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Executive Summary

This project is motivated by the growing integration of utility-scale and distributed energy storage
resources in both transmission and distribution systems. As US Federal Energy Regulatory
Commission (FERC) Orders No. 841 and No. 2222 request all the US system operators to
completely open their energy and ancillary services markets to both utility-scale and retail-scale
(distributed) energy storage resources, these energy storage resources bring in various challenges
to the wholesale market operation and participation. This research focuses on three core areas: 1)
understanding market participation activities of utility-scale batteries in the wholesale energy,
reserve, and regulation markets; 2) data-driven day-ahead and real-time price forecasting
approaches for profit-seeking utility-scale batteries and aggregators of distributed batteries; and 3)
the distribution system operator (DSO) framework for coordinating market participation activities
of distributed batteries and other distributed resources. The research is presented in six chapters
(Chapters 2-7).

Chapters 2-3 present a comprehensive modeling framework for studying various market
participation activities and operating patterns of utility-scale batteries in the energy and ancillary
services markets, with detailed consideration of batteries’ regulation market participation models
and degradation cost models. Analysis on the impact of battery degradation on market participation
strategies of utility-scale batteries is presented in Chapter 3.

Chapter 4 describes a framework for integrating BESSs in the wholesale and retail electricity
markets and presents a case study on the integration of BESSs and virtual bidding on the decision-
making model of an electricity retailer through a two-stage stochastic optimization framework.

Chapter 5-6 propose data-driven price forecasting approaches with improved forecasting accuracy,
for profit-seeking battery owners and aggregators to forecast system-wide day-ahead and real- time
locational marginal prices using public market data. The proposed approaches are built upon
generative adversarial networks and convolutional long short-term memory networks which
capture the spatio-temporal correlations among system-wide energy market data.

Chapter 7 presents a DSO framework to optimally coordinate the aggregators of various distributed
resources for their wholesale market participation while operating the retail market, considering
three-phase unbalanced distribution system operating constraints, as well as coordinated market
clearing mechanisms between the balanced wholesale and unbalanced retail markets.
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1.

Introduction

1.1 Background

This project is motivated by the growing integration of utility-scale and distributed energy storage
resources in both transmission and distribution systems. As US Federal Energy Regulatory Com-
mission (FERC) Orders No. 841 and No. 2222 request all the US system operators to completely
open their energy and ancillary services markets to both utility-scale and retail-scale (distributed)
energy storage resources, these energy storage resources bring in the following challenges to the
wholesale market operation and participation.

It is observed by several independent system operators that the utility-scale energy storage
resources are very active for regulation service provision, despite they are also capable of
providing many other services (such as energy, reserve, peak shaving, demand-side
management, congestion management, etc.). To incentivize utility-scale energy storage for
providing multiple services in a more balanced way, it is important to comprehensively
model and analyze the market participation activities of strategic energy storage resources,
considering regulation market participation and operation details as well as the impact of
battery degradation on their regulation market activities.

To improve the market revenue for profit-seeking utility-scale energy storage resources
and distributed energy storage aggregators, it is important for these market participants to
accurately forecast day-ahead and real-time locational marginal prices across the system,
in order to determine advanced profit-seeking bidding strategies.

As the massive integration of distributed energy storage and other distributed resources
significantly increases the computational burden for the wholesale market clearing process
(the unit commitment and economic dispatch) and endangers the distribution system
operation (due to aggregator control actions not monitored by the distribution utilities and
distribution grid models not observed by the wholesale market operators), it is important
to design a distribution system operator (DSO) framework which optimally coordinates
with the wholesale market clearing process as well as operates the retail markets with
various distributed re- sources aggregators, considering operating constraints in three-
phase unbalanced distribution grids.

This project aims at solving the above challenges in the following aspects.

A comprehensive modeling framework is proposed to study various market participation
activities of utility-scale battery energy storage resources in the energy and ancillary
services markets, with detailed consideration of batteries’ regulation market activities and
degradation cost.

A decision model for an electricity retailer with utility-scale BESS and virtual bidding is
proposed through a two-stage stochastic optimization framework to determine its optimal
participation in the wholesale electricity market considering different types of
uncertainties.



e Built upon generative adversarial networks and convolutional long short-term memory net-
works, data-driven price forecasting approaches are proposed to forecast system-wide day-
ahead and real-time locational marginal prices with improved forecasting accuracy.

e A DSO framework is proposed to optimally coordinate the aggregators of various
distributed resources for their wholesale market participation while operating the retail
market, considering three-phase unbalanced distribution system operating constraints, as
well as coordinated market clearing mechanisms between the wholesale and retail markets.

1.2 Project Outcomes

The project outcomes and major contributions are summarized below for each chapter of this
report.

1.2.1 Optimal Participation of Price-maker Battery Energy Storage Systems (BESSS) in
Energy and Ancillary Services Markets Considering Degradation Cost

A comprehensive framework is proposed in Chapter 2 for studying price-maker BESSs’ strategic
behavior in correlated energy, reserve, and regulation markets, with a special focus on
investigating BESSs’ excessive regulation service provision. Built upon existing bi-level
optimization models for studying price-maker BESS’s strategic behavior in energy/ancillary
services markets [2-11], this work further makes the following contributions.

e A realistic degradation cost model based on rainflow algorithm is deployed in the bi-level
optimization framework to investigate BESS degradation cost variations when providing
energy, reserve, and regulation services.

e To study impacts of BESS’s AGC (automatic generation control) signal following
activities on its revenue, degradation, and operating patterns, an AGC signal dispatch
model is proposed to deploy AGC signals in the bi-level framework based on market
outcomes. This modeling effort enhances the regulation market clearing model and enables
detailed investigations on BESSs’ excessive regulation service provision.

e BESS’s operating characteristics across energy/ancillary services markets, BESS’s
regulation market participation strategies, the impact of BESS’s profit maximization on
wholesale market operations, and the impacts of BESS capacity, replacement cost and
variations in load and reliability requirements of the grid on the BESS operation and
revenue are analyzed thoroughly with this detailed modeling framework on a synthetic test
case with real-world data for market parameters and BESS parameters.

Built upon this comprehensive modeling framework, case studies on a synthetic system with real-
world data are performed to investigate BESS operating characteristics in the energy, reserve, and
regulation markets. Key insights out of the case studies are summarized below.

Despite the profit-seeking (price-making) characteristics of utility-scale BESSs, their wholesale
market participation still reduces the system total operation cost.



e BESSs tend to participate the least in the energy market which induces high degradation
costs and deep charge/discharge cycles.

e BESSs contribute the most to the regulation market which induces low degradation costs
and shallow charge/discharge cycles for following the AGC signals.

e The regulation revenue of BESSs tends to depend more on its charge/discharge limit, while
the energy and reserve revenue of BESSs tends to depend more on its capacity.

e The regulation revenue of BESSs tends to experience more variations over different sea-
sons/months of the year, compared to the energy and reserve revenue of BESSs. The
regulation revenue variations are mainly affected by seasonal/monthly variations of system
regulation requirements.

1.2.2 Impact of Battery Degradation on Market Participation of Utility-scale BESSs

Built upon our framework in Chapter 2, this chapter performs comparative case studies to
investigate the impact of battery degradation on the operation scheduling and revenue/cost of a
price-maker BESS in real-time energy, reserve, and pay as performance regulation markets. By
including and removing the battery degradation cost model and detailed AGC signal dispatch
model in the framework proposed in Chapter 2, we could determine the optimal scheduling of a
price-maker BESS is real-time energy and ancillary services markets with and without considering
the battery degradation cost in the decision-making process. Simulation results obtained using this
framework with and without these two models (the degradation model and AGC signal dispatch
model) on a synthetic test system are presented in four different cases, representing various market
participation policies for the BESS. Case study results show that 1) considering degradation cost
may significantly reduce BESS’s energy market participation; 2) the BESS’s participation pattern
in the reserve and regulation markets is not significantly impacted by the battery degradation cost.

1.2.3 Integrating BESSs in the Electricity Market: Conceptual Framework and Case Study

In this chapter, a conceptual framework for the integration of BESSs in the wholesale and retail
electricity markets is presented and discussed. In addition, a stochastic decision-making model for
an electricity retailer with BESS and virtual bidding is proposed and validated through case studies.
In this chapter, we make the following contributions:

e The proposed market framework illustrates how BESSs are integrated into the grid and
how they are able to interconnect with other BESS owners locally and share resources such
as peer-to-peer energy trading.

e A two-stage stochastic optimization model to determine the short-term decisions of an
electricity retailer with self-production of renewable energy, BESS, and virtual bidding is
proposed. The proposed model minimizes the retailer’s expected procurement cost and
determines the optimal bidding curves to be submitted in the wholesale electricity market.
Different from previous approaches, the proposed model integrates both BESS and virtual
bidding in the retailer’s short-term decisions.



1.2.4 Predicting Real-Time Locational Marginal Prices (LMPs): A GAN-Based Approach

This chapter proposes a purely data-driven approach for predicting system-wide real-time
locational marginal prices (RTLMPs) and day-ahead locational marginal prices (DALMPS) by
learning spatio-temporal correlations among heterogeneous public market data, without requiring
any confidential information on system topology, model parameters, or market operating details.
In this chapter, we make the following contributions:

e We introduce a general data structure which enables efficient storage and organization of
spatio-temporally correlated system-wide heterogeneous market data streams (i.e., LMPs,
loads, generation offers, generation mix data, etc.) into the format of 3-dimensional (3D)
tensors. This general data structure can be integrated into various LMP predictors to better
capture spatio-temporal correlations among system-wide demands, supplies, and LMPs.

e We formulate the RTLMP prediction problem as a 2-dimensional (2D) array prediction
problem. A conditional generative adversarial network (GAN) based prediction model is
trained with multiple loss functions to learn the spatio-temporal correlations among
historical market data. The discriminator model and adversarial training procedure are
taken to eliminate blurry predictions. This model is applied to predict hourly system-wide
RTLMPs, using only public market data. To our best knowledge, this is the first attempt
toward applying conditional GANSs for power system spatio-temporal data forecasts, rather
than simply for synthetic power system data generations [12, 13].

e An auto-regressive moving average (ARMA) based online calibration method is proposed
to solve the prediction deviations caused by generation bidding uncertainties without
frequent updates to the GAN-based prediction model. To our best knowledge, this is the
first study incorporating generation bidding uncertainties to the prediction and analysis of
energy market data.

e The proposed LMP prediction approach is generalizable toward various types of price
forecasting problems. Case studies on real-world market data verify the prediction
accuracy of this approach for RTLMP and DALMP forecasts in both day-ahead and hour-
ahead manner, when only annual GAN model update is required.

Although the proposed approach is applied to system-wide LMP prediction, the prediction method
and the 3D tensor data structure can be generalized to system-wide load and renewable generation
prediction problems. The LMP prediction problem is more challenging than the other two
problems, as uncertainties from both loads and generations could reduce prediction accuracy [14,
15]. The system-wide LMP predictor (which is a general predictor for LMPs at multiple locations)
can also be easily adjusted to predict LMPs at several nodes over certain sub-areas in a system.
This enhances the LMP prediction for generator owners and load serving entities who buy/sell
energy at these nodes/sub-areas, as well as market participants in the purely financial instruments
of electricity market (such as financial transmission rights) who cares about the spatial LMP
differences among different nodes.



1.2.5 Locational Marginal Price Forecasting using Convolutional Long Short-Term
Memory- Based Generative Adversarial Network

This chapter proposes a convolutional LSTM (CLSTM) based generative adversarial network
(GAN) to forecast system-wide LMPs from market participants’ perspective, without power grid
models and generator bidding details. The LMP forecasting problem is formulated as a sequence-
to-sequence forecasting problem, and the LMP spatio-temporal correlations are learned by the
CLSTM network during adversarial training. The proposed approach is trained to forecast most
likely future LMP sequences, which maximize the conditional probability given by historical
LMPs. Although the proposed CLSTM based GAN model is applied to forecast system-wide
LMPs, this model offers a general neural network structure which can be utilized for other spatio-
temporal forecasting problems in power systems, such as system-wide demand and wind/solar
generation forecasting. In general, the LMP forecasting problem is more challenging than other
power system forecasting problems (such as demand forecasting), since LMPs are highly volatile
with price spikes. When conventional forecasting techniques are applied to LMP and demand
forecasting problems, the typical forecasting errors could reach beyond 20% for LMP forecasting
but around 2% for demand forecasting [16].

1.2.6 Retail Market Design and Operation for Distributed Energy Storage and Other
Distributed Resources

This chapter integrates single-phase aggregators for distributed energy storage and other
distributed energy resources (DERs) for wholesale and retail markets participation considering a
market settlement procedure. This study addresses the above questions with the following major
contributions:

e A distribution system operator (DSO) framework is proposed to optimally coordinate
various DER aggregators, including the demand response aggregators (DRAGS),
renewable energy aggregators (REAGS), energy storage aggregators (ESAGS),
dispatchable distributed generation aggregators (DDGAGS), and electric vehicle charging
stations (EVCSs), for the wholesale market participation while operating the retail market.

e A market settlement approach is proposed for the DSO, which coordinates with the
wholesale market clearing process and ensures the DSO’s non-profit characteristic.

e It is proved that at the wholesale-DSO coupling substation, the total payment
received/compensated by the DSO under the wholesale price is identical to that under three
single-phase distribution LMPs for each phase at the substation.

e A linearized unbalanced power flow is presented to handle the single-phase market
participants while assuring three-phase balanced offers to the wholesale market.

e The DSO’s market outcomes and market settlement process are investigated through case
studies on small and large distribution test systems.

The proposed DSO reduces the computational burden for wholesale market clearing by moving
the DER-related market clearing computations to the DSO level, while satisfying distribution
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system operating constraints and being compatible with the current wholesale market structures.
Case studies are performed on the 33-node balanced distribution system and the 240-node
unbalanced distribution system. The results in the balanced network show that the DSO sells
energy to the wholesale market when the wholesale energy price is high. The DSO assigns
regulation capacity-down services to the ESAG for increasing its charge level and decreasing
DSO’s operating cost. The DDGAG is cleared to sell energy during peak hours. There are
opportunities for the EVCS to increase its charge level by providing regulation capacity-up. The
DRAG purchases energy during off-peak hours. The results in the unbalanced system show that
although the DSQO’s retail market is unbalanced, the DSO’s share for participating in the wholesale
market is three-phase balanced. The DSO assigns more charging states to the ESAGs with higher
energy offering prices. In the unbalanced system, the DSO may buy energy from the DDGAG with
higher energy offering price to submit a balanced offer to the ISO (independent system operator).
The DSO sells energy to DRAGs and EVCSs considering achieving balanced operating conditions
at the DSO-ISO coupling point.

1.3 Report Organization

The report is organized as follows. Chapter 2 presents the bi-level optimization framework for
investigating comprehensive market participation activities of utility-scale price-maker battery
energy storage systems (BESSS) in the joint energy, reserve, and regulation markets, with detailed
considerations of the regulation market’s AGC (automatic generation control) signal dispatch
process and the battery degradation characteristics. Chapter 3 discusses the impact of battery
degradation on market participation activities of utility-scale BESSs. Chapter 4 presents a
conceptual framework for the integration of BESSs in the electricity market and proposes a
decision-making model for an electricity retailer with BESS and virtual bidding through a two-
stage stochastic optimization framework. Chapter 5 presents a data-driven (model-free) approach
for predicting system- wide real-time and day-ahead locational marginal prices (LMPs) based on
generative adversarial networks (GAN). This approach can be utilized by various market
participants, including the utility-scale BESS owners and distributed energy storage aggregators,
for predicting day-ahead and real-time LMPs to improve their market participation strategies.
Chapter 6 presents an enhanced system-wide LMP prediction approach, which is built upon the
GAN-based approach in Chapter 5. This enhanced prediction approach takes advantage of the
convolutional long short-term memory (LSTM) network which is designed for capturing spatio-
temporal correlations among system- wide time series data. Chapter 7 proposes a retail market
design and operation framework for handling market activities of distributed energy storage
aggregators and other distributed resources aggregators. Chapter 8 provides concluding remarks
to this report.



2. Optimal Participation of Price-maker Battery Energy Storage Systems in
Energy and Ancillary Services Markets Considering Degradation Cost

Nomenclature

Abbreviations
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TCh, TDis

Set of battery storage buses, indexed by i.

Set of generator buses, indexed by j.

Set of battery degradation cost curve segments, indexed by k.

Set of transmission lines, indexed by (n, w).

Set of all buses, indexed by n and w.

Set of market clearing intervals, indexed by t, t~.

Set of AGC signal sub-invervals, indexed by z.

Superscript for battery energy storage units.

Superscript for charge and discharge power of each degradation segment.
Superscript for the energy market.

Superscript for generators.

Superscript for the regulation capacity market.

Superscript for the regulation mileage market.

Superscript for the reserve market.

Superscript for total charge and discharge power in each sub-interval.

Terminology Definitions
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AGC
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pLoad
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pRate

pRg,Ramp

Generator price offer.

The last interval and the last sub-interval.
Interval and sub-interval time spans.

Battery unit’s charge/discharge efficiency.
Automatic generation control signal set points.
Slope of each degradation cost segment.

Each degradation cost segment’s capacity limit.
Transmission line susceptance.

Regulation mileage multiplier.

System real power load.

Generator output power limit.

Battery unit’s charge/discharge limit.

Ramp limit for generator regulation provision.



PRs,Ramp Ramp limit for generator reserve provision.

R System requirements for ancillary services.
soct Battery unit’s initial state of charge.
SOCMax Battery unit’s maximum state of charge.
SOCMin Battery unit’s minimum state of charge.
TL Transmission line thermal limit.

Symbols

S Price offer of battery units.

T Market clearing prices.

0 Bus voltage angles.

e Energy stored during each degradation segment.
P Real power.

PF Regulation market participation factor.

Q Quantity offer of battery units.

Vv Sub-interval charge/discharge indicator.

2.1 Introduction

Motivated by US Federal Energy Regulatory Commission Order 841 [17] requiring independent
system operators (ISOs) to open energy and ancillary services markets for BESSs, many profit-
seeking BESSs joined wholesale markets. From BESS market activities, several 1SOs observe
BESSs are very active in regulation markets, despite energy and reserve markets are also open [18,
19]. In extreme cases, BESSs’ regulation service almost covers system-wide regulation service
requirements and saturates regulation markets [20]. As BESSs can provide other services (energy,
reserve, peak shaving, demand-side management, congestion management, etc. [21]) which,
compared to regulation service, could be more important for stable/economic grid operations in
some cases, it is desired to incentivize BESSs to provide multiple services in a more balanced way
without concentrating exclusively on regulation service. This calls for efforts to explore
mechanisms behind profit-seeking BESSs’ excessive regulation market activities despite all
energy/ancillary services markets are open.

Existing literature for BESS market participation falls into two categories. The first category [22—
29] models the BESS as a price-taker. These works do not model impacts of BESSs’ strategic
behavior on market clearing results, therefore cannot obtain thorough understanding for market
activities of profit-seeking large-scale BESSs. The second category [2-10] studies BESSs’
strategic behavior by the price-maker BESS model, which is a bi-level optimization with
interactions between BESSs’ optimal bidding and ISO’s wholesale market clearing. However,
most works [2, 3, 5-8, 10] overlook the regulation market and only model BESSs in the energy
market [2, 3, 6, 7, 10] or energy and reserve markets [5, 8]. Since BESSs are very active in
regulation markets [18, 19], these works ignore the BESSs’ major revenue stream (the regulation



market) and cannot accurately evaluate BESSs’ strategic behavior and revenue streams in all three
markets. Models in [5-10] do not properly consider impacts of BESS degradation on their market
activities, by either neglecting the degradation cost [7,10] or modeling it by a linear function and/or
cycling limitation model [5,6,8,9] which represents BESS degradation in a less accurate way. Since
BESSs have different degradation characteristics when providing different grid services
(especially regulation services which requires less BESS cycling depth compared to other
services), accurately modeling degradation costs could improve the understanding for BESSs’
excessive regulation market participation. Models in [4, 9] consider strategic BESSs in regulation
markets (BESSs’ major revenue stream). In [4, 9], AGC signals deployment is not considered in
the regulation market models and regulation mileage deployment is modeled with predetermined
factors. This modeling approach is not an accurate representation of the real-world regulation
market structure. Besides, Reference [9] replaces the lower-level market clearing process in the
bi-level optimization by predicting a ‘price quota curve’ [2]. This price quota curve determines
how the market clearing price (MCP) changes depending on the quantity offer of a strategic
participant. Compared to the full bi-level model withthe clearing process of energy/ancillary
services markets, this price quota curve may not capture impacts of BESS’s provision of one
service (regulation) on the price of another service (reserve). Therefore, it cannot capture
correlations between BESSs’ strategic activities in different markets.

To improve current market designs and incentivize BESSs toward providing multiple grid services
in a more balanced and effective manner, a comprehensive modeling framework is needed to
investigate the BESS’s excessive regulation service provision despite all the energy, reserve, and
regulation markets are available to BESSs. Several gaps remain between the existing literature and
this desired framework. 1) The regulation market clearing details, such as the deployment of
automatic generation control (AGC) signals, and the interactions between the regulation market
and energy/reserve markets need to be modeled properly to capture BESS market activities; 2) The
variations of BESS degradation costs when participating in different markets need to be explicitly
considered; 3) The BESS’s expected long-term market revenue, considering seasonal load
variations, need to be investigated.

To resolve these gaps, this chapter proposes a comprehensive framework for studying price-maker
BESSs’ strategic behavior in correlated energy, reserve, and regulation markets, with a special
focus on investigating BESSs’ excessive regulation service provision. This model is developed
upon our previous work [11] with a simplified model (without BESS degradation cost and AGC
signal dispatch model). Built upon existing bi-level optimization models for studying price-maker
BESS’s strategic behavior in energy/ancillary services markets [2—11], this chapter further makes
the following contributions.

e A realistic degradation cost model based on rainflow algorithm is deployed in the bi-level
optimization framework to investigate BESS degradation cost variations when providing
energy, reserve, and regulation services.

e To study impacts of BESS’s AGC signal following activities on its revenue, degradation,
and operating patterns, an AGC signal dispatch model is proposed to deploy AGC signals
in the bi-level framework based on market outcomes. This modeling effort enhances the
regulation market clearing model and enables detailed investigations on BESSs’ excessive
regulation service provision.



e BESS’s operating characteristics across energy/ancillary services markets, BESS’s
regulation market participation strategies, the impact of BESS’s profit maximization on
wholesale market operations, and the impacts of BESS capacity, replacement cost and
variations in load and reliability requirements of the grid on the BESS operation and
revenue are analyzed thoroughly with this detailed modeling framework on a synthetic test
case with real-world data for market parameters and BESS parameters.

2.2 Formulation and Methodology

This section formulates the bi-level framework for investigating the interactions between a
strategic price-maker BESS’s profit maximization and ISO’s joint energy, reserve, and regulation
markets clearing, considering 1) the degradation cost model deployed into the bi-level framework;
2) the detailed regulation market clearing process with the proposed AGC signal dispatch model.
This framework contains the coupled upper-level problem (ULP) and lower-level problem (LLP).
The ULP maximizes BESS’s total profit across various markets. The LLP simulates ISO’s joint
market clearing process. Decision variables of the ULP, including BESS’s quantity and price
offers, serve as the input parameters for the LLP. The MCPs and BESS’s scheduled power,
determined by the LLP, serve as input parameters for the ULP. This bi-level problem is non-
convex and is converted to a single-level mixed-integer linear programming (MILP) problem
following the procedure in [30]. This MILP can be solved by commercial solvers.

2.2.1 The Upper-level Problem (ULP) Formulation

In the ULP shown below, the BESS owner with several battery units at different buses maximizes
its revenue from real-time energy, reserve, and regulation markets while considering its operating
limits and degradation cost.
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The objective function (U1) maximizes total revenue of a BESS owner (with multiple battery units
at different buses). It considers the BESS’s net revenue from the energy, reserve, regulation
capacity and regulation mileage markets, as well as the BESS’s degradation cost. While calculating
the BESS’s regulation capacity and mileage revenue, the BESS’s performance score in following
AGC signals is assumed to be 1, indicating the BESS’s perfect AGC signals tracking accuracy due
to its fast response capability. Decision variables of the ULP include each battery unit’s price and
quantity offers for real-time energy, spinning reserve capacity, regulation capacity, and regulation
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mileage provisions. These offers serve as inputs for ISO’s joint market clearing process in the
LLP.

2.2.1.1 Constraints for AGC Signal Dispatch Modeling

In existing works, regulation mileage deployment (AGC dispatch) is usually modeled on the
battery’s state of charge (SOC) at the end of each market clearing interval (5 or 15 minutes) using
predetermined factors of unit’s regulation mileage participation Piig M [4, 9, 11]. However,
modeling SOC with this resolution (5 or 15 minutes) cannot capture SOC changes resulted from
following AGC signals, since AGC signals are usually sent out every 4 seconds. It is important to
monitor SOC changes resulted from following AGC signals to understand the effect of AGC
following activities on BESS’s degradation costs and operation. To accurately represent BESS’s
AGC signal following activities, the unit-level AGC signal dispatched to each battery needs to be
properly modeled. Using (U8)-(U10), a participation factor (PF) is defined to simulate the AGC
signal dispatch process and obtain the unit-level AGC signal for every battery. The proposed PF
and the AGC signal dispatch simulation enable us to perform detailed studies on the impact of
BESS’s AGC signal following activities on its SOC management and battery degradation cost.

In (U8), the PF is defined as the ratio of each battery’s scheduled regulation mileage provision to
system regulation mileage requirement. The summation of PFs for all batteries should not go
beyond 1 (i.e., 100% of the system regulation mileage requirement), as described in (U9). In (U10),
the system regulation mileage requirement for a market clearing interval is defined by
accumulating differences between two system-level AGC signal setpoints obtained at adjacent
AGC sub-intervals.

As mentioned, AGC signals are forecasted parameters of the optimization. Similar to the AGC
dispatch method of [31], the concern of using PF for dispatching AGC signals is that the amount
of dispatched AGC to each regulation unit does not exceed the unit’s scheduled regulation
capacity. This work addresses the issue by scaling the mileage multiplier m of the LLP. These PFs
are then used to calculate regulation mileage payments to various batteries (i.e., the BESS’s
revenue for regulation mileage provision). PFs are also used for calculating the charged/discharged
power of each unit in each sub-interval by Constraint (U11).

2.2.1.2 Constraints for Degradation Cost Modeling

The battery degradation cost is typically calculated based on the rainflow algorithm, which counts
the number of charge/discharge cycles, determines the cycle depth, and obtains accurate
degradation cost based on the cycle count and cycle depth. However, this algorithm does not have
an analytical expression and cannot be integrated directly in an optimization problem [27]. This
work deploys a linear approximation of the rainflow algorithm into the bi-level optimization
framework. For degradation cost approximation, the battery capacity (from 0% to 100%) is
uniformly divided into several segments (i.e., the degradation segments) represented by the K set.
The energy capacity limit of each segment e™?* is a portion of the battery capacity. A piecewise
linear approximation of the degradation cost (obtained from the battery cycle depth aging function)
is assigned to each segment CP¢9. This work calculates the degradation cost in each AGC signal
sub-interval. Therefore, the degradation cost caused by following AGC signal and/or energy
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market participation is considered. Details on battery capacity segmentation, €29 calculation, and
accuracy of the approximation are in [27]. In (U1), this degradation cost is subtracted from the
BESS revenue.

During a certain AGC signal sub-interval, Constraints (U11)-(U13) specify how much the battery
unit is charging or discharging by determining the sign of the value obtained by summation of
battery unit’s scheduled power in the energy market and the AGC signal dispatched to the battery
unit. Hence, in each sub-interval, the battery unit may provide regulation up or down services
while it sells or buys power in the energy market. The accumulation of these energy and regulation
provisions determines the amount of power it is charging or discharging. For example, if in an
interval, the battery unit buys 3 MW from energy market (Pft'E = 3) and receives 2 MW of AGC
signal dispatch in one of the sub-intervals for regulation up service (PF; ;AGC, , = 2), then the left

hand side of (U11) will be 1 resulting in Pl-?;'gh = 1, which means that battery unit is charging for
1 MW during that sub-interval. Constraints (U14)-(U16) assign battery charge/discharge power
during each AGC signal sub-interval to the corresponding degradation segments, while battery
charge/discharge efficiency is considered. Constraints (U17)-(U18) evaluate battery stored energy
in each degradation segment, by comparing difference between the stored energy in two
consecutive AGC signal sub-intervals. Constraint (U17) performs this comparison for consecutive
sub-intervals within the same market clearing interval, while Constraint (U18) performs this
comparison between the first sub-interval of each market clearing interval and the last sub-interval
of the previous market clearing interval. Constraint (U19) enforces the energy capacity limits of
the degradation segments.

The above degradation cost representation (in (U1) and (U11)-(U19)) indicates in each AGC signal
sub-interval, 1) if the battery unit is charging, the charged energy is allocated to the degradation
segment with the lowest degradation cost which has not yet reached its maximum energy limit; 2)
if the battery unit is discharging, the discharged energy is subtracted from the degradation segment
with the lowest degradation cost which has been charged previously.

2.2.1.3 Constraints for Battery SOC Management

Constraint (U20) calculates the battery SOC during every AGC sub-interval by accumulating the
stored energy in all segments of battery capacity. The energy in each segment is calculated through
(U11)-(U19) based on the charged/discharged power resulted from following AGC signals and
charged/discharged power in the energy market. Constraint (U21) limits the SOC value by the
unit’s maximum and minimum SOCs. In (U21), enough battery capacity is reserved for spinning
reserve provision. Although spinning reserve deployment is not modeled, Constraint (U22) ensures
that enough energy is stored in the battery to maintain reserve provision in the worst-case scenario
for scheduled reserve deployment in all intervals. It guarantees the reliable operation of the system
[32]. Constraint (U23) ensures the SOCs at the beginning and end of the simulation horizon remain
at the same pre-specified value, so it is possible to expand a short-time simulation result to a longer
period. Constraint (U24) defines binary variables for the battery’s charging/discharging states
during different sub-intervals vit- and binary variables for the battery’s supply/demand states
during different market clearing intervals u;,.
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2.2.1.4 Constraints for Battery Charge/Discharge Limits

Constraints (U2)-(U3) limit unit i of BESS to either sell (ui,+ = 1) or buy energy (ui: = 0) in the
energy market, while its quantity offer is limited by the unit’s charge/discharge rate. If it buys
energy, Constraint (U4) ensures the battery’s energy price offer Bft is large enough such that the
battery behaves as a self-scheduling unit like other loads in the system. Constraints (U5)-(U6) limit
the battery’s quantity offers for spinning reserve and regulation capacity provisions within the
unit’s charge/discharge rate, respectively. Constraint (U7) indicates the battery’s total power
scheduled for energy, reserve capacity, and regulation capacity provisions must stay below the
unit’s charge/discharge rate. Note that regulation capacity provision is symmetrical and represents
both regulation up and down.

2.2.2 The Lower-level Problem (LLP) Formulation

The LLP below models ISO’s joint market-clearing process for real-time energy, spinning reserve,
and pay-as-performance regulation markets (with regulation capacity and mileage payments). It is
possible to implement any choice of market clearing interval and AGC dispatch sub-interval with
this model. The LLP is built upon the market structure of California 1ISO. The market structure
details can be found in [11, 33].
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The objective function (L1) determines the system’s total operating cost. The decision variables
are the scheduled power of each generating/battery unit for energy, reserve, regulation capacity,
and regulation mileage provisions. The LLP also determines the energy, reserve, regulation
capacity, and regulation mileage prices for each battery unit. The battery’s scheduled power and
MCPs serve as inputs for the ULP.

2.2.2.1 Constraints for AGC Signal Dispatch Modeling

Constraints (L5) and (L9) apply to each regulation market participant (BESSs and generators) to
represent the pay as performance market model. The regulation mileage multiplier m is assigned
by the ISO to each regulating unit based on its historical performance on regulation mileage
provision. These multipliers serve as parameters of the optimization problem.

To ensure the AGC signal dispatched to each regulating unit (based on the participation factor PF
) does not go beyond the unit’s scheduled power for regulation capacity provision, we propose to
uniformly scale the unit’s mileage multiplier m in a way that (1) always holds. Note that in most
market clearing intervals, Equation (1) may hold without scaling.

RgM
Rg

t VnEBUGVteT(L
Mt = Max, (JAGC,, — AGCr,1]) @

With (1), in each market clearing interval, the regulation mileage multiplier of each regulating unit
is scaled to be less than the ratio of system regulation mileage requirement to the maximum change
between consecutive AGC signal setpoints. Consider a system whose regulation capacity and

mileage requirements are ngc = 6MW and ngM = 12MW, respectively, in an interval. Assume
Units 1, 2, and 3 provide regulation service. They have identical 2MW scheduled regulation
capacity (P9 = P}9¢ = Pf9“ = 2MW). Based on historical performance, 1SO sets their
mileage multipliers as m; =5, m, = m3 = 3. Without uniform scaling of mileage multipliers, if
Unit 1 has the lowest regulation mileage price bid and the other two units have identical bids, the

units’ scheduled regulation mileage will be PleM = 8MW, PZRgM = P3RgM = 2MW. Based on
(U8), the units’ PFs are PF; = E,PF2 = PF; = % If maximum change between consecutive
system-wide AGC signals is 4 MW (Max,(|AGC,, — AGC, ,_,|) = 4MW), Unit 1 should provide
g of it (2.6 MW), which is greater than the unit’s scheduled regulation capacity and is not
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acceptable. By uniformly scaling mileage multipliers with a factor of % , the inequality in (1) is

guaranteed, resulting inm; = 3,m, = m3 = 1.8. Accordingly, the units’ scheduled regulation
mileage will be P*" = emw, 9" = pf9™ = 3MW. Hence, Unit 1 should provide 2MW of
the 4MW system-wide AGC signal change, which lies within its scheduled regulation capacity.
Note that Unit 1 can increase its share for regulation mileage provision by increasing its share in
the regulation capacity market. Therefore, this scaling does not affect the mileage multipliers’ role,
which is differentiating between units based on their historical performance and ramp rates. The
scaling ensures the dispatched AGC signals, based on the scheduled regulation mileage, are
proportional to the scheduled regulation capacity of the units.

2.2.2.2 Constraints for Market Participants

Constraints (L2)-(L4) ensure for each generating unit, 1) its total power delivery lies within its
maximum and minimum generation limits; 2) its reserve and regulation capacity provisions do not
exceed the corresponding ramp rates. Constraints (L6)-(L8) ensure the battery’s scheduled power
in the energy, reserve, and regulation capacity markets lie within the corresponding quantity offers
of the BESS (determined by the ULP).

2.2.2.3 Constraints for Market Operations

Constraints (L10)-(L12) ensure system requirements on reserve, regulation capacity, and
regulation mileage services are satisfied. The dual variables of these constraints nfs,nfgc, n M
represent the MCPs for the corresponding services. Constraint (L13) represents the nodal power
balance. Its dual variable 7% , represents the locational marginal price (LMP) at bus n. The above
MCPs and LMPs serve as inputs for the ULP. Constraint (L14) represents the transmission line

thermal limits.

2.3 Case Studies

The framework is evaluated on 3rd area of IEEE Reliability Test System of the Grid Modernization
Laboratory Consortium (RTS-GMLC) [34], with 25 buses, 39 lines, 26 generators, and a BESS.
The simulation horizon is 24 hours. The market clearing interval is 15 minutes. The AGC signal
dispatch sub-interval is set at 20 seconds to reduce computational burden. System load profile and
reserve/regulation capacity requirements are created using average load of the test case from June
to August. System regulation mileage requirement in each market clearing interval is set at around
1.5 times corresponding regulation capacity requirement (a typical requirement in real- world
markets [31]). Figure 2.1 shows 24-hour system ancillary services requirements. Sample AGC
signals from ISO New England are adopted [35].

We assume generators use generation costs as energy price offers. Generator price offers for
reserve, regulation capacity and mileage are created using their energy price offers multiplied by
0.15, 0.4, and 0.07, respectively, where the multipliers are corresponding average ratios in PJM
historical data [36].
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Parameters of the lithium-ion BESS at Bus 13 are: operation duration = 4 hours, maximum
charge/discharge cycle depth = 80%, useful life = 6000 cycles at 80% cycle depth [37],
replacement cost = 200k$/MWh [38], PR4t¢ = 50MW, Capacity = 200MWh, SOCM"* = 20MWh,
SOCMax = 180MWh, SOC™t = 90MWh, n = 95%. Based on lithium-ion BESS’s cycle depth
aging function [39] and replacement cost, the degradation cost function is C(§) = 52.4 §203,
where § is the ratio of cycle depth to BESS capacity. This near quadratic function is approximated
by a 16-segment piecewise linear function for degradation cost modeling.
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Figure 2.1 The test system’s ancillary services requirements.

2.3.1 BESS Degradation Cost and Regulation Market Activities

Figure 2.2 shows 1) BESS total revenue from each market and its degradation cost; 2) system total
operation cost for each market, with and without the BESS. It is observed although a price-maker
BESS seeks to maximize its profit, its market participation still reduces the system total operation
cost and benefits the whole system. Comparing the total operation cost of the regulation capacity
market and BESS’s revenue from this market, it is clear that BESS is the major contributor to the
regulation capacity market. However, with the BESS, the total operation cost of the regulation
capacity market still reduces. Figure 2.2 shows almost all the BESS’s revenue comes from the
regulation capacity and mileage markets, indicating regulation markets being the most profitable
for BESS. High share of BESS in regulation market agrees with real-world observations [18-20].
Besides, in Figure 2.2, BESS gains the least revenue from energy market. This is because BESS’s
energy arbitrage results in deep charge/discharge cycles and increases its degradation cost. This
reduces the BESS’s revenue from the energy market.
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Figure 2.2 System cost with/without BESS and BESS’s revenue and costs.

Figure 2.3 shows BESS scheduled power in each market and its 24-hour SOC. When system
regulation capacity requirements are less than BESS charge/discharge limit (50MW), system-level
regulation requirements are fully satisfied by BESS’s regulation service. This indicates, compared
to the energy and reserve markets, the regulation market is the primary option for the BESS. During
hours 6-8 and 10-18, the system regulation capacity requirements exceed BESS charge/discharge
limit, and the BESS could not provide all the required regulation services. In this case, the BESS
scheduled power for regulation capacity provision is mostly fixed at the charge/discharge limit,
and the system regulation requirements are jointly satisfied by the BESS and other market
participants. At the beginning/end of the day when the system regulation capacity requirement
falls below the charging/discharging limit, the BESS first provides all the system’s regulation
requirement, then optimally allocates its unused output capacity across the other markets.

The SOC curve in Figure 2.3 shows the BESS does not experience deep charge/discharge cycles.
Extracting the charge/discharge cycles of this SOC curve using exact rainflow algorithm [40]
reveals the BESS goes through 207 charge/discharge cycles during the simulation. The cycle depth
varies between 1.72MWh and 4kWh, and the average cycle depth is 0.23MWh. These
charge/discharge cycles are very shallow (less than 1% of the BESS capacity). These shallow
charge/discharge cycles are caused by the BESS’s AGC signal following activities. As reducing
cycle depths lowers the BESS degradation cost, participating in the regulation market could reduce
the BESS’s degradation cost while maintaining a certain revenue level. This agrees with Figure
2.2, in which the BESS degradation cost remains low. Additionally, shallow charge/discharge
cycles indicate the BESS does not use most of its capacity. Therefore, the BESS revenue depends
more on its charge/discharge limit rather than its capacity.
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Figure 2.3 Scheduled power of BESS in each market and its state of charge.

2.3.2 Variations of System Load and Reliability Requirements

To study impacts of grid load/ancillary service requirements variations on BESS seasonal
operations and long-term revenue, 12 simulations are performed in which 24-hour grid
load/ancillary service requirements are the average of the test case load/ancillary service
requirements in each month of the year. Across 12 load patterns, the average/maximum/minimum
grid load variations in each interval are 360MW, 713MW, and 203MW, respectively, covering
wide variations of grid load/ancillary service requirements. Forecasted AGC signals are
regenerated to match regulation mileage requirements.

Figure 2.4 shows BESS revenue from each market and its degradation cost in 12 simulations. Over
various loads/ancillary service requirements, 1) BESS participates in the regulation market the
most and the energy market the least; 2) its regulation market revenue is significantly higher than
its reserve market revenue, while its energy market revenue is negative; 3) it participates in energy
market mainly for buying energy to compensate its discharged energy. With these simulations built
upon averaged system load and ancillary service requirements for each month, the BESS’s
expected annual revenue (including regulation/reserve market revenue), annual costs (including
degradation/energy cost), and annual net operating profit are estimated as $5,909,758, $135,635,
and $5,774,123, respectively. The initial battery investment cost is not considered in the estimated
net operating profit.

In Figure 2.4, BESS regulation market revenue varies the most compared to its revenue from other
markets, since BESS is a major contributor to regulation market. Its regulation market revenue is
more affected by system regulation requirement variations. BESS energy/reserve market revenue
is less affected by system load/reserve requirement variations, due to its limited energy/reserve
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market participation. During June/July when system regulation requirement is lower, BESS
regulation market revenue is lower, while its energy/reserve market revenue is higher and
degradation cost is lower. During this period, 1) BESS has extra capacity for reserve market
participation; 2) it buys less energy to compensate energy discharged due to AGC signal following;
and 3) it has lower degradation cost due to reduced AGC signal following.
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Figure 2.4 Degradation cost and revenue of BESS from each market in various simulations
covering average monthly variations in load and reliability requirements of the system.

2.3.3 Analysis of the BESS’s Capacity and Degradation Cost

A bi-parametric analysis is performed to study impacts of BESS capacity and replacement cost on
BESS operations and market revenue. BESS capacity is changed from 100MWh to 2000MWh
(step size = 100MWh). With a 4-hour operation duration, BESS charge/discharge limit changes
from 25MW to 500MW (step size = 25MW). For each size level, we consider replacement costs
of 200k$/MWh, 150k$/MWHh, 100k$/MWh, 50k$/MWHh, 25k$/MWh, and 1k$/MWh. Degradation
costs vary with the replacement costs. To maintain degradation cost modeling accuracy, the
number of degradation cost segments is varied based on BESS capacity variations. We perform
120 simulations to cover these variations. For each replacement cost, BESS total revenue and
revenue from each market versus its capacity (and charge/discharge limit) are shown in Figure 2.5.

In Figure 2.5, regulation market revenue curves at various replacement costs increase as BESS
capacity increases to 300MWh. Beyond 300MWh capacity, system regulation requirements are
fully satisfied (i.e., saturated) by BESS. Hence, BESS regulation market revenue curves remain
flat after 300MWHh capacity. A knee-point happens on BESS total revenue curves when regulation
market gets saturated. This indicates BESS total revenue increases slower when it cannot gain
more profit from the regulation market. In existing systems, after expanding BESS capacity
beyond a certain threshold, BESS total revenue growth rate may decrease significantly as the
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BESSs saturate the regulation market and cannot gain significant revenue from the energy/reserve
markets.
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Figure 2.5 BESS’s revenue versus its capacity and charge/discharge limit for different replacement
costs. The BESS’s total revenue and revenue from each market are represented using curves with
specific patterns, and each curve is shown in different colors representing various battery
replacement costs. E.g., the dotted black curve is the energy market revenue for a BESS with
1k$/MWh replacement cost. The horizontal axis is labeled with both BESS capacity (in MWh)
and charge/discharge limit (in MW).

In Figure 2.5, except for total revenue curve and energy revenue curve at 1k$/MWh replacement
cost, all other curves of the same pattern at different replacement costs overlap. This indicates 1)
reducing the battery replacement cost does not affect the BESS’s revenue from reserve and
regulation markets; 2) BESS energy market participation is not profitable unless the replacement
cost drops significantly (to 1k$/MWh). Once BESS energy market participation becomes
profitable, after saturating the regulation market, BESS allocates its capacity in excess of ancillary
services provision to the energy market.

In Figure 2.5, regardless of the replacement cost, BESS reserve revenue increases almost
constantly as its capacity increases, since BESS reserve market participation is bounded by its
capacity due to worst-case reserve deployment model. Its regulation revenue (before saturation)
increases significantly faster than its energy/reserve revenue. This indicates BESS capacity and
charge/discharge limit increment has more impact on its regulation revenue than on its
energy/reserve revenue.
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These results show: 1) compared to energy market, regulation/reserve markets are more profitable
for BESSs, regardless of replacement costs; 2) BESS energy revenue could increase by reducing
replacement cost significantly; 3) BESS regulation revenue depends more on charge/discharge
limit; 4) BESS energy/reserve revenue increment depends on BESS capacity; 5) degradation cost
modeling may not change BESS strategies in ancillary services markets, while it limits BESS
energy market operation. This issue is further discussed in [41].

Studies in this section for degradation cost analysis are performed using 24-hour simulations for
BESS’s real-time market operations. The impact of degradation cost on the timeframe for BESS
replacement is a long-term BESS planning problem (instead of the BESS real-time operation
problem), which falls out of the scope of this section. This long-term planning problem could be
investigated by optimization and simulation tools developed for long-term planning (instead of
real-time operation) purpose. As these long-term planning problems typically involve much longer
time horizon compared to the 24-hour real-time operation horizon adopted in this section, the
models developed in this section (for real-time operation analysis) do not fit the purpose of long-
term planning studies, as these models consider real-time BESS and market operation details
which will lead to significant computational burden if directly applied to the simulation and
optimization horizon for long-term planning problems. Therefore, model simplifications which fit
the purpose of long-term planning studies will be needed for studying the impact of BESS
degradation on the replacement timeframe of BESS.

2.4 Conclusion

This chapter proposes a bi-level framework for optimal strategies of price-maker BESSs in real-
time energy, reserve, and regulation markets. To understand BESSs’ excessive regulation market
activities and the impact of degradation on BESS market strategies, an accurate degradation cost
function is deployed in the BESS strategic bidding model, and an AGC signal dispatch model is
proposed to model and simulate BESS AGC signal following activities. Case studies on a synthetic
system with real-world data are performed to investigate BESS operating characteristics in the
regulation market and energy/reserve markets, when BESS degradation, AGC signal following,
and system annual load/ancillary service requirements variations are considered. Impacts of BESS
capacity and replacement cost on its market revenue are also investigated.

Future research could focus on considering market uncertainties and renewable energy penetration
for better evaluation of BESS’s impact on energy and ancillary services markets.
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3. Impact of Battery Degradation on Market Participation of Utility-scale
Battery Energy Storage Systems (BESSS)

3.1 Introduction

The grid integration of battery energy storage systems (BESSS) is expanding rapidly, thanks to the
BESS’s desirable characteristics of being a fast, efficient, and flexible generating resource with
the capability of multiple services provision [37]. BESSs are capable of providing a wide range of
grid services including energy arbitrage, frequency regulation, reserve provision, resiliency
enhancement, and renewable firming [42]. In recent years, the battery manufacturing cost has
reduced, which encourages merchant BESSs to participate in the electricity markets. Since 2018,
independent system operators (ISOs) in the US are required by the Federal Energy Regulatory
Commission (FERC) Order 841 to remove barriers for BESS’s participation in the various markets
[17]. This order further motivates merchant BESSs to offer energy and ancillary services through
the wholesale market. It also inspires the power industry and research community to thoroughly
understand the BESS’s operating patterns, revenue streams, and cost structures in the energy and
ancillary services markets.

To study the market operation of merchant BESSs, existing literature models the merchant BESS
as a price-maker in the market, since these utility-scale BESSs could impact market prices due to
their capacity and technical characteristics [6-9, 11, 43]. Using the price-maker modeling
approach, it is possible to study the optimal allocation of merchant BESS across various markets
and analyze the impact of BESS’s profit maximization activities on the ISO’s market clearing
outcomes.

In line with the works which focus on markets’ design and structures [44], reference [6] compares
three different market mechanisms for operation scheduling of a BESS in the energy market. This
work is mainly focused on the market mechanism and does not deal with operational details of
BESS and ancillary services markets. A comprehensive study on the operation of price-maker
BESS in the energy market under various transmission congestion scenarios is performed in [7].
This work does not model ancillary services markets besides the energy market and also neglects
the battery degradation cost. Studies on market operations of price-maker BESSs are enhanced in
[8] by considering day-ahead energy and reserve markets and real-time balancing market.
However, the frequency regulation market, which is one of the major revenue streams for BESSs
in practical applications [42], is not considered in [8]. In [9], BESS is modeled as a price-taker in
the energy market and price-maker in reserve and frequency regulation markets using a novel
approach for price-maker modeling. Reference [9] models the most important markets for the
operation of BESS and also considers parameter uncertainties in the model. However, this work
neglects the battery degradation cost, which may lead to inaccurate results. In [27, 28], several
accurate battery degradation cost models are developed and applied to studies considering BESS
as a price-taker in the market. These price-taker models cannot capture the BESS’s impact on
market clearing outcomes and are insufficient for studying BESS’s market operations.

To enable comprehensive analysis on the interactions between merchant BESSs and
energy/ancillary services markets, we propose an optimization framework in Chapter 2 for the
participation of price- maker BESS in real-time energy, reserve, and pay as performance frequency
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regulation markets with an accurate degradation cost model. In Chapter 2, we also develop a
market-based dispatch model for the automatic generation control (AGC) signals, in order to study
the details of BESS operations in the regulation market.

Built upon our framework in Chapter 2, this chapter performs comparative case studies to
investigate the impact of battery degradation on the operation scheduling and revenue/cost of a
price-maker BESS in real-time energy, reserve, and pay as performance regulation markets. By
including and removing the battery degradation cost model and detailed AGC signal dispatch
model in the framework proposed in Chapter 2, we could determine the optimal scheduling of a
price-maker BESS is real-time energy and ancillary services markets with and without considering
the battery degradation cost in the decision-making process. Simulation results obtained using this
framework with and without these two models (the degradation model and AGC signal dispatch
model) on a synthetic test system are presented in four different cases, representing various market
participation policies for the BESS. A comparative analysis of the case study results evaluated the
impact of battery degradation on the BESS’s market operation.

3.2 Frameworks Description

In Chapter 2, we propose an optimization framework to study the optimal participation of a price-
maker BESS in real-time energy, reserve, and pay as performance frequency regulation markets.
The framework contains comprehensive models for BESS operating limits, as well as details of
ISO’s joint market clearing procedure for real-time energy and ancillary services markets.

To study detailed interactions between BESS’s profit maximization strategies and ISO’s joint
market clearing procedure across real-time energy, reserve, and regulation markets, the BESS is
modeled as a price-maker using bi-level optimization framework with coupled upper and lower
level problems. In the upper-level problem (ULP), BESS’s owner maximizes its revenue across
various markets within a certain time period, while the lower-level problem (LLP) simulates the
ISO’s joint market clearing procedure. BESS’s quantity and price offers for each market at each
market clearing interval serve as decision variables in the ULP and input parameters to the LLP,
while market clearing prices (MCPs) and scheduled power of BESS serve as decision variables in
the LLP and input parameters to the ULP.

Figure 3.1 shows the structure and main components of the framework in Chapter 2 considering
battery degradation cost. The coupling between ULP and LLP is represented by terms in blue. To
establish a framework without considering battery degradation, terms in red are removed from the
framework in Chapter 2. Both frameworks (with and without battery degradation) share the same
LLP but differ in the ULP. A general description of the ULPs and the common LLP for both
frameworks is presented below. Detailed equations for the frameworks with and without modeling
battery degradation cost can be found in Chapter 2.
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Upper-level Problem
BESS maximizes its profit from various markets

M'HZZ [RE, + RES + RRQL + RRE’M]M
=l e —DegCost;,

Subject to:

4

1) Batteries’ Charge/Discharge Limits

2) Batteries’ State of Charge (SOC) Managements
3) Batteries’ Degradation Cost Model

4) AGC Signal Dispatching Model

BESS’s Quantity :

and Price Offers +

Lower-level Problem
[SO jointly clears the markets

G.E G Rs G,RgC G.RgM
Z[Cj.: + G5 + ¢ + ]

iz
Minz + At

Z[Eee ERs_l_EERgL_I_CB RgM-I

Subject to:
1) Operational Limits of the BESS

1
i Markets Clearing Prices and Scheduled Power

2) Operational Limits of the Other Participants
3) Frequency Regulation Market Model
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Figure 3.1 Structure of the optimization frameworks. T denotes the studied time period; B denotes
the set of all battery units owned by a BESS owner; G denotes the set of all the other generating

units in the market; At denotes the length of each market clearing interval; R/, ,Rff,Rff’C,RffM
denote the BESS’s revenue obtained using battery unit i from energy, reserve, regulation capacity
and regulation mileage markets at market clearing interval t, respectively; De gf;’“ denotes the
degradation cost of battery unit i during market clearing interval t; C%, C2F, ¢2F9¢, ¢ ;™
denote the operating costs of battery unit i in the energy, reserve regulation capacity and regulation
mileage markets at market clearing interval ¢, respectively; €, %, ¢, ¢7;*™ denote the
operating costs of generating unit j in the energy, reserve, regulation capacity and regulation
mileage markets at market clearing interval t, respectively.
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3.2.1 Upper-level Problem (ULP)

In the ULP, the BESS owner who has several battery storage units at different buses maximizes
its revenue from the real-time energy, spinning reserve, and pay as performance frequency
regulation markets while considering its operating limits, including or not including the battery
degradation cost. The ULP of each framework is described below.

3.2.1.1 Framework without Degradation Cost Model

In this framework, components of the ULP are represented by terms in black in Figure 3.1. The
objective function maximizes BESS’s total revenue from energy, reserve, regulation capacity, and
regulation mileage markets across a certain time period and across all the battery units at different
buses. Each revenue term is calculated by multiplying the battery unit’s dispatched power and
corresponding MCP. Revenue from the energy market can be positive or negative in each market
clearing interval as BESS may sell (i.e., discharge) or buy (i.e., charge) energy in each interval.
Revenue from the reserve market is paid to each unit for reserving its output for contingency
conditions. Revenue from the regulation market consists of regulation capacity payment, which is
paid based on the unit’s reserved capacity for regulation services provision; and regulation mileage
payment, which is paid based on the unit’s contribution toward following system-level AGC
signals.

Reserve services deployment is modeled in neither of the frameworks as it is related to contingency
analysis. In this framework (without degradation cost model), AGC signal deployment is modeled
by assuming that AGC signals have zero-mean over each market clearing interval. These zero-
mean AGC signals are provided by ISOs like PJIM and 1SO New England (ISO-NE) [45]. This
assumption indicates following AGC signals 1) will not change the battery unit’s state of charge
(SOC) across each market clearing interval; 2) will not cause additional cost to BESS owners if
battery degradation is neglected. Therefore, a dispatch model for AGC signals is not needed when
battery degradation cost is not considered.

The constraints of the ULP in this framework include: 1) Batteries’ charge/discharge limits: these
constraints ensure the quantity offer of BESS for each market is within the battery units’
charge/discharge limits. Also, the accumulated dispatched power for various services in each
market clearing interval should not violate the charge/discharge limits of the batteries. 2) Batteries’
SOC management: these constraints keep track of the changes in the battery unit’s SOC in each
market clearing interval, which are resulted from BESS’s participation in various markets. These
constraints also ensure the SOC lies within its upper/lower limits and force BESS to have the same
SOC at the beginning and end of each day.

3.2.1.2 Framework with Degradation Cost Model

In Figure 3.1, terms in red represent components that are added to the ULP of the previous
framework to build the framework considering battery degradation costs. By subtracting the
degradation cost term from the objective function and adding a group of constraints for modeling
degradation costs, the battery degradation costs are calculated based on a linear approximation of
the rainflow algorithm [27]. Rainflow algorithm is an accurate method for battery degradation cost
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modeling, which counts the number of charge/discharge cycles in the battery’s operation period
and assigns costs to them based on the depth of the cycles. It means that having charge/discharge
cycles with lower depth results in less degradation cost.

To obtain degradation cost accurately during BESS’s AGC signal following activities, each battery
unit’s contribution toward following system-level AGC signals needs to be properly modeled. This
is handled by the AGC signal dispatching model in the constraints of the ULP, where a
participation factor is defined to dispatch system-level AGC signals based on market outcomes.

3.2.2 Lower-level Problem (LLP)

As shown in Figure 3.1, the LLP models ISOs’ joint market clearing process, and it is similar in
both frameworks. The LLP objective function minimizes the total operating cost of real-time
energy, reserve, regulation capacity, and regulation mileage markets across a certain time period,
considering the operating costs of the BESS and other non-battery market participants. Each cost
term is calculated by multiplying each unit’s price offer to its scheduled power. The BESS’s price
offers are input parameters from the ULP. It is assumed that BESS can perfectly predict price
offers of other participants.

The following six groups of constraints are considered for the LLP, as shown in Figure 3.1. 1)
Operational limits of BESS: these constraints limit each battery unit’s scheduled power for each
market below its corresponding quantity offer. 2) Operational limits of other participants:
minimum and maximum generation limits of other participants are maintained in these constraints
along with ramping limits. 3) Frequency regulation market model: these constraints model the
impact of each unit’s historical performance in regulation services provision on its current dispatch
in the regulation market. 4) System-wide reliability requirements: these constraints ensure that,
during each market clearing interval, the system ancillary services requirements are satisfied by
the scheduled power of BESS and other market participants. The corresponding dual variables are
MCPs for reserve, regulation capacity, and regulation mileage provisions. 5) Power balance at
each bus: these constraints enforce the Kirchhoff’s current law at each bus. The corresponding
dual variables are locational marginal prices (LMPs) at various buses. 6) Transmission network
model: these constraints calculate transmission line power flow and enforce line thermal limits.

Using the conversion procedure in [30], both bi-level frameworks are converted to mixed integer
linear programming (MILP) to be solved using available commercial solvers.

3.3 Case Studies and Comparative Analysis

The above two optimization frameworks enable us to evaluate the impact of battery degradation
cost on BESS’s operations in various markets. This section investigates such impact through four
comparative case studies performed on the above optimization frameworks under different market
participation scenarios of BESS. In Chapter 2, several case studies are performed to evaluate the
performance of the framework with battery degradation. This section focuses on understanding
how battery degradation cost could affect BESS’s market participation and profit maximization
activities, through comparing simulation results obtained using both frameworks (with and without
considering battery degradation).
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3.3.1 The Test System

To have a synthetic test system built upon real-world data, the IEEE reliability test system (RTS),
updated by Grid Modernization Laboratory Consortium, i.e., RTS-GLMC, is adopted for the case
studies [34]. The simulations are performed on the third area of the RTS-GMLC network. This
test system consists of 25 buses, 39 transmission lines, 26 generators, and a battery unit on Bus
13. The simulation horizon is 24 hours with 15-minute market clearing intervals (i.e., 96 market
clearing intervals in total). The AGC signals are dispatched every 20 seconds for the framework
with the degradation cost model and AGC signal dispatch model.

System load, reserve, and regulation capacity requirements for the simulation horizon are deter-
mined by averaging the summer (June to August) load and ancillary services requirements of the
third area in the RTS-GMLC. During the 24-hour simulation horizon, the system load varies be-
tween 1285 MW and 2345 MW. The system peak and valley loads happen in Hours 11-18 and
Hours 1-6, respectively. Hence, it is expected that the energy market price reaches its highest and
lowest values in respectively Hours 11-18 and Hours 1-6.

In each market clearing interval, the system’s regulation mileage requirement is set to be 1.5 times
the regulation capacity requirement. The sample AGC set points, provided by ISO-NE, are
modified for AGC signal modeling [35]. The modified AGC signals have zero-mean over each
15-minute market clearing interval. In each market clearing interval, the total variation of the
modified AGC signals is equal to the corresponding system regulation mileage requirement.

It is assumed, in each market clearing interval, each generator’s price offer for the energy market
is equal to the generation cost. Generator price offers for reserve, regulation capacity, and
regulation mileage markets are 0.15, 0.4, and 0.07 times their energy price offers, respectively.
The multipliers used for calculating ancillary services’ price offers are derived from PJM historical
data by averaging over the ratio of each ancillary service price to the energy price [36].

The BESS owner has a lithium-ion battery unit at Bus 13 with the operational parameters specified
in Table 3.1. The useful life of the battery is 6000 full charge/discharge cycles with cycle depth of
80% [37], and the battery replacement cost is 200 k$/MWh price. This information is used for
incorporating the battery degradation cost into the framework with the degradation cost model.
Details on the degradation cost function can be found in [43].

Table 3.1 Operational information of the battery unit

(Dis)charge  Storage Min Max Initial  (Dis)charge
limit Capacity SOC SOC SOC Efficiency
(MW) (MWh)  (MWh) (MWh) (MWh) (%)

50 200 20 180 90 95

3.3.2 Case 1: Energy Market

This case compares the BESS’s performance with and without modeling its degradation cost, when
the BESS only participates in the energy market. Figures 3.2(A) and 3.2(B) show the BESS’s
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scheduled power (in MW) and SOC (in MWh) when the BESS participates in the energy market
only, without and with the degradation model, respectively.
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Figure 3.2 Scheduled power and SOC of BESS when it participates in energy market only, using
(A) framework without degradation cost model; (B) framework with degradation cost model. The

black curve denotes BESS’s scheduled power in energy market; The grey area denotes the BESS’s
SOC.

Figure 3.2(A) shows when degradation costs are neglected, energy arbitrage between hours is a
profitable bidding strategy for a BESS only participating in the energy market. Hence, the BESS
buys energy (with negative scheduled power) and charges itself (with an increase in the SOC)
during initial hours with lower energy prices (hours 1-6), in order to sell the stored energy during
hours with higher energy prices (hours 11-18). As shown in Figure 3.2(A), BESS uses all its
available capacity for this inter-temporal energy arbitrage. The BESS also experiences deep
charge/discharge cycles for maximizing its revenue, which, in real-world practices, may result in
considerable battery life loss and degradation cost.
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Figure 3.2(B) shows when degradation costs are considered in the BESS’s bidding strategies, the
BESS’s participation in the energy market is very limited. It only buys 12 MWh energy once
during off-peak hours (hours 3-4) and sells this amount of energy once during peak hours (hours
14-16). In this case, when battery degradation is considered, participating in the energy market
does not generate enough revenue to overcome the total degradation cost. Therefore, the BESS
limits its participation in the energy market.

3.3.3 Case 2: Energy and Reserve Markets
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Figure 3.3 Scheduled power and SOC of BESS when it participates in energy and reserve markets,
using (A) framework without degradation cost model; (B) framework with degradation cost model.
The black and blue curves denote BESS’s scheduled power in energy and reserve markets,
respectively; The grey area denotes the BESS’s SOC.
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This case compares the BESS’s performance with and without modeling its degradation cost, when
the BESS participates in both energy and reserve markets. Figures 3.3(A) and 3.3(B) show the
BESS’s scheduled power (in MW) and SOC (in MWh) when the BESS participates in the energy
and reserve markets, without and with the degradation model, respectively.

In Figure 3.3(A), the BESS prefers participating in the reserve market more than the energy market.
In most hours, the BESS’s scheduled power in the reserve market reaches its 50 MW
charge/discharge limit. The BESS also performs inter-temporal energy arbitrage to gain revenue
from the energy market, but the amount of energy arbitrage is limited as the BESS reaches its
charge/discharge limit. BESSs with higher charge/discharge limits may participate more in the
energy market.

As shown in Figure 3.3(B), when the degradation cost is modeled, the reserve market becomes the
only source of revenue for BESS, and BESS does not participate in the energy market. In essence,
as reserve deployment is not modeled in this work, participation in the reserve market does not
incur any degradation cost for the BESS. Hence, BESS provides reserve services as much as it can
and does not perform any energy arbitrage between hours as the revenue generated by this activity
does not overcome the degradation cost in this test system. In this case, the battery degradation
does not have a significant impact on the BESS’s operation in the reserve market, but this
degradation reduces the BESS’s energy market participation significantly.

3.3.4 Case 3: Energy and Frequency Regulation Markets

This case compares the BESS’s performance with and without the degradation cost model, when
the BESS participates in both energy and regulation markets. Figures 3.4(A) and 3.4(B) show the
BESS’s scheduled power (in MW) and SOC (in MWh) when the BESS participates in the energy
and regulation markets, without and with the degradation model, respectively.

In this case, the simulation results without (Figure 3.4(A)) and with (Figure 3.4(B)) the degradation
cost model are more similar to each other than those in the previous cases. Under both frameworks,
the BESS participates the most in the frequency regulation market. In Figure 3.4(A), when battery
degradation is neglected, BESS also participates in the energy market and performs energy
arbitrage when its scheduled power for regulation capacity provision does not reach its
charge/discharge limit at the beginning and end of the day. A BESS with a higher charge/discharge
limit may participate more in the energy market. In Figure 3.4(B), when battery degradation is
considered, the BESS limits its energy market participation to only compensating for the energy
discharged due to following AGC signals. Although the AGC signals have zero-mean over each
market clearing interval, the battery’s charge/discharge efficiency is not 100%. In the framework
with models for the degradation cost and AGC signal dispatch, this fact leads to a SOC reduction
when the BESS follows the AGC signals. Therefore, BESS needs to compensate for the energy
discharged due to AGC signal following to maintain a similar SOC at the beginning and end of
the day.

The SOC curve of Figure 3.4(B) has small fluctuations (on top of the overall shape) all over the

simulation horizon. These fluctuations are low-depth charge/discharge cycles caused by following
AGC signals. As these low-depth charge/discharge cycles will result in low degradation costs, the
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BESS’s regulation market participation will not cause significant degradation costs. Hence,
degradation cost modeling in these simulations does not affect the operation pattern of BESS in

the regulation market a lot, and this pattern is similar in 3.4(A) and 3.4(B).
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Figure 3.4 Scheduled power and SOC of BESS when it participates in energy and regulation
markets, using (A) framework without degradation cost model; (B) framework with degradation
cost model. The black, green, and red curves denote BESS’s scheduled power in energy, regulation
capacity, and regulation mileage markets, respectively; The grey area denotes the BESS’s SOC.

3.3.5 Case 4: Energy, Reserve and Frequency Regulation Markets

This case compares the BESS’s performance with and without modeling its degradation cost, when
the BESS participates in all the energy, reserve, and regulation markets. Figures 3.3(A) and 3.3(B)
show the BESS’s scheduled power (in MW) and SOC (in MWh) when the BESS participates in

these markets, without and with the degradation model, respectively.
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Figure 3.5 Scheduled power and SOC of BESS when it participates in energy, reserve, and
regulation markets, using (A) framework without degradation cost model; (B) framework with
degradation cost model. The black, blue, green, and red curves denote BESS’s scheduled power
in energy, reserve, regulation capacity, and regulation mileage markets, respectively; The grey

area denotes the BESS’s SOC.

Comparison of Figure 3.5(A) with Figure 3.5(B) shows that similar to the previous cases, the
operation of BESS in ancillary services markets does not change a lot by considering degradation
costs in this test system. This happens since 1) the reserve deployment is not modeled; and 2)
providing regulation services does not cause high degradation costs. However, the BESS’s energy
market participation is reduced after considering degradation costs, since doing energy arbitrage

in the energy market is less profitable for BESSs with degradation costs.
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3.3.6 Comparative Analysis for BESS’s Revenue and Cost

Figure 3.6 shows the BESS’s total revenue from each market and its degradation cost in Cases 1-
4, using frameworks with and without the degradation cost model.
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Figure 3.6 BESS’s total revenue from each market and its degradation cost in Cases 1-4, using (A)
framework without degradation cost model; (B) framework with degradation cost model.

Comparison of Bar A with Bar B for each case in Figure 3.6 validates our previous observations
for this synthetic test case system build upon real-world data. First, considering batteries’
degradation cost in BESS operation scheduling significantly reduces BESS’s participation and
revenue in the energy market. Second, BESS’s participation and revenue in reserve and regulation
markets do not change significantly by modeling degradation costs. However, modeling reserve
deployment in the studies may affect the results for the reserve market.

Figure 3.4(B) and Figure 3.5(B) show the degradation costs in Cases 3-4 are mostly associated
with the BESS’s regulation market participation and AGC signal following. Figure 3.6 shows the
total degradation costs in Cases 3-4 are around 1% of the BESS’s revenue from the regulation
market, which is negligible in comparison to the revenue. Therefore, neglecting the degradation
costs caused by AGC signal following should not have a considerable impact on the results. This
neglection could significantly reduce the optimization complexity and computation time. It could
be adopted in future work when other BESS/market operational details need to be considered.

3.4 Conclusion

Based on our proposed frameworks for the participation of a price-maker BESS in real-time
energy, reserve, and pay as performance frequency regulation markets with and without battery
degradation cost model, this chapter conducts comparative case studies to investigate the impact
of battery degradation on BESS’s revenue, cost, and operations in energy and ancillary services
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markets. Simulation results using synthetic test system build upon real-world data shows that 1)
considering degradation cost may significantly reduce BESS’s energy market participation; 2) the
BESS’s participation pattern in the reserve and regulation markets is not significantly impacted by
the battery degradation cost.

Future work can be focused on considering parameter uncertainties, studying other ancillary
services markets, and modeling renewable resources in the frameworks.
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4. Integrating BESSs the Electricity Market: Conceptual Framework and
Case Study

Nomenclature

Indices and Sets
t Index for time periods, running from 1 to T.
) Index for scenarios, running from 1 to Q.

Constants and Parameters

T Probability of scenario w.

M Large auxiliary constant.

p)/max Maximum virtual bidding capacity at time t.

a Per-unit confidence level.

S Risk-aversion degree ranging from O to 1.

Vi Conversion efficiency of the battery energy storage system (BESS) at time t.
Emin Minimum state of charge of the BESS.

E™max Maximum state of charge of the BESS.

Pﬁ? Maximum charging active power for the BESS at time t and scenario w.
P,ET Maximum discharging active power for the BESS at time t and scenario w.

Decision Variables

Et State of charge of the BESS at time t and scenario w.

PPA Total power purchased in the day-ahead market at time tand scenario w.
PET Total power purchased in the real-time market at time fand scenario w.

P/ Power sold in the day-ahead market though incremental virtual bidding.

P/b Power bought in the day-ahead market through decremental virtual bidding.
PST* Charging active power for the BESS at time t and scenario w.

PST- Discharging active power for the BESS at time t and scenario w.

an Auxiliary variables used to compute the CVaR.

Z Binary variable used to determine the virtual bidding strategy at time ¢

ug Binary variable used to determine the status of BESS.
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Random Variables

28 Day-ahead electricity price at time £and scenario w.

8T Real-time electricity price at time t and scenario w.

P, Net power demand from retail’s customers at time t and scenario w.
PRE Actual renewable energy production at time tand scenario w.

4.1 Introduction

Assessing the impact of stacked BESS on the electricity is in recent years becoming of great
concern to both individuals, corporations, and governments around the world. This movement
towards the large-scale adoption of renewable energy resources can be seen around the globe as
different continents race towards reducing the carbon footprint. In recent years, energy storage has
proven to be very helpful in maintaining grid reliability and also in helping increase capacity of
power producers participating in day-ahead and real-time energy markets. It also helps to increase
the power capacity of individuals that generate electricity using large- or small-scale resources.
The benefits of market integration of BESSs include cost savings, increased reliability and
resilience, and reduced environmental impacts.

This chapter presents a conceptual framework for the integration of BESSs in the wholesale and
retail electricity markets. The proposed market framework illustrates how BESS owners are
integrated into the grid and also how they are able to interconnect with other BESS owners locally
and share resources such as peer-to-peer energy trading. Then, a stochastic decision-making model
for an electricity retailer with BESS and virtual bidding is proposed and validated through case
studies. The proposed model minimizes the retailer’s expected procurement cost and determines
the optimal bidding curves to be submitted in the wholesale electricity market.

4.2 Conceptual Framework

The conceptual electricity market framework in this chapter is divided into two parts: retail and
wholesale markets which are presented separately in Section 4.2.1 and 4.2.2, respectively, and
integrated in Section 4.2.3.

4.2.1 Retail Electricity Market

The retail market framework shown in Figure 4.1 illustrates how BESS are integrated into the
power grid and also how they are able to interconnect with other BESS locally and share resources
using technologies such as peer-to-peer energy. Stage 1 represents the distributed generation such
as PV panels that can be installed on the rooftops of homeowners. In stage 2, the hybrid inverter
charger is installed, the current generated by the distributed generation is used to recharge the
batteries and subsequently used in homes or being sent to the grid. Stage 3 represents energy
storage. The stored energy can be utilized later when generation has gone down especially in the
night and can also be sent to the grid at peak periods when demand exceeds supply. In stage 4, the
generated/stored energy is used in the home and there is also a backup energy from the power grid

37



through the smart meter to the home. This is necessary to provide electricity to the home in case
the solar panel and energy storage fails. It is also used to make sure that all the electricity users in
an area can be under an umbrella so that if there is an emergency on the grid that requires shutting
down power for certain areas, that there will not be homes that will have power so as to protect the
technicians that will be working on the grid when these breakdowns occur. In stage 5, the
electricity smart meter is used to keep record of the amount of electricity generated, used, and
transacted. It records the amount of excess generated or stored electricity sent to the grid,
aggregators and to other prosumers participating in the local peer-to-peer energy trading. It also
records the amount of energy received from the electricity grid to power the home when the
generated/stored electricity is not sufficient to satisfy the demand. Stage 6 shows the electricity
grid and its bi-directional transaction between the smart meter. Stage 7 shows the aggregators
receiving energy through the bi-directional meter which keeps the record of the transactions. In
stage 8, there is bi-directional transaction between other prosumers and other homeowners through
the smart meter. This means that, if there is insufficient energy generated or stored for the home,
energy can be purchased from other prosumers in the peer-to-peer energy market instead of going
to the power grid.
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Figure 4.1 Conceptual retail market framework for BESSs.

4.2.2 Wholesale Electricity Market

The wholesale electricity market is a marketplace where electricity produced by large generators
and consumed by large consumers of entities that resell that power to meet end-user demand. Most
of these resellers are the utility companies and retailers. However, some utility companies also
generate and sell directly to end-users. The clearing price for electricity in these wholesale markets
is determined by an auction in which generation resources offer a price at which they can supply
a specific number of megawatt-hours of power. Figure 4.2 shows the wholesale electricity market
framework. Energy generated from renewable and nonrenewable sources can be traded in the
wholesale market or be stored in utility-scale storage units to be utilized during the periods of low
generation or high demand. Utility-scale BESSs are extremely important to ensure the reliability
and resilience of power grids around the world. They can participate in energy markets and
different ancillary services markets such as energy imbalance, reserve, and frequency response
markets.
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Figure 4.2 Conceptual wholesale market framework for BESSs.

4.2.3 Integrating Retail and Wholesale Electricity Markets

Figure 4.3 illustrates an integrated framework for retail and wholesale electricity markets. In this
framework, two types of BESSs are considered. Utility-scale BESSs participate directly in the
wholesale market whereas small-scale BESSs can participate in the local retail market or be
aggregated to the wholesale market. The aggregation of small-scale BESSs is particularly
important to reduce the dependency on large-scale resources and promote greater flexibility and
decentralization. However, it increases the complexity of the market operations as several
aggregators need to coordinate multiple transactions from thousands or millions of widespread
distributed energy resources in the power grid.
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Figure 4.3 Conceptual wholesale market framework for BESSs.
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4.3 Case Study: A Decision Model for an Electricity Retailer with BESS and Virtual
Biding

4.3.1 Background

Many countries around the world have partially or fully deregulated their electricity markets in
order to promote greater liberalization, competition, and innovation and better quality of services
[113]. In deregulated retail electricity markets, end-user consumers are able to choose from
different suppliers, energy sources and services, and still be served by the existing poles,
distribution lines, and substations, which are maintained by one local utility company. In Europe,
nearly 30 countries have adopted deregulated retail electricity markets [113]. In the United States,
more than 20 states have implemented full or partial retail competition, also known as retail choice,
which allow customers in the distribution grid to choose their electricity supplier [114]. According
to a study conducted by the Federal Reserve Bank of Dallas [115], the adoption of competitive
retail electricity markets in the United States contributed to lower electricity rates to end customers
in states with high customer participation. Furthermore, the retail electricity market liberalization
helped increase market efficiency and promoted diversification of products and services, thus
enabling retail customers in many jurisdictions to have different contract options, participate in
demand response (DR) mechanisms, and purchase energy from different sources.

Electricity retailers are essential agents in deregulated electricity markets since they operate as
intermediaries between large power producers and end consumers without the need of operating
and maintaining physical assets in transmission and distribution grids [116]. Retailers procure
electricity mainly from bilateral contracts, self-production, and the wholesale electricity market,
which generally incorporates uncertainties on day-ahead and real-time prices and incur in
additional risks in their decision-making models for electricity procurement [117]. Several
decision-making models for electricity retailers have been recently proposed in the literature to
determine short-, medium-, and long-term strategies and decisions. An overview of the state of the
art in decision-making models for electricity retailers was provided in [118] and [119]. Most of
the existing works focused on the integration of price-based, incentive-based, combined, and
contract-based DR mechanisms.

A two-stage stochastic optimization model is proposed in this chapter to determine the short-term
decisions of an electricity retailer with self-production of renewable energy, BESS, and virtual
bidding. The proposed model minimizes the retailer’s expected procurement cost and determines
the optimal bidding curves to be submitted in the wholesale electricity market [120].

4.3.2 Assumptions and Decision-Making Framework

The proposed decision-making framework for an electricity retailer is illustrated in Figure 4.4.
Initially, historical data from day-ahead and real-time market prices, renewable energy production,
and customers’ load is collected. Then, scenarios are generated to be used in the stochastic
programming model. The scenario generation and reduction process is described in Section 4.3.3.
The first-stage decisions, also known as here-and-now decisions, comprise the retailer’s
involvement in the day-ahead market by submitting a non-increasing bidding curve to purchase
energy and participate in virtual bidding with uncertainty on market prices, self-production of
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renewable energy, and customers’ load. The retailer is assumed to be a price-taker agent in the
electricity market. Virtual bidding, also known as convergence bidding [121]-[122], is a pure
financial instrument used to explore arbitrage opportunities in multi-settlement electricity markets.
Electricity markets can participate in virtual bidding without necessarily having physical
generation or load assets. By submitting a decremental virtual bidding curve in the day-ahead
market, an electricity retailer can purchase energy from the day-ahead market and sell it in the
real-time market at a higher price. On the other hand, if the forecasted day-ahead price is higher
than the forecasted real-time price at specific hour, the retailer can purchase energy from the real-
time market and sell it in the day-ahead market at a higher price. The second-stage decisions, also
known as wait-and-see decisions, comprise the retailer’s involvement in the real-time market and
the optimal BESS charging and discharging decisions for each scenario. The retailer’s objective is
to minimize its expected procurement cost, and the outputs of the proposed model are the optimal
power and virtual bidding curves, as illustrated in Figure. 4.4.
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Figure 4.4 The proposed problem framework.
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4.3.3 Scenario Generation and Reduction

Initially, a large number of scenarios are generated for day-ahead and real-time prices, electricity
demand, and renewable energy production using a seasonal autoregressive integrated moving
average (SARIMA) time series model, where a stochastic process Y is expressed using the
following mathematical expression [123]:

14 P
1- ) ¢,BI (1 - cDiBiS> (1-B)%(1 - B5?y

q Q
=(1- 2 0,8" || 1- 2 0B | &, (4.1)
h=1 =

In (4.1), ¢4 are the autoregressive parameters; @y, are the moving-average parameters; ®; are the

seasonal autoregressive parameters; @; are the seasonal moving-average parameters; &, is the term
that represents the error which is assumed to be a normally distributed stochastic process; and B
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is the backward shift operator. After the scenarios are generated by the SARIMA model, a fast-
forward scenario reduction algorithm [124] is employed to reduce the number of scenarios of each
stochastic variable to ensure that the model is tractable and still preserves sufficient stochastic
information in the scenario set.

4.3.4 Mathematical Formulation

The proposed short-term decision-making model for an electricity retailer is presented as follows:

0] T
Minimize " ", [PPAARA — PRLAEE, — (384 — AL)PY
w=1t=1
1 0]
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The objective function (4.2) to be minimized is comprised of two terms: 1) the expected retailer’s
procurement cost (i.e., the costs from purchasing power in the day-ahead and real-time markets
minus the revenues obtained in the real-time market from positive energy deviations, and the
revenues from virtual bidding participation); and 2) the retailer’s CVaR multiplied by its risk-
aversion level B. All renewable energy units are assumed to operate with zero marginal cost.
Constraint (4.3) represents the retailer’s energy balance. It ensures that the total available energy
(i.e., the net energy purchased in the wholesale market along with the self-production of renewable
energy and available stored energy) is equal to the demand of retail customers at each time and
scenario. Constraints (4.4) and (4.5) limit the incremental and decremental virtual bidding
capacities, respectively. Constraints (4.6)-(4.8) ensure the same power and virtual bidding
capacities in the scenarios with the same DA prices. Constraints (4.9) and (4.10) enforce a
decreasing bidding curve for power and decremental virtual bidding trading in the DA market,
respectively. Constraint (4.11) enforce an increasing curve for incremental virtual bidding. In the
electricity market considered, the retailer is allowed to submit either an incremental or decremental
virtual bidding curve for each hour of the operating day as ensured by Constraints (4.12)-(4.14).
Note that M, is a sufficiently large constant and z; is an auxiliary binary variable. The BESS
constraints are formulated in (4.15)-(4.19). More specifically, Constraint (4.15) determines the
state-of-charge of the BESS which is limited by its minimum and maximum values in (4.16).
Constraint (4.17) ensures that the final state of charge (SOC) at the end of the operation day is
equal to the SOC at the beginning of the operating day for the next-day use. Constraints (4.18) and
(4.19) represent the charging and discharging power limits of the BESS, respectively. Note that
the binary variable u;7, is introduced to enforce that the BESS is not charged and discharged at
the same time. Constraint (4.20) constitutes non-negative variable declarations. Finally, Constraint
(4.21) is used to compute the CVaR.

4.3.5 Case Studies

The effectiveness of the proposed model is illustrated through case studies with real-world data.
An electricity retailer with self-production of solar energy and BESS in the PJIM market is
considered. The solar power capacity is assumed to be 50 MW and a 2MW/10MWh BESS with a
conversion efficiency of 0.94 is considered. The scenarios related to day- ahead and real-time
prices and customers’ load are generated based on PJM historical data [125]. The scenarios related
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to the solar power production are generated based on historical data from the National Renewable
Energy Laboratory (NREL) website [126]. Initially, 500 scenarios were generated for each
stochastic variable using a SARIMA model in the MATLAB econometrics toolbox [127]. Then,
the original scenarios of day-ahead prices, real-time prices, solar power production, and customers’
load were reduced to 5, 5, 5, and 3, respectively, resulting in a total of (5)3(3) = 375 scenarios.
Figure 4.5 illustrates the scenario arrangement considered in the case studies. Each period t
corresponds to one hour such that the total planning horizon T comprises an entire day (i.e., 24
hours). The expected values of all uncertain variables at each hour of the planning horizon are

shown in Figure 4.6. The proposed optimization model is modeled using Yalmip [128] and solved
with Gurorbi 9.0 in MATLAB.
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Figure 4.6 Expected values of the uncertain variables at each hour of the planning horizon.

Initially, the virtual bidding capacity is set to 30 MW and the confidence level is « = 0.95. Figure
4.7 shows the retailer’s expected cost versus the CVaR for different risk-aversion levels g from
0.1 to 0.9. It turns out that, as the risk aversion increases, the expected cost also increases and the
CVaR decreases. From f = 0.1 to 8 = 0.9, the expected cost increased nearly 10% and the CVaR
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increased about 8%. In order to study the impact of considering BESS and different virtual bidding
capacities on the proposed model, the retailer’s reduced costs and CVaRs for different risk-
aversion levels are shown in Figure 4.8 and Figure 4.9, respectively. It turns out that, the retailer’s
reduced costs and CVaRs are higher for larger virtual bidding capacities and are both very sensitive
to the risk-aversion level. As S increases, the reduced costs decrease and the reduced CVaRs
increase significantly. For a virtual bidding capacity of 60 MW, for example, the cost reduction
varied from $6,000 to approximately $4,000 (i.e., 33%) and the CVaR reduction varied from
approximately $480 to $4000 (i.e., 733%). It turns out that the integration of BESS also
contributed to the reduction of the retailer’s cost and CVaR, but with a lower sensitivity to the risk-
aversion level.
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Figure 4.7 Expected cost versus CVaR.
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Figure 4.8 Reduced costs considering BESS and different virtual bidding capacities.
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Figure 4.9 Reduced CVaR considering BESS and different virtual bidding capacities.

The hourly bidding curves are studied for hours 13 and 23 whose price scenarios are shown in
Table 4.1. The virtual bidding capacity is kept at 30 MW. Initially, the hour 13 is selected and
analyzed. In this hour, the expected day-ahead market price is $19.73/MWh, and the expected real-
time market price is $22.50/MWh. The retailer’s power bidding and virtual bidding curves
generated with the proposed model for a risk-neutral and a risk-averse retailer are shown in Figure
4.10. In this hour, a decremental virtual bidding curve is submitted to the wholesale market since
the expected day-ahead market price is lower than the expected real-time market price. Therefore,
the retailer purchases power in the day-ahead market to resell it at a higher price in the real-time
market. For £=0.3, the retailer is willing to purchase power in the day-ahead market for all price
scenarios, except for the highest price scenario (i.e., $27.98/MWh). For £=0.9, the model
generates a vertical power bidding curve and a vertical virtual bidding curve.

Table 4.1 Day-ahead and real-time price scenarios

Hour 1 2 3 4 5
DA price 13 7.72 20.47 2156 2317 27.98
scenarios
RT price 13 15.49 18.41 23.90 25,63 30.21
scenarios
DA price 23 217 15.17 16.28 17.92 22.82
scenarios
RT price 23 5.97 8.90 14.39 16.13 20.71
probability

DA: Day-ahead; RT: Real-time.
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Figure 4.10 Power and virtual bidding curves at hour 13 for 5=0.3 and 5=0.9.

In the hour 23, the expected day-ahead market price is $14.41/MWh, and the expected real-time
market price is $12.99/MWh. The retailer’s power bidding and virtual bidding curves generated
with the proposed model are shown in Figure 4.11. In this hour, an incremental virtual bidding
curve is submitted to the wholesale market since the expected day-ahead market price is higher
than the expected real-time market price. Therefore, the retailer purchases power in the real-time
market to resell it at a higher price in the day-ahead market. For $=0.3, the retailer is less willing
to purchase power in the day-ahead market for most price scenarios. A risk-averse retailer with
£=0.9 purchases power in the day-ahead market at lower prices and sells power in the day-ahead
market through incremental virtual bidding only at the highest price scenario.
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Figure 4.11 Power and virtual bidding curves at hour 23 for 5=0.3 and 5=0.9.
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4.4 Conclusions and Future Work

In this chapter, a conceptual framework to integrate BESSs in both retail and wholesale markets
was presented and discussed. Then, a short-term decision model for an electricity retailer with
BESS and virtual bidding was proposed and studied. Case studies have shown that the integration
of BESS in the retailer’s decision model results in lower expected costs and CVaR values for
different risk-aversion levels. Further research will be conducted to investigate the risk-
management of the retailer’s cost and the virtual bidding profits as separate risk portfolios.
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5. Predicting Real-Time Locational Marginal Prices: A GAN- Based
Approach

5.1 Introduction

Locational marginal price (LMP) prediction is critical for energy market participants to develop
optimal bidding strategies and maximize their profits. However, the increasing integration of
renewable resources leads to high uncertainties in both electricity supply and demand, which then
increases price volatility in electricity markets and makes LMP prediction difficult for market
participants.

To mitigate price volatility, LMPs in US electricity markets are settled twice in the day-ahead
(DA) and real-time (RT) markets. As a spot market, the RT market experiences higher price
volatility compared to the DA market (which is a forward market) [46]. Therefore, real-time LMPs
(RTLMPs) are less predictable compared to day-ahead LMPs (DALMPSs).

For a fixed real-time electricity market, the RTLMP uncertainties are caused both by the demand
uncertainties and supply uncertainties. In the following subsections we demonstrate these un-
certainties by outlining the basic concepts of LMPs with the DC optimal power flow (DCOPF)
formulation.

5.1.1 Spatio-temporal Correlations and Uncertainties of LMPs

LMPs are dual variables derived from solving the optimal power flow problem. In general, a
DCOPF [47, 48] is widely used by system operators to calculate LMPs, which can be formulated
as the following optimization problem:

N

mPinZ a;P? + b;P; + c; (5.1a)
i=1

sit. YN P-YN L;=0:2 (5.1b)
P-<P<P'0,0" (5.1c)
F-<T(PP-L)<F"':u,u* (5.1d)

where P, L are the vectors of active power generations and loads at N buses, respectively. P;, L;
are i*" elements in P and L, respectively. P~, P*, F~ and F* are the vectors of upper and lower
limits for power generations P and transmission line flows F = T(P — L), respectively. T is the
power transfer distribution factor (PTDF) matrix. A, 6~, o*, u~ and p* are the Lagrange
multipliers of the corresponding constraints. For each generation cost function C; = a;P? + b;P; +
ci, a;, b; and c; € R are the generation bidding variables submitted by the generator owner at bus
i. These generation bidding variables may vary frequently, instead of being constant.
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In (5.1d), with the PTDF matrix T commonly used in commercial DCOPF software, the active
power flows over transmission lines are represented as a linear combination of nodal power
injections. The PTDF matrix T describes this linear mapping, and can be written as [47]:

T = [0DAB™] (5.2)

where matrices D, A, B describe power grid topological and physical properties [47]. Given this
DCOPF formulation, the vector of nodal LMPs, LMP, can be represented as [47]:

oL
LMP = = = 11 + T (u™ — pt) (5.3)

where Z_f is the partial derivative of the DCOPF’s Lagrangian function £. Assuming constant grid

topology and physical properties in T, LMPs are the linear combination of Lagrange multipliers A,
p~ and pt. A is associated with the supply-demand equality constraint in (5.1b). u* and p~ are
associated with line flow limit constraints in (5.1d). It is clear that A is determined by the total load
Y.i=, L and the bidding variables submitted by generators spatially dispersed across the grid. Given
total load ;/-; L, u* and p~ are determined by geographical distributions of loads across the grid.
Therefore, LMPs across the grid are spatially correlated through the PTDF matrix, and temporally
correlated through hourly load/generation variations. The spatio-temporal uncertainties in both
demands and supplies will lead to LMP uncertainties.

Intuitively, accurate LMP predictions should capture these spatio-temporal uncertainties of
supplies and demands, and should represent the spatial-temporal correlations among LMPs at
different nodes. Thus, given a set of spatio-temporal correlated historical market data, the key point
of LMP prediction is to study the conditional probability of future LMPs. The objective of the
LMP predictor is to generate forecasted LMPs, which can maximize this conditional probability.

5.1.2 Related Literature and Main Contributions

Existing works predict LMPs either from system operators’ perspective (assuming the predictor
having system physical models) or from market participants’ perspective (assuming the predictor
having only public historical market data).

In [49-51], simulation-based methods, multiparametric programming approaches and neural net-
work models are proposed to predict LMPs from system operators’ perspective. These methods
assume perfect knowledge of system models, such as system topology and physical properties
described in PTDF matrix T, which is not shared with market participants. Without the confi-
dential system models, predicting RTLMPs from market participants’ perspective is much more
challenging. In this chapter, we focus on RTLMP prediction from market participants’ perspective.

Without access to any physical knowledge of energy market modeling, statistical and data-driven
methods are common and practical for market participants to predict LMPs. In [14, 15, 52], data-
driven LMP prediction algorithms are developed based on the concept of system pattern regions
(SPRs) [14]. These algorithms do not require detailed information on system operating conditions
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and network models. In [15], a support vector machine (SVM) is trained using historical market
data to learn the SRPs which represent the relationship between LMPs and system loading
conditions. However, this method only predicts future LMP ranges instead of exact LMP values.
Moreover, one significant weakness of SPR-based methods is that the SRPs are derived by
assuming fixed generation costs. The SPRs do not hold once generation bidding variables are
changed. Actually, when a;, b; and c¢; change in (5.1a), the marginal energy price 1 in (5.3) may
be different for the same set of nodal loads. Therefore, previous SPRs do not hold anymore. Indeed,
this method is tested in simulated markets without any generation offer variations.

From the market participants’ perspective, some LMP predictors focus on recovering grid models
using historical market data [47]. These methods estimate parameters of the DCOPF models and
try to capture the underlying market structure described by the DCOPF problem. Reference [1]
developed a holistic approach to forecast wholesale energy market prices using only public market
data. The approach proposed in [1] also utilizes theoretical concept of SPR [48] and learns the
relationship between generation mix and zonal demand on one hand and RTLMPs on the other
hand, based on the identified grid operating regimes. Both SPRs and the identification of grid
operating regimes assume no variation of generation bids in DCOPF. However, grid operating
regimes are not fixed in real-world systems. The DCOPF-related methods are computationally
expensive. Moreover, their LMP prediction accuracy is highly dependent on the accuracy of the
estimated DCOPF model parameters under fixed operating conditions, which could not be
guaranteed for real-world systems with a large number of time-varying model parameters under
changing operating conditions.

Another group of methods predict LMPs by learning the linear or nonlinear relationship between
historical LMPs and uncertain demands. In [53, 54], time-series statistical methods, such as
ARMAX model [53] and ARIMA model [54], are developed to learn such linear relationship. In
[55-57], data-driven machine learning approaches, such as neural network methods [55], tree-
based regression models [57] and LASSO method [56], are applied to learn such nonlinear
relationship. In [58], a feature selection technique is proposed to improve the accuracy of short
term price forecasting for neural network-based prediction models. In [57, 59, 60], multi neural
network-based models are implemented in price forecasting. The combinatorial neural network
[59] is trained by a stochastic search method and a sliding window is used to incorporate previous
predicted values for multi-period forecast. References [57, 60] focus on forecasting components
of LMPs. The final LMP prediction includes individual predicted energy price, congestion price
and loss price. These methods mainly capture the temporal correlations between LMPs and
demands, without considering the spatial correlations among system-wide LMPs. In [61], a new
electricity market- clearing mechanism is proposed based on the uncertainty contained LMP (U-
LMP). Besides regular components, U-LMP includes two new spatial uncertainty components.

Multivariate modeling is a popular spatio-temporal correlation analysis method. In [62], a multi-
variate LASSO model is deployed to study the electricity prices of eleven European datasets. This
method focuses only on the statistical relationship among prices, ignoring the actual uncertainties
of loads and supply bids. In our previous work [63], a data-driven method is proposed to forecast
RTLMPs using only historical RTLMP data. A generative adversarial network [64] (GAN) is
applied to learn spatio-temporal correlations among historical RTLMPs. However, the underlying
correlations caused by supply and demand uncertainties are ignored in this work.
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5.1.2.1 Challenges and Contributions

Several challenges remain unexplored in existing works for data-driven LMP forecasts from
market participants’ perspective. 1) Spatio-temporal uncertainties of both demands and supplies
(including generator bidding uncertainties) have strong correlations with the LMP uncertainties
and should be captured to improve LMP prediction accuracy. These uncertainties and correlations
are not fully utilized in developing LMP predictors. Existing works either ignore spatial
correlations among the uncertainties of demands, supplies, and LMPs [53, 55, 56], or assume no
variation/uncertainty for the generator bids in their LMP predictors [14, 15, 52]. 2) The ignorance
of certain correlations and uncertainties in these market data leads to frequent prediction model
updates in some existing works [55, 57], in order to maintain high LMP prediction accuracy.
Accurate LMP predictors without the need of frequent model updates are more desirable in
practical applications for reduced computational burden. 3) Existing approaches only focus on
special types of price forecasting problems (such as day-ahead forecasts of DALMPs [55, 62] or
RTLMPs [1], hour-ahead forecasts of RTLMPs [15, 52], etc.). A general LMP predictor which
performs well across different types of price forecasting problems is more widely applicable than
these specialized predictors, as it could be adopted by various market participants with different
price forecasting needs.

To overcome the above challenges, we propose a purely data-driven approach for predicting
system- wide RTLMPs and DALMPs by learning spatio-temporal correlations among
heterogeneous public market data, without requiring any confidential information on system
topology, model parameters, or market operating details. In this chapter, we make the following
contributions:

e We introduce a general data structure which enables efficient storage and organization of
spatio-temporally correlated system-wide heterogeneous market data streams (i.e., LMPs,
loads, generation offers, generation mix data, etc.) into the format of 3-dimensional (3D)
tensors. This general data structure can be integrated into various LMP predictors to better
capture spatio-temporal correlations among system-wide demands, supplies, and LMPs.

e We formulate the RTLMP prediction problem as a 2-dimensional (2D) array prediction
prob- lem. A conditional generative adversarial network (GAN) based prediction model is
trained with multiple loss functions to learn the spatio-temporal correlations among
historical mar- ket data. The discriminator model and adversarial training procedure are
taken to eliminate blurry predictions. This model is applied to predict hourly system-wide
RTLMPs, using only public market data. To our best knowledge, this is the first attempt
toward applying conditional GANs for power system spatio-temporal data forecasts, rather
than simply for synthetic power system data generations [12, 13].

e An auto-regressive moving average (ARMA) based online calibration method is proposed
to solve the prediction deviations caused by generation bidding uncertainties without
frequent updates to the GAN-based prediction model. To our best knowledge, this is the
first study incorporating generation bidding uncertainties to the prediction and analysis of
energy market data.

e The proposed LMP prediction approach is generalizable toward various types of price
forecasting problems. Case studies on real-world market data verify the prediction
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accuracy of this approach for RTLMP and DALMP forecasts in both day-ahead and hour-
ahead manner, when only annual GAN model update is required.

Although the proposed approach is applied to system-wide LMP prediction, the prediction method
and the 3D tensor data structure can be generalized to system-wide load and renewable generation
prediction problems. The LMP prediction problem is more challenging than the other two
problems, as uncertainties from both loads and generations could reduce prediction accuracy [14,
15]. The system-wide LMP predictor (which is a general predictor for LMPs at multiple locations)
can also be easily adjusted to predict LMPs at several nodes over certain sub-areas in a system.
This enhances the LMP prediction for generator owners and load serving entities who buy/sell
energy at these nodes/sub-areas, as well as market participants in the purely financial instruments
of electricity market (such as financial transmission rights) who cares about the spatial LMP
differences among different nodes.

5.2 Problem Formulation

This section introduces a general data structure to organize system-wide spatio-temporal correlated
market data into a 3D tensor. The historical market data tensor stores spatio-temporal correlations
among system-wide RTLMPs. The next time step RTLMP prediction problem is then formulated
as a problem of generating a future 2D array, given a historical 3D tensor.

In this work, the spatial correlation among market data is defined as a combination of 1) the spatial
gradient of the market data (i.e., rate of change of the data with respect to the position coordinates
in the market data 2D array) and 2) the difference between the positive/negative changing
directions over time for the prices collected at different locations (price nodes). The spatial
correlation and temporal correlation (temporal coherency between predicted LMPs and historical
ground-truth LMPs) are quantified by the corresponding loss/distance functions introduced in this
section. To evaluate the learning of spatial correlations defined above, three spatial correlation
metrics are adopted/defined in case studies.

5.2.1 The Public Market Data

The publicly available market data depends on specific markets. Most energy markets publish
nodal, zonal and system-level hourly RTLMPs and DALMPs. Other public market data commonly
includes demand data and generation mix data. As shown in (5.3), system-wide RTLMPs are
spatially correlated based on PTDF matrix T. Even though the explicit T is confidential and
unknown to market participants, the implicit spatial correlations can be learned from DALMPs.
Because DALMPs are published just one day before the operating day, changes in system topology
and properties after publishing DALMPs would be limited. Therefore, to predict RTLMPs, the
pre-published DALMPs should be taken as input data.

In (5.3), the marginal energy price A is determined by the total system supply-demand balance.
The historical total demand is also an available input parameter in the model. The geographical
distribution of loads is a key factor for determining congestion prices u. Therefore, the nodal
orzonal demand data should be included as inputs depending on their availability.
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In most electricity markets, system-wide generation offer details are published with significant
delays, and therefore cannot be fully utilized by market participants in their price prediction. The
generation percentages of certain generation types over total system generation (i.e., the generation
mix data) are highly correlated with RTLMPs. We adopt historical hourly generation mix data that
is publicly available in some markets (such as SPP [65]) in training our GAN model.

5.2.2 Historical Market Data Tensor

Consider a set of publicly available historical hourly market data collected from N = h xw
different price nodes (locations) for T consecutive hours. There are M types of historical market
data for each price location (i.e., the RTLMPs, the DALMPs, the local demand, the distributed
energy resources outputs, etc.). All these locational market data can be organized into a 3D tensor
as shown in Figure 5.1.

Definition 1. Let x{,j represent a historical market data point collected from k" price node at
time t, where k = h X (i — 1) + j, k € [1, N]. This market data point includes M channels. For
example, when M = 3, x{; = {x; ;""" x;**"™P, x[7emand} with the RTLMP, DALMP, and
demand data channels, respectively.

Definition 2. At each time t, N historical market data points collected over the market are
arranged into a 2D array X¢ € R"". The positions of each market data point in the 2D array are
fixed and determined according to their geographical location in the electricity market footprint.

Definition 3. Leta 3D tensor X € R"WT represent the set of publicly available historical hourly
market data. This tensor X is comprised of T 2D arrays X¢, where t € [1, T].
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Figure 5.1 Historical market data structure.

As shown from right to left in Figure 5.1, different types of market data collected from the same
location at one time step are organized into one historical market data point with different data
channels. Then, the historical market data points of all locations at the same time step are organized
into one 2D array. Finally, a series of time-stamped 2D arrays are organized into a 3D tensor. The
above definitions introduce a general market data structure to conveniently store the spatio-
temporal correlations among historical market data in the inter-dependencies along multiple
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dimensions of the 3D tensor. For example, the correlations among different positions in one 2D
array X¢, such as xl-t_l,j, x{j and xifj_l, represent spatial correlations among historical market data
collected from different price nodes (locations) at time ¢t; the correlations among the same positions
obtained at different times, such as x{;*', x{;, x{t', represent temporal correlations among
historical market data collected from the same price node (location) at different hours.

In Definition 2, each 2D array consists of market data collected at one time (hour). Therefore, the
third dimension of the tensor in Definition 3 represents hours. It can also be modified to represent
days. Consider the same set of publicly available historical hourly market data collected from N =
h x w price nodes (locations) for D days. Within each day, we have 24 consecutive 2D arrays (X!
to X**) as defined in Definition 2. They can be reorganized into an enlarged 2D array X5, €
R*"*6w ‘where d € [1, D]. In this way, the hourly tensor X is reshaped to a daily tensor Xy, €
R*"x6wXxD a5 shown in Figure 5.2. In this daily tensor, the spatio-temporal correlations among
hourly market data within the same day are stored in each day’s 2D array X gay. The daily market
pattern is represented by the correlations among different daily 2D arrays in one daily 3D tensor.

Daily-based Hourly-based

[T [

NENIEEE ED” ¢
I \

>
P

Xl) = ‘Rﬂl X6wxD \’[ € R/l Xw
ay - = = :

Figure 5.2: The daily tensor structure reshaped from hourly tensor.

The daily and hourly tensor structures can be adopted to perform day-ahead and hour-ahead
predictions of system-wide LMPs, respectively. In the rest of this chapter, due to space limitations,
the hourly tensor structure in Definition 3 is mainly used to present the prediction approach. In
our case studies, both hourly and daily tensor structures are utilized in developing the hour-ahead
and day-ahead LMP predictors.

5.2.3 Normalization of Historical Market Data
Because each data point in tensor X contains M channels. The units and scales of these M channels

are different. Even for the same channel, the statistics of historical market data may differ year by
year. Therefore, all historical data are preprocessed to the range of -1 and 1 by normalization.

After organizing historical locational market data into tensor X, each value x{jCh of the channel
ch is normalized as:
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ln(xitjcm —In (max(XCh+)) /2

t—chnorm
(5.4)
v In (max(XCh+)) /2
where
x5 = T — min(X) + 1 (55)
xecht = {X1_6h+, ’Xf—Ch"' - XT_Ch+} (5.6)

_ . . _ . _ + A
where x{7¢"™ is the normalized value of x{7°" in channel ch; x{7°"" denotes (i, /)" element

of Xt=¢h"; xt=ch™ s ¢th 2D array in tensor X°""; X is the channel ch of tensor X; max(X°"")
is the largest element in X <**: min(JC") is the smallest element of channel ch in tensor X. After
normalization, values in the normalized tensor X™°"™, such as normalized prices and demands,
lie within -1 and 1.

5.2.4 Formulation of The RTLMP Prediction Problem

The normalized historical market data across the system for T hours are organized into a
normalized historical market data tensor X™oT™ = {x1-norm ... xt-norm ... xT-normy The
spatio-temporal correlations among values in the RTLMP channel are determined by the unknown
PTDF matrix T and uncertainties of other market data channels. Thus, a predictor should be
employed to learn the implicit relationships stored in this historical market data tensor X™°™™ and
estimate a reasonable 2D array X T+1D-nmor™ for next time T + 1.

The RTLMP prediction problem is formulated as a 2D array prediction problem. Given a historical
market data tensor as input, the objective of a desired predictor is to generate a future 2D array
XT+1)-norm - guch that the predicted XT+D-m0™ g close to the ground truth X(T+1D-norm
Meanwhile, spatio-temporal correlations in Xmorm = {x1-norm ... xt-norm ... xT-norm
X T+1D)-normy js similar to those in the ground truth X™oT™ = (x1-norm ... xt-norm .. yT-norm
x@+D-normy  This js achieved by maximizing the conditional  probability
p()? (T+1)-norm | x- "Orm) using the proposed predictor. The next section presents the necessity of
learning spatio-temporal correlations in the LMP prediction problem.

5.3 GAN-Based RTLMP Prediction

Built upon the above 2D array prediction formulation, a generative convolutional neural network
(CNN) [66] is adopted as the predictor to generate forecasted RTLMPs. Another discriminative
CNN is employed to assist the adversarial training of the CNN-based RTLMP predictor. The
generative and discriminative CNNs, denoted by G and D respectively, form the GAN-based
RTLMP prediction approach. It is inspired by the GAN-based video prediction approaches in [67-
69]. Both the video prediction and the RTLMP prediction problems can be formulated as the
spatio-temporal sequence data prediction problem with similar 3D tensor data structure.
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In the training process, the weights in G are optimized by minimizing certain distance between
generated RTLMP forecasts and the ground truth RTLMPs. However, several drawbacks arise
from simply minimizing only one distance. Therefore, multiple loss terms (distance functions) are
adopted.

In the following sections, X = {X1,---, X™} denotes the input historical market data tensor with
normalized values obtained from different price nodes over n consecutive time instants, X c
xmorm:y denotes the ground truth of the 2D array with normalized values at time n + 1 (i.e., the
prediction target), Y = X1 € xnorm,

5.3.1 The Generative Model G

Let ¥ be the generation of G for a given historical market data tensor X, i.e., ¥ = G(X). Y is the
prediction of Y. G is a generative CNN, and is trained by taking a batch of historical market data
tensors as input and minimizing the distance between the output ¥ and ground truth Y. In the
normal generative CNN approaches, the distance between the output and the ground truth is
usually quantified by the p-norm distance:

L,(X,Y) =£,(GX0),Y) =160 =Yl (5.7)

where |||l,, denotes the entry-wise p-norm of a particular matrix, with p = 1 or p = 2. Euclidean
distance or Manhattan distance between ¥ and Y is calculated when p = 2 or p = 1, respectively.
During the training process, this loss function forces the generator G to generate the next-hour
market data 2D array Y that is close to the corresponding ground-truth Y by minimizing the p-
norm distance between Y and Y.

However, predicting RTLMPs only with such normal CNN-based G has two drawbacks:

1. Using p-norm loss may lead to loss of spatial correlations. In actual energy markets,
congestion only happens in limited lines. Because the PTDF matrix T in (5.3) is very
sparse, most price nodes have pretty similar LMPs which are close to the marginal energy
price A. In the training process, minimizing p-norm loss over historical dataset may result
in constant RTLMPs for all price nodes and loss of spatial correlations.

2. Using p-norm loss may lead to blurry predictions [68]. From (5.3) we know, even for the
same PTDF matrix T and same supply-demand scenarios, LMPs will be different based on
the bidding variables submitted by the generator owners. In this case, the probability
distributions of LMPs are determined by the probability distributions of bidding strategies.
Suppose generator owners have two equally likely strategies s; and s,, with probability
p(s1) = p(sz), the corresponding LMP at one price node has two values x, and x,, with
same probabilities p(x;,) = p(xs, ) over the data. During training process, minimizing p-
norm loss over the dataset will lead to the blurry prediction x,,,, = (xSl + xSZ)/Z, even if

the probability p(x,,) is very low in historical dataset.
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The problem of loss of spatial correlations can be solved by adding an additional loss term when
training G. The following gradient difference loss function £,,4,(X,Y) [68] is adopted to capture
the spatial correlations among historical market data:

Loa1(X,Y) = Ly (V,Y) = Z | Yi; = Yiea | — Vi — Viy 1%
i,j (5.8)

+|Y; o1 — Yol — 1Ym0 — Vi g1 1@

wherea = 1,a € Z;Y; ; and ?l-,j denote (i, /)" data point in the ground-truth market data 2D array
Y and the generated ¥ = G (X), respectively. During the training process, this loss function forces
the generator G to generate the next-hour market data ¥ which has similar locational gradient
difference information compared to the ground-truth Y. Since the locational gradient difference
information captures the spatial variations of historical market data arrays, this minimization
ensures the generated market data array fully captures the spatial correlations among system-wide
historical market data.

Another loss function to eliminate the loss of spatial correlation is the direction changing loss
function L4, (X, Y) [70]:

Ly (X,Y) = z |sgn(¥,; — X£;) — sgn(Yy; — XE;)| (5.9)
i,j

where sgn(-) is the sign function:

-1 ifz<0
sgn(z) =<0 ifz=0 (5.10)
1 ifz=0

Because of the supply-demand changes and congestion changes, not all RTLMPs at different price
nodes increase or decrease simultaneously. During the training process, this loss function forces
the generated market data ¥ to correctly follow the price changing directions of the ground-truth
Y by penalizing incorrect market data trend predictions over time.

5.3.2 The Discriminative Model D

The discriminator D is also a CNN model, which is incorporated in the adversarial training process
to avoid blurry predictions by learning the spatio-temporal correlations among historical market
data. {X, Y} is a constructed tensor including X and Y, representing the ground truth tensor; {X, Y}
is a constructed tensor including X and ¥, representing the generated tensor (with the generated
2D array Y concatenated after the ground-truth historical tensor X). D takes {X,Y} or {X,Y} as
input, and outputs a scalar D({X,-}) € [0,1] to indicate the probability of the input {X,-} being the
ground-truth. During training, the target of D({X,Y}) is class 1; the target of D({X, ?}) is class
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0. D is trained by minimizing the following loss function to classify the input {X, Y} into class 1
and the input {X, Y} = {X, G(X)} into class 0 [68]:

adv(x Y) - Lbce(D({x Y}) 1) + Lbce(D({x Y}) 0) (5-11)
where L, is the binary cross-entropy loss:
Lpce(k,s) = —[slog(k) + (1 —s)log(1 — k)] (5.12)

where k € [0,1] and s € {0,1}. In this chapter, s € {0,1} represents the label for ground-truth or
generated data (1 or 0), k € [0,1] represents the scalar generated from D. In the batch training
process, L,..(k,s) measures the distance between the discriminator outputs K = D({X,-}) and
the labels S (S; = 1 and S; = 0 for ground truth and generated market data, respectively). By
implementing D, the blurry prediction x,,,, should be easily classified as unrealistic prediction by
D. Because in the historical dataset, p({X,¥,,,}) is very low compared to p({X,Y;,}) and
p({x , YSZ}), where ?a,,g, Ys, and Y, are generated market data array containing x4, and ground
truth market data arrays containing x,, and x;,, respectively.

For any D({X Y}) close to 0, G is penalized by the adversarial loss function £S,,(X,Y) [67-69]:
adv(x Y) = Lpce (D ({x: G(X)}), 1) (5.13)

During the training process, minimizing this adversarial loss function forces G to generate ¥ which
is temporally coherent with the input historical market data X and as real as ground truth Y with
high probability in historical dataset.

5.3.3 The GAN-Based RTLMP Prediction Model

The proposed GAN model consists of a generative model G and a discriminative model D as
described in previous sections. Figure 5.3 shows the training procedure of the GAN model.

Y E—— Concatenate

‘ X v
—(@4 Concatenate Scalar € [0,1]

Figure 5.3 The training procedure of the GAN-based RTLMP prediction model.
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During training process, D is optimized by minimizing the loss function in (5.11); G is optimized
by minimizing the following multi-loss function:

LG (x' Y) = Aadv['gdv (JC, Y) + /h’pﬁp (x' Y) + Agdl[’gdl(x; Y) + Adclﬁdcl (x: Y) (5-14)

where LE (0, Y) denotes the weighted loss function for training G; 1,4y, Aoy Agar, and A4.; denote
the hyperparameters for adjusting the tradeoffs among various loss terms.

Upon training convergence, the distance between the generated market data ¥ and the ground-truth
Y is small enough given input historical tensor X, such that the conditional probability p(?|x) is
maximized by G. The discriminator D cannot differentiate between {X, Y} and {X, Y} anymore.

In the above discussions, only the utilization of locational historical data in the proposed model is
elaborated. However, other non-locational historical data, such as system total load, generation
mix data, total distributed resources output, can also be incorporated as supplementary conditions
of the proposed predictor. For example, if system operator provide accurate demand prediction, it
can be incorporated to improve RTLMPs prediction accuracy. In this case, G(X, ) is trained to
maximize the joint conditional probability p(Y|X,3), where B encodes all available
supplementary data. In the case studies, the proposed model is verified when both locational and
non-locational data are utilized as inputs.

5.3.4 Adversarial Training

Algorithm 1 summarizes the adversarial training algorithm. G and D are trained simultaneously,
with the weights in their neural network models, organized as weight matrices W, and W),, updated
iteratively. The stochastic gradient descent (SGD) minimization is adopted to obtain optimal model
weights. In each training iteration, a new batch of m training data samples (i.e., m historical market
data tensor) are obtained for updating W, and W}. Upon convergence, the generator G is trained
to generate Y as realistic as possible.

During training, the appropriate values of 4 hyperparameters 1,4, Afp, Agar, and A4 are selected
by the following 2-step tuning procedure:

1. Rough selection: The hyperparameters 1,4, and Afp are first determined in the rough

selection step. These two hyperparameters are associated with the basic loss functions of
classic GANSs. Therefore, without appropriate selection of 4,,4,, and Ao, the GAN training

may encounter convergence issues. In this step, Ae, is setat 1; Agq;, and A, are set at 0;

the range of 1,4, is set between 0 and 0.5 with a step size of 0.05. The learning rates are
set as {0.00005,0.0005,0.005,0.05,0.5}. The hyperparameter 1,4, IS selected by grid
search [71].

2. Fine-tuning: After the rough selection step, 1,4y, A{p and the learning rates are fixed. Then,
Agar, and A4, are determined by fine tuning.
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The initial guess of these parameters is from [68]. The final hyperparameters are determined
through the above tuning procedure to obtain the best performance.

Algorithm 1 Training generative adversarial networks for RTLMP prediction
Require: set the learning rates pp, and p, loss hyperparameters A,,,,, /Lgp, Agar, Aacr, and

minibatch size m
Require: initial random discriminative model weights W, and generative model weights W,
while not converged do
Update the discriminator D:
Get a batch of m data samples from the training dataset, (X,Y) =
(X @,y ), ..., (oxm), ym)
Do one SGD update step

D . .
W = Wy — pp 5, LbasZ0r®)
D D D =1 aWD

Update the generator G:

Get a new batch of m data samples from the training dataset, (X,Y) =
(X @,y ), ..., (xm),ym)

Do one SGD update step

We =Ws — pe X% (Aadv

1 adel(x(i)'Y(i))

L8 1, (x®y®) 41 0Lp, (X @,y D) 41 AL (X Oy ®)
oWg 1‘017 Wg gdl wg

end while

5.4 Autoregressive Moving Average Calibration

The above GAN model is trained using year-long historical market data, and applied to predict
RTLMPs hour by hour for the following year. Due to fuel price fluctuation, load growth and market
participants’ strategiC behaviours, the market data statistics vary over years. This would cause
deviations between ground-truth and predicted RTLMPs, as the generator G is trained using
market data of previous years. For better prediction accuracy, the RTLMPs generated by GAN are
calibrated through estimating their deviations from the ground truth:

Ji+1) =90+ +490+1) (5.15)
where
A9+ D) =y(i+1D) -9+ D +e(@+1) (5.16)
where y(i + 1), §(i + 1), and y(i + 1) denote the ground-truth RTLMP, the RTLMP generated
by G, and the RTLMP after calibration at time i + 1 for a particular price node, respectively;

Ay (i + 1) denotes the estimated difference between y(i + 1) and (i + 1); e(i + 1) denotes the
estimation error.
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The ARMA model below is applied to estimate Ay (i + 1):

14 q
A9+ =pu+ Y ¢ppd9(i—k+1D+ ) Ope(i—k+1)+e(+1) (5.17)

where u denotes the expectation of 4y(i + 1), ¢, and 6,, are the autoregressive (AR) and moving
average (MA) parameters of the ARMA model, respectively; (i) represents the white noise error
terms at time i; p and g denote the orders of the AR and MA terms of the ARMA model,
respectively. Appropriate values of p, q, u, ¢y, 6), and the variance of the white noise series (i)
are identified using historical data [72,73].

The overall framework of the proposed design for RTLMP prediction is shown in Figure 5.4. The
proposed RTLMP prediction framework includes the following steps:

1. Data normalization and organization. Historical public data streams are organized into a
time-series of 2D arrays (i.e., the 3D tensor).

2.  RTLMP predictions are generated from the GAN-based predictor G for the next hour and
several past hours.

3. RTLMP predictions for the next hour are calibrated through an ARMA model using
generated RTLMPs and the ground truth of historical data.

public data yT-2 yT-1 yT
streams

Normalize and D . D yT+1

organize into s X
+ 3D tensor ARMA .
ﬂx L s Calibrator
i G i )A,'T! 1

H D B0 NE ]

XT-5 xT-4 xT-3 xT-2 xT-1 XT XTH

Figure 5.4 The framework of GAN-based approach with ARMA calibrator for LMP prediction.

5.5 Case Studies

The proposed RTLMP prediction method is tested using historical market data from MISO and
SPP. The prediction models are implemented by TensorFlow 2.0 [74] and trained on Google
Colaboratory using online GPU for acceleration. Implementation details of the GAN model are
presented below.
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5.5.1 Neural Network Architecture

Both the generative and discriminative models are deep convolutional neural networks with- out
any pooling/subsampling layers. In the generative model, all the transpose convolutional
(Conv2DTranspose) layers are followed by the batch normalization layers and ReLU units. The
outputs of the generative models are normalized by a hyperbolic tangent (Tanh) function. In the
discriminative models, except for the output layers, all the convolutional (Conv2D) layers and
fully-connected (Dense) layers are followed by the batch normalization layers, Leaky-RelL U units,
and dropout layers. Details of the neural network architecture are listed in Table 5.1.

Table 5.1 Neural network architecture details

Generator G Discriminator D
(Layer Type, Feature Map) (Layer Type, Feature Map)
Input 3 x 3 x 14 3x3 x5
Layer 1 Conv2DTranspose, 64 Conv2D, 64
Layer 2 Concatenate, 896 Concatenate, 320
Layer 3 Conv2DTranspose, 1024 Dense, 1024
Layer 4 Conv2DTranspose, 512 Dense, 512
Layer 5 Conv2DTranspose, 64 Dense, 256
Output 3x3x1 scalar € [0,1]

5.5.2 Configuration

All the convolutional (Conv2D) and transpose convolutional (Conv2DTranspose) layers in our
basic model are with kernel size of 3 x 3 and stride size of 1 x 1. The transpose convolutional
(Conv2DTranspose) layers in the generative models are padded, the convolutional (Conv2D)
layers in discriminative models are not padded. In the discriminative models, the dropout rates are
set to 0.3, the small gradients are set to 0.2 when Leaky-ReLU is not active. All the neural networks
are trained using standard SGD optimizer with a minibatch size of 4, i.e., m = 4 in Algorithm 1.
The learning rates p; and p, are set to 0.0005, without decay and momentum. The loss functions
in (5.7)-(5.14) are implemented with the following parameters: A4, = A4 = 0.2 (in (5.14)),
Ae, = Agar = 1 (in (5.14)), p = 2 (in (5.7)), and & = 1 (in (5.8)).

5.5.3 Performance Evaluation Metrics

To evaluate the point-by-point LMP prediction accuracy, the mean absolute percentage error
(MAPE) [55] is adopted. We also adopt the Pearson correlation coefficient (PCC) [75], which is a
common metric for measuring the spatial correlations between time series collected from different
locations, for evaluating the prediction accuracy of spatial correlations among LMPs. PCC ranges
from -1 to 1. Higher absolute values of the PCC indicate stronger spatial correlations.

To further evaluate the effectiveness of the gradient difference loss function Ly4,(-) and the

direction changing loss function £,;.;(:) for penalizing incorrect spatial correlation predictions,
two additional metrics, the spatial prediction accuracy (SPA) and the spatial mean absolute
percentage error (SMAPE), are defined below to quantify the spatial correlation prediction
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accuracy/error at a price node n.

N — —~
spamy = 1 - izl ~ 1) ~ sgn(%a ~ T)I/2 (5.18)
N-1
N — -~
SM@ﬂ@:me“‘m‘“f%” 5.19)

NN

where N represents the total number of price nodes; Y; represents the ground truth LMP at node i
(i # n); Y; represents the predicted LMP at node i (i # n); sgn(-) is the sign function in (5.10).
SPA(n) measures the average prediction accuracy for the price increasing or decreasing directions
between node n and all other nodes. SMAPE (n) measures the average prediction error for the
price differences between node n and all other nodes. In this chapter, higher SPA and lower
SMAPE indicate better prediction accuracy of spatial correlations.

5.5.4 Test Case Description

The proposed approach is applied to predict zonal-level LMPs in MISO [76] and SPP [65]. For
both markets, historical market data from nine price zones are organized into a series of 3x3 hourly
market data 2D arrays (for hour-ahead prediction) or 12x18 daily market data 2D arrays (for day-
ahead prediction). The LMP prediction accuracy is evaluated by MAPE, the accuracy of the LMP
spatial correlation prediction is evaluated by PCC, SPA and SMAPE. To make a fair comparison,
the autoencoder approach in [55] using the same MISO dataset and another state-of-the-art
approach in [1] using the same SPP dataset are used as evaluation benchmarks. A recent
componential and ensemble approach in [57] is used as additional benchmark in the case studies
with MISO dataset. This forecasting approach predicts energy prices, congestion prices and loss
prices by three individual extremely randomized tree (ET) regressors, respectively. A meta-
regressor gives the final LMP forecasting based on the summation of predicted energy price,
congestion price and loss price. The MAPEs obtained from the GAN model are also compared
with classical data-driven approaches including standard neural network (NN), multivariate
adaptive regression splines (MARS), pure ARMA model, SVM and LASSO. Two naive prediction
approaches are also included in the comparison: (A) the predicted LMPs at a specific hour is set
to be the LMPs at the same hour on the previous day; (B) the predicted LMPs at a specific hour is
set to be the LMPs at the previous hour. The test case data is described as follows.

5541 Casel
The training data set [55] contains three types of hourly MISO market data (zonal DALMPs,

demands and wind generation) from January 2012 to November 2014. The trained model is tested
by predicting MISO DALMPs hour by hour on several representative days selected in [55].
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55.4.2 Case?

The training data set contains four types of hourly SPP market data (zonal RTLMPs, DALMPs,
de- mands, and generation mix data) from 6/1/2016 to 7/30/2017. The model is tested by predicting
SPP RTLMPs hour by hour in the following four periods: 7/31/2017-8/13/2017, 8/21/2017-
9/3/2017, 9/18/2017-10/1/2017, and 10/2/2017-10/15/2017.

Although the case studies are preformed using zonal LMPs, the proposed method can be easily
applied to predicting nodal LMPs if the model is trained using nodal-level market data.

5.5.5 Performance Analysis

555.1 Casel

The proposed GAN-based model is tested to i) forecast hourly DALMPs at NPPD, Arkansas,
Louisiana, and Texas hubs in the hour-ahead manner; and ii) forecast hourly DALMPs at Indiana
hub in the day-ahead manner. To reproduce testing scenarios in [55], Monday, Sep. 1st, 2014 and
Sunday, Oct. 12th, 2014 are selected as two representative days for comparing the hour-ahead
forecasting results.

Table 5.2 lists the results of hyperparameter selection in Case 1. After this two-step
hyperparameter tuning procedure, appropriate hyperparameters with the lowest MAPE are adopted
in the GAN- based price prediction model. Table 5.2 also indicates the GAN-based predictor with
multiple loss functions and adversarial training (with non-zero values for all the 4
hyperparameters) has much higher prediction accuracy (lower MAPE) compared to the CNN-
based predictor without adversarial training (with 1,4, = Agq; = Adge = 0) or with only a

subset of the 4 loss functions (with zero values for certain hyperparameters).

Table 5.2 MAPEs (%) for different hyperparameter selections in Case 1

A p Aadv )\gdl )\dcl MAPE
Rough 1 0 0 0 6.51
Selection 1 0.2 0 0 5.14
Fine 1 0.2 1 0 4,73
Tuning 1 0.2 0 0.2 4.67

1 0.2 1 0.2 4.38

The MAPEs of the representative days for Louisiana and Texas hubs are computed and compared
with benchmarking models in Table 5.3, in which the SDA and RS-SDA prediction models are
proposed by [55]; The ETs prediction model is proposed by [57]. In [55], SDA and RS-SDA are
tested on the same case using the same data. The results of SDA and RS-SDA directly come from
[55]. The ETs model includes three individual ET regressors for LMP components prediction and
one meta-regressor for the final summation of LMPs. In Case 1, the regressors of the ETs model
are trained using historical energy prices, congestion prices and loss prices. Only the final LMP
prediction results of the ETs model are listed in Table 5.3.
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Table 5.3 demonstrates the proposed GAN prediction model outperforms all the other
benchmarking models for hour-ahead DALMP prediction in all the testing scenarios.

Table 5.3 MAPE (%) for hour-ahead forecasting in Case 1

Model Naive(A)  Naive(B) NN MARS SVM LASSO
Texas 31.45 54 6.19 6.54 7.34 7.88
Louisiana  27.34 9.15 6.19 6.28 6.14 7.70
Model ARMA ETs SDA RS-SDA  GAN

Texas 7.02 6.43 5.42 5.16 4.83

Louisiana  6.84 6.09 4.66 451 4.13

Figure 5.5 shows the testing results for hour-ahead DALMP prediction in Case 1 on one
representative day. It is observed the GAN-based model successfully captures different daily price
characteristics for different locations. Table 5.4 compares the SPA and SMAPE metrics for Texas
hub in Case 1, which indicates the GAN-based model outperforms other models in forecasting
spatial correlations among DALMPs for Texas hub.

LMP at Texas hub and Lemsmna hub on September 1st, 2014

80F
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Figure 5.5 Ground-truth and forecasted DALMPs for hour-ahead forecasting in Case 1.

Table 5.4 Average SPA and SMAPE (%) for Texas hub in Case 1

Model Naive (A) NN SVM ARMA GAN
SPA 0.53 0.67 0.59 0.69 0.78
SMAPE (%) 85 54 31 43 28

The effectiveness of the GAN-based model in day-ahead DALMP forecasting is evaluated by
monthly MAPE (MAPEmonth) [55]. January and July are selected (in [55]) to evaluate the
forecasting results. The MAPEmonth Of day-ahead DALMP forecasting obtained by different
methods are listed in Table 5.5, which indicates the proposed GAN-based model outperforms all
the other methods. Overall, The DALMP forecasting accuracy in January is low due to significant
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price spikes frequently seen in January. Compared to the second-best-performed method RS-SDA
in [55], our proposed GAN model reduces the monthly MAPE in January by 6.02%. Moreover,
the RS-SDA model is updated daily with latest market data to maintain the effectiveness [55],
while the proposed model does not require daily model update, resulting in much less
computational burden compared to RS-SDA.

Table 5.5 MAPEmonth (%) for day-ahead forecasting in Case 1

Model Naive NN MARS SVM LASSO SDA  RS-SDA GAN
January | 75.65 4047 4635 49.64 3746 31.80 29.78 23.76
July 53.01 12.00 20.79 23.20 1191 10.04 8.97 8.13
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Figure 5.6 Ground-truth and forecasted RTLMPs (with and without calibration) at South Hub
(SHub) price node in Case 2 (A).

The proposed GAN-based model is tested to forecast hourly RTLMPs (A): in the hour-ahead
manner and (B): in the day-ahead manner. Figure 5.6 shows the ground-truth RTLMPs, the
RTLMPs forecasted without ARMA calibration and the RTLMPs forecasted with ARMA
calibration at South Hub (SHub) price node over the testing period in Case 2 (A). The forecasted
results in Figure 5.6 indicate that the predictions of the proposed GAN model successfully capture
the temporal correlations of ground-truth RTLMPs at SHub price node over the testing window.
Before applying ARMA calibration, there exists an obvious deviation between the forecasted
RTLMPs and the ground-truth. This is caused by the statistical discrepancies between the training
and testing market data. These statistical discrepancies are commonly observed in historical market
data during different years, especially when strategic market participants bid with frequently
updated bidding strategies. Figure 5.6 demonstrates after applying ARMA calibration, the
forecasted RTLMPs closely follow the overall trend of the ground-truth RTLMPs, which indicates
the daily and weekly temporal characteristics of RTLMPs are learned by the GAN predictor. One
major source of the prediction error of the proposed GAN model is the mis-prediction or under-
estimation of several significant price spikes. Many significant price spikes are caused by system
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contingencies and other abnormal operating conditions which are highly related to sudden changes
in system modeling and topology. These modeling details are confidential to market participants.
Therefore, it is difficult for purely data-driven approaches to predict price spikes from market
participants’ perspective.

Table 5.6 RTLMP prediction accuracy in Case 2 (B) and [1]

Approach MAPE (%) for MAPE (%) for
SHub Price Zone NHub Price Zone
ALG+M* 25.4 36.9
Genscape? 21.7 28.2
Case 2 (B) 22.1 23.8
Case 2 (B) without DALMPs 23.5 25.4

1 The proposed method with the best performance in [1]
2 State-of-the-art baseline prediction from Genscape [1]

Table 5.6 shows the MAPEs obtained using the proposed approach in Case 2 (B) and two other
state-of-the-art approaches in [1]. The ALG+M method proposed in [1] does not utilize DALMP
data in RTLMP forecasting. For a fair comparison, an additional GAN-based model is trained
without DALMPs in Case 2. These approaches are tested using identical testing dataset from SPP’s
SHub and NHub (North Hub) zones. ALG+M and GAN models are trained using only public
market data. Genscape [1] is a commercial product for RTLMP forecasting, which incorporates
richer and proprietary confidential market data. The proposed GAN model outperforms ALG+M
and has a comparable performance to the state-of-the-art industry benchmark Genscape, which
uses confidential market data. For the NHub zone with higher price volatility, the MAPE of the
proposed GAN model is less than that of Genscape by 4.4%. In Table 5.6, the proposed GAN
model achieves consistent MAPEs between SHub and NHub zones. When applying the other two
benchmark models, the MAPEs for the NHub zone are much higher than those for the SHub zone.
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Figure 5.7 The spatial correlation coefficients matrix heatmap generated using predicted
RTLMPs (left) and ground-truth RTLMPs (right) in Case 2 (A).
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PCCs are calculated for each pair of price zones in SPP. Figure 5.7 compares the spatial
correlations obtained using PCCs of predicted RTLMPs with those obtained using PCCs of
ground-truth RTLMPs in Case 2 (A). Each 9 X 9 heatmap matrix in Figure 5.7 visualizes the
spatial correlation coefficients (PCCs) among 9 price zones in SPP. It indicates the proposed GAN
predictor successfully captures the spatial correlations across SPP market.

5.6 Conclusions and Future Work

In this chapter, a GAN-based approach is proposed to predict system-wide RTLMPs. The proposed
approach performs well across different types of price forecasting problems for various market
participants. Historical public market data are organized into a general 3D tensor data structure,
which stores the spatio-temporal correlations of the market data. The RTLMP prediction problem
is then formulated as a 2D array prediction problem and solved using the proposed deep
convolutional GAN model with multiple loss functions. The prediction accuracy is improved by
an ARMA calibration approach to mitigate deviations caused by variation/uncertainty of generator
bids. Case studies using real-world historical market data from MISO and SPP verify the
performance of the proposed approach for both point-by-point price prediction accuracy and
accuracy of capturing spatial correlations among prices at different locations. Future work could
focus on price spikes prediction by incorporating additional public contingency data and market
participants’ strategic behaviours. Another potential area of exploration includes predicting energy
price component of LMP by learning total supply-demand balance. Congestion price component
and loss price component may be predicted by other spatial learning methods. The final spatio-
temporal correlated nodal LMPs can be assembled based on these three individual price
components.
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6. Locational Marginal Price Forecasting Using Convolutional Long Short-
Term Memory-Based Generative Adversarial Network

6.1 Introduction

In wholesale electricity markets, accurate price forecasting is essential for market participants to
trade strategically. Meanwhile, market participants’ strategic behaviors also affect the electricity
prices directly. The commonly accepted electricity pricing mechanism in US is the locational
marginal price (LMP), which is the dual variable derived in solving the dc optimal power flow.
During operations, LMPs are calculated by system operators based on the network topology,
operation parameters, generation bids, and system demands. Given explicit knowledge of network
topology and other system parameters, [47, 48] prove that LMPs are a linear mapping of demands
based on fixed generation cost functions. Therefore, LMPs at different price nodes are spatially
correlated based on the grid topology and system-wide demand distributions. However, in real-
world markets, generation cost functions are not fixed. Both generation bids and demands vary
over time. Uncertainties in the time-varying generation bids (with bid-in values for generation cost
functions) and demands jointly determine the temporal correlations among LMPs.

However, neither physical network models nor generation bids are explicit to market participants.
To forecast LMPs from the market participants’ perspective, statistic approaches and data-driven
approaches using only publicly available market data are the major candidate solutions.

Time-series based statistical models are widely accepted to learn linear relationships in historical
LMPs. The ARMAX model [53], ARIMA model [54], and AGARCH model [77] are applied to
forecast LMPs for individual price node. Spatial correlations among historical LMPs are
completely ignored by these time-series based statistical models.

Many data-driven LMP forecasting methods are developed based on learning system pattern
regions (SPR) [14]. In [15, 52], various SPR based approaches are applied to forecast LMPs using
only publicly available historical market data. The LMP forecasting accuracy of these SPR based
approaches highly depends upon the nodal load forecasting accuracy and the assumption of fixed
bidding strategies for all the generators. However, these conditions do not hold in real-world
markets.

Machine learning methods, such as neural networks [55, 78], LASSO [56], and long short-term
memory (LSTM) [79, 80] are popular in LMP forecasting. In [79, 80], LSTM is shown to perform
LMP forecasting effectively. However, this naive LSTM approach is only trained by learning
temporal correlations. The forecasting accuracy can be further improved by considering advanced
neural network structures.

This chapter proposes a convolutional LSTM (CLSTM) based generative adversarial network
(GAN) to forecast system-wide LMPs from market participants’ perspective, without power grid
models and generator bidding details. The LMP forecasting problem is formulated as a sequence-
to-sequence forecasting problem, and the LMP spatio-temporal correlations are learned by the
CLSTM network during adversarial training. The proposed approach is trained to forecast most
likely future LMP sequences, which maximize the conditional probability given by historical
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LMPs. Although the proposed CLSTM based GAN model is applied to forecast system-wide
LMPs, this model offers a general neural network structure which can be utilized for other spatio-
temporal forecasting problems in power systems, such as system-wide demand and wind/solar
generation forecasting. In general, the LMP forecasting problem is more challenging than other
power system forecasting problems (such as demand forecasting), since LMPs are highly volatile
with price spikes. When conventional forecasting techniques are applied to LMP and demand
forecasting problems, the typical forecasting errors could reach beyond 20% for LMP forecasting
but around 2% for demand forecasting [16].

6.2 Sequence-to-sequence LMP forecasting

This section follows the general data structure we proposed in Chapter 5 to organize the historical
LMPs into a 3D tensor. With this data structure, the CLSTM predictor in [81] is adopted to solve
this spatio-temporal sequence LMP forecasting problem.

6.2.1 Data Structure and Normalization

Suppose historical hourly LMPs are collected over a geographical region represented by N =
m X n price nodes for T consecutive hours. Following the general spatio-temporal data structure
and normalization defined in Chapter 5, we preprocess and organize these historical data into a 3D
tensor XX’ € R™"*T_ The values of all elements in X are normalized to fall between -1 and 1. X
consists of a sequence of 2D arrays, X = {X1,X?,---,XT}. Each 2D array, X*t, contains system-
wide LMPs from N = m X n price nodes at hour t.

6.2.2 Formulation of Sequence-to-sequence Forecasting

The objective of LMP forecasting is to use historical LMP tensor to generate a forecasted tensor
U € R™™K which consists of a sequence of forecasted 2D arrays Y = {YT+1,77+2,... yT+K},
U contains the predicted LMPs at the same N price nodes for the following K hours. Let § =
{(XT+1, xT+2 ... XT+K} denote the ground truth. A suitable predictor should generate/determine
the most likely future LMP tensor given the historical LMP tensor X', which can maximize the
conditional probability below:

Y = arg max,gp('ng) (6.1)

6.2.3 Convolutional Long Short-Term Memory Network

To obtain the LMP predictor satisfying (6.1), the CLSTM network in [81] is adopted to build the
structure of the LMP predictor. This CLSTM network is a multi-layer neural network with many
learnable parameters. During the training process using historical LMP data, these learnable
parameters are optimally adjusted such that upon training convergence, the CLSTM network with
the learned optimal parameters is able to generate the most likely future LMP tensors satisfying
(6.1).
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The CLSTM network is adopted for LMP forecasting since: 1) the CLSTM network is designed
for general spatio-temporal sequence forecasting problems whose inputs and outputs are both
spatio-temporal sequences/tensors, and the LMP forecasting problem (whose inputs and outputs
are historical and future LMP tensors) falls within this general formulation; 2) the major advantage
of the CLSTM network is that, compared to the conventional LSTM network [82] which is widely
acknowledged to be effective in time series forecasting (by learning temporal characteristics from
historical datasets), the CLSTM network replaces the fully connected structures within the
conventional LSTM network by convolution operators (which are commonly used for learning
spatial characteristics from historical datasets), enabling the CLSTM network for effectively
capturing spatio-temporal correlations in historical LMPs. In [81], CLSTM network solves a
similar spatio-temporal precipitation sequence prediction problem over a geographic region.
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Figure 6.1 The structure of the CLSTM based LMP predictor.

Our predictor consists of two CLSTM networks, CLSTM_1 and CLSTM_2 with many learnable
parameters, as shown in Figure 6.1. The CLSTM_1 network runs T times to read in the input
sequences. It extracts the spatio-temporal features of historical LMPs by transitioning the 3D input
historical LMP tensor X = {X1,X?,---,XT} to the 3D hidden state (intermediate) tensor
{H,,H,,-,H;} and the corresponding 3D output tensor {C;, C,, -, Cr}. This output tensor
contains the extracted spatio-temporal features of historical LMPs. In the tt"(t > 2) step,
CLSTM_1 netowrk takes two sets of inputs: 1) the 2D input historical LMP array X¢; 2) the 2D
hidden state array H;_, and the 2D output array C;_, from the previous step. The CLSTM_2
network runs K times. It generates the forecasted LMP tensor U = {YT+,¥7+2,... yT+K}
following spatio-temporal features extracted by the CLSTM_1 network. In the tt*(t > 2) step
,CLSTM_2 netowrk (for LMP prediction), takes two sets of inputs: 1) the 2D forecasted LMP
array Yt=1; 2) the 2D hidden state array #,_, and the 2D output array C,_, from the previous step.
In each running step, CLSTM cell performs following operations:

ip =Wy % Z8 + Wy x Hy_g + W0 Croq + by) (6.2)

fo = 0(Wyp % Z8 + Wy x Hy_y 4+ Wy 0 Cr_y + by) (6.3)
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0y = U(M/Jco * Zt + Who * j—[t—l + VVco ° Ct—l + bo) (64)
Cr = fr0Cp_q +ipotanh(Wy, x Zt + Wy, * H,_y + b,) (6.5)

H; = o o tanh(C;) (6.6)

where Zt = Xt and Zt = Y1 for CLSTM_1 and CLSTM_ 2 networks, respectively; , o, a(-) are
the convolution operator, Hadamard product, and sigmoid activation function, respectively; i;, f;,
o, are internal structures for each CLSTM network (the input, forget, and output gates,
respectively); the weight matrices W, ; and biases b; (with j € {i, f, ¢, 0}) are learnable parameters
of the two CLSTM netowrks. In (6.5)-(6.6), for t* step, the historical LMP array Zt = Xt in the
CLSTM_1 netowrk and the forecasted LMP array Z¢ = Y~ (generated from (t — 1)t" step) in
the CLSTM_2 network are transitioned to the hidden state array %, and output array C;, through
nonlinear operations in (6.2)-(6.6).

In the above CLSTM networks, consecutive 2D arrays are read in one by one, and the temporal
correlations are learned by this iterative process. Meanwhile, the spatial correlations in each
iteration is captured by the inner convolution operations. Details on the internal structures of the
CLSTM cell are in [81].

As Figure 6.1 shows, consecutive 2D arrays in the forecasted LMP tensor U are generated one by
one, conditioned on the forecased LMP arrays from the previous steps. Therefore, the conditional
probability in (6.1) can be rewritten as the product of a series of conditional probabilities:

T+K

p(910) = p(F710) | | p (Fil, 774, 1) 6.7)

i=T+2

During training process, all learnable parameters of the two CLSTM networks, including the
weight matrices W, ; and biases b; (with j € {i, f, ¢, 0}) in (6.2)-(6.6), are optimized by minimizing
the Euclidean distance between the forecasted and ground-truth 2D LMP arrays, Y* and Y¢, using
2-norm loss:

L,(7,7) = €,(7,7) = |7 - 7| (6.8)
where [|-]l, denotes the entry-wise 2-norm of a 2D array.

When training the CLSTM networks, simply minimizing the Euclidean distance (the 2-norm loss)
over the dataset may lead to blurry prediction results which cannot maximize the conditional
probability in (6.7), as discussed in [68]. Moreover, the 2-norm loss fails to consider the temporal
correlations between consecutive forecasted 2D arrays Y and Yt*1, which could adversely affect
the forecasting accuracy. To solve these two major drawbacks, the GAN model with multiple loss
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functions in Chapter 5 is adopted to train the predictor.

6.3 GAN Model for Price Forecasting

In Chapter 5, an effective GAN model for price forecasting is proposed and evaluated. We take
advantage of this GAN model, and replace the original generator and discriminator with the
CLSTM networks introduced above. More details on this GAN model can be found in Chapter 5.
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Figure 6.2: Architecture for training the CLSTM based GAN model.
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6.3.1 Sequence-to-Sequence Forecasting Model with GAN

The architecture for training the sequence-to-sequence predictor through GAN model is shown in
Figure 6.2. In this architecture, the CLSTM based predictor in Figure 6.1 is employed as generator
G; another CLSTM based neural network is employed as discriminator D.

The generator G takes a sequence of 2D LMP arrays stored in tensor X as inputs, and generate a
sequence of forecasted 2D LMP arrays as tensor Y. G is trained to maximize the conditional
probability in (6.7), such that the forecasted tensor Y is statistically similar to the ground-truth
tensor Y.

The discriminator D takes sequences {X, U} or {X, U} as the input. D is trained to classify {X, U}
as fake and {2, U} as real. The output of D is a scalar between 0 and 1, indicating the probability
of the input tensor being the ground truth.

The discriminator D and generator G are trained simultaneously; the weight matrices of D and G

are updated iteratively, which follows the same training algorithm in Chapter 5. The changes we
make to D and G are described below, the rest of details can be found in Chapter 5.
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6.3.2 The Discriminator D

The discriminator D is a stacked CLSTM network followed by fully connected layers. The
objective of D is to classify the input {X, U} sequence into class 1 (i.e., ¥ is classified as the
ground-truth sequence) and the input {X¢, ¥} = {X, G(X)} sequence into class 0 (i.e., Y = G(X)
is classified as the generated fake sequence). The discriminator D is trained through minimizing
the following distance function (loss function):

Lar(X,T) = Lpce (DX, T}), 1) + Lice (DAX, G}, 0) (6.9)
where L, is the following binary cross-entropy:
Lyce(k,s) = —[klog(s) + (1 — k)log(1 —s)] (6.10)

where k € [0,1] and s € {0,1}.

6.3.3 The Generator G

The generator G is a sequence-to-sequence predictor consisting of two CLSTMs as shown in (6.1).
The input of G is a sequence of 2D LMP arrays for T hours; the output of G is a sequence of
forecasted 2D LMP arrays for future K hours. During training process, the generator G is trained
to minimize a certain distance between generated sequence U and the ground-truth sequence G by
the multi-loss function in (6.11), such that the conditional probability in (6.7) is maximized:

LE (X,‘g) = Aadegdv(x"g) + Afzﬁz(x"g) + Agdl[’gdl(xl‘g) + Adclﬁdcl(x»fg) (6.11)

where £¢(, ) denotes the weighted multi-loss function for training G; £5,, (X, Y), £,(X,T),
Lya1(X,Y) and Ly, (X, G) denote four terms for this loss function (with the first and third terms

explained separately in Chapter 5, the second term given in (6.8), and the last term explained in
the following section); Agay, 4¢,, Aga1, Agar denote hyperparameters for adjusting the weights of

the four loss terms.

Laa(X,7G) [70] is the direction changing loss function added to £¢(X,T) to solve temporal
correlation mismatches:

T+K
Laa(X,G) = D7 D 1sgn(T = Xi") = sgn(Tl; - X{7)| (6.12)

t=T+1 i,j

where sgn(:) is the sign function:

-1 ifz<0
sgn(z) =<0 ifz=0 (6.13)
1 ifz=0
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This direction changing loss function penalize incorrect temporal correlations in the
forecasted sequences during the training process, such that the correct temporal
correlations are learned by G. This direction changing loss function along with other loss
terms can effectively resolve the blurry prediction issues caused by using only the 2-norm
loss function in (6.8).

6.4 Case Studies

The proposed convolutional long short-term memory-based generative adversarial network
(CLSTM- GAN) is tested using real-world LMP data from MISO [76] and ISO-NE [83]. The
classic LSTM model in [79,80] and other data-driven models, such as stacked denoising
autoencoders (SDA) [55], standard neural network (NN), support vector machine (SVM) and
Lasso are implemented as benchmark LMP forecasting models. The model performance is
evaluated by calculating the mean absolute percentage error (MAPE) of the LMP forecasts.
Because our proposed approach is a sequence-to-sequence forecasting method, it can be applied
to forecast LMPs for different horizons. In this section, we will show 2 cases including both on-
line forecasting and day-ahead forecasting.

6.4.1 Casel

The training dataset contains hourly 1SO-NE real-time LMP data of 9 price nodes in 2016 and
2017. The testing data is hourly ISO-NE real-time LMP data of same price nodes in 2018. In Case
1(A), the proposed CLSTM-GAN model takes the tensor X € R3*3*¢ for the past 6-hour LMPs
to forecast next hour’s LMPs as U € R3*3*1 In Case 1(B), the proposed CLSTM-GAN model

inputs the tensor X € R3*3%24 for the past 24-hour LMPs to forecast next day’s LMPs as Y €
R3X3X24_

6.4.2 Case?2

The training dataset contains hourly MISO day-ahead LMP data of 9 price nodes from January,
2012 to November, 2014. To compare with the benchmark models in [55], the testing dates used
in [55] (1st, 10th, and 30th days in January, April, and August of 2014) are selected to demonstrate
the forecasting accuracy. The proposed CLSTM-GAN model takes the tensor X € R3*3%24 for
the past 24-hour LMPs as input to perform day-ahead forecasting.

6.4.3 Neural Network Architecture and Configurations

The proposed CLSTM-GAN model is implemented with Tensorflow [74] and trained on Google
Colab using online GPU for acceleration. Table 6.1 lists the architecture details for G and D, where
‘ConvLSTM2D’ denotes the convolutional layer with CLSTM cells; ‘Conv3DTranspose’ denotes
the convolutional transpose layer; and ‘Dense’ denotes the fully connected layer. In both cases,
the generator G consists of 4 stacked ‘ConvLSTM2D’ layers (2 for CLSTM 1 and 2 for
CLSTM_2); the discriminator D consists of 2 stacked ‘ConvLSTM2D’ layers and 3 ‘Dense’
layers.
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All the ‘ConvLSTM2D’ and ‘Conv3DTranspose’ layers in G are followed by batch normalization
layers and ReLU units, while the ‘ConvLSTM2D’ and ‘Dense’ layers in D are followed by batch
normalization layers, Leaky-ReLU units and dropout layers. In all the cells of the ‘ConvLSTM2D’
layers, the recurrent activation functions are set as sigmoid function.

In G, the kernel size of all CLSTM cells is 3 x 3, the stride size of all CLSTM cells is 1 x 1; the
kernel size of all ‘Conv3DTranspose’ layersis 1 X 3 X 3, the stride size of all ‘Conv3DTranspose’
layersis 1 X 1 X 1; all the ‘ConvLSTM2D’ and ‘Conv3DTranspose’ layers are padded. In D, the
kernel size and stride size are the same with those used in G, but all the ’ConvLSTM2D’ layers
are not padded; the dropout rates are set to 0.3, the small gradients are set to 0.2 when the Leaky-
ReLU is not active. In all models, standard stochastic gradient descent (SGD) optimizer is utilized
for adversarial training. In the training process, the minibatch size is set to 4 for all models. In Case
1(A), the learning rates for G and D are 0.005 and 0.001, respectively. In Case 1(B) and Case 2,
learning rates for G and D are 0.0005 and 0.0001, respectively. For all CLSTM-GAN models, the
hyperparameters in (5.14) are setto A 4, = A4 = 0.2, /Lgp = Agai = 1. More details on the model

structures, the adversarial training algorithm, and the parameters not listed in this chapter are given
in Chapter 5.

Table 6.1 Neural network architecture details

Case 1 (A) Generator G Discriminator D
(Layer Type, Feature Map) (Layer Type, Feature Map)
Input 3X3X%X6 3x3x%x7
Layer 1 ConvLSTM2D, 64 ConvLSTM2D, 64
Layer 2 ConvLSTM2D, 256 ConvLSTM2D, 256
Layer 3 ConvLSTM2D, 128 Dense, 1024
Layer 4 ConvLSTM2D, 64 Dense, 512
Layer 5 Conv3DTranspose, 1 Dense, 256
Output 3x3x1 scalar € [0,1]
Case 1 (B) Generator G Discriminator D
Case 2 (Layer Type, Feature Map) (Layer Type, Feature Map)
Input 3 X 3 X 24 3 X 3 X 48
Layer 1 ConvLSTM2D, 64 ConvLSTM2D, 64
Layer 2 ConvLSTM2D, 128 ConvLSTM2D, 256
Layer 3 ConvLSTM2D, 256 Dense, 1024
Layer4 ConvLSTM2D, 64 Dense, 512
Layer 5 Conv3DTranspose, 1 Dense, 256
Output 3 X3 X 24 scalar € [0,1]

6.4.4 Case Study Results
In Case 1(A) and Case 1(B), the trained CLSTM-based generator G, the naive CLSTM model and

the classic LSTM model are employed to perform online forecasting (Case 1(A)) and day-ahead
forecasting (Case 1(B)), respectively, for ISO-NE’s hourly LMPs in 2018. Figure 6.3 shows the

7



LMPs forecasted by G and the ground-truth LMPs at ISO-NE’s VT price node in 2018 for Case
1(A).

LMP at VT of ISO-NE in 2018
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Figure 6.3: Ground-truth and forecasted LMPs at the VT price node in ISO-NE for Case 1(A).

Figure 6.3 demonstrates the forecasted LMPs successfully capture the temporal characteristics
among LMPs of ISO-NE in 2018. The MAPEs of both online forecasting and day-ahead
forecasting are computed and compared in Table 6.2. Table 6.2 demonstrates that the proposed
CLSTM-GAN model generally has better forecasting performance compared to the classic LSTM
model and the naive CLSTM model for both online forecasting and day-ahead forecasting. In the
day-ahead forecasting, the LMPs in the forecasted tensor are jointly conditioned on the historical
input LMP tensor and the previously forecasted LMP arrays. This will cause the forecasting errors
to be accumulated during the day-ahead forecasting process, leading to much larger MAPES in the
day-ahead forecasting results compared to MAPEs in the online forecasting results, as shown in
Table 6.2.

Table 6.2 LMP forecasting errors in Case 1

Case GLSTM- GLSTM LSTM
GAN

MAPE (%) in Case 1(A) 10.23 12.35 13.82

MAPE (%) in Case 1(B) 15.07 23.79 27.41

To further evaluate the proposed CLSTM-GAN model, the state-of-the-art SDA and RS-SDA [55]
models and other popular data-driven approaches are included as benchmark models in Case 2.
All models are trained using the same historical LMP data and evaluated with LMPs from the
Indiana Hub in MISO. Table 6.3 shows day-ahead forecasting MAPEs obtained using different
approaches on the same testing dataset.

In Table 6.3, the proposed CLSTM-GAN model (with a MAPE of 11.53%) outperforms the state-
of- the-art RS-SDA forecasting model (with a MAPE of 12.18%) and all the other benchmark
models. The RS-SDA model in [55] has the second best performance. However, this RS-SDA
model needs to be updated/re-trained daily, causing significant computational/training burden.
Besides, each well-trained RS-SDA model can only forecast LMPs for one price node. Therefore,

78



forecasting system-wide LMPs requires a large number of RS-SDA models. Compared to the RS-
SDA model, our CLSTM-GAN model can forecast system-wide LMPs for a lone time period
without daily updates, which is much more efficient.

Table 6.3 LMP forecasting errors in Case 2

Case LSTM NN MARS SVM Lasso SDA RS- CLSTM-
SDA GAN
MAPE (%) | 18.03 18.65 2559 20.47 21.63 1287 1218 11.53

6.5 Conclusion and Future Work

This chapter proposes a CLSTM-GAN approach to forecast system-wide LMPs from market
participants’ perspective in online and day-ahead manners. Spatio-temporal correlations among
historical LMPs are learned by the CLSTM network during adversarial training. In case studies
using 1SO-NE’s and MISO’s public data, the proposed method outperforms the state-of-the-art
benchmarks and other data-driven approaches. Future work could focus on improving the LMP
forecasting accuracy by considering other inputs closely related to the LMPs, such as system
demand and generation information.
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7. Retail Market Design and Operation for Distributed Energy Storage and
Other Distributed Resources

Nomenclature

Indices and sets:

tiT Index/set for the entire operating timespan.

kIK Index/set for all DER aggregators (K={K; U K, U K3 U K, U K:}).

k,/K; Index/set for all DRAGS.

k,/K, Index/set for all ESAGs.

ks/K5 Index/set for all EVCSs.

k4/K, Index/set for all DDGAGsS.

ks/Ks Index/set for all REAGsS.

¢ld Index/set for all phases.

Jjl] Index/set for all branches.

m, n/N Index/set for all nodes.

T'ST Set of hours when EVs are available.

Constants and parameters:

a4 Wholesale energy price at time t ($/MWh).

LOPUP [ EaP.an Wholesale regulation capacity-up/down price at time t ($/MWh).

AP ik an Wholesale regulation mileage-up/down price at time ¢ ($/MWh).

e g Energy offering price of DER aggregator k at time t ($/MWh).

ntcli”'”p/nfip'd" Regulation capacity-up/down offering price of DER aggregator k at time ¢
($/MWh).

n?,fl’”p/nzn,fl'd" Regulation mileage-up/down offering price of DER aggregator k at time t
($/MWh).

e ludm Regulation mileage-up/down ratio at time ¢ (the expected mileage for 1 MW
provided regulation capacity).

supjgan Historical scores for providing regulation mileage-up/down services.

ﬁkl,(p Maximum power consumption of DRAG k; at time t on phase ¢ (MW).

F%@ﬁ,‘fﬁ, Maximum regulation capacity-up/down for aggregator k on phase ¢ (MW).

nermE Charge/discharge efficiency of ESAG k,.

Cp/ Dy Maximum charge/discharge rate of ESAG k, on phase ¢ (MW).

E’éz'd” Ex, Minimum/Maximum charge level of ESAG k, on phase ¢ (MWHh).

Ry, Maximum charge rate of EVCS k5 on phase ¢ (MW).

ﬁkm Maximum charge level of EVCS k5 on phase ¢ (MWh).

80



int
Ek3'¢
Vier
Pk4!¢/?k4-'¢
H nk
Hsub

n
P tL,)n.¢>/ anxﬁ
A in
0
Cm,n
Zjgy
VIV
PLIQL
Variables:
PES 1T

Tt’ ®

P

up . .dn
rt,k,d)/ Tk,

Et k¢
di ch
Pei, o/ Pekyé
up,di;_dn,di
rt,kz,(l)/rt,kz,d)

dn,ch; up,.ch
Tt ko /rt,k2,¢

bt iy ¢
bk3'¢

Plj,t,d,/Q Lt
Sj

¢

Vio

sub,up/ sub,dn
T,
t.¢

Initial charge level of EVCS k5 on phase ¢ (MWh).

Charge efficiency of EVCS k5.

Maximum/minimum power generation of DDGAG k, on phase ¢ (MW).
Mapping matrix of aggregator k to node n.

Mapping matrix of substation to node n.

Inelastic active/reactive power load at time t at node n on phase ¢ (MW).
Incidence matrix of branches and nodes.

Phase angle.

Incidence matrix of nodes.

Impedance between phases ¢ and y of branch j ().

Lower/Upper voltage limit (kV).

Maximum active/reactive permissible flow of branch j (MW/MVar).

DSO’s aggregated offer to the wholesale energy market at time t on phase
¢ (MW).

DSO’s aggregated offer to wholesale regulation capacity-up/down market
at time t on phase ¢ (MW).

Energy offer made by aggregator k at time ¢t on phase ¢ (MW).
Regulation capacity-up/down offer of aggregator k at time t on phase ¢
(MW).

Charge level of ESAG £k, at time t on phase ¢ (MWh).

Discharge/charge power of ESAG k., at time t on phase ¢ (MW).
Regulation capacity-up/down provided by ESAG k, at time t on phase ¢
in the discharge mode (MW).

Regulation capacity-up/down provided by ESAG k., at time t on phase ¢
in the charge mode (MW).

Binary variable indicating charge or discharge (b, s = 0 or 1) mode of
ESAG k, at time t on phase ¢.

Binary variable for not allocating the minimum power to EVCS k5 on phase
¢ when its offering price is low (when by, = 0).

Active/reactive power flow of branch j at time t on phase ¢ in (MW/MVar).
Apparent power of branch j on phase ¢ (MVA).

Current of branch j on phase ¢ (A).

Voltage of node n on phase ¢ (kV).
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7.1 Introduction

The Federal Energy Regulatory Commission (FERC) Order No. 2222 has required all the US
independent system operators (ISOs) to completely open their wholesale markets for distributed
energy resources (DERs) [84]. A huge number of DER aggregators are anticipated to enter the
wholesale energy and ancillary services markets in the near future. This may cause significant
challenges to transmission and distribution operations [85]: 1) These aggregators are modeled as
small generators in the ISO’s market system. Adopting a huge number of these small generators
could cause a significant computational burden to the ISO’s unit commitment and economic
dispatch process. 2) To participate in the ISO’s market, the aggregators need to control numerous
DER outputs across the distribution system without any information on the operating constraints
of the distribution grid, which could cause voltage and thermal violations in the distribution
system. Therefore, there is a need for an entity to coordinate DER aggregators’ market activities
while assuring the secure and reliable operation of the distribution network and reducing the
computational burden for the wholesale market clearing process [86].

Existing works on DER market participation fall into two categories. The first category considers
DERs participating in the wholesale markets directly through aggregators [87—92]. As the number
of DER aggregators explodes in the wholesale market, these works cannot effectively alleviate the
ISO’s market clearing computational burden, as they allow numerous aggregators to enter the
wholesale market directly. Moreover, these works either completely ignore distribution system
operating constraints and neglect the secure and reliable operation of the distribution system while
coordinating the DER market participation [87-90], or consider distribution system operating
constraints using DC power flow which is inappropriate due to high impedances in the distribution
network [91, 92].

The second category of works defines the distribution system operator (DSO) to coordinate the
DER market participation [93—-101]. In [93], the day-ahead market framework operated by a DSO
is presented. In [94], to meet DSO request, a local flexibility market is proposed for selling
flexibility. In [93, 94], the distribution network and corresponding constraints are not modeled. In
[95], the day-ahead energy and reserve markets are presented for a DSO. In [96], a local market
operated by the distribution market operator (DMO) is presented. The proposed DMO gathers
offers from microgrids and aggregates them to participate in the wholesale market. In [95, 96], DC
power flow is adopted to model power balance constraints which is inappropriate for distribution
networks with high network resistances. In [97], a bilateral electricity market in the distribution
system is proposed. In [98], a day-ahead market model operated by a DSO is presented. The DSO
considers DERs offers as well as interaction with the wholesale market in order to clear the day-
ahead market in the distribution system. In [99], a re-dispatch optimal power flow (OPF) is
modeled as a congestion management method implemented by a DSO. In [100], a comprehensive
congestion management method for a DSO is presented using dynamic tariff, network
reconfiguration, and flexibility provided by aggregators. In [97-100], wholesale market
participation of DERS is not considered.

Several questions remain unexplored in existing literature. How to design a DSO to coordinate
DER aggregators’ wholesale market participation as well as operating the retail/local market? How
does a DSO coordinate the DER aggregators’ regulation market participation? What is the
appropriate market settlement approach for the DSO in coordination with the wholesale market
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clearing process? How does the DSO operate the unbalanced retail/local market while submitting
three-phase balanced offers to the wholesale market?

This chapter extends our prior works in [102] and [103] to further integrate single-phase DER
aggregators for wholesale and retail markets participation considering a market settlement
procedure. This study addresses the above questions with the following major contributions:

e A DSO framework is proposed to optimally coordinate various DER aggregators, including
the demand response aggregators (DRAGS), renewable energy aggregators (REAGS),
energy storage aggregators (ESAGS), dispatchable distributed generation aggregators
(DDGAGS), and electric vehicle charging stations (EVCSs), for the wholesale market
participation while operating the retail market.

e A market settlement approach is proposed for the DSO, which coordinates with the
wholesale market clearing process and ensures the DSO’s non-profit characteristic.

e A linearized unbalanced power flow is presented to handle the single-phase market
participants while assuring three-phase balanced offers to the wholesale market.

e The DSO’s market outcomes and market settlement process are investigated through case
studies on small and large distribution test systems.

The proposed DSO reduces the computational burden for wholesale market clearing by moving
the DER-related market clearing computations to the DSO level, while satisfying distribution
system operating constraints and being compatible with the current wholesale market structures.

7.2 The DSO Framework

In this chapter, the DSO is considered as the non-profit distribution system and market operator.
The DSO, shown in Figure 7.1, serves as a mediator that trades with the wholesale market at the
substation on one hand and interacts with DER aggregators and end-user customers on the other
hand. The DER aggregators submit their energy and regulation offers to the DSO instead of to the
wholesale market directly. The DSO collects the offers to operate the retail market and coordinate
the retail offers to construct an aggregated bid for participating in the ISO’s day-ahead wholesale
energy and regulation markets. Once the day-ahead wholesale energy and regulation markets are
cleared, the DSO’s share in the wholesale market will be determined. The DSO will then distribute
this awarded share to all the retail market participants.

The proposed DSO coordinates with the ISO to form a hierarchical wholesale/retail market
mechanism. Compared to the existing mechanism which requires the modeling of a huge number
of aggregators in the wholesale market clearing process, this hierarchical mechanism could
significantly reduce the computational burden for wholesale market clearing while satisfying
distribution system operating constraints.

On the wholesale market side, without loss of generality, this chapter adopts the market rules of

California 1SO (CAISO), whose pay-for-performance regulation market considers regulation
capacity (capacity-up and capacity-down) and regulation mileage (mileage-up and mileage-down)
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[104].
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Figure 7.1 Framework of the DSO.

7.3 Mathematical Model of The DSO Market

In this section, the optimization problem is formulated for the DSO which operates the retail
market and aggregates the offers from DER aggregators for participating in the wholesale energy
and regulation markets.

7.3.1 The Objective Function

The DSO minimizes the total operational cost across the distribution network, considering 1) costs
of buying/selling energy in the wholesale energy and regulation markets; 2) costs of paying various
types of DER aggregators for providing energy and regulation in the retail market. The DSO is
assumed to be a price-taker in the wholesale market. The objective function of the proposed model
is as follows:

sub sub Jup _cap,up sub,dn__cap,dn
Min Z Z [Peg T¢ — T, —Teg T

PeED teT
_..subup cup ,,up,_mil,up sub,dn cdn,,dn..mil,dn
Teg O THe T rt¢ SMug ",
e e
+ Z Pergmer — Z ProTer (7.1)
cap up cap dn
+ Z 73, k o + Tt i DTtk
keEK

up cup,,up mllup dn dn ,,dn..mil,dn
S TH T + TS e Ty ]

In (7.1), the wholesale energy market is modeled as a producer for the DSO, while the wholesale
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regulation market is modeled as a consumer for the DSO. Therefore, cost terms corresponding to
the wholesale energy market are associated with positive signs, while cost terms corresponding to
the wholesale regulation market are associated with negative signs. The EVCSs and DRAGs are
also modeled as consumers in the DSO’s retail energy market, whose cost terms are associated
with negative signs.

7.3.2 Constraints for Demand Response Aggregators (DRAGS)

The DRAGS operating constraints are as follows:

Py,o— rt“i,?ﬂp >0;Vt eT,Vk; EK,Vp €D (7.2a)
Peicpo +1inp S Prygi VE € T, Vky € K,V € (7.2b)
0 <70 4 STirg;Vt € T,Vk; € K1,V € ® (7.2¢)
0<Tir  <Tiig:VtET,Vk €K, VP €D (7.2d)

In (7.2a)-(7.2b), DRAG’s offers to energy, regulation capacity-up, and capacity-down markets are
limited with respect to minimum and maximum power consumption. In (7.2c)-(7.2d), regulation
capacity-up and capacity-down are limited with respect to their permitted values.

7.3.3 Constraints for Energy Storage Aggregators (ESAGS)

The operating constraints for ESAGs are as follows, for vt € T,Vk, € K,,V¢ € ®:

Piryo = Et—1kp0 — Etiyyp T (1/7712211)7”:152@#? - (m‘iﬁ‘)rf,lﬁz,¢#?" (7.3a)
Peryo = (L/MEPE 5 — MEDPER & (7.3b)

rt?lli,¢ = rf:fﬁ + rtdl:lzcg (7.3c)

TRt = ek + Toony (7.3d)

Ei <Etj,0 <Ep,o (7.3e)

0 <P% 4 < bii,eDi, (7.3f)

0 <1 P% < bk, gThng (7.39)

0 < 7Y < byge, sTrenss (7.3h)

0 <P o< (1 —=Dbriys)Ciypo (7.3i)

0 < 7P < (1= beiyp)Ters (7.3j)
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0 <7l < (1= bri,¢)Thne (7.3K)

dn,di di N __updi

Tekod = Prisd = Diop = Tekyp (7.31)
dn,ch ch -~ __.upch

Tekad = Priced = Chop ~ Ty (7.3m)

Equation (7.3a) defines the injected power of ESAGs. Equations (7.3b)-(7.3d) decompose the
energy, regulation capacity-up, and regulation capacity-down offers into their corresponding
values in the charge and discharge modes. In (7.3e), charge levels are limited within the upper and
lower limits. Equations (7.3f)-(7.3k) limit the injected power, regulation capacity-up offers, and
capacity-down offers with respect to their maximum values in the charge/discharge modes.
Equations (7.31)-(7.3m) ensure the charged/discharged power is limited with respect to the
maximum charge/discharge rate and the regulation capacity-up and capacity-down offers in the
charge/discharge modes, respectively.

7.3.4 Constraints for EV Charging Stations (EVCSs)

EVCSs are modeled as EV charging aggregators and are assumed to have unidirectional power
flow [105]. Constraints related to the operation of EVCSs are as follows:

0 < Pri,g < Riypbiyg; VE € T', Vks € K3, Vp € ® (7.42)
0 <70 5 <Tiogbi, eVt € T',Vk; € K5,V € ® (7.4b)
0 <7t ) < Trrgby, p;Vt € T, Vks € K3,V € @ (7.4¢)
Peiys + T8 4 < Riy iVt € T', Vs € K3,V € D (7.4d)

Perot —Tim g = O;VE ET', Vk; € K3,V € D (7.4¢)

0.9CLi, pbrsp < Efsbicy p + Z [Peiag T Tenpghe — Mg phE 1Vin
ter’ (7.41)
< CLk3'¢bk3'¢; Vk3 € K3,V¢) eEod

Equations (7.4a)-(7.4¢) limit EVCSs’ energy, regulation capacity-up, and capacity-down offers
within their maximum values. In (7.4d)-(7.4e), the energy offer is limited with respect to the
maximum charge rate and the regulation capacity-up and capacity-down offers. Equation (7.4f)
ensures the EVCSs are fully charged.

7.3.5 Constraints for Dispatchable DG Aggregators (DDGAGS)

The operating constraints for DDGAGs are as follows:

Peipg * Tined < Phpps VE €T, Vky € Ky V) € D (7.5a)
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Prod — Timoo = Peypi VEE T, Vk, €Ky Ve € D (7.5b)

0 <70 5 <Tirg:Vt € T,Vk, € K,V € D (7.5¢)
0<ril , < Ty Vt €T, Vk, €K, V) € O (7.5d)

Equations (7.5a)-(7.5b) limit the energy, regulation capacity-up, and capacity-down offers with
respect to the minimum and maximum power generations, respectively. Equations (7.5¢)-(7.5d)
limit the regulation capacity-up and capacity-down offers within their permitted values,
respectively.

7.4 The Linearized Three-Phase Power Flow

The distribution system operation is unbalanced due to single-phase loads. The linearized three-
phase power flow is considered to model the unbalanced operation [106,107]. Consider a branch
Jj € J which connects node n € N to node m € N. The voltage drop across a branch is defined as
follows:

Vg = Vng — Z jealip (7.6)
PeD
Substituting I;,, by I; Siw/ Vg, multiplying both sides of the resulting equation by their
complex conjugates, and assuming 1) the branch losses are negligible (i.e., |Z ¢¢| |S ¢| /
|Vn¢,| ~ 0), 2) the voltages are approximately balanced (i.e., Yna % ~ % ~ eJ2™/3), the
n,b n,c na

following equations are obtained:

Ung = Ung — Z Ao ZipaSip ~ Z A2 o Si (7.7)
PYED PED
m¢_|Vm¢| n¢_|Vn¢| (7.8)
_i2m i2m
1 e 3 e 3
_ i2m i2m
App = | e3 1 e 3 (7.9)
_izm iz
e 3 es 1

In (7.7), substituting the complex variables by their real and imaginary parts (using Z; 4 =
Tiow T 1Xew Sjw =Py +iQjy Apyp = Agy + la »p), the following equation is obtained as
the DSO operating constraint:
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Ung =Unp = z QagyTipy = 205y%.09)Fp

ved | (7.10)
- Z QagyXjpp + 2agytep)Qjp
Jed

Using the voltage drop equation in (7.10) and considering power balance at each node, the
following three-phase power flow model is obtained:

Hsubpgg” + PPy + Z Hp P

ke{K1UK3}
- Z Hp kPt ke,¢ +ZP itpAin = 0; (7.11a)
ke{K,UK,UKs} J€J

Vt ET,Vn € N,V € ®

Hsustub + z Hy e, Pe e, ptandy, +Q£n,¢
k1€K1

- 2 Hn,k4Pt,k4,¢tan6k4 (7llb)

+Z QlispAjn =0;Vt ET,YNE N,V € ®
]

Unp = Unt.g = Z QagyTipyp ~ 2043%,64)Plcy

PED
— Z (2ag'¢xj,¢,¢ + 2axrj,¢,¢)Qlj,t,¢ ; vVt € T, (7110)
PeED
V(m,n) € Cup,VY(n,j) € Ajn,Vp € D
—2
V2<Upty <V ;VtET,YREN,Vp €D (7.11d)
Pl <Plt¢<Pl VteT,VjE] VP ED (7.11e)
—Qlj S Qliiy < Ql.;Vt eET,Vje] VpeED (7.111)
b,
féﬁ W= z tk2¢+ Z tk ¢ T
Z Ttk1¢> + Z rtk ¢ VLET, VP €D
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bdn _
rts,:;) "= Z rtk2¢+ z rtk4¢

k2€K; k4€Ky (7.11h)
+ Z e Z rid S iVEET, Vg € @
k1EK1 k3€K3
PSUb = psib = PSUb; vt e T (7.11i)
roAPAD = pSUPAD = SDAD g e T (7.11j)
P = St = bty e T (7.11k)

Equations (7.11a)-(7.11b) ensure the summation of active/reactive power at each node is zero. The
voltage drop at each branch is defined by (7.11c). Equation (7.11d) ensures the voltage at each
node remains within its upper/lower limits. In (7.11e)-(7.11f), the active/reactive power flow of
each branch is limited within its maximum value in both directions. Equations (7.11g)-(7.11h)
balance the regulation capacity-up/capacity-down offers from the aggregators and to the wholesale
market. Equations (7.11i)-(7.11k) ensure the aggregated offers submitted by the DSO to the
wholesale market are three-phase balanced.

7.5 The Market Settlement

The DSO trades with the wholesale market on one hand and coordinates the DER aggregators
within the retail market on the other hand. Therefore, the market settlements for the DSO and 1SO
need to be coordinated. The ISO and DSO can be viewed as the market participant in each other’s
market. When the DSO market is cleared, the DSO determines distribution locational marginal
prices, D-LMPs, at each phase across its territory. However, the DSO cannot determine the price
for the ISO (which is assumed as a participant in the DSO market) at the DSO-1SO coupling point,
since the price at this location is determined by the ISO’s wholesale market clearing process.

Lemma 1. At the wholesale-DSO coupling substation, the total payment received/compensated by
the DSO under the wholesale price is identical to that under three single-phase D-LMPs for each
phase at the substation.

Proof. Assume continuous relaxation of the problem in Section 7.3. Let x", x°5, x¢”, x449, and
xP/ be the sets with all decision variables related to DRAGs, ESAGs, EVCSs, DDGAGs, and
power flow equations, with corresponding constraints g(x9"), g(x®%), g(x¥), g(x449), g(xP),
and corresponding dual variables 297, A°%, A¢¥, 2949, and AP/, respectively. The Lagrangian
function can be set up as:

L= f(Xdr’Xes’Xev’deg) + ()Ldr)Tg(Xdr)
@A) g(x*) + A7) Tg(x*") (7.12)
+(A499)Tg(x99) + (AP7)Tg(xP))

Based on the KKT conditions, partial derivative of the Lagrangian function with respect to P,fg”
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must be zero at the optimum point, as shown in (13). ngb only exists in terms
f(x%7, x5, x¢7,x499) and (AP/)Tg(xP/). Hence, the partial derivative of the other terms in the
Lagrangian function with respect to g;” would be null.

oL Of (x%,x*,x°",x1%9) N d(@)Tgx")) _

= 0 (7.13)
OPy’ Py’ 0Py’

Let 2% pe the dual variable of (7.11a) and A{*P1, A4tz 331D pe corresponding dual

tngo
-
variables of three sets of equations in (7.11i), where xvfz(ag%gf,...,zgl“‘)) . Substituting

¢={A, B,C} in (7.13) results in (7.14)-(7.16):

oL j j
gpsub mE — /15,1;2!) - Agm)l - Agm)z =0 (7.14)
t,A
oL j ]
O A A0 g 719
t,B
oL . 1w, ,01), , (105 _
gpsub Tt Aec + 4 + 4 =0 (7.16)
t,C

By summating both sides of (7.14)-(7.16) and then dividing by 3, the following equation is
obtained:

g€ = LtA 1,t,B e LMP; 4+ LMP; s g + LMP; ;¢ (7.17)
t 3 = 3 .
The I1SO’s payment, "™ is calculated as follows:
CWM = (PSYb + PSEP + PSUP)mg (7.18)
By using (7.11i) and (7.17):
cwm _ gpsub EMPrea + LMPyyp + LMPyy (7.19)
t,A 3 '
= PSYPLMP; ;o + PSEPLMP, ;g + PSYPLMP, (7.20)

Hence, ISO’s payment using the wholesale market price is the same as using D-LMP for each
phase at the substation. Following similar approaches, the ISO’s capacity-up/down payment using
wholesale prices are also proven to be the same as using DSO’s single-phase retail market prices.

Lemma 1 is extendable to every balanced DSO market participant. When there is no congestion or
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voltage violation in the distribution system, a balanced three-phase aggregator will be paid at three
single-phase D-LMPs. The average of these three D-LMPs is the same as the wholesale LMP at
the 1SO-DSO coupling substation. Therefore, when participating in the DSO market or in the
existing 1ISO market directly, this three-phase aggregator will receive the same payment. When
congestions and voltage violations happen in the DSO, D-LMPs across the distribution system will
be different, and the DSO will receive a surplus. This surplus is conceptually similar to the ISO’s
congestion revenue rights (CRRs) [104, 108] and can be returned to the distribution utilities who
are responsible for operating and upgrading the distribution circuits, reactive power
compensations, and meters.

7.6 Case Studies

To investigate the market clearing performance and market outcomes of the proposed DSO, case
studies are performed on 33-node and 240-node distribution systems. Studies are performed on a
24 hours operating timespan, where T={1,2,3,...,24}. In all case studies, the energy and regulation
capacity prices in [109] are considered. The hourly factors in [110] are used to generate hourly
prices. Hourly energy prices, capacity up/down prices, and hourly regulation signals are given in
[102]. 1t is assumed that EVs are available between hours 16 to 24, where T'={16,17,18,...,24}.
S¥P and S are assumed to be equal to 1. Voltage limit is considered to be 5%. Studies for cases
with stricter voltage limits are not included due to the lack of space. For the sake of simplicity, the
REAG production profile is considered deterministic with two production levels (high and low)
and zero production cost. The probabilistic modeling of the REAG is out of scope of this chapter
and is discussed in [103].

7.6.1 33-node Distribution System

25
24 ‘Lgﬁ 27 28 29 30 31 32 33 =

Suby 2 3[%34 s 61 7 8 9 10 11 12 13 14 15 1617 18]
|

e WS e
1970 21 22 Eves  § DROAGE |

Figure 7.2 33-nodes distribution system.

The 33-node test system is a balanced radial network which is shown in Figure 8.2. The system
contains 33 nodes, N={1,...,33}; 32 branches, J={1, ...,32}; aDRAG, K;={1}; an ESAG, K,={2};
an EVCS, K3;={3}; a DDGAG, K,={4}; two REAGS, K5={5,6}. The test system data and load data
are given in [111]. The two REAGs are considered to have identical energy production profile: 0.5
MW for hours 6-12 and 17-21; 0.4 MW for the remaining hours. The following parameters are

assumed: ngt=pdizyi=1, P, =1IMW, T =T =0.1IMW,  E,=05MWh, E, =3MWh,

Dy, =Cr,,=T4? =i =IMW, E{"t=0.2MWh, R},, =0 5MW, T =rp=0.2MW, CL,,,=IMWh, P,,,=0

—dn

MW, Py, =3MW, 73,7 =7,7'=0.5MW.
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Figure 7.3 Hourly assigned energy, regulation capacity-up/-down services for the wholesale
market (denoted by WM) and various aggregators for the 33-node system. The red, blue, and black
curves denote awarded energy, regulation capacity-up/-down services, respectively. All Y-axis
units are in MW.

Figure 7.3 shows the share of each market participant. The amount of energy/regulation
bought/sold by the DSO from/to the ISO is shown in Figure 7.3(a). The awarded market share to
the ESAG, EVCS, DRAG, and DDGAG is shown in Figure 7.3(b)-Figure 7.3(e), respectively. The
DSO sells energy to the wholesale market at hours 8, 9, 18, 19, 20, and 21, during which the
wholesale energy prices are high.

The DSO intends to assign regulation capacity-down more than regulation capacity-up to the
ESAG since this could increase the ESAG’s charge level which eventually contributes to lowering
the total DSO operating cost by purchasing extra low-cost energy service from the ESAG.

The EVCS is assigned to provide regulation capacity-up at hours 19-20 since: 1) the wholesale
capacity-up price is higher than the EVCS’s capacity-up offering price, and 2) providing regulation
capacity-up increases the charge level of EVCS.

At peak hours 8-9 and 18-21, the DRAG’s offering price for buying energy is lower than that of
the wholesale market. As a result, the wholesale market wins all the energy at these hours.
However, the DRAG’s regulation capacity offering price is lower than the wholesale market
offering price for regulation capacity. Hence, the DSO assigns energy consumption equal to the
regulation capacity-down provision to the DRAG that is necessary for providing regulation
capacity-down.
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The DSO assigns energy and regulation capacity provision to the DDGAG at peak hours 7-11 and
18-22, when the DDGAG’s offering price is lower than wholesale price. The DSO intends to assign
regulation capacity before assigning energy to the DDGAG at these hours since the wholesale
regulation capacity price is higher than wholesale energy price. The DDGAG provides regulation
at its maximum regulation capacity (0.5 MW). The DSO assigns its remaining capacity (2.5 MW)
to energy provision. However, at hour 18, the DSO assigns energy provision to the DDGAG at its
maximum capacity (3 MW), since at this hour, the wholesale energy price is higher than the
wholesale regulation capacity price.

7.6.2 240-node Distribution System

The 240-node distribution test system is an unbalanced radial network in Midwest U.S. The system
is fully observable with smart meters. The data of the system is given in [112].

The system contains 240 nodes, where N={1,...,240}; 239 branches, where J={1,...,239}.
Multiple aggregators are considered as follows: ten DRAGs, where K;={1,...,10}; two ESAGsS,
where K,={11,12}; five EVCSs, where K;={13,...,17}; ten DDGAGs, where K,={18,...,27};
six REAGs, where K;={28,...,33}.

Different offering prices are considered for individual aggregators of each type. Let m;_, 7y, , 7.,
and m;, be the offering prices for DRAG, ESAG, EVCS, and DDGAG in the 33-node test case,

respectively. In this 240-node test case, the offering prices for DRAGs, ESAGs, EGCSs, and
DDGAGs are random numbers generated between 0.97; and 1.08m,, , ), and 1.03m,,, 7, and

1.12my,, 0.97;, and 1.08m;,, respectively.

The ESAGs and EVVCSs are assumed to be identically allocated on each phase with the following
parameters: ngt=nfi=ygi=1, E,,=0.1 MWh, E,,=0.8 MWh, Dy =C, =T4 =rr=0.4 MW,

3

E{"t=0.2 MWh, R},=0.2 MW, 74P =F4'=0.1 MW, CL,,=0.5 MWh. The DDGAGs are assumed to
be single phase with regulation limit of 0.1 MW and the following characteristics: the 1st, 2nd,
7th, and 8th DDGAGSs have the capacity of 0.25 MW on phase A, the 3rd, 4th, and 9th DDGAGSs
have the capacity of 0.25 MW on phase B, and the 5th, 6th, and 10th DDGAGs have the capacity
of 0.25 MW on phase C. The DRAGS are assumed to be single-phase with regulation limit of 0.05
MW and the capacity of 0.15 MW. The phase allocations of the ten DRAGs are the same as those
of the ten DDGAGs. The REAGs are assumed to be single-phase with identical energy production
profile of 0.15 MW for hours 6-12 and 17-21; 0.1 MW for remaining hours with the following
phase allocation: the 1st and 2nd REAGS on phase A, the 3rd and 4th REAGs on phase B; and the
5th and 6th REAGs on phase C.

Figure 7.4 shows the energy market outcomes of the 240-node system. Figure 7.4(a), Figure 7.4(b),
and Figure 7.4(c) show the DSO’s wholesale market share on phases A, B, C, respectively.
Although the DSO’s retail market is unbalanced, the DSO’s wholesale market share is three-phase
balanced. By comparing market outcomes in the two test systems, one can see that the wholesale
market buys less energy from the 240-node DSO than from the 33-node DSO, since retail market
participants in the 240-node DSO have higher offering prices, therefore the 240-node DSO buys
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energy from the 1SO during most hours.
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Figure 7.4 Hourly awarded quantities for the wholesale market (denoted by WM) and various
aggregators for each phase in the wholesale and retail energy markets for the 240-node system.
All Y-axis units are in MW.

The market share of ESAGs on phases A, B, and C is shown in Figure 7.4(d), Figure 7.4(e), and
Figure 7.4(f), respectively. The DSO assigns more charging states to the 2nd ESAG than to the 1st
ESAG since the 2nd ESAG’s energy offering price is higher than that of the 1st ESAG. This
phenomenon can be observed by comparing their curves as the 2nd ESAG’s curve is under the 1st
ESAG’s curve for most of the time.

The market share of EVCSs on phases A, B, and C is shown in Figure 7.4(g), 7.4(h), and 7.4(i),
respectively. The 5th EVCS consumes more energy than other EVCSs, since its offering price for
buying energy is the highest among all EVCSs.

The share of DRAGs on phases A, B, and C is shown in Figure 7.4(j), Figure 7.4(k), and Figure
7.4(1), respectively. By comparing the share of 1st, 2nd, 7th, 8th DRAGs (all of which have demand
response resources on phase A), one can see that the 8th DRAG consumes energy more than the
others since its offering price for buying energy is higher than that of the others. Hence, the DSO
sells more energy to the 8th DRAG. Similarly, among all the DRAGs with resources on phase B
(and C), the 9th (and 10th) DRAG with the highest energy offering price on phase B (and C)
consumes the most energy, respectively.

The market share of DDGAGSs on phases A, B, and C is shown in Figure 7.4(m), Figure 7.4(n),
and Figure 7.4(0), respectively. The offering price of the 1st DDGAG is lower than other three
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DDGAGs on phase A. Hence, the DSO assigns the most energy provision to the 1st DDGAG
among all DDGAGs on phase A. Figure 7.4(n) (and Figure 7.4(0)) shows similar results for the
DDGAGs on phase B (and phase C).

7.6.3 Market Settlement

Table 7.1 LMP forecasting errors in Case 2

Market participant

Cost(®) WM ESAGs DDGAGs EVCSs DRAGs REAGs 1L
33-node | -1102.2 -157.8 -7152 185 483.6 -603.4 21615
240-node| -221.2 -122.0 -7893 338 6843 5059 9203

The costs of various market participants for buying/selling energy and regulation services in the
DSO market in both 33-node and 240-node systems are given in Table. 7.1, where WM and IL
denote the wholesale market and the inelastic load, respectively. In the 240-node system, the costs
for aggregators of the same type are summed up together. It is clear that the summation of all the
costs in each system is zero, leading to no surplus for the DSO when the retail market is cleared.

7.7 Conclusion

This chapter proposed a comprehensive DSO framework for market participation of DER
aggregators in the three-phase unbalanced distribution network. Various kinds of DER aggregators
were modeled. A three-phase unbalanced linearized power flow was introduced to consider
unbalanced operating conditions in the distribution system. The retail market settlement procedure
was discussed. At the wholesale-DSO coupling substation, the total payment received or
compensated by the DSO under the wholesale price is identical to that under three single-phase D-
LMPs for each phase at the substation.

Case studies were performed on the 33-node balanced distribution system and the 240-node
unbalanced distribution system. The results in the balanced network show that the DSO sells
energy to the wholesale market when the wholesale energy price is high. The DSO assigns
regulation capacity- down services to the ESAG for increasing its charge level and decreasing
DSO’s operating cost. The DDGAG is cleared to sell energy during peak hours. There are
opportunities for the EVCS to increase its charge level by providing regulation capacity-up. The
DRAG purchases energy during off-peak hours. The results in the unbalanced system show that
although the DSO’s retail market is unbalanced, the DSO’s share for participating in the wholesale
market is three-phase balanced. The DSO assigns more charging states to the ESAGs with higher
energy offering prices. In the unbalanced system, the DSO may buy energy from the DDGAG with
higher energy offering price to submit a balanced offer to the 1SO. The DSO sells energy to
DRAGs and EVCSs considering achieving balanced operating conditions at the DSO-1SO
coupling point.
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8. Conclusions

This project aims at resolving market operation and participation challenges caused by the growing
integration of utility-scale and distributed energy storage resources in both transmission and
distribution systems. The report focuses on three core areas: 1) understanding market participation
activities of utility-scale batteries in the wholesale energy, reserve, and regulation markets; 2) data-
driven day-ahead and real-time price forecasting approaches for profit-seeking utility-scale
batteries and aggregators of distributed batteries; and 3) the distribution system operator (DSO)
framework for coordinating market participation activities of distributed batteries and other
distributed resources. The following works are presented in this report.

A comprehensive modeling framework is proposed for studying various market
participation activities and operating patterns of utility-scale batteries in the energy and
ancillary services markets, with detailed consideration of batteries’ regulation market
participation models and degradation cost models. Analysis on the impact of battery
degradation on market participation strategies of utility-scale batteries is performed.

A short-term decision model for an electricity retailer with BESSs and virtual bidding was
proposed through a two-stage stochastic optimization framework. Case studies have shown
that the integration of BESS contributed to the reduction of the retailer’s cost and CVaR
for different risk-aversion levels.

Data-driven price forecasting approaches with improved forecasting accuracy are
proposed, which allow profit-seeking battery owners and aggregators to forecast system-
wide day-ahead and real-time locational marginal prices using public market data. The
proposed approaches are built upon generative adversarial networks and convolutional
long short-term memory networks which capture the spatio-temporal correlations among
system-wide energy market data.

A DSO framework is proposed to optimally coordinate the aggregators of various
distributed resources for their wholesale market participation while operating the retail
market, considering three-phase unbalanced distribution system operating constraints, as
well as coordinated market clearing mechanisms between the balanced wholesale and
unbalanced retail markets.
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