which includes the minimum output.

The ADS provides unit-wise maximum capacity and hourly profiles for wind and solar re-
sources. The 5-min resolution real-time profile generation will be discussed in 4.4.1. Hourly hydro
profiles in the ADS are based on actual generation in 2018. Unlike wind and solar profiles, which
are unit-specific, hydro hourly profiles in ADS are summarized by load areas. We employ profiles
from the nearest load area as a surrogate for hydropower plants located in areas without specific
profiles. Due to data limitation in the public version, we ignore the detailed modeling of water
availability and management but model hydroelectric resources’ maximum output does not exceed
the maximum hourly output in the hourly profile for each unit, aligning with the "Hydro-Given
Schedule" modeling approach utilized in the ADS production cost model.

For both pumped hydro storage and battery energy storage, only maximum and minimum

power capacities is available in the ADS. For pumped hydro storage units lacking pumping ca-
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pacity data (indicative of positive minimum power capacities) in the ADS, we assigned values as
negative maximum power capacities of each unit. The durations for pumped hydro and battery
storage are assumed to be 12 hours and 4 hours, respectively. Correspondingly, their one-way

efficiencies for charging and discharging are set at 80% and 90%.

WECC Load and Renewable Profile

The ADS uses 2018 hourly loads to forecast the loads for 2032, resulting in values higher
than current load levels. We normalized the ADS hourly loads to align with current trends to
ensure compatibility with test system generation resources. The normalization factor is 0.801,
determined from the ratio of CAISO’s DAM load forecast peak/average load to the ADS data for
the CAISO area (Regions 1-3). Normalized hourly load profiles for seven regions are used in the
DAM simulation.

We incorporated day-ahead forecast errors into the normalized hourly load profiles to create
high-temporal-resolution load profiles for RTM simulation. This was achieved using 2022 DAM
and RTM load forecast data from CAISO. The CAISO demand forecast for DAM and RTM is
organized by Transmission Access Charges (TAC) areas, which do not align perfectly with our
delineated Regions 1-3. To address this discrepancy, we mapped CAISO TAC areas to our regions
based on geographical alignment: PGE to Region 1; MWD, SCE, and VEA to Region 2; and SDGE
to Region 3. The distribution of peak and average load in our assigned regions aligns closely with
their corresponding CAISO TAC areas: Region 1 (PGE) has 44%, Region 2 (SCE, MWD, VEA)
has 47%, and Region 3 (SDGE) accounts for 9%.

We employed a K-means method to apply historical day-ahead load forecast errors to the ADS
hourly load profile. While we opted for this approach, other advanced forecast error generation
methodologies could also be utilized. The historical day-ahead prediction error is determined by
taking the difference ratio between the DAM and RTM load prediction differences to the DAM
load prediction value for each region. The CAISO DAM load forecast data is classified into eight

representative days (k=8) based on the hourly total CAISO load and Region 1-3 load. The nor-
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malized ADS hourly load profile is then applied to the historical day-ahead load forecast error of
the closest representative day. Due to data limitations, RTM load profiles for Regions 4-7, outside
CAISO, are derived using a linear regression model trained on DAM and RTM load data from
Regions 1-3. This model incorporates 24 distinct features for 24-hour-ahead DAM load predic-
tions, 12 features for 1-hour-ahead RTM load observations, and a feature for the average DAM
load per region. For Regions 4-7 prediction, where RTM load observations are unavailable, the
series prediction is initiated with day-ahead forecasts, employing a rolling horizon approach based
on previously predicted RTM loads. Subsequently, we employ this model in a rolling prediction
manner to forecast RTM load in Regions 4-7.

To generate wind and solar profiles for the RTM at a 5-minute resolution, we employ a method-
ology similar to our approach for load forecasting, utilizing ADS hourly profiles along with CAISO’s
historical day-ahead and real-time predictions. Given that CAISO’s historical predictions for wind
and solar are based on price hubs rather than specific units, we aggregate ADS wind and solar
resources by region for consistency. For Regions 1-3, we implement K-means clustering to create
RTM profiles, while for Regions 4-7, we rely on linear regression modeling. Notably, in our solar
RTM prediction model, we ensure that the predicted values are set to zero during sunset periods
and in instances of negative predictions by post-processing, thus maintaining realism and accuracy
in our forecasts. The real-time load and renewable profiles have been refined by scaling the day-
ahead forecast errors to match the forecast errors reported by CAISO [81], with a mean absolute

percentage error of 1.7% for load, 1.5% for solar, and 6.5% for wind.

4.5 Case Study

This case study examines the strategic participation of ESRs in wholesale electricity markets.
First, we analyze the effect of varying levels of Al-enhanced bidding intelligence on market out-
comes through the concept of Intelligent Storage Ratios (ISR). ISR represents the proportion of
total energy storage capacity that utilizes the bidding algorithm proposed in Chapter 2. By adjust-

ing the ISR, we can assess how different levels of intelligent storage participation influence market
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price volatility, system cost, and storage agent profitability.

Building on this analysis, we verify the SoC-dependent market model introduced in Chapter
3 using a high-fidelity WECC-based system. While Chapter 3 included a price-influencer case
study using a simplified market model, this case study applies the same SoC-dependent market
model in a more realistic, high-fidelity system simulation. In this model, battery energy storage
systems (BESS) submit multi-segment bids based on their state of charge (SoC), allowing for
more granular control over bidding strategies. The goal is to evaluate the model’s performance in

enhancing storage utilization and system reliability in a more comprehensive market setting.

4.5.1 Case Study Setting

In the first part of this case study, we simulate the participation of Al-enhanced energy storage
(AI-ES) agents alongside baseline storage (BS-ES) in the wholesale market. The AI-ES agents
utilize the MLP method described in Section 2.3.3 to manage price uncertainty. This method
includes predictors based on the DAP with a 24-hour look-back window and RTP with a 3-hour
look-back window. By training the AI-ES agents to anticipate price fluctuations, this approach
enables more dynamic and strategic market participation. In contrast, BS-ES agents employ a
simpler, deterministic approach. they assume DAP as RTP prediction and apply the deterministic
method described in Section 2.3.1. This approach does not account for price uncertainty, resulting
in a more static bidding behavior that is less responsive to real-time market conditions.

We simulate the market dynamics and focus on how strategic storage saturation at higher ISRs
affects the performance of both AI-ES and BS-ES agents. To control for strategic storage capacity
saturation, a control storage unit (CT-ES) is introduced. CT-ES has a very small capacity but
submits bids nearly identical to AI-ES, with slightly higher prices for charging and slightly lower
prices for discharging to gain priority in market clearing. This configuration ensures that CT-ES
does not influence market prices and allows for performance comparisons under different ISR
conditions.

In the second part of the case study, we introduce a SoC-dependent market model that al-
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lows BESS to submit multi-segment bids based on their SoC in MWh. Similar to conventional
generators’ increasing bidding curve, this model requires that as the SoC decreases, the bid price
increases. By maintaining this structure, the dispatch problem remains linear, even with multiple
SoC segments.

We maintain similar market conditions from the first simulation but allow BESS to submit five
segments for both charging and discharging, in line with CAISO’s allowance for conventional gen-
erators to submit up to 11 segments. AI-ES agents continue using the DP-MLP bidding algorithm
to generate multi-segment bids, while BS-ES agents submit bids based on the original analytical

DP bidding.

4.5.2 Al-enhanced Energy Storage

We compared the mean and standard deviation of real-time prices across different ISRs at a
total installed energy storage capacity of 5 GW, as shown in Figure. 4.2a. While the average real-
time price remains relatively consistent across different ISRs, increasing the proportion of AI-ES
significantly reduces market price volatility, particularly in regions with higher price fluctuations,
such as Region 2.

Figure. 4.2b and Figure. 4.2c demonstrate that as the level of AI-ES participation increases,
there is a notable reduction in system costs and a corresponding improvement in system reliability.
This is attributed to the enhanced ability of AI-ES to stabilize the market by efficiently responding
to price signals.

Figure. 4.2d illustrates that AI-ES significantly outperforms BS-ES at lower ISRs, but prof-
itability decreases at higher ISRs due to two key factors: (1) capacity saturation, as indicated by
the control storage CT-ES maintaining higher profitability even at higher ISRs; and (2) price influ-
ence, where CT-ES also experiences reduced profits as ISRs increase. The reduced price volatility,
as shown in Figure. 4.2a, limits the opportunities for price arbitrage, contributing to the lower

profits for AI-ES at higher ISRs.
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Figure 4.2: Year-Long simulation results with different ISRs and total installed BESS (cur-
rently only SGW) capacities. a, Average real-time price and +- one standard deviation. b, Year-
long system cost and average system SoC. ¢, Year-long unserved energy in MWh. d, Unit Profit
($/kW) and cycle numbers (utilization rate) of different BESS types. High ISR reduces market
price volatility and system cost, also increases system reliability and overall utilization of BESS,

but at the cost of more AI-ES capacity standing by without gaining sufficient revenue in the energy
market.
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4.5.3 Energy Storage SoC Market Model

Figure. 4.3a, Figure. 4.3b, and Figure. 4.3c demonstrate that the use of the SoC-dependent
market model further stabilizes market clearing prices, reduces system costs, and enhances system
reliability, even when the same ISR and bidding algorithms are applied. This indicates that the
SoC-based bidding mechanism provides more efficient market outcomes compared to the existing
market model.

When comparing Figure. 4.3d and Figure. 4.2d, we observe that the SoC market model main-
tains profitability for AI-ES even at high ISRs, where AI-ES typically suffers losses due to market
saturation in the existing market model. Notably, under high ISRs, AI-ES in the SoC market model
avoids the negative profits observed in the simpler model.

Additionally, Figure. 4.3e and Figure.4.3f reveal that the SoC market model achieves higher
total profits for all ESRs, including AI-ES and BS-ES, across all ISRs. This demonstrates the
effectiveness of the SoC market model in maximizing energy storage utilization and profitability

under various market conditions.

4.6 Summary

In this chapter, we explore the strategic participation of ESRs in wholesale electricity markets
by developing a high-fidelity market simulation model to examine the impact of intelligent energy
storage bidding and SoC-dependent bidding structures. We address the growing influence of pri-
vate energy storage on market dynamics, particularly as energy storage increasingly participates in
strategic bidding that influences market clearing outcomes.

Through the concept of ISR, we examine how the proportion of AI-ES, using the bidding
algorithm from Section 2.3.3, affects market price stability, system costs, and storage profitability.
This analysis reveals that while strategic energy storage stabilizes market prices and enhances
system reliability, increased ISR levels lead to diminishing returns in storage profitability due to

market saturation and price influence effects. This underscores the importance of balancing storage
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participation strategies within a realistic, high-resolution market framework.

In the latter part of the chapter, we validate the SoC-dependent market model introduced in
Chapter 3, now applied to a WECC-based test system for enhanced fidelity. This model allows
energy storage to submit multi-segment bids based on their SoC, providing a higher granular bid-
ding strategy that improves storage utilization, stabilizes prices, and increases system reliability.
Our findings show that the SoC-dependent market model is particularly effective under high ISR
conditions, where it maintains storage profitability and supports a more efficient market clearing
process compared to single-segment bidding approaches.

This chapter demonstrates the robustness and scalability of our proposed high-fidelity market
simulation model to capture the complexities of ESR participation, making the model an essential

tool for evaluating market rules and strategic behavior.
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Conclusion

This dissertation effective the effective integration of ESRs into wholesale electricity
markets, focusing on strategies for energy storage market participation, social welfare
enhancement, and system reliability improvement. With the rapid expansion of grid-scale energy
storage, especially in regions with high renewable penetration, the dissertation emphasizes both
the challenges and opportunities of market participation for ESRs, particularly as they balance
flexibility and energy-limited nature.

The research presented here develops a range of analytical and practical techniques to
enable ESRs to maximize their profitability while contributing to market efficiency. This includes
control algorithms and bidding strategies that account for real-time price volatility, nonlinear
physical characteristics, and unique strategic behaviors of ESRs. The methods combine advanced
optimization frameworks—such as stochastic dynamic programming, machine learning, and
convex optimization—with practical, scalable solutions that support ESRs across different market
conditions.

One significant contribution of this dissertation is the design of an SoC-dependent market
model, which allows energy storage to submit bids based on discrete SoC levels, enhancing
system responsiveness to real-time conditions and promoting a balanced energy market. This
model has shown improved outcomes for market stability, reducing price volatility and system
costs while increasing the reliability of the grid under varying market conditions.

Simulation results from a WECC-based system validate the proposed algorithms and SoC

market model under realistic grid conditions. The findings highlight the critical role of energy
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storage in mitigating renewable variability and promoting decarbonization by efficiently
integrating ESRs into the energy market. Additionally, by comparing strategic and non-strategic
energy storage bidding, this work demonstrates that intelligent storage participation helps reduce
system costs and supports grid reliability while maintaining profitable operation for storage
owners.

The dissertation concludes that the proposed bidding models, SoC-dependent market
designs, and market simulation frameworks empower ESRs to play a pivotal role in electricity
markets. By utilizing strategic participation frameworks, ESRs enhance grid flexibility and
support renewable integration, addressing challenges in fundamental energy market. This work
shows that while frequency regulation markets have delivered early profitability for ESRs, energy
markets hold substantial long-term potential, particularly when supported by market designs that
dynamically manage SoC, reduce price volatility, and optimize overall system reliability.

Future research can build upon the findings of this dissertation by addressing several key
areas to further optimize the role of energy storage and emerging technologies in electricity
markets. First, while the proposed energy storage bidding algorithms in this study were developed
under a price-taker assumption, future work could focus on developing bidding algorithms that
explicitly account for energy storage’s influence on market prices. As ESR capacity grows,
storage units are expected to impact market-clearing results, potentially diminishing the
effectiveness of price-taker-based strategies. The validation in Chapter 4 under a price-influencing
setting highlights the need for price-influencer-based bidding algorithms to improve profitability
in markets with higher storage participation. Second, modeling a more detailed transmission
system within the market simulation model could significantly increase the fidelity of test
systems, especially for regions like CAISO, where transmission congestion frequently drives
price fluctuations. A refined transmission model could also explore the role of grid-scale and
mobile energy storage in alleviating congestion and enhancing system resilience. Lastly, this
framework could be extended to integrate other emerging technologies, such as distributed energy

resources, hydrogen production, and direct air capture, broadening the applicability of the market
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simulation model and exploring how these technologies contribute to grid flexibility, resource

utilization, and carbon reduction goals.
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Appendix A: Supplementary Material to Chapter2

A.1 Derivation of analytical value function update

We start by restating result from our prior work [18]

Elgi-1(e)] =vi(e + Pp")F,(v,(e + Pn")n°)

1 Vt(e)flb
+— ufi(u) du
n” Jv,(e+PnP)nt

@) Flve) i +eT) = (e’

[vi(e=P/nP)/nP+c]*
+nP / wfi(w) dw
[vi(e)/nP+c]*

—cnP [FI([Vt(e ~P/n")[n" +c]*)
— F(vi(e) /? + 1)

+vi(e = Pn) |1 = Fi([vi(e = Py i + 1) | (A

which calculates the value function assuming the price follows a probability distribution function
f; and a cumulative distribution function F;. To apply this result to the Markov process case in
this paper, note that at each valuation step we are essentially solving a deterministic arbitrage at
a given price node, hence f; becomes an indicator function and F; becomes a step function. For
example, the first term v, (e + Pr]b)F,(v,(e + Pnb)nb) becomes v,(e + Pn?) if price is lower than
vi(e + PnP)n® because F, (ve(e + Pnb)nb) is one only when v, (e + Pn”)n? is larger than the price
node value. Hence, repeat the derivation for all the terms in the above equation and we obtain the

deterministic version used for the Markov process as shown in (2.6).
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A.2 Bid generation

We now design discharge and charge bids using the opportunity valuation results based on
our prior work [62, 24]. We consider generating time-varying SoC-dependent bids with a total
number of J segments for charge bids B; ; and discharge bids C; ;. Note that these bids represent
the combination of the discharge cost and the change in the opportunity value. We assume each
bid segment j is associated with an SoC range E;_; to E;. The discharge bids are thus calculated
based on the average value function between the internal £;_| and E;

1 5 9

Cj=% - a—pt(cm — Qi(ei—1 — pi/n+bm))de;_
Jj-1

1[5
= C+E/ gi(er1 — pi/n + bim)de;,—1/n
E; 1

1 Ej
~Cc+— / q:(e)de
nE Je,_,

Similarly for charge bids

1 rE o
B = E /Ejl a_lat(Cpt — Q:(er—1 = pi/n+bim))de,—

1 [Ei
=z / qi(ei—1 — pi/n+bm)de,_1n
Ej—l

E;
=~ % / C[,(e)de
Ej_

In the special case of one segment, i.e., bids are not dependent on SoC (the current energy
storage bidding model in most wholesale markets), E;_; is zero or the lowest allowed SoC and E;
is the highest allowed SoC value or the energy capacity. In this case the bids are simply based on

the average marginal opportunity value g,

1 E
q: = E/o q:(e)de (A.2)
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and the discharge bid is ¢ + §,/n, and the charge bid is ;7.

A.3 Real-time Market Clearing and Arbitrage Simulation

We consider a simplified real-time market clearing model with a generalized multi-segment

energy storage bids

min Ji(g)+ ) ) (CujsPrs = Bujshis) (A3)
t,j,s:Pt,j,s S /

st erjs—€r—1,js= bt,j,sn - pt,j,s/n (A.3b)

O<ejs<Ejs—Ej;s (A.3¢)

gt"‘ZZPt,j,s :Dz"‘zzbt,j,s A (A.3d)
s s

where (A.3a) is the objective function minimizing total bidding costs. Note that we use aggregated
generator supply curve J;(g;) and total generation g, instead of modeling the bids from each indi-
vidual generator for simplicity to focus on energy storage. The second term of the objective is the
discharge bids and charge bids for each energy storage s and each SoC segment j. (A.3b) models
the SoC evolution under single-trip efficiency n for each SoC segment. (A.3c) models the upper
and lower energy limit for each SoC segment, note that the minimum energy is always zero while
the maximum energy for each segment is the difference between the upper and lower SoC range
E; —E;_1 . With the assumption of monotonic bids, (A.3c) guarantees storage segment transition
logic in single-period dispatch. Finally, (A.3d) is the power balance constraint enforcing the sum
of generation and storage charge/discharge equals to the total demand D; over time period ¢, the
associated dual variable is thus the market clearing price A;.

In this paper, we assume energy storage as a price-taker. We use historical price data to sim-
ulate how the energy storage would have been cleared in the market. In this case, we perform
a Lagrangian relaxation of (A.3d) and move it to the objective. This decomposes the optimiza-

tion into independent sub-problems for each energy storage, and for each storage, the price-taker
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market clearing problem is equivalent to the following price arbitrage problem

max & ) (o= bij) = ) (Cojpoj = Bujbuj) (A4)
J J

Dt,jsb1,j

subject to the same storage unit constraints (A.3b) and (A.3c). Note that for this problem we omit
the storage unit index s as the problem formulation is the same for each storage. Hence, price-taker
market clearing simulation is equivalent to arbitrage using the same bidding cost model. While we
did not consider the network model in this formulation, the price-taker market clearing model is
the same should we use nodal prices.

Note that the formulation in (A.4) applies to both price-taker market bidding (HA-1 and HA-
10) and price response (PR-1 and PR-10). The difference is that in HA cases, storage has to decide
the bids (C;; and B, ;) one hour before the market clearing period #, while in PR cases storage

updates bids at the same time when observing the price.

A.4 Value Function Computation

Our proposed algorithm is based on the following result that updates g, ; from v; ;. Note that
different from Subsection 2.3.2, 17, B, P and ¢ depend on the starting SoC e as formulated in (2.18).
The function form of these nonlinear parameters in (A.5) is omitted to simplify the mathematical

representation.
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qi-1i(e) = (A.5)
[1+7-0B/de + B-dn/de]-v, (e + By) — n-dB/de

if m; < vig(e+Bn)n
it [1/m+ (B/n)-(dn/de)]

if vij(e + Bn)n < m; < vii(e)n
vii(e)
9 if vei(e)n < me; < [vig(e)/n+cl*
(nt1i = ©)-[n+ (P/n)-(dn/de)] - P-dc/de

if [vii(e)/n+cl* < m< [vii(e — P/n)/n+cl*
[1 = (1/n)-(8P/de) + P-(1/n)*-(dn/de)]-vii(e - P/n)
+(m; — ¢)-0P/de — Pdc/de

if m;; > [vii(e = P/n)/n+c]*

A.5 MILP Formulation for Perfect Forecast Benchmark

We start by showing below the multi-period arbitrage formulation, which is equivalent to our
proposed stochastic dynamic programming formulation if assuming a deterministic price process
m; and also add a penalty function C,,s and a weighing parameter « to represent the cost associated
with missing a final SoC target (the choice of @ must achieve a comparable charging compliance

target performance as the deterministic dynamic programming solution):

T
max  —aCona+ Y 7-(py = b)) —cpr st (Ie)(1e)(1D)
ptab[ t

We modify this model to a MILP model for the variable power rating, discharge penalty and
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efficiency benchmark calculation with ten SoC-efficiency segment pairs as

T K
max —Copg + ;e —bis)—c A7a
pere, end Zt: Zk: t (Pk,t k,t) kDPk,t ( )
K K
st 0< > bi/Be<1,0< ) pi,/Pi <1 (A.7b)
3 X
ekt = €ki—1 = —Dkt/Mk + br Mk (A.7c)
Eiui; <ei;s < Ey (A.7d)
Exurs < ery < Exug_1y, Vke{2,...K -1} (A.7e)
0<ek;<Exug-1; (A7)
K
Cend = (Z €k T — ef)2 (A7g)
X

where k is the index of the nonlinear power rating, efficiency and cycling penalty approximation
segments (10 segments in this case). (A.7a) is the objective function which sums up all segments.
(A.7b) and (A.7c) are the power rating constraints and energy storage evolution constraints im-
plement on all segments. (A.7d)-(A.7f) model the piece-wise linear approximation to the battery
nonlinear parameter curves with binary variables uy ;, which enforce the lower SoC segment must
be full before upper SoC segments can take on non-zero values. For this paper’s simulations, an &
value of 1000000 is used.

In the EVCS context, this optimization step fits in step 2 of the Algorithm 1 (it replaces the
value function calculation step). Every time an EV arrives at the EVCS, the MILP will provide
an optimal schedule for the EV to follow for the remainder of the session. If the EV is deviated
from the provided optimal schedule due to a low priority assigned during the LLF scheduling step,

a new optimal schedule for the remainder of the session will be computed.
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Appendix B: Supplementary Material to Chapter3

B.1 Unit Commitment Formulation

The objective function of unit commitment minimizes daily generation costs of thermal gener-

ators:

T Ng
min Clgi+Clg2 + Clui + Clv; (B.1a)
i 8it i 8it i Uit i Vit .
1 i=1

1=

Decision variables include continuous variables g;;, r;;, and w;; binary variables u;;, v;;, Zi;-
gi+ are the electric power generation of thermal generator i at period ¢, u;; is a binary variable
indicating whether generator i is on at period ¢, and z;, is a binary variable indicating whether
generator i turns off at period ¢. Cil and Cl.q are the first and second order terms for the marginal
production cost of generator i, C/" is the no load cost, and C;' is the startup cost. N, is the number
of thermal generators and 7' is the number of steps.

The power generation of thermal generators should satisfy generation limits:
Gmin; - u;; < gi, < Gmax, - u;, (B.1b)

where Gmin; and Gmax; denotes the minimum and maximum generation of thermal generator i.

Startup and shutdown logic constraints:

Vit = Zigp = Uiy — Ui -1 (B.1¢)

Vie+zip <1 (B.1d)
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Generator minimum up and down time constraints:

l .
t=max{r—Tup,;+1,1} Vi

IA

i (B.1e)

IA

Zi’=max{t—Tdni+l,l} Zig < 1 —uig (B.1f)

where Tup; and Tdn; are maximum up time and minimum down time of generator 7, respectively.

Reserve constraints following the 5+3 rule (5% renewables and 3% demand):

SN rip = (5%)wy + (3%) D, (B.1g)

rip < Gmaxu;; — gi; (B.1h)

where w; is accommodated wind generation during time period . The wind generation should

satisfy:
w, < W, 2 (B.11)

where W, denotes the day-ahead wind generation forecast at period ¢.

The electric power balance constraint and price:
Ng . DA .
2y i twr =Dy 4 (B.1j)
where the dual variable associated with constraint (B.1) is the day-ahead price Ap 4, at period ¢.

B.2 Economic Dispatch Formulation

The multi-period economic dispatch problem has the following objective function:

T Ng
: ) q,2
min Z Z Cigin+Cigi, +

t=1 i=1 t

Z Csds,t (B2a)

T S
=1 s=1
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subject to the power balance constraint:
N
Z,-zgl ip T+ Wit Zle ds; = D; + Zle Psyt - ﬂfT (B.2b)

which now includes storage charge and discharge power from all segments. Other constraints
include generator ratings (B.1b), wind limits (B.11), and storage unit constraints (3.1b)—(3.1d).

The single period economic dispatch problem is:

N,

g S
min " Clgis + Clgl,+ > (Gusdis = Bispus) (B.2c)
i=1 N

subject to same constraints as the multi-period dispatch problem (B.2b), (B.1b), (B.1i), (3.1b)-
(3.1d). Decision variables in both problems include g;;, w;, p;, d;s. Note that the commitment

status u;, is from the unit commitment results.
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Appendix C: Supplementary Material to Chapter4

C.1 Nomenclature

C.1.1 Sets and Indices

Z Set of regions, indexed by z

G Set of thermal generators, indexed by g

G, Subset of thermal generators in region z

Gn Subset of must-run generators, indexed by g

GS, Set of segments for thermal generator g, indexed by gs

GR Set of renewable generators, indexed by gr

GR, Subset of renewable generators in region z

S Set of energy storage, indexed by s

S; Subset of energy storage in region z

L Set of transmission lines, indexed by /

LT, Subset of transmission lines to region z

LF, Subset of transmission lines from region z

H Set of hours for the Day-Ahead Market (DAM), indexed by &
T Set of time intervals for the Real-Time Market (RTM), indexed by ¢

C.1.2 Variables

8l Thermal generator output power, MW
81Sg esh Thermal generator segment output power, MW
e.h Ramping product by thermal generator, MW
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Ug h
Vg.hs Wg,h
87 g.h

ds,h, Cs.h

fin

Thermal generator commitment status, binary
Thermal generator start-up/shut-down decision, binary
Renewable generator output power, MW

Energy storage energy discharge/charge power, MW
Line power flow, MW

Voltage phase angle

Unserved energy, MW

C.1.3 Parameters

MCy¢s
VOM,
NLC,
SUC,
prax, PZlin
Py
RU,, RD,
UT,, DT,
SU,.SD,
RA, 5
prax, pin
Crmax Cmin
gy
Ei;nax , Egmn
EY

BY,BY

Frrax Fmin
I 71

Generator segment marginal fuel cost, $/MW

Generator variable operations and maintenance cost, $/MW

Generator no-load cost, $

Generator start-up cost, $

Generator maximum and minimum power output, MW

Generator segment maximum power output, MW

Generator maximum ramp up/down rate, MW/hour

Generator minimum up/down time, hour

Number of hours generator must stay up/down since the start of the optimization horizon, hout
Renewable maximum expected capacity, MW

Energy storage maximum and minimum discharge power rating, MW
Energy storage maximum and minimum charge power rating, MW

Energy storage discharge and charge efficiency

Energy storage maximum and minimum energy capacity, MWh

Energy storage targeted state-of-charge at the end of the operation day, MWh
Energy storage discharge and charge bids, $/MW

Transmission line maximum and minimum power flow, MW
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T(l),F(l) Transmission line / to and from zone

X Transmission line reactance, p.u.
L;x Inflexible load, MW

RM Operation reserve margin

VOLL Value of lost load, $/MW

SC Time scaling constant for R-TM

C.2 DAM UC Formulation

The objective of the DAM UC is to minimize the total system cost for the upcoming operational
day. When incorporating a look-ahead horizon into the model, the optimization aims to minimize
costs over the entire optimization period. This look-ahead feature allows the model to consider
not just the immediate next day but also subsequent periods, providing a more holistic approach to

system operation by anticipating future events and making decisions accordingly.
H

min Z [Z( Z (Mcg,gs * gtsg,gs,h)

h geG gseGS

+VOMq * gtgp+NLCy  tg ), + SUC, + v ) (C.1a)

S Z
Z(th #dyp —BE ), * cs,h)+ > VOLL sz,h]
$ z
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C.2.1 System Level Constraints

Z 8leg.n t+ Z 8Fgr.n t Z (ds,h - Cs,h)

geG, greGR, SES,
+ Z Jin= Z Jin+Szn =Lz (C.1b)
lelT, leLF,
EE%mZRNPEDLm (C.1c)
geG z€Z

System level constraints include load balance (C.1b) and system operation reserve require-
ment (C.1Ic). The operation reserve requirement in our model is for whole system and each hour,

proportional to the hourly load forecast.

C.2.2 Transmission Constraints

F™ < fip < B (C.1d)
Jin =Xy % Oray,n — Or).n) (C.1e)
Qref,h =0 (C.11)

We model transmission using DC-OPF. (C.1d) models the transmission capacity. (C.1e) and (C.1f)
models the voltage phase angle, where F([), T(/) are from region and to region of line [. ref is

the reference region.
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Thermal Generator Constraints

8tgn = Prgmn *Ug pt+ Z 81Sg gs.h
geG

min max
Py g n < glgn < Py™ sugp

max
0< 81Sg es.h = PSg,gs

—8ten+8lgn-1 < RDg + Pgmm * W h
8leh — glgn1 < RUg + Py s vy
Ten < P(rgnax “Ugh — 8lg.h
Teh < RUg
ugpn=1 Vge Gy,
Vgh = Wgh =Ugh — Ug h-1

Verh+Wep <1

h
Vor S ugp,h € {SUg,...,H}
t=max{h-UTg+1,1}
h
Wer <1 —ugp h€{SD,,.. . H}
T=max{h-DTg+1,1}

(C.1g)

(C.1h)
(C.1i)
(C.1j)
(C.1K)
(C.11)
(C.1m)
(C.1n)

(C.10)

(C.1p)

(C.19)

(C.1r)

(C.1g), (C.1h), and (C.1i) models the total output and segment output of a thermal generator.

(C.1j) and (C.1k) are ramp-up and ramp-down constraints. At the beginning of optimization hori-

zon, gt, 1 in (C.1j) and (C.1k) are parameters representing initial output. (C.11) and (C.1m) limit
8lg, J p P g P

the ability of generators providing operation ramping products. (C.1n) is the must-run constraints.

(C.10)—(C.1r) are state transition and must up and down time constraints. With a rolling horizon,

the remaining minimum up and down time at the end of operation day will be passed to next DAM

UC.
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C.2.3 Renewable Generator Availability Constraints

0<gren <RAg (C.19)

Due to the limitation of the hydro power system data, hydro resources are similarly modeled
as solar and wind resources. The maximum generation from each renewable generation unit may

not exceed the maximum expected capacity.

C.2.4 Energy Storage Constraints

D" < dg, < DX (C.1t)

ClMn < ¢y < CMAX (C.1u)
1

€s.h —€5.h—1 = USC * Co,h — ) * ds,h (C-IV)
S

EM" < e < B (C.1w)

es; > ET, V{teT|t=0(mod24)} (C.1x)

Constraints for energy storage systems include discharge and charge power capacity (C.1t),(C.1u),
state-of-charge evolution (C.1v), and energy capacity (C.1w). At the begining of optimization hori-
zon, e, in (C.1v) is a parameter representing initial state-of-charge. The targeted state-of-charge

is defined by (C.1x).

C.3 RTM ED Formulation

In the context of a rolling-horizon with a look-ahead window, the RTM ED borrows certain
similarities from the DAM UC formulation. In the DAM UC, unit commitment decisions are made

using binary variables u, ,, vg 5, and wg ;. These decisions, when transitioned to the RTM ED
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context, transform into parameters, denoted as U, ;, V, ;, and Wy ,. Here’s a breakdown of their

correspondence:

* U, in the RTM ED represents whether a unit is committed during a particular hour. It will

be set to 1 if its corresponding hour variable u, j, is 1.

* V, in the RTM ED indicates the start-up decision of a unit at the beginning of an hour
interval. It will be set to 1 only if 7 is interval at beginning of an operation hour and v, 5 in

the DAM UC for that hour is 1.

* Wy, in the RTM ED indicates the shut-down decision of a unit at the beginning of an hour
interval. It will be set to 1 only if 7 is interval at beginning of an operation hour and wy ; in

the DAM UC for that hour is 1.

The objective function of RTM ED is

T

min  SC * Z[Z( Z (MCy g5 * 815g. 5.1)

t geG gseGS
+VOMy + gty +NLCy # Uy, + SUCy + Ve, ) (C.2a)

S Z
Z(BQ[ * ds,t - Bgt * Cs,l‘)+ Z VOLL = Sz’t:|
Z

N

Subject to constraints include load balance constraint (C.1b), transmission constraints (C.1d)—
(C.1f), thermal generator constraints (C.1g)—(C.1k), renewable availability constraint (C.1s), and
energy storage constraints (C.1t)—(C.1w). All variables with time interval indexed by & are re-
placed with shorter interval indexed ¢.
Note that energy storage state-of-charge evolution constraint (C.1v) and ramping constraints (C.1j),(C.1k)

are scaled by time scaling constant SC:
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1
ess— €511 =SCx (1§ % ¢y = —5 * ds ) (C.2b)

N

—8ter+ 8t -1 < SC+RDg + PZ"” « Wy s (C.2¢)

8tg: — 8lgi—1 < SC+RU, + Pg”” * Vo r (C.2d)

115



	Acknowledgments
	Dedication
	Introduction and Background
	Grid-scale Energy Storage for Decarbonization
	Social Welfare with Energy Storage Participation
	Thesis Outline

	Understand Energy Storage Strategic Behavior
	Motivation
	Contribution
	Energy Storage Optimal Control and Economic Bidding
	Analytical Dynamic Programming for Optimal Energy Storage Control
	SDP for Uncertainty
	MLP for Uncertainty
	ConvLSTM for Uncertainty
	Case Study

	EVCS control with nonlinear physical models and uncertainties
	System Model and Formulation
	Nonlinear Behavior
	Solution Method
	Case Study

	Summary

	Energy Storage State-of-Charge Market Model
	Motivation
	Contribution
	Formulation
	State-of-charge Dependent Energy Storage Model
	Single-period Bid-based SoC Segment Market Model

	Bidding with SoC Segment Market Model
	Case Study
	Price-taker Case Study
	Price-influencer Case Study

	Summary

	Strategic Energy Storage in Electricity Market
	Motivation
	Contribution
	Problem Formulation
	Case Study Test System
	Data Processing

	Case Study
	Case Study Setting
	AI-enhanced Energy Storage
	Energy Storage SoC Market Model

	Summary

	Conclusion
	References
	Supplementary Material to Chapter2
	Derivation of analytical value function update
	Bid generation
	Real-time Market Clearing and Arbitrage Simulation
	Value Function Computation
	MILP Formulation for Perfect Forecast Benchmark

	Supplementary Material to Chapter3
	Unit Commitment Formulation
	Economic Dispatch Formulation

	Supplementary Material to Chapter4
	Nomenclature
	Sets and Indices
	Variables
	Parameters

	DAM UC Formulation
	System Level Constraints
	Transmission Constraints
	Renewable Generator Availability Constraints
	Energy Storage Constraints

	RTM ED Formulation


