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Co-optimizing microgrid asset
sizing and dispatch with building
automation and load control

Arnel Garcesa* and Nathan Johnson

Arizona State University Polytechnic School, Ira A. Fulton Schools of Engineering, Mesa, AZ, United
States

The combination of microgrids and load shifting creates stacked economic
benefits and, in some cases, may create synergistic value in which “the whole is
greater than the sum of its parts.” These behaviors were explored and contrasted
for three building types—apartment complex, hospital, school-using the same
retail tariff structure for the case study site of Los Angeles, California. Microgrid
assets were sized to minimize annualized project costs under a range of load
shifting scenarios that varied duration (up to 3 h) and percentage (up to 25%
of total load). Results showed stacked value improvements through annualized
cost reductions of 6.2%, 8.1% and 21.6% for an apartment complex, hospital and
school, respectively, and synergistic value of 0.3%, 2.1%, and —1.2%, respectively,
for the mid-point case with 2 h and 15% of total load shifted. The rank order
relationship of synergistic value shows a negative correlation with the load
factor, suggesting that load profiles with more “peakiness” may not be able to
access synergistic value, though the school did have the greatest stacked value.
As load shifting percentage increases, the synergistic value for the school trends
negative while the synergistic value for the hospital is flat and the apartment
trends positive. This underscores results showing that the stacked value and
the synergistic value are primarily affected by the load shifting duration rather
than the load shifting percentage. Greater synergistic value is created when
microgrid asset sizes can be downsized as more load control is added. When
looking at the hospital, results indicate that microgrid focuses on demand
charge reductions whereas load shifting emphasizes energy charge reductions,
thereby promoting more synergistic value when combined because the two
approaches address different parts of the utility bill. This trend does not hold
in all scenarios, however, and further identifies that the cost optimal solution
may not be achieved by simply shifting load to periods of day with greater solar
photovoltaics production, a commonly held general assumption.

KEYWORDS

microgrid, DER - distributed energy resources, building automation system (BAS),
load shifting demand response management, stacked value, synergistic value, asset
selection, optimization

1 Introduction

Microgrids and distributed energy resources (DERs) are becoming increasingly
common sources of electricity at the grid-edge (Montuori et al.,, 2014). Assets in a microgrid
may include natural gas generators, diesel generators, solar photovoltaics (PV), and
battery energy storage (Li et al., 2021) (Albarakati et al., 2022). These assets act a single
controllable entity to power local loads during grid-connected normal operation or in
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island-mode in the event of a grid disturbance (Hosseinnia et al.,
2018) (Wodicker et al., 2023). Microgrids are advantageous for
providing power for critical services—such as hospitals, data centers,
defense-or building types with lower power quality-due to a long
radial feeder, disruptions from extreme weather, or other causes
(Vahedipour-Dahraie et al., 2022). Global interest in microgrids
is growing due to reductions in component costs (Sasidhar et al.,
2025) and the increased demand for energy reliability, security, and
sovereignty is increasing (Yahaya et al., 2020).

The delivered benefits from microgrids can be improved
when load control is combined with microgrid asset dispatch, as
suggested by preliminary studies (Nelson et al., 2020) (Nelson et al.,
2019) (Pothireddy et al, 2022) (Garcesa et al., 2025). Load
shifting is commonly used to move energy consumption from
the time of the day when energy pricing is high to a different
time of day when time-of-use (TOU) energy pricing is lower
(Katz etal., 2016) (O'Reilly et al., 2024). Load shifting is a technique
with applications to all major electrical customer categories
including residential, commercial, industrial, and public services,
and commonly focuses on shifting high power loads such as air
conditioning, space heating, water heating, electric vehicles, pumps,
and lighting (Pothireddy et al., 2022) (Yousri et al., 2023) (Vazquez-
Canteli and Nagy, 2019) (Mohandes et al., 2020) (Silvestri and
De Santis, 2024) (Feijoo et al., 2024). Yet when combining microgrid
dispatch and load control, further study is needed for optimal sizing
and control of the integrated system.

Variability in power generation from renewable resources such
as solar PV and wind can be reduced using energy storage
(Darabi et al., 2021) (Darabi et al., 2021) (Janko et al., 2016), with
a common use case to discharge batteries and avoid changes to
loads to reach similar reductions in utility bills (Hargreaves and
Jones, 2020) (Sufyan et al., 2019) (Fossati et al., 2015) (Nelson
and Johnson, 2020). A complementing, though contrasting, study
found that load shifting could reduce the cost-optimal size of energy
storage by up to 9% because loads could be shifted to off-peak
times of day instead of relying on battery storage to power loads
during on-peak times (Javed et al., 2022) (Hou et al., 2024). Another
financial saving strategy is to shift energy consumption to times of
day with greater solar PV generation (Darabi et al., 2021) (Hou et al.,
2024) (Amrollahi and Bathaee, 2017). Such benefits can be extended
from a single building to all loads across a distribution network
to reduce microgrid capital costs and/or operating costs of utility
bills (Pinto et al., 2021). Control strategies that include microgrid
assets and loads can better manage grid power use, and hence,
such approaches can better manage overall system-wide loading
during periods of grid stress (Feijoo et al., 2024) (Javed et al., 2022).
However, the literature is limited in how the combination of a
microgrid and load control affects the sizing and operation of assets
(Bagheri et al,, 2022) (Lavrik et al., 2021). The same optimization
formulation can be applied to residential, commercial, and industrial
rate structures (Talent and Du, 2018) (Huang and Abedinia, 2021).

Abbreviations: BAS, building automation system; DER, distributed energy
resources; kWh, kW hours; MILP, mixed integer linear programming; MWh,
megawatt hours; O&M, operating and maintenance; PV, solar photovoltaic;
sq ft, square foot; TOU, time-of-use.
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More scholarly deployment is needed to investigate how load
shifting and microgrids could be mutually supportive and even
synergistic to reduce costs. In this work, the stacked value expresses
the combined benefits of adding both a microgrid and load control,
and the synergistic value expresses the additional value obtained if
the combined value of a microgrid and load control is greater than
the value of each separately. Contributions to literature include:

1. Evaluating how microgrid asset sizing and dispatch is affected
by load control strategies to reach a least-cost solution.
Evaluating the stacked value produced by combining load
shifting and microgrids.

Demonstrating the synergistic value produced if combining
load shifting and microgrids creates results in which “the
whole is greater than the sum of its parts”

Describing optimal approaches to system sizing and controls
that maximize stacked value and synergistic value.

2 Methodology

Mixed integer linear programming (MILP) is employed to
minimize customer costs (Tan et al, 2010) (Mahmoud et al,
2019). MILP has also been employed in microgrid studies for
improving frequency regulation (Kerdphol et al, 2014), power
balance (Bagherietal., 2022), loss of load probability (Eltamaly et al.,
2016) (Hosseinnia et al., 2019) (Nojavan et al., 2017), expected
energy not supplied (Pinto et al., 2021) (Hosseinnia et al., 2019),
carbon emissions (Hosseinnia et al., 2019), and asset reliability and
lifetime (Sufyan et al., 2019) (Naidu et al., 2018). Formulations
have been developed and applied in use cases such as small-
scale residential (Akter et al., 2021), medium-scale commercial
(Mathew et al.,, 2022), large-scale industrial (Arias et al., 2018),
and off-grid operation (Morsali and Kowalczyk, 2018). Of these
studies, MILP is a common approach as it guarantees finding a global
optimum solution while offering flexibility to define the problem
space and constraints (Urbanucci, 2018). MILP is used in many free
and commercially available optimization solvers.

2.1 Optimization platform

The microgrid design platform Xendee and associated MILP
solver are used to identify the cost-optimal conditions for microgrid
sizing and dispatch with load control. Xendee is a cloud computing
software that can perform techno-economic optimizations. The
optimization objective function seeks to minimize total annualized
system costs over the duration of the project period (Nelson et al.,
2020). The annualized cost is comprised of technology investments,
operation and maintenance costs, energy purchases from the utility,
energy sales to the utility, and incentives/tax credits as shown
in Equation 1 (Xendee, 2025a). A simulation period of 1-year is
completed with operating costs reflected within the summation. For
capital costs, Xendee amortizes investment costs of microgrid assets
over the entire lifetime of the project and accounts for replacement
costs for any assets that reach their lifetime limits as expressed in
C™. At each time step, the constraint shown in Equation 2 is applied
to ensure system-wide energy balance. Xendee uses representative
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days to simplify the variation of a year-long simulation into standard
profiles that provide similar results to time series simulations
(Nahmmacher et al., 2016). The remaining years in the project
lifetime assume the same dispatch for each corresponding day and
hour of the year. The simulations assume there is perfect foresight
of consumer load demand and solar PV availability. Additional
constraints used by Xendee can be found in (Xendee, 2025b).
C= Zt(crtil + CtO&M + C{“el _ qules _ C;nc) + i (1)
Where:
C is the annualized system cost ($) over the project lifetime
C*1 is the cost ($) to purchase electricity from the utility
at time ¢
CtO&M is the operations and maintenance cost ($) at time ¢
C{ ““!is the fuel cost ($) at time ¢
C3%es s the net sales to the utility ($) at time ¢
Ci”c is the net costs due to incentives ($) at time ¢
C™ is the annualized capital investment cost ($), and
t is a discrete time step of 1-h

rid ER
Pt:Pf +ZP§)

DER

2)

Where:

P, is the electricity load (kW) at time ¢

med is the electricity purchased from or sold to the utility (kW)
at time ¢

PPER s the electricity supplied by on-site distributed energy
resources (kW) at time ¢

DER is the type of distributed energy resource, and

t is a discrete time step of 1-h

2.2 Scenarios and optimizations

Four scenarios are explored to generate data needed to evaluate
the stacked value and synergistic value of a microgrid and load
control.

1. Scenario 1: No microgrid and no load shifting (base case) - No
microgrid assets are installed, and no load shifting is available.
Loads are served only by utility electricity purchases. There are
no features available for the customer to control or reduce load.
Scenario 2: Load shifting with no microgrid-No microgrid
assets are installed. Loads are served only by utility electricity
purchases. A site controller manages load shifting.

Scenario 3: Microgrid with no load shifting-Microgrid DER
assets are installed. Loads are served through a combination of
on-site DERs and through utility electricity purchases. There
are no features available to the customer to control the timing
of load.

Scenario 4: Microgrid and load shifting-Microgrid assets are
installed, and loads are served through on-site DERs and utility
electricity purchases. Power from the grid or microgrid assets
could meet energy consumption as scheduled, or load shifting
could be used to move energy consumption to a different time
of day than originally scheduled.

The base case and microgrid with no load shifting scenarios run
only one optimization each. The base case provides a comparison
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case, and the microgrid with no load shifting optimization considers
DER assets and calculates the resulting dispatch routines. The
scenarios with load shifting include more optimization runs that
explore the effect of load shifting control parameters on output
metrics, with each combination of input parameters creating a
new optimization with unique annualized system costs and load
dispatches. The two scenarios with load shifting each include 15
optimizations that are a result of combinations of the parameters
below:

1. Maximum duration of load shifting: 1, 2, or 3 h.
2. Maximum percentage of daily load that can be load shifted: 5%,
10%, 15%, 20%, or 25%.

Three hours was chosen as the longest duration for energy
shifting based on heating and cooling loads (Clauf3 et al., 2024), and
25% is a representation of the percentage of a site's total daily load
that could be shifted (Agarwal et al., 2011). These provide data for
sensitivity analyses of control parameters.

3 Case study information

Los Angeles, California in the United States is the case
study site. The economy of the State of California is the highest
among all states in the United States and ranks 4th in the
world by GDP (Hiltzik, 2025). California has similarly earned
a top ranking among United States states for environmental
policies (Vogel, 2018) and progress towards decarbonizing the
energy sector (Meckling et al., 2017). Currently, California leads
all United States states in electricity generated from solar PV
(Climate Central, 2025) and places second in energy generated
from renewables (U.S. Energy Information Administration, 2025).
Furthermore, its per capita energy use is the 4™ lowest in
the United States However, the installed capacity of renewables
is so high that, in absence of more energy storage and load
control, California at times pays neighboring states to off-take the
excess electricity generation (Vad et al., 2019). These drivers are
motivating the development of new policy models and technology
approaches to better utilize renewable energy generation and
energy storage within the state (IER, 2025). Los Angeles is
the most populous city in California (City of Los Angeles, 2025).
California has also been the subject of several - microgrid case
studies such as increasing university campus renewables utilization
(Sreedharan et al, 2016) and replacing diesel generators with
battery energy storage in state-owned building-scale microgrids
(Hwang et al., 2023).

3.1 Customer types

Three building types were chosen to examine the stacked value
and synergistic value of microgrids and load control. These building
types include an apartment complex, hospital, and secondary school
to encompass a variety of seasonal load shapes, load magnitudes,
and HVAC equipment. Data on these building types were taken
from the United States Department of Energy which maintains
commercial reference buildings for a range of building types in the
United States (U.S. Department of Energy, 2025). Table 1 provides
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TABLE 1 Selected characteristics of case study building types.

10.3389/fenrg.2025.1712690

Building type Area (square feet) Number of floors ‘ Number of elevators ’ HVAC type

Apartment 33,740 4 1 Single zone constant air
volume

Hospital 241,351 6 8 Constant air volume and
multizone variable air volume

School 210,887 2 2 Multizone variable air volume

TABLE 2 Summary statistics for load profiles of case study building types generated from EnergyPlus.

Building type

Energy use (MWh/yr)

Peak demand (kW)

Min demand (kW) Load factor (-)

Apartment 271 80 17 39%
Hospital 10,652 1880 697 65%
School 2,956 1,489 96 23%

a brief synopsis of the characteristics of these selected building
types which differentiate load shapes and magnitudes (Deru,
2025). Other properties which differentiate these building types
are plug and process loads, occupancy, environmental conditions,
and operating schedules. Additional information is found in
(Deru, 2025).

Load profile generation is completed using EnergyPlus.
EnergyPlus is a whole building energy simulation program that
models energy consumption—for heating, cooling, ventilation,
lighting, and plug and process loads—and water use in buildings
(U.S. Department of Energy, 2023). Typical load profiles were
taken of buildings adhering to Los Angeles area building codes
for construction after 1980 and input into EnergyPlus to generate
annual energy consumption profiles with a 1-h time step resolution
in the Los Angeles climate. Summary statistics of these load
profiles are given in Table 2, showing significant differences in the
overall amount of energy use and load factor. These differences
can also be visualized in Figure 1 that shows daily maximum
demand and average demand over a 1-year period. Figure 2
explores this further by providing an intraday time series graph
of average hourly load by season and by day type normalized
to the peak annual demand. This helps confirm visually that the
hospital has a higher load factor and has a load shape that is
fairly consistent throughout the year, whereas the apartment and
school show greater variation during a week and across seasons
in the year.

3.2 Utility tariff structure

Southern California Edison (SCE) is the electric utility that
serves the Los Angeles area. All three building types match
the load requirements for the TOU-8 Option E rate structure
for customers who participate in Permanent Load Shifting
(PLS), which is defined as moving electrical energy usage from
SCE's on-peak period to another time period on an ongoing

Frontiers in Energy Research

permanent basis. Table 3 summarizes this tariff structure (SCE,
2023). Although net metering is allowed, it is not modeled in
this work because of the recent changes made by the California
Public Utilities Commission from NEM 2.0 to NEM 3.0 to
decrease the value consumers receive when selling excess energy
back to the grid (California Public Utilities Commission, 2025).
This type of change or “roll-back” in net metering policies is
actively being debated and modified by regulators across the
United States (Trela and Dubel, 2021) (Gustafsson, 2017). In
2024 alone, 47 United States states and the District of Columbia
implemented changes to net metering policy (Apadula, 2025).
Therefore, this work does not model net metering to instead
explore the value that microgrid assets and load shifting can
offer for consumers in the increasingly common scenario
where the utility provides less or no compensation under net
metering.

3.3 Microgrid asset costs

Table 4 summarizes inputs for microgrid assets. Asset costs
were retrieved from a database of renewable energy technology
costs for United States consumers across various classes and sizes
(National Renewable Energy Laboratory, 2024). Technical data
were taken from asset-specific specifications sheets when not
available from (National Renewable Energy Laboratory, 2024).
Capital costs and operating and maintenance (O&M) costs
for inverters are embedded within the costs of solar PV and

battery storage.

3.4 Load control costs

Load control costs are modeled in Xendee on a cost per month
basis. This cost is calculated from a reference cost for a supervisory
controller and load control at an estimated cost between $0.55 - $1.1

frontiersin.org
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FIGURE 1
Annual load profiles for case study building types showing maximum and average load with daily resolution.
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FIGURE 2
Normalized intraday average load profiles by season and by day type with the season’s most expensive period shown by orange (on-peak for summer,
mid-peak for winter) and the second-most expensive period shown by purple (mid-peak for summer, super off-peak for winter).

TABLE 3 Tariff structure for Southern California Edison.

Charge description Months TOU period Applicable times
Super off-peak All days: 9a.m. - 4p.m. 0.0573 $/kWh
October — May (winter) Off-peak All days: 9p.m. - 9a.m. (overnight) 0.0446 $/kWh
Mid-peak All days: 4p.m.-9p.m. 0.0630 $/kWh
Energy charge
Off-peak All days: 9p.m.—4p.m. (overnight) 0.1195 $/kWh
June - September (summer) Mid-peak Weekends: 4p.m.-9p.m. 0.2207 $/kWh
On-peak Weekdays: 4p.m.-9p.m. 0.3868 $/kKWh
Demand charge All Months Non-coincident peak All Hours 14.74 $/kW
Service charge All Months N/A 460.86 $/month

per square, or an average cost of $0.825 per sq ft (Katipamula et al.,
2024). Taking an example for illustration, a reference building of
10,000 sq ft would require $8,250 in load control, and translating
that value to a time basis requires an assumed project length such as
15 years to calculate the Xendee input of $42 per month. A similar
calculation is completed for the building types with results given in
Table 5.

Frontiers in Energy Research

3.5 Stacked value and synergistic value

Optimal load shifting and optimal microgrid control are first
calculated separately, and then jointly, to evaluate the potential
stacked value and synergistic value of these capabilities under one
supervisory controller. The stacked value is equated as the difference
in results from Scenario 1 and Scenario 4. The synergistic value is
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TABLE 4 Financial and technical parameters of microgrid assets.

Asset Variable Value Unit References
Capital cost 1744 $/kWdc National Renewable Energy Laboratory (2024)
Fixed O&M cost 1.5 $/kW/month National Renewable Energy Laboratory (2024)
Solar PV
Panel efficiency 19 % National Renewable Energy Laboratory (2024)
Inverter efficiency 96 % Growatt Inverter (2025)
Capital cost 225 $/kWh National Renewable Energy Laboratory (2024)
Fixed O&M cost 4 $/kWh/month National Renewable Energy Laboratory (2024)
Round-trip storage and inverter efficiency 85 % Faunce et al. (2018)
Battery storage C-Rate 1 - Gao et al. (2022)
Minimum state of charge 0 % Zhang et al. (2022)
Maximum state of charge 100 % Zhang et al. (2022)
Inverter efficiency 96 % Growatt Inverter (2025)

TABLE 5 Load control costs by building type.

Building type Area (square feet) Cost per month ($ per mon
Apartment 33,740 154.64
Hospital 241,351 1,106.19
School 210,887 966.57
25% g 0 39.8%
g 21.6% gg 20.0% -
n D
§ 2% 35 300% 23.7% 24.5%
S 16.0% £
g 1w Sz 00 13.0%
E 2T 10.0% 0.0% .
c S .
£ 10% 8.1% 23 oo
g 62% 58 £ E -10.0% . . 0 50
33 -8.4% -6
£ g 3A% 246> 1 510 £32 200% e 2T
S . 0.3% . 2% 16.7%
T ow [ | o [ | | S5 00
H 1.2% 3 S -a0.0%
5% g 00w
Apartment Hospital School Apartment Hospital School
m Load Shifting ~ m Microgrid ~ m Microgrid and Load Shifting = Synergistic Value mihour m2hours ®3hours
FIGURE3 . . FIGURE 4
ifes;ec;lc?lz]r I:c:eont::igzr:rjwacj“tzsrizobs:ﬁdrienlgtlt\;i: tg:szssehg\i/\js ;z: leoaacdh Reduction in initial capital expenditures for cases with a maximum of
: 15% of total load shifted under various load shifting durations.
shifting duration of 2 h and a maximum of 15% of total load shifted. A Reference case is microgrid with no load shifting.
negative synergistic value means the joint case saves less than the sum
of the parts.

equated by evaluating if “the whole is greater than the sum of its Where:

parts” using Equation 3. If the A is greater than the sum of B and C, SYN is the synergistic value,

then the combined load control and microgrid provides synergistic A is the difference in annualized costs ($) between the base case
value that is additive beyond the individual parts. (Scenario 1) and microgrid and load shifting (Scenario 4),

B is the difference in annualized costs ($) between the base case

SYN=A-(B+C) ®3) (Scenario 1) and load shifting with no microgrid (Scenario 2).
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FIGURE 5
Change in solar PV and energy storage capacities for cases with a maximum of 15% of total load shifted under various load shifting durations.
Reference case is microgrid with no load shifting.

TABLE 6 Optimal asset capacities by building type for microgrid with no
load shifting.

Building type ’ Solar PV (kW)  Energy storage (kWh)

Apartment 53 9
Hospital 2,109 140
School 1,005 235

C is the difference in annualized costs ($) between the base case
(Scenario 1) microgrid with no load shifting (Scenario 3).

4 Results and discussion

Quantitative results of the financial benefit of co-optimizing
microgrid sizing with load control are computed against the
base case (no microgrid and no load shifting). Comparisons are
also completed of asset sizing and electricity use for microgrids
with and without load control to examine underlying details
for how stacked value is generated and reflected in financial
metrics.

Sections 4.1 and 4.2 focus on the midpoint case of load shifting
ability (2-h duration, 15% load shifting). Section 4.3 provides
results of sensitivities across all durations (1-3 h) and percentages
(5%-25%).

4.1 Costs

Costs for the base case include only the annual utility
costs, which are $41,632 for the apartment, $1,199,852 for the
hospital, and $453,317 for the school. Results are presented
here for each customer type compared to their own base case
to focus dialogue on the relative changes, which are more
illustrative and generalizable than the absolute changes that
differ in magnitude based on the size of the building type
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and associated loads. Comparisons between annualized costs are
complemented by comparisons of capital expenditures and utility
expenditures.

Figure 3 displays the change in total annualized costs for
all scenarios relative to the base case, with results shown
for load shifting, a microgrid, a microgrid and load shifting
(stacked value), and the synergistic value. The synergistic value
is equated using Equation 3 and described here as an example for
the apartment:

The load shifting with no microgrid scenario yields
annualized costs of $40,590, a reduction of $1,042 or 2.5%
from the base case. The microgrid with no load shifting
scenario yields annualized costs of $40,232, a reduction
of $1,400 or 3.4% from the base case. The microgrid and
load shifting scenario yields annualized costs of $39,050, a
reduction of $2,582 or 6.2% from the case. The reduction
from microgrid and load shifting is $140 greater than
the sum of the reduction from the load shifting with no
microgrid scenario and the microgrid with no load shifting
scenario. This yields a synergistic value of ($140/$41,632) =
0.3% of additional value (or 6.2% — (2.5% + 3.4%) = 0.3%).

Results in Figure 3 are shown for load shifting of up to 2 h and
15% of total load shifted. Load shifting provides stacked value in
reducing annualized costs for the apartment, hospital, and school
of 6.2%, 8.1%, and 21.6%, respectively. The synergistic value is
0.3%, 2.1%, and —1.2%, respectively. Since the tariff structure is the
same in all cases, the variation in the amount saved is attributed
to the optimal microgrid asset sizing and load control to deliver
least cost power for each building type. Results for the apartment
and hospital show similar improvements with load shifting and
microgrids separately. But it is interesting to note that the stacked
value and the synergistic value are greater for the hospital than
for the apartment. This is because hospital loads could be shifted
out of the peak TOU into a low TOU period or to midday when
there is ample solar PV production, thereby permitting significant
reductions in energy storage size and the associated capital cost, as
indicated in Figures 4, 5. When looking at the school, the increased
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benefits obtained by load control or microgrids is attributed to
(a) the load shape peak tends to coincide with periods of greater
solar PV production, and (b) the low load factor that allows a
smaller amount of load to be shifted to reduce demand charges in
a significant way. Yet combining both load control and microgrids
created a negative synergistic value, which occurs because the
microgrid and load shifting affect the load shape in the same way for

Frontiers in Energy Research 09

the school, thereby leaving no opportunity for synergistic reductions
in energy costs.

More of the underlying details to the behaviors in Figure 3 can be
observed when examining how microgrid asset sizing changes when
load shifting is not included (Table 6) and contrasting this to how
sizing is affected when including increasing amounts of load shifting
(Figures 4, 5). Figures 4, 5 show that only the hospital consistently
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FIGURE 8
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with maximum of 15% of total load shifted. Reference case is microgrid with no load shifting.

has fewer capital assets installed (both solar PV and energy storage)
when load shifting is added, the apartment installs more solar PV but
less energy storage, and the school installs more solar PV and more
energy storage (except under the 1 h load shift duration). This trend
parallels the rank ordering of the synergistic value created, with
hospital as the greatest, then the apartment, and lastly the school
(which has a negative value). Further, this trend matches the rank
order of load factors from Table 2 and suggests that load factor could
be used as a proxy with synergistic value in some cases.

Changes in annualized costs under each scenario are further
described by reductions in utility expenditure components as shown
in Figure 6. Most of the financial benefits occur from energy charge
reductions that result in 50%-300% greater savings than demand
charge reductions, with relative differences attributed to the rate
structure and load profiles. When compared to the base case, energy
charge reductions improve by an additional 57.5%, 1.6%, and 32.5%
for the apartment, hospital, and school, respectively, when load
shifting is added to the microgrid. This compares to demand charges
being reduced by an additional 47.3%, 5.1%, and 17.4%, respectively,
when load shifting is added to the microgrid. The results seem to
suggest that the apartment and school may have the most synergistic
value, but the opposite is the case, which can be seen in Figure 3, and
is explained by comparing the results in Figure 6 with the results in
Figures 4, 5. For the hospital, utility bill savings are essentially the
same for the cases with a microgrid alone and a microgrid with
load shifting, but the key difference is that load shifting permits
a lower investment in capital expenditures to reach cost optimal
results as suggested earlier. The school has the greatest reduction
in utility expenditures than in any location, and this is obtained
through significant reductions in both energy changes and demand
charges relative to the other building types. The greater reduction in
demand charges for the school can be attributed to the school's low
load factor.

4.2 Electricity use

Figure 7 displays the amount of energy shifted in MW hours
(MWh) and proportion of total load shifted over the year (%)
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with and without a microgrid when the maximum percentage of
total load shifted is 15%. Across all building types and scenarios,
increasing the load shifting duration increases the amount of energy
shifted, as expected. While the hospital shifts more load in total than
the other building types, due to the hospital's greater use of energy,
the proportion of total load shifted is less than the other building
types. When looking across all building types, it is apparent that the
proportion of total load shifted (Figure 7) is inversely correlated with
the synergistic value (Figure 3).

Comparing findings for the proportion of total load shifted in
Figure 7 against the change in energy used from on-site resources
and the grid from Figure 8 reveals greater nuances that underpin
annualized cost savings. Specifically, the hospital uses less energy
from on-site resources and purchases more energy from the grid
when load shifting is added to the microgrid. This occurs because
the hospital load shape can be adjusted to maintain demand charge
and energy charge savings (Figure 6) with a reduced microgrid asset
capacity (Figure 5) by shifting even small amounts of load into
lower TOU periods that may not coincide with solar PV production
(e.g., late evenings after peak TOU). While one may expect that
shifting loads into periods with solar PV generation to be the most
economical option, as with the apartment and school, the results
from the hospital indicate this commonly held viewpoint may not
yield the most financially beneficial result in all cases, a finding
which further motivates the rationale for this study and the approach
generally. Results in Figure 8 also show that, as load shifting duration
increases, energy use from the grid and on-site resources tends
to converge back to the microgrid only case for the hospital, but
diverges for the apartment and the school, showing that load shifting
for those two cases prioritizes using power from on-site solar PV and
energy storage (Figure 5) for cost-optimal results.

Figure 9 displays the peak demand in each month of the year across
all building types and scenarios. Load shifting contributes minimally
to demand reductions without the inclusion of a microgrid. Across the
year, load shifting results in average peak demand reductions of 8.3%,
0.6% and 6.5% for the apartment, hospital, and school, respectively,
whereas the microgrid with no load shifting results in reductions of
19.8%, 29.7%, and 46.2%, respectively, and the microgrid and load
shifting provides reductions of 29.4%, 31.3%, and 54.5%, respectively.
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When looking at the hospital, results from Figures 6, 9 indicate that
addition of a microgrid focuses on demand charge reductions whereas
load shifting emphasizes energy charge reductions, thereby promoting
more synergistic value when combined because the two approaches
address different parts of the utility bill for that load profile. The school
has the greatest reductions in demand, which is due to the relatively
high “peakiness” of that load profile as evidenced by the load factors
in Table 2.

4.3 Sensitivities

Figure 10 displays the stacked value and synergistic value across
the building types for sensitivities completed on the maximum
percentage of total load shifted and load shifting duration. All
three building types show improvements to stacked value as either
the percentage of total load shifted or the load shifting duration
increases. The benefits of increasing the percentage of total load
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shifted flattens out, and this plateau occurs faster when load can
be shifted around by fewer hours. The school shows this behavior
most distinctly. At any load shifting duration and percentage, the
school has greater stacked values than the apartment or hospital.
This is consistent with earlier findings that the load shifting and
microgrid asset sizing combination is well-suited to serve its unique
load characteristics-higher loads are coincident with hours of high
solar PV production, and the remaining loads can be shifted to
reduce demand charges. Although the stacked value for the school
is high, the synergistic value is low compared to the other building
types which further extends the results from Figure 3. The school
consistently shows negative synergistic value for all load shifting
percentages and durations, whereas the apartment and hospital
consistently show zero or positive synergistic value. As load shifting
percentage increases, the synergistic value for the school trends
negative. Meanwhile the synergistic value is flat for the hospital and
trends positive at lower percentages of load shifting before flattening
out at higher percentages for the apartment. Primarily this shows
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that the stacked value and the synergistic value are affected by the
load shifting duration rather than the percentage of load shifting.

5 Conclusion

The combination of microgrid asset sizing and load shifting
creates stacked economic benefits beyond what each offers
individually, and in certain cases, the combination creates
synergistic value in which “the whole is greater than the sum of
its parts” These behaviors were explored and contrasted for three
building types—apartment complex, hospital, school-using the same
retail tariff structure. Microgrid assets were sized to minimize
annualized project costs under a range of load shifting scenarios,
with load shifting varying by amount (up to 25% of total load) and
duration (up to 3 h). Results showed stacked value improvements
through annualized cost reductions of 6.2%, 8.1% and 21.6%
for an apartment complex, hospital and school, respectively, and
synergistic value of 0.3%, 2.1%, and —1.2%, respectively, for the mid-
point case with 2 h and 15% of total load shifted. When looking at
the hospital, results indicate that addition of a microgrid focuses on
demand charge reductions whereas load shifting emphasizes energy
charge reductions, thereby promoting more synergistic value when
combined because the two approaches address different parts of
the utility bill for that load profile. There is minimal to negative
synergistic value for the apartment and school because the microgrid
and load shifting seek to adjust those load profiles in similar ways.
The rank order relationship of synergistic value shows a negative
correlation with the load factor, suggesting that load profiles with
more “peakiness” may not be able to access synergistic value, though
the school did have the greatest stacked value.

Most of the financial benefits occur from energy charge
reductions that result in 50%-300% greater savings than demand
charge reductions. When compared to the base case, energy charge
reductions improve by an additional 57.5%, 1.6%, and 32.5% for the
apartment, hospital, and school, respectively, when load shifting is
added to the microgrid. This compares to demand charges being
reduced by an additional 47.3%, 5.1%, and 17.4%, respectively.
Across all building types, the proportion of total load shifted is
inversely correlated with the synergistic value. The school receives
greater stacked values than the apartment or hospital because of its
high loads during times of greatest solar PV production and low
load factor. Although the stacked value for the school is high, the
synergistic value is low compared to the other building types. Asload
shifting percentage increases, the synergistic value for the school
trends negative while the synergistic value for the hospital is flat
and for the apartment trends positive at lower percentages of load
shifting before flattening out. This underscores data showing that the
stacked value and the synergistic value are primarily affected by the
load shifting duration rather than the percentage of load shifting.

Combining load shifting with microgrid asset sizing creates
stacked value by serving load that would otherwise be purchased
during peak TOU periods. The combination can also create
synergistic value by reducing the amount of installed microgrid
capacity compared to the microgrid only case and most expensive
TOU period charges, but not in call scenarios. The hospital
consistently has less solar PV and energy storage installed when
load shifting is added, whereas the apartment has more solar PV
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and less energy storage, and the school has increased solar PV and
increased energy storage. These results dispel a common viewpoint
that shifting load to periods of day with greater solar PV production
will be the preferred approach to reduce costs, but results indicate
that achieving the cost optimal solution can be more nuanced, and
may include increases or decreases in capital assets.

This work can be expanded by evaluating the business case for
microgrids and load shifting to provide firm capacity, which could
be procured by utilities in lieu of new power plants. Such models
are in various stages of adoption across the United States including
demand response, aggregators, virtual power plants, and distributed
capacity procurement. Such work would also need to incorporate
controls that adapt to real-time changes to load and solar PV, a topic
not covered in this study. The quality of forecasting routines would
affect the stacked and synergistic values. Future improvements upon
this work will focus on examining how variable customer load
demand, solar availability, and other customer type load profiles and
geographies affect stacked and synergistic values, and intersect those
findings with potential business models and the policy realities in
different utility jurisdictions.
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