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ABSTRACT As prices for energy storage (ES) decline, merchant-owned ES units have an opportunity to
be profitable if they earn revenue from multiple streams. Most papers in the literature provide a simplistic
view, and do not capture practical tariff structure of commercial customers connected via load meters billed
via net-metering scheme. In this paper, we present a flexible and comprehensive mathematical model to
enable merchant-owned ES owners to maximize their profits by considering multiple revenue streams. The
main contribution is a model that fully captures the economic picture by including displaced electricity
costs, i.e., net-metering scheme, for behind-the-meter installations. It also includes operating costs, annual
investment costs, and ES connected to the distribution system. The inclusion of net metering is novel,
as well as simultaneously including all of ancillary services, energy costs, investment costs, net metering,
and local generation. These elements can be crucial in building the business case for ES in Ontario to ensure
profitability. We test our model on a large commercial customer. The load has a peak load of 1,500 kW and
a solar generation capacity of 2,500 kW connected on a 13.8 kV feeder, with a limit of 5,000 kW capacity.
The results show two cases. The first considers only energy arbitrage and costs $4,812,909, which is less
than the cost without storage at $9,299,623. The second scenario allows for energy arbitrage and revenue
via participation in local and bulk system ancillary services and yields a total benefit of $11,004,225. Both
scenarios indicate benefits from purchase of storage. The second scenario is clearly more beneficial when
storage investment is considered and opportunity is available. We also provide a stochastic implementation
to consider uncertainty in any input parameter and demonstrate this method with energy prices.

INDEX TERMS Electricity markets, energy storage, power system economics, state of charge.

NOMENCLATURE
NYS Is the number of year scenarios.
NYD Is the number of years with the same data.
KINFL Is the rate of inflation.
KAIR Is the annual interest rate.
KROR10Sy Is the rate of revenue for operating reserve,

10-minute synchronized.
PCOR10Sy Is the power capacity for operating reserve,

10-minute synchronized.

The associate editor coordinating the review of this manuscript and

approving it for publication was Akshay Kumar Saha .

KROR10Ny Is the rate of revenue for operating reserve,
10-minute non-synchronized.

PCOR10Ny Is the power capacity for operating reserve,
10-minute non-synchronized.

KROR30y Is the rate of revenue for operating reserve,
30-minute.

PCOR30y Is the power capacity for operating reserve,
30-minute.

KRRSy Is the rate of revenue for regulation service.
PCRSy Is the power capacity for regulation service.
KRBSy Is the rate of revenue for black start service.
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PCBSy Is the power capacity for black start ser-
vice.

KRTDRy Is the rate of revenue for transmission con-
nected demand response service.

PCTDRy Is the power capacity for transmission con-
nected demand response service.

KRDDRy Is the rate of revenue for distribution con-
nected demand response service.

PCDDRy Is the power capacity for distribution con-
nected demand response service.

KRRSVCy Is the rate of revenue for reactive support
and voltage control service.

QCRSVCy Is the power capacity for reactive support
and voltage control service.

NTBy,m Is the net metering bill for year ‘y’, month
‘m’.

NMS is the number of month scenarios with sim-
ilar pattern.

NY Is the number of years for the study.
KPB Is the cost per unit of power for storage.
PS Is the power rating of the storage unit.
KEB Is the cost per unit of energy for storage.
ES Is the energy rating of the storage unit.
ESBy,m,t Is the state of charge of the storage unit.
KBC Is the constant maintenance charge for stor-

age, as a function of the capital cost.
KBV Is the variable maintenance charge for stor-

age, as a function of the capital cost.
NMDy,m Is the number of similar months data.
TD Is the time duration in hours for each time

interval, one hour in this study.
ND Is the number of days in a month.
NH Is the number of hours in a day.
PNTm,t Is the total power drawn from the network.
HOEPm,t Is the hourly Ontario energy price in the

bulk electricity system available to class A
and select class B customers.

WMST y Are the Wholesale Market Service
Charges.

MPy,p,TPy,p Are sets of indices for months and hours
where 5 CP occurs.

QSyq Is the intermediate variable that section-
alizes reactive power requirements into
linear sections for P-Q relationship.

PNT y,m,t Is the hourly network demand.
PGy,m,t Is the hourly generation at the facility.
PSBy,m,t Is the hourly power drawn by the storage

unit.
PDy,m,t Is the hourly demand at the facility.

I. INTRODUCTION
Energy storage (ES) has the potential to deliver numer-
ous benefits to electricity systems [1] and thereby generate
multiple streams of revenue. In many cases, these mul-
tiple revenue streams are necessary and crucial for the

profitability merchant-owned ES systems. Therefore, in this
paper, we present a profit maximization formulation that
considers multiple revenue streams from the perspective
of merchant-owned ES. This is a more complete and
realistic economic model as it considers revenue streams
including various ancillary services and energy arbitrage,
while also allowing for offsetting costs for behind-the-meter
installations.

The purpose of this proposed merchant ES sizing formu-
lation is to enable more ES to be installed for economic
and environmental benefits. ES can lead to greater social
welfare, more economic efficiency, and lower market prices.
However, many ES will be privately owned by merchants.
Therefore, it is important to find effective sizing strategies for
merchant-owned ES in order to build sound business cases
to justify the investments by looking at the full economic
picture, where revenues can be stacked and investment costs
are considered.

A. LITERATURE REVIEW
ES has been considered for numerous applications. Energy
applications include: arbitrage; renewable energy time shift;
demand charge reduction; time-of-use charge reduction;
transmission and distribution upgrade deferral; and grid
resiliency. Power applications include: frequency regulation;
voltage support; small signal stability; frequency droop; syn-
thetic inertia; and renewable capacity firming [2].

ES can also manifest in a variety of configurations. They
can be owned by utilities or by private merchants; they can
be large, grid-scale installations or small, behind-the-meter
applications. They can be controlled by a utility, indepen-
dently, or through an aggregator. They could also be operating
under market conditions or within a vertically-integrated
utility [2].
Among all these possibilities for application and configu-

rations, this paper explores the situation for merchant-owned
energy storage connecting in Ontario, Canada. Ontario has
transmission markets for energy and several ancillary ser-
vices, and the distribution side is operated by regulated
utilities, many of which are municipally-owned. We con-
sider that the same ES unit can simultaneously participate
in multiple energy and ancillary service markets as well as
behind-the-meter applications.

The business model from the perspective of merchant-
owned ES has been studied in literature, however, to our
knowledge, none of the studies have included the complete
economic model that we present in this paper. Spatiotemporal
energy arbitrage, in which excess generation is stored for
use by loads at later times, was the sole revenue stream
considered for one study, whose main goal was to locate
and size ES units [3]. To complement this planning prob-
lem, the scheduling and bidding problem has been explored
for spatiotemporal energy arbitrage as well, taking care to
consider the impacts of state-of-charge [4]. In a microgrid
context, ES capacity allocation has been optimized with the
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objective of minimizing costs [5]. The main purpose of this
study was to consider the uncertainties associated with solar,
wind, and demand in the system, rather than maximizing all
potential revenue sources. Spatiotemporal energy arbitrage in
day-ahead markets was the only revenue stream in another
study that captured the influence of transmission expansions,
although the authors noted that additional profit streams from
capacity, ancillary services, and hourly markets could be
added to the profit calculation, despite being out of scope for
their study [6].

Additional studies consider ES systems co-located with
renewables [7], [8], [9], [10], [11], [12], [13]. A couple of
studies consider residential applications using ES and renew-
able generation [7], [8]. Both household load and ES are
scheduled to minimize overall system costs. One study min-
imizes the monthly charges for both time-of-use volumetric
tariffs and demand charge tariffs for an energy storage system
with photovoltaics (PV) () [9]. Another study proposes an
energy management system that schedules a microgrid with
PV, wind turbine (WT), fuel cell, micro turbine, and battery
energy storage system considering uncertainty of PV, WT,
load forecasting, and grid prices ()() [10]. Net grid electrical
energy was minimized for the schedule for a nearly Zero
Energy Building (nZEB) with PV and ES [11]. Integrated
energy microgrids, comprising energy storage with solar PV
and microturbines, were scheduled using a reinforcement
learning-based scheduling strategy that minimizes operating
costs [12]. ES merchants who also had wind generation max-
imized their expected rewards while also being large enough
to influence electricity prices [13]. We build upon these past
studies that include renewable generation by considering net
metering, ancillary services, and investment costs together.

Revenue from ancillary services for merchant-owned ES
were considered in several studies for optimal schedul-
ing [14], [15], [16]. One study included ancillary services
for the scheduling of underground pumped hydro energy
storage, considering the unique geometry and physical char-
acteristics of the facility [14]. Another study scheduled ES
for energy, reserve, and balancing with an objective to max-
imize profit [16]. Still another study was for a stand-alone
ES connection [15]. ES units could be installed behind-the-
meter of an existing load in order to reduce both energy and
demand charges, thereby enhancing their profitability. Also,
the operating costs and annual investment costs were not
considered. We build on this past work by including these
aspects in our mathematical model.

Additional merchant ES scheduling problems have been
considered from a variety of perspectives. Compressed air
energy storage plants have been scheduled to maximize
profits [17] and to take advantage of energy arbitrage
while considering price forecasting errors [18]. Uncertain-
ties in locational marginal prices were also considered for
ES scheduling in both the day-ahead and real-time mar-
kets [19]. The perspective of the overall distribution system,
where total social welfare was maximized, was the goal
in another study that scheduled merchant-owned ES [20].

TABLE 1. Comparison of merchant ES studies.

A specialized branch-and-bound algorithm that applies a
linear quasi-relaxation of the profit-maximizing merchant
storage problem was proposed [21]. Finally, the market price
impact of the merchant ES’s actions was considered as the ES
maximized their profits [22].

Table 1 summarizes the approaches in the merchant ES
studies discussed above. The model proposed in this paper
builds upon these previous works by comprehensively includ-
ing all of ancillary services, energy costs, investment costs,
net metering, and local generation. In particular, none of
the other works address net metering at all; this is a new
contribution first proposed here.

B. TARIFF STRUCTURE
The model proposed in this paper follows the tariff struc-
ture in Toronto, Ontario, Canada for interval meter-billed
customers [23], who are typically industrial customers with
demand greater than 50 kW. Very similar tariff structures are
used in other jurisdictions, so this model can be applied to
those areas by adjusting the input parameters, which capture
the local conditions such as prices for energy and ancillary
services.

Customers pay two types of charges: energy charges (based
on kWh) and demand charges (based on kW). Energy (vol-
umetric) charges are the hourly market energy price and
the wholesale market service charge. (This modeled below
in (14).) Demand charges comprise global adjustment charge,
capacity based recovery charge, and distribution charge. (This
modeled below in (15).)

Net metering allows consumers to send excess energy to
the grid [24], [25], [26]. Instead of payment for that energy,
they are given credit on their electricity bills to displace
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charges from other times. If the credit is not fully used during
the billing month, it can be carried forward to future months
for up to 12 months.

C. CONTRIBUTIONS OF THIS PAPER
In this paper, we introduce a complete and realistic mathe-
matical model to maximize profits for merchant ES owners.
The main new contribution is the inclusion of net metering,
which allows behind-the-meter ES installations to displace
energy and demand charges. In addition, our proposed model
assesses the full economic investment model, including all of
ancillary services, operating costs, annual investment costs,
and on-site generation.

Our multi-year model also allows for the evaluation of
opportunity costs; in particular, ES owners can consider
trade-offs between and impacts of actions in different time
periods. By scheduling the ES unit over a longer time horizon,
the ES owner is also able to optimally size their unit for
maximum profits. Furthermore, we consider uncertainty in
future energy prices through our stochastic model.

Our proposed model reflects the perspective of a private,
merchant-owned facility including ES. Therefore, the owner
is solely concerned with affairs within their facility and not
the distribution network to which they are connected. They
do not have the interest or ability to include the distribution
network in their analysis, and therefore the network is out of
scope in our proposed model.

In summary, our proposed model enables the merchant
owner of a facility to optimally size their ES by scheduling
it over a long time horizon to maximize their profits.

D. ORGANIZATION OF PAPER
This paper is organized as follows: our model for the maxi-
mization of energy storage profits is presented in Section II;
in Section IV, data, results, and potential applications of an
Ontario case study are described; in Section V, results are
discussed; and in Section VI, the conclusions are outlined.

II. METHODS AND PROCEDURES
The set of equations that describe the revenue stacking
optimization challenge is described in this section. The for-
mulation is an enhancement of [15] with additional elements
such as net metering added. Ancillary services have been
considered as potential revenue streams for the merchant
facility. Specific ancillary services included are: 10-minute
synchronized operating reserve; 10-minute non-synchronized
operating reserve; 30-minute non-synchronized operating
reserve; regulation service; black start capacity service;
demand response service; and reactive support and voltage
control service. This is consistent with ancillary services in
Ontario, Canada. This model is for a merchant-owned energy
storage facility. The private merchant is concerned with the
technical and economic situation within their own facility and
not the distribution network. Therefore, the distribution sys-
tem itself is not modelled for this situation; however, relevant
system properties such the hourly energy price, wholesale

FIGURE 1. Sketch of a possible electric single line for storage system,
with local load and generation.

FIGURE 2. Methodology overview.

market service charges, and prices for ancillary services are
included. Furthermore, while solar was used in this example,
the proposed model is flexible to accommodate any type
of generation, renewable or otherwise. Generation output is
included in PGy,m,t .

Fig. 1 provides a sketch of a possible electric single line
diagram for a facility with ES, with local load and gener-
ation, all behind-the-meter. Numbers are for the case study
discussed later in this paper.

Fig. 2 provides an overview of the methodology.

A. OBJECTIVE FUNCTION
The objective function is the maximization of total profits.
Each term is computed for a future year ‘y’. Thereafter, each
term is reflected to the present year. The revenue is, therefore,
computed for the present year for a uniform computation.

Maximize Profits = Revenues Expenses = Revenues

− Costs (MWh+MW ) − Asset Costs

(1)

Please refer to the Nomenclature section at the beginning
of this article. The naming convention includes N designating
numbers, K designating constants and rates, P designating
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real power, Q designating reactive power, and E designating
energy.

1) REVENUE IN OBJECTIVE FUNCTION
The terms for the revenue equation (2), as shown at the bottom
of the page, are explained further in equations (3) – (10).
The revenues comprise: (a) operating reserve for

10-minute synchronized; (b) operating reserve for 10-minute
non-synchronized; (c) operating reserve for 30-minute
non-synchronized; (d) regulation service; (e) black start
capacity; (f) demand response for transmission-connections;
(g) demand response for distribution-connections; and (h)
reactive support and voltage control.

a: OPERATING RESERVE CAPACITY SERVICE
ES can earn revenues from operating reserve capacity ser-
vice. In alignment with jurisdictions like the Independent
Electricity System Operator (IESO) in Ontario, Canada, ser-
vice providers can be paid for three forms of operating
reserve capacity: 10-minute synchronized; 10-minute non-
synchronized; and 30-minute non-synchronized.

Revenue for 10-minute synchronized OR in year y is:

KROR10Sy · PCOR10Sy (3)

Revenue for 10-minute non-synchronized OR in year y is:

KROR10Ny · PCOR10Ny (4)

Revenue for 30-minute non-synchronized OR in year y is:

KROR30y · PCOR30y (5)

b: REGULATION SERVICE
The revenue earned through frequency regulation service and
automatic generation control (AGC) for year y is:

KRRSy · PCRSy (6)

c: BLACK START CAPACITY SERVICE
The revenue earned through black start capacity for year y is:

KRBSy · PCBSy (7)

d: DEMAND RESPONSE SERVICE
Demand response revenue could be earned from both trans-
mission (8) and distribution (9) connections for year y:

KRTDRy · PCTDRy (8)

KRDDRy · PCDDRy (9)

e: REACTIVE SUPPORT AND VOLTAGE CONTROL SERVICE
The revenue earned from reactive support and voltage control
service for year y is:

KRRSVCy · QCRSVCy (10)

2) COSTS FROM NET METERING BILL IN OBJECTIVE
FUNCTION
The energy and demand charges are the sum of the monthly
net metering costs:NYS∑

y=1

 ∑
yy∈NYDy

(1 + KINFL)yy

(1 + KAIR)yy

 ·

[
NMS∑
m=1

NTBy,m

]
(11)

3) COSTS FROM ASSET – CAPITAL, OPERATING AND
MAINTENANCE IN OBJECTIVE FUNCTION
These costs from assets owing from capital, operations and
maintenance, reflected to the present year are:KPB ·

[
PS

]
+

KEB ·
[
ES

]
 ·

1 + KBC ·

NY∑
y=1

(1 + KBV )y

(1 + KAIR)y

 (12)

B. CONSTRAINTS – NET METERING
Net metering is when consumers use behind-the-meter
resources to displace their consumption fees during a defined
time period (e.g. one year). Net metering customers cannot
be paid for their generation; they only get to reduce their
electricity bills [24].

The net metering costs (NTBy,m) are the greater of zero or
the sum of themonthly energy (MECy,m) and demand charges
(MDCy,m), less the net metering credits (NTCy,m). Therefore,
NTBy,m must be greater than zero and cannot be negative.
Computed for year ‘y’ and month ‘m’ as below.

NTBy,m = +max
{
MECy,m +MDCy,m − NTCy,m, 0

}
(13)

The monthly energy cost for year ‘y’ and month m is:

MECy,m = NMDy,m · TD · ND ·

NH∑
t=1

(
PNTm,t

)
·
(
HOEPm,t +WMST y

)
(14)

The monthly demand charge for month m (MDCm) is
defined in (15). The monthly demand charge comprises the
global adjustment charge (GACy,m) and the capacity based
recovery amount (CBRy,m), both of which are functions of the
peak demand factor (PDF), which in turn is defined in (16).

Revenue = +

NYS∑
y=1


 ∑
yy∈NYDy

(1 + KINFL)yy

(1 + KAIR)yy

 ·


KROR10Sy · PCOR10Sy + KROR10Ny · PCOR10Ny
+KROR30y · PCOR30y + KRRSy · PCRSy
+KRBSy · PCBSy + KRTDRy · PCTDRy
+KRDDRy · PCDDRy + KRRSVCy · QCRSVCy




 (2)
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There is also a demand charge (DC), which is a function of
peak demand (

(
PNT y,m,t

)
).

MDCy,m = NMDy,m · PDFy ·
(
GACy,m + CBRy,m

)
+ NMDy,m · DC · max

(
PNT y,m

)
(15)

The global adjustment charge (GACy,m) encompasses the
transmission network charge, transmission connection charge
and the transformer allowance charge. The three charges are
nearly proportional, and errors are minor when compared to
the reduction in mathematical complexity. The peak demand
factor, assuming that Ontario’s peak demand is known, is:

PDFy =

∑NP
p=1max{PNT y,m=MPy,p,t=TPy,p , 0}∑NP

p=1OSPDy,p
(16)

The monthly net metering credit (NTCy,m+1), which starts
at zero yearly, is:

NTCy,m+1

= max
{
+NTCy,m + NTBy,m−MECy,m −MDCy,m, 0

}
;

NTCy,m=1 = 0 (17)

C. CONSTRAINTS – POWER AND ENERGY CAPACITY
The energy needed for servicing operating reserve capacity
is:

KEPOR10S · PCOR10Sy + KEPOR10N · PCOR10Ny

+ KEPOR30 · PCOR30y (18)

The regulation service energy requirement, which is net
zero over an hour for a maximum period of 30 minutes, is:

KEPRS · PCRSy (19)

The energy required for black start service is:

KEPBS · PCBSy (20)

The energy required for transmission-connected and
distribution-connected demand response services are defined
in (21) and (22) respectively:

KEPTDR · PCTDRy (21)

KEPDDR · PCDDRy (22)

D. CONSTRAINTS – REACTIVE SUPPORT AND VOLTAGE
CONTROL SERVICE
Real power capacity needed for reactive support and volt-
age control (PCRSVCy) is a function of the reactive power
(QCRSVCy) needed.

QCRSVCy ≤

NQ∑
q=1

QSyq (23)

PCRSVCy =

NQ∑
q=1

KQSq · QSyq;

KQS = [0.12, 0.35, 0.53, 0.66] (24)

E. CONSTRAINTS – NUMBER OF CYCLES
The number of maximum number of cycles (KNC) as defined
must be respected, as per below. Annual number of cycles is
first computed (NCy) for this relation.

KNC ≥

NYS∑
y=1

(
NYDy · NCy

)
(25)

NCy =
1
¯ESB

·

NMS∑
m=1

[
NMDy,m

·ND ·

NH∑
t=1

max
{
ESBy,m,t − ESBy,m,t−1, 0

}]
(26)

F. CONSTRAINTS – LIMITS ON POWER AND ENERGY
CAPACITY OF STORAGE
The upper and lower power limits of the storage unit are
limited as below.

− PSB+


PCOR10Sy + PCOR10Ny + PCOR30y

+PCRSy + PCBSy
+PCTDRy + PCDDRy

+PCRSVCy


≤ PSBy,m,t ≤ PSB− PCRSy (27)

The upper and lower energy limits of the storage unit are
limited as below.

KEPOR10S·PCOR10Sy
+KEPOR10N·PCOR10Ny

+KEPOR30·PCOR30y
+KEPRS·PCRSy
+KEPBS·PCBSy

+KEPTDR·PCTDRy
+KEPDDR·PCDDRy


≤ ESBy,m,t ≤

[
ESB−

KEPRS·PCRSy

]
(28)

G. CONSTRAINTS – POWER AND ENERGY RELATIONSHIP
WITHIN FACILITY
Power must be balanced within the ES facility as below.

PNT y,m,t + PGy,m,t + PSBy,m,t = PDy,m,t (29)

Equation (30) describes the relationship between energy
and power within the storage facility. The energy level
within the storage unit (ESBy,m,t ) is dependent on the
level at the previous time segment (ESBy,m,t−1), hourly
self-discharge rate (KSD) and power for storage (PSBy,m,t ).
Self-discharge is increased to account for power losses in the
converter.

ESBy,m,t = ESBy,m,t−1 · KSDm − PSBy,m,t · TD;

if t = 0, t − 1 = NH (30)

The formulation (1) – (30) is the overall formu-
lation. Several of these equations are further broken
down into smaller equations for implementation in the
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TABLE 2. Data for solar generation (kW).

FIGURE 3. Solar generation at the facility.

commercial solver, MOSEK®, while retaining accuracy
of the formulation and ensuring that the formulation
remains linear and convex yielding the same optimal
solution consistently. All the constraints are satisfied to
a low tolerance (4e-09). This formulation was solved
in MATLAB.

H. ASSUMPTIONS
Several assumptions are made for this model. The prices and
rates for energy, demand charges, and ancillary services are
assumed to be known before this optimization problem is
solved. The generation output and demand are also known
beforehand. Furthermore, we expect the ES vendor to provide
us with reliable equipment. The vendor is liable for any loss
of revenue due to reliability through a performance clause in
the supply contract.

TABLE 3. Data for load (kW).

III. STOCHASTIC IMPLEMENTATION
The model presented in (1) – (30) is a deterministic opti-
mization model. To implement it stochastically, we expand
the model as below for a set (S) of scenarios (s) each with
probability ps:

Maximize Profits = ps ·

∑
s∈S

Revenues − Expensess (31)

Subject to equality and inequality constraints from (13) – (30)
as compactly shown below for each scenario:

g
(
X s

)
= bs (32)

h
(
X s

)
≤ cs (33)

Based upon determination of scenarios, the optimization
is solved and probable profits and optimal storage sizes are
estimated.

IV. CASE STUDY: INDUSTRIAL FACILITY IN TORONTO,
ONTARIO, CANADA
A. DATA
Fig. 1 provides a sketch of a possible electric single line
for storage system, with local load and generation. This
is based on an actual industrial consumer with solar and
energy storage behind-the-meter in Toronto, Canada. Since it
is a merchant-owned facility and not the distribution system,
an IEEE bus test system is not appropriate in this case.

The loads and generation patterns are represented by six
24-hour data sets. Each 24- hour data set is average day
of 2-month period. This data set, cumulatively, represents a
year. Similar years are bunch together for a scenario. For
this study, three scenarios, each lasting for five (5) years is
considered. Prices for ancillary services for each scenario is
taken different.
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FIGURE 4. Load at the facility.

TABLE 4. HOEP for a year, represented by six similar months ($/kWh).

Table 2 provides data for solar generation at the site for a
year, represented by six similar months.

Fig. 3 provides data for solar generation at the site for a
year, represented by six similar months.

Table 3 provides data for site load at the site for a year,
represented by six similar months.

Fig. 4 provides data for site load at the site for a year,
represented by six similar months.

Table 4 provides data for HOEP for a year, represented
by six similar months. [27] This data is from 2018. Extreme
variants are removed and averaged, hourly, over 2 months.

Fig. 5 provides data for HOEP for a year, represented by
six similar months. This data is from 2018. Extreme variants
are removed and averaged, hourly, over 2 months.

Table 5 provides the fixed costs that lead to demand-based
charges.

FIGURE 5. HOEP for a year, represented by six similar months.

TABLE 5. Fixed costs that lead to demand-based charges.

TABLE 6. Data for the Ontario system five coincident peaks (5CP).

Table 6 provides the Ontario five system peak data for
computing Peak Demand Factor. These are used to factor
the Global adjustment charges and capacity-based recovery
charges.

Table 7 provides data for Storage Units. [28] This data is
used in the optimization. Note that the self-discharge param-
eter (KSD) accounts for battery degradation over the course
of the 18 time periods.

Table 8 provides data for revenue calculation, as per pre-
vailing market rates.

Table 9 provides basic data used for optimization.
It includes length of month scenarios, year scenarios, infla-
tion rate, interest rate, etc.

B. RESULTS
1) CASE 1: ENERGY ARBITRAGE ONLY
This section presents results for the case using data set pre-
sented above in the formulation (1) – (30). This considers
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TABLE 7. Data for storage units.

TABLE 8. Data for revenue calculation.

only energy arbitrage. Fig. 6 shows these results. Table 10
presents the Case 1: Energy Arbitrage only results consider-
ing Monthly Bill Data for 15 years.

In the absence of net metering, the facility would not get
credit for any generation returned to the grid, as shown in the
last column of Table 10. This would mean that the facility
would need to pay an additional $40,784 (the difference
between the totals of the Net Meter Bill and Regular Load
Meter Bill in present day dollars) over the full 15-year study
period.

Table 11 and Fig. 7 present power and energy data for a day
in Months 07 and 08. This is a sample day from the results.

TABLE 9. Basic data.

FIGURE 6. Case 1: Energy arbitrage only results.

Table 12 presents Case 1: Energy Arbitrage Only result for
optimization with optimal Storage Sizes.

Storage Optimal Power Capacity is determined to be 1,873
kW and Storage Optimal Energy Capacity is determined to be
5,194 kWh.

Table 13 presents Case 1: Energy Arbitrage Only result
for Optimal Power Capacity Sizes, Number of Cycles and
Peak Demand Factor. It can be seen that power capacities for
services are set to zero. The number of cycles is about equally
spread for those years. The peak demand factor is reduced to
zero, thereby minimizing the demand-based charges.

Table 14 provides the value stack for the storage unit.
It clearly shows that cost of energy from the net meter bill
is $6,109,180, cost of storage for power is $89,480, cost of
storage for energy is $3,100,963. The benefit from energy
arbitrage $4,486,713. Hence the total cost is $4,812,909 and
it significantly less than the original bill amount.

Fig. 8 provides the revenue and cost stacks for the storage
owner.

2) CASE 2: ENERGY ARBITRAGE AND ANCILLARY SERVICES
This section presents results for the case using data set pre-
sented above in the formulation (1) – (30). This considers
energy arbitrage and ancillary services. Fig. 9 shows these
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TABLE 10. Case 1: Energy arbitrage only, monthly bill data for 15 years.

TABLE 11. Case 1: Energy arbitrage only, power and energy data for a day
in months 07 and 08.

results. Table 15 presents the Case 2: Energy Arbitrage and
Ancillary Services results considering Monthly Bill Data for
15 years.

Table 16 and Fig. 10 present power and energy data for a
day in Months 07 and 08.

Table 17 presents Case 2: Energy Arbitrage and Arbitrage
result for optimization with optimal Storage Sizes.

Storage Optimal Power Capacity is determined to be 5,000
kW and Storage Optimal Energy Capacity is determined to
be 2,220 kWh. It can be seen that power size is higher, in fact

TABLE 12. Case 1: Energy arbitrage only, results for optimization for
optimal storage sizes.

FIGURE 7. Case 1: Energy arbitrage only, power and energy hourly data
for a day in months 07 and 08.

TABLE 13. Case 1: Energy arbitrage only, result for optimization for
optimal power capacity sizes, number of cycles and peak demand factor.

maximized allowed by the location, 5,000 kW. The energy is
reduced from 5,194 kWh, even though the maximum allowed
as 10,000 kWh. Clearly the emphasis of the optimization is
laid on to the ancillary services in years 1 – 5 and 11 – 15.
In between years, 11 – 15, the emphasis is on energy arbitrage
as the revenue from ancillary services is reduced to zero due
to a lack of opportunity.

Table 18 presents Case 1: Energy Arbitrage Only result for
Optimal Power Capacity Sizes, Number of Cycles and Peak
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TABLE 14. Case 1: Energy arbitrage only, revenue stack.

FIGURE 8. Value and cost stacks for Case 1: Energy arbitrage only.

FIGURE 9. Case 2: Energy arbitrage and ancillary services results.

Demand Factor. The number of cycles is about equally spread
for those years. The peak demand factor is reduced during
years 11 – 15, due to arbitrage and demand charge reduction
opportunities. It may be noted that, without energy storage,
peak demand factor for the site was 30e-6.

Similarly, the number of cycles is extensively used during
years 11 – 15, as the profits depend on arbitrage. During
years 1 – 5 and 11 – 15, as revenue is primarily driven from
ancillary services, the number of cycles is significantly lesser.

Table 19 provides the value stack for the storage
unit. It clearly shows that cost of energy from the

TABLE 15. Case 2: Energy arbitrage and ancillary services, monthly bill
data for 15 years.

TABLE 16. Case 2: Energy arbitrage and ancillary services, power and
energy data for a day in months 07 and 08, Years 1 – 5.

net meter bill is $6,109,180, cost of storage for power
is $238,803, cost of storage for energy is $1,325,441.
The benefit from energy arbitrage is $665,735, which is
lesser than Case 1 amount of $4,486,713. The revenue
from the storage unit is $11,004,225, which is revers-
ing the cost situation of Case 1 equaling $4,812,909
and it significantly reversing the original bill amount of
$6,109,180.

Fig. 11 provides the revenue and cost stacks for the storage
owner.
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TABLE 17. Case 2: Energy arbitrage and ancillary services - result for
optimization for optimal storage sizes.

TABLE 18. Case 2: Energy arbitrage and ancillary services - result for
optimization for optimal power capacity sizes, number of cycles and peak
demand factor.

TABLE 19. Case 2: Energy arbitrage and ancillary services – revenue stack.

C. CASE 3: COMPARISON WITH EXISTING APPROACHES
As shown in Table 1, no other works considered net metering.
In order to showcase the benefits for net metering, the data for
the industrial facility in the previous section was modified so
that the storage power cost (KP) was $10/kW and the storage
energy cost (KE) was $190/kWh. The solar generation output
was also increased by 150%.

FIGURE 10. Case 2: Energy arbitrage and ancillary services, power and
energy hourly data for a day in months 07 and 08, Years 1 – 5.

FIGURE 11. Value and cost stacks for Case 2: Energy arbitrage and
ancillary services.

TABLE 20. Stochastic implementation with HOEP uncertainty.

Table 20 has a comparison of the results with and without
net metering. It clearly shows that themethod proposed in this
paper (which includes net metering) has a lower total cost at
$1,603,348 than existing approaches (which do not include
net metering) at $2,067,768. This yields a total savings of
$464,421.

D. CASE 4: STOCHASTIC CASE STUDY
Using the stochastic implementation method described in
Section III above, a series of ten scenarios were generated
by scaling the HOEP higher and lower. This represents
uncertainty in future grid energy prices. Probabilities for
each scenario were assigned. HOEP multipliers, associated
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TABLE 21. Comparison of results with existing approaches.

probabilities, and results are shown in Table 21. In this case,
the ES merchant anticipates that HOEP prices are more likely
to rise than fall. Taking this into account, the merchant would
purchase a larger ES unit at 2,153 kW rather than at 1,873 kW
when no uncertainty was considered. The total value stack is
also less at -$5,136,158 rather than at -$4,812,909.

This demonstrates one possible example of stochastic
implementation. The user may choose any input parameters
for which there is uncertainty and use this method to account
for the probabilities of the various scenarios.

V. DISCUSSION
The two case studies show that revenues from ancillary ser-
vices are important for building a favorable business case
for using ES. Collecting revenues from both energy arbi-
trage and ancillary services (Case 2) yields a total benefit of
$11,004,225, whereas energy arbitrage alone (Case 1) would
cost a total of $4,812,909. The ES is still worthwhile in
Case 1, because the total cost without it would otherwise have
been much larger ($9,299,623), however, ancillary service
enables the ES to make money, not just reduce costs.

Furthermore, the net metering arrangement in both cases
allows the ES to be used in displacing local load, considering
the real-time energy market prices (i.e. HOEP) that need to be
paid at the time. This reflects a realistic scenario for as large
industrial and commercial loads are promising potential users
of ES, and this proposed model allows for the full range of
potential benefits from ES.

In terms of scalability, larger systems and more granular
time periods will naturally be more computationally complex
and take more time to solve. To build a business case for
ES investment, this is less of a concern as it is reasonable
to group together similar days, as we have in the case study
above. For day-to-day scheduling, this will require more time
periods and therefore more computational time. However,
this is still not a major issue as the hourly schedule can be
easily produced well ahead of time. Larger systems will also
take time, but again, this can be solved beforehand to avoid
any issues.

VI. CONCLUSION
In this paper, we present a comprehensive and realistic math-
ematical model to maximize profits for merchant ES owners.
The main contribution is the allowance for net metering
benefits through behind-the-meter installations to displace
energy and demand charges. This is new and has not been
done before. It also considers the full investment model,
including operating costs, and annual investment costs. Fur-
thermore, our multi-year model also allows for the evaluation
of opportunity costs; in particular, ES owners can consider
trade-offs between and impacts of actions in different time
periods. We also provide a stochastic implementation to con-
sider uncertainty in any input parameter and demonstrate this
method with energy prices.

While our proposed method provides guidance to ES
owners to make sound investment decisions, it also enables
system operators and policymakers to predict the uptake of
ES. This can then be used to model the impact on electricity
prices and carbon emissions. Further, the input parameters
can be adjusted to suit many jurisdictions or circumstances.

The cases studied are for: (1) energy arbitrage only, and (2)
energy arbitrage with ancillary services. Clearly, it can be
seen in Case 1 that energy arbitrage reduced the net costs
of the facility. Case 2 shows a handsome profit with storage
considering benefits from ancillary services.

We show that net metering participation yields tangible
benefits to the ES merchants. In Case 1, net metering saved
the ES owner $40,784 in present day dollars over the course
of 15 years. In Case 3, the ES owner saved $464,421 over the
15-year study period by using our proposed method rather
than existing approaches.

This paper is limited by the assumptions made, particularly
around foreknowledge of prices, demand patterns, and solar
output. Future work could include:

• Uncertainty in the generation output, demand charges,
load profiles, rates for ancillary services, and more

• The initial investment costs for the generation facility
• Testing this model in other jurisdictions
• Testing this model for other purposes, such as to assess

the impact of merchant ES on policymakers, regulators,
utilities, and system operators.
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