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Integrated Multiscale Design, Market Participation,
and Replacement Strategies for Battery
Energy Storage Systems
Farshud Sorourifar , Victor M. Zavala , and Alexander W. Dowling

Abstract—Increased dependence on non-dispatchable energy
sources has created a need for flexible energy storage systems
capable of providing peak shaving and ancillary services. This
work develops a computational framework to optimize sizing, replacement, and market participation strategies for battery energy
storage systems. A multiscale linear programming formulation is
proposed that spans real-time market decisions (minutes) to sizing and replacement decisions (years) while explicitly considering
capacity loss due to degradation. These optimization problems include millions of variables and constraints, but can be efficiently
solved using modern algorithms. Several case studies explore tradeoffs between market participation, degradation, power-to-energy
ratio, and replacement strategies using historical energy and ancillary service price data from CAISO. Findings emphasize that
simultaneously transacting both energy and ancillary services in
day-ahead and real-time markets can provide a four to five fold increase in net present value compared to only buying/selling energy
in the day-ahead market. Optimization also reveals market participation strategies that effectively manage degradation leading to
an optimal energy-to-power ratio of less than 1 MWh/MW for NaS
batteries. Results also show that developing ideal degradation-free
batteries would improve net present value by 20%. This emphasizes
that judicious management of degradation, sizing, and markets is
critical.
Index Terms—Batteries, energy markets, degradation, optimization, economics, valuation.

NOMENCLATURE
Variable

Description

Power and market products, all with units MW/MW:
Ancillary service quantity at  ∈ L
At ∗ (t)
Ēt ∗ (t)
Power sold in market at  ∈ L
Manuscript received May 17, 2018; revised September 28, 2018; accepted
November 21, 2018. Date of publication November 30, 2018; date of current
version December 18, 2019. The work of F. Sorourifar was supported by the
U.S. National Science Foundarion (NSF) under Award CHE-1262750 during an
REU internship at the UW-Madison. The work of V. M. Zavala was supported
by NSF under Award EECS-1609183. A.W. Dowling was supported by The
Dow Chemical Company while at the UW-Madison and acknowledges financial support from the University of Notre Dame. Paper no. TSTE-00462-2018.
(Corresponding author: Alexander W. Dowling.)
F. Sorourifar and V. M. Zavala are with the Department of Chemical and
Biological Engineering, University of Wisconsin-Madison, Madison WI 53706
USA (e-mail:,farshudsor@gmail.com; victor.zavala@wisc.edu).
A. W. Dowling is with the Department of Chemical and Biomolecular Engineering, University of Notre Dame, Notre Dame, IN 46556 USA (e-mail:,
adowling@nd.edu).
Color versions of one or more of the figures in this paper are available online
at http://ieeexplore.ieee.org.
Digital Object Identifier 10.1109/TSTE.2018.2884317

E t ∗ (t)
Et ∗3 (t)

Power purchased at  ∈ L
Net power generated at time t ∈ T ∗

Battery sizing and degradation (all scaled by Λ):
S ∈ [0, 10]
St ∈ [0, S]
+
s+
t ∈ [0, Δt η ]
−
st ∈ [0, Δt/η − ]
Ct ∈ R+
mt ∈ R +

Original size (energy storage) of BESS,
hr
State of charge (energy) at time t, hr
Energy in during timestep t, hr
Energy out during timestep t, hr
Cumulative energy throughput, hr
FR mileage provided by BESS, MW/
MW

Economic:
NPV
Py ∈ R
R∈R
I ∈ R+

Net present value of BESS investment, $
Market net profit for year y, $/yr
Total net market revenue (profit), $
Capital investment, $

Parameter

Description

CAISO market data:
Timestep at level l ∈ L, hr
Δt
A
Price for ancillary service a ∈ A at level
πa,t
∗ (t)

l ∈ L, $/MW
πtE∗ (t)
Price for energy at level l ∈ L, $/MWh


πtM
μt
γ ∈ [0, 10]
ξ ∈ [0, 1]

Price for mileage, $/MW
System-wide mileage, MW/MW
Mileage multiplying factor, dimensionless
Fraction of regulation miles, dimensionless

BESS specifications:
η + = 0.83
η − = 0.83
Λ = 1.0
δ ∈ [0, 2.5 × 10−3 ]
Nfail ∈ [380, ∞)

Charging efficiency, dimenionless
Discharging efficiency, dimenionless
Maximum (dis)charge power, MW
Degradation rate, hr/hr
Number of cycles to “failure”

Economic analysis specifications:
πi = 18, 700
Y ∈ [1, 20]
a = 140, 270
b = 233, 790
π = 10−6

Battery maintenance cost, $/MW-yr
Battery usage horizon, yr
Battery cost parameter, $/MW
Battery cost parameter, $/h
Small number in Eq. (2), MW/MW
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i = 2%
r = 5%

Inflation rate, dimensionless
Discount rate, dimensionless

Indexes and Sets

Description
+

−

a ∈ A := {s, n, r , r }
Ancillary Services
Regulation up and down
r ∈ R := {r+ , r− } ⊂ A
 ∈ L := {3, 2, 1, 0}
Market layers
Time steps for timescale 
T := {1, . . . , N }
Nested time for timescales
t∗ (t) ∈ T∗ := {(1, .., 1), (2,
. . . , 1), . . . , (N , N−1 , . . . , N0 )}  through 0 (days)
Market product quantities A, Ē, E, and E are all scaled by
Λ and thus have units of MW/MW.
I. INTRODUCTION
HE global consumption of renewable energy grew 147 GW
in 2015, almost a 9% increase from the previous year [1],
and similar growth is expected to continue. In the U.S., states
such as California and New York are striving for over 50% of
electrical generation from renewables by 2030 [2], [3]. Energy
storage is essential to provide flexibility that counterbalances
the stochastic or non-dispatchable nature of most renewable
sources (e.g., solar, wind). Batteries are a leading technology to
provide efficient, inexpensive, and reliable storage. California,
for example, has mandated 1.325 GW of energy storage by
2024 [4], which may require total investments on the order of
a billion dollars. There is a pressing need to understand how to
best recover these investments costs by collecting revenue from
energy markets.
In many regions of the U.S. as well as in Canada, Europe,
and Australia, electricity is purchased and sold in wholesale
markets. In the markets administered by the California Independent System Operator (CAISO), energy prices are set at three
timescales: 1-hour intervals in the Day Ahead Market (DAM)
and 5-minute and 15-minute intervals in the Real Time Market
(RTM). These time-varying prices determine the economics of
energy storage, where the basic strategy is to “buy low and sell
high”. A popular approach is to estimate market revenues by
optimizing the charging and discharging control strategy using
historical market prices. This results in large-scale linear, nonlinear, or mixed-integer optimization problems, depending on
the fidelity of the physical energy storage models used. This approach facilitates a direct comparison of different technologies
such as lithium ion, lead acid, nickel cadmium, sodium sulfur
(NaS), and vanadium flow batteries, as well as pumped-hydro,
flywheels, compressed air, and super-capacitors in the context
of energy markets and microgrids [5]–[17]. The determination
of the most cost-effective option depends on many factors including market rules, historical prices, cost and performance
assumptions, and geographical restrictions.
Optimizing grid-scale battery energy storage systems (BESS)
is an inherently multiscale engineering challenge that requires
navigating complex trade-offs between market opportunities
(seconds to hours), degradation (seconds to years), design
(years), and replacement (years). Yet, most existing studies often
only consider one or two of these aspects. Fast dynamics allows
batteries to quickly respond to rapid price fluctuations as well as
provide ancillary services such as reserves and frequency reg-
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ulation capacity [18]. Out of the above-cited market-based assessments, only [8], [10], [17], [18] considered the fastest market
layers. Another limitation is that many previous market-based
assessments either neglect the impact of battery degradation or
treat it as a fixed cost. Similarly, the sizing of battery systems is
often done a priori without explicitly considering market participation. Battery sizes reported in the literature range from 1.5
to 10 hours (of discharge at maximum power) with replacement
times of 5 to 10 years [9], [12]. In California, three recent BESS
installations in Escondidio, El Cajon, and Chino have all been
sized for 4 hours of storage. Thus, there is a need for integrated
design and economic assessment techniques to explore complex
interactions between market participation, degradation, sizing,
and replacement.
This paper presents a unified framework to simultaneously
optimize BESS market participation, power-to-energy ratio, and
replacement strategy. The paper is organized as follows: A detailed review of economic assessment and degradation modeling literature is given in Section II. Section IV presents a novel
multiscale linear programming framework. Section V considers
three case studies: the first explores the impact of degradation
rates on market revenues; the second explores the optimal replacement strategy; and the third quantifies mileage effects. Section VI presents conclusions and Section VII discusses future
work.
II. LITERATURE REVIEW
A. Market-Based Economic Assessments
Walawalkar et al. [19] pioneered optimization-based valuation and comparison of energy storage systems from historical market data. Using data from 2001 to 2005 for the State
of New York, they estimated a mean net present value (NPV)
of $189,000 after 10 years (66% probability of positive NPV)
for a NaS battery with 10 hr storage engaging in energy arbitrage in day-ahead markets. In contrast, they found a mean
NPV of $454,000 (always positive) for a flywheel system with
0.25 hr of energy storage engaging in only regulation markets.
Similarly, Sioshansi and co-workers [20] calculated the value
of energy arbitrage in the PJM market as $60/kW-yr in 2002
and $110/kW-yr in 2005 using 12 hours of storage capacity.
They found significant diminishing returns with over 8 hours
of storage capacity. They also showed that 85% of the maximum available revenue can be realized with simple forecasting
strategies. Using hourly prices from Denmark in 2017, Hu and
co-workers [21] compared polysulfidebromine (PSB) and vanadium redox batteries (VRB) with up to 5 MWh of storage with
1 MW charge-discharge power limit. They found the optimal
size is 2 to 3 MWh for a 14 year payback period (PSB). Using a day/night trading scheme, Oudalov et al. [9] modeled a
10 MW NaS BESS using set purchase ($0.02/MWh) and sale
prices ($0.19/MWh). They estimated a NPV of 90$/kW-year for
a 20-year horizon. Chen and co-workers [10] modeled vanadium
redox batteries in an hourly market designed for small microgrids. Participation using the optimized 40 kW BESS returned
a 426$/kW-yr NPV. Fares and co-workers [16] computed optimal daily charge-discharge schedules for 11 years of wholesale
electricity price data in Texas (ERCOT) and found only 50 days
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TABLE I
BESS ECONOMIC ASSESSMENTS FROM LITERATURE

in which revenue exceeded operating costs. These findings are
consistent with those reported in [17], which determined that
energy arbitrage in California day-ahead market during 2015
only provided $10.5/kW-yr.
Due to the limited revenue available in day-ahead wholesale
electricity markets, recent literature has explored BESS performance, optimal sizing, and economic opportunities in realtime (spot) energy and frequency regulation (FR) markets. Fares
et al. [18] modeled voltage dynamics in vanadium flow batteries and demonstrated the ability to track historic FR signals
from ERCOT. They estimated revenue opportunities of up to
$1500/kW-yr. In contrast, Dowling and co-workers [17] calculated maximum revenue of $200/kW-yr for battery systems
simultaneously performing energy arbitrage and providing frequency regulation capacity in both day-ahead and real-time markets in CAISO. This is almost twice the revenue ($115/kW-yr)
from energy arbitrage alone in the real-time (spot) market. Similarly, Shi and co-workers [22] calculated revenues of $52/kW-yr
for battery systems that simultaneously perform peak shaving
and frequency regulation in PJM. In another study, He and coworkers [12] considered a 30 MW a vanadium redox flow battery participating in all three grid services. Using historical PJM
market data, they determined a market potential of 237 $/kW-yr.
Although the opportunities vary between markets and the year,
the overall trend is that transacting multiple market products
is critical to ensure the financial viability of energy storage.
As shown in Table I, participation in faster markets can enable
greater returns with a smaller storage capacity, which translates
into lower investment costs.
B. Battery Degradation and Aging
Degradation effects are a critical consideration when designing grid-connected BESSs. Typically, degradation is defined in
terms of cumulative (equivalent) full charge-discharge cycles
until failure where the end of life is specified as loss of 50%
to 80% of original storage capacity. This capacity loss is sensitive to several factors including the number and depth of each
charge/discharge cycle, temperature, thermal and mass transport, material properties, and hysteresis. From an operational
perspective, capacity loss from degradation restricts the ability
to fully realize market potential in the later years of service, and
thus it is an important factor to consider in the design and control
process. Preventing a battery from discharging below a certain
state of charge (SoC) will increase the life cycle of the battery

while reducing its functional size; only under certain favorable
market conditions operation at a high degradation is warranted.
There are two broad categories of battery degradation and
aging models. The simplest approach is to monitor cumulative
energy throughput [19], [23]. This ignores factors such as depth
of discharge (DoD), current, ambient temperature and treats
all (dis)charging as equal. Nevertheless, this is thought to be
sufficient for economic assessments with hourly (day-ahead)
markets, which historically exhibit one max and min price peak
per day, and thus most market revenue can be captured with
only one charge-discharge cycle per day. As markets evolve to
incorporate more renewables and energy storage, average price
trends are changing to multiple peaks per day (see Fig. 4 in
[24]). As faster timescales are investigated, however, the cycling
rate increases significantly due to increased volatility. This motivates much more sophisticated nonlinear models to capture how
current, DoD, cycling frequency, temperature and other factors
impact battery health. A popular approach is to apply variations
of the rainflow algorithm to convert time-series SoC data into
many cycles with varying depths of discharge [6], [12], [14],
[25]. See Perez et al. [26] for further review of aging models.
Incorporating complex degradation models into market participation framework requires careful consideration of computational tractability. Because the rainflow algorithm does not
have a closed form expression (it is a procedure), it is difficult
to embed in an optimization formulation to conduct control or
economic assessment tasks. The most ubiquitous approach is to
penalize battery degradation with a cost term in an economic
objective. Here the cost coefficient can be treated as a constant
[13], [27] or calculated offline with a sophisticated degradation
model such as the rainflow algorithm [6], [14], [28]. Recently,
Shi et al. [29] proposed a simplified rainflow algorithm formulation that is convex and proposed a subgradient optimization
algorithm for online degradation penalization. A limitation of all
these penalty formulations is that they do not explicitly consider
lost energy storage capacity as time progresses. This is reasonable for control applications with short time horizons but can
lead to misleading findings for economic assessments that span
multiple years. This same limitation applies to the previously
mentioned energy counting strategies [5], [9]. The constraint
on cumulative energy throughput acts as a proxy for the number of full charge-discharge cycles but does not account for the
reduction in maximum SoC as the battery ages.
To date, only a few studies have considered interdependencies between market participation, battery degradation, optimal
sizing, and BESS lifespan. Perez et al. [30] proposed a two-step
approach. First, market scheduling (optimization) is performed
without considering degradation for a fixed time interval (e.g.,
one week). Then, a detailed simulation is performed to calculate capacity loss from aging. The results are used to reduce
the battery capacity for the next time interval. They repeated
this process for 20 years and conducted sensitivity analysis to
understand how modulating SoC bounds impacted lifetime profitability. Foggo and Yu [31] considered a similar two-step approach with a 1-year horizon for step 1. Using insights from
optimal market participation schedules, they linearize the rainflow algorithm to develop an approximate, constant degradation
cost. They found that explicitly penalizing degradation in the
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market objective (step 1) reduces value loss from battery aging
from 29.1% to only 3.3%. Although insightfully, both of these
studies rely on a heuristic two-step approach and do not fully
co-optimize market participation, degradation, and BESS sizing.
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and down products). We define γ as the mileage multiplier such
that γ < 1 (or γ > 1) indicates that a BESS receives less than
(or greater than) average mileage dispatch.
B. Battery and Degradation Model

III. INTEGRATED OPTIMIZATION FRAMEWORK
Dowling and coworkers [17] recently proposed a framework
to identify optimal participation strategies in multiscale and
multiproduct electricity markets. Their modeling abstraction is
general and can be coupled with physical system models to analyze different technologies. In this work, we tailor this framework to study the effects of degradation, replacement strategy,
and mileage payments on market revenue.

energy purchases

Δt
+ −
η







E ,t

∈L

1/η − + η +
− Δtξmt
2

(3)

energy sales

We start by describing the component of the market participation model that interface with the battery model. For the
full details of the market model, the reader is referred to Ref.
[17]. We define the sets of time intervals T := {1, . . . , N }
where  indicates the market layer and  ∈ L := {3, 2, 1, 0}.
Let Δt denote the length of the time interval in layer  ∈ L
(units of hours). For markets in CAISO, N1 = 24 (Δt1 = 1
hour), N2 = 4 (Δt2 = 15 min.), and N3 = 3 (Δt3 = 5 min.).
The lexicographic time set:
T ∗ := T|L| × · · · × T2 × T1 × T0
= {(1, 1, 1, 1), (2, 1, 1, 1), . . . , (N3 , 1, 1, 1), (1, 2, 1, 1),
. . . , (N3 , N2 , 1, 1), . . . , (N3 , N2 , N1 , N0 )},

(1)

captures the hierarchical nature of the time discretization.
Lexicographic time sets for individual layers are similarly
defined: T3∗ := T ∗ , T2∗ := T2 × T1 × T0 , T1∗ := T1 × T0 , and
T0∗ = T0 . Thus, an instance in time t is defined by the tuple (i3 , i2 , i1 , i0 ) such that (i3 , i2 , i1 , i0 ) ∈ T3 , (i2 , i1 , i0 ) ∈ T2 ,
and so on. We use Ē,t and E ,t for t ∈ T to represent the
energy sales and purchases, respectively, for market layer .
Similarly we use Aa,,t to represent ancillary service capacity sales, where a ∈ A := {s, n, r+ , r− } (for spinning reserves,
non-spinning reserves, regulation up, and regulation down). The
set R := {r+ , r− } includes only regulation ancillary services,
i.e., R ⊂ A. All energy and ancillary service capacity variables
are scaled by the maximum power rating Λ (units MW), such
that 0 ≤ Et , Ē,t , E ,t , Aa,,t ≤ 1 holds. This ensures the market model remains well-scaled for arbitrary system sizes and
implies that Et , Ē,t , E ,t , Aa,,t have units MW/MW. The total market revenues, denoted by R, are calculated as follows:



E
Ē,t − (1 + π ) E ,t
R=Λ
Δt π,t
∈L t∈T



  M

A
πa,,t
πa,t μa,t γ Aa,,t
+
Aa,,t +
a∈A

∈L

mileage

A. Multiscale Market Model

E
A
M
, πa,,t
, πa,t
where π,t

We model the evolution of state of charge S as:



+
Ē,t
St − St−1 = η Δt

(2)

a∈R

are the time-vary prices for energy capacity, ancillary service capacity, and mileage capacity (FR only),
and π is a small number (e.g., 10−6 ). CAISO publishes timevarying, system-wide average mileage dispatch (denoted as μt )
in terms of total miles per total FR capacity (delineated by up

where η + and η − are the charge and discharge efficiencies,
respectively, S0 is the initial storage level t = (0, . . . , 0, n) and
final storage level t = (N , . . . , N1 , n) imposed at the end of
each night, and S is the storage capacity. In the case studies,
we consider NaS batteries
with a round trip efficiency of 70%
√
(η + = η − = 0.83 ≈ 0.7) which reflects an intermediate value
from literature [5], [7]–[9], [13], [27], [32]. The FR mileage
provided by the battery mt is calculated as:





mt = γ
μa,t
Aa,,t
(4)
a∈R

∈L

The first two terms in Eq. (3) capture energy flowing into and
out of the BESS due to energy purchases and sales, respectively,
during the time interval (t − 1, t]. The final term captures energy
lost from the additional cycling needed to follow the FR signal
(i.e., to provide mileage). Without knowing the specific FR signal, it is impossible to precisely calculate this energy penalty.
Instead, parameter ξ in Eq. (3) captures the two extremes. In
the best case, as shown in Fig. 1, the FR signal does not cause
the net power to change signs and there is no additional cycling
between charge and discharge modes. When this occurs, there is
no energy penalty for providing mileage and ξ = 0. In the worst
case of ξ, the FR signal requires maximum switching between
charge and discharge modes and all miles incur a charging or
discharging efficiency penalty. This is a consequence of the constant charge and discharge efficiency assumption. As such, all
of the mileage is penalized by the efficiency when ξ = 1. In
the case studies, we conduct sensitivity analysis of ξ and γ on
optimal market participation strategies and revenues.
Our degradation model has several key differences from others in the literature. Penalizing degradation cost in an economic
objective can limit excessive operation at low SoC in the short
term, but fails to consider lost capacity in later years of operation. Recent work shows that a penalty formulation with
online cost calculation via a simplified rainflow algorithm is, in
fact, convex, enabling computationally efficient optimal control
strategies [29]. It is not clear, however, how to extend this finding
to develop a convex formulation for long-term capacity loss (i.e.,
a constraint instead of an objective penalty). Instead, we assume
that degradation is proportional to the total energy throughput
in the battery lifetime. Let Ct track the total cumulative energy
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ing δ is constant. As a result, these equations are linear which
enables efficient large-scale optimization strategies. Considering a 20-year investment horizon with a 5-min time-step (to
match the fastest market layer) results in millions of decision
variables and constraints. Including correlations to capture how
δ varies with temperature, DoD, SoC, and other factors would
introduce a bilinear term into (7) and make the formulation
nonconvex. For NaS batteries, degradation rates in literature
range from 2500 [7]–[9], [11], [15], [27], [32], [34] to 5000
[9], [11], [27] cycles to failure, with failure ranging from 50%
to 80% loss of the original capacity. As a nominal case, we
consider failure as 80% loss in original capacity and assume
Nfail = 3800 and δ = 0.8/Nfail = 0.8/3800 which is predicted
by the empirical correlation of Rodrigues et al. [5] with 100%
depth of discharge. Our selection of a NaS battery circumvents
some degradation temperature effects because these systems
are maintained at an elevated temperature, which is accounted
for in battery maintenance cost. For lithium-ion batteries, Perez
et al. [30] found temperature affects only reduced revenue by
≈3%. Furthermore, factors such as C-rate and temperature are
controlled in grid storage applications, and the most important
factors of degradation such as DoD[22] are treated as worst case
scenarios. Because many cycles will not result in full discharge,
our degradation model is conservative as it prematurely reduces
the BESS capacity.
To summarize, by assuming constant degradation rate δ, we
are able to co-optimize battery design and market participation
while explicitly considering capacity loss over many years. We
emphasize this capability is new and not available with standard
economic penalty approaches. Refinements to the degradation
model are discussed as future work.
C. Design and Replacement Strategy

Fig. 1. The energy penalty for FR mileage depends on how much additional
switching between charge and discharge modes is required to follow the FR
dispatch signal.

We consider the maximum capacity of the battery S as a
decision variable and maximize the NPV of a BESS investment.
The investment cost I is calculated using the correlation from
Dicorato et al. [8] and currency conversion factor of .802 EUR
per USD:
I = (aΛ + bS)

throughput from time 0 to t:
Ct − Ct−1


1 +
s + s−
=
t + Δtξmt ,
2 t

(5)

−
where slack variables s+
t and st represent energy in and out of
the BESS during timestep t:






Δt
−
+
Ē,t + −
E ,t . (6)
s+
t − st = η Δt
η
∈L

∈L

The accumulated energy throughput bounds SoC:
0 ≤ St ≤ (S − δCt ),

(7)

where the parameter δ captures the degradation incurred from
one equivalent complete charge and discharge (i.e., Cj − Ci =
2S̄). It is well known that degradation has a nonlinear dependence on temperature, SoC, DoD, charge rate (C-rate) and other
factors [30], [33]. Eqs. (5)–(7) neglect these effects by assum-

(8)

This model assumes that costs scale linearly with storage capacity S̄ and maximum power Λ and are not influenced by the
degradation rate δ or other performance parameters. The more
complex optimization of choosing between different available
battery technologies with unique costs and performance characteristics is left as future work.
Net present value (NPV) is a popular economic metric that
balances investment cost and future revenues:

y
Y 

1+i
(Py − πi Λ) − I
(9)
N P VY =
1+r
y =1
where Y is the BESS replacement (i.e., investment) horizon in
years, i is the inflation rate, and r is the discount rates. The
operational cost πi and Eq. (9) are taken from Dicorato et al.
[8]. Equivalently, if i = 0 then r becomes the real discount rate.
The net revenue Py for year y comes from disaggregating the
summations in Eq. (2) into individual years.
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D. Formulation and Implementation
An investor seeks to determine the optimal battery storage
size S̄ and market participation strategy (Ē,t , E ,t , A,t ) that
maximizes the NPV over Y years. Mathematically, this can be
formulated as linear program (OPT1):
maximize
s.t.

NPV

Eq. (9)

Battery physics

Eqs. (3)–(7)

Market rules

Ref. [17]

Revenues and costs

Eqs. (2) and (8)

We note that degradation costs are implicitly captured in declining maximum SoC from (5)–(7). As such, it is redundant to
also add a degradation cost term in the objective.
Public historical data for CAISO (http://oasis.caiso.com) durE
A
M
ing 2015 are used for the market prices π,t
, πa,,t
, πa,t
and
mileage dispatch μt , which are input data for (OPT1). These
data are treated as known a priori (perfect information) and not
impacted by BESS market participation (price-taker), both of
which are common assumptions in technoeconomic assessments
[19], [20]. Multiyear horizons are considered by replicating the
historical data for 2015. We previously reported timeseries analysis and descriptive statistics of this dataset [17], [35]. Parameters η + , η − , δ capture the battery physical limitations and parameters ξ, γ tune the FR signal. Problem (OPT1) is large-scale and
is implemented in the Julia programming language [36] using
the JuMP modeling environment [37] and is solved with Gurobi
[38]. Problem (OPT1) defined over a 5-year horizon has 7.32
million constraints, 5.83 million variables, and solves in 3.28
hours (average). For a 20-year investment horizon, the problem
has 29.3 million constraints, 23.3 million variables, and solves
in 7.36 hours (average). In the following case studies, several
variants of (OPT1) are considered (e.g., different values of ξ or
γ). Each instance is independent and was solved in parallel on a
multicore machine. In Figs. 4 and 5, for example, 48 instances
of (OPT1) were considered with 1-year to 20-year investment
horizons. If performed in serial, computations would have required 155 CPU-hours but were actually done ten-fold faster
due to parallelization. Our computer code is publicly available
at https://github.com/adowling2/multiscale-energy-markets.

Fig. 2. Comparison of NPV after fives years for 24 scenarios. The choice of
market layer and products can increase NPV 4- to 5-fold, which far outweighs
the effects of degradation. See Conclusion A2 for discussion of negative NPV.

Fig. 3. Comparison of optimal battery size S̄ for 5-year investment horizon
for 24 scenarios. Participating in ancillary service markets justify up to 3 times
greater capacity.
TABLE II
IMPACT OF DEGRADATION RATE ON MARKET PARTICIPATION

IV. RESULTS AND DISCUSSION
We use (OPT1) to quantify the influence of market products,
degradation rate, replacement strategy, and mileage payments
on the optimal sizing of NaS batteries in three case studies.
A. Battery Degradation Sensitivity
We first consider the impact of degradation rate δ on the maximum NPV over a 5-year investment horizon. Nfail = 3, 800 represents the nominal degradation rate for current NaS systems,
which we consider as the medium case (blue). We also consider
an order of magnitude faster degradation (Nfail = 380, high case,
green), order of magnitude slower degradation (Nfail = 38, 000,
low case, red) and no degradation (Nfail = ∞, none case, grey).
We emphasize that δ is related to the number of average

cycles to failure and thus is easy to interpret. We expect the
order of magnitude sensitivity analysis to elucidate meaningful
trends even considering the simplified degradation model (e.g.,
no DoD, temperature, C-rate, etc. effects). Figs. 2 and 3 show
the optimal NPV and storage size for the 24 instances of (OPT1)
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considered. The four bar colors/shades correspond with different degradation rates. Each subgroup of four bars corresponds
to the market products transacted: energy only or energy and ancillary services (E & AS). Each group of eight bars corresponds
with market layers considered: day-ahead only, real-time only,
or both. From these results we draw the following conclusions:
Conclusion A1: When transacting in the day-ahead market,
all revenues come from ancillary services. Energy sales and
purchases help maintain SoC levels. When transacting in both
markets (day-ahead and real-time), revenues increase by a factor
of 3. This is in part because real-time prices are more volatile,
making energy arbitrage profitable. The MW of ancillary services provided also increases by over 3 times. This is likely
due to a combination of factors including larger optimal battery
capacity and the SoC trajectory from arbitrage enables more
ancillary service sales.
Conclusion A2: Buying/selling energy in the day-ahead market does not justify investing in a NaS battery. Problem (OPT1)
assumes a battery is always built (with Λ = 1 MW) and thus
investment cost in Eq. (8) is positive even with S̄ = 0, which
explains the negative NPV in Fig. 2.
Conclusion A3: Degradation caused only 20% loss in NPV
between the two most extreme cases, high and no degradation.
This suggests that the economic benefits of degradation-free
battery materials are rather limited. In contrast, new control
strategies that facilitate multiproduct and multiscale market participation can provide a 4- to 5-fold increase in NPV compared
to only participating in the DAM.
Conclusion A4: Degradation affected the optimal capacity by
a factor of about 5% for low to medium degradation models,
while the market mode (i.e., add ancillary service sales) causes
a 2- to 4-fold change in optimal capacity. However, due to the
many degrees of freedom available, degradation effects can be
compensated for with proper sizing of the battery, as seen in the
sensitivity of NPV as a function of degradation (Fig. 2). Even
though the capacity of the batteries increases by a factor of up to
3, these results are much smaller than those previously reported.
Oudalov and co-workers show that using a 10 MW, 10 h NaS
battery providing only FR will break even in 5 to 10 years [9],
whereas He and co-workers call for a 30 MW, 1.5 h battery for
a 10-year lifetime [12].
Conclusion A5: We observe that adding ancillary service sales
increases the optimal battery size by a factor of 2 to 4. Yet frequency regulation signals are often zero-mean and thus one may
expect a smaller energy storage capacity is needed to provide
ancillary services. Further examination shows that, for a fixed
battery size, adding ancillary services causes the energy net revenue to decrease by 5 to 10% but the total revenue increases by
a factor of 2. Thus, by transacting all market products a BESS
owner can afford a larger battery.
Conclusion A6: Intuitively, one would expect a battery with
a high rate of degradation would require a larger initial size to
compensate for the degradation-based capacity loss. Our results
suggest that, with a judicial control strategy, this is not the case
and almost the same market potential can be realized.
Summary: These results place a high value on a precise control strategy to maximize profit, as opposed to a low degradation

Fig. 4. Profit per year monotonically increases with replacement horizon
length. Maximum possible revenue assumes free storage capacity and (7) becomes 0 ≤ S t .

battery. Our results are also consistent with those of Foggo and
Yu [31], who found that approximately 29.1% of BESS value
is lost due to degradation; however, by explicitly considering
degradation when optimizing market participation strategies,
this loss can be reduced to only 3.1%. We highlight, however,
that understanding and predicting degradation is a critical component in the control strategy. For example, Xu and co-workers
showed that using an accurate degradation model in the control
strategy dramatically improves the life expectancy and profitability of the battery [39].
B. Battery Replacement Strategy
Next, we investigate the optimal battery replacement strategy.
We seek to balance the revenue benefits from aggressive cycling
against replacement costs by considered multiple instances of
(OPT1) defined over different replacement horizons from 1 to
20 years. Special care is required to maintain consistency when
comparing NPV results over different time horizons. Recall that
N P Vn is the objective of (OPT1) for a replace every n years
strategy. After n · m years (which
m replacements), the
 −1 requires
1+i i·n
(
)
.
This formula allows
cumulative NPV is N P Vn m
i=0 1+r
us to compare N P Vn and N P Vm at year n · m. For multiway
comparisons, we define profit per year (PPY):
P P YY = 
Y

N P VY

y −1

y =1

1+i
1+r

(10)

P P YY is interpreted as the necessary NPV for an equivalent
system that is replaced every year but gives cumulative N P VY
after Y years. Figs. 4 and 5 compare replacement strategies from
1 to 20 years for the four previously mentioned degradation
cases. Full market participation is assumed for this analysis.
For each instance of (OPT1), we maximize NPV to mimic the
decision-making process of an investor and then calculate PPY.
We draw the following conclusions:
Conclusion B1: Considering the replacement horizon when
sizing the battery is important as the optimal capacity may increase as much as 20% if the replacement horizon is changed
from 15 to 20 years (approximate life of a NaS battery). Economic returns increase with longer horizons. While we do not
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Conclusion C2: Under nominal conditions (ξ = 0), the
mileage multiplier has the potential to increase the NPV by
as much as 81% and BESS capacity by up to 136%.
Summary: The results suggest that both NPV and the optimal
battery size are most sensitive to the mileage multiplier (γ) but
only sensitive to mileage degradation (ξ) when γ > 1. This emphasizes selecting an appropriate mileage multiplier by further
analyzing the frequency market data (e.g., likelihood of bids
acceptance) for detailed BESS design calculations. Moreover,
the results found in the previous two sections are conservative
estimates of market potential as BESS systems often provide
more than average mileage.
Fig. 5.

Optimal battery size also increases with replacement horizon length.

V. CONCLUSIONS AND FUTURE WORK
TABLE III
DIFFERENCE IN NPV AND OPTIMAL SIZE RELATIVE TO THE NOMINAL
REFERENCE CASE WITH γ = 0 AND ξ = 0

expect this trend to continue indefinitely, the optimal replacement time is clearly greater than the BESS shelf life.
Conclusion B2: The trend of selecting a smaller battery based
on greater degradation is consistent over long horizons. The
reduced cost of a smaller battery offsets the reduced storage
capacity for trading.
Conclusion B3: On a long enough horizon, we expect a battery with zero degradation to reach an optimal capacity. The
maximum possible revenue, shown in Fig. 4, was calculated by
setting investment costs to zero and solving a simplified version
of (OPT1) without bounds on S to model a battery with infinite
storage capacity.
Conclusion B4: The remaining battery capacity after the 20year investment horizon is 16% (medium degradation), 21%
(high) and 46% (low). For some battery chemistries, this is in
the so-called “death region” where a battery rapidly degrades.
To avoid this, (OPT1) can be augmented with S̄ − δCt f ≥ κS̄
where tf is the final time step and κ is a minimum remaining
capacity threshold (e.g., 10%) which depends on chemistry.
Summary: The results suggest that a longer horizon equates to
greater annual profits. The optimal replacement strategy is limited by the shelf-life of the battery. While the longer horizons
require a larger battery, the increased trading capacity compensates for the increased cost of a larger BESS.
C. Impact of Mileage Parameters γ and ξ
Finally, we consider the sensitivity of NPV to variations in the
mileage multiplier γ and mileage degradation factor ξ parameters. These parameters account for the lack of resource-specific
FR signals from CAISO. From Table III we observe:
Conclusion C1: Under nominal conditions (γ = 0) the
mileage degradation factor ξ had no impact.

This paper explores the economics of using batteries to balance electrical demands from the perspective of an energy producer. We have found that full multiscale and multiproduct market participation increased NPV by four to five times compared
to energy arbitrage in the day-ahead market. Moreover, the results emphasize that the many degrees of freedom in electricity
market participation allows near full realization of such economic potential if judicial control is implemented. Our findings
also show that even dramatic improvements in battery degradation rates may only capture about 20% greater NPV. The
importance of a robust degradation model, however, is highlighted when sizing the battery, which may call for a capacity
that is up to two times larger, and determining a replacement
strategy. Currently, replacement is determined by the shelf life
of the batteries, as a longer replacement horizon improves the
economics. However, an optimal replacement strategy may exist as battery shelf lives are improved. We also find that many
studies overestimate the optimal energy-to-power capacity of a
BESS by as much as 20-fold.
Several improvements could be made to the proposed optimization framework. A more accurate and complex degradation
model, such as a rainflow algorithm, is important to actually
capture trade-offs between market participation, sizing, and economics. Computational tractability limits the use of said models
in long-term planning horizons. A key challenge is extending recent advances in convex online penalty formulations to develop
convex capacity loss constraints similar to Eq. (7). Likewise,
piecewise linear degradation rates should be explored to capture
different aging rates such as the so-called “death region” where a
battery rapidly degrades at end of life. Alternately, parallel optimization solvers and decomposition strategies could address the
computational limits of (nonconvex) complex degradation models. Using a rainflow algorithm or similar model also requires
more detailed specification of battery chemistry and transport
properties as well as frequency regulation signals from the grid.
The latter would necessitate expanding to seconds timescale
and motivates new multiscale optimization paradigms. Likewise, uncertainty quantification methods can be employed to
predict market trends (i.e., revise the price-taker assumption)
and developed probabilistic price forecasts. This would enable
more realistic stochastic control strategies, as opposed to the
deterministic formulation presently considered.
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