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ABSTRACT

This dissertation develops advanced controls for distributed energy systems and
evaluates performance on technical and economic benefits. Microgrids and thermal
systems are of primary focus with applications shown for residential, commercial, and
military applications that have differing equipment, rate structures, and objectives.
Controls development for residential energy heating and cooling systems implement
adaptive precooling strategies and thermal energy storage, with comparisons made of each
approach separately and then together with precooling and thermal energy storage. Case
studies show on-peak demand and annual energy related expenses can be reduced by up to
75.6% and 23.5%, respectively, for a Building America B10 Benchmark home in Phoenix
Arizona, Los Angeles California, and Kona Hawaii. Microgrids for commercial
applications follow after with increased complexity. Three control methods are developed
and compared including a baseline logic-based control, model predictive control, and
model predictive control with ancillary service control algorithms. Case studies show that
amicrogrid consisting of 326 kW solar PV, 634 kW/ 634 kWh battery, and a 350 kW diesel
generator can reduce on-peak demand and annual energy related expenses by 82.2% and
44.1%, respectively. Findings also show that employing a model predictive control
algorithm with ancillary services can reduce operating expenses by 23.5% when compared
to a logic-based algorithm. Microgrid evaluation continues with an investigation of off-
grid operation and resilience for military applications. A statistical model is developed to
evaluate the survivability (i.e. probability to meet critical load during an islanding event)
to serve critical load out to 7 days of grid outage. Case studies compare the resilience of a

generator-only microgrid consisting of 5,250 kW in generators and hybrid microgrid



consisting of 2,250 kW generators, 3,450 kW / 13,800 kWh storage, and 16,479 kW solar
photovoltaics. Findings show that the hybrid microgrid improves survivability by 10.0%
and decreases fuel consumption by 47.8% over a 168-hour islanding event when compared
to a generator-only microgrid under nominal conditions. Findings in this dissertation can
increase the adoption of reliable, low cost, and low carbon distributed energy systems by
improving the operational capabilities and economic benefits to a variety of customers and

utilities.
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CHAPTER 1

INTRODUCTION

1.1. Motivation

Increasing demand for resilient and clean electric power is changing the way our
societies produce, transmit, consume, and think about electricity. New technologies are
supporting the paradigm shift of centralized generation to a more distributed approach,
with expanding focus on distributed energy resources (DERs) such as solar photovoltaics
(PV), energy storage, back-up conventional generation, and electric vehicles. Some
approaches group energy assets into microgrids that consist of one or multiple DERs and
loads that can be controlled as a single unit in parallel or islanded from the grid (ABB,
n.d.). Microgrids are commonly deployed in applications that require more reliable
electricity (e.g., hospitals, military bases, data centers, remote on-grid towns) or where it
is too costly or infeasible to expand the main grid (e.g., cell towers, off-grid villages, mines,
remote resorts) (Roberts, Chang, and Vox 2018). Ongoing research in microgrid controls
is seeking ways to further increase reliability and resilience while also lowering the cost of
operations.

Microgrid controller expenses currently account for a relatively low percentage of
total microgrid costs, ranging from 2%-10% of the total project costs (Giraldez et al. 2018).
However, controller expenses are expected to account for a larger portion of microgrid
project costs as the expense for individual microgrid assets (e.g., solar PV, storage)
continues to decrease (Load Management Leadership 2019). This suggests work is needed
to decrease the cost of microgrid controllers to further improve project economics, and

moreover, to increase the value of controls through reducing operating costs and enabling
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revenue generation. This additional financial value can be attained beyond the basic
functionality to ensure stable operations in grid-connected and islanded mode (Zhou and
Ho 2016)(Monesha, Kumar, and Rivera, n.d.). Microgrids and advanced controllers can
also address technical challenges arising from high-penetration distributed generation that
may otherwise lack integration and coordination with higher-level centralized generation
and transmission scheduling (Hirsch, Parag, and Guerrero 2018), (Goyal and Ghosh 2016),
(Raquel, n.d.).

1.2. Energy Industry Overview

The energy industry is undergoing unprecedented change. The percentage of the
total electricity produced in the United States (U.S.) from solar and wind sources was 0%
in 1980, 0.16% in 2000, and 7.62% in 2017 (Administration 2018). Over half of new
generation sources in 2017 were renewable, with the majority coming from solar and wind
(U.S. Energy Information Administration 2018b). Geothermal, hydro, and similar
renewable generation sources are also growing in popularity but are expected to comprise
a relatively small proportion of new generation capacity due to higher costs and restrictive
project site requirements (Argonne et al. 2017). The increase in renewable generation is
expected to continue with decreasing costs that rival natural gas (U.S. Energy Information
Administration 2018a), economic incentives for renewables, growing societal concerns
around climate change, and advances in storage technologies. Similar growth is occurring
in energy storage. The University of Michigan estimates that the amount of U.S. energy
storage projects increased by 174% from 2013 to 2018 (University of Michigan 2018). A
major driver to this increase is rapidly falling costs of battery storage by 80% from 2010
to 2017 (Chediak 2017). The recent proliferation of renewable energy and energy storage

2



has provided energy producers and consumers with new options to source low-carbon
power that is also reliable and low-cost.

Changes are also occurring for energy consumers. In 2018, 38% of total energy
consumption and 30% of the total electricity sales in the U.S. was from the residential and
commercial sectors (U.S. Energy Information Administration, n.d.; EIA 2018). Fig. 1.1
shows how the overall electricity demand is projected to increase by 2050, and that
residential and commercial sectors will still account for over half of nationwide demand.
These sectors have potential to benefit from emerging technologies including DERs and
microgrids. On-site DER and microgrid generation can supplement electricity purchases at

either retail rates from utilities or wholesale rates if market access is allowed.

Electricity use by end-use demand sector
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1.1: Historical, current, and forecasted electricity use in the U.S. (US Energy
Information Administration 2017).

Electric utilities are increasingly seeing changes in the electric power industry and

realizing that their business models will have to adapt. Fig. 1.2 shows how Peter Kind



describes these changes as a “Vicious Cycle” in which technology, policy, and market
factors create a feedback loop that increases utility rates thereby causing disgruntled
customers to look for other energy solutions (Ceres 2015). Recent publications have tried
to envision how electric utilities will operate in the future to avoid such patterns, with some
solutions posed such as revenue decoupling, equitable tariff design, localized energy
management systems, and new market designs (Small and Frantzis 2010; Ceres 2015; PwC
2014).
Bem;for
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1.2: The impact of disruptive technology, policy, and market forces that create a
“Vicious Cycle” in the electric power industry (Ceres 2015).

1.2.1. Energy Markets

Energy markets are expected to change with the transforming energy industry. The
Federal Energy Regulation Commission (FERC) is an independent agency within the U.S.
Department of Energy that regulates interstate transmission of electricity and ensures
consumers have access to reliable, efficient, and sustainable energy services at a reasonable
cost (FERC, n.d.). To maintain independence as a congressional regulatory agency, no

party within the U.S. government reviews decisions of FERC other than Federal courts
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(Greenfield 2018). In 2005, FERC granted the North American Electric Reliability
Corporation (NERC) the authority to regulate electrical markets according to specific
reliability standards (U.S. Government Information 2005). NERC is a nonpartisan
organization that has jurisdiction over the users, owners, and operators of the bulk power
system and the responsibility to oversee and regulate electricity markets (NERC 2019a).
Regional transmission organizations (RTOs) and independent system operators (ISOs)
administer regional wholesale electricity markets and provide reliability planning for
regions within the three interconnection areas of North America (Hoffman and Streit 2015).
These markets were created to address the constant increase in electric prices and to
encourage innovation through competition (PJM, n.d.). Fig. 1.3 shows the three
interconnection areas and RTO/ISO regions within the continental United States. These
markets coordinate both day-ahead and real-time purchases of electric energy, electric
power capacity, and ancillary services. In general, the RTOs/ISOs take bids in ascending
order and stop accepting bids when the needed power, capacity, or ancillary service is
secured for a specified time interval (American Public Power Association 2018). All
identified sellers within this time interval get compensated with the last bid price, also
known as the clearing price. Recent studies have explored potential barriers to entry and
system wide benefits of allowing distributed energy resources and microgrids to directly
participate in these wholesale energy and ancillary service markets (Studies, Applications,

and Benefits 2019), (Cochran et al. 2013).
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1.3: Three interconnection areas and the regional transmission organization/
independent system operator market and control areas in the United States
(United States Environmental Protection Agency 2017).

Ancillary services describe asset-level capabilities that help ensure the reliability of
the electrical grid (Reishus Consulting LLc 2017). These services ensure supply meets
demand during normal operations to compensate for the uncertainty associated with
imperfect load and renewable generation forecasts. Ancillary services also ensure enough
generation capacity is reserved to replace a major failure within the network. These
services can be automated or can be manually engaged by asset-level managers or electric
grid operators. The nomenclature for each ancillary service varies between locations,
balancing authority, and energy market, but in general there are four primary ancillary
services arranged on a day-ahead, hour-ahead, or real-time basis (frequency regulation,
spinning reserves, non-spinning reserves, and replacement reserves) and two secondary
services that are arranged on a long-term basis (voltage support and black start) (CAISO,
n.d.). Fig. 1.4 displays a generalized timescale of the different grid ancillary services that
are needed to provide the flexibility to match variations in supply and demand, maintain

frequency and voltage throughout the electrical grid, and can comprise as much as 25% of



the total bulk power costs (Hirst and Kirby 1996). Below are California Independent
System Operator (CAISO) definitions of each of the ancillary services (CAISO, n.d.):

e Frequency Regulation: Generation that is on-line and synchronized with the grid
frequency. Electricity generated can be increased or decreased instantaneously
through automatic generation control (AGC). Regulation is used to maintain
continuous balancing of resources and load within the ISO-controlled grid to
maintain a stable grid frequency.

e Spinning Reserves: Generation that is on-line with capacity to ramp generation up
or down within 10 minutes and remaining running for at least two hours.

e Non-spinning Reserves: Generation that is available but not on-line and is capable
of being synchronized and ramped up within 10 minutes, and then capable of
producing at that level of output for at least two hours.

e Replacement Reserves: Generation that is capable of starting if not already
operating, synchronized with the ISO controlled grid, and ramped up within one
hour and remain running for at least two hours.

e Voltage Support: Services provided by generating units or other equipment such
as shunt capacitors, static var compensators, or synchronous condensers that are
required to maintain grid voltage in a local area. This service is required for normal
operation and system emergency conditions.

e Black Start: The procedure by which a generating unit starts without an external
source of electricity. Typically occurs to restore power to the ISO Balancing

Authority Area following system wide or local area blackouts.



Timescale of Grid Reliability Functions (< 1 Day)

Short-run regulation ensures supply
meets demand every minute while
oad following ensures plants follow
the trend in demand throughout
the day

Frequency Control / Ramping
Veltage Control

Reserve Capacity

Reserves are staggered by response time such that
there is backup generation for the grid at various
response times (seconds, minutes, tens of minutes)

Contingency Reserves -
Frequency control ensures that the BPS is Load Fallowing
synchronized and stabilized for normal
and contingency conditions. Frequency is Non-Spinning Reserves A——
controlled in stages that range from
seconds (inertia) to hours (spinning
resarves). AGC and operational flexibility Regulation
of generation resources are critical to
maintain frequency control. Spinning Reserves ;
Frequency Responsive Resarve
\ sy Voltage control is needed consistently
a throughout the day. Itis location-specific
emors/AGC Response and requires reactive power control from
. reactive sources to maintain,
Imertia
Voltage Control
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Notes and Sources:

[1] Adapted from Kirby, Erendan, "Potential New Ancillary Services: Developments of Interest to Generators, " August 2074,
[2] MERC, "Special Report: Ancillary Service and Balancing Authority Area Solutions to Integrate Variable Generation,” March 2011,
[3] Kirby. Brendan, "Ancillary Services: Technical and Commercial Insights,® July 2007

1.4: Generalized timescale of the grid ancillary services needed to maintain a

reliable electric grid (Hibbard et al. 2017).

1.2.2. Reliability and Resilience

NERC defines grid reliability as “... the degree to which the performance of the

elements of [the electrical] system results in power being delivered to consumers within
accepted standards and in the amount desired.” (Hirst and Kirby 2000). Historically, the
reliability of electrical systems has been modeled and enhanced using contingency analyses
(Mdller et al. 2013), (Jamei et al., n.d.), (Miller 2008), (Momoh 2012). This type of analysis
simulates failures to generation and transmission infrastructure to determine the impact on
system capacity, stability, and the ability to meet load. The location and capacity of reserve
generation is calculated to ensure balance of supply and demand, stabilize power, and
eliminate possible congestion issues during these failures. Similar analyses have been
conducted on microgrids and groups of microgrids to demonstrate their operation during

islanding contingencies (Aghdam, Salehi, and Ghaemi 2018), (Goyal and Ghosh 2016),
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(Mashayekh et al. 2017). Metrics for reliability are well-established and include the system
average interruption duration index (SAIDI), system average interruption frequency index
(SAIFI), and customer average interruption duration index (CAIDI) (Eto and Lacommare
2008). These metrics represent the duration and frequency of system interruptions and can
indicate how reliable a system is (i.e. how often and how long do customers lose power)
but do not directly indicate the resilience of a system. Reliability and resilience are separate
concepts, and further, resilience does not have a standard definition, parameters, or metrics
even though it has recently received significant attention (The Gridwise Alliance 2013),
(Electric Power Research Institute 2016), (Ji et al. 2016), (Lammers 2017).

The definition of resilience used in this work is “... the ability to withstand grid
stress events without suffering operational compromise or to adapt to the strain so as to
minimize compromise via graceful degradation.” (Taft 2017b). Grid stresses include, but
are not limited to, congestion, imbalances, extreme weather, cyber-attacks, and device or
system failure (Widergren et al. 2018). The result of these stresses can cause power quality
issues, equipment failure, outages, and the loss of property, life, or finances. Fig. 1.5
compares consequences of grid stresses if the gird is reliable verses resilient. If a system is
only reliable and a major stress occurs there is typically a high probability that the system
will fracture or break causing a loss of service. However, if a system is resilient and the
same stress occurs the system can adapt and still provide service without the need for

external support.
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1.5: Comparison of grid resilience and reliability (Widergren et al. 2018).

1.3. Distributed Energy Systems

The recent paradigm shift of implementing distributed generation instead of
centralized generation within the energy industry has increased the prevalence of
distributed energy solutions. The following subsections describe common distributed
energy solutions.

1.3.1. DERs

Major advancements in power electronics and storage technologies have reduced
the cost and improved the operational behavior of solar PV modules, inverters, generators,
electric batteries, and controllable loads. The spot price for a solar PV module in the U.S.
dropped by approximately 80% from 2010 (1.80 $/Watt) to 2017 (0.35 $/Watt) while the
average module power and efficiency has steadily increased (Fu et al. 2017). The price of
PV inverters and storage inverters are expected to have similar cost reductions in the
upcoming years of 10%-12% per year and 12%-15% per year, respectively (Moskowitz
2017). Newer inverters are being manufactured with advanced functionality that includes
active power control, active power ramping, reactive power control and compensation, soft
start, and unintentional-islanding protection (National Renewable Energy Laboratory

2014). These advanced controls help smooth-out short-term variability in renewables, with
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energy storage being added to smooth-out long-term variability. This allows operators to
dispatch renewables similarly to traditional forms of generation by storing excess
renewable generation and dispatching it when the renewable supply does not meet demand
(Coppez, Chowdhury, and ... 2010). Fig. 1.6 shows how the price of lithium-ion batteries
has decreased since 2010, giving more opportunities for storage to have an economic return
on investment in energy applications such as microgrids (Chediak 2017). However, relying
on battery storage and renewable energy to meet 80% of the U.S. energy demand would
require a battery system that costs approximately $2.5 trillion (Temple 2018). Traditional
forms of generation (e.g. fossil fuels generators) are needed to ensure reliability and reduce
operating cost while phasing in renewables and storage. Microgrids can ease the transition
to a low carbon electricity generation by using small thermal-based generators to
supplement renewable generation and batteries. These distributed generations are
becoming more fuel efficient and better at sharing load across multiple generation sources
through variable speed drives and advanced control methods (Hadi, Hariyanto, and Choi

2016; Majumder et al. 2010).
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Cheaper Batteries
Lithium-ion battery prices just keep falling. They're down 24% from 2016 levels.

1.6: The volume weighted average manufacturing cost of Lithium-ion batteries
from 2010 to 2017 (Chediak 2017).

1.3.2. Microgrids

The distributed nature of renewables and DERs has increased interest in microgrids
and potential benefits that can be realized by controlling multiple DERs within a single
controllable region. The Department of Energy (DOE) defines a microgrid as “a group of
interconnected loads and distributed energy resources within clearly defined electrical
boundaries that acts as a single controllable entity with respect to the grid. A microgrid can
connect and disconnect from the grid to enable it to operate in both grid-connected or
island-mode.”” (Ton and Smith 2012). It is important to note that this definition does not
define a specific generation capacity. Stated differently, a microgrid can range from Watts
to Megawatts as long as it has the operational capability to isolate and reconnect back to
the grid with minimal to no loss load. Fig. 1.7 shows microgrid configurations for civilian
and defense applications. Civilian applications typically consist of residential, commercial,
and industrial loads paired with renewable generation and storage to reduce energy

expenditures. Defense applications typically consist of commercial and industrial loads
12



paired with renewable generation, storage, and back-up generators to reduce cost and

ensure a reliable energy supply in the event of a grid outage.
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1.7: Examples of a civilian microgrid (left) and a defense microgrid (right).

The first microgrid was constructed in 1882 when the first centralized power plant,
the Manhattan Pearl Street Station, was built to provide power to 80+ customers in 1882
(Applications et al. 2009). Economies of scale motivated the consolidation of microgrids
into large electrical grids with multiple control regions and stakeholders during the 20™
century. Recently, worldwide interest in microgrids has been growing due to the expanding
demand for accessible, safe, reliable, affordable, and sustainable energy sources. Navigant
Research projects that the worldwide microgrid market will become a $30.9 billion
industry by 2027 with 4,475 new microgrid projects deployed in 2019 (Navigant Research
2018) (Navigant Research 2019). Successful microgrid projects involve a variety of
stakeholders. These stakeholders include:
e Client/Customer — Owner of project. Can be one or multiple parties.
o Electric utility — Oversees the interconnection with electrical grid. Can also

be the microgrid owner or co-owner.
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e Developer/Integrator — Delivers engineering, construction, and procurement
(EPC) services for designing, installing, and commissioning.

e Technology vendor — Supply subsystems and energy assets.

e Financer — Provides capital and contractual underwriting.

e Regulator — Provides policy incentives and regulatory requirements.

e Operator — Ensures safe and reliable operations after commissioning.

e Technician — Performs routine maintenance and repair of equipment.

Collaboration between each stakeholder is necessary to ensure all parties
requirements are met and that a microgrid project can be delivered on time and on budget.
Project risk grows if any of these stakeholders are neglected during the lifetime of the
project.
1.3.3. Thermal Systems
Over 40% of residential energy use and nearly 30% of commercial energy use in

the U.S. is for heating ventilation and cooling (HVAC) (US Department of Energy 2008).
In warmer climates, peak cooling times (i.e. afternoon) require more expensive electricity
generation that often leads to higher utility tariffs. These market mechanisms economically
incentivize building owners to reduce or shift their cooling loads. This can result in unideal
temperature ranges that research has shown to negatively affect occupant comfort and
performance (Brager 2013). This provides an opportunity for thermal solutions that can
shift or reduce thermal loads while maintaining comfortable indoor air temperatures. Fig.
1.8 shows one such solution, a thermal energy storage (TES) system, that can store hot or
cold thermal energy during times of low electricity rates and dispatch this energy during

times of higher electricity rates to reduce peak demands. Precooling is another solution that
14



building managers and owners are using to reduce cooling costs. Precooling shifts a portion
of electricity used for cooling during high electricity rate periods by cooling a space by
passive (e.g. opening windows during the night) or active (e.g. operating the cooling
system) means during times of low electricity rates.

Research of precooling strategies for commercial and residential applications has
shown wide applicability to multiple climatic zones (J. E. Braun and Lee 2006; K.-H. Lee
and Braun 2008; K. Lee and Braun 2008b, 2008a; German et al. 2014; Arababadi and
Parrish 2015; Herter and Okuneva 2014) with simulation results showing economic
benefits (Keeney and Braun 1997; J. E. Braun and Lee 2006; K.-H. Lee and Braun 2008;
K. Lee and Braun 2008b, 2008a; Springer and Group 2007; Turner, Walker, and Roux
2015) and peak load reduction (Keeney and Braun 1997; J. E. Braun and Lee 2006; K.-H.
Lee and Braun 2008; K. Lee and Braun 2008b, 2008a; Springer and Group 2007; Turner,
Walker, and Roux 2015). Research has also shown similar economic and operational
benefits are possible using TES systems (Musgrove, Ehmke, and Stocks 1989; Arcuri,
Spataru, and Barrett 2017; Bell 1998). Recent studies have shown that further economic
and operational benefits can be achieved by combining precooling and TES systems for
commercial applications (Kintner-Meyer and Emery 1995; Henze and Krarti 1999; Krarti,
Henze, and Bell 1999; Hajiah and Krarti 2012a, 2012b). However, further research is
needed to understand the effects of combined cooling strategies (precooling and TES) in

the residential sector.
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1.8: Prototype of a residential TES, heat pump, and cooling coil configuration.

1.4. Controls

Electrical systems traditionally use hierarchical control architectures that consist of
three levels of controls that operate at different time scales to ensure that supply meets
demand and power quality standards are met. Fig. 1.9 depicts the primary, secondary, and
tertiary levels of controls and the prominent control functions executed in each domain.
Primary control is responsible for regulating grid frequency through immediate and
autonomous generator control (Undrill 2018). Secondary control balances and initially
dispatches reserves for disturbances using higher level generation controls and manual
actions taken by dispatchers (NERC Resources Subcommittee 2011). Tertiary control is
responsible for full deployment and restoration of reserves to handle current and future

contingencies (NERC Resources Subcommittee 2011).
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1.9: Hierarchical control structure of electrical power and energy systems (Meng
et al. 2016).

1.4.1. Grid Controls

The electrical power and energy industry is comprised of vertically integrated
utilities that own and control generation facilities, transmission networks, and local
distribution networks (Taft 2017a), and horizontally organized utilities that participate in
generation, transmission, and retail markets. Fig. 1.10 shows the different organizational
structures and market boundaries that they typically participate in. Vertically integrated
utilities typically use traditional controls (hierarchical) with less reliance on energy markets
than horizontally organized utilities because vertically integrated utilities own generation

(Taft 2017a).
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1.10: Organizational structures and market boundaries of vertical integrated and
horizontally integrated utilities (Pacific Northwest National Laboratory 2002).

1.4.2. Microgrid Controls

Hierarchical control has been implemented in microgrids to coordinate and control
assets internal to the microgrid and sometimes in conjunction with the connected utility or
ISO (Khongkhachat and Khomfoi 2015). Common classifications of microgrid controls
include centralized, decentralized, and distributed controls (Sen and Kumar 2018). Each

classification can be used for a variety of control functions similar to those of the main grid
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such as droop control, voltage and frequency control, active and reactive power sharing,
energy management, and market participation (Sen and Kumar 2018). These control
methodologies use closed loop controls, open loop controls, logic-based controls,
optimization, or a combination of these methodologies to accomplish the control tasks.
Optimization techniques can range from metaheuristic optimization methods to linear and
non-linear programing algorithms (Fathima and Palanisamy 2015). Recent research in
energy management and market participation has focused on employing model predictive
control (MPC) or receding horizon optimization approaches to dispatch energy assets while
considering the uncertainty of renewable generation and loads. Fig. 1.11 shows a
representation of an MPC approach in which the system behavior is modeled over a
specified prediction horizon and control inputs are used to achieve desired performance.
For cost-optimal operations of microgrids, MPC algorithms typically use real-time
information along with historical data to predict future environmental conditions, pricing
signals, and energy asset status over a specified horizon. The algorithm uses this
information as inputs for an optimization formulation that calculates the optimal dispatch
of energy assets over the time horizon and executes dispatch choices in the first time step.
With each time step, new forecasts are calculated and used to execute the optimal energy

asset dispatch for the next time step.
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1.11: Generalized representation of a model predictive controls approach (ABB
2019). The behavior of the system is modeled over a specified prediction horizon and
control inputs are used to achieve desired performance.

Current research has shown that MPC techniques can enhance economic and
technical metrics for electrical power and energy systems (Fathima and Palanisamy 2015;
Gruber et al. 2015; Pereira, Munoz De La Pena, and Limon 2016; Parisio, Rikos, Glielmo,
et al. 2014; J. Xu, Zou, and Niu 2014; X. Zhang et al. 2017; Prodan and Zio 2014;
Ghanbarian et al. 2017) and for HVAC systems and building thermal comfort (Castilla et
al. 2014; Acosta et al. 2016; Schirrer et al. 2016; Hazyuk, Ghiaus, and Penhouet 2012;
Privara et al. 2011; Afram and Janabi-Sharifi 2014; West, Ward, and Wall 2014; X. Chen,
Wang, and Srebric 2015). MPC techniques in microgrids have also been developed to
provide reactive power support services (Gandhi et al. 2018; Ratnam and Weller 2018).

Others have investigated optimal bidding strategies and participation in ancillary service
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marketplaces (Gomes and Saraiva 2010; Shi, Luo, and Tu 2014; Jianxiao Wang et al. 2017;
Majzoobi and Khodaei 2017).

Multiple U.S. patents are related to controls for microgrids. A small sample of
relevant patents include: Hybrid robust predictive optimization method of power system
dispatch (Patent Number 7991512), Microgrid energy management system and method for
controlling operation of a microgrid (Patent Number 9733623), and Energy management
system in a power and distribution system (Patent Number 7085660). However, no current
patents detail the control functionality needed for microgrids to participate in real-time
energy markets or ensuring resilience for islanding events. A provisions patent has been
filed based on the control algorithms discussed in Chapter 3 of this work (Serial Number
62/853,966) and an invention disclosure/ provision patent is currently being developed for
the controls and modeling discussed in Chapter 4 of this work.

1.5. Standards

Multiple regulatory entities have introduced standards to guide the deployment and
operation of DER and microgrid technologies in energy marketplaces. Examples include
IEEE 1547, IEEE 2030, FERC order 841, and ANSI C84.1.

e |EEE Standard for Interconnection and Interoperability of Distributed

Energy Resources with Associated Electric Power Systems Interfaces (IEEE

1547): Details the technical specifications and testing of interconnection and

interoperability between the utility electric power system and DERs. This standard

helps ensure safe and reliable operations of DERs and provides guidance on the
advanced operational behavior that distributed generation assets can provide to the
grid (e.g. voltage support).
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IEEE Guide for Smart Grid Interoperability of Energy Technology and
Information Technology Operation with the Electric Power System (EPS),
End-Use Applications, and Loads (IEEE 2030): Provides best practices for
achieving smart grid interoperability. This standard details networking and
communication needed for DERs to successfully integrate with the utilities and
RTOs/1SOs.

IEEE Standard for the Specification of Microgrid Controllers (IEEE 2030.7)
and IEEE Standard for the Testing of Microgrid Controllers (IEEE 2030.8):
Details the operational functions, testing procedures, and minimum requirements
associated with the proper operation of microgrid controllers. These standards help
guide the development and testing of microgrid controllers that can help improve
the adoption of DERs and microgrids with the central grid.

FERC order 841 (Item no. E-1): Allows for the participation of electric storage
resources in the capacity, energy, and ancillary services markets operated by
Regional Transmission Organizations and Independent System Operators. This
order enables value stacking of batteries to provide benefits to both
customers/owners and utilities/regulatory organizations.

American National Standard for Electric Power Systems and Equipment —
Voltage Ratings (60 Hertz) (ANSI C84.1): Establishes nominal voltage ratings
and operating tolerances for 60 hertz electric power systems above 100 volts. This
standard and similar standards ensure that newly integrated DERs and microgrids

can maintain a reliable grid.
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These standards and orders have potential to improve the economics of DERs and

microgrids by enabling the advanced operation and control of DERs and microgrids to

participate in energy marketplaces and coordinate with the larger electric power system.

1.6. Dissertation Organization

The dissertation is organized into five chapters:

Chapter 1: Introduction — Provides an introduction to the energy industry,
distributed energy resources, microgrids, grid controls, wholesale markets,
ancillary services, and microgrid controls. A brief description of the work
completed in Chapters 2 through 4 are also presented.

Chapter 2: Residential Cooling Using Separated and Coupled Precooling and
Thermal Energy Storage Strategies — This journal article evaluates economic and
operational benefits of several air-cooling strategies for residential applications.
Precooling and thermal energy storage cooling strategies are simulated separately
and in combination for a typical single-family home in Phoenix, AZ, Los Angeles,
CA, and Kona, HI. Analyses examine optimal precooling parameters, intraday
operations, and annual performance to compare cooling strategies with respect to
environmental conditions, utility rate structures, and payback periods. This article
was published in Applied Energy in October 2019.

Chapter 3: Model Predictive Control of Microgrids for Real-time Ancillary
Service Market Participation — This journal article develops advanced microgrid
control algorithms with results demonstrated for retail and wholesale markets.
Economic and operational benefits are shown for a case study involving a

commercial-scale microgrid. Logic-based, model predictive control, and model
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predictive control with ancillary services algorithms are used to dispatch assets
within a hybrid microgrid to achieve least cost operation. Annual performance and
intraday operational details are examined to understand the value of advanced
controllers and how they adjust dispatch to participate in real-time energy markets.
This article will be submitted in November 2019.

Chapter 4: Statistical Modeling of Microgrid Resiliency During Islanding
Operations — This journal article develops and examines a resilience modeling
framework with control algorithms for operating a microgrid during an islanding
event. A Markov chain model expresses the survivability of the microgrid over a
168-hour islanding event and an optimal control algorithm is developed to simulate
microgrid dispatch during islanding operations. Sensitivity analyses and
performance evaluations compare the resilience of a generator-only microgrid and
a hybrid microgrid with diesel generators, energy storage, and solar photovoltaics
(PV). This article will be submitted in November 20109.

Chapter 5: Discussion — Results from Chapters 2 through 4 are comprehensively
discussed. Benefits of advanced control algorithms for hybrid microgrids with
various operational goals are described and future research opportunities are

defined.
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CHAPTER 2

RESIDENTIAL COOLING USING SEPARATED AND COUPLED PRECOOLING
AND THERMAL ENERGY STORAGE STRATEGIES
Authored by James R. Nelson, Nathan G. Johnson, Prudhvi Tej Chinimilli, & Wenlong
Zhang
Published in Applied Energy Vol. 252 October 2019
https://doi.org/10.1016/j.apenergy.2019.113414

Abstract

Increased residential cooling loads often correlate with peak electricity demand in
warm and temperate climates. Solutions such as precooling and thermal energy storage
(TES) being separately shown to shift energy use to off-peak times and reduce electricity
expenses for commercial and residential applications. This study advances prior research
to jointly implement and optimize precooling and TES strategies, and further develops a
precooling strategy that dynamically adjusts precooling set points with respect to outdoor
temperatures. Six strategies for residential cooling are evaluated and compared on metrics
including system sizing, intraday dispatch, electricity use, energy expenditures, and
investment rate of return. Case study data include a simulated one-year period for the cities
of Phoenix, Los Angeles, and Kona in the United States. After accounting for capital cost,
operating cost savings, and discount factors, a smart thermostat with the proposed dynamic
precooling technique is found to have the best return on investment with payback rates
between 0.2-6.2 years across all locations and rate structures. However, if technology costs
lower or electricity rates change, it could be beneficial to use a combined approach with

TES and precooling that gives the greatest reduction in daily on-peak demand and energy
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use at 75.6% and 78.5%, respectively. These individual and combined strategies provide
value to ratepayers and electric utilities by reducing energy expenditures and shifting
cooling loads to reduce system-wide peak demand.
2.1. Introduction

Residential buildings account for 21.4% of total annual energy use in the United
States (EIA 2016) with space heating and space cooling comprising 41% of that (Berardi
2015). In areas with a warmer climate, intraday electricity peaks for building cooling
normally coincide with peak electricity system demand (Energy Information
Administration 2017). Utilities have sought to reduce system peak by installing advanced
metering infrastructure (AMI) in over 43% of homes in the United States (Cappers et al.
2016) and implementing time-of-use (TOU) rate structures to incentivize customers to shift
loads to other parts of the day (Zhao, Yang, and Lee 2017). Further reductions in peak load
can be obtained using automated demand response technologies that turn off certain loads
during periods of the day with higher electricity prices (McKane 2010). Solar photovoltaics
(PV) paired with battery storage have also been used to reduce system peak demand (i.e.,
peak shave) (Janko, Arnold, and Johnson 2016), (Luerssen et al. 2019). A similar option is
charging a thermal energy storage (TES) system during off-peak periods and discharging
the TES during on-peak periods (Musgrove, Ehmke, and Stocks 1989). Another thermal-
based load shifting method includes precooling a building before the onset of on-peak TOU
rates to reduce the use of chillers during on-peak times (Caves and Christensen 1980).
Either cooling strategy can benefit the customer and electric utility by reducing on-peak

energy demand and hence energy expenditures, yet minimal analytical inquiry has been
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completed for combinations of both precooling and TES for shifting residential cooling
loads.

Studies of precooling strategies for peak load reduction have primarily focused on
commercial buildings (Rismanchi et al. 2012), (Xue and Shengwei 2012), (P. Xu 2006),
(Y. Xu et al. 2013) using simulations to demonstrate economic benefits (Yau and
Rismanchi 2012), (Keeney and Braun 1997), (J. E. Braun and Lee 2006), (K.-H. Lee and
Braun 2008), (K. Lee and Braun 2008b), (K. Lee and Braun 2008a). Keeney and Braun
demonstrated cost savings averaging 10% per month for the peak cooling season (Keeney
and Braun 1997), while work by Xu et al. demonstrated reductions in cooling energy use
by 25-50% during peak hours (P. Xu 2006). Braun and Lee expanded on these works using
a case study involving a small commercial building that showed additional cost savings
could be achieved using multiple zone temperatures optimized for different intraday needs
(J. E. Braun and Lee 2006), (K.-H. Lee and Braun 2008), (K. Lee and Braun 2008b), (K.
Lee and Braun 2008a).

Research of precooling strategies for residential buildings has become more
common given increases in AMI, TOU rate structures, and smart thermostats. Results show
wide applicability to multiple climatic zones (German et al. 2014), (Arababadi and Parrish
2015), (Herter and Okuneva 2014) with demonstrated reductions in energy cost (Springer
and Group 2007; Turner, Walker, and Roux 2015) by dynamically updating thermostat set
points based on user occupancy and comfort preferences. Booten and Tabares-Velasco
validated a residential EnergyPlus building model that uses precooling strategies by
comparing energy usage to empirical data collected from an actual home in Sacramento,
California (Booten and Tabares-Velasco 2012). Braun and Chaturvedi developed inverse
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models from EnergyPlus results to predict cooling load demand and test advanced
precooling controls through simulations (J. E. Braun and Chaturvedi 2002). Fu Xiao and
Wang showed a 26% reduction power of demand for a residence in Hong Kong using
optimization algorithms with a combination of temperature set-point resets and precooling
strategies (Hu, Xiao, and Wang 2019). These studies can be expanded to increase economic
benefit by dynamically updating thermostat set points with respect to outdoor air
temperature to precool more, or less, based on expected cooling demand.

Similar reductions in electricity expenditures can be achieved using TES systems
(Musgrove, Ehmke, and Stocks 1989), (Arcuri, Spataru, and Barrett 2017), (Bell 1998),
(Kintner-Meyer and Emery 1995), (Farah, Liu, and Saman 2019), (Luo et al. 2017), (Ruan
et al. 2016), (Tang and Wang 2019). TES systems can be passive or active. Passive TES
systems typically rely on the building’s thermal mass or utilize phase change materials to
regulate indoor air temperature (Johra and Heiselberg 2017), (Wijesuriya, Brandt, and
Tabares-Velasco 2018) and active TES systems are coupled to an air conditioner or chiller
for charging and later discharging to cool a building (Navarro et al. 2016). Passive and
active TES systems use storage media with energy stored in sensible heat, latent heat, or a
combination of the two (Lizana et al. 2017). Storage medias may include solid materials
(e.g., rock, concrete), water or organic material (e.g., paraffin), and inorganic materials
(e.g., salts) (Hasnain S.M. 1998). Of these, ice and chilled water are common for active
systems because they are inexpensive, have high specific heats and latent heats that are
preferable for energy storage, and have long term stability across many cycles (Arcuri,

Spataru, and Barrett 2017), (Oro6 et al. 2012).
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Recent studies have suggested that additional economic benefits can be obtained
by co-optimizing air conditioning controls with active TES systems (Henze and Krarti
1999; Krarti, Henze, and Bell 1999; Bell 1998) or passive TES systems (J. E. Braun,
Montgomery, and Chaturvedi 2001), (T. Y. Chen 2001), (Klaassen, House, and Center
2002). Kintner-Meyer and Emery demonstrated the value of combining cold storage and
building thermal mass to achieve up to a 35% reduction in energy use during peak periods
while reducing daily energy expenditures by 6-18% for a benchmark 33,600 m? office
building simulated for locations including the island of Hawai'i, Phoenix, San Diego, and
Seattle (Kintner-Meyer and Emery 1995). Work by Hajiah and Krarti used building thermal
capacitance and ice storage to reduce on-peak cooling loads with simulated results
validated in an HVAC laboratory (Hajiah and Krarti 2012a). An additional study by the
same authors identified further economic benefits by optimizing system sizing through
parametric analysis of the chiller and ice storage tank capacity (Hajiah and Krarti 2012b).
These research methods for commercial-scale buildings have not been completed for
residential buildings with different building designs and specifications, occupancy
patterns, load profiles, and cooling technologies. Further, differences in building
envelopes, rate structures, and technology cost-performance curves indicate that findings
from prior industrial and commercial applications may not perfectly map to residential
applications and used to infer findings for that unexplored space in the literature.

This study develops six cooling strategies and completes a side-by-side techno-
economic comparison of electricity use and costs for a benchmark residential building
simulated with Building America B10 Benchmark specifications. HVAC components are
sized and controlled to reduce energy costs for different environmental conditions and
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TOU rate structures in three cities in the United States. Performance evaluation and
sensitivity analyses provide the following contributions to literature:
e Development of two optimized residential precooling strategies that dynamically
update set points based on outdoor air temperature.
e Technical development and optimal sizing of a coupled precooling and TES
system for a benchmark residential home.
e Energetic and financial comparison of six cooling strategies including precooling,
TES, and combined techniques across three locations with different environmental
conditions and TOU electric rate structures.
e A comparison of findings between residential and commercial applications
indicate the relative performance of precooling, TES, and combined techniques
does not hold between use cases with different building envelopes, rate structures,
and technology cost-performance curves.
2.2. Location Data
2.2.1. Environmental Data

Three case study locations were selected in the United States including Phoenix
and Los Angeles as Hot-Dry climates, and Kona as a Hot-Humid climate (Pacific
Northwest National Laboratory 2010). Local hourly environmental conditions were taken
from the nearest international airport with typical meteorological year (TMY3) weather
data (Wilcox and Marion 2008). Fig. 2.1 shows the location of each city with average
annual environmental statistics and Fig. 2.2 displays the average monthly outdoor air

temperature and relative humidity in each city.
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Alaska

Los Angeles, California
Lat:34°03'N
Long:118° 14’ W
Altitude: 96 m

Solar: 5.30 kWh/m?%d
Avg temp: 16.8 °C

Avg min temp: 13.0°C
Avg max temp: 21.0°C

Phoenix, Arizona
Lat: 3326’ N
Long: 112° 1’ W
Altitude: 331 m
Solar: 5.78 kWh/m%d
Avg temp: 23.8°C

Avg min temp: 17.6 °C
Avg max temp: 30.1°C

Kona, Hawaii
Lat: 19° 38’ N
Long: 155° 59’ W
PE Altitude: 32 m
. Solar: 5.37 kWh/m%d
> e e
L — Avgtemp. 25.0°C
" Avg min temp: 22.0 °C
Hawaii

Avg max temp: 29.0 °C

2.1: Average annual environmental characteristics for each location.
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2.2: Average monthly temperature and relative humidity for each location.
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2.2.2. Electric Rate Structures

Tables 2.1-2.3 summarize the electric rate structures for each location with prices that
vary by season and time of day. The Hawai'i Electric Light (HELCO) rate structure for
Kona maintains the same on-peak hours and price for every day of the year. For Phoenix,
the Salt River Project (SRP) rate structure has three seasonal rates including winter,
summer, and summer peak with different on-peak and off-peak TOU periods for winter
and summer months. The Los Angeles Department of Water and Power (LADWP) rate
structure includes four seasons and off-peak, low-peak, and high-peak TOU periods. For
the LADWP rate structure, the high-peak rate is considered on-peak for June to September,
while from October to May both the low-peak rate and high-peak rates are considered on-
peak given they are equivalent. Each utility includes additional taxes and fees, as shown in
Tables 1-3, with SRP and LADWP including fees in the base energy charge and HELCO
itemizing fees.

Table 2.1: Charges for the SRP Time-of-Use Rate Structure (E-26) in Phoenix,

Arizona.

Charge Description TOU Period Value
Energy Price Off-Peak (Nov-Apr) (Project Weekdays: 9pm-5am, 9am-5pm; 7.11
2015) Weekends: All day Cents/kWh
Energy Price On-Peak (Nov-Apr) (Project Weekdays: 5am-9am, 5pm-9pm 10.20
2015) Cents/kWh
Energy Price Off-Peak (May-June, Sept- Weekdays: 8pm-1pm; Weekends: All 7.38
Oct) (Project 2015) day Cents/kWh
Energy Price On-Peak (May-June, Sept-Oct) Weekdays: 1pm-8pm 19.57
(Project 2015) Cents/kWh
Energy Price Off-Peak (July-Aug) (Project Weekdays: 8pm-1pm; Weekends: All 7.41
2015) day Cents/kWh
Energy Price On-Peak (July-Aug) (Project Weekdays: 1pm-8pm 22.26
2015) Cents/kWh
Service Charge (Project 2015) - 20 $/month
City Tax (Phoenix) (Salt River Project n.d.) - 2.9%
E(()ju)nty and State Tax (Salt River Project - 6.3%
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Table 2.2: Charges for the LADWP Time-of-Use Rate Structure (R-1B, Power Rate
Ordinance No. 18413) in Los Angeles, California.

Utility Charge Description TOU Period Value
Energy Price Off-Peak (Jan-Mar) (Los Angeles Weekdays: 8pm-10am; 14.872
Department of Water and Power 2016) Weekends: All day Cents/kWh
Energy Price Low-Peak (Jan-Mar) (Los Angeles Weekdays: 10am-1pm, 18.401
Department of Water and Power 2016) 5pm-8pm Cents/kWh
Energy Price High-Peak (Jan-Mar) (Los Angeles Weekdays: 1pm-5pm 18.401
Department of Water and Power 2016) Cents/kWh
Energy Price Off-Peak (Apr-May) (Los Angeles Weekdays: 8pm-10am; 15.092
Department of Water and Power 2016) Weekends: All day Cents/kWh
Energy Price Low-Peak (Apr-May) (Los Angeles Weekdays: 10am-1pm, 18.621
Department of Water and Power 2016) 5pm-8pm Cents/kWh
Energy Price High-Peak (Apr-May) (Los Angeles Weekdays: 1pm-5pm 18.621
Department of Water and Power 2016) Cents/kWh
Energy Price Off-Peak (June) (Los Angeles Weekdays: 8pm-10am; 15.092
Department of Water and Power 2016) Weekends: All day Cents/kWh
Energy Price Low-Peak (June) (Los Angeles Weekdays: 10am-1pm, 18.621
Department of Water and Power 2016) 5pm-8pm Cents/kWh
Energy Price High-Peak (June) (Los Angeles Weekdays: 1pm-5pm 24.198
Department of Water and Power 2016) Cents/kWh
Energy Price Off-Peak (July-Sept) (Los Angeles Weekdays: 8pm-10am; 14.788
Department of Water and Power 2016) Weekends: All day Cents/kWh
Energy Price Low-Peak (July-Sept) (Los Angeles Weekdays: 10am-1pm, 18.816
Department of Water and Power 2016) 5pm-8pm Cents/kWh
Energy Price High-Peak (July-Sept) (Los Angeles Weekdays: 1pm-5pm 25.601
Department of Water and Power 2016) Cents/kWh
Energy Price Off-Peak (Oct-Dec) (Los Angeles Weekdays: 8pm-10am; 15.278
Department of Water and Power 2016) Weekends: All day Cents/kWh
Energy Price Low-Peak (Oct-Dec) (Los Angeles Weekdays: 10am-1pm, 19.306
Department of Water and Power 2016) 5pm-8pm Cents/kWh
Energy Price High-Peak (Oct-Dec) (Los Angeles Weekdays: 1pm-5pm 19.306
Department of Water and Power 2016) Cents/kWh
Service Charge (Jan-June) (Los Angeles Department - 12.85 $/month

of Water and Power 2016)

Service Charge (July-Dec) (Los Angeles Department

of Water and Power 2016)
City Tax (R. Lee n.d.)

21.20 $/month
10%
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Table 2.3: Charges for the HELCO Time-Of-Use Rate Structure (Revised Sheet No.
71) in Kona, Hawai'i.

Charge Description TOU Period Value
Energy Price Off-Peak (Hawaii Electric Light 2016) g;rlrl]y: 8pm- Ciﬁtgﬁ((&/h
Energy Price On-Peak (Hawaii Electric Light 2016) 8D;rlrlly: 3pm- C:;ltg/?((\)/?/h
Usage Charge (under 300 kWh) (Hawaii Electric Light 2016) - 0 Cents/kWh
Usage Charge (300-1000 kWh) (Hawaii Electric Light 2016) - 3.3518 Cents/kWh
Usage Charge (over 1000 kWh) (Hawaii Electric Light 2016) - 4.4510 Cents/KWh
Public Benefits Fund Surcharge (Hawaii Electric Light 2017a) - 4.2440 Cents/kWh
Purchase Power Adjustment Clause (Hawaii Electric Light -
2017¢) 2.2291 Cents/kWh
Revenue Balancing Account Provision (Hawaii Electric Light -
2017d) 0 Cents/kwh
Service Charge (Hawaii Electric Light 2016) - 11.50 $/month
Green Infrastructure Fee (Hawaii Electric Light 2017b) - 1.34 $/month
Tax - 0%

2.3. Building Energy Model

EnergyPlus (U.S. Department of Energy 2017) was used to model a benchmark single-
family home and simulate hourly energy use according to local environmental forcings in
each city. EnergyPlus is the Department of Energy’s (DOE’s) open-source whole-building
energy modeling engine that has been extensively tested and validated in (Berkeley,
Renewable, and Ridge, n.d.), (Henninger and Witte, n.d.), (Henninger et al. 2003), (Witte,
Henninger, and Crawley 2004), (Henninger and Witte, n.d.), (Im 2016). Home
specifications were taken from the Building America B10 Benchmark specifications,
which are consistent with the 2009 International Energy Conservation Code and commonly
used as a baseline to track progress toward multiyear energy savings goals (Wilson et al.
2014). The building envelope was constructed in BEopt with advanced simulation
parameters completed in EnergyPlus (National Renewable Energy Laboratory 2016).
Median home sizes for Phoenix and Los Angles were identified to be 200.4 m? (2157 ft?)

and 167.2 m? (1800 ft?), respectively (Muresan 2016), while the median home size for the
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Island of Hawai'i was found to be 128.3 m? (1381 ft?) (Ohama 2017). The average of these
sizes yielded a home of 165.3 m? (1780 ft?) that was adjusted to 167.2 m? (1800 ft?) to
maintain a rectangular shape with dimensions 11 m by 15.2 m (36 ft by 50 ft). Fig. 2.3
visualizes the building envelope for the single-story home comprised of three bedrooms
and two bathrooms. This building was used in each city to permit direct comparison. A
separate carport or unattached garage was not modeled. Table 2.4 details major building
characteristics and associated parameter values. Lighting loads, appliance and plug loads,
and people density were taken to be 1571.46 kWh/yr, 8998.17 kWh/yr, and 63.3 m?/person,
respectively, per the Building America B10 Benchmark specifications for a three bedroom

dwelling with 167.2 m? footprint (Wilson et al. 2014).

2.3: Building envelope for the Building America B10 Benchmark home.
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Table 2.4: Building characteristics and parameter values for the Building America
B10 Benchmark home (Wilson et al. 2014).

Building Characteristic Parameter Values

Walls R-13 fiberglass batt, 2x4, 40.6 cm o.c.

Attic Ceiling #-30 cellulose, GR-1, Vented

Roof Asphalt shingles, Medium

Windows 0.15 WWR, Low-E, Double, Non-metal, Air, L-Gain
Floor Uninsulated slab-on-grade

Infiltration 7 ACH50

Thermal Mass 80% carpet, 1.27 cm drywall all walls and ceilings
Wall Height 2.4m

2.3.1. HVAC System Sizing

Table 2.5 summarizes major characteristics of the HVAC system using the Building
America B10 Benchmark specifications (Wilson et al. 2014). The standard gas furnace and
air conditioning combination was replaced with a heat pump given the latter are more
common in the selected climates with limited to no heating needs (Energy 2017), (U.S.
Department of Energy, n.d.).

Table 2.5: Major characteristics of HVAC system for the Building America B10
Benchmark home (Wilson et al. 2014).

Component Description

Supply Fan On/off control, Blow through placement, Maximum flow rate — 635 m%/min
Ductwork R-8, Leakage — 15%

Heating Coil Single speed direct expansion capacity — 15.7 kW

Supplemental L .

Heating Coil Electric coil capacity — 5.3 kW

Cooling Coil Single speed direct expansion capacity — location dependent, Nominal sensible

heat ratio — 0.72, Nominal coefficient of performance — 4.07

A sizing study identified the minimum heat pump size needed to provide cooling
in each location without any unmet cooling in the simulated year. Table 2.6 shows results
with minimum sizes of 10.55 kW (3 tons) for Phoenix, 3.52 kW (1 ton) for Los Angeles,
and 5.28 kW (1.5 tons) for Kona. In Los Angeles and Kona, cooling electricity use

decreased with increasing heat pump capacity because the unit could operate for a shorter
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duration of the year while still meeting the required cooling requirements. Conversely in
Phoenix, annual electricity use increased from the 0.5 ton unit to the 1.0 ton unit because
the smaller unit operated frequently at maximum load and was unable to meet cooling
requirements that could be served by a larger unit. Units above 1.0 ton permitted faster

cooling and a reduction in operating hours that reduced total annual electricity use in

Phoenix.
Table 2.6: Baseline sizing analysis of heat pump cooling capacity.
Annual Electricity Use ~ Annual Electric Bill  Annual Cooling Hours Not
Cooling Capacity (MWhlyr) ($/yr) Met (hrs/yr)

(kW/ton) KO

PHX LA KONA PHX LA NA PHX LA KONA
1745 1555 7221

1.76/0.5 14.67 7.89 18.77 37 .81 78 477167 4183 6673.00
1842 1442 6457

3.52/1.0 1532 7.30 16.29 .86 .87 .38 3419.83 0 20.50
1867 1431 5671

5.28/1.5 1511 7.24 14.34 .95 .26 .87  1436.00 0 0
1836 1421 5417

7.03/2.0 1438 7.18 13.70 37 A7 .83 256.83 0 0
1777 1409 5314

8.79/2.5 1375 7.12 13.40 .86 .76 A7 0.17 0 0
1715 1401 5218

10.55/3.0 13.29 7.08 13.11 97 .00 .69 0 0 0
1671 1395 5112

12.31/3.5 1296 7.05 12.79 .38 14 .55 0 0 0
1643 1388 4996

14.07/4.0 1273 7.01 12.46 .76 97 .92 0 0 0

Note: PHX, LA, and KONA are abbreviations for Phoenix, Los Angeles, and Kona, respectively.

2.4. Cooling Strateqgies

Six cooling strategies were developed and simulated with resulting intraday
dispatch behaviors and annual performance compared.
2.4.1. Baseline Cooling Strategy

The baseline cooling strategy uses a constant thermostat set point of 24.4 °C

according to the Building America B10 Benchmark specifications (Wilson et al. 2014).
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Cooling load increases as outdoor air temperature rises to maintain a maximum interior
temperature of 24.4 °C.
2.4.2. Precooling Strategies

The precooling strategy adjusts the precooling thermostat set point, Tsp, using an
adjustable scaling parameter, §, multiplied by the difference between the outdoor air
temperature, T,, and the baseline temperature, Tg. Precooling occurs if the outdoor air
temperature is hotter than the baseline temperature. A set back variable, o, was used to
evaluate the effect of increasing the on-peak thermostat set point to further reduce energy
use during that period of day. Eq. 1 shows precooling strategy control logic where t is the
current time, t,, ; is the start time of the precooling period, and t; and t are the starting and
ending times of on-peak TOU electricity pricing, respectively. Two precooling strategies
were formulated: one without set back (denoted as Precooling No Set Back), and one with
set back (denoted as Precooling Set Back). Sensitivities are performed with respect to the

precooling duration, scaling parameter, and location to identify optimal set points.

Ty t <ty
Tg — 6(Ty — Tg) tpy <t<t;and Top = Tg
Tsp = Tg tpy <t<t;and Tp <Tg (Eq. 1)
Tz 40 t<t<t
Ty t =ty

2.4.3. TES Strategy

A single-speed direct expansion cooling coil was paired with a TES system in
EnergyPlus called Coil:Cooling:DX:SingleSpeed:ThermalStorage. The TES was right-
sized to meet 100% of energy requirements if the heat pump was operated at full capacity

for all on-peak hours to yield sizes of 73.85 kWh for Phoenix, 14.08 kWh for Los Angeles,
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and 26.40 kWh for Kona. Specifications were taken for the Lennox KCA060S4 cooling
coil with performance data related to operational characteristics (e.g., cooling capacity,
energy input ratio, and part load fraction) and indoor and outdoor conditions (e.g.,
evaporator entering wet-bulb temperature, dry-bulb temperature for the condenser,
evaporator air flow rate, and part load ratio of the cooling capacity of the evaporator) (Units
2017). Similar small-scale TES systems have been marketed for residential and small
commercial applications, such as Ice Bear technology at 28-140 kWh capacity (Ice Energy
2018a), (Ice Energy 2018b). Manufacturer data and relationships in EnergyPlus were used
to generate the sensible heat ratio, charging curve, and discharging curve for the different
sized cooling units in each city. Charging and discharging performance of the TES unit
was assumed independent of state of charge (SOC) between 5% and 95% to match findings
of high performance TES systems described in (Mammoli and Robinson 2018). Fig. 2.4
shows a flow chart of the control strategy for cooling, charging, and discharging modes
where ¢, ; is the start of the charging time, t. ; is the end of the charging time, SOC is the
state of charge of the TES, SOC,,,, is the maximum state of charge of the TES, ¢ is the
allowable range that the indoor air temperature can increase while in charging mode, and
T; is the measured indoor air temperature at time t. This control logic adequately charged
the TES while maintaining the indoor air temperature within the specified range of the
ANSI/ASHRAR Standard 55-2013 by allowing an increase up to 2 °C above the baseline
set point (ANSI/ASHRAE 2013). The ability of the heat pump to simultaneously cool and

charge the TES was not evaluated due to insufficient data from the manufacturer.
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Start Time
Step

Within charging period?
(ti<t<t.,)

Capacity to charge TES?
(SOC < 50Cp0x)

Acceptable temperature?
(T; > Tsp +£)

Within TOU period?
(t<t<ts)

Y

Discharge Cooling Charge
Only Mode Only Mode Only Mode

2.4: Operating mode logic for direct expansion cooling coil and TES system.

2.4.4. Combined Strategies

Two strategies were evaluated that combined both precooling and TES. One
combined strategy employed the optimal precooling set back temperature (denoted as
Combined Set Back), whereas the second combined strategy did not use a set back
temperature (denoted as Combined No Set Back). The duration and time of day for
charging the TES was kept similar between the TES-only strategy and both combined
strategies to enable direct comparison. TES charging began at midnight and ended four
hours before the on-peak hours to ensure the TES did not attempt to charge while the
building was being precooled.

2.5. Optimal Precooling Set Points

Optimal precooling strategies were identified by evaluating the effect of the scaling
parameter, precooling duration, and set back value on the annual electricity use and annual
electricity bill. Results in Fig. 2.5 for Phoenix show a positive relationship between
precooling duration and annual electricity use, and a negative correlation with annual
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electricity expenditures that indicates financial savings with longer precooling durations.
This trend holds for all four values of the scaling parameter and all set back temperatures
up to 6 °C, at which point annual electricity costs level off or increase for higher set back
temperatures and trend upwards for higher values of the scaling parameter. This occurs
because the indoor air temperature does not always drift up to the specified set back
temperature during on-peak hours. Therefore, as precooling duration increases, annual
electricity use and expenditures increase because cooling is applied unnecessarily and
creates a larger temperature difference between indoor and outdoor temperature that

increases energetic losses through the building envelope.
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2.5: Optimal set point analysis of precooling strategies for Phoenix.

Similar graphical summaries are provided in Figs. 2.6 and 2.7 for Los Angeles and
Kona, respectively. Trends are shown only for scaling parameter values of 0.1 and 0.4
because the same relationships exist for all scaling parameters with slight increases
observed in electricity use and expenses as the scaling parameter and precooling duration

increases. This is a result of the heat pump operating at a higher capacity to meet the lower
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thermostat set point during the precooling duration over the course of the year. Increasing
the set back temperature beyond 2 °C for Los Angeles and 4 °C for Kona had a negligible
effect on annual electricity use and expenditures due to the indoor temperature rarely
drifting up to the set back thermostat temperature during the on-peak time of day.
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1430
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1420
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7.30 1450

1440
7.25

1430

7.20

Annual Electricity
Use (MWh/yr)

1420

Annual Electric Bill ($/yr)

7.15 1410
0 1 2 3 4 5 0 1 2 3 4 5
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2.6: Optimal set point analysis of precooling strategies for Los Angeles.
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2.7: Optimal set point analysis of precooling strategies for Kona.

Table 2.7 summarizes optimal precooling parameters and the resulting energetic
and financial details for comparison. For Phoenix, the optimal precooling duration and
scaling parameter is one hour and 0.1 when using a set back temperature, and four hours
and 0.4 when a constant indoor temperature is maintained during on-peak times. This
results in energetic and financial savings of 21.4% and 8.7% when employing a set back
and a 2.7% decrease and 2.0% increase when maintaining a constant thermostat
temperature during on-peak times, respectively. If just examining the hotter summer
months, findings show that longer precooling durations and more significant dynamic
precooling set points (larger scaling parameter) are more economical when no set back is
employed but can result in increases in annual electricity use. Results for Los Angeles show
minimal energetic and financial savings due to the outdoor air temperature remaining close
to the thermostat temperature for the duration of on-peak periods. Findings for Kona

indicate 8.4% and 14.9% energetic and financial savings, respectively, for a precooling
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strategy with the maximum set back value. This is in contrast to a precooling strategy
without set back that uses 0.7% more electricity and results in a 0.4% increase in annual
electricity expenditures over the baseline strategy. Results from Figs. 2.5-2.7 and Table 2.7
indicate a precooling strategy with set back can provide energetic and economic benefits
for all three climates whereas a precooling strategy with no set back provides economic
benefit for hotter climates like Phoenix.

Table 2.7: Optimal precooling parameter for each location for strategies with and
without a set back temperature.

Precooling Baseline Precooling Set Back Precooling No Set Back
Parameter PHX LA KONA  PHX LA KONA  PHX LA KONA
Duration (hr) 0 0 0 1 1 1 4 1 1
Scaling (-) 0 0 0 0.1 0.1 0.1 0.4 0.1 0.1
Set back

Temperature 0 0 0 8 6 8 0 0 0
°C)

Annual

Electricity Use 13.29 7.30 14.34 12.13 7.18 13.13 13.55 7.30 14.44
(MWh/yr) and ) ) ) (-8.7) (-1.6) (-8.4) (+2.0) 0.0 (+0.7)
(Change (%0))

AMUAl BIECtriC 171097 144087 567187 134867 1417.78 482421 167001 1442.84 569537
Bill ($/yr) and

(Change (%)) Q] ¢) Q] (-214) (L7 (149 (-27) 00)  (+0.4)
Note: PHX, LA, and KONA are abbreviations for Phoenix, Los Angeles, and Kona, respectively.

2.6. Performance Comparison of Cooling Strategies

Performance comparisons were completed for six cooling strategies including the
baseline strategy, two dynamic precooling strategies, the TES system, and two combined
strategies. Simulations used hourly data from each location with results provided for (a)
intraday operational behavior for an average day in the summer, (b) electrical expenditures
for each month of the year to assess financial benefits with respect to changes in
environmental conditions and rate structures that change during the year, and (c)

performance characteristics and financial benefits for the entire year.
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2.6.1. Intraday Operational Behavior

Intraday results in Fig. 2.8 show peak shaving and load shifting capabilities for each
cooling strategy and each location. On-peak electricity rates are shaded in green and the
average hourly outdoor air temperature is plotted for context. The hourly temperature and
energy use represent the “average day” in July by averaging data across all days in the
month with highest TOU rates and temperatures; weekends were omitted in Phoenix and
Los Angeles because they lacked peak TOU pricing. Fig. 2.8 shows that for Phoenix and
Kona, the combined set back and precooling set back strategies resulted in a large ramp of
electricity consumption when the peak pricing period ends, a result of the HVAC system
operating at its maximum cooling capacity to bring the indoor temperature back to the
baseline set point. The other three cooling strategies mirror the baseline electricity

consumption profile for the evening hours past peak pricing period.
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2.8: Outdoor air temperature and intraday electricity use for the average day of
July for each location. The green shaded region denotes the on-peak electric rate
period.

Fig. 2.9 provides a quantitative summary of load shifting and peak shaving during
on-peak times. The five cooling strategies changed on-peak electricity use between +1.1%

and -78.5% and reduced on-peak demand by +0.7% and -75.6%. In Phoenix, four strategies
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including precooling set back, combined set back, TES, and combined no set back reduced
electricity consumption, with the precooling set back strategy resulting in the greatest
reduction of 18.4%. The combined set back, TES, and combined no set back strategies
reduced daily electricity consumption by 18.1%, 4.8%, and 0.1%, respectively, while the
precooling no set back strategy increased daily electricity consumption by 3.6%. Results
for Los Angeles show minimum benefit in load shifting due to the short on-peak period
and average outdoor air temperature being close to the 24.4 °C baseline thermostat set point
during on-peak times. Although the economic advantage of the investigated cooling
strategies is minimal for Los Angeles under the current rate structure, the load shifting and
peak shaving capabilities indicated in Fig. 2.9 can benefit the utility by reducing peak load
by up to 37.9% during on-peak hours. Results for Kona show a 30.0% to 64.4% reduction
in on-peak electricity use for all cooling strategies, except the precooling no set back
strategy which caused minimal reduction to the indoor temperature during precooling,
resulting in the HVAC system operating similar to the baseline strategy during on-peak
times. The TES and combined no set back strategies avoid the late afternoon ramps
produced by the other cooling strategies by shifting a portion of the electricity use to the
morning hours when the TES is being charged. However, the combined no set back strategy
results in a larger off-peak demand due to precooling while the TES charging maintains a
similar off-peak demand as the baseline strategy because the TES is charged during low

demand times (i.e., early morning hours).
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2.9: Daily electricity use and peak demand for off-peak and on-peak times of day in
each location for the average day of July.

2.6.2. Monthly Simulations

Fig. 2.10 shows monthly electricity expenditures for each location and cooling
strategy. Results for Phoenix show that any cooling strategy offers reduced expenses
relative to the baseline case for months May to October. Lowest monthly expenses are
achieved using the precooling set back strategy for ten months of the year and the combined
set back strategy for the remaining months of July and August. These data allow HVAC
designers and homeowners to adjust cooling strategies during the year to maximize
savings. For example, in Phoenix, the combined set back strategy is best suited for July
through August and the precooling set back strategy is best suited for the months of

September through June. Results for Los Angeles show that both strategies with a set back
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provide a modest reduction in expenditures for months July to September. For Kona, every
cooling strategy, except for the precooling no set back strategy, provides a reduction in
monthly electricity expenditures relative to the baseline case. For both Los Angeles and
Kona, the precooling set back strategy provides the lowest electric bills for all twelve
months of the year and doesn’t require changes in the cooling strategy beyond the use of a

dynamic precooling set point that updates automatically.
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2.6.3. Annual Performance Evaluation

Annual simulations of the proposed cooling strategies were completed to explore
the relative differences in performance and economics over a full year. Fig. 2.11 shows
results with the percentage change from baseline for the annual electricity charges, annual
electricity use, and annual peak demand for the off-peak, on-peak, and total billing periods
for each location. Off-peak and on-peak electricity charges are associated with the TOU
energy charges of each rate structure while the total electricity charges include fees and
taxes.

The precooling set back strategy provided the greatest savings in total annual
electricity charges for Phoenix, Los Angeles, and Kona with reductions of 23.5%, 1.7%,
and 14.9%, respectively. The combined set back strategy provided similar economic and
operational benefits in all locations, indicating that any strategy employing a set back
temperature reduced cooling load during on-peak times and hence electricity expenditures.
Precooling set back and combined set back strategies also reduced annual electricity use in
all three locations by minimizing heat pump operation during the hottest parts of the day
when the heat pump operates at a lower efficiency. The precooling no set back and TES
strategies shifted energy use to reduce on-peak loads but had only a modest effect on annual
electricity use for Phoenix and Kona. None of the proposed cooling strategies significantly
affected total annual electricity use or total annual peak demand for Los Angeles, and
further, only the two strategies using a set back provided financial savings relative to the
baseline case.

Each of the cooling strategies increased total annual peak demand for Phoenix with
the strategies employing a set back causing the greatest increase of 10.9% in off-peak
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periods due to the heat pump operating at a high capacity after the on-peak time period to
bring the indoor temperature back to the baseline value. However, each of the cooling
strategies in Phoenix reduced on-peak demand by 12.8% to 38.3%. In Kona, cooling
strategies with a set back also increased annual peak demand by up to 3.2%, however,
strategies without a set back temperature lowered annual peak demand because the heat
pump was not operated near full capacity following the on-peak period. In Los Angeles,
total annual peak demand and on-peak demand decreased for every strategy, except for
precooling with no set back because the afternoon peak was not affected. Total annual peak
demand increased for Phoenix and Kona and decreased for Los Angeles, however, there
was no effect on electricity charges because residential rate structures did not include
demand charges.

Optimal cooling strategies for each month were selected from Section 6.2 and
combined to create a “mixed” strategy, as shown in Fig. 2.11, to obtain greater financial
savings by selecting the least cost strategy from each month. Los Angeles and Kona had
the simplest mixed strategy because the precooling set back strategy was the least cost
option in all months. In Los Angeles, this occurred because raising the thermostat set point
during on-peak times decreased the total heat pump operating hours over a year and
increased the average annual heat pump efficiency. Whereas in Kona, locational
differences including the single non-seasonal rate structure and minimal changes in
intraday air temperatures over the year favored precooling with set back. Phoenix used a
combination of the precooling set back strategy (September to June) and combined set back
strategy (July to August) to maximize the amount of energy shifted to off-peak times during
the hottest months of the year.
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The ten-year rate of return and payback period for each cooling strategy was
calculated for each location. Capital costs given in Table 2.8 include the TES system for
each location calculated using methodology available in (Sanaye and Hekmatian 2016),
(Sanaye and Shirazi 2013), (Venkata Rao 2018), (Navidbakhsh, Shirazi, and Sanaye 2013)
and the average capital cost of market-ready smart thermostats from (Delaney 2018). The
average inflation rate of 2.18% from 2000-2018 (COINNEWS MEDIA GROUP LLC, n.d.)
was used as the discount rate and applied to annualized savings calculations to yield the
rate of return given in Table 2.9. The TES and combined no set back strategies result in a
negative rate of return for all locations, indicating that operational savings do not make up
for the capital cost of a TES system. Precooling provides a consistent positive rate of return
for each location, and the greatest rate of return, due to the low capital cost of the smart
thermostats and monthly monetary savings that were as good or greater than savings with
TES alternatives. Investment in a smart thermostat with the proposed dynamic precooling
strategy provides a payback period of 0.4, 6.2, and 0.2 for Phoenix, Los Angeles, and Kona,
respectively.

Table 2.8: Capital cost of thermal energy storage and smart thermostat for each

location.
Phoenix TES Los Angeles TES Kona TES All Locations Smart Thermostat
Cost ($) 6212.70 3285.64 4151.96 150.45

Table 2.9: Ten-year rate of return of each cooling strategy and technology for each

location.

Cooling Strategy Rate of Return (%)

Phoenix Los Angeles  Kona
TES -70.20 -103.28 -57.85
Precooling 2119.81 51.63 5022.90
Combined -48.14 -95.40 74.63
Precooling No Set Back  177.76 -99.82 -242.02
Combined No Set Back  -71.55 -103.17 -64.88
Mixed -47.47 -93.36 79.14
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2.7. Conclusions

This study performed techno-economic evaluations of six cooling strategies for a

B10 Building America Benchmark residential building in the cities of Phoenix, Los

Angeles, and Kona of the United States. Time-of-use rate structures were applied from

each local utility to assess the viability of implementing precooling strategies and ice

thermal energy storage (TES) systems that were optimized separately and together in a

combined strategy (precooling and TES). Results were evaluated and compared on system

sizing, intraday dispatch, electricity use, and electricity cost across daily, monthly, and

annual simulations. Significant findings include:

An optimal heat pump and TES system was sized for each location based on local
environmental conditions and utility rate structures to yield a heat pump and TES
capacity of 10.55 kW (3 tons) and 73.85 kWh for Phoenix, 3.52 kW (1 ton) and
14.08 kWh for Los Angeles, and 5.28 kW (1.5 tons) and 26.40 kWh for Kona,
respectively.

When looking at the hottest days of the year using an average simulated day in July,
the combined (precooling and TES) strategy with set back temperature provided
the greatest reductions in on-peak demand and on-peak energy use, with results
showing reductions of 75.6% and 78.5% for Phoenix, 36.9% and 37.9% for Los
Angeles, and 60.7% and 64.4% for Kona, respectively.

The TES system alone was able to maintain a consistent indoor air temperature
while reducing daily on-peak demand and on-peak electricity consumption between
11.1%-55.8% and 11.5%-54.6% when compared to the baseline cooling strategy
across all three locations, respectively.
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When examining performance over the entire year, the precooling set back strategy
provided the greatest reductions in annual on-peak demand and annual on-peak
energy use with results showing reductions of 38.3% and 51.5% for Phoenix, and
26.2% and 7.0% for Los Angeles, respectively. In Kona, the TES strategy provided
the greatest reduction in annual on-peak demand of 20.0%, whereas the precooling
set back strategy provided the greatest reduction in annual on-peak energy use of
49.0%.

The precooling strategy with no set back provided a 4.8% reduction in annual
electricity charges for hotter climates, such as Phoenix, with minimal economic
benefit realized for the more temperate climates of Los Angeles and Kona.
Analyses completed for precooling strategies with set back showed that
dynamically updating precooling set points provided further cost savings using a
simple automated routine that adjusted set points as a function of outdoor air
temperature and daily weather patterns. This strategy resulted in an annual
economic savings of 23.5%, 1.7%, and 14.9% for Phoenix, Los Angeles, and Kona,
respectively. However, the total annual peak demand increased by 10.9% and
23.9%, for Phoenix and Kona, respectively.

Precooling set back and combined set back strategies used the heat pump at nearly
an equivalent load factor over the year, in contrast to the baseline model, by shifting
heat pump use from on-peak to off-peak times and thereby decreasing total annual
electricity charges by 1.2% to 23.5% and operating the heat pump at a higher
efficiency to reduce total annual electricity use by 1.1% to 8.7% across all three

locations.
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The combined set back strategy was generally not used but provided a close
economic savings to that of precooling set back for both Phoenix and Kona. The
combined set back strategy was used in the mixed strategy for Phoenix in periods
of the year with the highest on-peak electricity rates and hotter temperatures.

A full financial assessment was completed to identify the ten-year rate of return and
payback period. Findings showed that TES and combined no set back strategies
result in a negative rate of return for all locations, indicating that operational
savings do not make up for the capital cost of a TES system over a ten-year period.
The precooling strategy provides a consistent positive rate of return for each
location, and the greatest rate of return, due to the low capital cost of the smart
thermostats and monthly monetary savings that were as good or greater than
savings with TES alternatives. Investment in a smart thermostat with the proposed
dynamic precooling technique provides a payback period of 0.4, 6.2, and 0.2 for
Phoenix, Los Angeles, and Kona, respectively.

Generalized findings indicate that precooling strategies were effective at reducing

residential electricity expenditures for all locations, with TES systems demonstrating some
but lesser benefit in locations such as Phoenix with high cooling requirements that may
warrant the financial investment of a TES system. The relative cost savings of these
strategies increased with rate structures having longer on-peak periods and greater
differences between on-peak and off-peak rates that promoted load shifting. Results show
that precooling strategies increased total annual peak demand for Phoenix and Kona. This
did not affect energy expenditures because residential rate structures did not include

demand charges, which is in contrast to cooling studies for commercial and industrial
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buildings that often include demand charges and hence utilize different cooling
technologies and controls strategies to reduce overall energy expenditures. For example, a
study performed by Kintner-Meyer and Emery implemented precooling and TES to
achieve a 21% reduction in peak power demand, 41% reduction in on-peak energy use, and
6% reduction in daily operating costs for a benchmark 33,600 m? office building simulated
in Phoenix (Kintner-Meyer and Emery 1995). Findings from this study using precooling
and TES for the benchmark 167.2 m? residential home in Phoenix demonstrated a 16.0%
increase in peak power demand, 78.5% reduction in on-peak energy use, and 44.7%
reduction in daily operating costs. These two studies demonstrate that quantitative findings,
and more importantly the ranked order of cooling alternatives, can be different based on
the building envelope, rate structure, and economies of scale for the selected technologies.

Not all of the evaluated cooling strategies provided a reduction in annual electricity
use or electric bill. However, these strategies can still provide value to electric utilities by
shifting cooling loads to reduce system-wide peak demand and shifting energy use to off-
peak times. Such savings for the utility could be passed onto the consumer through rate
adjustments. Further work could explore rate structures with demand charges to
compensate customers for peak load reduction. Extending this study with empirical testing
including user comfort is another area for investigation.
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CHAPTER 3

MODEL PREDICTIVE CONTROL OF MICROGRIDS FOR REAL-TIME
ANCILLARY SERVICE MARKET PARTIPCATION
Authored by James R. Nelson, Nathan G. Johnson
Forthcoming Journal Submission in November 2019

Abstract

This study develops two model predictive control approaches to optimize microgrid
dispatch, one with participation in real-time ancillary service markets and the other without
participation. Results are compared to a baseline logic-based control with case study data
taken from a grid-tied 326 kW solar photovoltaic, 634 kW/ 634 kWh battery, and 350 kW
diesel generator microgrid portfolio designed to serve an office building. Annual
performance evaluations show that model predictive control algorithms can reduce
operating expenses by 13.73% when compared to logic-based controls, and through
participation in ancillary service markets, model predictive control can reduce net
operating expenses by up to 23.47%. Revenue from ancillary services accounted for up to
12.03% of operating costs from spinning reserve (7.52%) and non-spinning reserve
(4.51%). Model predictive control with ancillary services maintained the battery state of
charge an average of 38.78% higher than batteries dispatched by model predictive control
without market participation. This reduced battery cycling losses, minimized battery O&M
expenses, and improved battery lifetime. Sensitivity analyses indicate that more granular
time steps and longer prediction horizons for model predictive control provide additional
operating cost savings. Intraday simulations indicate that both model predictive control
algorithms can adapt to differences in environmental conditions and pricing signals to
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minimize operational costs. This generalizable finding suggests an inherent modularity,
scalability, and robustness of the proposed algorithms to provide additional value to a
variety of microgrid owners and operators.
3.1. Introduction

The increasing prevalence of distributed energy resources (DERS), societal interest
in low-carbon energy, and added emphasis on resilience is creating rapid change in the
electric power industry (Janko, Arnold, and Johnson 2016), (Grid Modernization
Labortatory Consortium 2017). Utility revenue models, based traditionally on energy sales,
are being disrupted by the adoption of DERs that offset customer energy purchases (Ceres
2015), (Small and Frantzis 2010). Higher amounts of variable, renewable power is also
creating concerns for power stability and quality given that high-inertia, thermal generation
may not as easily stabilize grid frequency and voltage (Sadamoto et al. 2018), (Chambers
2018), (Mazumder, Ghosh, and Zare 2013). Microgrids are one solution being
implemented to address the technical and economic challenges of high-penetration
distributed generation by providing advanced controls and coordination with higher-level
centralized generation and transmission scheduling (Hirsch, Parag, and Guerrero 2018),
(Goyal and Ghosh 2016), (Raqguel, n.d.). Microgrids can provide low-cost energy while
also increasing the reliability and resilience of energy supply by utilizing local generating
resources in the event of a grid outage (Taft 2017b), (Amirioun et al. 2019), (Hussain, Bui,
and Kim 2019), (Jiaren Wang et al. 2018). Potential customer segments include military,
hospitals, health services, data centers, islands, and other critical public services and

industries (Asmus, Forni, and VVogel 2018).

68



Traditional control methodologies for electric power systems implement
hierarchical control architectures (Arafeh 1978) that typically consist of three control levels
(primary, secondary, and tertiary) operating at different time scales to ensure supply meets
demand and power quality is maintained (Undrill 2018), (NERC Resources Subcommittee
2011). This approach is common for managing power generation, transmission, and
distribution within a service territory. Hierarchical control has also been implemented in
microgrids to control assets internal to the microgrid and, in some instances, coordinate
microgrid dispatch with the connected utility, regional transmission organization (RTO),
or independent system operator (ISO) (Khongkhachat and Khomfoi 2015). Common
classifications of microgrid controls include centralized, decentralized, and distributed
controls (Sen and Kumar 2018). Each classification can be used for a variety of control
functions similar to those of the main grid, such as droop control, voltage and frequency
control, active and reactive power sharing, energy management, and market participation
(Sen and Kumar 2018), (Zhou and Ho 2016). Each of these specific control functions is
instantiated from a generic control methodology such as closed loop controls, open loop
controls, logic-based controls, or optimization (Monesha, Kumar, and Rivera, n.d.),
(Borazjani et al. 2014). Optimization techniques are an area of increasing research with
example sub-fields including linear programming, non-linear programing, and
metaheuristic optimization (e.g. genetic algorithms) (Fathima and Palanisamy 2015).

Model predictive control (MPC) has growing applications for dispatching energy
assets with respect to uncertainty in renewable generation and loads (Rawlings and Mayne
2009). MPC techniques, also known as receding horizon optimization, have been shown to

enhance economic and technical metrics for microgrids and similar energy systems (Gruber
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et al. 2015), (Pereira, Munoz De La Pena, and Limon 2016), (Parisio, Rikos, Glielmo, et
al. 2014), (J. Xu, Zou, and Niu 2014), (X. Zhang et al. 2017), (Prodan and Zio 2014),
(Ghanbarian et al. 2017), (Morstyn et al. 2018), (Bruni et al. 2015), (Y. Zhang et al. 2015),
(Mehleri et al. 2012), (Zachar and Daoutidis 2016). Parisio et al. demonstrated the viability
of MPC through simulations and validated results with hardware testing in a lab
environment (Parisio, Rikos, Tzamalis, et al. 2014). Continued work by the authors
expanded the MPC methodology to account for uncertainty of loads and renewable
generation using a two-stage stochastic approach that demonstrated reduced operational
costs and emissions compared to a deterministic approach (Parisio, Rikos, and Glielmo
2016). A similar study by Zhang et al. showed that MPC was superior to a logic-based
approach when forecast data are imperfect (Liu et al. 2016).

Prior work to minimize microgrid operating cost is now being advanced with
research to increase revenue through wholesale market participation and further improve
economics In 1992, the Federal Energy Regulatory Commission (FERC) issued The
Restructuring Rule (Order No. 363) to create competitive markets that uncoupled the sale
of energy services from transportation services (Tuttle et al. 2016). This order has helped
motivate research of advanced microgrid control approaches that participate in energy
markets and provide ancillary services (Gomes and Saraiva 2010), (Shi, Luo, and Tu 2014),
(Ratnam and Weller 2018), (Gandhi et al. 2018), (Majzoobi and Khodaei 2017), (Chilipi
et al. 2016). Wang et al. demonstrated that microgrids can increase revenue streams by 8%-
25% by providing flexible ramping services and reserves to the electric grid in day-ahead
markets (Jianxiao Wang et al. 2017). This improves project financials for the microgrid
owner/operator while also providing flexibility and adequacy to the larger interconnected

70



power system. Few studies have explored the potential barriers to market entry and
potential benefits of allowing distributed energy resources and microgrids to directly
participate in wholesale markets (Studies, Applications, and Benefits 2019), (Cochran et
al. 2013). Continued work is needed to explore the economic and operational potential of
microgrids participating in real-time ancillary service markets.

This study develops microgrid control algorithms to schedule asset dispatch and
participation in real-time energy markets. Contributions to literature include:

e Develops an MPC approach that optimally dispatches assets and participates in
real-time energy markets to achieve cost-optimal operation.

e Designs a microgrid portfolio for a commercial building on Arizona State
University’s Tempe campus to serve local loads, exchange energy with the utility,
and provide ancillary services to real-time energy markets.

e Quantifies the sensitivity of dispatch scheduling and operational cost to MPC time
step size and prediction time horizon.

e Compares technical and economic performance of microgrid dispatch routines
using logic-based controls, MPC without ancillary services, and MPC with
ancillary services.

3.2. Microgrid Control Algorithms

Two model predictive control algorithms are developed and compared to a baseline
algorithm using logic-based controls. Differences in operating behavior and cash flow are
highlighted to identify opportunities for improving the technical and financial efficacy of

grid-connected microgrids.
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3.2.1. Logic-based Control

The logic-based control algorithm uses real-time information related to
environmental conditions, pricing signals, and energy asset status to dispatch local energy
assets to reduce current operational costs. Fig. 3.1 shows the process used to dispatch

controllable energy assets.
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3.2.2. Model Predictive Control

Model predictive control algorithms use historical data and real-time data to
forecast future environmental conditions, pricing signals, and energy asset status over a
specified time horizon. This information is input into an optimization formulation that
schedules energy asset dispatch over a selected time horizon and executes dispatch choices
in the first time step. With each time step, new forecasts are calculated and used to execute
the optimal dispatch for the next time step. The optimization formulation consists of an
objective function that describes microgrid operating costs and revenue streams, and
constraints that ensure the microgrid and energy assets maintain proper operation within
their limitations.
3.2.2.1. Objective Function

Microgrid operating cost is minimized using the objective function in Eq. 1 where

T}, is the specified time horizon, C]ffg is the variable fuel cost of the distributed generator,

Cg;ﬁ, is the variable operation and maintenance cost of the distributed generator, P49 is the
power output of the distributed generator, t,, is the time step hourly fraction, c;fg is the

no-load fuel cost of the distributed generator, B9 is the binary variable that indicates if
the distributed generator is on (1) or off (0), C3,, is the operation and maintenance cost of
the energy storage, P is the charging power of energy storage, Pj is the discharging power

is the cost to buy energy from the grid, P

of energy storage, CJ buy

e buy is the power

purchased from the grid, Cfse” is the compensation price for selling energy to the grid,
P;2,, is the power sold to the grid, Ty, is the length of time of the billing period, CZ,,, ., is

the demand charge associated with the n™ time-of-use (TOU) period, and P? is the

ax,n
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maximum power demand seen by the grid during the n'" TOU period. Demand charges are
imposed once per billing period while energy charges are imposed for every time step of
the billing period. Stated differently, variables associated with energy charges are time
dependent whereas variables associated with demand charges are not and only applied once

per time horizon and scaled with the number of time horizons within each billing period.

Th
3 <((Cﬁﬁ + CERPI(0) + CIEBU) )ty + (CouPE(O) + CoPE(O))tny
t=1
4 (050 OPE () = €, (DR, ©) thf) (Eq. 1)
T Ntou
h
+T_ Z C&gem,nprgax,n
bp =

3.2.2.2. Constraints

Energy asset specifications, load forecasts, and renewable generation forecasts
establish constraints to microgrid operation. Eq. 2 shows the energy balance that ensures
electric load is served by a combination of power generated by distributed energy resources
within the microgrid or power purchased from the grid, where P"" is the power of
renewable generation, P¢°™t is the power consumption of the controllable load, and P;g;'f

is the forecasted power consumption of the critical load.

PA9(t) + PTM(t) + Py, () — P2, (£) — PE(£) + P3(t) — P (8) — PRy () (EQ. 2)
=0
fort=1,..,T,
Eq. 3 expresses the amount of renewable generation that can be curtailed, P"™", and

is limited by the forecasted future renewable generation, Pr;;". Renewable generation is

never curtailed in this case study but Eq. 3 is still included as part of a comprehensive
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formulation to allow curtailment by request of the utility in an over-production scenario,
or curtailment during a grid outage to balance power as described in Eg. 2.

0<P™(t) < Pfc‘fr” (Eq. 3)
fort =1,..,T,

Eq. 4 constrains minimum generator loading, P 1o prevent wet stacking and

min’
damage to the generator (Clifford Power 1999). Eq. 5 sets the upper limit for generator
operation using the maximum capacity, P,.2... Eqs. 6 and 7 ensure that the ramping limits

of the distributed generator are followed when changing dispatch from one time step to the

next, where is the maximum hourly ramp down rate of the distributed generator
t, where P is th hourly ramp d te of the distributed generat

and Pr‘iﬁnp,u Is the maximum hourly ramp up rate of the distributed generator.

P9 BA9(t) < P4 (1) (Eq. 4)
fort=1,..,Ty
PA9(t) < Pn‘iszdg 0) (Eq. 5)
fort=1,.
P9 (t —1) — P4 (t) < P ampdthf (Eq. 6)
fort =2, ...,
PA9(t) — PU9(t — 1) < Pr‘ginputhf (Eq.7)
fort =2,..,Ty

Eqgs. 8 and 9 express energy storage constraints for minimum state of charge (SOC)
and maximum SOC, where E,;,, and E;,,, are the minimum and maximum allowable

energy levels in energy storage, respectively.

Ejin < ES(Y) (Eq. 8)
fort=1,..,T,
ES(t) < Emax (Eq.9)
fort=1,..,T,
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Eq. 10 defines the initial energy stored energy, E},;;, at the start of the time horizon.

E*(1) = Ejyt (Eq. 10)

Egs. 11 and 12 ensure that charging and discharging rates of energy storage remain

within limits specified by the battery manufacturer’s C-rating, where P>, is the C-rating
when charging and Pg .., is the C-rating when discharging. Both P4, and Py .., are

positive by convention.

0 < P°(t) < Plmax (Eq. 11)
fort=1,..,Ty

0 < PS(O) < Plmax (Eq. 12)
fort=1,..,Ty

Eg. 13 balances energy flows for energy storage, where P, is the self-discharge
rate, 77> is the charging efficiency, and 7 is the discharging efficiency.

1 .
ES() =E°(t— 1+ (niPCS(t -1 - ?Pg(t -1 - P;elf> thr (Ea. 13)
d
fort =2,..,Ty

The “Big M” method was used to ensure energy storage does not simultaneously
charge and discharge in the same time step. A description of the “Big M” optimization
technique can be found in (Zhenzhen 2015). Egs. 14 and 15 show constraints that utilize
the “Big M” method, where B is a binary variable that describes if the energy storage is
charging (1) or discharging (0), and M is any large number, chosen to be 1,000,000 for this
optimization formulation.

PP (t) < B5(tH)M (Eq. 14)
fort=1,..,T,
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Pi(t) < (1 —-B(t))M (Eq. 15)
fort=1,..,T,

Eqgs. 16 and 17 ensure that power purchased or sold from the grid remains below
the interconnection limit to the microgrid, where P7 .. is the maximum power that can be

exchanged through the point of common coupling.

U Pb%y(t) = Prgax(t) (Eq 16)
fort=1,..,T,

0= Psgll(t) = Pr?lax(t) (Eq 17)
fort=1,..,Ty

Egs. 18 and 19 show constraints used in the “Big M” method to ensure that power
is not simultaneously bought and sold to the grid in the same time step. The binary variable

BY describes if power is being purchased (1) or sold (0).

Py, () < BI(O)M (Eg. 18)
fort=1,..,Ty

Py (®) < (1= BI(D)M (Eq. 19)
fort=1,..,Ty

Eq. 20 expresses the maximum power demand seen by the grid over specified TOU
periods of the time horizon, where TOU;St®"t is the start of the TOU period, TOU;:t°? is the
end of the TOU period, and Ny is the total number of time-of-use periods.

Pbguy(t) S P?q;lax,n (Eq 20)
for t = TOUSt™, ..., TOUS P
fOI‘ n= 1, ey NTOU

Egs. 21 and 22 constrain the dispatch of controllable loads. Eq. 21 ensures that only

a specified amount of load can be added to any time step, where maxgp;¢, is the maximum

load allowed to be added to any time step. The maximum load allowed to be shifted to any

time step is defined in Eq. 22 in which the total amount of controllable load at any time in
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the optimization horizon must be less than the forecasted maximum controllable load over
the full timeframe of the simulation, Ty;,,. EQ. 23 ensures that the total amount of
dispatched controllable load is equal to the total amount of the forecasted controllable load

over the specified time horizon.

0 < PEOE(t) < PESTE() + maxgpise (£) (- 21)
fort=1,..,T,
_ e\ peont Eq. 22
Maxspige(t) = (k:g{;_é}{ _ Pfor (k)) Pfor™ () (Fa-22)
fort=1,..,T,
T T (Eq. 23)
DL Peoni(w) = Y P (o)
t=1 t=1
fort=1,..,T,

3.2.3. Model Predictive Control with Ancillary Services

Model predictive control with ancillary services expands the mathematical
development described in section 2.2 to include additional variables, constraints, and an
expanded objective function that includes terms for revenue from ancillary services.
3.2.3.1. Objective Function

The objective function described in Eqg. 24 includes ancillary services as an

expansion to Eq. 1. Here, C?

spin

is the compensation price for supplying spinning reserve

to the grid, Ps‘fn.n is the capacity of the spinning reserve bid, is the compensation

g
Cnsp in

price for supplying non-spinning reserve to the grid, is the capacity of the non-

g
Pnspin
spinning reserve bid, Cf’ep is the compensation price for supplying replacement reserve to

the grid, and Pr%p is the capacity of the replacement reserve bid. These ancillary services
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provide revenue only, and hence are represented in Eq. 23 as reducing the objective

function being minimized.

Th
Ji= Z <((Cﬁg +Co5 )P () + c;ngdg(t)) thy
t=1

+ (CoMPE () + ComP5 () ) tns

+ (Cpuy DRSO = €L (OOPL(0)) g (Eq. 24)
+ (_Cgain(t)Ps%in 0 - C;(L]spin (t)Pn%pin(t)
Nrou

~ CpOPO) )+ 7= Y ClaPlasn
3.2.3.2. Constraints "

Eqgs. 25 and 26 ensure that the spinning reserve capacity bid can be met if called
upon by imposing maximum limits, subject to physical operational limitations of each
asset. Both equations are used to linearize a minimization function to select the lower value
of the sum of the total energy stored in the energy storage and charging power (described
in Eqg. 25) and the maximum discharging rate of the energy storage (described in Eq. 26).
This linearization is necessary to ensure that the classification of the optimization
formation is maintained, and the optimization correctly solves. These equations ensure that
the spinning reserve bid must be less that the maximum possible capacity provided by a
combination of the energy storage, distributed generators, and controllable loads. Egs. 27
and 28 constrain the capacity contribution of the distributed generator for the spinning
reserve bid. Eq. 27 accounts for generator headroom and Eq. 28 accounts for generator
ramp rate if the generator is online and able to provide spinning reserve. These equations
reflect asset status using a binary variable, B%9, indicating the generator must be online and

synced with the grid to be eligible to bid into the spinning reserve market.
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E°(®) — B (Eqg. 25)
Papin(®) < (Tmn + Pcs(t)) Bpin () + P () + PO () BETE(E)

fort=1,..,T,

PEin(®) < (P§max)Bipin(£) + Paen (£) + P (£)BEEE(E) (Eq. 26)
fort=1,..,T,

0 < Pyl (0) < (Bnf = PU9(0)) BU(0) (Eq. 27)
fort=1,..,T,

PY9 (6) < B, B9 (t) (Eq. 28)
fort=1,..,T,

Egs. 29 and 30 and Egs. 32 and 33 are similar to Eqs. 25 and 26 but instead of
constraining the capacity bids for spinning reserve Eqs. 29 and 30 constrain the capacity
bids for non-spinning reserve and Egs. 32 and 33 constrain the capacity bids for
replacement reserve. Eq. 31 and 34 ensure that the capacity contribution of the distributed
generator can only be provided for either non-spinning reserve or replacement reserve if
the generator is offline and unsynchronized with the grid.

ES(t) — E;, (Eqg. 29)

[ d d
= + Pcs (t)) Brslspin (t) + Pns%in (t)anpin (t)
+ P ()BRgpi ()

fort=1,..,T,

Pfspin(t) < (

d d
Proin@®) < (Pd max)Brspin(t) + Prghin (OB (£) + PO () BLonE, (1) (Eq. 30)

fort=1,..,T,

0< B (® < Pad (1-BY() (Eq. 31)
fort=1,..,T,

ES(t) — E; (Eq. 32)

Piy(®) < (Tm" + Pf(t)) Bep () + P (£)Bry (D)
+ P (6)BRIE (B)

fort=1,..,Ty

Pp(t) < (P§max)Biep(t) + Pri‘Z(t)Bfe‘%(t) + P (6)BRgH(0) (Eq. 33)
fort=1,..,T,
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0 < PY () < p% ( — Bg (t)) (Eq. 34)

rep max

fort=1,..,T,

Eqgs. 35 through 37 ensure that reserve capacity provided by each unique energy
asset is not bid for multiple ancillary services by summing the binary variables for each
type of reserve (e.9., B3y, Bnspin: Brep)- Ed. 36 constrains distributed generator bids for
each ancillary service but does not include a spinning binary variable because Eqgs. 27, 28,
31, and 34 ensure that the distributed generator only provides spinning reserve if it is on

(i.e. B = 1) and non-spinning and replacement reserve if it is off (i.e. B9 = 0).

B () + B smn(t) + Brgp(t) <1 (Eq. 35)
fort=1,..,T,

nspm(t) + Brep =<1 (Eq 36)
fort=1,..,T,

B () + Bigpin () + Big* () < 1 (Eqg. 37)
fort=1,..,T,

Egs. 38 through 40 ensure that capacities of reserve bids are greater than the
minimum threshold bid and below the maximum possible bid for each ancillary service,
Where resSspinmins T€Snspinmin, aNd T€Syepmin are the minimum capacity bids for
spinning, non-spinning, and replacement reserve, respectively, and ressinmax
TeSnspinmax: AN T€Syep may are the maximum capacity bids for spinning, non-spinning,

and replacement reserve, respectively. Binary variables, B (t),and B ep(t) are

spm(t)’ nspin
used to allow the microgrid to not participate in each respective ancillary service market if

it is uneconomical or the minimum capacity requirements cannot be met.

Tesspm mm(t) spln(t) S Ps%ln(t) S Tesspin,max(t)ngpin(t) (Eq 38)
fort=1,..,T,
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Tesnspm mm(t) nspln(t) — nspln(t) < Tesnspm max(t) nspln(t) (Eq' 39)

fort=1,..,T,
TeSrep,min (t)B rep (t) = Pr%p (t) = T€Srep,max (t)B?gep (t) (Eq 40)
fort=1,..,T,

3.3. Evaluation Metrics

Six technical metrics and five economics metrics are used to evaluate performance
of microgrid control algorithms. Technical metrics include the load factor, capacity bids of
each ancillary service, energy throughput of energy storage, operating hours of the
distributed generator, the maximum power sold to the grid, and the maximum power
purchased from the grid. Economic metrics include revenue from selling energy, revenue
from participation in ancillary service market, expenses from purchasing energy, expenses
from demand charges, and net operation and maintenance costs.

Egs. 41 and 42 show revenue from selling energy to the grid, R, and revenue
from participation in ancillary service markets, R}, respectively, where m denotes
microgrid and g denotes the main electric grid. These metrics are derived from the revenue

terms within the objective function displayed in Eq. 24.

Tsim (Eq. 41)
Rgen = Z esell(t) sell(t)thf
t=1
Tsim (Eq. 42)
RGs = Z spm(t)Psgnn(t)thf + nspln(t)Pnipln(t)thf + Tep(t) Tep(t)thf

t=1

Egs. 43 and 44 calculate energy charges, Cpy,, and demand charges, Cggp,
associated to utility rate structures, where N, is the total number of billing periods within

the simulation period.
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Tsim (Eq 43)
Cﬁy = Z ebuy(t) buy(t)thf

Nbp Nrouy (Eq. 44)

m 9 Y
Cdem - Z Z Cdem,nP max,n

Eq. 45 expresses the total operation and maintenance cost for all energy assets
within the microgrid, Cjy,, where Cj3 is the fixed operation and maintenance cost the
solar PV generation.

Tsim (Eq. 45)

Com = Z C Pdg(t)thf + (ComPE(®) + COMPd(t))thf + Con
t=1

Eq. 46 represents the net operating expenses of the microgrid, Cg... This is the
primary economic metric used to evaluate finical benefits of the logic-based control and
MPC algorithms. The fixed cost for being connected to the main grid is expressed as Cf7,.

Copex = Chuy + Cdem + Com + Cfiy — Rseu — Ras (Eq. 46)

Eqgs. 47 through 55 show the technical evaluation metrics used to examine the
operational behavior of the microgrid. Eqgs. 47 and 48 calculate the load factor of the
microgrid, LF™, and the load factor for power exchange with the grid, LF9, to express the
utilization of distribution networks and service entrances.

ZTszm Pcont(t) + Pfrlt(t)

LF™ = Lsim _ (Eq. 47)
max  Peont(t) + PE (1)

t=1,...Tsim

e Py (©)
LF9 = Tsim (Eq 48)

max t
t=1,... Tsim buy()

84



Eqgs. 49 through 51 describe capacity bids for each of the ancillary service types,

where CBg;, is the sum of all spinning reserve capacity bids for, By, is the sum of all

spin
non-spinning reserve capacity bids, and CB/g, is the sum of all replacement reserve

capacity bids.

Tsim

CBgzl)in = Z Ps!z]ain(t)thf

t=1
Tsim

CB;lr.lSpiTl = Z Pngspin(t)thf

t=1
Tsim

CBIy = ) Bty
t=1

Eqg. 52 calculates the total energy throughput of energy storage, E7_ . Reducing

(Eq. 49)
(Eg. 50)

(Eq. 51)

energy throughput reduces O&M costs and can increase usable lifetime of the system

before replacement.

Tsim

ES = 2 (PS(E) + PS(E) )ty
t=1
Eq. 53 calculates generator operating hours, OH%

sim®

(Eq. 52)

It is typically not economical
to run the generator during normal grid-tied operation, however, a generator can gain
revenue from non-spinning reserve when not operating, and could provide peak shaving,
energy charge reduction, and spinning reserve when turned online.

(Eq. 53)

t=1
Egs. 54 and 55 describe the last two technical evaluations metrics, the maximum

power sold to the grid, and the maximum power purchased from the grid,

g
Psell,max’

Pg

buymax*
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Tsim (Eq. 54)
Psgll,max = Z Psgll(t)
t=1

Tsim (Eq. 55)
quty,max = Z Pbguy (t)
t=1

3.4. Microgrid Portfolio

A microgrid was designed to serve an office building on the Arizona State
University (ASU) campus with existing solar PV assets. A diesel generator and batteries
were included in the simulation to ensure that critical loads could be served in the event of
a grid outage. These assets can also participate in ancillary service markets.

3.4.1. Microgrid Specification Data

Electrical load and solar PV generation data for the ASU Fulton Center were
collected from Campus Metabolism (Arizona State University, n.d.), a public resource
including 15-minute data on over 400 buildings at ASU. Table 3.1 summarizes annual
statistics with Fig. 3.2 showing the average annual 24-hour electrical load and solar PV
generation profiles. The average annual load factor of the building is 0.43. This study
assumes that 20% of the load can be controlled and shifted for building cooling and heating.
Solar PV generates more power than the building consumes for 27.4% of time in a year,
with the excess energy sold back to the grid at the wholesale rate.

Table 3.1: Annual statistics of electrical load and solar PV generation for the ASU
Fulton Center.

Variable Electrical Load Solar PV
Peak (kW) 316 326 AC /386 DC
Annual Total Energy (MWh) 1181.4 633.4
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3.2: Average annual electrical load and on-site solar PV generation of the ASU
Fulton Center.

The microgrid includes a lithium-ion (Li-ion) battery system that stores excess solar
generation for local use to reduce energy and demand charges. The batteries can also
participate in ancillary service markets to gain revenue according to FERC Order No. 841
(United States of America Federal Energy Regulatory Commission 2018). The 634-kWh
battery system was sized to meet the max annual demand for a two-hour duration.
Characteristics of a generic Li-ion battery technology were taken from (Lazard 2018) and
(Few et al. 2018) for the following key parameters: Ey;,;, = 10%, Ejqy = 100%, Pax =
Pimax =1C(634kW), 75, =0001%/hr, 7% =1} =949%, and Cjy=
0.027917$/kWh.

A 350-kW diesel generator was selected to provide backup power to meet 110% of

annual peak. This generator was included for illustration purposes; statistics from ASU

87



(Arizona State University, n.d.) and Arizona Public Service (APS) show negligible outages
in the area (Office of Public Accountability/Ratepayer Advocate 2018). Generator variable
operation and maintenance cost was 0.005 $/kWh (Power 2016) with additional cost for
diesel fuel at 0.82 $/liter (The World Bank, n.d.). Manufacturer data on fuel consumption

for the Generac SD350 (Generac Industrial Power 2012) were used in a linear-regression

to calculate the following parameters with an R-squared value of 0.9987: c”fg =
0.1998$/kWh, C5 = 0.005$/kWh, and Cf'y = 9.307$/hr.

3.4.2. Electric Rate Structure

Table 3.2 summarizes the E-32TOU M time-of-use (TOU) electric rate structure for
a medium customer (100-400 kW) in APS service territory. Energy prices and demand
charges occur using two seasonal time periods, winter and summer, with different on-peak
and off-peak rates applied to the same TOU periods. The rate structure uses tiered demand
charges. However, only the first-tier price is used as the associated demand charge

parameter to preserve the linearity of the optimization formulation.

88



Table 3.2: Charges for the APS E-32TOU M rate structure (Arizona Public Service

2017).
Charge Description TOU Period Value

. 3 i Weekdays: 8pm-3pm; 0.04566
Energy Price Off-Peak (Nov-Apr) Weekends: All day $/kWh

. Weekdays: 3pm-8pm 0.05783
Energy Price On-Peak (Nov-Apr) $/kWh

. : : Weekdays: 8pm-3pm; 0.05953
Energy Price Off-Peak (May-Oct) Weekends: All day $/kWh

. Weekdays: 3pm-8pm 0.07170
Energy Price On-Peak (May-Oct) $/kWh
Demand Charge Off-Peak, First 100 kW Weekdays: 8pm-3pm;
(Nov-Apr) Weekends: All day 6.742 kW
Demand Charge Off-Peak, All Additional Weekdays: 3pm-8pm
KW (Nov-Apr) 3.327 $/kwW
Demand Charge Off-Peak, First 100 kW Weekdays: 8pm-3pm;
(May-Oct) Weekends: All day 18.190 $kw
Demand Charge On-Peak, All Additional Weekdays: 3pm-8pm
KW (May-Oct) 11.744 $/kW
Service Charge - 1.16 $/day
Country and City Tax - 2.5%
County and State Tax - 5.6%

3.4.3. Ancillary Service Market

RTOs and ISOs administer regional wholesale electricity markets and provide

reliability planning for regions within the three interconnection areas of North America

(Hoffman and Streit 2015). These markets coordinate both day-ahead and real-time

purchases of electric energy, electric power capacity, and ancillary services. In general, the

RTOs/1SOs take bids in ascending order and stop accepting bids when the needed power

or capacity is secured for a specified time interval (American Public Power Association

2018). All identified sellers within this time interval get compensated with the last bid

price, also known as the clearing price.

Ancillary service clearing price and maximum capacity bid data for the California

Independent System Operator (CAISO) territory were used to simulate participation in
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spinning reserve and non-spinning reserve markets (California 1ISO, n.d.). In 2018, FERC
issued Order 841 mandated that markets allow electric storage resources to participate in
day-ahead and real-time markets for capacity, energy, and ancillary services (United States
of America Federal Energy Regulatory Commission 2018). This additional technical
capability and revenue stream can provide benefits to both customers/owners and
utilities/regulatory organizations. Similar rules and regulations for generators, loads, and
aggregated DERs are already in place in CAISO markets. This study assumes that
minimum requirements are met for the aggregated generator, loads, and storage within the
microgrid to participate in CAISO wholesale markets as detailed in (California ISO 2019).
Participation in the replacement reserve market was omitted because replacement reserves
in CAISO were suspended in 2002.

Fig. 3.3 shows the average annual 24-hour clearing price and capacity for CAISO’s
spinning reserve and non-spinning reserve markets. The maximum capacity bid for each
market is nearly identical for all hours of the year because they are each calculated to ensure
bids meet or exceed the minimum contingency operating reserve requirement in
accordance with the North American Electric Reliability Corporation (NERC) and Western
Electricity Coordination Council (WECC) reliability standards (California Independent
System Operator 2018). However, the price for spinning reserve is almost always greater
than the price for non-spinning reserve because assets providing spinning reserve are online
and synchronized whereas assets providing non-spinning reserve are not. Prices peak in the
late afternoon when the greatest reserves are required to compensate for the decline of
renewables and coincident increase in load as customers are arriving home from work
(California 1SO 2012). Batteries and load control can provide spinning reserve because
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they can be rapidly dispatched. The generator is primarily used to provide non-spinning
reserve due to the relatively high cost of continuous operation but can provide spinning
reserve when online. Solar PV can provide frequency and regulation reserves, but this
functionality and market participation is outside the scope of this study. This study assumes
that ancillary service bids are compensated on a capacity basis. It is also assumed that the
spinning and non-spinning capacity bids are never called upon to be dispatched because
these ancillary services are primarily used for contingency events that occur with relatively
low frequency throughout a year (NERC 2019b). However, if these services were called
upon and could not dispatch, the payment for the ancillary service would be rescinded as

detailed in CAISO’s Fifth Replacement Tariff (California Independent System Operator

2018).
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3.3: Average annual required capacity and clearing price for the spinning and non-
spinning reserve ancillary service markets in CAISO (California ISO, n.d.).
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3.5. Annual Performance Evaluation and Sensitivity Analysis

Performance evaluations compare technical and financial metrics for logic-based
control, MPC without ancillary services, and MPC with ancillary services. The efficacy of
each control algorithm was evaluated and compared with respect to (i) the granularity of
input data on 15 min., 30 min., and 60 min. time steps for load, solar PV generation, and
pricing signals to quantify how model fidelity affects results, and (ii) the length of the
prediction time horizon for both MPC methods including 24 hours, 48 hours, and 168 hours
to quantify the value of forecasting and scheduling. Table 3.3 shows the total number of
decision variables solved for each combination of time step size and prediction time
horizon. As the total number of time steps increases so does the complexity of the
optimization formulation. MPC without ancillary services algorithm and MPC with
ancillary services algorithm use 13 and 30 decision variables per time step, respectively.

Table 3.3: Total number of decision variables solved in each iteration of MPC

algorithms.
Time Horizon
24 Hours (MPC 48 Hours (MPC 168 Hours (MPC
Time Step Size without/with ancillary without/with ancillary without/with ancillary
services) services) services)
15 min. 1,248/ 2,880 2,496 / 5,760 8,736 /20,160
30 min. 624 /1,440 1,248/ 2,880 4,368 /10,080
60 min. 312 /720 624 /1,440 2,184 /5,040

Demand charge components of electricity bills are traditionally applied using the
maximum 15 min. average power draw over any 15 min. time period within a billing
period. In this study, demand charges were applied to the maximum power draw over the
specified time step size to maintain uniformity across all annual simulations (i.e.,
simulations using a time step size of 30 min. included demand charges for maximum

monthly power draw over a 30 min. period).
92



Simulations of logic-based controls were conducted to provide baseline comparison
data for the building microgrid. Logic-based control used real-time information to make
dispatch decisions and therefore did not have a prediction time horizon. Resulting financial
and technical metrics were found to be within £2% for all time step sizes. This difference
is primarily attributed to how demand charges are calculated for varying time step sizes, a
difference that is negligible in the overall comparison to MPC methods. Therefore, average
metrics for the three logic-based simulations are used throughout for comparison against
MPC algorithms. A similar outcome was observed in annual metrics for MPC without
ancillary services simulations with only a £0.5% variation regardless of the duration of the
specified time step size, however, results varied appreciably with the prediction time
horizon. Therefore, the average metrics for MPC without ancillary services are used for
each specified time horizon.

Fig. 3.4 compares annual operating expenses for each of the three control
algorithms using a 24-hour, 48-hour, and 168-hour prediction time horizon. Compared to
the baseline logic-based control, MPC without ancillary services can reduce net operating
expenses by 10.46% to 13.73% across all three prediction time horizons, with a modest
improvement observed for longer time horizons. If ancillary services are included in the
MPC algorithm, operating expenses can be reduced by up to 23.47% using a 168-hour
prediction time horizon with 15 min. time steps. These savings are attributed to reductions
in demand charges and additional revenue from ancillary services.

Both MPC algorithms optimize dispatch of on-site assets to reduce grid energy
expenditures by an average of 17.35% across all time steps and prediction time horizons
when compared to the logic-based control algorithm. This is accomplished through better
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utilization of the battery at storing excess solar for use rather than selling back to utility.
Revenue generated from energy sell back is reduced by an average of 61.46%, but the
17.35% reduction in energy expenditures greatly outweigh the reduced revenue from
selling excess solar. Shorter duration time steps always result in lower net operating
expenses regardless of the length of the prediction time horizon. This indicates that more
granular input data allow the MPC control algorithms to improve economic operation.
Longer prediction time horizons resulted in lower net operating expenses for MPC
algorithms with and without ancillary services. This suggests that longer duration forecasts
improve the efficacy of the MPC algorithms due to the ability to optimize current

operations with respect to future events.
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24-Hour Prediction Horizon 168-Hour Prediction Horizon

$80,000 $80.588 572915 50,000 $80,588
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3.4: Annual operating expenses for each of the logic-based, MPC without ancillary
services, and MPC with ancillary services control algorithms using a 24-hour, 48-
hour, and 168-hour prediction time horizon.
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Longer duration time steps result in additional revenue being gained through
participation in ancillary service markets when compared to shorter duration time steps.
Tables 3.4 through 3.6 show that 60 min. time step simulations resulted in a 70.07% and
23.20% increase in spinning reserve bids and non-spinning reserve bids, respectively, when
compared to the 15 min time steps. Tables 3.4 through 3.6 also show that the 60 min. time
step simulations result in a 104.49% average increase in the maximum off-peak power
bought from the gird when compared to the 15 min. time step simulations. This indicates
longer time step simulations show tendencies to shift energy use to off-peak times to
maximize participation in ancillary service markets. However, this behavior results in
increased total operating expenses due to increased off-peak demand charges despite the
fact that larger on-peak demand charges are avoided. High demand charges for 60 min.
time step simulations for MPC with ancillary services also increase expenses beyond that
of logic-based control, although the net operating expenses are lower than logic-based
control due to additional revenue gained from ancillary services.

The microgrid load factor and grid load factor describe the utilization of the internal
microgrid distribution network and the utilization of the interconnection between the
microgrid and grid, respectively. The microgrid load factor increases modestly as the
prediction time horizon increases, suggesting that the distribution network internal to the
microgrid is more fully utilized when the control algorithms use longer prediction horizons.
Logic-based control and MPC without ancillary services result in similar grid load factors
but MPC with ancillary services algorithm reduces the grid load factor. This trend is
intensified as the time step duration is increased to 60 min. time steps, due to the relatively
large maximum power bought from the grid and results in an average reduction of 69.02%
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in the grid load factor across all prediction time horizons. This indicates that the
interconnection or point of common coupling (PCC) between the microgrid and the grid is
less utilized for a microgrid using the MPC with ancillary service control algorithm.

3.5 shows the cumulative distribution function of the battery SOC and average
battery SOC over the annual simulation for each algorithm using 15 min. time steps and a
168-hour time horizon for each of the MPC approaches. MPC without AS maintains the
battery at a lower SOC than logic-based control, and cycles 41.09% and 37.77% less energy
through the batteries when compared to the logic-based and MPC with ancillary services
algorithms, respectively. This indicates that battery operation and maintenance terms
within the objective function play a more dominate role in asset dispatch when ancillary
service market participation is not considered. This behavior results in a 61.00% decrease
in battery operation and maintenance costs when comparing the MPC without ancillary
service algorithm to MPC with ancillary service algorithm. 3.5 shows that MPC with
ancillary services maintains a higher battery SOC than either of the other two algorithms
to gain more revenue through spinning and non-spinning reserve markets.

Both MPC algorithms use the generator to perform peak shaving and minimize
demand charges for a modest amount in the year. An average of 93% of the total generator
operating hours were during on-peak times when using the MPC with ancillary service
algorithms to minimize energy expenditures and demand charges. However, the remaining
7% of the operating hours were during off-peak times when spikes in the spinning reserve
price resulted in substantial revenue potential. Enabling market participation creates

additional economic incentive to operate traditional stand-by generators as shown in the
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greater total generator operating hours when participation in ancillary service markets is

considered.
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3.5: Annual cumulative distribution and average battery SOC for the logic-based,
MPC without ancillary services, and MPC with ancillary services control algorithms
using a 15 min. time step and 168-hour prediction time horizon.
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Table 3.4: Statistics for annual simulation using 24-hour prediction time horizon.

Total e
Microgrid Grid Total Non- Battery Generator Max Grid Buy
Control Load Load Spinning spinnin Energy Operating  Grid (kW)
Strategy  Factor Factor Bids Bpi ds Y Throughput Time Sell (On-
(%) (%) (MWh) (MWh) (MWh) (Hours) (kW) peak/Off-
peak)
%09"3' 43.19 26.12 0 0 292 0.00 221 319/312
ased
Wf‘som 4516  26.39 0 0 173 5.00 227 230/266
PN ae 1654 610 1,336 290 18.75 233 1220434
N mr2 1203 12010 1415 303 19.00 229 1220587
60 A”;'”' 44.48 7.95 19,649 1,656 317 25.00 224 123/878

Table 3.5: Statistics for annual simulation using 48-hour prediction time horizon.

Total Max
Microgrid Grid Total Non- Battery Generator Max Grid Buy
Control Load Load Spinning spinnin Energy Operating Grid (kW)
Strategy = Factor Factor Bids Bpi ds 9 Throughput Time Sell (On-
(%) 060 (Mwh) G (MWh) (Hours) (kW) peallgorf-
pea

Logic-

- 43.19 26.12 0 0 292 0.00 221 319/312
Wf‘s"“t 4627 2767 0 0 177 6.50 228 230/252
15Arg'”' 4485 1631 773 1,230 283 20.00 233 57/434
SOA”;'”' 4562 1198 1,449 1,425 284 2050 220 51/587
GOA”;'”' 45.39 8.17 2,417 1,735 282 29.00 222 74/881

Table 3.6: Statistics for annual simulation using 168-hour prediction time horizon.

Total Ma
Microgrid  Grid Total Non- Battery Generator Max Grid Buy
Control Load Load Spinning spinnin Energy Operating Grid (kW)
Strategy  Factor Factor Bids Bﬁds 9 Throughput Time Sell (On-
(%) (%) (MWh) (MWh) (Hours) (kw) peak/Off-
(MWh)
peak)
Logic- 43.19 26.12 0 0 292 0.00 221 319/312
based
ng’“t 4860 3176 0 0 173 22.00 222 214221
15 A”g'”' 48.27 16.46 669 1,340 278 27.75 228 66/434
30A'g'”' 46.71 1220 1,422 1,469 275 29.00 219 51/587
60 e 4895 816 2498 1,700 266 33.00 221 51/901
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3.6. Intraday Dispatch

Causes of annual trends are explored in detail through examining intraday dispatch
behavior. Examples shown use a 15 min. time step and both MPC algorithms use a 168-
hour prediction time horizon because those conditions provided the lowest net annual
operating expenses. Simulations were performed for the months of January and July to
illustrate the effects of different environmental conditions, load profile, and pricing signals
for each control algorithm.

Fig. 3.6 shows intraday dispatch for an average weekday in January with Table 3.7
providing a quantitative summary of results from all three control algorithms. The logic-
based control algorithm charges the battery as soon as there is solar PV generation available
and discharges the battery during on-peak times to reduce energy expenses and demand
charges. This results in 88.38% and 9.64% more energy cycled through the batteries when
compared to the MPC without ancillary services and MPC with ancillary service
algorithms, respectively, for the average weekday in January.

MPC without ancillary services periodically charges the battery during off-peak
times when there is solar PV generation and shifts controllable load to times of the day
when solar PV generation is greater than the critical load. However, any excess solar PV
beyond the critical load is diverted to controllable load rather than being used to charge
batteries, and as solar PV declines, the controllable load is reduced to maintain a constant
peak demand as shown in Fig. 3.6. This behavior can be attributed to the relatively short
length of PV generation (approximately 9 hours) and the battery operation and maintenance
terms within the objective function that dissuades cycling the battery. Unlike the logic-
based dispatch, MPC without ancillary services regulates the controllable load throughout
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the day to achieve load leveling and reduce demand charges. This results in a relatively
consistent microgrid load factor and grid load factor across.

MPC with ancillary service shows some similarities to the logic-based dispatch in
that the battery is charged with solar PV and the battery is discharged during on-peak times
to minimize energy and demand charges. The controllable load is shifted to times of day
with excess solar PV and off-peak times, similar to MPC without ancillary services.
However, after on-peak times conclude for a day, the dispatch algorithm charges batteries
with low price energy and thereby increases state of charge to gain more revenue through
ancillary service bids. This creates a 30.09% and 55.00% percent increase in off-peak
demand when compared to the logic-based and MPC without ancillary service algorithms,
respectively. Yet, the optimization solver calculates that the additional revenue off sets the

resulting additional demand charges.
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3.6: January weekday dispatch of microgrid using logic-based, MPC without
ancillary services, and MPC with ancillary services control algorithms. Green
shaded region indicates the on-peak time of the TOU rate structure.
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Table 3.7: Statistics for average weekday in January for a 168-hour prediction time

horizon.
Total Max
Microgrid Grid Total Non- Battery Generator Max Grid Buy
Control Load Load Spinning spinnin Energy Operating Grid (kW)
Strategy = Factor Factor Bids BF:ds g Throughput Time Sell (On-
(%) (%) (kWh) (kWh) (kWh) (Hours) (kW) peat;Off-
pea
'509'0' 80.02  54.95 0 0 3,960 0.00 29 43/196
ased
15 min.
Without 76.08 77.03 0 0 464 0.25 12 126/126
AS
15 min.
With AS 76.95 35.89 12,514 15,505 3,578 0.25 4 0/280

Fig. 3.7 shows intraday dispatch for an average weekday in July with Table 3.8
providing a quantitative summary of results from all three control algorithms. Similar
trends from January remain in July. All three algorithms reduce on-peak energy use and
peak demand by discharging batteries during on-peak times. Both MPC algorithms charge
batteries at a slower rate and over a longer duration when compared to the logic-based
algorithm.

MPC without ancillary services shows similar off-peak behavior in July and
January, but the on-peak behavior in July more closely resembles the logic-based and MPC
with ancillary service while in January the battery was not dispatched during on-peak
hours. For July, the controllable load is reduced and batteries are discharged during on-
peak times to minimize energy charges and reduce on-peak demand by 59.03% relative to
off-peak demand. This behavior shows that the optimization-based control algorithms
adapts to differences in environmental conditions (e.g. solar PV available for 4 additional
hours when compared to January) and pricing signals (e.g. greater on-peak energy charges
when compared to January). The behavior of the MPC with ancillary services algorithm in

July is similar to the behavior exhibited in January but the off-peak demand seen after the
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on-peak TOU period is reduced by 38.90% because the battery achieves a greater SOC
with excess solar during the afternoon. In July, total spinning bids are reduced by 170.79%
and total non-spinning bids are increased by 18.86% when compared to ancillary service
market participation in January. This occurs because the average price for spinning reserve
is smaller in July whereas the average price for non-spinning reserve is greater in July,

creating different battery and generator dispatch behavior.
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3.7: July weekday dispatch of microgrid using logic-based, MPC without ancillary
services, and MPC with ancillary services control algorithms. Green shaded region
indicates the on-peak time of the TOU rate structure.
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Table 3.8: Statistics for average weekday in July for a 168-hour prediction time

horizon.
Total Max
Microgrid Grid Total Non- Battery Generator Max Grid Buy
Control Load Load Spinning spinning Energy Operating Grid (kW)
Strategy Foactor Foactor Bids Bids Throughput Hours Sell (On-
(%) (%) (kWh) (kWh) (kWh) (Hours) (kW) peaIIZ;Off-
pea
Logic- 8691  49.36 0 0 2,609 0.00 41 12/113
based
15 min.
Without 80.37 55.44 0 0 1,886 0.25 15 37/89
AS
15 min.
With AS 79.65 29.21 4,621 19,110 2,245 0.25 12 0/171

3.7. Conclusions

This study developed a logic-based control algorithm and two optimization-based
control algorithms to minimize operational expenses of microgrids. The model predictive
control approach optimally dispatch microgrid assets with respect to asset characteristics,
pricing signals, environmental conditions, loads, and uncertainty in the underlying data.
Expansions to existing model predictive control research enabled participation in ancillary
service markets. A commercial building on the Arizona State University (ASU) campus
was selected as the case study with to compare technical and financial results. Significant
findings include:

e Model predictive controls can reduce net operating expenses for a microgrid by up
to 13.73% when compared to logic-based controls. Expanding the formulation to
include participation in real-time ancillary service markets can further reduce net
operating expenses by up to 23.47%.

e The MPC algorithms can reduce grid energy expenditures and demand charges by
up to 17.58% and 25.89%, respectively, when compared to a logic-based

algorithm. The MPC operational behavior reduces total annual operating expenses
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by optimally using on-site generation to meet local loads instead of exporting back
to the grid.

The MPC without ancillary service reduces energy sale revenue by up to 66.57%
when compared to the logic-based algorithm. The MPC with ancillary service
reduces energy sale revenue by up to 67.01% when compared to the logic-based
algorithm but can increase the total operational revenue by up to 354.34% through
participation in real-time energy markets.

MPC algorithms with longer duration time steps provide additional revenue
through ancillary service markets when compared to shorter duration time steps.
The longer duration time steps display tendencies to arbitrage energy during off-
peak times to maximize participation in ancillary service markets.

MPC with ancillary services increased off-peak demand by 118.59% and 308.40%
when compared to the logic-based and MPC without ancillary service algorithms,
respectively. This behavior resulted in the grid load factor being decreased by
68.78% and 74.31%, respectively. This behavior could potentially require
upgrades to the interconnection between the microgrid and the grid to
accommodate the larger power exchange.

For an average weekday in January, a logic-based algorithm cycles 88.38% and
9.64% more energy through the batteries when compared to the MPC without
ancillary services and MPC with ancillary service algorithms, respectively. This
behavior increases the associated O&M expenses and can potentially negatively

affect battery longevity.
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MPC with ancillary services maintained the battery state of charge an average of
38.78% higher than a battery dispatched by MPC without ancillary services. This
behavior minimizes O&M expense associated with battery cycling and increased
revenue through participation in spinning and non-spinning reserve markets.

Both MPC algorithms sparingly dispatch the generator to perform peak shaving
and minimize demand charges. Enabling market participation creates additional
economic incentive and increased generator operating hours by average of 13.5
hours per year.

Simulations for an average weekday in July showed that the MPC with ancillary
services algorithm reduced participation in the spinning reserve market and
increases participation in non-spinning reserve market by 170.79% and 18.86%,
respectively, when comparing an average weekday in January. This operational
behavior shows that the MPC algorithm can adapt to different market signals to
optimize operational cost because the average price for spinning reserve is greater
in January and the average price for non-spinning reserve being greater in July.

The MPC algorithms were shown to adapt to differences in environmental

conditions and pricing signals to minimize operational expenses. Generalized findings
show that more granular time steps and longer prediction horizons used in MPC algorithms
provide lower net operating expenses. Enabling ancillary service market participation in
the MPC algorithm provides significant revenue enhancement when compared to a logic-
based algorithm, with up to a 300% increase in revenue demonstrated in this study. The

combined cost savings and increased revenue can reduce microgrid project payback
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periods and help accelerate the adoption of reliable, low-cost, and low-carbon energy
solutions.

Future work can examine the economic and operational effects of participation in
additional real-time markets such as energy markets and frequency regulation. Adding
thermal considerations into the control formulation is another area to explore the benefits
of co-optimizing electrical systems, thermal systems, and market participation.
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Abstract

This study develops a statistical framework to quantify the resilience of grid-
connected microgrids to meet critical load requirements during islanding events. The
primary metric of resilience is microgrid survivability, and is expressed as the probability
for a microgrid to meet critical load requirements during a grid outage. Probabilities are
evaluated using a Markov chain that describes microgrid operating states each hour for a
7-day time horizon. This system-level metric uses asset-level reliability data on prominent
failure modes (i.e., up-time, failure to start, failure to run). A military microgrid with an
existing 5,250 kW diesel generators is contrasted to a hybrid microgrid that contains 2,250
kW generators, 3,450 kW / 13,800 kWh storage, and 16,479 kW solar photovoltaics (PV).
Sensitivity analyses identify control parameters that improve survivability while also
reducing fuel usage and curtailed load. The hybrid microgrid requires 37.5% less on-site
fuel reserves to meet these same metrics and increases survivability by 10% when
compared to a generator-only microgrid. If solar PV drops by 50%, the survivability of the
hybrid microgrid falls below the generator-only microgrid. Increasing critical load by 30%
above the designed value decreases autonomy and survivability by 58.76% and 79.07%,
respectively, for the hybrid microgrid. At the onset of a grid outage, the battery starting

state-of-charge must be at least 70% to exceed the survivability of a generator-only
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microgrid and serve the full critical load without curtailment over the duration of the
islanding event. Starting with a lower SOC diminishes the survivability of the microgrid
because of insufficient capacity in storage to supplement failure to a generator or battery
stack. Methods and findings from this study can inform the design and operation of resilient
microgrids for critical grid-connected loads or off-grid applications.
4.1. Introduction

Multiple large-scale blackouts have originated due to severe weather (Bryan
2012), (Fischer and Knutti 2015), (Kerr 2011), (Stott 2016), physical and cyber-attacks
(T. M. Chen et al. 2011), (Zhu and Yan 2014), mitigating forest fires risks (sunrun
2019), (Stelloh 2019), equipment failure (Venkatasubramanian and Li 2004), human
error (Abraham and Efford 2004), anthropogenic attacks (Rebecca 2014), or a
combination of these stressors (Hines and Balasubramaniam 1977), (Schossig and
Schossig 2013). These blackouts can begin with a localized problem that resolves into
voltage and/or frequency disturbances that cascade to affect larger regions. Similar
disturbances are thought possible due to the rapid growth in uncontrolled distributed energy
resources (DERs) (Abd-rabou, Soliman, and Mokhtar 2015), (Mahmud, Hossain, and Pota
2011), (Ogunjuyigbe, Ayodele, and Akinola 2016), (Khani, Sadeghi, and Madadi 2012),
(Dulau, Abrudean, and Bica 2014), though approaches in distributed control, fast-response
power electronics for stability, and longer-duration storage are helping reduce this concern
(H. Lee et al. 2016), (M. Braun et al. 2016), (Ayar et al. 2017), (Yu et al. 2018).

Customers requiring more reliable power have begun implementing grid-connected
microgrids to maintain power to critical operations in the event of a grid outage. The
Department of Energy (DOE) defines a microgrid as “a group of interconnected loads and
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distributed energy resources within clearly defined electrical boundaries that acts as a
single controllable entity with respect to the grid. A microgrid can connect and disconnect
from the grid to enable it to operate in both grid-connected or island-mode.”” (Ton and
Smith 2012). Microgrids have been used to increase reliability and decrease operational
costs for a variety of customer types including utility, military, health service, education,
data centers, aviation, and agriculture (Martin-martinez and Rivier 2016), (Asmus, Forni,
and Vogel 2018). Recent work has also indicated that microgrids enhance resilience
through increased flexibility to handle grid disturbances (Hussain, Bui, and Kim 2019),
(Jiaren Wang et al. 2018), (Raquel, n.d.).

Historically, the reliability of electrical systems has been modeled using contingency
analyses (Muiller et al. 2013), (Jamei et al., n.d.), (Miller 2008), (Momoh 2012). This type
of analysis simulates failures to generation and transmission infrastructure to determine the
impact on system capacity, stability, and the ability to serve load. Similar analyses have
been conducted on microgrids and groups of microgrids during islanding contingencies
(Aghdam, Salehi, and Ghaemi 2018), (Goyal and Ghosh 2016), (Mashayekh et al. 2017).
Metrics of reliability are well-established and include the system average interruption
duration index (SAIDI), system average interruption frequency index (SAIFI), and
customer average interruption duration index (CAIDI) (Eto and Lacommare 2008). These
metrics represent the duration and frequency of system interruptions (i.e. how often and
how long customers lose power) but do not express the resilience of a system. Resilience
does not have a standard definition, parameters, or metrics despite receiving significant
recent attention (The Gridwise Alliance 2013), (Electric Power Research Institute 2016),
(Ji et al. 2016), (Lammers 2017).
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The definition of resilience used in this work is “... the ability to withstand grid
stress events without suffering operational compromise or to adapt to the strain so as to
minimize compromise via graceful degradation.” (Taft 2017b). Grid stresses include, but
are not limited to, congestion, imbalances, extreme weather, cyber-attacks, and device or
system failure (Widergren et al. 2018). These stresses can cause power quality issues,
equipment failure, outages, and the loss of property, life, or finances. Current research is
developing metrics, indexes, and frameworks to evaluate the resilience of power systems
and microgrids (Naja, Peiravi, and Guerrero 2018), (Vugrin, Castillo, and Silva-monroy
2017), (Roege et al. 2014). Amirioun et al. introduces survivability as an indicator of a
power systems resilience (Amirioun et al. 2019). Lawder et al. analyze the autonomy of
microgrids with respect to solar power and battery storage capacity (Lawder, Viswanathan,
and Subramanian 2015). Rodrigues et al. use survival time to evaluate the autonomy of an
islanded microgrid (Rodrigues et al. 2020). Molyneaux et al. use fuel consumption, loss of
load, and other metrics to compare the resilience of different power systems around the
world (Molyneaux et al. 2012).

Recent research is developing new concepts and models to simulate the resilience
of energy systems and other critical infrastructure (Y. Lin and Bie 2016), (Jing Wang et al.
2020). Shen et al. statistically showed resilience improvements in the Northeast Power
Coordinating Council (NPCC) using data on electrical disturbance events throughout U.S.
power grid and a custom combined measure of resilience (Shen, Cassottana, and Tang
2018). Optimization routines have been formulated to calculate resilience-based recovery,
restoration, and operations of power distribution systems (Figueroa-candia, Felder, and
Coit 2018), (Lau et al. 2018). Saleh et al. developed an optimal protection coordination
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scheme during N-1 contingencies for microgrids and showed that the protection equipment
and operation can be optimally designed to accommodate multiple network topologies and
contingency scenarios (Saleh, Zeineldin, and El-saadany 2017). Cattaneo et al. developed
optimal operation dispatch and control for an islanded microgrid to survive generator
contingencies while considering system dynamics, voltages, and line flows (Cattaneo,
Chalil, and Backhaus 2018). Cagnano et al. developed and physically tested a cooperative
control scheme for islanded microgrids to maximize generation reserves and share the
regulation burden between the distributed energy resources (Cagnano, Bugliari, and Tuglie
2018). These studies are beginning to add structure to the growing field of resilience
research. Further work is needed to statistically describe how specific assets, asset
combinations, and asset reliability affects microgrid resilience.

Military microgrids are primarily designed and implemented for energy security
(Hirsch, Parag, and Guerrero 2018). An MIT Lincoln Laboratory study on energy security
for Department of Defense (DoD) defines energy security as ... the ability of an
installation to access reliable supplies of electricity and fuel and the means to use them to
protect and deliver sufficient energy to meet critical operations during an extended outage
of the local electric grid.” (Nguyen 2012). A military microgrid is analyzed in this study to
understand the potential resilience benefits and resulting effects on energy security.

This study provides the following contributions to literature:

e Develops a statistical framework using Markov chains to describe the ability of
microgrids to “survive” and meet critical load during islanding operations.
e Demonstrates use of XENDEE for optimal sizing of microgrid assets that

minimizes operating expenses without sacrificing resilience.
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e Develops an optimized dispatch control algorithm to operate microgrids for
improved resilience during a grid outage.

e Completes sensitivity analyses to select control parameters that improve microgrid
autonomy and survivability.

e Compares performance of a generator-only microgrid portfolio to a hybrid
microgrid portfolio that includes generators, battery storage, and solar PV.

e Evaluates microgrid resilience on four metrics including survivability, autonomy,
fuel consumption, and unserved load.

4.2. Statistical Development of Microgrid Survivability

Microgrid survivability is the probability that critical load will be served over the
duration of an islanding event. This definition parallels a common definition of system
reliability that describes the ability of a system to provide its intended function and the
probability that it will not fail (Hecht 2003). A variety of approaches have been used to
model system reliability including fault trees (Biswal, Maheshwari, and Dewal 2012),
Monte Carlo simulations (Billinton and Li 1994), (Ramakrishnan 2016), and Markov
chains (Prowell and Poore 2004), (P. O. T. Lin et al. 2014). Fault trees are a subset of
analytical logic techniques used in operations research and are commonly used for
modeling fixed probability systems (HBM Prenscia 2019). Monte Carol simulations use
random variables and statistical sampling techniques to calculate a distribution of possible
outcomes (U.S. Environmental Protection Agency 1997). Markov chains are mathematical
tools used to describe random phenomena evolving through time using knowledge of a
system’s current state and a set of probabilities to express transitions to future states (Norris

1998). Markov chains have been used to statistically model natural processes (He and Jiang
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2018), (Mei and Gong 2018) and the performance and reliability of built systems and
infrastructure (Ye et al. 2018), (Miao et al. 2018). This study uses a Markov chain to model
microgrid survivability due to the inherent capability to compute long-term behavior with
a “memoryless” feature using only the current state of the system and no data on the history
of events to that point in time. The knowledge on system history is implicit in the
probability to transition back to certain operating states over time (e.g. if an asset fails, the
system can’t transition back to a state where that asset is operational). These attributes of
Markov chains enable calculations to be completed with a relatively low computation cost.

This study equates microgrid’s survivability using a critical load profile, energy
asset operating states, and a Markov matrix to evolve states through time. Survivability of
the microgrid is primarily dependent on the combined generator, battery, and solar PV
generation capacity available at any given time. The greater the available capacity, the
more likely the microgrid can continue serving the load in the event of a component or
subsystem failure. 4.1 shows a generic model of microgrid survivability with various
microgrid portfolios. If two generators fail, the microgrid is less likely to be able to serve
the load over the outage duration. However, microgrid survivability improves if battery

and solar PV generation capacity is added to the microgrid portfolio.
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4.1: Survivability of a generic microgrid containing various energy assets.

Statistical development of survivability is demonstrated for a generic microgrid
consisting of multiple generators, multiple battery stacks, solar PV, a critical load, and a
controllable load. Electric loads are assumed to use the exact quantity of power modeled,
a perfect forecast. Potential failures in diesel generators and battery stacks are represented
statistically. Generator reliability is expressed as failure to start and failure to run (failure
rate) (Ericson 2019) (Mrowca 2011). Generators up-time is also expressed to account for
maintenance schedules. Eg. 1 shows how these two metrics are combined to calculate

generator availability, a9, where y,7, is generator up-time and y.7,,,., is failure to start.

a? = Vi~ Vitare (Eq. 1)
Eq. 2 expresses battery stack availability, a?, as equivalent to up-time, yfp, because
battery stacks do not typically have failure to start issues (EOS, n.d.).
a’ = v (Eq. 2)
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Solar PV arrays are traditionally assumed to have high availability and operate with
minimal downtime (Collins et al. 2009), (Hunt et al. 2015). The main source of failure is
inverter failure (Colli 2015), (Golnas 2013), which can be localized by implementing many
smaller string inverters that each have minimal impact to total solar PV production. This
study assumes power generated from the solar PV array is 100% reliable and always
provides capacity of the modeled generation profile (i.e. %°! = 1).

The initial state of the microgrid is expressed using the availability of generators and
battery stack. The availability of solar PV is not directly modeled because it is assumed to
100% reliable. After the initial state of the system is calculated, the failure rate of the
generators and battery stacks are used to describe reliability of each asset class. Eq. 3 shows
the relationship between generator mean time between failure, MTBFY, and generator
failure rate,A9. The reliability function for the exponential distribution shown in Eq. 4 was
used to calculate the failure rate of the battery stacks where A9 is the failure rate, d is an
assumed duration of the specified outage (168 hours), and ylfp is the up-time of the battery
stacks. The exponential distribution was used to model battery failure rate given the

absence of data on mean time between failure for battery storage.

1
g — Eq. 3
A = 3TBF9 (Ea.3)
b
Ab=_% (Eq. 4)

Assuming that generator availability and battery stack availability are uncorrelated,
the binomial distribution in Eqg. 5 can be used to model the initial state of the microgrid

where N9 is the total number of generators, g is a subset of generators, a9 is the availability
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of generators, N? is the total number of battery stacks, b is a subset of battery stacks, and

a? is the availability of battery stacks.

g

b
PO.g0) = () 1= a)s@oy (’Z} ) A-aP@)V'  (Eq5)

Eq. 6 calculates the probability of having g’ generators and b’ battery stacks
available during the next system state, given that g generators and b battery stacks are
available in the current system state. This equation is similar to the formulation in Eqg. 5

with modifications to express transition states between time steps.
! ' 9 ! g (P b\b'  3b\b—b'
p(a.g’,bb) = () (=97 @0y () 1 =2 @) (Eq. 6)

Eq. 6 is calculated for every combination of generators and battery stacks and placed
into the Markov matrix shown in Eq. 7. This (N9 X N? + N9 + N? + 1) x (N9 x N? +
N9 + NP + 1) Markov matrix, also known as the transition matrix represents the
probability to transition between all possible operating states of a microgrid. Any future
state of the system can be calculated by multiplying the current state with the transition

matrix and specifying the number of time steps over which the transition occurs, d.

1 p(1,0,00) .. p(N9,0,N?0) 1°
g b
0 0 p(N9,N9,Nb ND)

The microgrid survives the islanding event if the total available generating capacity
is greater than the critical load for the duration of the grid outage. This condition is checked
each time step. Load is curtailed if there is insufficient generation capacity. The survival

criteria for the initial state of the microgrid is shown in Eqg. 8 where s; is the chance of

survival, V7 is the available on-site fuel, #}?uez is the generator fuel consumption
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coefficient, PJ . is the maximum power of the generators, E? is the energy stored in the
battery stacks, EZ ., is the minimum allowable energy capacity of the battery stacks, P(?,max

is the maximum discharge rate of the battery stacks, P2 is the power consumption of the
critical load, and P5°! is the power produced by the solar PV array. The chance of survival
IS set to zero if the combination of g generators and b battery stacks does not provide
sufficient generation to serve the load. However, if the combination of g generators and b
battery stacks does provide sufficient generation, the chance of survival is set equal to the
probability that g generators and b battery stacks are available to use as the start of an
islanding event. Minimum functions in the inequality equations ensure that generators and
battery stacks can provide power subject to available on-site fuel reserves and available
stored energy, respectively. The maximum function in the inequality ensures that the right

side of the equation is always greater than or equal to zero, even if there is more solar PV

generation than critical load.

s:(0,9,b)

(Eq.8)

N
0 g % min <:,,/g max) + b X min <Z (E®(0,b) — Eby) Jde,max> < max (P%%%(0) — P*°'(0),0)
fuel b=

N
P(0,g,b) gx min( Vv/ g P,ﬁax> + b X min <Z(Eb(0 b) —Eb:.). P ,W) max (P124*(0) — P*°'(0),0)

fuel

The chance of microgrid survival for the next time step, d + 1, is calculated using
Egs. 9 and 10. The probability that the microgrid is operating with a specific quantity of
diesel generators and battery stacks is first calculated for timestep d + 1 using Eq. 9. The
resulting vector is the probability of all microgrid states. Then, the survival probability of
all possible system states which have less than the required amount of total generation

capacity is set to zero using Eq. 10, similar to the process described for Eq. 8. This process
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is repeated for each time step of the islanding event, with results yielding the probability

of all system states over the full duration of the islanding event.

1 p(1,000) .. p(N9,0,NP0) ] s:(d,0,0) s{(d +1,0,0)
|0 p(1,1,00) .. p(N9,1,N?,0) | s¢(d, 1,0) _ si(d +1,1,0) (Eq_ 9)
lo . 0 p(Ng,Né,Nb,Nb)J s¢(d,N9,N®) s{(d +1,N9,NP)
se(d+1,9,b)
( 0 gxmin(v“%/g 5 >+b><min i(Eb(d+1 b) — Ebn) . PE < max (P23%(d + 1) — P5°1(0),0)
»fmax 4 min /' dmax crit ’
M?uel b=0 (Eq 10)

[

= , o
%4

sd+1,gb) gx min( ag/g,Prﬁm> + b X min (Z(Eb(d +1,b) —Eby,), P;max> > max (PX3(d + 1) — P5°1(0),0)

Mfuel b=0

The survivability of a microgrid can be equated by taking the summation of the state
vector at any time of the islanding event. Eq. 11 expresses the survivability of a microgrid,
S:(D), starting in hour t and lasting for D hours, where s, (D, g, b) is the chance of survival,
ending with g diesel generators and b battery stacks. The sum of all possible system states
of the resulting vector in Eq. 9 is used to calculate the total probability that the microgrid
can meet the critical load. This summation typically sums to one but because states that
cannot meet the critical load are zeroed out as described in Eq. 10 the resulting survivability
degrades with time.

N9 ND

S:D)= D > 5D,g,b) (Eq. 11

g=0b=0

4.3. Asset Dispatch During an Islanding Event

The dispatch routine for islanded operation was developed to improve microgrid
resilience by (i) maximizing generation capacity to improve microgrid survivability despite
an increasing probability of asset failure over time, (ii) minimizing fuel consumption to

increase autonomy and extend the duration the microgrid can operate without fuel resupply,
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and (iii) permitting load shedding as a last resort if there is insufficient generation. Total
dispatchable generation, generators and battery stacks, is reduced if there is generator
failure, battery stack failure, insufficient fuel, or insufficient energy in the battery stacks.
A microgrid with lower generation capacity is less capable of meeting the critical load and

hence is less resilient.
4.3.1. Objective Function

The objective function in Eq. 12 is maximized and matches the intent of the dispatch
routine with three components that (i) maximize microgrid reserve capacity using battery
storage where E? is the energy stored in the battery stacks and w4, is the corresponding
weighting factor for battery storage, (ii) minimize fuel consumption where F9 is the fuel
consumption of the diesel generators, wg,; is the corresponding weighting factor for fuel,
and At is the duration of each simulated time step, and (iii) minimize curtailed load where
P!2%4 s the unserved load, w,,,4 is the corresponding weighting factor, and d is the hour
of the islanding event. The sum of all three weighting factors is equal to one, a common
approach for multi-objective optimization (R T Marler and Arora 2004), (R Timothy
Marler and Arora 2010). Weights can be adjusted to evaluate the effect on microgrid
resilience metrics. The weighting factor for unserved load is set equal to nearly one
(0.999999999) to heavily disincentivize load shedding for use as a last resort to maintain
solution feasibility if there are insufficient generation sources to serve load.

D ND N9
Pbmax Prgax
J= Z [(ubat —Edr'%ax <Z (Eb(d, b))) — Wryel ﬂ(E (Fg(d,g)FL%V)>
(Eq. 12)

b=0 max g=0

Pload d
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4.3.2. Constraints

Constraints were developed using equipment specifications, load data, and
renewable generation data. Eq. 13 shows the microgrid energy balance solved in each time
step. Terms include the critical load, unserved load, power from diesel generators, P9,

power from charging battery stacks, P?, and power from discharging battery stacks, PZ.

Nb

N9
> PO, g) + PO + Y (P2(d,b) + PY(d,h)) - PEAA(A) + P! (d)
g=0 b=0

=0

(Eq. 13)
ford =0,..,D
Eq. 14 expresses the amount of solar PV that can be curtailed, P5°!, limited by an

upper bound for the forecasted future solar PV generation, P]fgrl. Solar PV is curtailed if the

critical load is served and battery stacks are fully charged.

0 < PS°U(d) < PE%(d) (Eq. 14)
ford =0,..,D a-

Eqg. 15 sets the minimum generator power output, Py, , to prevent wet stacking, the
incomplete combustion of fuel and buildup of carbon in exhaust that can damage the
generator (Clifford Power 1999). A binary variable, B9, describes if the generator is on (1)
or off (0). Eg. 16 sets the maximum generator power output equivalent to the rated capacity,
Prax

p’..B(d,g) < P'(d, 9)

ford =0,..,Dandg =1, ..., N9 (Eq. 15)

PI(d, g) < Pp.B9(d, g9)
ford =0,..,Dand g =1, ...,N9

(Eq. 16)
Eq. 17 express the generator fuel consumption, F9, as a linear regression of power
output and constant fuel efficiency.
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g —— g
ford =0,..,Dand g =1, ...,N9

Eq. 18 constrains total fuel use during the islanding event to be less than or equal
to the fuel stored on-site, 7.

3|3 poan| < €919

d=0|g=0

Egs. 19 and 20 express constraints on battery minimum state-of-charge (SOC) and
maximum SOC, where E2;, and EZ,,, are the minimum and maximum allowable energy
stored in each battery stack, respectively.

Eb. < EP(d,b)

m

ford=0,..,Dandb=1,.., NP (Eq. 19)

EP(d,b) < Epax

ford=0,..,Dandb=1,.., NP (Eq. 20)

Eq. 21 defines the initial energy stored in each battery stack, E2,;,, at the start of the

islanding event.

E"(0,b) = Ejny
forb=1,..,N? (Eg. 21)

Egs. 22 and 23 ensure charging and discharging rates of battery stacks remain
within the specified C-rating of the battery stacks, where P? is the charging rate of the
battery stack, P2, is the maximum charging rate, P2 is the discharging rate of the battery
stack, and P2 ... is the maximum discharging rate.

0 <PP(d,b) <Pl

ford=0,..,Dandb =1,..,N? (Eq. 22)
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0 <P)(d,b) <Pl ux
ford=0,..,Dandb =1,..,N? (Eq. 23)

Eq. 24 balances energy flows for the battery stacks, where 2, r is the self-discharge

loss of the battery stacks, 77? is the charging efficiency of the battery stacks, and 772 is the
discharging efficiency of the battery stacks.
E"(d,b) = E*(d — 1,b) x (1= 12,,;)

1
+ <ngpcb(d —1,b) — ?Pg(d - 1,b)> X d (Eq. 24)
d

ford=1,..,Dandb =1,..,N?

The “Big M” method (Zhenzhen 2015) was used to ensure battery stacks did not
simultaneously charge and discharge in the same time step. Egs. 25 and 26 show constraints
that utilize the “Big M” method, where B? is a binary variable that describes if the battery
is charging (1) or discharging (0) and M is any large number (chosen to be 1,000,000 for
this optimization formulation).

PP(d,b) < B®(d,b)M
ford =0,..,Dandb =1,...,N? (Eq. 25)
P2(d,b) < (1 — B®(d, b))M

ford=0,..,Dandb =1,..,N? (Eq. 26)

4.4. Microgrid Resilience Metrics

Four metrics describe microgrid resilience during an islanding event: survivability,
autonomy, fuel consumption, and unserved load.
Section 2 provided mathematical development of microgrid survivability over the

duration of a single islanding event. However, the ability of a microgrid to survive an
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islanding event can be dependent on when the event starts and the hourly variability of
loads and solar PV generation. The average probability of surviving an islanding event over
the course of a year is shown in Eq. 27, where Q is a probability density function and q; is
the probability of an outage starting in hour t. A uniform distribution is assumed for g, to

indicate an islanding event has equal probability to start at any of the 8760 hours in a year.

8760
50,0 = ) aS(D) (Eg.27)
t=0
Autonomy, A, represents the duration of time in hours that the microgrid can serve
100% of the critical load as described in Eq. 28, where B/°%% is a binary variable that is
equal to one if 100% of the critical load is served in that time step and zero if the critical

load is not fully served.

D
A= Z B/°%d (d) where {Bllggsd(d) =1 PR&d)=0
0ss Bload
d=0

Eq. 28
loss (d) =0 Plloo.gsd(d) #0 ( a )

Eq. 29 calculates generator fuel consumption, E2 . during an islanding event to
identify minimum fuel requirements to meet the critical load. This formulation can be
modified to identify how much longer critical loads can continue to be served before fuel

tanks are depleted.

D | NI

Fion = z z F9(d, g) (Eqg. 29)

d=0]g=0

The unserved load over the duration of the islanding event, equated in Eq. 30,
quantifies how much load will need to be curtailed to maintain microgrid operation at a

reduced capacity.
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D
sz(s)ad'D — Z Pulgad(d) (Eq 30)

a=0

4.5. Microgrid Site Data

A military microgrid was chosen as the case study given increasing interest from
the USA Office of the Secretary of Defense (OSD) to maintain resilience and power critical
loads during a grid outage (Department of Defense 2014), (Department of the Navy, n.d.),

(Department of Defense 2017). Sensitive information has been anonymized.

45.1. Installation Loads
4.2 shows the total peak load and peak critical load of the military microgrid over

the duration of a year (ESTCP 2019).

16,000

Power (kW-AC
(0]
o)
(]
o

H
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4.2: Summary of on-site electrical load.

4.5.2. Microgrid Assets
Two microgrid portfolios were designed: a generator-only microgrid portfolio, and
a hybrid microgrid portfolio with generators, energy storage, and solar PV. The 750-kW

diesel generators were assumed to have a constant fuel efficiency of 0.0727 gal/kwW-hr
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calculated from a linear regression (R-squared = 0.9962) of manufacturer fuel consumption
data (MQ Power 2007). Multiple generators are capable of operating in parallel. Metrics
for up-time, failure to start, and mean time between failure were assumed to be 99.9%,
99.8% and 1700 hours, respectively (ESTCP 2019). The power profile of the solar PV array
was generated by scaling the power output of a measured smaller array adjacent to the
installation (ESTCP 2019). Operating characteristics for the considered EOS zinc aqueous
battery (EOS, n.d.) are provided in Table 4.1.

Table 4.1: Operational characteristics of EOS battery storage considered in the
hybrid microgrid portfolio (EOS, n.d.).

Round-  Decay (fraction Min/Max Unit
trip of battery C-Rate SOC (fraction Size Lifetime Up-time
Efficiency  capacity lost of battery (cycles)  (%lyear)
. (KWh)
(%) per hour) capacity)
75 0.01 Cl/4 0.00/1.00 600 5000+ 98

Economic data for capital cost, operation and maintenance cost, and incentives are
provided in Table 4.2 for all asset types. A diesel fuel price of 2.97 $/gal was assumed
(ESTCP 2019). A 2.2% annual inflation rate and 6.0% nominal investment discount rate
for a 20-year investment horizon was also assumed (ESTCP 2019). The investment tax
credit (ITC) is a mechanism in federal tax code that enables a portion of energy-related
investments to be credited towards the developer’s or operator’s taxes (Sherlock 2018).
The Modified Accelerated Cost Recovery System (MARCS) is a depreciation mechanism
in federal tax code that allows a business to deduct the cost of an asset with more than one
year of lifetime (Dorn, n.d.). Both a 30% ITC and a 5-year MACRS schedule incentive
were applied to the capital investment costs of the solar PV system and battery systems.
To be eligible for the full 30% of the ITC, the battery system was only permitted to be

charged from renewable sources of generation during on-grid operations.
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Table 4.2: Generator, solar PV, and battery economic data used to calculate the
optimal microgrid portfolio.
Capital Annual Variable
Cost Fixed O&M Cost  Investment MARCS

Technology  ($/kW Oo&M ($/kW/month  Tax Credit Depreciation MYA(;;CS:S
or Cost or (%) (%)
$/kWh)  ($/year) $/kWh/month)
750 7000

%%”;Latv\‘;)r (ESTCP  (ESTCP NA NA NA NA
2019) 2019)
2,100

SolarPV  (Fuetal.  NA 1'422(0F1“8§t al. 30 85 5
2018)

EQOS 436

Batery  (EOS,  NA 0% gE)OS’ 30 85 5

(600 kWh)  n.d.)

4.5.3. Microgrid Portfolios

The baseline generator-only microgrid included 5,250 kW of back-up generator
capacity (seven 750 kKW units). This provided N+1 reliability to ensure peak critical load
could be met if one unit is unavailable due to maintenance, failure to start, or failure to run
(Hedman et al. 2010).

The hybrid microgrid portfolio was optimized using XENDEE (‘“BankableEnergy”
2018), (Stadler and Nasle 2019), (Pencenak, Stadler, and Fahy 2019). XENDEE is a cloud
computing software that jointly performs techno-economic optimization and power
systems analysis. XENDEE’s economic optimization tool selects, sizes, places, and
dispatches energy assets within a microgrid portfolio using a Mixed Integer Linear
Programing (MILP) approach. The optimization tool minimizes total annual costs (or
emissions) of providing energy services to a microgrid considering system energy demand,
regulatory requirements, and energy procurement costs including monthly fixed utility
costs, volumetric electricity purchases, demand charges, annualized technology investment

costs, and technology operation and maintenance (O&M) costs during grid-connected and
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islanding operations. Optimization accounts for technical operating constraints of the
considered technologies (e.g. charging/discharging limits of battery stacks) and
environmental conditions that influence the capacity of on-site renewable generation. The
cost-optimal sizing of microgrid assets for on-grid operation in XENDEE was then
evaluated for off-grid operation using dispatch routines presented in this study.

On-grid economic dispatch in XENDEE was completed using a local utility tariff
for the defense installation service territory, which consisted of monthly fixed charges,
distribution energy charges, on-peak energy charges, mid-peak energy charges, off-peak
energy charges, monthly peak demand charges, and taxes. Energy costs differed for
summer (June through September) and winter (October through May) months. Table 4.3
compares the baseline generator-only case with the cost-optimal (hybrid) microgrid
portfolio calculated from XENDEE. Four fewer generators can be installed if solar PV and
battery stacks are included in the microgrid portfolio while still meeting energy balance
requirements at each hour of the optimization. Peak capacity of the dispatchable generation
(generator + battery storage) of the hybrid microgrid portfolio (5,700 kW) exceeds the peak
capacity of the generator-only microgrid (5,250 kW), indicating the hybrid system can
provide additional capacity reserve when battery storage is full. Table 4.4 shows that the
hybrid microgrid reduces the levelized cost of electricity (LCOE) and operating expenses
by 17.2% and 46.5%, respectively, by reducing both energy and demand charges paid to

the utility during normal grid-tied operation.
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Table 4.3: Capacity of energy assets included in military microgrid portfolios.

Microgrid Total Solar PV Total Solar Total
Portfolio Generator  Generator A PV Battery Battery
. . rea . ) .
Units Capacity (m?) Capacity Units Capacity
(kW) (kW) (kwWh)
Generator- 7 5,250 0 0 0 0
only
Hybrid 3 2,250 109,862 16,479 23 13,800

Table 4.4: Economics of generator-only and hybrid military microgrid portfolios.

Microgrid Levelized_C_ost of  Operating Annualized 20-year Net
Portfolio Electricity EXxpenses Investment Costs Present Value
($/kwh) ($) ($) (%)
Generator-only 0.0884 7,312,209 343,289 41,165,000
Hybrid 0.0732 3,915,299 2,000,145 49,359,000

4.6. Control Parameter Sensitivity Analysis

A sensitivity analysis was performed for weighting factors in the objective function
(Eg. 12) to evaluate the effect on resilience metrics. The summation of the three weighting

factors (wpqae, Wryerr ANd wy544) Was constrained to one as described in Section 3.1. The

unserved load weighting factor, w;,qq, Was set near to one (0.999999999) to heavily
disincentive load shedding unless on-site generation cannot meet the critical load. Egs. 31
and 32 show how the remaining unused weight was shared between the weighting factor
for batteries, wpqe, and the weighting factor for fuel, wg,.;, where y is a scaling factor
between 0 and 1.
Wpat = (1 — Wigaa) X ¥ (Eq. 31)
Wryer = (1 = Wipaq) X (1 —y) (Eq. 32)
Battery stacks are assumed to be fully charged at the beginning of an islanding
event, an assumption that is later relaxed and explored. 50,000 gallons of fuel is assumed
to be on-site (ESTCP 2019). Simulations were performed with an outage starting in each

hour of the year, with results combined to calculate average annual performance
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characteristics that incorporate the hourly variability of loads and solar PV generation over
a year. 4.3 shows survivability of the microgrid over a 168-hour grid outage. The
survivability curve for the baseline generator-only microgrid reduces over time as
likelihood for asset failure increases due to the generator mean time between failure. This
effect is reduced in the hybrid microgrid with fewer generators due to the addition of
storage and solar PV in the microgrid portfolio. The hybrid microgrid shows a significant
improvement in survivability over 168-hours to 99.72%, as compared to the generator-only
microgrid at 95.03% over the same time period. This demonstrates the hybrid microgrid
improves the probability to meet critical loads and extends autonomy to provide continuity
of operations during even longer outages beyond 7 days. The last survivability curve in
Fig. 4.3 shows the effect of removing the battery weighting factor (i.e. w4 = 0), which
simplifies the objective function to reduce fuel and dispatches batteries instead of saving
battery storage for capacity reserve. Batteries provide 3,450 kW of the 5,700 kW total on-
site peak generation capacity and the absence of that generation capacity significantly
affects microgrid survivability. This critical finding indicates that an optimization routine
working to minimize fuel consumption could worsen the probability to meet critical load

for hybrid microgrids.
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4.3: Survivability of microgrids with various values of the resilience weighting factor
control parameter.

4.4 shows three of the four resilience metrics, and the total energy stored in battery
stacks for the duration of the outage. The microgrid is autonomous for the full duration of
the islanding event (168 hours) and is capable of meeting all critical load regardless of the
battery weighting factor and analogous change in the fuel weighting factor. A battery
weighting factor between 10% and 100% results in nearly identical performance metrics.
However, when the battery weighting factor is set equal to zero, the optimization
formulation dispatches battery storage to minimize fuel use, leading to 3.5% less fuel
consumed over an outage and 62.2% less energy stored in battery stacks when compared
to the other sensitivity scenarios with near-equal results. Although this creates a modest
decrease in fuel consumption, microgrid survivability is reduced by 49.25% at the end of

a 168-hour islanding event because the total energy stored in the battery stacks during the
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outage is decreased, resulting in scenarios when the battery stacks cannot provide capacity

to displace failure of a generation source.
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4.4: Resilience metrics of control parameters sensitivity analysis.

This finding indicates that battery terms dominate the objective function whereas
fuel terms have no effect or a negative effect on microgrid survivability, the primary
performance metric. Therefore, the remaining sensitivity analyses and performance
evaluations use values of 0.000000001 and O for the battery and fuel weighting factors,
respectively. This promotes energy security by maintaining a higher battery state of charge

to provide capacity in the event of a failed generator or battery stack.
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4.7. Performance Evaluations

Performance evaluations compare a hybrid microgrid to a generator-only microgrid
to quantify potential benefits of adding solar PV and energy storage, and reducing the
number of generators, to meet critical load during an islanding event. Four resilience
metrics were evaluated through sensitivity analyses of operational parameters including
the amount of on-site fuel reserves, critical load intensity, solar PV generation, and battery

SOC at the start of an islanding event.

4.7.1. On-site Fuel Reserves

On-site fuel reserve availability was varied between 0% and 100% of the nominal
50,000 gallons. 4.5 displays evaluation metrics for a generator-only and a hybrid microgrid.
Once fuel reserves are exhausted, survivability for the generator-only microgrid decreases
rapidly until it reaches zero. The hybrid microgrid has slower degradation in survivability
because solar PV and battery stacks displace generator use and slow consumption of fuel
reserves. If there is no fuel on-site or if fuel is depleted, the hybrid microgrid is still able to
provide autonomy to meet the critical load for 10 hours, on average over the year, by using
solar PV generation and storage energy in battery stacks.

The generator-only microgrid requires a minimum of 40,000 gallons (80%) of on-
site fuel reserves to ensure 100% of the critical load will be served and 89.50% survivability
at the end of a 168-hour islanding event. However, the hybrid microgrid requires only
25,000 gallons (50%) of on-site fuel reserves to meet 100% of the critical load and
increases survivability to 99.56% at the end of a 168-hour islanding event. Similar
survivability results occur when the generator-only microgrid has 70% fuel reserves and

the hybrid microgrid has only 30% fuel reserves. Exploring this in more detail indicates
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that the generator-only microgrid uses 47.80% more fuel than the hybrid microgrid to meet
the critical load. These findings illustrate that a microgrid with solar plus storage is much

less dependent on fuel availability and resupply when compared to a generator-only

microgrid.
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4.5: Sensitivity analysis of on-site fuel reserves on performance metrics for
generator-only microgrid (top) and hybrid microgrid (bottom).

4.7.2. Critical Load

Both microgrid portfolios were designed to meet peak critical load observed at the
military installation. Sensitivity analysis of the critical load intensity provides insights into
how the installed equipment could meet changes to installation infrastructure or
assignments, or address real-time changes in mission objectives. 4.6 displays resilience
metrics of a generator-only and hybrid microgrid when varying the critical load from 0%

to 150%.
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Survivability of the generator-only microgrid and hybrid microgrid is similar for
110% critical loads suggesting that both portfolios are equally adept at serving slightly
increased loads than originally designed for. However, for greater intensities of critical
load, the survivability of the hybrid microgrid is affected more significantly than the
generator-only microgrid because the total generation capacity of the hybrid microgrid was
optimally determined while the total generation capacity of the generator-only microgrid
considered a N+1 reliability constraint.

Fuel use increases linearly with critical load from 0% to 150% in the generator-
only microgrid. This linear trend is similar for the hybrid microgrid as critical load
increases from 0% to 100%, but becomes sub-linear from 110% to 150% because loads
exceed the combined capacity of all generators and therefore battery stacks must be
dispatched in combination with generators to meet greater loads, resulting in a modest
reduction in the amount of fuel used per kWh of load served. The amount of energy stored
in battery stacks remains nearly constant as critical load increases from 0% to 80% because
the dispatch optimization prioritizes stored energy over saving fuel. However, once the
critical load is increased above 80%, battery stacks must be dispatched to ensure the
microgrid can achieve 168-hour autonomy. Once the critical load is increased above 100%,
the autonomy of the microgrid is negatively affected with a large decrease between 120%
(122 hours autonomy) and 140% (25 hours autonomy). This occurs because the combined
capacity of the battery stacks, diesel generators, and solar PV are insufficient to meet the
increased demand, creating circumstances in which the autonomy of the hybrid microgrid
is less than the generator-only microgrid. Although the hybrid microgrid can meet 150%
of the critical load for a shorter duration, the reduction of fuel use by 57.05% means the
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hybrid system can operate at reduced capacity for a longer period of time. At 150% critical

load the hybrid microgrid curtails 51.3 MWh of critical load.
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4.6: Sensitivity analysis of critical load intensity on performance metrics for
generator-only microgrid (top) and hybrid microgrid (bottom).

4.7.3. Solar PV Generation

Solar PV generation is typically viewed as a non-dispatchable resource with high
variability due to intermittent environmental conditions. Performance evaluations here
vary solar PV generation between 0% and 100% to quantify how solar intermittency affects
resilience metrics. 4.7 shows evaluation metrics for a hybrid microgrid and a generator-
only microgrid.

Reducing solar PV generation by 50% has limited impact on autonomy (-1.04%)
and a modest increase on fuel use (+11.20%) because generators must be dispatched to
keep batteries charged when excess solar PV generation is not available. When solar PV

generation decreases below 50%, there is insufficient solar to maintain batteries at full
142



charge and therefore autonomy and survivability are negatively affected. If there is an
extended period with no solar PV generation (i.e. 0% solar PV scaling factor), autonomy
reduces by 83.98% and the critical load must be curtailed by 17.54%. This modest
reduction in serving the critical load shows that the hybrid microgrid can still dispatch

generators and battery stacks to maintain operations at reduced levels.
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4.7: Sensitivity analysis of solar PV generation on performance metrics for hybrid

microgrid.

4.7.4. Battery Stack Starting State of Charge

The starting SOC of battery stacks at the onset of an islanding event can vary if on-
grid dispatch routines discharge batteries to improve economics, such as during peak
shaving. This effect is explored by varying the starting SOC between 0% and 100% with
results shown in 4.8 for a hybrid microgrid and a generator-only microgrid.

The survivability of the microgrid decreases appreciably if the starting SOC is
below 40%, dropping down to 49.24% if batteries are fully depleted. A hybrid microgrid
portfolio must begin an islanding event with batteries above 40% SOC to surpass the 7-
day survivability of the generator-only microgrid. However, if the hybrid portfolio starts

with a battery stack SOC of 40%, than it is more likely than the generator-only microgrid
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portfolio to serve the critical load for outages lasting longer than 130 hours. This is because
the probability of a generator failure for the generator-only microgrid is more probable than
the combined probability of a generator failure or battery stack failure once the batteries
are fully charge for the hybrid microgrid.

The hybrid portfolio uses an average 47.80% less fuel than the generator-only
portfolio but needs to start with at least 70% SOC to achieve 168-hour autonomy. However,
even if battery stacks are fully depleted at the beginning of an islanding event, the microgrid
can achieve an average autonomy of 74 hours over the simulated year when the initial
critical load is low enough to be met with generators, allowing solar PV generation to
charge batteries for capacity reserve later in the islanding event. That behavior produces
the flattening of the survivability curve shown in Fig. 4.8. Fuel use is slightly increased for
lower battery starting SOC because generators charge battery stacks at the beginning of an
outage if there is insufficient solar for charging. These findings indicate that on-grid
economic dispatch should impose a minimum 70% SOC operational constraint if 168-hour
autonomy is mission critical. However, if the hybrid portfolio starts with less than 70%
SOC a modest 0.23% of the critical load can be curtailed over the duration of the islanding

event to reach 168-hour autonomy.
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4.8: Sensitivity analysis of battery starting SOC on performance metrics for hybrid
microgrid.

4.8. Conclusions
This study developed a statistical approach to model microgrid resilience and
formulated an optimization algorithm for microgrid control during islanding events. A
hybrid military microgrid portfolio with solar PV, storage, and generators was optimally
designed to minimize on-grid operational expenses using XENDEE. For off-grid operation,
the survivability of that hybrid system to meet mission critical loads was modeled using a
Markov chain model with probabilities reflected for generator reliability and battery stack
reliability. Sensitivity analyses and performance evaluations compared resilience metrics
for a hybrid microgrid and generator-only microgrid: survivability, autonomy, fuel usage,
and unserved load. Significant findings include:
e Optimization control algorithms that solely minimize fuel consumption can
significantly reduce the survivability of hybrid microgrids. Case studies
demonstrated that survivability could be reduced by up to 49.25% if minimizing

fuel was the sole operational goal.
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The hybrid microgrid requires 37.5% less on-site fuel reserves than the generator-
only microgrid to ensure autonomy for 168 hours, 100% of the critical load will
be served, and 99.56% survivability at the end of a 168-hour islanding event.
However, the generator-only microgrid can only ensure 89.50% survivability at
the end of a 168-hour islanding event.

The hybrid microgrid portfolio uses 47.80% less fuel than the generator-only
microgrid portfolio for 168-hour islanding events under nominal conditions.

If there is no fuel on-site and the battery stacks start with 100% SOC, the hybrid
microgrid can provide autonomy to meet the critical load for 10 hours by using a
combination of stored energy and solar PV generation.

For intensities of critical load above 110%, the survivability of the hybrid
microgrid is reduced more drastically than the generator-only microgrid due to
N+1 reliability design considerations that resulted in excess on-site generation
capacity in the generator-only microgrid portfolio.

The survivability at the end of a 168-hour islanding event of a hybrid microgrid
serving 150% of the nominal critical load is reduced by 5.96% when compared to
a generator-only microgrid. However, the hybrid microgrid uses 57.05% less fuel
to meet 88.40% of the critical load. This fuel savings can be used to extend
operations at reduced capacity for a longer period of time than the generator-only
microgrid.

The hybrid microgrid portfolio is dependent on the full solar PV generation to
achieve autonomy for 168 hours but can still serve 99.95% of the critical load with

just 50% of solar PV generation.
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e Battery starting SOC at the beginning of an islanding event must be above 70% to
ensure autonomy for 168 hours. However, if batteries are fully depleted, excess
solar PV and generators can recharge the batteries to maintain microgrid
survivability with only 0.23% of the critical load being curtailed.

e The hybrid microgrid portfolio is statistically more likely to survive a 168-hour
islanding event than a generator-only microgrid portfolio if the battery stack
starting SOC is above 50%.

e On-grid economic dispatch should maintain batteries with sufficient contingency
reserve capacity to reach 168-hour autonomy in the event of a grid outage. A
minimum 70% battery SOC was identified for the case study analyzed.

Generalized findings indicate that a hybrid microgrid that minimizes fuel use by
dispatching batteries is less likely to survive an islanding event than a generator-only
microgrid. Batteries in the hybrid microgrid are crucial to providing capacity reserve in
case of generator failure or battery stack failure. If the batteries are depleted to save fuel,
the hybrid microgrid is less capable of surviving an islanding event. The hybrid microgrid
is less reliant on fuel and therefore can potentially increase mission autonomy for extended
duration islanding events when compared to a generator-only microgrid. The diversity and
increased quantity of generation assets within the hybrid microgrid portfolio results in a
more resilient system to provide local power over the duration of an islanding event.

Further work can explore the reliability of all subsystems including but not limited
to solar PV, electrical distribution network, communication networks, and switch gear.
Modifying the Markov chain to account for real-time maintenance of energy assets is

another area for investigation. Lastly, the assumption that an islanding event can occur with
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equal probability over the year can be revaluated to accurately depict risk to seasonal issues
such as hurricanes, forest fires, extreme heat events, flooding, etc.
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CHAPTER 5
DISSCUSION
The following discusses and compares findings from Chapters 2, 3, and 4 and
presents opportunities for future research.

5.1. Implications for Scientific and Electrical Power and Energy Communities

Chapter 2 developed residential cooling strategies that provide customers and
electric utilities with improved operational and financial outcomes. Six cooling strategies
were evaluated and compared to a baseline logic-based controls strategy for a standard
Building America B10 Benchmark residential home. Case studies completed for Phoenix,
AZ, Los Angeles, CA, and Kona, HI demonstrate applicability of methods to locations with
different environmental conditions and cooling needs. Each location also had unique time
of use rate structure.

EnergyPlus was used to model the building envelope, heating ventilation and
cooling system, thermal energy storage (TES) system, and annual energy costs. Control
algorithms for dispatching of cooling systems were developed and coded into the
EnergyPlus environment. An adaptive precooling strategy implemented thermostat control
using a feedback loop to dispatch a heating ventilation and cooling system based on the
intraday outdoor air temperature as a proxy for thermal losses to the environment. The
controller automatically regulated cooling provided to the building based on expected
thermal loads. This corrected potential issues with conventional precooling strategies that
use predetermined setpoints that could precool the building when unnecessary and result
in additional costs. Sensitivity analysis explored optimal precooling control parameters to

provide the most financial benefit to customers. Control of the TES implemented a logic-
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based algorithm that dispatched (charge or discharge) depending on time of day and
thermal requirements of the building. Precooling and thermal energy storage were also
combined to evaluate potential benefits together.

Chapter 2 quantified the benefit of cooling strategies to reduce customer on-peak
demand by up to 75.6% and annual operational costs by up to 23.5%. Findings showed that
implementing a precooling strategy, by means of a smart thermostat, offered the lowest
pay back period for all three locations. This was primarily a result of the relatively high
cost of TES for each location. Further, there were minimal additional economic
improvements for combining precooling and TES because both strategies had similar effect
to shift cooling loads to off-peak electrical rates. One benefit of TES is that the approach
maintained a consistent indoor air temperature whereas the precooling strategy neglected
customer thermal comfort. Potential future work could integrate thermal comfort
considerations into the control schemes introduced in Chapter 2.

Reducing thermal loads can help utilities reduce peak demand and therefore reduce
operating expenses by minimizing use of higher-cost peaker plants. These cost savings can
be passed onto customers using time of use rate structures that incentivizes shifting
electrical loads during typical times of electrical system peak demand. Widespread
adoption of innovative cooling strategies has the potential to provide significant benefits
for both electrical utilities and customers because thermal loads comprise 41% of total
residential energy use in the United States. Expanding on this work, Chapter 3 identified
opportunities to provide similar or improved benefits if electrical loads and distributed

energy resources (DERS) are optimized.
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Chapter 3 developed three microgrid control algorithms and compared results to
assess technical and financial performance for a baseline logic-based control, model
predictive control (MPC), and MPC with ancillary services allowed as a revenue stream.
The logic-based control algorithm executes real-time dispatch at each time step using
information on the current operating state of the energy asset and time-of-use (TOU)
electricity rates, which is a similar approach to controls developed in Chapter 2 for
dispatching TES. For Chapter 3, the two optimization-based control algorithms utilized
much of the same formulation, with the algorithm including ancillary services expanding
the optimization function and constraints to enable participation in spinning reserve and
non-spinning reserve markets. Participation in additional wholesale markets (e.g.
regulation, replacement, black-start, and voltage support) were not considered due to
regulations and contracting processes guiding the involvement of DERs in these markets
still being in their infancy or not available at all. A grid-tied microgrid comprised of 326
kW solar PV, 634 kW/ 634 kWh battery, and a 350 kW diesel generator was designed to
serve a commercial building on the Arizona State University (ASU) campus. Measured
electrical load and solar PV generation data were used.

Findings from Chapter 3 indicate that a microgrid using a logic-based controller
could reduce customer annual operational costs by 26.7%. Using a model predictive control
algorithm increased annual cost savings by 13.7% when compared to a logic-based
algorithm. If participation in ancillary service markets was considered within the model
predictive control algorithm, annual net operating expenses reduced by an additional 23.5%
when compared to a logic-based algorithm. This additional savings are primarily attributed
to reduced energy charges, reduced demand charges, reduced O&M expenses resulting
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from less cycling of the batteries, and additional revenue streams from ancillary service
markets if participation is enabled. These savings enabled by advanced controls can reduce
project pay back times for customers and help accelerate the adoption of low carbon energy
solutions while providing additional operating flexibility for utilities/ regional transmission
organizations/ independent system operators.

Sensitivity analyses showed that decreasing the duration of time steps from 60 min.
to 15 min. decreased annual net expenses by up to 12.5%, and increasing the prediction
time horizon from 24 hours to 168 hours decreased annual net expenses by up to 3.5%.
Shorter duration time steps enable control actions to be executed on a more frequent basis
and longer prediction time horizons provide an improved understanding of future events to
optimize asset dispatch in the present time step. Shorter duration time steps and longer
prediction horizons create additional decision variables that must be calculated by the
optimization solver. This additional computation cost may prohibit certain combinations
of time steps and prediction time horizons.

Intraday dispatch simulations displayed operational behavior of all three control
algorithms for average weekdays in January and July. All three control algorithms
displayed similar battery dispatch tendencies. In general, batteries were charged with solar
PV and discharged during on-peak times to reduce energy and demand charges. In contrast,
the logic-based algorithm charges batteries earlier in the day to ensure that they are fully
charged before on-peak times whereas MPC algorithms charge batteries when solar PV
generation is greater than the critical load, thereby reducing the amount of solar PV sold
back to the grid by up to 67.6%. A deviation to this general behavior was observed when
using MPC without ancillary services algorithm in January. Instead of discharging during
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on-peak times, the controllable load is shifted to maintain a constant net load with the gird
to limit the on-peak demand charge. This behavior reduces battery cycling and the
associated operations and maintenance cost. The reduced cycling is also expected to
improve battery life (Correa et al. 2017). MPC algorithms charge batteries from solar PV
or the grid immediately following the on-peak time of day to provide capacity to bid into
ancillary services markets late in the day that have higher bid prices (revenue) than earlier
in the day. The microgrid dispatch using MPC shows the ability to adjust operations
depending on environmental conditions, load profiles, and pricing signals. This adaptive
feature along with the inherent modularity and scalability of MPC approaches can
potentially reduce the development time of controls for each unique microgrid
configuration, retail electric rate structure, and ancillary service participation structure.
Case studies and control algorithms introduced in Chapter 3 focused solely on grid-
tied operations of microgrids. Chapter 4 introduces techniques for control during islanded
operation. Chapter 4 develops a method to quantify the resilience of microgrids using a
Markov chain to statistically describe the capability to serve critical loads during islanded
operations. Reliability metrics of dispatchable generating assets such as failure to start,
failure to run, and availability were used in the Markov chain to evaluate the survivability.
Autonomy, survivability, fuel consumption, and unserved load were introduced as metrics
to evaluate the resilience of microgrids out to 7 days of grid outage. An optimization routine
was developed to dispatch assets over the duration of the islanding event. Performance
evaluations compared the resilience of a generator-only microgrid consisting of 5,250 kW

in generators and a hybrid microgrid consisting of 2,250 kW generators, 3,450 kW /13,800

160



kWh battery, and 16,479 kW solar PV. The hybrid microgrid was sized using XENDEE to
optimally size assets for economic return during on-grid operation.

Sensitivity analyses identified optimal control parameters in the objective function
to maximize on-site reserve generation capacity, minimize fuel consumption, and minimize
curtailed load. Findings also identified that minimizing fuel consumption can worsen the
survivability by up to 49.24% for hybrid microgrids because batteries are discharged to
save fuel and then no longer can provide capacity to supplement failure of a generator or
battery stack. Further sensitivity analyses varied the quantity of on-site fuel reserves to
identify how much fuel is needed serve 100% of the critical load for a 168-hour outage.
The hybrid microgrid was shown to require 37.5% less on-site fuel than the generator-only
microgrid for a 168-hour islanding event. This fuel savings could be used to extend mission
duration if the islanding event lasted longer than 168 hours. The hybrid microgrid also
increased survivability by 10% relative to the generator-only system.

Additional analyses examined the dependence on solar PV and battery state of
charge at the beginning of an islanding event. The hybrid microgrid was dependent on the
full solar PV generation to ensure autonomy for 168 hours but could still achieve autonomy
for more than 166 hours with 50% solar PV generation. Analyses also demonstrated that
the battery starting state of charge must be above 70% to ensure autonomy for 168 hours.
However, the batteries must only maintain a starting state of charge of 50% to be more
likely to survive an islanding event than a generator-only microgrid. These analyses can be
used to formulate operational goals of grid-connected control algorithms to ensure
resilience and enable a thorough comparison of the benefits and drawbacks of generator-
only microgrids and hybrid microgrids.

161



Chapter 3 and 4 controlled microgrids during on-grid and off-grid operation,
respectively. Chapter 3 minimized operational expenses and regularly cycled batteries
during on-peak times to reduce energy and demand charges. Chapter 4 maximized on-site
generation reserve capacity and therefore maintained battery state of charge near 100%
with minimum cycling during islanded operations. These results show how control
algorithms can adapt energy asset behavior to achieve different operational objectives
(minimize cost vs. maximize resilience).

5.2. Future Work

The studies in Chapters 2, 3, and 4 developed and demonstrated advanced controls
for thermal and electrical energy systems. Results demonstrated the technical efficacy of
different control algorithms and associated benefits for customers, utilities, and regional
transmission operators/ independent system operators. Modifications and additions to these
control approaches along with applications with different use cases can provide a more
comprehensive understanding of the value propositions these generalized controls offer.

The proposed adaptive precooling strategy in Chapter 2 neglected occupant thermal
comfort as a constraint while the proposed thermal energy storage strategy maintained an
indoor air temperature within the specified ASHRAE standard (ANSI/ASHRAE 2013).
Modifications to the precooling strategy to constrain indoor air temperature within the
specified ASHRAE standards would provide a more direct comparison to the TES cooling
strategy that does not deviate from the baseline indoor air temperature. Future work is also
needed to understand the operational constraints of absorption chillers and heating

ventilation and cooling systems to create a complete set of constraints for all thermal assets.
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Chapter 2 demonstrated potential economic and technical benefits that thermal
systems could provide. Chapters 3 and 4 both examined the operation of electrical systems
but neglect considerations for thermal systems. Integrating controls for electrical and
thermal systems into a unified control algorithm has the potential to increase benefits these
systems can provide. Generators can be used for combined heat and power applications.
Considering the exhaust heat as a source of energy can provide additional economic
incentive to operate on-site generators. This has the potential to increase the annual
operating hours similar to allowing them to participate in ancillary service markets as
detailed in Chapter 3. Thermal energy can be used for heating applications in microgrids
(e.g. hot water) or paired with an absorption chiller for cooling applications. However,
additional input data is needed to model thermal loads of microgrids and calculate optimal
dispatch using a model predictive control approach.

The Markov chain model developed in Chapter 4 describes the survivability of a
microgrid over the duration of an islanding event using a pre-determined starting operating
state. Slight modifications to the proposed control algorithm can enable real-time control
in a similar manner to the model predictive control approach detailed in Chapter 3 while
accounting for assets under maintenance or out of service. However, the Markov chain
model developed in Chapter 4 cannot describe the survivability of a microgrid in real-time
due to the inability to accurately adjust the operating state to account for maintenance of
assets. Future work to modify the Markov chain model and allow operators to evaluate the
survivability, autonomy, fuel usage, and loss of load of microgrids in real-time is still
needed. This work can enable operators to evaluate the effects of asset maintenance
schedules and control parameters in real-time. Lastly, this modification to the Markov
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chain model would enable a feed-back loop to be integrated with the control algorithm to
automatically adjust microgrid islanded operations based on predetermined resilience
metrics.

Findings from Chapter 4 (e.g. minimum battery starting SOC of 70% to ensure
autonomy for 168 hours) could be paired with the on-grid dispatch simulations using the
model predictive control approaches in Chapter 3 to evaluate the economic and operational
effects of imposing additional resilience constraints. A real-time feedback loop could also
be integrated with the on-grid model predictive control algorithms to automatically adjust
dispatch behavior to ensure minimum resilience metrics can be achieved in the event of a
grid outage.

5.3. Closing Remarks

Advanced controls for electrical and thermal energy systems can leverage the
functionality of individual energy assets in an aggregated fashion to provide increased
value to multiple stakeholders in the energy industry. New industry regulations are
enabling the participation of distributed energy resources and microgrids in wholesale
energy markets that can help decrease pay back periods and thereby increase the rate of
adoption. However, this progression inevitably increases the technical and economic
complexities of a system that was originally designed for centralized generation and can
potentially cause more harm than good. Advanced controls can facilitate the integration
and coordination of these distributed assets with higher-level centralized generation and
transmission entities to increase the operational flexibility of the entire system and provide

low cost, low carbon, reliable energy sources to customers.
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