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Abstract— Energy storage systems are flexible resources that
can accommodate variability and uncertainty in the load
and generation of modern power systems. We consider the
management of multiple energy resources, including energy
storage, participating in energy markets in order to minimize
the cost of energy required to balance expected load. We
propose a real-time stochastic optimization approach for solving
this problem that involves solving day-ahead and real-time
optimization problems in a receding horizon fashion, akin to
economic model predictive control, and that explicitly takes
into account uncertainties associated with load and renewable
generation. When forecasting errors are normally distributed
random variables, the probabilistic load balancing constraint
can be reformulated as a linear inequality constraint, and the
resulting optimization problems can be formulated as linear
programs. We present a case study involving management of
an energy storage system, a solar photovoltaic system, and a
wind turbine participating in ISO New England’s day-ahead
and real-time energy markets to balance commercial loads.

I. INTRODUCTION

Flexible resources, such as energy storage (ES), are
playing an increasingly large role in the development of
future electric power grids due to a changing generation
mix, highly distributed loads and generation, and a growing
need for resilience against contingencies like severe weather
events. ES systems are quickly becoming viable and effective
resources for many power and energy applications, and
numerous energy management and optimization methods for
grid ES have been developed [1]. One application for ES
is accommodating the variability and uncertainty associated
with loads and renewable generation. Explicitly considering
this uncertainty is imperative as mismatch between forecasts
and realized power can result in excessive operating costs,
unnecessary investment in over-sized ES, or lack of required
power in a critical situation.

Thanks to the emerging smart grid paradigm allowing
bi-directional communication between loads, generation re-
sources, and market operators, multiple energy resources can
be operated as a single entity that can participate in wholesale
energy markets. Furthermore, energy management systems
can be used to control the resources in such a way that
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minimizes the cost of purchased energy. These entities can
take the form of utilities, virtual power plants, microgrids, or
aggregators. We consider the problem of operating multiple
energy resources participating in day-ahead and real-time
energy markets with the goal of minimizing the cost of
energy purchased from the grid (or, equivalently, maximizing
revenue from energy sold to the grid) while balancing an
expected net load.

Many of the key challenges in energy management prob-
lems come from uncertainty associated with parameters in-
cluding load, generation, and energy market prices. Methods
for decision making under uncertainty in electricity markets,
and energy systems in general, are discussed in [2] and
[3], respectively. Uncertainty can be addressed with accurate
forecasts of uncertain parameters, and numerous schemes are
available for predicting future variations in load, renewable
generation [4], [5], and electricity prices [6], [7]. In con-
trast, a real-time approach to energy management may be
employed to address uncertainty without the need for highly
accurate forecasts. For example, although the accuracy of
persistent forecasting methods decreases significantly with
increasing forecasting horizon, a real-time receding horizon
scheme that updates forecasts at every time step could be
considered to mitigate this shortcoming.

In this work, we propose a two-stage stochastic optimiza-
tion approach for real-time energy management that involves
solving a day-ahead optimization problem for determining
supply/demand bids in the day-ahead energy market and
solving real-time optimization problems to determine real-
time dispatch commands. The real-time approach is akin
to model predictive control (MPC) [8]in that a stochastic
optimization problem is solved at each time step, in a re-
ceding horizon fashion, with updated real-time forecasts and
feedback measurements. MPC is popular due to its ability to
explicitly handle constraints and even nonlinear dynamics,
uncertainty, noise, and disturbances [9], [10]. MPC has
been effectively used in energy management applications,
including microgrid operation [11], [12], [13], operating ES
as part of an energy hub [14], operating a hybrid wind-battery
ES system [15], and adaptive dispatch of ES to better capture
nonlinearities in technology-specific battery models [16].

There is a large body of related work regarding sizing,
management, analysis, and dispatch of ES. In many studies,
both sizing and operation of ES with renewable generation
are considered at the same time. For example, operation,
sizing, and economic evaluation of several ES technologies
for solar and wind power plants are considered in [17]. Sizing
storage by minimizing the cost of electricity purchased from
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the grid while maintaining load balance with deterministic
PV generation is studied in [18]. Other studies explicitly
consider uncertainty. Stochastic load and PV generation fore-
casts are used in an approach to optimally size and schedule
behind-the-meter ES to balance critical load in [19]. In [20],
the optimal size and usage of storage is determined, con-
sidering stochastic wind forecasts. Other work considering
both economics (e.g., price volatility, market structures for
energy exchange, and operating costs), as well as stochastic
operation of ES with renewable generation include [21], [22],
[23], [24], [25], [26].

Many stochastic optimization approaches, like scenario-
based approaches or stochastic dynamic programming, are
computationally expensive methods whose computation time
increases exponentially with the number of investigated
scenarios or the horizon time of the optimization. Other ap-
proaches employ robust optimization, and examples include
bidding strategies for virtual power plants [27], an approach
for energy management in microgrids [28], and a real-
time demand response model [29]. Our proposed stochastic
optimization approach employs a probabilistic constraint to
ensure that the expected net load is balanced using power
supplied by the ES and purchased from the grid in each
time step. If forecast errors have a normal distribution,
the probabilistic constraint can be reformulated as a linear
inequality constraint, and the resulting optimization problems
can be efficiently solved as linear programs.

The contributions of this work are: 1) A two-stage stochas-
tic optimization approach for managing multiple energy
resources, bidding into day-ahead energy markets and dis-
patching in real-time, that explicitly considers load, genera-
tion, and price uncertainty; 2) A real-time, receding horizon
algorithm that can utilize any available forecasts and is
effective even without highly accurate forecasts; 3) A case
study using the proposed approach to reduce costs for an
energy aggregator in ISO New England that operates ES,
wind, and solar PV resources and participates in day-ahead
and real-time markets.

II. PROBLEM FORMULATION

We consider the problem of operating multiple energy
resources to minimize the cost of purchasing energy from
the grid in day-ahead and real-time energy markets while
balancing an expected load. This is often the goal of energy
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aggregators who have the ability to participate in wholesale
energy markets. The architecture of this problem is shown
in Figure 1, where it is assumed that the aggregator operates
wind, solar PV, and ES resources. Smart grid technology
enables bi-directional communication between the aggregator
and the resources and energy markets. Because of their vari-
ability and uncertainty, the aggregator generates or receives
forecasts for the load, the power generated from wind and
solar resources, and the day-ahead and real-time locational
marginal prices (LMPs). Forecast errors are considered to be
random variables. In addition, the aggregator has the ability
to measure the state of energy (SoE) of the ES device.

Within this architecture, we employ a two-stage stochastic
optimization approach to find optimal market bids and real-
time dispatch signals. A diagram of this approach is shown
in Figure 2. The first stage uses day-ahead forecasts of load,
renewable generation, and energy prices and solves a day-
ahead optimization problem, resulting in hourly day-ahead
market bids and a schedule for the ES. The second stage uses
real-time forecasts of load, renewable generation, and energy
prices, as well as feedback measurements of the ES device’s
SoE, and solves a real-time optimization problem at every
time step, resulting in dispatch signals for the aggregator’s
ES device on a sub-hourly basis (e.g., every 5-minutes).

In general, bids for each market interval have both power
quantity and price components. We assume a “price-taker”
agreement, so bids only include power quantity, and the price
paid is the cleared market price. This is often allowable if
power quantity bids are relatively small so as to not affect
market prices. The power quantity bid acts as a demand bid
if the quantity is positive (i.e., purchasing from the market)
and as a supply bid if negative (i.e., selling to the market).
Common market time intervals are one hour for day-ahead
markets and five to fifteen minutes for real-time markets.

The two financial settlements from the day-ahead and real-
time markets can be calculated as follows. The day-ahead
cost can be calculated for a single day as

24
Apa = > XpAppPh, ey
h=1
where Apa is the total cost [$], A',?A is the cleared day-

ahead energy price [$/kWh] during hour h, and ph’DA is the
day-ahead power quantity bid [kW] in the day-ahead energy



market for hour h. The real-time cost for each day is

Tday

ART_Z/\

where Tjy,, denotes the number of real-time market time
intervals in a day, ART is the cleared real-time energy price
[$/kWh] at time ¢, pJ is the actual power [kW] purchased
from the grid in the real-time energy market at time ¢, py B
is the power that was bid into the day-ahead market at time

t, ie., pI’P* = p?PA for all ¢ satisfying
Poliicec? )

T T

—pPPMr, )

and 7 denotes the sub-hourly real-time market time interval
between times ¢ and ¢ 4 1.

Then, the final combined cost can be calculated as the sum
of the day-ahead cost and the real-time cost as

Taay

A=Y (PP TG - ™) @
t=1

where APA = ADA for all ¢ satisfying (3). Therefore, the
objective of the aggregator is to operate its energy resources
to minimize the total cost in (4) while balancing customer
demand, as described above.

III. MODELS AND FORECASTS

In this section we provide a model for the ES system and
discuss forecasting of the stochastic net load and prices.

A. Energy storage model

The SoE of the ES is the amount of energy capacity [kWh]
remaining in the system, and it can be modeled using the
following linear energy flow model [1]

St11 = NsSt + NeDET — P, (5)

where s; is the SoE of the ES at time ¢, n, is the self-
discharge efficiency, 7. is the round-trip efficiency, and pg
and p¢ are nonnegative scalars denoting the power charge
and discharge commands at time ¢, respectively. Separate
charging and discharging efficiencies may be equivalently
used, as discussed in [1].

B. Forecasts

Similar to [19], [22], [25], [26], we express load, PV
generation, and wind generation as

pltoad plod 4 Aplosd, (6)

A fﬁV+Aﬁﬂ ©)

plind — pwind 4 A pwind (8)

respectively, where Aload, pf , and pWmd are the load, PV gen-

eration, and wind generation forecasts at time ¢, respectively,
and Apledd, ApPV, and Ap}™ are the corresponding forecast
errors. These errors depend on the forecasting method and
horizon and are considered to be random variables.

Considering PV and wind generation as a negative load,
we can write the net load at time ¢ as

Pt =p —pyY —pi™, )

which can also be expressed as
plget — Anet + Apnet (10)

where P denotes the net load forecast, and Ap}® is the
corresponding forecast error.

In the same way, we can express the day-ahead and real-
time energy prices, respectively, as

MDA = PR A DA,
ART ART—FAA

(1)
(12)
where APA and ART denote the day-ahead and real-time
price forecasts, respectively, and AAPA and ANXT are the
corresponding forecast errors.

C. Load balancing

With the net load formulated, we can write the balanced
power at time ¢ as

balance __ , net c
Py =p; +D

— i =i, (13)
where pJ is the power purchased from the grid at time ¢.
Given forecasts for the net load, the objective is to operate
the ES to balance expected load while minimizing the cost
of energy purchased from the grid. Therefore, we would like
to find values for p§, p¢, and p{ to make pba»¢ < 0 for all
times ¢, while also minimizing the cost of purchasing py.

IV. OPERATION WITH PERFECT KNOWLEDGE

If load, generation, and day-ahead and real-time prices
are all known perfectly before bidding into the day-ahead
market, ideal operation of the ES device to minimize the cost
of purchasing energy from the grid for each day (as given
in (4)) can be determined by solving a single optimization
problem. This optimization is subject to the following ES and

load balancing constraints for all times ¢ € {1,2,..., Tga }:
0 < py < pEs (14a)

0 < pf < ps (14b)

bses < 08t + nepiT — PiT < (1 —6)ses (14c)
m&w+nﬁhﬁ—ﬁhﬂ=81 (14d)
PP =P =P =0 (14e)

Constraints (14a) and (14b) ensure that the power
charged/discharged from the ES is nonnegative and does not
exceed the ES power rating pgs. Constraint (14c¢) ensures
that the predicted SoE of the ES, 5;, (computed using model
(5) with pf and [)f) is nonnegative and is less than or
equal to a desired fraction of its energy capacity sgs for
all times t. Scalars &, § € [0,0.5) are desired fractions of
unused SoE at the lower and upper limits of the ES energy
capacity, respectively, and can be chosen to limit depth of
charge/discharge to, e.g., improve cycle life of the ES or
ensure the linear SOoE dynamics are valid. Constraint (14d)



enforces that predicted SoE at the end of the day is equal
to sg, a desired initial daily SoE. Finally, constraint (14e)
ensures that the (net) load is balanced at each time ¢ by the
power charged/discharged from the ES and purchased from
the grid.

In this section, and in the remainder of the paper, we
introduce the following shorthand notation: given a signal
z¢ and two times ¢; and {9, with ¢; < ta, we write 2¢,.¢, to
denote the sequence {z¢,, Zt; 41, - 2ty -

With the constraints formulated, we can write the opti-
mization problem with perfect knowledge as

Tiay
minimize Z()\?A — XN 5er
pepips (15)

subject to (14a)—(14e),

where the decision variables are the ES charge and discharge
sequences p° = pf.p, and p* = pf5, . respectively, and
the sequence of power purchased from the grid p9 := pJ Ty
We denote the sequences that solve the optimization problem
(15) as p** = pi'y,, , P = Py, , and pI* = Py, -

In practice, we do not have perfect knowledge of the
load, generation, and day-ahead and real-time prices before
scheduling or dispatching resources. Thus, we next propose a
two-stage optimization approach that explicitly accounts for
uncertainty in the net load and energy prices. Moreover, the
real-time dispatch involves a receding horizon approach that
uses feedback to improve performance as variables change
in real-time and, therefore, is less sensitive to forecast errors.

V. TWO-STAGE STOCHASTIC OPTIMIZATION

The objective is to operate resources to minimize the cost
of energy purchased from the grid required to balance the
load over a given time horizon, i.e., minimize (4). Given
forecasts of the stochastic load, renewable generation, and
energy prices, this can be done by optimally bidding into
the day-ahead market and dispatching the ES to charge and
discharge in real-time. Therefore, a two-stage optimization
is performed; first, the day-ahead supply/demand bid is
computed, and then the real-time dispatch is solved.

A. Stage 1: Day-ahead scheduling

The day-ahead scheduling optimization results in optimal
values of the charge, discharge, and hourly day-ahead bid for
each hour in the day. In this stochastic setting, given forecasts
of the net load, constraint (14e) becomes a probabilistic
constraint and requires the amount of power provided by the
ES and the power purchased from the grid to be greater than
or equal to the forecast of the net load with some probability.
Specifically, we desire the value of P} + pf, — ﬁﬁ —pj tobe
nonpositive with at least probability «. This can be written
as follows for all h € {1,2,...,24}:

P{py + p5, — P — P, <0} > « (16)

This constraint is similar to the probabilistic constraints (or
chance constraints) considered in [22], [20], [19]. In some
special cases (e.g., forecasting errors have normal probability

distributions), we can reformulate the constraint in (16) to
be f(p5,pe,p7) > «, where the function f(-) : R® — R
depends on the statistics of the net load forecast’s probability
distribution. We discuss this further in Section V-C.

Then, we can write the day-ahead scheduling optimization
problem as
24 o

At = A,

h=1
subject to (14a)—(14d), (16),

minimize
pe,pt,p9

a7)

with variables with subscript ¢ in (14a)-(14c) replaced by
the appropriate variables with subscript h, for all A €
{1,2,...,24}, and the variables with subscript T4,y in (14d)
replaced by the appropriate variables with subscript 24. The
day-ahead, hourly-averaged forecast of the real-time energy
price for hour h is denoted by X%T. The decision variables are
the charge and discharge sequences ¢ i= .54, p% = pL04,
respectively, and the hourly day-ahead bids p9 = p.,,. We
denote the sequences that solve the optimization problem

(17) as P = PSly, P = Py, and p7* == p,.

B. Stage 2: Real-Time Dispatch

The real-time dispatch optimization problem is solved at
each time step and results in optimal values for charge,
discharge, and power purchased from the grid, pf, pg, and
p';i, respectively, for all times k € {¢,t +1,...,t +T — 1},
where T is the optimization time horizon. For example, with
7 = 5 minutes, T' = 48 corresponds to a horizon of 4 hours.

We write the real-time dispatch optimization problem as

t+T—1
ART =g
E Ap DT
k=t

subject to (14a)—(14c), (16),

minimize
Pr»PRr- P

(18)

with variables with subscript h in (16) and subscript ¢
in (14a)—(l4c) replaced by the appropriate variables with
subscript k, for all k € {¢,t+1,...,t+T —1}. The decision
variables are the charge and discharge sequences pgy =
P pr—1 and Par = P, 4, respectively, and the sequence
of power to be purchased from the grid pgy = pf, p_,. We
denote the sequences that solve the optimization problem as
PRY = Dipyr—15 ﬁﬁﬁf = ﬁ%-s-T—p and pgp = ﬁ?::-}-T—l'
The real-time optimization problem (18) can be solved at
each time ¢ in a receding horizon fashion using an MPC
approach, as described in Algorithm 2 in Section VI.

C. Normally distributed forecast errors

If the probability distributions of the forecasting errors can
be approximated with normal distributions, as is common
in the literature (see e.g., [26], [30], [22]), we are able to
calculate the probabilistic constraint (16) as a function of
the decision variables pf, ﬁﬁ, and ﬁi, the statistics of the net
load forecasting error, and the desired fraction «. Then (16)
becomes the following linear inequality constraint

P4 pY — B > V201 xerf 1 (2a — 1) + PI + 2, (19)



where erf(-) denotes the error function, p} denotes the net
load forecast at hour h, and p}* and o} denote the mean
and standard deviation, respectively, of the net load forecast
error at hour h. By replacing constraint (16) with (19) in both
the day-ahead scheduling and real-time dispatch optimiza-
tion problems (17) and (18), respectively, both optimization
problems can be formulated and solved as linear programs.

VI. OPERATIONAL ALGORITHMS

We present two operational algorithms for bidding into
the day-ahead market and dispatching resources in real-
time. Algorithm 1 is only used for comparison and involves
solving the day-ahead optimization problem (17), bidding
into the day-ahead energy market, and then implementing
the resulting day-ahead schedule in real-time. This approach
is commonly considered by energy market participants but
does not take advantage of real-time feedback information.

Algorithm 1: Solve & Implement Day-Ahead Schedule

procedure FOR A GIVEN DAY
Receive/compute hourly day-ahead net load forecasts ﬁjf'm.
__Receive/compute hourly day-ahead price forecasts Ay,
Afhs.
Solve (17).
Bid resulting supply/demand 57" into the day-ahead market.
for each hour h € {1,2,...,24} do
Implement pf = p5* and p = p&* for all ¢ satisfying
3).
end for
end procedure
Repeat procedure each day.

Algorithm 2 is a novel real-time operational algorithm that
solves the two-stage optimization problem in order to bid into
the day-ahead market and also adjust the dispatch in real-
time to take advantage of real-time fluctuations in net load
and energy prices. Specifically, in the day-ahead, Algorithm
2 involves solving the day-ahead optimization problem (17)
and bidding into the day-ahead energy market, as is done in
Algorithm 1. Then in real-time, information of the net load,
energy prices, and SoE of the ES are used in solving the
real-time optimization problem (18) at each sub-hourly time
t. The ES is then dispatched by implementing

Py =D, (20a)
i =pi" (20b)
at each time ¢, and energy is bought/sold in the real-time

energy market. This procedure is repeated at every time ¢ in
a receding horizon fashion.

Algorithm 2: Solve Day-Ahead Schedule, Solve &
Implement Real-Time Dispatch

procedure FOR A GIVEN DAY
Receive/compute hourly day-ahead net load forecasts ﬁjefm.
___Receive/compute hourly day-ahead price forecasts AR,
Allaa.
Solve (17).
Bid resulting supply/demand p7* into the day-ahead market.
for each time ¢ do

TABLE I
NOMINAL PARAMETER VALUES

Parameter Description Value Units
P Air density 1.2 kg/m?
v Wind turbine cut-in speed 4 m/s
v Wind turbine cut-out speed 25 m/s
v* Wind turbine rated speed 10 m/s

npv PV panel efficiency 0.15 -
Tconv PV conversion efficiency 0.90 -
Ns ES self-discharge efficiency 1.00 -
Ne ES round-trip efficiency 0.85 -
Apv Total area of solar panels 1000 m?
Awind Total swept area of turbine blades 1357 m?
PES ES power rating 1000 kW
SES ES energy capacity 1000 kWh
S0 Daily initial SoE sgs/2 kWh
5 Desired fraction of unused SoE 0.1 -
) Desired fraction of unused SoE 0.1 -
T Real-time optimization time step 1/12 hours
T Real-time optimization horizon 48 -
« Load balancing probability 0.99 -

Measure/receive s:, pi<q, and AL ;.
Receive/compute real-time forecasts pyy 71, 5\§£+T_1
Solve (18).
Implement (20).
end for
end procedure
Repeat procedure each day.

VII. CASE STUDY

In this section we present a case study of an energy
aggregator in ISO New England operating an ES system,
a wind turbine, and a solar PV system with the goal of
minimizing the cost of energy to be purchased from the grid
to balance commercial loads. We assume that the systems
are small enough that the market supply/demand bids do not
affect the market prices, and the aggregator has a “price-
taker” agreement. The following data were used:

o Fifteen-minute load from commercial customers in
Massachusetts from January 2017 to February 2018.

o Thirty-minute solar Global Horizontal Irradiance (GHI)
data for a location near Boston, MA from the National
Solar Radiation Database (NSRDB) [31] from January
2015 to January 2017.

o Thirty-minute wind speed data for a location near
Boston, MA from the Modern-Era Retrospective Anal-
ysis for Research and Applications (MERRA) database
[32] from January 2015 to January 2017.

o Hourly day-ahead and five-minute real-time LMP data
for Brighton pricing node near Boston, MA from ISO
New England [33], February 2017 to March 2018.

The sub-hourly load, GHI, and wind speed data were in-
terpolated to produce 5-minute data, and solar and wind
generation were computed using standard models, as can be
found in, e.g., [34], with parameter values given in Table L.

A. Forecasts

We use the following persistent forecasts.



1) Day-ahead forecasts: The load forecast pi™® is equal
to the true load for the same hour in the previous week.
The solar and wind generation forecasts pb° and pynd,
respectively, are equal to the average true generation in hour
h of the previous day. The day-ahead price forecast S\EA is
equal to the cleared price for hour A in the previous day. The
day-ahead forecast of the hourly-averaged real-time price X%T
is equal to the average cleared real-time price during hour A
in the previous day.

2) Real-time forecasts: The load, solar generation, and
wind generation forecasts over the entire real-time optimiza-
tion horizon T are constant and equal to the measured real-
time load, solar generation, and wind generation from the
previous five minutes, i.e.,

~load load , load load

Prtyr—1 = iz 2 (R - | (21)
PV . pyV PV PV

Petyr-1 = {pt—lapt—lv e 7pt—1}7 (22)
ﬁrﬁ?ﬁT~l = {prllnfvpy?{i’ wos 7P§Vi"ij ’ (23)

Net load forecasts over the real-time optimization horizon T’
are constant and equal to the measured load minus solar and
wind generation from the previous five minutes, i.e.,

~net N net net
Petyr—1 = {pt—lapt—h .-

P (24)
Price forecasts for the next five-minute interval are equal to
the cleared real-time price from the previous five minutes,
and the rest of the price forecasts are equal to the cleared
day-ahead price for those time intervals, i.e.,

ART — RT DA DA DA
)‘t:t+T71 T {/\tfla )‘t+17 )‘t+27 “ iy A

+T—11" (25)

Forecast error statistics were computed from the available
data described above and were fit to normal distributions
to determine the statistics used in the probabilistic load
balancing constraint (19). We assume that the expected
values of the energy prices are equal to the forecasted values.

Figure 3 shows snapshots of example data used within
Algorithms 1 and 2, and Figure 4 shows an example solution
of the real-time optimization (18), at a given time ¢.

B. Results

We present results for three different scenarios:

Stochastic: Day-ahead forecasts described in Section VII-
A.1, and real-time forecasts given in (21)—(25) are used.
Uncertainty is considered, so constraint (19) is used.

Deterministic: Day-ahead forecasts described in Section
VII-A.1, and real-time forecasts given in (21)—(25) are
used. Uncertainty is not considered (constraint (14e) is
used).

Perfect Forecasts: Day-ahead and real-time forecasts are
equal to the true values of the net load and prices, i.e.,

i =i (26a)
Pitrr—1 = Plitr—1s (26b)
AR =P8, (26¢)
ART . ART (26d)

Uncertainty is not considered (constraint (14e) is used).
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Fig. 3. Data snapshots. True values are shown as solid lines, forecasts
are dashed lines, and standard deviations of the forecast errors are shaded
regions. The current time ¢ is marked by the vertical black line.
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Fig. 4. Snapshot of the real-time optimization solution. The current time
t is 15:50. The implemented signals before time ¢ are shown as solid lines,
and the future signals computed at time ¢ are shown as dashed lines.

Table II gives the total cumulative costs from March 1,
2017 to January 24, 2018! for the three scenarios described
above with parameter values given in Table I resulting from
Algorithm 1, Algorithm 2, and the case where there is no
ES (i.e., the only decision variables are the hourly day-
ahead supply/demand bids p7). Optimization problems (17)
and (18) were formulated as linear programs and solved
numerically using CVX in MATLAB [35].

The main results are: 1) Real-time decision-making re-
duces costs; Algorithm 2 results in the lowest total costs
for all three scenarios. In the stochastic scenario, Algorithm
2 produces a 9.5% lower total cost than the ‘No ES’ case
and a 12% lower total cost than Algorithm 1. Therefore, the
use of real-time feedback information is advantageous, and
the ES device is effectively operated to take advantage of

'The load and price data were from this period, but the weather data
corresponded to March 1, 2015 to January 24, 2016



TABLE II
TOTAL CUMULATIVE COST FROM 3/1/2017 TO 1/24/2018.

Algorithm 1 | Algorithm 2 No ES
Stochastic $422,059 $371,411 $410,566
Deterministic $444,674 $394,023 $433,181
Perfect Forecasts $441,017 $366,449 $432,716

fluctuations in real-time prices. 2) The real-time approach of
Algorithm 2 is effective even without sophisticated forecasts.
For the deterministic scenario, which uses simple persistent
forecasts, Algorithm 2 produces a 9% lower total cost than
the ‘No ES’ case. While the total cost from the perfect
forecasts scenario using Algorithm 2 results in a 7% lower
total cost than the deterministic scenario, the difference
is significantly narrowed by considering uncertainty, as in
the stochastic scenario. 3) Considering uncertainty can be
advantageous; the stochastic approach results in a lower cost
than the deterministic approach for both algorithms and the
‘No ES’ case. 4) Implementing a day-ahead schedule for ES
in real-time (Algorithm 1) can result in a higher total cost
than if no ES system is used, as it does for all three scenarios.

C. Sensitivity analysis

In this section, we vary parameter values to show how
sensitive the results are to those values. Each case used the
nominal parameter values given in Table I except for the
modified parameter values listed below. Table III shows the
resulting total cumulative costs for each case using Algo-
rithm 1 and Algorithm 2 with the three scenarios discussed
above and for the following modified parameter values:
Case 1: Nominal parameter values as given in Table I.

Case 2: PES = 500 kW, SES = 500 kWh
Case 3: pes = 2000 kW, sgs = 2000 kWh
Case 4: T'=24

Case 5: T =96

Case 6: oo =0.75

Case 7: o= 0.50

Case 8: No energy storage system

Case 9: No solar power generation

Case 10: No wind power generation

In Cases 2 and 3, the power rating pgs and the energy
capacity sgs of the ES are decreased and increased, resulting
in higher and lower total costs, respectively. In Case 4, the
real-time optimization horizon 7' is reduced to 24 intervals
of 5 minutes (2-hour horizon), and the results of Algorithm
2 are slightly worse than those from Case 1; this is because a
shorter optimization horizon provides less information about,
and opportunity to plan for, future changes in price and
net load. On the other hand, T is increased in Case 5 to
96 intervals of 5 minutes (8-hour horizon), and results of
Algorithm 2 are slightly better than those from Case 1.
However, this slight improvement comes at the expense of
additional computation time. In Cases 6 and 7, the desired
fraction « in the probabilistic constraint (19) is decreased.
The effect of this is discussed below. Finally, Cases 8, 9, and
10 show how much the total costs increase if there were no
ES to modulate the net load, no solar power generation, and
no wind power generation, respectively.
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Fig. 5. Cumulative total cost for Cases 1, 6, and 7 (right axis) and the
difference between the real-time and day-ahead prices (left axis).
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Fig. 6. Daily total costs for Cases 1, 6, and 7 (right axis) and the difference
between real-time and day-ahead prices (left axis) from May 10 to May 23.

In this study, real-time prices are often higher than day-
ahead prices, so it is advantageous to choose a larger value
for a so that day-ahead market bids are large and less energy
is purchased in the real-time market. This is shown in Figure
5 in which the cumulative total costs for Cases 1, 6, and 7
are shown with the difference between real-time and day-
ahead prices. The more conservative (larger o) Cases 1 and 6
result in lower cumulative total costs due to the large positive
difference between prices. Figure 6 shows the difference in
daily total costs (computed using (4)) for different values of
« when there is a significant difference between real-time and
day-ahead prices. If, instead, day-ahead prices are larger than
real-time prices, it would be advantageous to submit smaller
demand bids in the day-ahead market and buy more energy
in real-time. In general, choosing « to be time-varying, larger
when real-time prices are forecasted to be higher than day-
ahead prices and smaller when real-time prices are forecasted
to be lower than day-ahead prices, could be advantageous.
However, this type of strategic bidding may be constrained
by the rules of the energy market.

VIII. CONCLUSIONS AND FUTURE WORK

We proposed a two-stage stochastic optimization approach
for managing multiple energy resources and participating in
wholesale energy markets to minimize the cost of energy
required to balance a net load. The two stages include a day-
ahead optimization, which results in a day-ahead schedule
and bids for the day-ahead energy market, and a real-time
optimization, which results in real-time dispatch commands.
These optimization problems include a probabilistic con-
straint requiring that the uncertain net load be balanced with
a desired probability. We presented a case study involving an



TABLE III
TOTAL COST FROM 3/1/2017 TO 1/24/2018 FOR MULTIPLE CASES.

Case 1 2 3 4 5 6 i 8 9 10
- Stochastic $422,059  $416,292  $433,562  $422,059  $422,059  $438,117 $444,674 $410,566  $428,866  $493,538
b Deterministic $444,674  $438,907  $456,176  $444,674  $444,674 $444,674 $444,674  $433,181 $451,470 $514,933
<X | Perfect Forecasts | $441,017  $436,870  $449,381  $441,017 $441,017 $441,017 $441,017 $432,716  $447948  $512,027
« Stochastic $371,411  $390,987  $332,315 $372,608 $371,083  $387,469  $394,026  $410,566  $378,217  $442,889
b Deterministic $394,023  $413,601  $354,930  $395223  $393,697  $394,026  $394,026  $433,181  $400,821  $464,284
< | Perfect Forecasts | $366,449  $399,582  $300,182  $367,129  $366,353  $366,449  $366,449  $432,716  $373,380  $437,458

energy aggregator operating an energy storage system, wind
turbine, and solar PV system and participating in day-ahead
and real-time energy markets in ISO New England. Real-time
dispatch of the energy storage system reduces costs, even
without sophisticated forecasts, and the stochastic approach
reduces costs compared to a deterministic approach.

In future work, additional production-cost models may be
incorporated to determine how energy bids affect market
prices, and additional revenue streams, such as frequency
regulation, will be considered to further reduce costs.
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