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Abstract

Emerging technologies, including distributed energy resources (DERS), internet-of-things and advanced
distribution management systems, are revolutionizing the power industry. They provide benefits like higher
operation flexibility and lower bulk grid dependency, and are moving the modern power grid towards a
decentralized, interconnected and intelligent direction. Consequently, the emphasis of the system operation
management has been shifted from the supply-side to the demand-side. It calls for a reconsideration of the
business model for future retail market operators. To address this need, this dissertation proposes an
innovative retail market solution tailored to market environments penetrated with price-responsive DERS.
The work is presented from aspects of theoretical study, test-bed platform development, and experimental

analysis, within which two topics relevant to the retail market operation are investigated in depth.

The first topic covers the modeling of key retail market participants. With regard to price-insensitive
participants, fixed loads are treated as the representative. Deep learning-based day-ahead load forecasting
models are developed in this study, utilizing both recurrent and convolutional neural networks, to predict
the part of demands that keep fixed regardless of the market price. With regard to price-sensitive
participants, battery storages are selected as the representative. An optimization-based battery arbitrage
model is developed in this study to represent their price-responsive behaviors in response to a dynamic
price. The second topic further investigates how the retail market model and pricing strategy should be
designed to incentivize these market participants. Different from existing works, this study innovatively
proposes a profit-neutral double-price-signal retail market model. Such a design differentiates elastic
prosumers, who actively offer flexibilities to the system operation, from normal inelastic
consumers/generators, based on their sensitivities to the market price. Two price signals, namely retail grid
service price and retail energy price, are then introduced to separately quantify values of the flexibility,
provided by elastic participants, and the electricity commaodity, sold/bought to/from inelastic participants.
Within the proposed retail market, a non-profit retail market operator (RMO) manages and settles the

market through determining the price signals and supplementary subsidy to minimize the overall system



cost. In response to the announced retail grid service price, elastic prosumers adjust their day-ahead
operating schedules to maximize their payoffs. Given the interdependency between decisions made by the
RMO and elastic participants, a retail pricing scheme, formulated based on a bi-level optimization
framework, is proposed. Additional efforts are made on merging and linearizing the original non-convex
bi-level problem into a single-level mixed-integer linear programming problem to ensure the computational
efficiency of the retail pricing tool.

Case studies are conducted on a modified IEEE 34-bus test-bed system, simulating both physical operations
of the power grid and financial interactions inside the retail market. Experimental results demonstrate
promising properties of the proposed retail market solution: First of all, it is able to provide cost-saving
benefits to inelastic customers and create revenues for elastic customers at the same time, justifying the
rationalities of these participants to join the market. Second of all, the addition of the grid service subsidy
not only strengthens the profitability of the elastic customer, but also ensures that the benefit enjoyed per
customer will not be compromised by the competition brought up by a growing number of participants.
Furthermore, it is able to properly capture impacts from line losses and voltage constraints on the system
efficiency and stability, so as to derive practical pricing solutions that respect the system operating rules.
Last but not least, it encourages the technology improvement of elastic assets as elastic assets in better
conditions are more profitable and could better save the electricity bills for inelastic customers. Above all,
the superiority of the proposed retail market solution is proven. It can serve as a promising start for the

retail electricity market reconstruction.
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General Audience Abstract

The electricity market plays a critical role in ensuring the economic and secure operation of the power
system. The progress made by distributed energy resources (DERs) has reshaped the modern power industry
bringing a larger proportion of price-responsive behaviors to the demand-side. It challenges the traditional
wholesale-only electricity market and calls for an addition of retail markets to better utilize distributed and
elastic assets. Therefore, this dissertation targets at offering a reliable and computational affordable retail

market solution to bridge this knowledge gap.

Different from existing works, this study assumes that the retail market is managed by a profit-neutral retail
market operator (RMO), who oversees and facilitates the system operation for maximizing the system
efficiency rather than making profits. Market participants are categorized into two groups: inelastic
participants and elastic participants, based on their sensitivity to the market price. The motivation behind
this design is that instead of treating elastic participants as normal customers, it is more reasonable to treat
them as grid service providers who offer operational flexibilities that benefit the system efficiency.
Correspondingly, a double-signal pricing scheme is proposed, such that the flexibility, provided by elastic
participants, and the electricity commaodity, generated/consumed by inelastic participants, are separately
valued by two distinct prices, namely retail grid service price and retail energy price. A grid service subsidy
is also introduced in the pricing system to provide supplementary incentives to elastic customers. These
two price signals in addition to the subsidy are determined by the RMO via solving a bi-level optimization

problem given the interdependency between the prices and reaction of elastic participants.

Experimental results indicate that the proposed retail market model and pricing scheme are beneficial for
both types of market participants, practical for the network-constrained real-world implementation, and

supportive for the technology improvement of elastic assets.
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1. INTRODUCTION

1.1 Background

Providing electricity with reliability, efficiency and sustainability is the unremitting mission of the
electric power industry. Due to the limited availability of electricity storage, there has to be a
perfect match between electricity demand and supply in real-time. However, it is greatly
challenged by the complex grid topology and uncertain system behaviors. A poorly managed
power grid may easily encounter instability issues ranging from voltage violation, frequency
deviation to cascading failures. To avoid these from happening, advanced techniques such as
voltage control, frequency regulation and demand response have been implemented ensuring
harmonic interactions among system components. Beyond stability, economy is another critical
concern of the system operation. On the one hand, dispatches of various energy resources have to
be optimized to lower the system cost. On the other hand, appropriate pricing mechanisms have to
be designed to reward most cost-efficient system behaviors. Meanwhile, under the pressure of
environment degradation, efforts putting on clean energy technology to continuously cut the
carbon intensity become commonplace. According to the Sustainable Energy in America Factbook
published in 2019, renewables, including hydro, contributed nearly 18% of U.S. electricity
generation in 2018, up from 11% in 2009. Total renewable installation capacity doubled to hit
261GW, up from 131GW in 2009 [1]. Due to the continuous support from federal and state
governments and the extensive cooperation within the industry, these numbers are expected to
climb even higher.

During the past three decades, several developments and emerging technologies have reshaped the
modern power industry. The enactment of the Public Utilities Regulatory Policies Act (PURPA)
back in 1978 launched the reconstruction process of the modern electricity industry in the United
States. PURPA and subsequent acts accelerated the transition from a vertically integrated utility
into unbundled and deregulated power system where generation, transmission and distribution are
separately managed by different entities. A successful electricity market deregulation played a key
role in such a transition [2]. It broke up the monopoly of traditional vertical-structured utilities and
brought competition to the market. Under such an open market environment, electricity is
exchanged in a way that leads to the highest social welfare. Generating companies compete with
each other to improve their price advantages via technological or manufactural innovation;
Consumers are guided to actively participate in the demand side management to further improve
the system efficiency.

Along with the electricity market deregulation is the progress made by distributed energy resources
(DERS) and the information & communication (1&C) technology. DERs refer to generating units
located close to end-users. Compare to the traditional centralized generation, it brings benefits like
lower marginal cost, lower transportation cost and lower gas emission. The emerge of the DER
technology decentralizes the power system and cuts down the dependency of Microgrids on the
bulk grid. Meanwhile, there is a widespread implementation of the I1&C technology, enhancing
awareness and automation of the system operation. At the system-level, advanced metering



infrastructure (AMI) is deployed to ensure quality of the grid service and provide the foundation
of autonomous system control. At the end-users-level, building automation technologies, including
home energy management systems (HEMS) and building energy management systems (BEMS)[3],
[4], connect the grid and end-users through sensors and controllers. It turns buildings from pure
consumers into prosumers who actively participate in Demand Response (DR) programs to
facilitate demand-side management.
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Figure 1-1. lllustration of the emerging smart grid framework

Figure 1-1 illustrates what the future smart grid looks like and how electricity, data and financial
messages are transmitted across key system components. At the physical infrastructure layer, the
regional power grid can be further broken down into multiple microgrids (MGs), whose
dependency on the main grid are weaken, as their demands can be partially served by local
resources, including renewables, storages and DR products. At the monitoring & communication
layer, an extensive installation of measuring devices and communication network enhances both
inter- and intra-connections of MGs. At the operating layer, electricity market and dispatching
center work together to ensure the reliable and economic operation of the system. Advanced
algorithms [5], [6] as well as computing power are equipped at this layer for handling sophisticated
and uncertain application scenarios. To cooperate with the decentralized structure at the
infrastructure layer, future electricity market is expected to evolve into a multi-layer hierarchy with
market participants at different scales, e.g. individual end-users, aggregators or microgrid operator,
participate in markets at different scales, e.g. local market, regional market or wholesale market.



To sum up, under the emerging power industry evolution, the whole power system is moving
towards a decentralized, interconnected, intelligent and proactive direction.

1.2 Motivation

The ongoing decentralization and digital transformation marks a new era of the power system
modernization. However, before these game-changing technologies, e.g. DERs and advanced
distribution management system (ADMS), get fully involved in the picture of future smart grid,
some key challenges need to be addressed first, especially at the distribution level:

First, the proactive participation of DERs in the system operation brings a higher proportion of
uncertainty. It thus emphasizes the forecasting capability at lower-scale, e.g. building-/appliance-
level. On the one hand, end-users need to better understand the energy behavior of their buildings
or devices; on the other hand, the system operator requires a better visibility of behind-the-meter
resources and the ability to properly value them. However, conventional tools applied for system-
level load forecasting are greatly challenged by the nonlinear interdependency and high
uncertainty of lower-level load profiles. It calls for an exploration on advanced mathematic tools
equipped with more powerful forecasting capacity.

Second, as the distribution system becomes more active rather than passive, a reconsideration of
the electricity market design, especially at retail-level, becomes a must. It is necessary to introduce
competition also at the distribution level so as to encourage the engagement of DERs. However,
compared to the mature implementation of wholesale markets, design of the retail electricity
market is more complicated due to a higher penetration of price-responsive behaviors. How to
properly incentivize market participants while avoiding the price volatility is still an open topic to
be discussed.

Third, present distribution infrastructure, mainly designed for unidirectional power flow and well-
controlled resources, is challenged by a large-scale integration of DERSs in terms of intermittent
generation, reverse power flow and voltage violation. How to take advantage of DERs in
promoting the system efficiency while respecting the physical operating rules is of significance to
be investigated, since uncoordinated DERS’ operations may actually jeopardize rather than benefit
the system.

Luckily, in past decades, remarkable achievements have been made by intelligent algorithms,
including optimization, model predictive control, machine learning, deep learning, stochastic
programming, game theory and so on, in solving various engineering challenges. Their
applications on managing the power system have also been demonstrated in the literature. It
provides the cornerstone of this dissertation for tackling emerging challenges faced by the high
DER-penetrated power system.

1.3 Objectives

Based on the previous discussion, this study aims at providing a reliable and computational
affordable retail market solution for addressing challenges raised by the increasing penetration of
price-responsive DERs. The overall objective is broken down into five sub-objectives:



Objective 1: To develop deep-learning based day-ahead load forecasting models for predicting
fixed electricity demands in the retail market.

Accurate day-ahead demand prediction ensures the optimal system resources scheduling. As
mentioned previously, the load forecasting at lower-scale becomes more important nowadays due
to the growing penetration of DERs and the active participant of end-users in the system operation.
The deep learning (DL) technique has emerged recently as a promising alterative of conventional
mathematical tools for handling the time-series analysis, especially for series with complex
interdependency and high uncertainty. Despite the powerfulness of DL, being able to grasp the
best DL model for certain application scenario is not easy, as there is a large variety of network
structures. Therefore, the first sub-objective in the study is to design DL-based models tailored for
day-ahead building-level load forecasting utilizing commonly applied DL techniques, and conduct
a comprehensive comparison among proposed DL models versus its conventional counterpart.

Objective 2: To model the price-responsive behavior of the battery storage and analyze how
market price impacts its decision making.

For better designing the price incentive in the retail market, it is critical to understand how price-
sensitive market participants respond to different market prices. Whereas the behavior of price-
insensitive customers can be captured by typical forecasting models, the behavior of price-
sensitive customers is usually modeled by formulating an optimization problem. Therefore, the
second sub-objective in this study is to model the price responsive behavior of battery storages, as
representative elastic customers, using the optimization approach and analyze what factors drive
their decision makings.

Objective 3: To propose a retail electricity market model with two price signals distinguishing
between price sensitive and price insensitive market participants.

Despite the agreement made on the importance of retail electricity markets, discussions on how to
structure the market and define market rules remain open. Therefore, the third sub-objective in the
study is to analyze drawbacks of existing electricity market designs and propose an alternative
retail electricity market solution beneficial for different types of market participants instead of only
for the retailer itself.

Objective 4: To derive a bi-level day-ahead retail pricing scheme based on the proposed retail
market model.

A well-designed pricing scheme is the key to a successful retail electricity market design. This
study is particularly interested in the day-ahead retail pricing mechanism, as it plays an important
role in eliminating the real-time retail price volatility, yet is seldom discussed in the literature.
Given conflict interests of the retail market operator and price-sensitive market participants, this
study proposes to apply the bi-level optimization technique in formulating the day-ahead retail
pricing problem. To make sure the proposed retail pricing scheme is ready for the real-world
implementation, network constraints are also considered in the problem formulation.



Objective 5: To convert the bi-level day-ahead retail pricing problem into a MILP problem.

The expense used to solve the bi-level day-ahead retail pricing problem is extremely high due to
the existence of the three-phase unbalanced power flow model and coupling of the upper- and
lower-level problems. It prevents the retail pricing tool to be widely applied. Therefore, the last
sub-objective in the study is to fully convert the original problem into a MILP problem through
utilizing the duality theory and linearization techniques.

1.4 Tasks

In order to fulfill objectives outlined above, following key tasks are identified to be accomplished
in the study:

Task 1: Define a retail market environment, based on which subsequent tasks are carried out.

e Define the hierarchy of the retail market as well as its interactions with the wholesale
market and end-users.

e Categorize market participants into two groups based on their sensitivity towards the
market price.

¢ Identify decision makers in the retail market, analyze their objectives, decision variables
and decision constraints.

e Propose a double-signal pricing scheme with an addition of grid service subsidy.

Task 2: Develop a Python-based test-bed system for simulating both physical behaviors of the
power grid and financial interactions inside the retail market.

e Develop an IEEE 34-bus system model using OpenDSS and export system parameters
from the OpenDSS model.

e Develop an inelastic participant agent, using Python class, which can be populated to
predict fixed electricity demand/generation at different locations. (Take fixed load as the
representative inelastic participant)

e Develop an elastic participant agent, using Python class, which can be instantiated under
different equipment parameters to model the price-responsive behavior of battery
storages. (Take battery storage as the representative elastic participant)

e Develop a retail market operator (RMO) agent responsible for determining market prices
and managing the retail market operation.

Task 3: Propose DL-based day-ahead load forecasting models to be implemented by the inelastic
participant agent.

e Collect building-level load time-series data from online resources and preprocess the data
using data cleaning and data normalization techniques.

e Propose DL-based models for day-ahead load forecasting based on two popular DL
frameworks: recurrent neural network (RNN) and convolutional neural network (CNN).



e Construct the RNN and CNN models under both direct multi-step and recursive multi-
step manners.

e Evaluate performance of proposed DL models against traditional time-series method:
seasonal autoregressive integrated moving average with exogenous variable (ARIMAX),
from perspectives of accuracy, computational efficiency, robustness and generalizability.

Task 4: Develop a mathematical model representing the price-responsive behavior of battery
storages to be implemented by the elastic participant agent.

e Formulate a battery arbitrage problem to represent the price-responsive behavior of
battery storages in response to a day-ahead retail price.

e Run simulations to understand how the day-ahead price signal and battery parameters
influence operating decisions made by the profit-oriented battery storage.

Task 5: Propose a bi-level day-ahead retail pricing scheme to be implemented by the RMO agent.

e Formulate the day-ahead retail pricing problem using the bi-level optimization technique.
e Migrate the battery arbitrage problem formulated in task 4 into lower-level problems.
e Formulate the upper-level problem as a day-ahead system resource scheduling problem.

e Merge the upper-level problem with lower-level problems through the Karush—Kuhn-
Tucker (KKT) theorem.

e Linearize the merged single-level problem into a MILP problem.
Task 6: Conduct a comprehensive case study using the Python-based test-bed system.

e Verify the rationality of both inelastic and elastic customers to participate in the market.
e Compare retail market solutions obtained under different subsidy rates.
e Compare retail market solutions obtained under different levels of network constraints.

e Analyze how key equipment and market parameters impact the result of market
settlement.

e Compare performance of the proposed retail pricing scheme against other alternatives.



2. LITERATURE RESEARCH

In this section a comprehensive literature research is conducted to better understand the state-of-
the-art and knowledge gaps of the investigated topic.

Sections 2.1 and 2.2 review the development and application of different types of DERs. Section
2.3 shows how the distribution system deals with instability issues brought up by a high DER
penetration. Section 2.4 reviews existing techniques for load forecasting. The established
experience of wholesale market operation is introduced in Section 2.5 as it inspires the design of
retail electricity market. Existing attempts made for designing the retail electricity market are
summarized in Section 2.6. Finally, Section 2.7 identifies knowledge gaps.

2.1 Types of DERs

Distributed energy resources (DER) refer to energy resources that provide, consume and possibly
store energy locally. These resources are generally small in scale and sited close to end-users. The
DER technology is transforming the electric power sector as it decreases the reliance of
distribution system on centralized upstream power supply and allows previously passive
consumers to become proactive prosumers. Typical DERs include solar photovoltaic (PV), wind
turbines, combined heat and power (CHP), diesel engines, micro-turbines, natural gas-fueled fuel
cells, storage devices, electric vehicles (EVs), demand response (DR), etc., [7] which basically fall
into three categories:

Non-dispatchable DERs are resources whose generations are usually intermittent, driven by
uncontrollable factors (e.g. weather). Wind turbine and solar photovoltaic are two representative

non-dispatchable DERs. They provide energy from wind and solar, which are cheap yet not
continuously available. Also, their generations are time-dependent and vary across locations. Due
to the government and industry incentives, deployment of the wind and solar technologies has
gained a huge momentum during the past decade and is foreseen to contribute to more than 70%
of the system generation in 2050 (see Figure 2-1).

e Wind Turbine: Most wind turbines installed today are large and tied directly to
transmission system. In 2018, wind turbines in the United States were the source of about
6.6% of total U.S. utility-scale electricity generation. Electricity generation from wind in
the United States increased significantly from about 6 billion kWh in 2000 to about 275
billion kWh in 2018 [8].

e Solar Photovoltaic: There are two types of PV systems, grid-tied system and stand-alone
DC system. Most PV today are grid-tied. Whereas small-scale PV systems are
interconnected with distribution system, utility-scale PV power plants are directly
integrated to the transmission system. The U.S. Energy Information Administration (EIA)
estimates that electricity generated by small-scale and utility-scale PV systems increased
to 30 and 64 billion kilo-watt-hours (kWh) in 2018 compared to 11 billion kWh in 2014
and 76 million kwWh in 2008 [8].


https://www.eia.gov/energyexplained/index.php?page=electricity_in_the_united_states#tab2
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Figure 2-1. Long-term prediction of renewable energy generation [9]

Dispatchable DERs are resources that can be used on demand and be dispatched at the request of
system operators. Its power injection/consumption can be precisely adjusted, as opposed to non-
dispatchable DERs. CHP, diesel engines, micro-turbines, natural gas-fueled fuel cells and storage
devices all fall into this category. During the past decade, deployment of the dispatchable DERs
also expanded largely. For instance, since 2010, 728 new combined heat and power (CHP) systems
have been installed across the United States, adding nearly 2 GW capacity to the U.S. grid. And
many of these units are connected to a local distribution system [10].

e Battery storage: As a unique type of dispatchable DERs, battery storage can be both a
load or a source. It is considered as an excellent solution to provide energy system
flexibility and reduce renewable generation intermittency. Depending on the scale,
battery systems are divided into two groups: utility-scale battery systems (with power
capacity greater than 1 MW) and small-scale battery systems (with power capacity
smaller than 1 MW). Decreased price and supportive policy have driven the deployment
of both types of battery storages. As stated in the U.S. battery storage market trend report,
installed capacity of large-scale battery systems has nearly doubled every two years since
2011. By the end of 2017, 708 MW was in operation. Similarly, the size of small-scale
storage doubled from 66 MW, as reported by U.S. utilities in 2016 [11], to more than
120MW in 2018 [12]. Despite the higher capacity share of utility-scale battery systems,
there is a greater expansion trend of the behind-the-meter storages. The installation
capacity of behind-the-meter storages in 2018 almost tripled that of 2017, and matched
the utility-scale storages investment for the second consecutive year [13]. This change
may be a result of increased electric vehicle (EV) ownerships and favorable policies that
encourage storages to be located near renewables.

Demand Response (DR): are resources offering flexibility via changing electricity usage from
normal patterns in response to different financial rewards. Based on type of the reward, DR can be

classified as price-based or incentive-based. Price-based DR relies on dynamic pricing, based on
which users vary their consumptions across time to cut down their electricity bills. In this case,
users own the full autonomy in deciding the tradeoff between their electricity need and money
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saving. Incentive-based DR, on the other hand, relies an agreement made between system
operators and electricity customers. Such an agreement predefines incentive payment and specifies
the load control requirement. Users who have signed up for this program are usually required to
either shift the time for using their most energy-intensive applications (Load shifting) or curtail
the consumption during specific period to not exceed certain limit (Load curtailment) in an effort
to diminish the system peak demand.

Based on data collected in EIA's annual survey of electric power sales, revenue and energy
efficiency [8], in 2017, there were about 9.44 million customers in the United States that
participated in demand response programs, with most (88%) of them falling into the residential
sector. On average, each residential customer contributed to about 114 kilowatt-hours (kWh)
energy saving and 1.1 kilowatt (kW) peak demand reduction, and, in turn, received about $35
reward. Despite the small share of commercial and industrial participants (11 percent and less than
1 percent, respectively), they provided more than half of the total peak demand reduction for much
larger incentive payments.

Smart buildings with active energy management system (EMS), as depicted in Figure 2-2, are
excellent DR resources [14]. First, buildings account for 40% of the energy consumption in the
U.S., and most of them do not consume power in a very efficient way [15], resulting in a huge
space for energy saving. Second, by slightly changing electricity usage patterns of the buildings, a
great amount of energy saving or peak reduction can be achieved without significantly impacting
user comforts. Studies have extensively investigated how the electric appliances, include Heating
Ventilation and Air Conditioning (HVAC) [16][17][18][19][20], water heater [21][22],
dishwasher [23] or EV, that commonly available in the buildings, can work independently or
cooperatively to provide DR services [24]. Even more flexibilities can be offered with the addition
of household PV-battery systems [25][26].
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Figure 2-2. Smart building with active EMS [27]
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2.2 Applications of DERs

An extensive range of grid services can be offered by DERs. Some of the most widely applied
services are summarized below:

Frequency regulation: is a tool that helps correct the short-term changes in electricity
use or generation to maintain the system frequency of 60 Hertz. System operators provide
market-based incentives to the frequency regulation participants in return for their fast
responses to an automated signal. By following the control signal, DERs help the system
track the moment-to-moment fluctuations in customer electricity use and correct
unintended deviation between scheduled and actual generations. A variety of DERs are
applied in the literature for frequency regulation. Collections of homogeneous loads, such
as electric vehicles (EVs) and thermostatically controlled loads (TCLs), were discussed in
[28], [29], [30], [31], [32] and [33]. [34] proposed the use of aggregators for integrating
heterogeneous loads, such as plug-in EVs, TCLs and micro-turbines, to provide
frequency regulation based on model predictive control (MPC). In [35], a stochastic
frequency regulation method was proposed to facilitate the system operation under
uncertainty. Authors in [32] reviewed three different dynamic demand control strategies
for frequency regulation using residential and commercial loads. They are respectively
centralized control, decentralized control and hybrid control. The work in [36] analyzed
the challenges faced by frequency regulation using DERs. Authors in [37] proposed a
framework for using aggregated DERs to provide frequency regulation while considering
system physical constraints. The real-time regulation signal allocation problem for
multiple aggregators was also investigated in [38].

Load following: requires participants to inject or absorb power for compensating load
variations, also known as a form of ramp rate controls. It works similar to the frequency
regulation, but has slower response time requirement (usually larger than 10 min). Such
applications are studied in [39], [40], [41] and [42], adopting dispatchable DERs, e.g.
micro-turbines, fuel cells and energy storage system (ESS).

Generation reserve: refers to synchronized electricity capacity that is not currently in
use but may become available within a short delay, when a significant frequency
disturbance occurs. For instance, when there is an unexpected failure of committed
generator, generation reserves need to quickly respond and provide back-up. Based on the
requirement of response speed, generation reserves can be grouped into primary reserves
(response within 10 min) and supplemental reserves (response within 10-30min). Unlike
frequency regulation and load following which deal with the system normal operation,
generation reserve is only activated when system encounters contingency issues. It is
usually considered together with the normal operation as a co-optimization problem.
Authors in [43] considered a decentralized scheduling problem of DERs in a day-ahead
distribution market that clears both energy and reserve offers at the same time. Reference
[44] modeled the bidding strategy of a distribution company in the wholesale energy and
reserve market as a bi-level optimization problem. A two-stage stochastic programming
problem was formulated in [45] for solving the virtual power plant (VPP) trading in a
joint energy and reserve market. Authors in [46] specifically discussed how TCLs can be
modeled and utilized for providing operating reserve. Conditional value-at-risk (CVaR)
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was applied to control risk of the profit variability. Not only dispatchable DERs, but also
non-dispatchable DERs are discussed for providing such co-optimization services [47].

Voltage regulation: aims at maintaining voltage level of the system to ensure quality of
the delivered power [48][49]. It is also called reactive power support as it requires the
participant to serve as a source or a sink of reactive power. DERs for voltage regulation
are also extensively studied in the literature, within which PV and Battery storage have
gained the most attention. Authors in [50] have investigated how smart inverters can be
applied to relieve the voltage instability brought about by intermittent PV generations,
based on which, a market-based compensation scheme was proposed for incentivizing the
PV panel owners. A PV generation probabilistic model was proposed in [51], based on
which, authors developed a probabilistic strategy for optimized use of PV generation via
treating PV generators as capacitors or inductors. In [52], a combined method applying
the battery energy management of plug-in electric vehicles (PEVs) and the active power
curtailment of PV panels was proposed to help regulate voltage in a low-voltage
distribution system. By implementing the multi-agent framework, [53] proposed an
optimal voltage regulation approach with participations of multiple microgrids.
Heterogeneous DERSs for voltage regulation with continuous or discrete control command
were also covered in [54].

System peak shaving: is the process of reducing the amount of energy purchased during
peak demand hours. It is of significant importance from the economic aspect, as it
reduces or defers the need of building new power plants or purchasing capacity from the
capacity market. A day-ahead battery storage scheduling problem was analyzed in [55]
for minimizing the load variance in a low-voltage unbalanced distribution system.
Authors in [56] applied MPC to coordinate heterogeneous flexible DERs to reduce the
peak load. In [57], a novel Artificial Neural Network (ANN) based controller was
proposed based on factors of load condition, storage capacity, and state-of-charge (SoC).
It is designed to coordinate PV systems, V2G (vehicle to grid)-capable EVs, and ESS for
reshaping the load curves.

Congestion management: is the process of adjusting power injections or absorptions of
multiple DERSs, such that power flows in transmission or distribution lines can be
reconfigured to eliminate congestion concerns. It allows deferral or complete avoid of
congestion-related upgrading costs. Market-based congestion management approaches
were proposed in [58] and [59]. By employing the distribution-level locational marginal
price, the proposed market mechanism is able to reflect the real congestion cost and
further alleviate potential congestions in the system.

Black start: describes a process of re-energizing the transmission and distribution system
under a catastrophic failure of the power grid (also named blackout event). Only DERs
equipped with the black start capability are able to provide such services. A few papers
discussed the possibility of applying DERs for black start services, within which PV-
Plus-Battery system has gained the most attention. [60] talked about a black start strategy
deploying PV-Plus-Battery systems applicable for both single-phase and three-phase
systems. [61] emphasized the optimal sizing and siting problems of PV-Plus-Battery
systems for improving the power system resilience. A detailed operation scheme and a
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restoration procedure were discussed in [62] and [63] to help distribution systems survive
in the islanding mode and restore to normal operation as soon as possible.

e Energy management: refers to the optimized coordination among multiple DERs and
other resources that satisfies the system electricity need at a minimum operation cost.
Based on control horizon, it may be categorized as a real-time dispatch problem or a
time-dependent scheduling problem. Under a well-designed energy management
framework, resources with different characteristics can be guided to optimize the system
performance. Energy management problem in an islanded microgrid was investigated in
[64]. A three-party energy management framework, among the power grid, residential
units and shared facility controllers, was constructed as a non-cooperative Stackelberg
game in [65]. Authors in [66] proposed a distributed online energy management
algorithm to deal with highly uncertain generations. The reinforcement learning
technique applied for energy management was also discussed in [67].

e Arbitrage: is an application particularly applicable for the battery storage under dynamic
pricing mechanism. Profits occur when batteries charge at lower electricity price and
discharge at higher electricity price. Recently, significant increases in prices and price
volatility of natural gas and electricity have raised interest in potential economic
opportunities of electricity storages. The potential arbitrage revenue of ESS in the PJIM
market was analyzed in [68] and [69], indicating that many factors impact the value of
battery storages. For examples, hours of storage, efficiency, imperfect forecasting and
price variation. Authors in [70] discussed multiple applications of battery storages, and
were particularly interested in co-optimization between frequency regulation and energy
arbitrage. Battery degradation was also taken into account when designing the energy
arbitrage strategy [71].

2.3 Distribution system with high DERs penetration

Despite benefits brought by DERs, the growth of grid-connected DERs can be both a blessing and
a curse. Increased deployment of DERs results in a more flexible and decentralized grid. DER
owners are interested in providing grid services to system operators, e.g. Independent System
Operator (ISO) and Distribution System Operator (DSO), to minimize their electricity costs or
maximize their revenues. At the same time, system operators are interested in integrating DERS to
achieve optimal system operation. However, there is a lack of visibility between these two parties.
On the one hand, DER owners lack the awareness of system operation. It is hard to ensure the
exported energy of itself is feasible and deliverable. On the other hand, system operators lack the
understanding of how the operation of multiple DERs will impact their system. Furthermore, DER
availability is harder to predict than traditional generators, adding more complexity to the system
control.

Many concerns are raised in the literature regarding high DER penetration. Two reactive power
control strategies were proposed in [72] and [73] aiming at addressing the under-/over- voltage
issues raised by high PV penetration, based on a nonlinear and a linear grid models. Authors in
[74] found that voltage issues brought about by large-scale PV systems installed in the rural area
cannot be effectively solved by reactive power compensation, as the R/X ratio of distribution
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system is high. Rather, a voltage regulation approach that coordinates upstream step voltage
regulator (SVR), downstream PV inverters and BESS was proposed in [74].

Another well-known consumption saving approach which is often used in centralized distribution
network structures but could not serve in decentralized systems is the Conservation Voltage
Reduction (CVR), relying on step-voltage regulation. To address the challenge brought by
decentralized structure, a three-phase AC optimal power flow (OPF)-based CVR scheme, using
on-load tap changers and capacitors, was developed in [75] that worked even under high PV
penetration. In [76], a robust energy management framework was developed with emphasis on
tackling the intermittent availability of renewables. Not only the average-case costs of DG, BSS
and flexible loads, but also the worst-case costs stemming from the uncertainty of RES were
considered to be minimized.

2.4 Load forecasting techniques

Load forecasting plays a vital role in managing the operation and planning of power systems. It
helps electric utilities or independent system operators to make important decisions including
purchasing and generating electric power, load switching and infrastructure development. From
the perspective of prediction horizon, it can be divided into short-term (one hour to one week),
mid-term (one week to one year) and long-term (more than one year) load forecasting problems.
Based on the scale of the investigated object, it can be divided into system-level, building-level
and appliance-level load forecasting problems. The growth of the DER integration results in new
trends in the study of load forecasting. First, building-level and appliance-level load forecasting
become more important, as it is essential to understand behaviors of individual DERs. Second,
system-level load forecasting becomes more challenging as existence of DERs add up uncertainty
at the system-level.

A large variety of statistical tools have been investigated with regard to load forecasting, ranging
from the simplest multiple linear regression (MLR) [77], [78], autoregressive integrated moving
average (ARIMA) [79], [80], support vector regression (SVR) [81], [82] to the most sophisticated
artificial neural network (ANN) [83], [84], [85]. Hybrid prediction model combining the
capabilities of these non-DL techniques is also discussed in [86]. With the huge success Deep
Learning (DL) techniques made in solving complex statistical problems, researchers also started
searching for the DL-driven solutions for load forecasting applications [87], [88]. Essentially, deep
neural networks boost the power of ANN via deepening its layers and leveraging its structures.
These learning methods have been widely implemented to solve natural language processing and
speech/image recognition problems. Not surprisingly, DL techniques in application of time-series
day-ahead load forecasting are starting to gain the attention of the research community. Within the
non-DL scope, ARIMAX has overall competitive advantages for load forecasting. Compared to
MLR, it is more capable of capturing the temporal dependency; compared to SVR and ANN, it
shows better interpretability. Unlike other supervised learning models, ARIMAX is tailored for
time-series modeling, where the sequence of inputs matters. As the counterpart of ARIMAX in the
DL community, recurrent neural network (RNN) is used to tackle datasets with sequential
correlations. Authors in [89] proposed two RNN structured models for medium-to-long term
predictions. Authors in [90] proposed a pooling deep recurrent neural network (PDRNN) model
to forecast household load. Nevertheless, computational efficiency was not compared. Also, this
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method requires an access to neighbors’ load data, which is not practical. Authors in [91]
innovatively created an autoregressive-like double-CNN model for asynchronous time-series
forecasts. Experimental results demonstrated its predominant capability at handling various kinds
of asynchronous datasets, including household load data. However, prior knowledge on the next
day’s weather condition is missing in the problem context [92]. Moreover, authors in [91] only
analyzed the performance of single-step building-level load forecasts, yet did not examine multi-
step performance. The application of deep learning on feature extraction was also discussed in [93],
indicating a significant improvement in prediction accuracy after applying an unsupervised deep
learning model. It is also found in [93] that supervised deep learning did not show obvious
advantages over other conventional tools. However, the discussion was only limited to the
perceptron deep neural network, excluding the families of RNN and CNN networks.

2.5 Wholesale electricity market

To better design retail market rules for active and decentralized distribution systems, it is necessary
to understand first how the wholesale market works. Despite the difference among market rules,
there is a common two-settlement structure applied across all the wholesale markets. A two-
settlement market refers to a combination of a forward (day-ahead) market and a spot (real-time)
market with each producing its own financial settlement.

The forward market schedules the production and consumption before the operating day to help
avoid price volatility, whereas the spot market reconciles any deviations between day-ahead
commitments and the actual real-time demand and production to ensure the system security. Based
on the generation and demand bids, the system operator settles the forward market with cleared
day-ahead prices plus cleared quantities of generation and demand. Such a settlement can be either
financially or physically binding. At the spot market, scheduled suppliers must produce the
committed quantity or, otherwise, buy power to balance their positions. Similarly, scheduled
buyers earn the right to consume cleared quantities at cleared day-ahead prices, and, if needed,
purchase extra needs from the spot market. Despite the commitment made in forward market, the
scheduled generation usually does not match the actual real-time load. Spot market plays a
significant rule on balancing such a difference. It produces a separate, secondary financial
settlement for only the deviated part from the day-ahead commitments. Generators and customers
can offer/purchase more energy into/from the spot market. Deviations from day-ahead obligations
will be settled at the real-time prices.

Such a two-settlement structure brings two major benefits to the electricity market. First, it helps
reduce the price volatility. Unexpected system behaviors, like large demand variance and
generation failure, result in price volatility. Without having the commitments made by generator
units and customers in the forward market, system behaviors will be more fluctuated and
unpredictable. Therefore, existence of the forward market provides a hedge against the spot price
risk. It improves the operational certainty for system operator, secure the financial benefit of
generator companies and helps the customers reduce their vulnerability to price fluctuations.
Furthermore, such a mechanism can help mitigate the market power manipulation. Market under
the two-settlement design works the most effective and stabilized when generators and customers
follow their patterned behaviors. Manipulating the market power will cause unexpected price
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fluctuation, and in turn harms the interests of suppliers and buyers themselves. Therefore, the
incentive to manipulate the market is limited.

Different from other financial markets, operation of the electricity market, especially the spot
market, requires a constant interaction between the market and the underlying physical power
system. A typical framework of the electricity market management system usually comprises three
components: system planning and operation (SPO), market operation (MO) and financial
settlement (FS) [2]. The SPO fulfills system measurements and provides essential operating
parameters, such as load forecast, system topology, power flow analysis and constraints
management to the MO. Based on the information obtained from SPO, the MO determines
generation schedules back to the SPO and publishes the cleared prices to the FS. Generation
schedules and cleared prices are usually obtained by solving an optimization problem within which
there are four common components: Unit Commitment (UC), Economic Dispatch (ED), Security
Constraints (SC) and Pricing. Note that SC is usually combined solved with the UC and ED as
SCUC and SCED problems.

Unit commitment produces the optimized on/off status of each generating unit at each control
interval. The unit operation cost for serving forecasted system net load is minimized during the
UC while taking unit operational restrictions (e.g. ramping speed, minimum up/down time) and
system constraints (e.g. energy balance, transmission line congestion) into account. Both the day-
ahead market (DAM) and real-time market (RTM) require solving the UC problem over a 24-h
and 5-min horizon. The nonconvex nature and integer control variables make the UC problem hard
to solve. Among all the techniques, MILP is the most commonly used one for solving the UC
problem, whose efficiency is heavily relied on how the problem is formulated.

On top of the on/off decisions made by the UC, economic dispatch process determines the specific
generation output of each generation unit at each control interval. It aims at minimizing the total
dispatch cost based on unit price curves submitted by generator units, while subjecting to the
equipment and system constraints. Depending on nature of the cost curve, the ED problem can be
formulated as a linear or a quadratic program. Moreover, since the availability of units at each
interval are determined, the ED problem is a pure linear or nonlinear problem without integer
control variables.

The Security Constraints component further examines the UC and ED solutions against N-1
contingencies. For each contingency, a power flow problem is solved to check and identify any
network constraint violations. The violated constraints are linearized and fed back to the next
iteration of the ED problem, forming the inner loop of SCED. If the SCED cannot resolve all
security constraint violations, then the remaining violated constraints are fed into the next iteration
of UC until all violations are resolved, forming the SCUC problem. Security analysis could be
time-consuming due to the large number of contingencies. Because simulations of different
contingencies are independent, parallel computing techniques are often adopted.

Whereas SCUC and SCED help yield a secure commitment and dispatch solution, market pricing
is the key for a well-designed market. It serves as signal that guides the behaviors of market
participants. Under a proper pricing system, the units will have no incentive to deviate from the
ISO’s schedule, which is desirable as it enforces market participants to bid truthfully. Moreover,
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customers will be encouraged to consume energy more efficiently, with less energy efficient
consumptions being charged at a high rate. Most wholesale market nowadays follows a Locational
Marginal Price (LMP) pricing mechanism, which is calculated as the marginal cost for supplying
the next incremental load at different location. The calculation used to determine LMPs takes a
comprehensive consideration of actual operating conditions: power flow, system balance, voltage
profile and line congestion, therefore, helps enhance efficiency and reliability of the electric grid.
Based on the LMPs, system operator could understand where the system is stressed and therefore
allocate more resources to the location; Customers, especially industrial customers, could chose to
locate at a place with lower prices to reduce their energy cost. In addition, since congestion impacts
the LMP as an important factor, LMPs also precisely indicate the need for infrastructure upgrade
with a high congestion price. LMPs are usually obtained within an optimal power flow (OPF)
framework, which basically falls into two categories: fully-structured AC-OPF and linear-
approximated linear-OPF (including DC-OPF). Due to the great characteristics of convergence
and computational efficiency, linear-OPF is widely applied in the wholesale markets.

2.6 Attempted retail market deregulation

It is clear that distribution system could not fully take advantage of the technical and economic
benefits brought about by DERSs without an efficient retail market design. Currently, efforts have
been devoted to partially deregulate the retail electricity market by providing diverse choices of
retail programs. Retail markets in over 40 states and districts of United States have opened the net
metering and DR programs to the customers [94]. They are encouraged to provide self-production
or grid services in exchange of financial compensations, which vary with different state legislation
and regulatory policies. However, these programs only provide limited flexibility and will become
insufficient as the implementation of DERs keep expanding. Hereby, it is requested to build a next-
generation retail market with innovative business model and strategic pricing scheme to
accommodate greater DERs penetration.

Despite the advance wholesale market made on managing the operation and planning of
transmission system, its successful experiences cannot be directly borrowed by the retail market
liberalization. First, most existing wholesale market designs focus on the generation side, however,
a higher emphasis has to be put on the demand side of the retail market [95]. Second, price-
responsive behaviors of the DERs largely challenge the price volatility in the retail market, which
are generally not encountered in the wholesale market [96]. Third, the high resistance to inductance
ratio and unbalanced characteristics of the distribution network [97], plus complicated physical
dynamics of various DERs make the system physic models extremely computationally demanding.
Finally, the interaction between the wholesale market and the retail market has not been explored
enough, as it is not a concern when designing the wholesale-only market. Papers [2], [98], [99]
provided the vision of next-generation retail electricity market and summarized expected
characteristics of the market to be flexibility, diversity, decentralization and competitiveness.
Under such a consensus, many attempts have been made in the literature to construct the future
retail electricity market.

Modeling price-responsive operations of DERs is a crucial step in designing the retail market.

There are two commonly applied practices in the literature. The first practice directly applies price
elasticity curve to express the price-responsive behavior, which maps relationship between the
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willingness of a DER to transact energy and the unit price. Figure 2-3 shows a typical example of
a demand elasticity curve. It tells that the customer is willing to purchase more energy as the price
goes higher. Both supply and demand elasticity curves build basis of the double auction-based
transactive energy system (TES) researches [100][101][102]. They precisely quantify flexibilities
to be offered by the market players under different prices, based on which, market organizer clears
the market at a point where supply and demand reach a balance and the social welfare is maximized.
The second practice obtains price-responsive behaviors within an optimization framework, where
a user-defined objective function is optimized in response to a time-varying price signal. The
solution offers optimized dispatch schedule for the DER. Whereas in the first practice price-
sensitive behavior can be formulated as an explicit equation of price, it is not the case for
optimization-based modeling approach. However, the second practice could better capture the
dynamic behavior of the DER and is therefore applied more in the day-ahead market setting. In
comparison to that, the elasticity curve cannot reflect the temporal dependency of energy
consumption/generation, and is therefore mostly applied in the real-time market setting.

It is worth mentioning that, if all the market players only participate in the real-time market and
no commitment is made in the day-ahead market, price-responsive DERs would constantly change
their behaviors in response to dynamic real-time price, which in turn impacts the future price and
jeopardizes market stability. Therefore, in this study, a higher emphasis is put on the day-ahead
retail market design, as there is no other good solution available for the volatility problem faced
by the real-time pricing under wide-deployment of price-sensitive DERs [103][104].
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Figure 2-4. Hierarchical structure of the retail market
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The retail market design is usually considered as a hierarchical decision-making problem, as
shown in Figure 2-4, where two autonomous decision makers: retailer/DSO and market player,
with possible conflicting interests, interact with each other, as well as with the external wholesale
environment. Retailer/DSO plays a role of intermediary agent between the end-users and
wholesale market. On the one hand, the energy price goes from the upstream wholesale market
down to the end-users, on the other hand, the energy volume is aggregated from the downstream
market player layer up to the wholesale market. Multi-level/Bi-level programming is mentioned
in the literature as an ideal approach to formulate such a problem, due to interdependency between
decision-makings inside the hierarchical structure.

Although similar bi-level/multi-level structure is applied across literatures, the underlying market
rules and business models are designed to be quite different. In [105], a bi-level problem was
formulated to analyze the competitive situation between the DERs aggregator and the central
generation unit. It follows a Stackelberg game structure, where the central generation unit plays a
role of leader and the DERSs aggregator acts as a follower, both aiming at maximizing their own
profit. The leader acts first to pick a profile margin, and the follower acts after to decide the load
curtailment and DG outputs. Such a decentralized problem formulation was compared with the
centralized case where all the resources, including DERs and central generating unit, are assumed
to be managed by a same entity. Experimental results indicate that decentralized problem setting
allows higher level of load curtailment. The bi-level optimization technique is also applied in [106]
for proposing the bidding and pricing strategy of load servicing entity in a competitive retail
electricity market. Authors in [96] proposed a two-stage two-level retail market operation problem.
Two levels stand for two autonomous decision makers: retailer and customers. Two stages
represent a day-ahead pricing step and an energy resources dispatch step. Uncertainty of the
wholesale price is also considered in [96] by converting the energy resource dispatch problem into
a min-max problem that seeks to maximize profit under the worst case. Case studies proved
effectiveness of the two-stage two-level retail market operation approach. Authors in [107] focused
their work on the interaction between multiple utilities and multiple customers in a single-period
retail market operation, where utility companies compete with each other via optimizing their price
strategies, end-users respond to the prices to optimize their energy usages. Comprehensive analysis
that covers different aspects of the market effectiveness is provided in [107]: First, existence and
uniqueness of the Stackelberg equilibrium (SE) is proved; Second, a distributed solution is derived
for the convergence of (SE) without each utility knowing the offer and parameters of other utility
companies; Third, stability of the market, under market manipulation, is examined. Given that, a
scheme based on shared reserve power is proposed to enhance the stability. Authors in [108]
developed a platform simulating the scheduling and bidding processes in a wholesale-local
integrated market. Based on the platform, a two-stage stochastic problem was derived, modeling
the first stage day-ahead biddings and clearings process, and the second stage near real-time DER
dispatch. Operation of the proposed transactive energy system under two different scenarios, when
there is a market access to the wholesale market or not, are compared in the case study. Results
highlight the potential flexibility and cost-saving benefits provided by local markets. Discussions
regarding local energy trading can also be found in [109], [110]

The aforementioned papers discussed various possible interactions among the retailer, end-users

and wholesale market. It offers a great beginning for the retail market design and proves the
advantage of providing DERs a retail market access. However, these discussions are still limited
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at a conceptual stage in the sense that DERs are treated indiscriminately without considering the
impact of their physical locations. As a complex network, a distribution system usually comprises
of a great number of interconnected nodes sharing correlated physical characteristics, like, voltage
phasors, currents and power flows. Due to the complex interdependency, a small amount of
disruption at a single node can cause changes in operating conditions over the whole network.
Such changes are usually captured by solving a power flow problem. Therefore, to design a
practical retail market algorithm, the optimized DERs dispatches should also respect to the power
flow equations, which turns the retail pricing into an optimal power flow (OPF) problem.

Recently there has been a strong research interest on the topic of distribution-level LMP (DLMP)
which provides a possible retail pricing solution under consideration of the locational distinction.
As a borrowed idea from the wholesale market’s LMP, DLMP helps quantify the minimized
marginal cost for supplying next incremental load at different locations. It can be derived from a
distribution-level OPF formula, as it essentially presents the sensitivity of the optimized objective
towards incremental loads. The idea of DLMP was first introduced in [111], where it was shown
that by applying the nodal pricing, a significant difference among the DLMPs at various locations
could be noticed, reflecting high line losses in the distribution system. The DLMP model thus can
be utilized to properly reward DGs and incentivize customers to reduce line loses, as it offers high
selling/buying prices at the places where are over-loaded. However, the proposed DLMP model
assumed an unrealistic distribution network with single-phase structure and no congestion and
voltages problems. A relatively more complete DLMP model is proposed in [112] by taking
congestion and voltage support into account. In addition, it extends the work in [111] to be applied
in a day-ahead manner. Yet, the price difference brought about by three-phase unbalanced loading
is still ignored. Further, in [113] a fully-structured three-phase DLMP model is proposed. It derives
DLMP within a nonlinear and nonconvex AC-OPF framework, that seeks to minimize the overall
generation cost for a given load profile while subjecting to three-phase power balance equations
as well as voltage, line flow and unit operation constraints. Case studies are deployed on a 60-bus
system, developed based on a real campus grid, to demonstrate functionalities behind the DLMP
model. Numerical and analytical results show that difference across locations and phases can be
correctly captured. Based on the DLMPs, system operator could easily detect location or phase
being stressed. Moreover, it demonstrated that potential market participants in distribution systems
could benefit from the DLMP-based markets while driving down the cost of the entire distribution
system. Nevertheless, as pointed out in the paper itself, computational efficiency is a concern of
the AC-OPF based approach. Linear-OPF, on the other hand, is converted from AC-OPF model
through applying approximation or linear relaxation technique. Despite the compromise made on
precision, less computational burden, scalability and proof of convergence can be achieved by the
linearized model. As mentioned in Section 2.5, linear-OPF models are widely applied in the
wholesale market. Nevertheless, in the linear-OPF formulation applied to the transmission system,
network losses and three-phase unbalance are generally ignored, which is not the case for the
distribution system. Due to the high resistance to reactance ratio and unbalanced nature of the
distribution network, linearization of the distribution-level OPF problem becomes very
challenging. Only few studies have explored this topic. Based on a linearized power flow model,
a linearized OPF model and the distribution system loss factors, a linear DLMP model is proposed
in [114]. However, it is only applicable for radial structured network. Moreover, distribution
system imbalance is not discussed. A multi-phase linear DLMP model was then proposed in [115]
to cover more generalized situations: to support both radial and meshed network structures, wye
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and delta connections and balanced and unbalanced loadings. Both of the linear DLMP models
proposed in [114] and [115] are decomposable. In other words, the integrated DLMP can be broken
down into several parts that represent the cost contributed by power balance, transportation loss,
voltage support and congestion support. Overall, current DLMP studies provide another valuable
point of view on how the retail pricing should be implemented while taking the physical feasibility
into account. However, practicability of the DLMP is being doubted due to the concern of price
fairness, as it is hard to justify why the energy unit prices of households within a same
neighborhood should be different. In addition, engagement of the price-responsive DERs is not
considered in most existing works.

2.7 Knowledge gaps
Based on the literature review presented above, following knowledge gaps are identified.
With regard to the day-ahead load forecasting:

1. The DL-based approach for day-ahead load forecasting has not been fully compared with
the traditional time-series approach.

2. There is a great variety of deep neural networks, e.g. RNN and CNN, however, which
one performs the best in the application of building-level day-ahead load forecasting has
not been comprehensively discussed.

3. Traditionally, the day-ahead load forecasting problem is solved in a recursive multi-step
fashion. However, DL-based models have the flexibility to map multi-to-multi
relationships and thus can be constructed under both direct and recursive multi-step
fashions. How such a feature of DL-based models could benefit the day-ahead load
forecasting is not specifically investigated.

With regard to the retail market design:

1. Many papers ignore the impact of price-responsive behaviors back towards the market
price, when designing the retail pricing. However, such an assumption will not hold as
the penetration of price-responsive DERS keeps increasing.

2. Most papers limit their discussions on the real-time retail market design. However,
without a well-functioning day-ahead retail market the real-time retail price volatility
issue can hardly be avoid.

3. Despite efforts made on the conceptual design of retail market. A joint consideration of
market operating rules and power grid network constraints is generally missing in the
literature, which is required for the practical implementation of the pricing tool.

4. Most papers assume the retail market operator (RMO) to be profit-oriented. However,
market prices determined by these RMOs tend to benefit themselves rather than end-
users. Moreover, aggressive market rulers may even endanger the system security.

5. A single-signal pricing scheme is commonly applied in the literature. To the best of the
author’s knowledge, no paper has considered financially distinguishing customers based
on their sensitivity to the market price.
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3. RETAIL MARKET ENVIRONMENT SETUP AND TEST-BED SYSTEM
DEVELOPMENT

This section completes tasks 1 and 2 in Section 1.4. It offers the big picture of how contents
presented in following sections are connected. Section 3.1 first explains the retail market model,
including market hierarchy, components and interactions among the components. After that,
Section 3.2 introduces how the simulated retail market environment is built in the study through
Python and OpenDSS programming.

3.1 Retail market model

3.1.1 Market hierarchy

The distribution-system-scaled retail market model applied in this study follows a tri-layer
structure, as illustrated by Figure 3-1. It provides the market context of following discussions.
Retail market operator (RMO) stays at the middle layer and interacts with the wholesale market,
at the top-layer, and market participants, at the bottom-layer, through energy and financial
transactions. There are two types of dispatchable energy sources available in the system. First is
the supply from the bulk grid. It can be imported from the substation and purchased from the
wholesale market at the wholesale price. Second is the additional flexibility provided by elastic
customers. It is accessible at distributed locations and can be purchased in forms of financial
contracts with elastic customers. The additional flexibility given by elastic customers decreases
the dependency of the distribution system on bulk grid leading to a more cost-efficient system
operation.
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Figure 3-1. Structure of the retail market model
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3.1.2 Assumptions made in the market

Several assumptions are made on the underlying retail market setting:

e Ownership of elastic assets: It is assumed ownerships of elastic assets belong to private
companies or households, who operate independently and have no share of interest with
the RMO. It is important to be clarified, since utility-owned elastic assets usually has no
incentive to respond to the market price. Although utility-owned elastic assets are more
capable of providing the flexibility, since the system operator has a full authority on
controlling these devices, the objective in this study is to better utilize elastic assets
available from private companies or households, that may sum up to a great amount of
flexibility resources.

e Profitability of the RMO: In the future, there may be multiple RMOs serving the same
region, who compete to attract customers by offering cheaper retail energy price.
Therefore, unlike other existing designs, the RMO in this study is assumed to be profit-
neutral. In other words, their decisions are not driven by maximizing their own profit but
reducing the overall system cost for serving price-insensitive demands in the market.

¢ Role of the RMO in the wholesale market: The RMO is assumed to be a price-taker of
the wholesale market. Such an assumption is made to simplify the interaction between the
wholesale market and retail market, so as to put a higher focus on interactions within the
retail market.

e Visibility of behind-the-meter resources: It is assumed the RMO has the full
knowledge of key parameters and initial operating status of elastic assets that necessary
for understanding their price-responsive behaviors.

3.1.3 Categories of market participants and the double-signal pricing scheme

Unlike other existing studies, market participants in this study have been innovatively classified
into two groups: inelastic customers and elastic customers. They are distinguished based on the
sensitivity towards the market price. Table 3-1 summarizes major characteristics of them.

Table 3-1. Types of market participants

Type of customer  Elastic customers Inelastic customers
Price signal | Retail grid service price Retail energy price
(Bgs) (Be)
Sensitivity to the price | Yes No
Examples | Price-based DRs Fixed Loads
Dispatchable DERs Non-dispatchable DERs
Market Settlement | B X Qine Bes X f(Bgs) + Sgs

Inelastic customers manage the part of load/supply that keeps fixed no matter how the market price
varies. It is charged/paid at the retail energy price Bg. Typical inelastic customers include fixed
loads and non-dispatchable DERs. Elastic customers, on the other hand, manage the part of
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load/supply sensitive to the market price. It is charged/paid at the retail grid service price Bgs.
Price-based DRs and dispatchable DERs fall into this category. The market settlement of inelastic
customers is presented in the form of gross revenue. It contains two parts: grid service income
Bes X f(Bgs) and grid service subsidy sgs, Where f(Bs) stands for the elastic load/generation
that can be expressed as a function of B;s. The market settlement of inelastic customers is
presented in the form of electricity bill, which can be calculated as Bg X Qjne, Where Qne
represents the quantity of inelastic load/generation. Correspondingly, a double-signal pricing
scheme is proposed given the existence of two price signals. The intuition behind this separation
is that instead of treating elastic customers as normal electricity consumers, it is more reasonable
to treat them as grid service providers, who adjust their energy consumptions from normal patterns
to help improve the system efficiency. Therefore, flexibilities provided by them should be valued
differently. In addition to these double price signals, a grid service subsidy (s¢s) is added in the
pricing system to provide supplementary incentive to elastic customers. The reason behind adding
this grid service subsidy is explained in Section 3.1.5.

Note that, for those asset owners (e.g. building owner) whose energy consumptions contain both
elastic and inelastic parts, their electricity bills will be made up by two parts, as given in Eq.(3-1):

Electricity bill = Bg X Qine — Bes X f(Bes) — Sgs (3-1)

For the ease of discussion, battery storages and fixed loads are selected as representative elastic
and inelastic customers to be modelled and studied in the following discussion.

3.1.4 Decision makers in the market

The dashed line in Figure 3-1 frames two types of decision makers in the retail market: RMO and
elastic customers. Table 3-2 analyzes their decision makings from three different aspects,
including decision variables, objective and constraints.

Table 3-2. Decision makers in the retail market

Decision maker Elastic customers RMO
Decision variables | Equipment operating schedule  Retail grid service price
Objective | Maximize its own Minimize the total system
profit/payoff from the day- cost for serving the inelastic
ahead retail market customers
Constraints | Equipment operating Network physical constraints
constraints

RMO and elastic customers make their decisions in sequence, following a leader-followers game.
RMO acts first as the leader. It determines the retail grid service price to minimize the total system
generating cost for serving the inelastic customers. After the retail grid service price is announced,
elastic customers then, act as followers, decide their operating plans for the next-day to maximize
their profit/payoff from the day-ahead retail market. Although elastic customers take their actions
afterwards, their decisions in turn affect effectiveness of the decision made by the RMO. It is
because the profit made by elastic customers is part of the system cost. RMO determines the retail
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grid service price based on an assumption about how elastic customers will react to the price signal.
The closer the RMO is able to capture their actual price-responsive behaviors, the more effective
the rendered price signal will be. Such a correlated decision-making process fits into a bi-level
optimization framework, where the RMO solves an upper-level day-ahead resource planning
problem, elastic customers solve lower-level profit/payoff maximization problems.

3.1.5 Market settlement

Figure 3-2 compares market settlement results obtained under three different market settings to
illustrate how the proposed retail market design could benefit different types of market
participants. The area of the gray rectangle on the left represents the total electricity bill paid by
inelastic customers when they directly purchase their demands from the wholesale market. After
they join the retail market, as shown by the case in the middle, the total system cost is expected
to reduce resulting in an electricity bill saving benefit for inelastic customers. In the meantime, a
certain grid service income is expected to be generated that benefits elastic customers. However,
due to a considerable degradation effect of elastic assets, especially for battery storages, the
discounted revenue earned by elastic customers could be very limited. Therefore, a grid service
subsidy is introduced to offer a supplementary incentive to elastic customers, in addition to the
grid service income. Note that the grid service subsidy is basically a part of total system cost-
saving being transferred from the electricity bill saving to the gross revenue. A subsidy rate &,
can be applied by the RMO to define the proportion and control the trade-off between benefits
shared to inelastic and elastic customers.
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Figure 3-2. Illlustration of market settlements under three different market settings
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3.2 Test-bed system development

3.2.1 Framework of the test-bed system

For verifying performance of the proposed pricing mechanism, a test-bed system is developed in
the study which mimics physical and financial operations of the retail market. Development of the
test-bed system contains three parts:

1. Modeling of a three-phase IEEE-34 bus system

2. Development of three functional agents: Elastic customer agent, Inelastic customer agent
and RMO agent.

3. Set-up of the communication across agents and the modeled system.

Figure 3-3 illustrates structure of the test-bed system and information exchanges among the
components. According to Figure 3-3, it is shown that development of the test-bed system relies
on both Python and OpenDSS programming. While the OpenDSS software is applied to model the
physical behaviors of a three-phase IEEE-34 bus system and exporting system parameters, Python
helps fulfill the forecasting and decision-making features of three functional agents. Arrows in
Figure 3-3 indicate data flows within the test-bed system.
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Figure 3-3. Framework of the test-bed platform

To begin with, each inelastic customer agent is associated with a fixed load (selected as the
representative inelastic customer in the study) at different locations. Its interactions with the RMO
agent and OpenDSS model are unidirectional. It receives the historical fixed demand data from the
OpenDSS model and then sends the forecasted fixed load demands to the RMO model. Similarly,
each elastic customer agent is associated with a battery storage (selected as the representative
elastic customer in the study). Its interactions with the RMO agent and OpenDSS model are
bidirectional. On the one hand, it collects equipment parameters and initial operating status from
the OpenDSS model battery objects and returns the optimized equipment operating commands to
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the OpenDSS model battery objects. On the other hand, it offers the information necessary for
formulating the lower-level KKT conditions to the RMO agent and receives the optimized retail
grid service price as a return. Finally, the OpenDSS model interacts with the RMO agent
unidirectionally by sending the additionally information: wholesale market price and system
parameters to the RMO agent to assist its decision making.

3.2.2 Modeling of the three-phase unbalanced distribution system

Among all the electric distribution system simulation tools (e.g. OpenDSS [116], GridLAB-D
[117], PowerWorld [118] and CYMDIST [119]), OpenDSS is selected in this study for fulfilling
modeling of the test-bed three-phase unbalanced distribution system, due to its free access, easy-
to-use component object model (COM) interface and well-managed and detailed documentation.
It is a powerful software developed by Electric Power Research Institute (EPRI), primarily for
conducting electric distribution system analysis to meet the current and future technology
challenges. OpenDSS can be used in many areas ranging from basic topics such as power flow and
short-circuit analyses to advanced topics such as quasi-static time-series (QSTS), harmonic,
dynamic (electro-mechanical) and probabilistic/scenario analyses. It also supports the modeling of
various DERs: PV systems, energy storages, wind systems, demand response, microgrids and
smart inverters, and is therefore ideal for conducting researches regarding smart grid, DERs
integrations and grid modernization that serves to meet future needs. Moreover, OpenDSS can be
implemented in both stand-alone or COM Dynamic Link Library (DLL) modes. The COM
interface allows deployment of customized control strategies through interaction with user-defined
scripts written in other programming languages, which brings more flexibility to the distribution
system studies. This study mainly applies its modeling capability and built-in AC power flow
solver to obtain system parameters and validate the power flows under different control strategies.
A python-based OpenDSS communicator will be developed to bridge communication between the
OpenDSS model and external python-based functional agents (to be discussed in the following
sections).

Figure 3-4 shows critical components of the OpenDSS model as well as its interfaces with the
OpenDSS communicator. Network infrastructures, nodal loads and batteries are three major parts
making up the distribution system model. “Master.dss” is the main file that will be invoked by the
compile command “Run” to solve the power flow. It defines the network infrastructures, including
distribution lines, status of the line switches, capacitors, transformers and possibly regulators. All
the other accessary “.dss” file are appended to the master file through the “redirect” command to
build the completed system. “Linecode.dss” lists all the available “line codes” that specify
impedance characteristics for lines and cables, including number of phases, series resistance matrix
(rmatrix), series reactance matrix (xmatrix) and shunt nodal capacitance matrix (cmatrix). Line
objects presented in “Master.dss” can be sufficiently determined by its line code and length.
“Load.dss” and “Battery.dss” files construct and configure the nodal loads and batteries in the
system: including locations, phase numbers, connection approaches (e.g. Wye or Delta connection),
types (e.g. constant P-Q node) and rated powers of the load/battery elements. Note that battery is
simulated as the generator object in the study due to its flexibility to be specifically controlled by
external scripts. “DailyLoadShape.dss” and “DailyBatteryShape.dss” files define shapes of the
consumption or generation curves associated with each nodal load or battery objects, which are
provided in hourly resolution and 24-h length. On the bottom of Figure 3 are some mostly applied
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functions inside OpenDSS communicator. By calling the GetYmatrix function, system admittance
matrix (Y matrix) can be returned from the OpenDSS model. It is worthy to mention that Y matrix
has to be obtained when only the network impedances are considered, that is to say GetYmatrix
has to be called when load and battery objects are deactivated in the OpenDSS model. GetVolt and
GetSinj can be used to obtain the real-time/24-h voltage phasors and total power injections values
at all the nodes when the master file is executed in a snapshot/daily mode. AddBattery function
can be used to connect batteries at different locations to satisfy the requirement of flexible case
study setting. Finally, ConfigBattery functions can be applied to employ optimized battery control
strategies yielded from the elastic customer agents.

OpenDSS Model
|

Master.dss Linecode.dss

Lines * phase
LineSwitch rmatrix

B
Capacitor *  xmatrix

Transformer cmatrix

|
I
| Loads.dss DailyLoadShape.dss
* Bus *  npts
| Phase *  Pmult
I Connection *  Qmult
*  Model *  UseActual
|
I Battery.dss DailyBatteryShape.dss
| Bus *  npts
| Phase *  Pmult
Connection *  UseActual
I Model
| kv

OpenDSS
Communicator

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Figure 3-4. Structure of the OpenDSS model and its interactions with the OpenDSS Communicator

3.2.3 Development of three functional agents

All three functional agents are constructed as Python Class. It is a powerful compound data
structure and the building block of object-oriented programming. It simplifies the creation of
instances owing same attributes and functionalities. owns great properties of attribute reference,
instantiation and inheritance. The Python agents developed in this study are made up by two major
elements: instance attribute and instance method.

e Instance attribute: is a variable associating with a certain object that defines the

property or status of the object. Every instance created from the same class owns the
same attributes but with unique values.

27



e Instance method: is a Python function used to fulfill a functionality of an object. Every
time when the instance method is called, it updates the value and status of the instance
attributes following a predefined logic.

Figure 3-5 summarizes attributes and methods inside Python classes created for elastic customer,
inelastic customer and RMO agents, with the instance methods responsible for the cross-agent
communication highlighted in orange.
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Figure 3-5. Python classes of three functional agents

Among all instance methods, the day-ahead operating scheduler function and retail price maker
inside the elastic customer agent and RMO agent are developed using Pyomo, an open-source
algebraic modeling language. It is selected in this study due to its user-friendly syntax, modeling
flexibility and compatibility with Python. A Pyomo model consists of a collection of modeling
components necessary for defining an optimization problem: index sets, parameters, variables,
objective, and constraints. Also, it supports the solver interface with commonly applied
commercial and free optimization solvers, including GUROBI, GLPK and CPLEX.
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4. DEEP LEARNING-BASED LOAD FORECASTING MODELS1

All day-ahead load forecasting models compared in this study fall into the time-series category.
The fact that time-series methods do not require additional time indexing parameters differentiates
them from other supervised learning methods, e.g., MLR, SVR, and ANN, when handling time-
series data. As a result, time-series methods are able to detect the time dependency (including
hour-of-day and day-of-week) inherently embedded in the input data and avoid potential issues
brought about by inappropriate time-index labeling. Candidate models discussed in this paper are
the most representative time-series methods from both DL and non-DL scopes: the SARIMAX,
the gated RNN and the gated CNN models.

4.1 Problem formulation

To ensure a fair comparison, the three investigated models are formulated into the same supervised
learning framework. Where there is an input matrix X that integrates the information of historical
load profiles (x*) and outdoor temperature profiles (x°), and also an output vector y refers to the
predicted load profile with configurable prediction horizon. In this study, only the outdoor
temperature is selected as the weather relevant feature as it shows a dominant influence towards
building load in comparison with other weather relevant variables (i.e., air pressure, humidity and
wind speed). Detailed clarification for such a selection is provided in Section 3.2. The day-ahead
building-level load forecast is basically a multi-step forecasting problem. It requires the model to
predict the next 24-hour load profile at midnight (12 AM) of each day given the historical load
behaviors and prior knowledge about the next day’s weather forecast.

The day-ahead building-level load forecasting can be performed in two different ways: recursive
and direct.

e For the recursive multi-step, a one-hour prediction model is developed and implemented
recursively 24 times to yield the day-ahead load forecast. The predicted value from the
previous time step is fed as one of the inputs to the prediction model of the subsequent
step.

e For the direct multi-step, on the other hand, a 24-hour prediction model is developed to
generate the day-ahead load forecast at once.

To fully test the functionality of different time-series models, both the one-hour prediction models
and the 24-hour prediction models are developed and compared.

4.2 Seasonal ARIMAX model

Seasonal ARIMAX (SARIMAX) identifies the time-series patterns inside the series while
capturing the linear covariance between target variable and exogenous variables. Such time-series

1 The work presented in this section has been published in the following journal paper: M. Cai, M.
Pipattanasomporn, and S. Rahman, “Day-ahead building-level load forecasts using deep learning vs. traditional
time-series techniques,” Appl. Energy, pp. 1078-1088, Feb. 2019 [130].
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patterns and covariances are summarized in Table 4-1, with regard to building-level load profiles.
The standard seasonal ARIMAX model follows the notation of ARIMAX(p,d,q) X (P, D, Q)S,
where p=non-seasonal auto-regressive (AR) order, d=non-seasonal differencing, g=non-seasonal
moving average (MA) order, P=seasonal AR order, D=seasonal differencing, Q=seasonal MA
order, S=time span of the repeating seasonal pattern. Let x% denotes the load value at time t, then
the ARIMAX model can be mathematically expressed in Eq. (4-1) and Eqg. (4-2) with the backshift
operator B. Where z, and x? represent the white noise and the exogenous outdoor temperature
covariate at time t, respectively. Voxr = xt — xL ¢ and Vxt = xt — xE_, represent differencing

operations.

(B)p(B)VsVixi = Bxf + O(B*)0(B)z)

Where:

®(BS)=1—-®,B5 —

oo — @ BPS

¢(B) =1—¢1B = —¢,BP
O(B5) =1+ 60,B5+ -+ 0,B%
0(B) =1+ 6,B+ -+ 6,81

Table 4-1. Time-series characteristics of load profiles

Category Name

Definition

Trend

Long-term trending
behaviors describing how
the overall power
consumption increases or
decreases

Periodicity
Patterns

Periodical patterns of load
profiles that mainly result
from the seasonal energy
usage preference and daily
routine of occupants

Temporal
dependence

Correlation between the
lagged load values and
future load values

Uncertainty

Randomness resided in
load profiles due to non-
routine behaviors of
occupants

Weather

Covariance .
covariance

A part of load pertinent to
space cooling/heating
needs, which is sensitive
to the outdoor temperature
variance

(4-1)

(4-2)
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4.3 Gated RNN models

RNN is a class of neural networks that are able to recurrently process sequential inputs. Such a
capability is enabled by the internal time loops at each hidden layer unit, where the output of the
unit at time step t is taken as the input for the next step t+1. Long short-term memory units (LSTMSs)
have been proposed for addressing the gradient vanishing problem faced by vanilla RNN hidden
units [120]. The intuition behind this approach is to maintain the memory property of the vanilla
RNN units while being able to filter out redundant or misleading information through a long short-
term gating mechanism.

Apart from the original hidden unit output (h,) that is utilized to restore short-term memory
immediately passed from previous time step, an internal memory cell (c;) is introduced for
restoring the long-term memory. Unlike the vanilla RNN unit, which has only one neuron, there
are four neurons in the LSTM unit. One neuron works as a tangent function providing the candidate
memory cell (¢;), computed using Eq. (4-3); the other three neurons work as sigmoid functions,
controlling the flow of information, i.e., forget gate (f;), input gate (i;), and output gate (o,), as
given in Eq. (4-4). Based on the outputs of three gating functions, the internal memory cell (c;)
and the hidden layer output (h,) subsequently update themselves according to Eq. (4-5). Where x,
is the input vector at each time step; W, Wy, W;, W, and bg, by, b;, b, represent the weights and
biases of the candidate neuron, the forget gate, the input gate, and the output gate.

¢ = tanh(We - [he—1, x] + bc) (4-3)
fe = o(Ws - [he—q, (] + bf)
iy = o(W;-[he—q, xe] + by) (4-4)

0 = o(W, - [he—1, x¢] + bo)
Ce = fe*Coqg i *xC )
h; = o; * tanh (c;) (4+5)
Figure 4-1 illustrates the architecture of the gated RNN model after being unrolled along the time
axis. Where m and n denote the lengths of lagged values and prediction horizon; y;, ..., y,, denote
forecasted load values at each time step. Note that weather prediction information is appended at
the end of the input series (highlighted in yellow circles in Figure 4-1), which differentiates this
study from other existing work.

Unlike the seasonal ARIMAX model which only works as a one-hour prediction model, one
advantage of the DL-based models is their flexibility on the lengths of input and output vectors.
Parameters m and n in Figure 4-1 can be set to 24 and 1 to obtain the one-hour gated RNN model
(i.e., GRNN1). On the other hand, to obtain the 24-hour gated RNN model (i.e., GRNN24), both
m and n can be set to 24.
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Figure 4-1. Gated RNN model for day-ahead load forecasts

4.4 Gated CNN models

CNN is made up of neurons that apply convolution computation to the inputs hierarchically. It is
invented for image processing. The first time when CNN was used to solve sequential problems
was in [121]. After introducing a novel gating mechanism, the developed gated CNN model is able
to outperform RNN for the language sequential modeling task. Inspired by the autoregressive
model and work done in [121], authors in [91] designed a double-channel gated CNN model, called
Significance Offset CNN (SOCNN). This model is taken as the prototype for designing the gated
CNN model in this study. Following modifications have been made to fit the context of the day-
ahead building-level load forecasts:

1. Synchronous input series: The input variables are embedded in a synchronous manner
instead of asynchronous manner.

2. Concatenated weather prediction: Weather prediction information is appended to the end
of historical series (highlighted in yellow circles in Figure 4-2). It isa 2 X n matrix with
the first row filled with all zeros and the second row filled with predicted outdoor
temperature values.

Figure 4-2 illustrates the structure of the gated CNN model designed for day-ahead building-level
load forecasts. The formats of input variables (X) and the output variable (y) are identical to that
of the gated RNN model. According to Figure 4-2, each input variable is processed simultaneously
using two different convolutional operations, either operated together with the neighboring time
stamps for detecting the temporal dependency or operated alone for identifying the weather
correlation at each time stamp. What differentiates these two operations is the kernel size of the
filters: They are Conv1D filters with size 2 x k (marked by blue triangles in Figure 4-2) and
ConvlD filters with size 2 x 1 (marked by blue thick arrows in Figure 4-2). On top of the
convolutional layers are the linear gates following the gating function in Eq. (4-6), where
Oconvip 2xk aNd Oconvip 2x1 represent the final outputs of the last ConvlD 2 x k layer and the
last Conv1D 2 x 1 layer.
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Figure 4-2. Gated CNN model for day-ahead load forecasts
06 = 0 (Oconvip_2xk)®0convip_2x1 (4-6)

Then the output from linear gates (O;) is mapped into the final output series (y) through a fully
connected neural network layer, see Eq. (4-7). Where Wy, 1n)xn and b represent the weight and
bias of the fully connected layer.

y= W(m+n)><nOG +b (4-7)

Note that a k — 1 length padding (marked by dashed rectangular frames in Figure 4-2) has been
applied to the input sequences at each layer in order to make sure that Oc,pny1p 25k and
Oconvip 2x1 Share the same dimension.

The whole framework works as a data-dependent autoregressive model, where the ConvlD 2 x 1
filters provide the regressor at a single time step, and the ConvlD 2 X k filters generate the
coefficients for each regressor. Unlike the fixed coefficient applied in the autoregressive model,
the output of ConvlD 2 x k filters varies as the input data change. Therefore, the gated CNN
model is much more capable of capturing the non-linear temporal relationship exist in the data.

Similar to the gated RNN model, the one-hour gated CNN model (i.e., GCNN1) is obtained by
setting m = 24 and n = 1; The 24-hour gated CNN model (i.e., GCNN24) is obtained by setting
both m and n = 24.

4.5 Experimental setting
Performances of the five deep learning models (i.e., SARIMAX, GRNN1, GCNN1, GRNN24 and
GCNN24) proposed in Section 4.2 - 4.4 are validated in this section. In order to test their ability

for handling high uncertain load profiles, building-level load date is selected for testing. Variances
on locations and consumption levels of these buildings help substantiate the models’
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generalizability. For the purpose of retail market pricing design, nodal node data will be collected
in the future to train the validated best performed model, which will then serve to providing the
forecasted nodal loads.

4.5.1 Datasets

Three selected building load datasets used in this study were collected in one-hour intervals for a
one-year period with 5% of missing data, consisting of five time series: hourly electrical load (kW),
outdoor temperature (°F), air pressure (in), humidity (%) and wind speed (mph). Note that all
buildings under study are gas-heated. Since hourly natural gas consumption data are not available,
this paper focuses on predicting the electricity demand.

Building A, located in Alexandria, VA, is an academic building with the area of around 30,000
square feet. Buildings B, located in Shirley, NY, is a primary/secondary school with the area of
around 80,000 square feet. And, Building C, located in Uxbridge, MA, is a grocery store with the
area of around 55,000 square feet. Building A’s dataset was collected through the BEMOSS
project [122]. Buildings B and C’ datasets are provided by the public EnerNOC Commercial
building dataset [123]. Weather data were fetched from the weather underground website [124].
Due to different building load characteristics when HVAC is set to different modes (e.g., COOL
or OFF), datasets of each building were divided into: the COOL period (i.e., HVAC mode is set to
COOL, May-October) and the NON-COOL period (i.e., HVAC mode is set to OFF, November-
April). Peak electricity demands of buildings A, B and C are approximately 40kw, 180kW and
450kW during the NON-COOL period, and 60kW, 380kW and 650kW during the COOL period.
Figure 4-3 depicts load profiles of these three buildings in April (NON-COOL) and August
(COOL).
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Figure 4-3. Load profiles of three buildings

According to Figure 4-3, daily load patterns of each building are relatively constant in April (due
to weak weather covariance), whereas vary greatly in August (due to strong weather covariance).
There is a trend of decreased share of uncertainty when the building load-scale increases. Despite
the relatively constant daily load patterns exhibited by buildings B and C, there still exist some
unpredictable irregular patterns.

34



4.5.2 Weather relevant feature selection

In order to select the most relevant weather indicators as the model features, a feature selection
work is conducted prior to model construction. Here the weather variables accessible from weather
underground website are considered as candidate features. These are outdoor temperature (x©), air
pressure (x4), humidity (xf) and wind speed (x"). Pearson correlation coefficient is applied as
the score function due to its widely recognized ability of measuring the correlation between two
continuous variables. It can be computed based on Eq. (4-8), where cov represents the covariance,
o weather and 0,1 are the standard deviations of any weather variable (x*¢%¢") and building load
series (x%) respectively. Table 4-2 summarizes the Pearson correlation coefficient statistics
between each weather variables and building load for buildings A-C. According to Table 4-2, a
strong positive correlation is found between outdoor temperature and building load across all
buildings, whereas the correlation between the other weather variables (i.e., air pressure, humidity
and wind speed) and building load are either zero or insignificant (with absolute values of less than
0.3). Adding these weakly correlated variables into the feature set will tend to overfit the model.
Therefore, in this study, only outdoor temperature (x°) is selected as the weather relevant feature.

ther ,.L
cov(xWeatner x&)
pxweather xL = , xweather € { XO,XA,XH,XW}OG (4'8)
’ O yweather O xL

Table 4-2. Pearson correlation coefficients between different weather relevant variables and building load

Building A Building B Building C
(40-60kWp) (180-380kWp) (450-650kWp)
Outdoor 0.74 0.51 0.76
Temperature
Air Pressure 0 0 0
Humidity -0.26 -0.07 -0.10
Wind speed -0.02 -0.04 0.02

4.5.3 Data preprocessing

The following data-preprocessing procedures have been implemented:

Data Cleaning: In order to eliminate the influence of missing data, list-wise deletion was
conducted. Raw datasets were then divided into multiple sections bounded by the missing points
so as to maintain the continuity of time. Then, weekend data were removed, since the irregular
load pattern during weekends has proven to have significant influence on the prediction accuracy
on weekdays.

Data Segmentation: After filtering out the missing data and weekend profiles, cleaned datasets

for each building were then segmented into: training dataset (90%), validation dataset (5%) and
testing dataset (5%).
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Time-series to supervised learning dataset: All training, validation and testing datasets were
converted into the supervised learning format, where time-series sequences became input-output
pairs through the process of sliding windows.

Normalization: Finally, to stabilize the learning process, input variables in each training dataset,
together with corresponding validation and testing datasets, were carefully normalized.
Normalization helps prevent dramatic changes on the gradient, so as to smoothen the
convergence.

4.5.4 Model validation

After all datasets were properly preprocessed, model parameters (i.e., weights and bias in DL-
based models) and hyper-parameters (i.e., layers and number of neurons in DL-based models) were
tuned using training and validation datasets. Once the optimal model parameters (different for
different buildings) and hyper-parameters (same for each building) were obtained, testing datasets
of each building were fed into the optimized models for comparing the performance. The Train-
Validation-Test split was applied here to verify the capability of each model to be generalized to
unseen data.

4.5.5 Implementation

All experiments were carried out in the Python compiling environment using an Intel Core i7-4770
CPU machine. Implementation of the SARIMAX model relied on the Python package:
StatsModels. All DL-based models were developed using the TensorFlow [125].

Optimized hyper-parameters used in each model are summarized in Table 4-3. Where L, NN, r,
bs, and ks represent the layer structure, number of neurons in each layer, learning rate, batch size,
and kernel size (only available in CNN models), respectively. Adam optimizer was applied to all
of the DL-based models.

Table 4-3. Load forecasting model configuration

non-DL model

Model p d q P D Q S
SARIMAX 24 1 0 0 1 0 24
DL models
Model L NN T bs ks
GRNN_1 2 3 0.005 50 -
GCNN_1 3conv+3conv 851+851 0.005 50 6,33+1,1,1
GRNN 24 3 32 0.005 50 -

GCNN_24  3conv+3conv 10,8,1+10,81 0.005 50 633+111
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4.6 Performance analyses

4.6.1 Accuracy of one-hour prediction models

Accuracy of the one-hour prediction models is presented in Table 4-4 and Table 4-5, summarizing
mean absolute percentage error (MAPE) and coefficient of variance (CV) of the single-step
predictions. MAPE and CV were calculated using Eq. (4-9)-(4-10), where Pre; and Act; represent
the predicted and actual loads. N is the number of observations in the testing dataset. Act is the
mean of actual values.

n |Pre; — Act;

i=1 : 4-9
MAPE = ACt x 100 (“4-9)

\/Z{V 1(Pre Act )2

Act

4-10
x 100 (+10)

Table 4-4. MAPE (%) of one-hour prediction models under different testing cases

Building A Building B Building C

(40-60Kk\Wy) (180-380KWp)  (450-650kWp)
NON- NON- NON-  COOL
cooL COOL ool COOL  cooL

SARIMAX 1354  16.13 10.57 8.04 2.95 3.85
GRNN1 8.67 8.99 7.91 5.95 2.36 241
GCNN1 8.02 8.53 5.73 5.85 2.23 2.38

Table 4-5. CV (%) of one-hour prediction models under different testing cases

Building A Building B Building C
(40-60kWp) (180-380kWp) (450-650KkWp)
NON- NON- NON-
COOL CooL COOL CooL COOL CooL

SARIMAX 18.71 22.12 13.40 11.14 3.39 5.28
GRNN1 12.20 12.01 8.63 8.10 2.99 3.15
GCNN1 10.97 10.86 6.85 7.68 2.66 3.03

The best performance among all three models is observed in Building C — the building with the
largest peak load (450kW/650kW during NON-COOL/COOL period). This building has MAPE
values of less than 2.5% and 4.0% for one-hour DL-based models and the SARIMAX model. As
the building load-scale become smaller, performances of all three models keep going down (see
results for Buildings A and B). It is as expected because larger buildings usually have more
occupants. As there are more people in a building, it is more likely that the uncertainty of their
aggregated behavior will be averaged, leading to a more regular and predictable building load
pattern.
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For all three buildings being tested, the SARIMAX model performs significantly poorer than the
DL-based models, and its model performance deteriorates significantly as the building peak load
goes down. The performance of one-hour DL-based models is not heavily degraded compared to
that of the SARIMAX for smaller buildings, as MAPE values remain at around 9% (compared to
17% of the SARIMAX) when dealing with the building with peak load of less than 60kW. This
indicates a much better generalizability of the one-hour DL-based models as compared to the
SARIMAX model. Within the DL scope, it is also found that the GCNN1 model performs slightly
better than the GRNN1 model and contributes the best performance for all cases. It brings down
the MAPE errors of the SARIMAX model by 37.0% and 37.5% for NON-COOL and COOL cases
on average.

4.6.2 Accuracy of 24-hour prediction models

Accuracy of the 24-hour prediction models are analyzed in Figure 4-4, where the boxplots of
RMSE tested on buildings A, B and C are shown in subplots Figure 4-4 (a)-(c). Since the
SARIMAX model can only be formulated as the one-hour model, it is not considered in this section.
Only two 24-hour prediction models (i.e., GRNN24 and GCNN24) are compared. Output of the
24-hour model is a vector instead of a scalar as in the case of the one-hour model. Therefore,
RMSE shown in Eq. (4-11) is applied to evaluate their prediction accuracy. Where n=24 represents
length of the output vector.

n (Pre. — Act:)?
RMSE, = jZ]_l( re:l ct)) @i

According to Figure 4-4, the accuracy of the GRNN24 model is unsatisfactory, as the mean RMSE
values of the GRNN24 model for all COOL cases are 6.6kW, 25.0kW and 44.0kW of buildings A,
B and C, all being above 6.6% of the building peaks. With lower RMSE means and variances, the
GCNNZ24 performs much better compared to the GRNN24. Averaged RMSE values of the
GCNN24 model are 4.0kW, 13.4kW and 15.2kW for buildings A, B and C, which are around 6.7%,
3.5% and 2.3% of the building peaks, respectively.
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Figure 4-4. Comparison of the RMSE boxplots of 24-hour DL-based models across all scenarios

4.6.3 Performance comparison of day-ahead load forecasts

In this section, all developed one-hour/24-hour prediction models are compared when performing
the day-ahead building-level load forecasts. Figure 4-5 plots the forecasting results of different
models (including SARIMAX, GRNN1, GCNN1, GRNN24 and GCNN24) using one NON-
COOL week and one COOL week of buildings A, B and C (only for weekdays). Averaged RMSE
values for all five testing weekdays are summarized in Table 4-6. For each case, the experiment
was conducted to perform day-ahead forecasts at midnight for five consecutive weekdays.
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Figure 4-5. Comparing day-ahead load forecasting results of different models (SARIMAX, GRNNL,
GCNNL1, GRNN24 and GCNN24)

According to Figure 4-5, despite the poorer one-hour prediction accuracy of the SARMIAX model
compared to that of the one-hour DL-based models, it generates better multi-step forecasting
results for all NON-COOL cases than the one-hour DL-based models. However, GCNN24
outperforms it for NON-COOL cases of Buildings A and B. Also, its performance on COOL cases
expose its sensitivity to both outdoor temperature covariance and load uncertainty. For outdoor
temperature covariance, it is observed that when there is a strong weather covariance (COOL
period), the day-ahead load forecasts generated by the SARIMAX model heavily deviates from
the actual values. Such an influence, on the other hand, can be successfully handled by the DL-
based models. For load uncertainty, the performance gap between the SARIMAX model and DL-
based models for both NON-COOL and COOL cases are found to be the largest for Building A,
which has the lowest peak load and highest share of uncertainty. This is intuitively understandable,
as the SARIMAX model is built on an assumption of linearity, whereas the real temporal
relationship and covariance are mostly non-linear. Also, the substantial amount of uncertainty
contained in the time-series building load data may heavily degrade the performance of SARIMAX,
since regression-based methods assume that both input and output variables follow the Gaussian
distribution.

Table 4-6. Comparison of the averaged RMSE (kW) for different testing datasets

Building SARIMAX GRNN1 GCNN1 GRNN24 GCNN24
&Case
A NON-
COOL 5.2 55 5.2 9.0 5.1
COOL 5.7 47 3.8 5.9 34
B NON-
COOL 14.3 15.3 15.6 15.8 12.6
COOL 17.5 17.1 14.3 23.1 15.9
C NON-
COOL 11.4 12.8 13.0 21.4 125
COOL 21.2 17.9 19.0 45.0 17.3

*Best performances of each case are highlighted in bold
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As for the DL models, despite the better one-hour prediction accuracy of the GCNN1 model
compared to that of the GRNN1 model, indicated in Table 4-4 and Table 4-5, the GCNN1 model
not necessarily wins the day-ahead load forecasting tasks. Their performances are comparative and
it is hard to say which one outperforms the other. As for the 24-hour models, the superior
performance of the GCNN24 model over the GRNN24 model is observed as already proved in
Figure 4-4. When comparing across all one-hour and 24-hour models, despite the high one-hour
prediction accuracy of the one-hour models, their multi-step forecasting results are proven to be
slightly worse than that of the GCNN24. This is due to the accumulated errors through recursive
operations.

Overall, the GCNN24 model demonstrates the most promising ability of handling the day-ahead
building-level load forecasts. The predicted curves provided by it closely follow the load shapes
of different weekdays and capture the peak load change against various weather conditions.
According to Table 4-6, GCNN24 outperforms other models for 4 out of 6 cases. It is found that
for the GCNN24 model, the RMSE values for the testing cases with peak load of 380kW or above
are approximately 4.2% or less of the building peak. However, when the peak load decreases to
180kW or less, the RMSE values are increased to be above 5.7% of the building peak.

In order to analyze how the GCNN24 model provides improvement in day-ahead load forecasting
as compared to the other models, an hour-of-day indexed error analysis across SARIMAX,
GCNNL1 and GCNN24 is conducted, taking Building A, COOL case as an example. Averaged
MAPE values at each hour of the day of different models are plotted in Figure 4-6. As illustrated
in Figure 4-6, although the hourly prediction errors of the three models are similar in the first hour,
these values evolve quite differently across the day. A significant increase in error happens starting
from hour 10 when the SARIMAX model is applied. This is mainly due its low single-step
prediction accuracy as well as the error accumulation during the recursive operations. By replacing
the SARIMAX model with the GCNN1 model, single-step prediction accuracy has been largely
improved. However, error accumulation problem still exists as an abrupt error peak is observed
during hours 6-8. Finally, by converting the one-hour CNN model into the 24-hour model, the
model performance is further improved as the histogram of GCNN24 appears to be the most
flattened across the day. Instead of fitting the model hour by hour, GCNN24 is able to learn the
daily load shape as a whole so as to avoid abrupt deviation from the regular daily load pattern in
its prediction. It largely prevents the negative impact of the error accumulation and contributes to
a better multi-step performance.
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Figure 4-6. Hour-of-day indexed error analysis for SARIMAX, GCNN1 and GCNN24
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4.6.4 Computational efficiency

Table 4-7 summarizes the computation time of each model in seconds, based on the experiments
conducted using the COOL dataset of Building C. Epoch numbers of each DL-based model were
determined based on the convergence time shown on the learning curves (Figure 4-7). According
to Table 4-7, the GCNN24 model demonstrates the best computational efficiency. Although the
SARIMAX shows higher computation efficiency compared to most DL-based models, it is less
efficient than the GCNN24 model. Compared to the GRNN models, GCNN models have speeded
up the computation by 25-42%.

Figure 4-7 (a) and (b) specifically compare the learning curves among different DL-based models,
using the COOL dataset of building C.

Based on Figure 4-7, the following observations are made:

1. With regard to one-hour prediction models, it takes the GCNN1 model less than 400
epochs to converge, while around 850 epochs are required for the GRNN1 model.
However, the validation error curve of GRNN1 goes down more smoothly as compared
to that of GCNNL.

2. With regard to 24-hour prediction models, the GCNN24 model converges at around 240
epochs, but it takes the GRNN24 around 1000 epochs to converge. Also, the validation
error curve of GRNN24 goes down more smoothly as compared to that of GCNN24.

Table 4-7. Computation time for each load forecasting model (in seconds)

One-hour models 24-hour models
SARIMAX 87
GRNN1 (850 193 GRNN24 (1000 13
epochs) epochs) 9
GCNNT1 (400 oy  GCNN24 (240 80
epochs) epochs)
250 +
] Training Error of GRNN1
200 ; Validation Error of GRNN1
L Training Error of GCNN1
g 150 5 \.\ va da'.iir Error of GCNN1
LI_J A
< 100 N W
© ]
50
UEI|""|""|""|""|""|I
0 200 400 600 800 1000
Epoch

(a) Learning curves of one-hour prediction models (GRNN1, GCNN1)
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(b) Learning curves of 24-hour prediction models (GRNN24, GCNN24)

Figure 4-7. Learning curves comparison between GRNN and GCNN models

Overall, GCNN24 outperforms all other models, including its traditional time-series counterpart
SARIMAX, in terms of the computational efficiency. Such an advantage attributes to its capability
of paralleling the computation. Unlike the chain-like structure that the GRNN models apply for
processing the time-series data, the GCNN models are able to parallel the sequence and process
each section synchronously.

4.6.5 Robustness analysis

So far it has been proven that the GCNN24 and one-hour DL-based models own the top
performances among the investigated models for day-ahead building-level load forecasts.
However, the predicted weather profiles used in the testing datasets are assumed to be 100%
accurate. An additional concern is raised as the accuracy of next-day weather prediction may not
always be guaranteed. In order to examine the robustness of GCNN24, GRNN1 and GCNN1 for
handling the day-ahead building-level load forecasts in presence of weather prediction error, a
further robustness analysis was conducted.

Three sets of manipulated testing datasets were generated by introducing three different levels of
noises into the day-ahead weather data. To be specific, for the five-day hourly weather profile
(5*24=120 data points), 20%, 40% and 60% of the original data points were added with a Gaussian
distributed white noise. The GCNN24, GRNN1 and GCNN1 models were re-run on the COOL
dataset of Building C using three noise-introduced weather profiles. Table 4-8 presents the
averaged RMSE values for five testing days of GCNN24, GRNN1 and GCNN1 models under
different noise levels.

It is shown that with the introduction of up to 60% weather prediction white noise, the averaged
RMSE of the GCNN24, GRNN1 and GCNN1 models slightly increase from 17.26 kW to 17.84
kW (by 3.36%), from 17.88 kW to 18.52 kW (by 3.58%) and from 18.99 kW to 19.47 kW (by
2.53%). Therefore, it is verified that all three models: GCNN24, GRNN1 and GCNN1 models are
robust against the error in the next-day weather forecasts.
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Table 4-8. Averaged RMSE (kW) for five testing days under different noise levels

Percentage of
introduced GCNN24  GRNN1 GCNN1

noise
0% 17.26 17.88 18.99
20% 17.62 18.21 19.53
40% 17.55 18.38 19.23
60% 17.84 18.52 19.47

4.6.6 Conclusion

Two popular deep learning networks, RNN and CNN, have been utilized and constructed into the
day-ahead building-level load forecasting framework. Their performance under both recursive
multi-step and direct multi-step forecasting manners are analyzed. Experimental results indicate
that most of the proposed deep learning-based models (except GRNN24) achieve promising results
as compared to its traditional counterpart SARIMAX. From the aspect of prediction accuracy, the
day-ahead multi-step forecasting errors of the proposed GCNN24 model decrease from 14.8 kW
to 12.2 kW on average for cases with strong weather covariance, compared to those of the
SARIMAX model. Such a decrement reaches 3.9 kW when the building load patterns are highly
uncertain (i.e., for buildings with smaller peak electrical load). From the perspective of
computational efficiency, when the GCNN24 model is applied, the operation time is speeded up
by 8% compared to that of the SARIMAX model. From the aspect of generalizability, it is proven
that the impact of building load uncertainty on the performances of GRNN1, GCNN1 and
GCNNZ24 is less than that of the SARIMAX model.

Within the deep learning scope, the GCNN24 model outperforms all other deep learning-based
models investigated in this study. It offers better accuracy compared to the GCNN1 model, and
significant superiority to the GRNN models in both accuracy and computational efficiency. From
the practical point of view, the multi-thread design of modern hardware well supports the models
with parallelized structure. Therefore, it is expected that the GCNN24 model can play a dominant
role in future day-ahead load forecasting work, especially when dealing with load forecasts for a
large number of entities.

To sum up, the emergence of deep learning techniques provides us the opportunity to bring the
performance of day-ahead load forecasts to an even higher level, especially for load dataset with
high uncertainty. Compared to the conventional approaches, a well-design hierarchically-
structured deep learning network may be more capable of capturing the data-dependent uncertainty
and may even increase the computational efficiency for large-scale application. The GCNN24
model proposed in this study demonstrates competitive capabilities. It can be applied as a good
start for the deep learning-based network investigation of day-ahead load forecasts.
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5. DAY-AHEAD BATTERY ARBITRAGE MODEL

This section investigates how a single profit-oriented battery storage behaves in response to a
dynamic price signal and what drives its decisions.

5.1 Modeling of single battery storage arbitrage behavior

As discussed in Section 3, it is assumed the battery storage is owned by a third-party battery
company who seeks to maximize its profits in the retail market through battery arbitrage. Such a
profit-oriented operation of a single battery storage can be modeled as an optimization problem as
given below:

Max
24
> Bts Py = PL) = DR’ )
t=1

Subject to:

Piln(1 - lc) Polut

S Cl =S Cinit _ 5-2
o o + - a=1,)C (5-2)
PL(1—-1) P ¢
t _ t-1 in ¢/ _ out 5-3
SoCt = SoCt ™! + v a=1,)C € [2,24] (5-3)
Pt
Rt = PL(1— 1) + —= vt (5-4)
1—1,
SoC™in < SoCt < SoC™e* ez 69
SoC®™? < SoC?* < SoC™a* (5-6)
R™™ < Rt < RMaX vt (5-7)
PL >0 vt (5-8)
Pl 20 vt (5-9)
Pl PSy: =0 vt (5-10)

Where t indexes hours in a 24-h control horizon. B& provides the grid service price at time t. P},
(in kWh) and P, (in kWh) denote control variables: active power purchased from and sold to
the retail market at t time interval. Separation of these two variables is necessary since actual
active power absorbed and extracted from the battery are calculated in two different ways as given

t
by Pf,(1—1.) and (1P0——11L;) , Where [. and [; refer to charging and discharging loss rates of the

battery, which are not equal in general cases. SoCt and Rt refer to state-of-charge and dis-
[/charging rate at hour t. They are status variables sufficiently determined by initial system status
and sequential control actions. Naming convention of remaining constant parameters are
summarized in Table 5-1:
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Table 5-1. Definitions of parameters applied in the battery arbitrage problem

Parameter definition Unit
C Capacity kWh
I, Charging loss ratio
lg Discharging loss ratio

SoC™in Minimum state of charge
SoCc™a* Maximum state of charge

Socend Minimum state of charge to be
maintained at end of the day

R™in Minimum charging/discharging rate kW
R™Max Maximum charging/discharging rate kw
Diwn Degradation cost per kWh $/kWh

As stated in Eq. (5-1), the objective function is designed to maximize the net arbitrage income of
the battery owner, which is calculated by subtracting the degradation cost from the grid service
income. Eq. (5-2) and Eq. (5-3) define the dynamic of SoC, describing how the status variable
SoC* evolves over time. Eq. (5-4) calculates the dis-/charging rate at time t given the control
action. Inequality constraints Eq. (5-5)-(5-7) limit the range of SoC® and Rt. Eq. (5-8) and Eq. (5-9)
enforce charging and discharging quantities P}, and P{,, to be positive. Finally, Eq. (5-10) is
introduced to prohibit simultaneous charging and discharging operation.

Battery degradation is considered in the study for its significance on influencing the long-term
profit of battery owners. All batteries are faced with degradation in terms of capacity fading and
increasing resistance. Batteries degrade even when not in operation, called calendar aging.
External stress conditions, including high operation temperature, high and low SoC, high Depth of
Discharge (DoD) and high current-rate/high power-rate [126], lead to accelerated aging and
reduced lifetime. To prevent the battery from serious harms, following settings are considered.

1. High operation temperature is disregard in this study, because battery storages are usually
associated with effective temperature control.

2. SoC™™ and SoC™% are set accordingly to avoid high/low SoC and high DoD.

3. The second term is added in the objective function Eq.(5-1) to penalize the high
current/power-rate behavior of the battery. By adding it, the degradation cost is
approximated to be linearly related to the dis-/charging rate at each time interval. The
degradation rate Dy, estimates the degradation cost generated per kW h operation. Such a
setting dis-encourages uneconomical cycling of the battery.

Although these stress conditions impact the battery lifespan in a complicated way. Such an impact
is approximated to be linearly related the accumulated operating quantity to simplify the analysis,
as battery degradation is not the focus in this study. For discussions on more realistic battery
degradation modeling, please refer to [126][127] and [128].

According to the problem statement, the presence of Eq. (5-10) makes this problem nonlinear.
However, it is an equality constraint which has been inherently taken care of by the problem
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formulation. Because the simultaneous charging and discharging actions happened within a single
time interval is not favored by the algorithm, as it only increases the degradation cost without
bringing other benefits. Therefore, it is safe to remove Eq. (5-10) from the problem formulation
without impacting its effectiveness, which turns the day-ahead battery arbitrage problem into a
pure linear problem. Given the linear nature of the modified problem formulation (Eq.(5-1)-(5-9)),
GNU Linear Programming Kit (GLPK) solver is applied for solving the problem.
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Figure 5-1. Optimized battery scheduling under dynamic price signals
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Figure 5-2. Projected Lithium-ion battery pack price fall

Figure 5-1 demonstrates operating schedules obtained by solving the battery arbitrage problem
under two different price signals, ranging between 0.02$/kWh and 0.05$/kWh. Price signal A
peaks at 14:00 PM and price signal B peaks at 18:00 PM. Apart from the price signal, all other
battery characteristics are the same and configured taking the 210kWh model Tesla Powerpack as
the reference (see Table 5-2). It is worth mentioning that the initial investment cost of the battery
is assumed to be $62/kWh, as projected in 2030 by Bloomberg NEF (see Figure 5-2) [12]. Based
on the $13020 investment cost and an assumption of 10000 lifecycles. The per-kWh degradation
cost Dy, IS set to be 0.005$/kWh, representing an estimated 0.005$ cost per 1kWh operation.
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Table 5-2. Parameter configurations

Parameter Value
C 210 kWh
l, 5%
ly 8 %
SoC™m | 20 %
SoC™** |80 %
Socemd 50 %
Rmin 0 kW
R™Max 50 kW
Diwn 0.005 $/kWh

The optimized grid service income under two different price signals are $2.42 and $2.20
respectively. However, in the meantime, $1.26 and $1.13 estimated degradation costs are
generated. By comparing Figure 5-1 (a) with Figure 5-1 (b), it can be seen that different price
signals lead to different battery schedules and SoC trajectories. Nevertheless, there are some
common patterns shared between the results: First, the battery tends to charge at the lowest price
and to discharge when the price goes up. Second, SoC is maintained to be within the band between
20% and 80% all the time. Third, SoC is set back to 50% at the end of the daily cycle in order to
avoid high expense in the following day due to a low initial SoC. This verifies ability of the battery
arbitrage tool to correctly respond to the price signal.

5.2 Sensitivity analyses of the price-responsive behavior
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Figure 5-3. Comparison among different Dy, values

To understand how different parameter impacts the decision making of batteries, three sets of
comparative experiments are conducted. Figure 5-3, Figure 5-4 and Figure 5-5 compare the
response of battery towards price signal B under different D, C and R™** respectively. Table
5-3 summarizes corresponding optimized grid service incomes and degradation costs under
different settings.
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According to Figure 5-3 and Table 5-3, with a high degradation rate, battery tends to operate less
frequently to avoid unnecessary degradation, which limits its ability to earn money from the
market. For a 0.01 $/kW h degradation rate, see Figure 5-3 (a), only $1.36 grid service income is
achieved. It is because additional charging/discharging quantity cannot make the incremental
income overpass the incremental degradation cost. By contrast, when cost of the battery drops, the
battery can gain a higher income by increasing its operation. For a 0.001 $/kW h degradation rate,
see Figure 5-3 (b), $2.54 grid service income is made while only causing $0.35 degradation cost.
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According to Figure 5-4 and Table 5-3, when raising the capacity from 100kW h to 480 kW h, the
grid service income made by the battery increases by $2.24 yet the degradation cost increases only
by $1.34. Therefore, a higher net income can be expected by applying batteries with higher
capacity. It is mainly because the battery with higher capacity could better take advantage of gaps
between price peaks and price valleys.
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Figure 5-5. Comparison among different R™* values

Similar change is observed by increasing the maximum dis-/charging rate limit. When raising the
limit from 30 kW to 100 kW, the grid service income increases by $0.85 yet the degradation cost
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increases only by $0.33. Therefore, it is concluded that a higher maximum dis-/charging rate limit
also contributes to a greater profit of the battery. By comparing Figure 5-5 (a) with Figure 5-5 (b),
with a stricter limit on dis-/charging rate, restoration and release of the energy are spread out across
several hours around the price peak and price valley. In contrast, when the limit is loosed, larger
amounts of energy are exchanging right at hours with highest and lowest prices, creating the largest

price gap.

Table 5-3. Optimized financial outcomes of the battery under different parameter settings

Parameter Value Grid service income  Degradation cost

0.001 $/kWh $2.54 $0.35

Diwn 0.005 $/kWh $2.20 $1.13
0.01 $/kWh $1.36 $1.26

100 kWh $1.22 $0.60

C 210 kWh $2.20 $1.13
480 kWh $ 3.46 $1.94

30 kW $1.71 $0.93

RMax 50 kW $2.20 $1.13
100 kW $2.56 $1.26

Another factor that significantly impacts battery’s behavior and worth bringing to readers’
attention is the shape of the price signal. Figure 5-6 provides the result generated by the battery
arbitrage tool under the incentive of a more fluctuated price signal C. In comparison to price signal
B, price signal C varies within the same range, yet has more price peaks and valleys. Note that
mean values of price signals B and C are set to be the same to ensure a fair comparison. Under the
incentive of price signal C, the battery cycles at a higher frequency and always discharges at price
peaks and charges at nearby valleys, according to Figure 5-6. It almost doubles the grid service
income, compared to price signal B, from $2.20 to $4.38, however only increases the net income
by $0.3.
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Figure 5-6. Battery scheduling under the price signal C
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Figure 5-7 plots the result obtained under the incentive of price signal D, which has the same mean
value of signals B and C, but fluctuates with a larger magnitude. Whereas signals B and C range
between 0.02$/kWh and 0.05$/kWh, signal D falls into the band between 0.01$/kWh and
0.06%/kwWh. According to Figure 5-7, again the battery operates at a higher cycling frequency and
alternatively charges and discharges between price valleys and peaks. Table 5-4 compares the grid
service income, degradation cost and net income associated with three price signals. According to
Table 5-4, Figure 5-6 and Figure 5-7, by replacing the price signal C by price signal D, battery
gains a much larger grid service income that is more than doubled from $4.38 to $10.30. However,
in the mean tine, the cycling number and degradation cost only increase slightly leading to a 5
times net income.
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Figure 5-7. Battery scheduling under the price signal D

Above all, it is inferred that price difference drives the action of battery. Due to the limitation on
battery capacity and dis-/charging rate, the battery tends to take the advantage of adjacent price
peaks and valleys. Frequency and magnitude of the price fluctuation impact profit made by the
battery arbitrage from two different aspects. Frequency of the fluctuation controls how often the
battery cycles, i.e., the more frequently the price fluctuates the more adjacent price gaps will be
created, resulting in greater cycling times. However, a high fluctuation frequency does not
guarantee a considerable net income that is proportional to the operation times. It is the magnitude
of fluctuation that helps largely improve the net income. Therefore, to encourage engagement of
the battery, the retail market operator could consider expanding the fluctuation range of the price
signal and letting the price varies steepest at the time when battery support is mostly required.

Table 5-4. Optimized financial outcomes of the battery under different price signals

Price signal Grid service income Degradation cost Net income
B $2.20 $1.13 $1.07
C $4.38 $3.00 $1.38
D $10.30 $4.13 $6.17
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6. BI-LEVEL RETAIL PRICING MECHANISM

Based on the market model described in Section 3.1, a retail pricing mechanism is proposed in this
section applying the bi-level optimization technique. Section 6.1 provides details of the upper-
level and lower-level problem formulations. Section 6.2 linearizes the three-phase power flow
model. How upper-level and lower-level problems are merged into a single-level problem is
discussed in Section 6.3. Finally, Section 6.4 converts the nonlinear nonconvex single-level
problem into a MILP problem.

6.1 Problem statement

Based on the understanding of the market model outlined in Section 3.1, detailed formulations for
both lower-level and upper-level problems constituting the retail pricing problem are provided
below.

Level f maximizat blem:

As the battery storage is selected as the representative elastic customer, the lower-level problem
becomes the battery arbitrage problem as defined in Section 5. Under the incentive of retail grid
service price, battery owners schedule their operations for the next-day to maximize their profits
from the day-ahead retail market. Physical characteristics of the battery storage, including capacity
(€), maximum dis-/charging rate (R™%*), dis-/charging loss (I./l;) and boundaries of the SOC
(SoC™™ SoC™* SoC°™?), constrain the operation. Refer to Eq. (5-1)-(5-9) for detailed problem
formulation.

The upper-level problem is basically a distribution system resource scheduling problem, within
which the RMO seeks to find an optimal dispatch schedule of all available resources by
determining the market prices. Based on context of the problem described in Section 3.1,
mathematical formulation of the upper-level problem is derived below.

Min

24 24
Z Z atPy; +Z Z Bés(Poutj — Phj) (6-1)

t=1i€Ns t=1 jENp
Subject to:

Pi i + Pouer — Pl — Pl = R{Vi - (1)"} vtk € N (6-2)

Qo — Qi =3V - (1)) VtkeN  (63)

It=yxvt vt (6-4)

P, <P;; <P, Vt,i € Ny (6-5)

Qo < Qi < Qo Vt,i € Ny (6-6)
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V2 < |VEPP <V VekeN  (6-7)
Pouty Pin = %(BGS) (6-8)

Note that boldface letters represent vectors or matrixes, otherwise, indicate scalar values.
Superscript * indicate conjugate transformation. V' := {1,2, ..., N} indexes all nodes in the system.
Ns and IV are subsets of V' collecting indexes of slack nodes (nodes at the substation) and battery
nodes (nodes connected with dispatchable batteries) with length of Ng and Ng. a* and B
represent the wholesale price and retail grid service price at hour t. P{;/Q%, stands for
active/reactive power injection at the slack node i hour t. P;,, ; and P/, ; indicate discharged and

charged quantities of electricity from battery node j at hour t. P}, /Q}  represents the nodal
inelastic active/reactive demand at node k hour t. V* and I* denote voltage phasors and net current
injections in the network at time t, in the shape of N x 1. V{ and If specifically refer to the voltage
phasor and net current injection at node k hour t. ¥ denotes the N x N system admittance matrix.
It is a sparse and symmetric matrix with diagonal elements being self-admittances and non-
diagonal elements being mutual-admittances.

According to Eq. (6-1), objective function of the upper-level problem contains two parts: costs
paid for the bulk grid supply and battery arbitrages. It is targeted to be minimized. There are four
types of constraints in the upper-level problem. Eq.(6-2)-(6-4) provide a complete three-phase
power flow model. Eq.(6-5)-(6-6) specify limits of active and reactive power injections at the
substation. Eq.(6-7) constraints the voltage magnitude at all nodes. Finally, function X is applied
in Eq.(6-8) to abstractly express the multi-to-multi correlation between the retail grid service price
signal (B¢s) and the battery dispatch plan (P, and P;,). Explicit expressions describing such a
relationship will be derived in the next subsection. Details about how the three-phase power flow
model is constructed are presented below:

With the system admittance matrix Y, the branch current flowing from node p to node g can be
computed as:

t _ t t
Ipq - Ymo% + quVq (6-9)

By summing up all the currents flowing from node p towards adjacent nodes, the total current
flowing out of node p can be calculated:

It = Z(Y Vi + Yoo Vi) (6-10)

qeENy

Where JV,, denotes the set of nodes physically connected with node p. Then the complex power
balance at node p can be expressed as:

Vi (15 = Pip + Poyrp — Py — Pl +7(Q5 5 — Qf ) (6-11)
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The above equation can be broken down into an active power balance equation and a reactive
power balance equation, which gives Eq.(6-2) and (6-3). And Eq.(6-4) provides a compact
expression of current flow equations Eq.(6-10) at all nodes using matrix multiplication.

Once the optimum retail grid service price (ﬁé';) and battery dispatch plans (PotJt ; and Plfl*]) are

obtained, the optimal retail energy price (ﬁg'*), total grid service subsidy (S;s) and subsidy paid to
individual elastic customer (s ;) can then be determined using Eq.(6-12)-(6-14) based on the
customized subsidy rate §,;,. According to Eq. (6-14), the total grid service subsidy is distributed
among elastic customers based on their contributions made on decreasing the overall system cost.
Such a contribution is proportional to the grid service income each elastic customer makes out of
the total grid service income.

t t,
Diens aPy; + Yjeny .3 (Pou*t] ln*j)

t* t,0
=688 + (1 -6, (6-12)
E subP g sub t
Zke]\f PL k
Sis = 6subz [Be° Z Ple—at ) Pl B D (P — P (6-13)
ken iENS JENB
t,* t,* t,*x
* _ = ﬁGS(Pout] Pm} *
SGs,j = ol i - Scs (6-14)
1[ZJ€NB BGS( outj Pm})]

Where ﬂ,’;l'o denotes the retail energy price calculated when no elastic customer is in the market to
provide the flexibility. Note that the problem statement provide in Eq. (6-1)-(6-7) are expressed
with complex variables V¢, I* and Y. However, those are not ready to be recognized by the
algebraic modeling languages (AML). To facilitate implementation of the AML which supports
only real numbers computations. Eq.(6-2)-(6-4) are further converted into Eq.(6-15)-(6-17). Where
subscripts “real” and “imag” denote the real part and imaginary part of a complex variable. As the
power balance at each node not only relates to its own voltage phasor but also dependents on
voltage phasors at other nodes, compact matrix computations are adopted to express the active and
reactive power balances in the whole system, as given in Eq.(6-15) and Eq.(6-16).

Pt + Pout Pt PL - Vreal ( real X Vreal Y:mag X Vt

. h R vt (6-15)
+ Vlmag (Ylmag xV real + Y real X Vlmag
Q QL meag (Y eal X Vreal Yfmag X meag vt (6-16)
real (Ylmag X Vf‘eal + Yreal X Vlmag
IVE? = Vieal” + [Vimagl® vt (6-17)

6.2 Linearization of the upper-level problem

Given the quadratic terms present in equality constraints Eq.(6-15)-(6-17) and inequality constraint
Eq.(6-7), the upper-level problem is identified as a nonlinear and nonconvex problem. And it is
extremely hard to solve. Therefore, a linearization technique proposed in [129] is adopted to further
linearize the upper-level day-ahead resources scheduling problem.

55



By interpreting the fixed-point function derived from the full-structured AC power flow equations
Eq.(6-2)-(6-4) using newton method, the nonlinear power flow model can be converted into several
linear power flow models as given in Eq. (6-18)-(6-21). Therefore, system voltage and voltage
magnitude profiles V* and |V*|, required active and reactive power injections at substations P% and
Q! to balance the system flow can be directly expressed as linear functions of the net active and
reactive power injections at all the non-slack nodes.

Vt = A" P4y — Pl — P1) —jAY(—Q)) + a' vt (6-18)
P}, = Bloq(Pou — Py — P1) — By (—Q1) + breq vt (6-19)
Q5 = Binag(Pout — Piy — P1) + Broqi(—Q1) + bimag vt (6-20)
Vi = Ch(Poue — Pt — P1) + Co(—Q1) + ¢ vt (6-21)

Linear coefficients of the linear power flow models can be sufficiently determined by the system
Y matrix, substation reference voltage V, and system voltage profile V't at a given feasible
operating point:

w=-Y; 'YV (6-22)

W = diag(w) (6-23)

At =Y, *diag(Vt ) ? vt (6-24)

a=w vt (6-25)

Bt =VyY,, (A" vt (6-26)

b=Vy(Yoo' Vo + Yo, W) vt (6-27)

Ch = [IW||R{W™4% vt (6-28)

Co = IWI| RW™(—jA")} vt (6-29)

c=||w|| vt (6-30)

Where w represents zero-load voltage at all non-slack nodes. Y;;, Y0, Yo, and Y, are fractions
of the system admittance matrix Y. || - || refers to element-wise norm-2 calculation. diag(-) yields

square matrixes with the input vector being the diagonal elements. Since 7 changes across time,
first order coefficient matrixes A%, Bt, €% and C‘,} are time dependent, yet intercepts vectors a, b
and c are fixed across time. Therefore, by replacing Eq.(6-19)-(6-30) with Eq.(6-15)-(6-17), and
modifying the original voltage constraint Eq.(6-7) into Eq.(6-31), linearized power flow model
and voltage constraints can be obtained.

V| < VE<|V| Vi, k€N (6-31)

Accuracy of the linear power flow against its fully-constructed nonlinear counterpart has been
compared in [129]. It is shown that the linear model behaves very well with relative errors for
voltage phasor and voltage magnitude less than 0.2% when the power injections range between -
1s™f and 2s"¢ in a 13-bus feeder system. Where s/ represents the reference power injections

profile. Despite the compromise made on a small amount loss of accuracy, there are two major
advantages of applying such a linearization. Firstly, solvability of the nonlinear model is pretty
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sensitive to the selection of the initial point. It is hard to make a fair guess of the initial point that
lies in the feasible region of the nonlinear model. However, by simply selecting the non-zero load
operating point to initialize coefficients of the linear model can always guarantee finding the
optimum of the linear model through several runs of iterations. Secondly, as the scale of the retail
market and the number of market participants grow up, the computational complexity for solving
the retail market pricing problem increases exponentially. Implementing the linear approximation
instead of the fully-constructed nonlinear model could largely improve the computation efficiency
so as to make the application of the retail pricing tool more practical.

6.3 Transformation of the bi-level optimization problem

The upper-level and lower-level problems discussed in Section 6.1 are independently formulated,
and cannot be directly solved using off-the-shelf solvers. Therefore, in this study, the bi-level
problem is converted into a single-level problem through plugging the Karush—Kuhn-Tucker
(KKT) conditions of lower-level problems into the upper-layer constraints. Assume x* and u*, v*
being the primal and dual solutions of an optimization problem, KKT conditions can sufficiently
determine the relationship between x* and u*, v*. Under a strong duality, x* and u*, v*
necessarily satisfy the KKT conditions. Since the lower-level problem is a pure linear problem
which satisfies the strong duality, its KKT conditions are applied in this study to alternatively
express lower-level decision makings in an explicit way. Eq.(6-32)-(6-40) reformulate the lower-
level problem as a standard minimization problem for the battery located at battery node j. Dual
variables associated with each constraint are introduced aside to facilitate derivation of the KKT
conditions.

Min
24
Z —BEs (Puej — Phij) + Diwn iR} (6-32)
t=1

Subject to:

Phy(=le) Py

SoC} = SoC/™t + o ul jENp (6-33)
] ] soc,j
G (1- ;)G
Ph (1 =1.)) Pl t € [2,24]
SoCt = SoCt™! + e T L (6-34)
! ! G (-l J €N
pt .
Rf = Plt.‘n,](l - lC,j) + Lt'] © u;;,j Vt,j € Np (6'35)
1—-1g;
min t max t t t €[1,23],
SoC™™ < SoCf < SoC™™ © Vo, Voo jen (6-36)
SoCf™ < SoCH* < SoC™ & vZ). vit j €Ny (6-37)
RM™ < Rf < R & v}, vk Vt,j € Ny (6-38)
P20 © v, Vt,j € Ny (6-39)

t t .
Pout,j 20 Vpout,j Vt,j € Np (6-40)
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The Lagrangian function of the minimization problem is then rendered below:

L (Pout,j' Pin,j' SOCj' Rj» usoc,j' uR,j' vsoc,jr vsoc,jf vR,jr vR,jr vPin,j' vPout,j) =
24

ini Pihf(l_le) Pgut]
Z ﬁGS]( out,j — itn,j) + DkWh,jR]'t] soc][Socl SOC'jlnlt _lin, - D
- j (1-1a;)G
24
Pt (1—1,; pt
— Z SOC} [SOCt SOCjt—1 _ Ln.J(C C.j) + out,j ]
= 7 (1-1a))
24
out,j
- b, [R;_pi;,j@ C])_q]
= - T (64

+Z Vhoc (SoCIM™ — SoCf) + vt (SoCf — SoC[me¥)]
t=1

v, ](SOCend — S0C?*) + v2. (SoCH* — SoC™¥)

soc1
24
t min _ pt t t _ pmax
+ Z |vh (R™™ = RE) + vk (Rf — R")]
t=1
24 24
t t
_ZUPmJPm] ZvPout]Pout]
t=1 t=1

Stationarity conditions of the lower-level problem associated with battery node j can be obtained
by setting the first-order partial derivatives of primal variables to be zero:

t
Usoc,j Ug,j t

_B(I;S — + — Vpout,j = 0 Vt,j € Ny (6-42)
t (1-1g)C 1-laj
ut (=1,
Bbs + — "+ f (1= le) = Vpin = 0 VE,j € Ny (6-43)
j
t+1 _ .t t  _ .t _ t € [1,23], i
u’SOC,] usoc; + vsoc,j vSOC,] =0 jEN; (6 44)
24 24 _ .
Usoc,j + U.SZ'(‘)I-C] Usoc,j = 0 Jj € Ng (6-45)
Dywn,j — uR,j + UR']' - V‘Ea,j =0 Vt,j € Np (6-46)
Complementary slackness:

Complementary slackness describes a condition: when the dual variable is positive, the objective
function could be increased if the corresponding primal constraint is relaxed. If not, the primal
objective function value could still be improved.
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Vs0c,i(S0CI™™ = SoCf) = 0 celLEl e

J € Ng
Vi j(SoCf ™ —SoC*) = 0 jEN, (6-48)
iy (SoCf - SoC"**) =0 Vt,j € Nj (6-49)
vk (R —Rf) =0 VejEN,  (6-50)
v ;(RE = R"™) =0 Vt,j € Ny (6-51)
VUpin,jPln,;=0 VijEN,  (6-52)
Ulgout,jpfmt,jzo Vt,j € Ny (6-53)
Primal feasibility:
Primal feasibility refers to constraints of the primal problem as given in Eq. (6-33)-(6-40).
Dual feasibilitv-

Dual feasibility enforces dual variables associated with inequality constraints to be non-negative.

Vsoc,j» Vsoc,j = 0 VijEN,  (6-54)
t .
UR,j» er, ;=20 Vt,j € Np (6-55)
t .
Upin,j = 0 Vt,j € Ny (6-56)
Vpout,j = 0 VtjEN,  (657)

By replacing the stationarity, complementary slackness, primal feasibility and dual feasibility
conditions listed above with Eq.(6-8) in the upper-level problem, the bi-level problem can then be
fully converted into a single-level minimization problem with Eq.(6-1) being the objective function,
and Eq.(6-5), Eq.(6-6), Eq.(6-19)-(6-31), Eq.(6-33)-(6-40) and Eq.(6-42)-(6-57) being constraints.

6.4 Linearization of the merged single-level problem

Although both upper-level and lower-level problems are linear programming problems in terms of
decision variables P, ;, P, ; and B¢ respectively, when these two linear problems merge
together, additional nonlinearity and non-convexity are introduced. In the single-level problem,
both P}, ;, P, ; and BEs now become decision variables. Therefore, cross-product terms in the
objective function and complementary slackness conditions turn this problem into a nonlinear
nonconvex problem, which is still hard to solve. Therefore, two additional linearization techniques
have been applied in this study to fully convert the nonlinear nonconvex single-level problem into
a mix-integer linear programming (MILP) problem.
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inearization of the obiective function:

The strong duality property of lower-level battery arbitrage problems is utilized to linearize the
objective function Eq.(6-1). According to the strong duality theorem, because the lower-level
battery arbitrage problem is linear, objective functions of the primal and dual problems equal to
each other at their optimum. Therefore, Eq. (6-58) stands when the lower-level problem reaches
its optimum, according to the problem formulation given in Eq.(6-32)-(6-40):

t t
Z ﬁGS ( out,j — in,j) - DkWh.]'R]'

24 23
= — Uy, SOC/M + 2 Ve SOC — Z Veoe, ;SOCT" (6-58)
t=1
24
SOC]SOCend + Z UR] Rmax _ Z 1]R]Rmm
t=1

Hereby, Y22, Gs (Pgut] - fn]) can be expressed as a linear combination of variables: R, uioc,j,

ot

Usoc,} |

vsocp VRJ and UR] Replacing the cross-product term Y24, Bt (P¢ out,j Pitn,j) in Eq.(6-1)
using Eq.(6-58) renders the linearized objective function:

24 24
t pt 1 init t max
z Z a'Py; — Z Usoc,jS0C; +2 z Vsoc,j50C;

t=1iENg iEN B t=11IeENp
23
t min end max
—z Z Vsoc,jS0C " — Z SOC]SOC +Z Z vRJR (6-59)
1 IENB IENB =1ieENp
=1 LENB IENB

inearization | lact fitions-

Linearization of complementary slackness conditions Eq.(6-47)-(6-53) is fulfilled applying the
“big-M” method. By introducing one binary variable for each complementary condition, original
equalities constraints Eq.(6-47)-(6-53) are then converted into following inequality constraints.
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M t € [1,23],

0< vgoc,j < wgoc,j jen, (6-60)

0 < SoCf — SoC™™ < (1 — why, IM t f 53\%33]' (6-61)
0 S vl < wige ;M jen; (6-62)

0 < SoCH* —SoC™ < (1 — wiy. )M jen, (6-63)
0< KH < wloe,M Vt,j € Ny (6-64)

0 < SoC™™* — SoC! < (1 — wéye )M VLjEN,  (6-65)
0<vp; < wp;M Vt,j € Ny (6-66)

0 <R —R™" < (1-wh,)M Vt,j € Ny (6-67)
0<vh, <wh,M VejEN,  (6-68)
0<R"™*—RE < (1-wh )M VELjEN;  (6-69)

0 < Vpinj < Wpin ;M Vt,j € Ny (6-70)
0<Ph; <(1—wpipy M Vt,j € Ny (6-71)

0< vlgout,j < wItJout,jM Vt,j € Np (6-72)
0<Pyyj < (1= Whoy )M Vt,j € Ny (6-73)
M’ Weoc,» w}te,j» w}ti’,]'wlgin,ﬂ wztaouc,j € {0,1} Vt,j € N (6-74)

Where M is a sufficiently large number. The binary variable controls whether the upper bound of
the inequality constraint is hit or not. Each pair of the complementary multiplier are controlled by
the same binary variable such that at least one of the multipliers is forced to be zero. For example,
when w,.; = 0, vi,.; = 0, otherwise, SoC/*™ — SoCf = 0. Such a design provides equivalent

mix-integer linear expressions of original complementary slackness conditions.

Given above transformations, the single-level retail pricing problem is now converted into a mixed
integer linear programming (MILP) problem with Eq.(6-59) being the objective function, and
Eq.(6-5), Eq.(6-6), Eq.(6-19)-(6-31), Eq.(6-33)-(6-40), Eq.(6-42)-(6-46), Eq.(6-54)-(6-57) and
Eq.(6-60)-(6-74) being constraints. It can be efficiently solved by off-the-shelf solvers, e.g. GLPK,
GUROBI, CPLEX.
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7. RETAIL MARKET SIMULATION

Sections 3-6 lay the theoretical foundation of the retail market design proposed in this study. A
comprehensive case study is carried out in this section to evaluate the performance of the proposed
retail market solution. Section 7.1 lists questions to be answered in the case study and designs the
experiments accordingly. Section 7.2 summarizes the experimental setting of the simulated retail
market. Detailed result analyses can be found in Sections 7.3-7.7.

7.1 Experimental design

To better understand the value and limitation of the proposed retail market solution, it is important
to address following questions in the case study:

1. Will market participants, either elastic or inelastic customers, have the incentive to
participate in the retail market?

2. s the retail grid service subsidy necessary to be added in the pricing system?

3. Will the impact of network constraints on decision making be reasonably captured by the
pricing scheme?

4. How do equipment and market parameters influence the market settlement result?

5. What is the advantage of the proposed retail market solution against other alternatives?

To answer above questions, following numerical experiments are designed accordingly:

e Rationality Validation: to verify the rationality of both elastic and inelastic customers to
participate in the market.

e Necessity of the Subsidy: to compare market settlement results obtained under two
different retail market settings before and after adding the grid service subsidy.

e Network Constraints: to compare market solutions obtained under three different levels
of network constraints. Detailed descriptions and mathematical formulations for three
levels of network constraints settings are presented in Table 7-1.

e Parameter Sensitivity: to analyze how battery degradation rate, capacity, maximum dis-
[/charging rate and retail grid service price mean value impact the market settlement result.

e Proposed vs. Alterative Pricing Schemes: to compare the performance of the proposed
profit-neutral double-price-signal retail market solution against other possible alternatives.

7.2 Parameter configuration

Consider a retail market, scaled at an IEEE 34-bus system, with up to 20 batteries (representing
elastic customers) and multiple fixed electricity demands (representing inelastic customers)
distributed at different nodes. The day-ahead fixed system load varies between 594.22 kWh (17:00
PM-18:00 PM) and 1009.37 kWh (3:00 AM — 4:00 AM), and averaged at 840.58 kwWh. The day-
ahead wholesale market ranges between 0.060$/kWh (10:00 AM-11:00 AM) and 0.025%/kWh
(2:00 AM-3:00AM), and averaged at 0.041$/kWh.
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Table 7-1. Three levels of network constraints

DESCRIPTION OBJECTIVE CONSTRAINTS
Subject to:
Without Min
NO f}g?@fﬁ: Ing any D P+ D Py —Php= Y Pl vt
NETWORK constraints, but Eq. (6-59) s JENE e
only the active
demand and supply And
I :
palance Eq. (6-5), (6-6), (6-33)-(6-40),(6-42)-(6-46),
(6-54)-(6-57), (6-60)-(6-74)
Added partial
network constraints Subject to:
by considering the Min
PARTIAL s
NETWORK | distribution system Eq. (6-5), (6-6), (6-33)-(6-40), (6-42)-(6-46),
line losses. Eq. (6-59) (6-54)-(6-57), (6-60)-(6-74), (6-19), (6-20),
(6-22)-(6-27)
Added full network _
constraints by Subject to:
FULL considering both Min
NETWORK | line losses and Eq. (6-5), (6-6), (6-33)-(6-40), (6-42)-(6-46),
voltage constraints. Eq. (6-59) (6-54)-(6-57), (6-60)-(6-74), (6-19)-(6-21),

(6-22)-(6-31)

Batteries are configured with identical parameters, as summarized in Table 7-2, taking Tesla
Powerpack 210kWh model as the reference. The battery degradation rate is calculated from an
optimistic perspective. It is roughly estimated based on the projected per kWh battery investment
cost (62%/kWh) in 2030 (see Figure 5-2) and a 10000-times charging cycles life-span.

Table 7-2. Common parameters shared by 20 batteries

Parameter Definition
C 210 kWh
I 4%
ly 4.5 %
R™in 0 kw
R™ax 50 kW
Dywn 0.005 $/kWh
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However, SoCs of batteries are initialized differently at the beginning of the operating day. And
batteries are distributed at different locations. Detailed settings can be found in Table 7-3. In
addition to that, elastic customers who own batteries are with different threshold subsidy rate &,
which means their willingness to participate in the retail market varies against the system subsidy
rate. For instance, when &g, = 34%, there are 11 batteries willing to participate in the retail market.
When &, raises to 50%, all 20 batteries will join the market.

Table 7-3. Unique parameters of different batteries

Battery Socinit  gocend  |ocation  Threshold

No. 6sub
1 80% 80% 850.1 12%
2 60% 60% 850.2 14%
3 40% 40% 850.3 16%
4 50% 50% 832.2 18%
5 40% 40% 858.2 20%
6 30% 30% 888.3 22%
7 50% 50% 834.3 24%
8 65% 65% 860.3 26%
9 60% 60% 842.3 28%
10 75% 75% 836.1 30%
11 30% 30% 836.2 32%
12 45% 45% 836.3 34%
13 50% 50% 840.2 36%
14 70% 70% 862.1 38%
15 50% 50% 862.2 40%
16 20% 20% 862.3 42%
17 50% 50% 844.3 44%
18 60% 60% 846.3 46%
19 20% 20% 848.1 48%
20 30% 30% 852.3 50%

M and Cy are set to be 10000 and 1. The retail pricing problem is programmed and solved in
Python environment, by implementing Pyomo, an extensible Python-based open-source
optimization modeling language, and GLPK (GNU Linear Programming Kit), a stand-alone
LP/MIP solver.

7.3 Rationality of customers to participate in the retail market

Figure 7-1 (a)-(d) plot market settlement results obtained under different subsidy rate, respectively
when §,,,;, equals to 20%, 30%, 40% and 50%, and correspondingly 5, 10, 15 and 20 batteries
participate in the retail market. The gray and orange curves illustrate fluctuation of the system-
level fixed load and wholesale price in the operating day; The navy and blue curves indicate the
optimized retail grid service price and retail energy price; Bar blocks in different colors represent
the optimized charging (above zero) and discharging (below zero) operations of different batteries.
According to Figure 7-1, different market settlement solutions are generated when the number of
elastic participants changes. However, batteries all tend to discharge at hours when the wholesale
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price goes high and charge when the wholesale price becomes low. This reflects the profit-driven
nature of elastic customers.
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Figure 7-1. Optimized retail market solutions under different subsidy rates (No Network)

By comparing above market solutions, it is shown that the retail energy price is lower than the
wholesale price for most of the time in the day. On the one hand, the retail energy price near
wholesale price peak hours drops due to the cheaper replacement of supplies from batteries rather
than from the substation. On the other hand, the retail energy price near wholesale price valley
hours decreases as batteries purchase their charging quantities at a price higher than the wholesale
price. In addition to that, the retail energy price reduces more significantly as the number of elastic
participants grows, indicated by a wider gap between the wholesale price and the retail energy
price. This is because a larger number of batteries could contribute to a greater amount of
operational flexibility. Therefore, by participating in the proposed retail market, inelastic
customers could be benefited by a cheaper electricity price compared to directly purchasing their
demands from the wholesale market. However, this verifies only the rationality of inelastic
customers. To verify the rationality of elastic customers, it is necessary to look at revenues made
by them from the retail market. Table 7-4 and Table 7-5 calculate financial indicators relevant to
inelastic and elastic customers correspondingly when &, equal to 0%, 20%, 30%, 40% and 50%.
According to Table 7-5, both gross revenue and discounted revenue made by elastic customers are
above zero when at least one battery is in the retail market. It means the retail energy price is not
lowered at the expense of elastic customers’ sacrifices. Moreover, as the subsidy rate raises, total
electricity bill saving, gross revenue and discounted revenue all increase. It tells that a higher
subsidy rate benefits not only elastic customers but also inelastic customers.

Above all, itis proven that both inelastic and elastic customers are under the incentive to participate

in the proposed retail market, as both electricity bill savings and discounted revenues can be
achieved by inelastic and elastic customers.
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Table 7-4. Financial analyses for inelastic customers under different subsidy rates

Total system Total Total
cost ($) electricity bill  electricity bill
%) saving (3$)
Ssup = 0% (no battery) | 850.76 850.76 0.00
Ssup = 20% (5 batteries) | 841.77 843.57 7.20
Ssub = 30% (10 batteries) | 832.96 838.30 12.46
Seup = 40% (15 batteries) | 823.50 834.40 16.36
Ssub = 50% (20 batteries) | 812.88 831.82 18.94

Table 7-5. Financial analyses for elastic customers under different subsidy rates

Total grid Total grid Total gross Total
service service revenue ($) discounted
income ($) subsidy ($) revenue ($)
Ssup = 0% (o battery) | 0.00 0.00 0.00 0.00
Ssup = 20% (5 batteries) | 8.64 1.80 10.44 1.80
Ssup = 30% (10 batteries) | 17.15 5.34 22.49 5.34
Ssup = 40% (15 batteries) | 25.66 10.90 36.56 10.90
Ssup = 50% (20 batteries) | 33.17 18.94 52.11 18.94

7.4 Impacts of the retail grid service subsidy

To better understand how the grid service subsidy makes a difference on incentivizing market
participants, a comparative experiment is conducted the next. It compares market settlement
results against the number of engaged elastic customers before and after adding the grid service
subsidy, as presented in Figure 7-2. Stacked area plots in Figure 7-2 illustrate how the total
electricity bill saving and total gross revenue vary against the number of batteries. Bar plots in
Figure 7-2, on the other hand, indicate averaged gross and discounted revenues earned per elastic
customer.

By comparing Figure 7-2 (a) with Figure 7-2 (b), it is found that the total area of stacked plots in
both subfigures keeps the same. It is just a part of total electricity bill saving has been transferred
into total gross revenue in form of grid service subsidy. Before adding the subsidy, the average
gross revenue slightly declines as the number of elastic customers grows, attributing to a more
intensive competition among a greater number of batteries. In addition to that, the grid service
income is almost balanced out by the degradation cost resulting in a near-zero average
discounted revenue. Therefore, rational elastic customers will not choose to join the retail market
without subsidy as they cannot make enough profit in long term. However, after adding the
subsidy, the average discounted revenue becomes non-zero. Also, as more batteries join the
market, both gross and discounted revenues earned per elastic customer are expected to increase
regardless of the growing competition concern. Although inelastic customers have to give up a
part of their benefit on saving the electricity bill, such a compromise ensures the participation of
elastic customers, which in turn secures the benefit of themselves. Under the additional incentive
given by grid service subsidy, more elastic customers would be encouraged to participate in the
market as it benefits not only the inelastic customer but also the elastic customer itself.
Moreover, according to Figure 7-2, under the threshold subsidy preference assumed in Table 7-3,
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it is most beneficial to set the subsidy rate to be 50% as it creates highest averaged benefits to
both elastic customers and inelastic customers in the simulated case. The RMO could also take
use of this financial analysis graph to determine the optimal subsidy rate given different
threshold subsidy preference.
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Figure 7-2. Financial analyses against the number of elastic customers before and after adding
the grid service subsidy

7.5 Impacts of network constraints

To capture impacts of network constraints on the retail market solution, three experiments are
conducted by gradually adding network constraints into the problem formulation (refer to Table
7-1 for more details). The comparative results are visualized in Figure 7-3. Corresponding financial
analyses, including total electricity bill saving and total gross/discounted revenue are computed in
Table 7-6. Note that, all three cases are simulated with 20 elastic customers’ participation. Results
combined shown in Figure 7-3 and Table 7-6 imply that various network constraints influence
decisions made by the RMO in different ways. Decision making of the RMO is pretty
straightforward under the “No Network™ condition, however, becomes more complicated as more
influential factors are taken into accounts. Detailed observations are summarized below:
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Figure 7-3. Optimized retail market solutions under different levels of network constraints
According to Figure 7-3 (a), in the “No Network” setting, where only the active power

supply and demand balance is considered, the optimal pricing solution is fully determined
by the wholesale price signal and has nothing to do with the system load profile. It is
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because shifting the system load from wholesale peak price hours to valley price hours is
the only way to effectively reduce the system cost, when the line loss is ignored.

2. Line losses contribute to a higher system cost, because the substation needs to provide more
supply than demand to compensate line losses. That’s why in Table 7-6 original system
costs (i.e. the system cost generated when no flexibility is provided from elastic customers)
of “Partial Network™ and “Full Network™ cases are higher than that of the “No Network”
case. Such a reason also explains why retail energy price curves in Figure 7-3 (b) and (c)
are shifted up compared to that in Figure 7-3 (a). According to Table 7-6 the total cost
spent on line losses is $15.64 (=$866.40-$850.76) when there are only inelastic customers
in the system.

3. By comparing Figure 7-3 (b) with Figure 7-3 (a), it is observed that not only the wholesale
price signal but also the system load profile drive the decision making of retail pricing. The
retail grid service price obtained from the “Partial Network” case tends to put a higher
incentive at the peak load hour (4:00 PM-5:00 PM), compared to that obtained from the
“No Network” case. The reason behind this is that a higher system load usually leads to a
higher line loss. Hereby, shifting the demand from peak load hours to valley load hours
can help reduce the system loss, and thus decrease the overall system cost. However, it is
worth to mention that since the line losses is comparatively small, therefore, wholesale
price profile is still the main driver for determining the retail price in the “Partial Network™
case.

4. By comparing Figure 7-3 (c) with Figure 7-3 (a)(b), it is found that the pricing solution
obtained in a “Full Network” setting tends to spread out the battery discharging operation
for a longer period compared to that of “Not Network™ and “Partial Network™ cases. It is
the voltage constraint that leads to such a difference. Due to the limitation on voltage
magnitude, batteries cannot be freely charged or discharged at the same hour, even though
that gives the highest financial benefit to minimize the system cost. The concurrent
charging and discharging behavior of multiple batteries could easily result in voltage
violation and endanger the system stability.

5. Based on Table 7-6, because of the addition of network constraints, both electricity bill
saving and gross/discounted revenue made under the retail pricing incentive cannot
actually reach the ideal amount as calculated in the “No Network™ setting. The stricter the
constraints are, the less electricity bill saving and gross/discounted revenue can be achieved.

Based on observations made above, it is obvious that network constraints play a significant role
on shaping the retail pricing solution. For real-world applications, it is not fair to apply a retail
pricing mechanism developed under no network consideration or partial network consideration, as
the resulted pricing solution will mislead the operation of price-responsive DERs and result in
unacceptable system instability or failure. However, analyses based on the retail market conceptual
design in a “No Network” setting, can still be helpful on verifying basic functionalities of the
market, e.g. whether the retail market can provide proper incentives to market participants.
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Table 7-6. Financial analyses under three different network constraint conditions

ORIGINAL TOTAL TOTAL  TOTAL
SYSTEM  ELECTRCITY GROSS DISCOUNTED
COST($) BILL REVENUE REVENUE ($)

SAVING ($) ()

NO 850.76 18.94 52.11 18.94

NETWORK

PARTIAL | 866.40 18.65 51.45 18.65

NETWORK

FULL 866.40 15.98 44.93 15.98

NETWORK

7.6 Sensitivity analysis

The next step in the case study is to analyze how different equipment and market parameters
influence the electricity bill saving and revenue gaining potentials in the retail market. Four
financial indicators are of the interest to be displayed. They are total electricity bill saving, total
grid service income, total grid service subsidy and total social welfare (i.e. the sum of first three
variables, see Eq.(7-1)), representing benefits brought to inelastic customers, elastic customers as
well as the whole system.

Social welfare
= Electricity bill saving + Grid service income (7-1)
+ Grid service subsidy

7.6.1 Sensitivity of battery parameters

The first parameter under investigation is the battery degradation rate Dy, ;. Figure 7-4 is obtained
by varying Dy, from 0.0005 $/kWh to 0.013 $/kWh, where bars in yellow, green and gray blue
indicate total electricity bill saving, total grid service subsidy and total grid service income
respectively. The gray line in Figure 7-4 is added to demonstrate variation of their sum (denoted
as total social welfare).
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According to Figure 7-4, overall, a higher degradation rate slightly increases the grid service
income made by batteries. Surprisingly, the grid service income reaches its maximum when Dy,
raises to 0.012 $/kWh. This seems counter-intuitive, because a higher degradation rate should
usually dis-encourage the operation of batteries, as what is observed in Table 5-3. The reason
behind this can be found in Figure 7-5, where retail market solutions at three selected degradation

rates are plotted for details.
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Figure 7-5. Retail market solutions under different Dy

By comparing navy curves in Figure 7-5, it is shown that as the degradation rate increases, the
optimized retail grid service price fluctuates more significantly to better incentivize batteries.
Therefore, despite the higher degradation cost, elastic assets owners can still expect a higher short-
term income made from the retail market, thanks to the adaptive adjustment of the pricing strategy.
However, due the considerable gradation effect of batteries, the grid service income is almost
balanced out by the degradation cost. In the meantime, by viewing Figure 7-4 from right to left, as
the degradation rate reduces, both total electricity bill saving and grid service subsidy increase.
They equal to each other due to the 50% subsidy rate setting. Similarly, the total social welfare
improves as the degradation rate reduces. It implies that technology improvements on reducing the
battery investment cost is encouraged by the retail pricing mechanism, as batteries with lower
degradation cost are more profitable in long term when joining the retail market. There is another
observation made from Figure 7-4 worth to mention. For this particular retail market and system
setting, when the degradation rate reaches above 0.012%/kWh, no incentive will be given to
batteries.
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Similarly, impacts of capacity € and maximum dis-/charging rate R™** on the retail market
solution are studied the next. Financial analyses under different values of C and R™** are presented
in Figure 7-6 and Figure 7-7, respectively.
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Figure 7-7. Sensitivity analysis of R™%*

According to Figure 7-6 and Figure 7-7, total electricity saving bill, total grid service
income/subsidy are less sensitive to battery capacity and maximum dis-/charging rate versus to the
degradation rate. When the battery capacity and maximum dis-/charging rate increase, the
electricity bill saving and grid service income/subsidy vary in a same direction, unlike what
happens to the degradation rate. It is observed from Figure 7-6 and Figure 7-7 that batteries with
higher capacity and maximum dis-/charging rate are more profitable in the retail market, and they
also bring higher benefit to the inelastic customer. Therefore, it is concluded that the proposed
retail market model also encourages the technology innovation made on improving the battery
capacity and dis-/charging rate limit.
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7.6.2 Sensitivity of the market parameter

Apart from battery relevant parameters mentioned above, another market relevant parameter Cg is
also of the interest to be analyzed. C; determines the sum of grid service prices over the 24-hour
period. The RMO could apply Cp to control the average level of the retail grid service price signal.
It impacts the market solution in a quite different way than battery-relevant parameters. Table 7-7
and Figure 7-8 present financial analyses and market solutions under different values of Cg.

Table 7-7. Financial analyses under three different values of Cg

ORIGINAL TOTAL TOTAL GROSS TOTAL
SYSTEM ELECTRCITY REVENUE ($)  DISCOUNTED
COST($)  BILL SAVING REVENUE ($)
$)
Cp=0.9% 866.40 15.98 44.93 15.98
Cp=1.0% 866.40 15.98 44.93 15.98
Cp=115 866.40 15.98 44.93 15.98

Based on the previous discussion, battery-relevant parameters affect the financial outcome of the
retail market. However, identical financial settlements are achieved regardless of the value of Cpg,
as shown in Table 7-7. It is because retail grid service price signals are generated in the same shape
in all three cases, yet with different average levels. It results in identical battery operation schedules.
Nevertheless, by comparing light blue curves in Figure 7-8 (a)(b)(c), it is found that C; does have
an influence on shaping the retail energy price signal. While a smaller C; tends to lower the retail
energy price near peak wholesale price hours more significantly (because it saves the system
payment used to compensate batteries’ supply), a larger Cg tends to put more efforts on reducing
the retail energy price near valley wholesale price hours (since a higher payment is given by
batteries for purchasing the charged electricity). Consequently, a fattener retail energy price curve
is generated with the incentive of a lower-averaged retail grid service price.
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Figure 7-8. Sensitivity analysis of Cg

The above discussion concludes sensitivity analyses of key battery and market parameters,
showing the advance of the proposed retail market model form following aspects:
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1. The proposed retail pricing scheme is flexible and adaptive. It could actively adjust its
pricing strategy to better incentivize batteries with unfavorable conditions. And the total
social welfare created for the whole system will be maximized as a result of such an
adjustment.

2. Technology improvements made on reducing the degradation rate, enlarging the battery
capacity and increasing the maximum dis-/charging rate limit are encouraged by the
proposed retail pricing scheme, as it brings more social welfare outcomes to the retail
market.

3. The proposed retail pricing mechanism provides the flexibility to the RMO on adjusting
the flatness of the retail energy price signal via customizing the Cg.

7.7 Proposed vs. alterative pricing schemes

Finally, the last part of the case study compares the proposed retail pricing mechanism with other
possible pricing scheme alternatives. Based on the profitability of RMO and the number of price
signals, retail market pricing schemes are classified into four categories. Such a division can be
illustrated by a four-quadrant drawing presented in Figure 7-9, where the horizontal axis separates
double-signal markets and single-signal markets, and the vertical axis separates markets managed
by profit-oriented RMO and profit-neutral RMO. Plots located inside each quadrant illustrate the
corresponding market solutions obtained under different retail pricing schemes. Table 7-8
summarizes corresponding financial outcomes, including total electricity bill saving, total
gross/discounted revenue and profit made by the RMO. Note that quadrant | indicates the retail
pricing mechanism proposed in this study. The light green curve in quadrant I11 represents the only
retail price signal in the market. The result associated with profit-neutral and single-signal market
pricing mechanism is not presented in Figure 7-9 and Table 7-8, because the embedded demand
& supply balance and revenue & cost balance requirements in the market may be conflict for most
cases.

By switching the profit-neutral RMO to profit-oriented RMO, the objective function in the pricing
problem formulation changes from minimizing the system cost to maximizing the difference
between system revenue and system cost. Instead of reducing the total system cost, which could
be very inefficient due to the additional expense paid for distributed DERs, increasing the total
system revenue by posing higher retail market prices on peak load hours would be a much easier
choice for the profit-oriented RMO. This explains why the light blue and light green curves in
quadrant Il and 111 in Figure 7-9 reach the price cap (set as 0.06 $/kWh) during hours with highest
loads and stays at 0.00 $/kWh during hours with lowest loads. According to Table 7-8, with regard
to profit-oriented cases, although elastic customers can make certain amounts of revenue from the
retail market, inelastic customers are actually sacrificed. They need to pay much higher electricity
bills than the money they paid when directly purchasing demands from the wholesale market. It
implies that when RMQ’s decisions are driven by its own profit, it will usually hurt the interest of
inelastic customers and lower the system efficiency. Only in the proposed retail market inelastic
and elastic customers are benefited at the same time. By further comparing profit-oriented retail
pricing schemes with single and double price signals, it is discovered that when there are two price
signals separately charge/pay elastic and inelastic customers, an even higher profit can be achieved
by the RMO compared to the single signal case. It is because these two price signals are not
financially binding, such that the RMO has a larger flexibility to specifically control two price
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signals and maximize its benefit in each group. Such a flexibility, however, will be constrained
when single price signal is applied.

In comparison with other alternative retail pricing schemes, the profit-neutral single-signal retail
pricing scheme proposed in this study demonstrates the most promising properties, as it ultimately
benefits both types of market participants and the system efficiency. Additionally, the retail energy
price signal generated by the proposed retail pricing scheme is more dynamic, and is therefore
better at representing the real system operating status across hours. It is suggested from the
comparison that retail market designer should be careful about the profit-driven behavior of the
RMO, as it may endanger the system efficiency and hurt market participants’ interests. The RMO
should not be given a full freedom on determining market prices. Regulations have to be enforced
to limit the profitability of the RMO. When evaluating the performance of a retail market design,
system efficiency promotion should be treated as a critical standard. The profit-neutral double-
signal retail pricing scheme proposed in this study could serve as a great start for redefining the
retail electricity market development.
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Figure 7-9. Four types of retail market and corresponding market solutions
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Table 7-8. Financial analyses of four retail pricing mechanisms

TOTAL TOTAL RMO
ELECTRICITY GROSS/DISCOUNTED PROFIT
BILL SAVING (3$) REVENUE (%) )]
PROFIT-NEUTRAL & 15.98 44.93/15.98 0.00
DOUBLE-SIGNAL
PROFIT-ORIENTED -65.55 28.48/0.00 97.38
& DOUBLE-SIGNAL
PROFIT-ORIENTED -57.23 82.64/57.44 29.35
& SINGLE-SIGNAL
PROFIT-NEUTRAL& None None None
SINGLE-SIGNAL
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8. SUMMARY, CONCLUSIONS AND FUTURE WORK

8.1 Summary

The objective of this dissertation is to provide a reliable and computational affordable retail market
solution in the vision of future smart grid with a high proportion of price-responsive system
behavior. To achieve such a goal, a systematic retail market design is carried out covering aspects
of theoretical study, test-bed platform development and experimental analyses.

To begin with, a retail market model is proposed, which builds the foundation of following
discussions. It follows a commonly applied three-layer hierarchy, with the RMO interacts with the
wholesale market and retail market participants through physical and financial transactions.
However, unlike existing works, market participants are divided into two groups: inelastic and
elastic participants, based on their sensitivity to the market price. They are paid/charged by two
different price signals: retail energy price and retail grid service price. Fixed loads and battery
storages are selected in the study as representative inelastic and elastic participants. Load
forecasting technique and price-responsive behavior modeling are investigated the next, as they
offer necessary information for the RMO to understand how the fixed loads and battery storages
behave under different market incentives. On the one hand, deep learning-based forecasting
models are developed to predict day-ahead loads insensitive to the market price. Both recurrent
and convolutional neural networks are utilized, and they are constructed under both recursive and
direct multi-step manners. On the other hand, a battery arbitrage optimization problem is
formulated to model battery’s behaviors in response to the market price. It targets at maximizing
battery’s profit from the retail market while respecting equipment operational constraints. Based
on the underlying market framework and dynamic behaviors of market participants, a retail pricing
scheme is further proposed. It enables the RMO to provide optimized pricing incentive that
ultimately minimizes the system operational cost. Under the incentive, battery storages are
coordinated to schedule their day-ahead operations and maximize their payoff. Due to the
interdependency between decisions made by the RMO and elastic participants, the retail pricing
problem is formulated using a bi-level optimization technique. KKT conditions are utilized to
merge the upper-level day-ahead system resources scheduling problem and lower-level battery
arbitrage problems. After that, three techniques: respectively, a linearized three-phase power flow
model, the strong duality theorem and the big-M method are deployed to linearize power flow
constraints, the objective function as well as complimentary slackness conditions. As a result of
efforts put on reformulating the problem, the retail pricing problem is finally converted into a
mixed integer linear programming problem, which can be efficiently solved by off-the-shelf
optimizers.

In addition to the theoretical study, a multi-agent test-bed system is developed using OpenDSS
and Python, simulating both physical and financial operations of the grid and market. Three
functional agents, including inelastic agent, elastic agent and RMO agent, are built to serve the
load forecasting, battery arbitrage and retail pricing purposes. Communications are enabled among
them to support necessary data exchanges. Finally, a comprehensive case study is conducted on
the established test-bed system. The case study throughout analyzes the performance of the
proposed retail market solution, and compares it with other possible alternatives.
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8.2 Conclusions

Based on experimental results obtained across the dissertation, important conclusions are drawn
from three aspects, together ensuring an efficient operation of the retail electricity market.

8.2.1 Deep learning models for day ahead load forecasting

According to performance analyses presented in Section 4.6, DL-based models proposed in this
dissertation show an overall greater performance on predicting the day-ahead load portfolio
compared to the traditional time-series model SARIMAX. They are able to properly capture the
nonlinear time-dependency and autocorrelation between and within the load and outdoor
temperature series. Among all DL-based models, the GCNN24 model performs the best. With
regard to the prediction accuracy, compared to the SARIMAX model, the GCNN24 model helps
decrease the day-ahead load forecasting error from 14.8 kW to 12.2 kW on average for datasets
with strong weather covariance. With regard to the computational efficiency, the GCNN24 model
is able to be trained 8% faster than the SARIMAX model to achieve an acceptable forecasting
accuracy, due to the parallel data processing capability of CNN models. To sum up, the GCNN24
model can serve as a great start for deep learning-based network design tailored for day-ahead load
forecasting.

8.2.2 Optimization-based battery arbitrage model for modeling the price-responsive

behavior of batteries

According to experimental results illustrated in Section 5, the battery arbitrage model could
smartly respond to different market prices to maximize its payoff. Under the arbitrage control, the
battery charges at a lower price and discharges at a higher price to make profit. It is found that
under the incentive of same price signal, batteries with lower degradation rate, larger capacity and
higher dis-/charging rate limit could earn more grid service income. It is the price gap that drives
the arbitrage behavior of batteries. Frequency and magnitude of the price fluctuation influence the
profit of battery arbitrage differently. Whereas frequency impacts how often the battery cycles, a
higher magnitude could more significantly improves the net profit of the battery. Therefore, the
market operator could guide the battery to provide the most needed flexibility resource through
properly controlling magnitude, frequency and location of the price gaps.

8.2.3 Profit-neutral double-signal retail market model and pricing scheme for optimal

system operation

The retail market simulation conducted in Section 7 comprehensively evaluates the performance
of proposed retail market model and pricing scheme. Several important conclusions are drawn
from the simulation:

1. To begin with, motivations of both inelastic and elastic customers to participate in the retail
market are verified. It is shown that flexibilities provided by elastic customers result in a
lower retail energy price, saving the electricity bills for inelastic customers. Also, such a
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price reduction is not at the expense of elastic customers’ sacrifices, because as a return,
elastic customers receive a revenue that combines grid service income and subsidy. As the
number of elastic customers grows, higher benefits can be achieved by both inelastic and
elastic customers.

2. Addition of the grid service subsidy is proven to be necessary. Firstly, it ensures the
profitability of elastic customers despite the high degradation cost associated with batteries.
Secondly, it is able to compensate the decrease on average revenue shared by individual
elastic customer, when a severer competition is brought up by a larger number of elastic
customers.

3. The ability of the proposed retail pricing scheme to optimize its pricing strategy while
respecting network constraints is also shown in the study. Two tendencies of the retail
market solution obtained under a full network consideration are observed. First is to reward
discharging behaviors near peak load hours so as to better reduce line losses. Second is to
discourage concurrent battery operations so as to avoid voltage violations.

4. Last but not least, sensitivity analyses are conducted to compare retail market solutions
obtained under different battery conditions. The proposed retail market model is able to
adaptively adjust its pricing strategy to better incentivize batteries with worse conditions,
such that the system efficiency can still be guaranteed. Furthermore, the proposed retail
market model encourages improvement of the battery technology, as batteries with lower
degradation rate, larger capacity and higher dis-/charging rate limit are able to make more
profits from the retail market.

To sum up, superiority of the proposed retail market model and retail pricing scheme has been
proven. It provides a beneficial, practical, adaptive and supportive retail market solution that can
serve as a promising start of future retail electricity market reconstruction.

8.3 Future work

Following future work are considered to further complete the retail market design that ready for
real-world implementation.

1. This dissertation simulates an ideal retail market setting, where only homogeneous
batteries (with identical parameters but various initial SOC and location) exist in the market
as elastic participants. Therefore, the next step is to conduct simulations with
heterogeneous batteries and to analyze how the retail pricing scheme incentivizes them
differently.

2. Battery storage is modeled in this study as the representative price-responsive DER. It is
worth to study and model other types of price-responsive DERSs, e.g. shift-able loads and
thermostatically controlled loads, to build a more realistic retail market environment. Note
that, this will require extra works on formulating different groups of lower-level problems
in addition to the battery arbitrage problem.

3. Current, the bi-level retail pricing problem is solved in a centralized fashion, which requires
a full knowledge of RMO on parameters and initial operational status of batteries.
Therefore, additional efforts are suggested to convert the centralized decision-making
problem into a distributed decision marking problem to avoid unnecessary privacy
exchanges.
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4. Currently, price-responsive behaviors of elastic customers are modelled using an

optimization-based approach. However, information required for modeling the
optimization model may not always be available to the RMO. Also, models tailored for
other price-responsive DERs other than the battery storage may not be linear and convex.
Therefore, data-driven approaches for learning such price-responsive behaviors from
observable historical energy and financial transaction data will be investigated in the future.
In this study, the RMO is assumed to be a price-taker in the wholesale market to emphasize
interactions within the retail market. However, when the scale of the system goes up, the
influence of retail market’s operation towards wholesale market price cannot be ignored.
Therefore, the RMO will be modeled as a price-maker of the wholesale market in the future
to cover a more realistic application.

The proposed retail pricing mechanism is now formulated and solved as a deterministic
optimization problem. However, many uncertainties exist in the retail market, including
load forecasting errors, price forecasting errors, and deviations between the actual and
modelled price-responsive behaviors. Existence of these uncertainties invalidates
effectiveness of the deterministic approach. Therefore, a stochastic retail pricing
mechanism will be studied in the future for handling these system uncertainties.
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