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ABSTRACT

•  The paper compares different battery degradation models in power system optimizations and summarizes how they suit different 
battery technologies and configurations.
•  Calendar degradation is the dominant factor affecting battery life expectancy in grid applications; higher cycle life and a more accu-
ratedegradation model provide better revenue, but the improvement in the life expectancy is not significant.

Battery energy storage is critical to decarbonizing future power systems, and the cost of battery degradation within power system operations is 

crucial to ensure economic utilization of battery resources and provide a fair return to their investors. Power system operators dispatch assets 

by solving optimization problems of extreme complexity that include thousands of generators and transmission lines, and degradation models 

to be incorporated into power system optimization must be efficient to compute while capturing key degradation factors relevant to grid opera-

tions. This paper will compare various degradation models that are incorporable into power system optimization; each has different computation 

complexities and modeling focuses. This paper will summarize the pros and cons of different models, and how they may suit different battery 

technologies or configurations. Besides modeling, the paper discusses the opportunity cost of degradation and the battery warranty terms, 

both will impact the design and implementation of degradation models in power systems. The paper summarizes the comparison and future 

directions for designing degradation models for grid-scale batteries.

Keywords economics · energy storage · modeling · sustainability

Discussion

• Power system operators are currently experiencing computation 
difficulties when incorporating battery models into dispatch opti-
mization; adoption of more accurate battery degradation models 
improves battery utilization and economic returns but must over-
come computation challenges to meet power system operation 
timelines.

• Non-modeling factors including degradation opportunity costs and 
warranty support are crucial factors to facilitate the adoption of 
battery degradation in power system operations.

• Bench marking with existing lithium-ion battery technologies, 
increasing calendar life may provide a better value proposition for 
developing future long-duration storage technologies, compared 
to increasing cycle life. Comprehensive economic assessments on 
cycle and calendar life characteristics should be incorporated into 
future battery developments.
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Introduction
Battery energy storage is one of the most exciting develop-

ments in power systems over the past decade, and is becoming 
a crucial decarbonization resource as batteries can charge from 
renewable resources and discharge to replace thermal genera-
tions.1, 2 Successful use cases of grid-interactive battery projects 
have been deployed across the world, addressing one or multi-
ple power system services, including integrating intermittent 
renewable energy, enhancing grid reliability and security, and 
reducing the total power system operating cost.3,4 Business mod-
els for grid-interactive batteries are undergoing rapid develop-
ments, with new regulatory supports that promote large-scale 
battery deployments in grid applications.5, 6

Batteries consume no fuel to generate electricity and have 
negligible O&M costs.13 However, batteries cannot charge and 
discharge indefinitely due to their capacity degradation mecha-
nisms,14 which reduces the battery’s remaining energy capacity 
and service lifetime. Battery owners can choose either to ignore 
battery degradation, with the risk that the battery reaches its 
end-of-life after two or three years of service, or to incorporate 
the degradation model into operation optimization, which trades 
off the application utility/revenue with the reduction rate of 
battery lifetime, making less daily revenue but significantly 
prolonging the battery lifetime.10 Environmental sustainability 
is another cause for limiting battery degradation rates in grid 
operation, as many battery compositions require rare materials 
such as nickel and cobalt,15 while the health and environmental 
impact of mining and recycling of these rare materials have not 
been fully factored into the battery cost. Therefore, even eco-
nomically viable batteries should not be regarded as consuma-
bles but should be carefully managed to maximize their lifetime 
utilization.

Modeling battery degradation is sophisticated as degra-
dation originates from various processes and their interac-
tions.14. Plenty of studies have taken the perspective of battery 
owners to incorporate degradation into different grid-scale 
applications with models of various computation complexities. 
Incorporating degradation models significantly improves the 
battery lifetime expectancy and provides better investment 
returns. A more sophisticated model provides better mode-
ling accuracy, which improves the optimality of the operation 
planning, but is also more computation demanding.16 Private 
battery operators may use more accurate and complex battery 
degradation models to optimize battery operation considering 
one or more applications. Many studies incorporated nonlin-
ear battery degradation models and solved the optimization 
problem using particle swarm or other similar heuristics evo-
lutionary optimization algorithms.17–24 Heuristic methods 
offer good computation speed against nonlinear models but 
do not provide optimality insights over the solution quality. 
Dynamic  programming25–27 is another candidate for solving 
nonlinear degradation models but requires a careful approach 
to avoid the exponential state complexity.28 A comparative 
study shows that a nonlinear physics-based model based on 
a single-particle model could improve battery revenue by up 

to 20% while simultaneously decreasing degradation by 30% 
compared to a linear energy-throughput degradation model. 
The physics-based model was solved using a nonlinear opti-
mization solver, and the computation speed is 10,000 times 
slower.8,29 Figure 1 provides a comparison of representative 
degradation models from literature in terms of their accuracy 
and complexity.

Consideration of battery degradation depends on the organ-
ization of the power system. In regions with bilateral electricity 
markets such as Europe, storage owners have a wide degree of 
freedom to optimize market transactions, especially utilizing 
intra-day markets,30 to manage battery degradation. Com-
parably, in centralized electricity markets, including most 
regions in North America,31 independent system operators 
perform centralized optimizations to match electricity supply 
and demand subjecting to transmission network constraints. 
Incorporating the degradation model into bulk power system 
optimization is therefore critical to ensure batteries are eco-
nomically dispatched with other grid assets in these markets. 
Still, the model must be simple enough not to jeopardize the 
optimization computation speed. Battery owners have a sig-
nificant degree of freedom in choosing the complexity of the 
degradation model when optimizing their battery systems, as 
these problems only consider a single or a few batteries, which 
are unlikely to cause computation challenges. Comparably, a 
real-scale bulk power system problem may include hundreds or 
even thousands of generators, transmission lines, and demand 
nodes. Slight increments in model complexity, such as adding 
storage state-of-energy constraints, may increase the solution 
difficulty significantly. A MISO (Mid-continent Independent 
System Operator)32 case study shows including around 150 
linear energy storage models could increase the solution time 
of unit commitments by more than 100%, especially in hard 
cases; the average computation time increased from 1,010 sec-
onds to 2,224 seconds, which exceeded the 20 min unit com-
mitment solution deadline in MISO. A similar study using the 
NYISO (New York Independent System Operator) system,33 
one of smaller scale compared to MISO, also shows including 
more than 100 linear storage models will double the unit com-
mitment solution time.

Battery degradation models for bulk power system optimi-
zations must be formulated into linear or mixed-integer linear 
programming models. Bulk power system optimizations include 
unit commitments and economic dispatches. Unit commitment 
models use mixed-integer linear programming to optimize the 
scheduling of generators in the power system ahead of the oper-
ating day based on forecast system demands, integers are primar-
ily used to model generator start-up and shut-down logic, while 
other factors are formulated into linear cost terms or constraints 
such as generator cost curves, nodal power balances, and trans-
mission line limits. Economic dispatch uses linear programming 
to dispatch resources during real-time operations based on gen-
erator commitment results,31 although sometimes integers may 
be used to model non-convex combined-cycle generator cost 
curves.34 Hence, battery degradation models must be described 
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using linear cost functions and constraints to be incorporable 
into these optimizations, integer terms may be included but they 
will reduce the computation speed significantly.

Facilitated by FERC (Federal Energy Regulatory Commis-
sion) Order 841,35 all power system operators in the United 
States are exploring options to better address battery physical 
and operational characteristics in dispatch optimization and 
market clearings. Factoring degradation into the cost objective 
function is one focus,36 system operators, including California 
Independent System Operator (CAISO), are actively seeking 
ways to better address battery degradation in their market settle-
ment models.7 This article introduces a few battery degradation 
models formulated using linear programming or mixed-integer 
linear programming. Some are currently being implemented by 
power system operators and summarize existing obstacles and 
future directions on degradation modeling. Sample cost curve 
and formulation in a price arbitrage example will be provided for 
each model. We will also address the importance of identifying 
the correct opportunity cost of degradation and non-technical 
barriers in modeling battery degradation in power system appli-
cations. We conclude the paper by proposing future directions 

for facilitating battery degradation models in power system 
operations.

Energy-throughput model
The first and the simplest battery degradation model is the 

energy-throughput model. This model is motivated by modeling 
battery capacity degradation as a proportional relationship 
to energy throughput—the amount of energy cumulatively 
charged and discharged from the battery. An alias to the energy-
throughput model is the equivalent full-cycle model, which uses 
energy that fully cycles a battery as a unit for measuring energy 
throughput. Energy throughput is widely used for defining 
battery warranties, and the cost of degradation can be calculated 
conveniently using cost amortization. For example, if a battery 
has a rated lifetime of 3000 equivalent full cycles and the pack 
replacement cost is $150/kWh, then, a 1 MWh battery capacity 
can provide 3000 MWh of lifetime energy throughput, divide 
this value by the battery pack cost and the energy throughput 
cost becomes $50/MWh.

Figure 1.  An overview of some representative battery degradation models from literature and a comparison of their accuracy and computation 
complexity.7–12 Bidding models are the simplest and do not model battery state-of-energy constraints. Energy-throughput models include the state-of-energy 
constraint and assume a constant rate of degradation with respect to battery energy throughput. The power degradation model assumes degradation rate 
increases with higher power or C-rate. Cycle-based degradation models reflect differences in degradation rate due to SoE levels and cycle depths. Cycle-
based degradation models are formulated into linear or mixed-integer linear forms depending on the linearization technique. Equivalent circuit models 
capture the impact over current and voltage, while single-particle models will capture detailed degradation processes, including SEI film formation and crack 
propagation. Equivalent circuit models and single-particle models are nonlinear models and require specialized nonlinear solvers. In this paper, we will focus 
on linear programming and mixed-integer linear programming models that are incorporable into bulk power system optimizations.
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The following equation summarizes the energy-throughput 
degradation model:

that the change in the remaining capacity �C  has a linear rela-
tionship with a coefficient α to the total energy charged pt and 
discharged qt into the battery. An example implementation using 
price arbitrage is listed as follows 

 in which �t is the electricity price, pt is the discharged energy 
and qt is the charged energy during each time step, c is the cost 
of degradation, and et is the stored energy in the battery. Note 
that for the convenience of modeling, we impose all degrada-
tion cost over the discharged energy which resembles the gen-
eration fuel cost, but this cost can also be shared by charge and 
discharge power if necessary. (2b) models the battery power rat-
ing P and (2c) models the energy rating. (2d) models the SoE 
evolution subjecting to efficiency η. Figure 2 shows the cost curve 
developed using the energy-throughput model. The y-axis is the 
price (also called the marginal cost) to charge or discharge the 
battery due to battery degradation, in unit of dollars per MWh. 
This model represents that the cost of degradation is indiffer-
ent to the power magnitude or depth of discharge. The battery 
will always try to perform a full cycle when the marginal benefit, 
such as price arbitrage profit, surpasses the marginal cost of 
degradation.

The advantage of the energy-throughput model is its simplic-
ity. The model only requires a single cost term in the objective 
function and the state-of-energy evolution constraint (2d) which 
models the change in the stored energy due to charge and dis-
charge efficiencies, which is mandatory to model storage opera-
tion. The energy-throughput model does not use any additional 
auxiliary variables or constraints to model degradation, differ-
ent from the more complex piece-wise linear models that will be 
introduced later in this paper.

The energy-throughput model is often the first choice when 
trying to model battery degradation in power systems. It has 
been extensively explored in battery integration  studies37–40 
and is exceptionally efficient to compute. In terms of accu-
racy, this degradation model is more applicable to batteries 
that are not sensitive to C-rate or depth of discharge, such as 
long-duration (low power rating) vanadium redox flow batteries 
and lithium iron phosphate (LFP) batteries. This model will be 
less accurate for batteries whose degradation rate has a strong 
dependency on the depth of discharge or output power, such 

(1)�C = α
∑

t

(pt + qt ),

(2a)min
pt ,qt ,et

∑

t

�t (pt − qt )+ cpt ,

(2b)
subjects to

0 ≤ pt , qt ≤ P
,

(2c)0 ≤ et ≤ E ,

(2d)et − et−1 = qtη − pt/η ,

as lithium-nickel-manganese-cobalt-oxide (NMC) or lead-acid 
batteries.41,42

Required by FERC Order 841, system operators in the United 
States are currently incorporating energy-throughput models into 
their day-ahead unit commitment optimizations, which optimizes 
the scheduling of all generation resources a power system over a 
horizon of 24 h. Yet, including energy storage into unit commit-
ment optimizations increased the computation time dramatically. 
A case  study32 using MISO system (covering 15 U.S. states from 
Louisiana to North Dakota and the Canadian province of Manitoba) 
shows that including a battery energy storage model in day-ahead 
unit commitment would increase the computation time by more 
than 100% from around 1,000 seconds to more than 2200 seconds, 
which exceeded the 20-minute day-ahead market clearing time 
allowance. Another  study33 using the NYISO system shows a simi-
lar magnitude of computation time increase in unit commitments 
when incorporating energy storage models. However, it is worth 
noticing that the primary cause of the increased computation speed 
is due to modeling the state-of-energy constraint (2d), which intro-
duces strong inter-temporal coupling to the optimization, despite 
this constraint is indispensable for the energy-throughput model or 
other more sophisticated degradation models.

Bidding model
The motivation of the bidding cost model is not to better 

model battery operation or degradation, but because this model 
is the easiest to implement in power system dispatch software. 
The bidding model treats energy storage as a combination of a 
generator and a flexible demand. The storage submits a genera-
tion bid indicating price levels above which the battery is will-
ing to discharge, and demand bids indicating price levels below 
which the battery is willing to charge. Storage owners can update 
bids an hour ahead based on recalculated market values. As 
shown in Fig. 3a, the model includes a higher discharge bid and 
a lower charge bid. If the market price rise above the discharge 
offer, the battery will discharge energy into the grid; if the price 
drops below the charge bid, the battery will charge from the grid; 
if the price falls between the discharge and charge bids, the bat-
tery will remain idle and do nothing.

Figure 2.  Energy-throughput degradation cost model.
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The idea of the bidding model is to let the storage owner 
design bids based on their own predictions of future market 
prices and knowledge about the storage model. These bids 
should capture both the opportunity to charge or discharge in 
order to maximize the market profit, but also capture the phys-
ical characteristic of the storage technology such as efficiency, 
energy capacity, and degradation.44, 45 The bidding design 
problem only considers single storage and therefore is much 
simple in scale compared to power system dispatch, making 
it possible to incorporate a more accurate and sophisticated 
battery model.46,47 In terms of degradation, the gap between 
the discharge and charge bids should be no smaller than the 
cycle degradation cost of the battery, so that the battery will 
recover this cost. Of course, the owner can further increase the 
bid gap to better capture price peaks and valleys when prices 
are volatile. Figure 3b shows the average day-ahead battery 
bids and nodal prices in California ISO from Q3 2019 to 2020. 
In the figure, the minimum gap between charge and discharge 
bids is around 20$/MWh which is likely driven by the battery 
degradation cost, but the gap grows larger, especially during 
2020 Q3 and Q4 possibly to better capture discharge oppor-
tunities with increased price volatilities.

The advantage of the bidding cost model is that it relieves 
the system operator from modeling the physical characteris-
tic of energy storage, especially the state-of-energy constraint 
which is the major contributor to increasing unit commitment 
solution time by folds as mentioned in the previous section. 
Without needing physical parameters, the bidding model is 
also suitable for battery aggregations or virtual power plant 

that does not have a specific single unit model. An example 
implementation using price arbitrage of the bidding model is 
listed as follows 

Note that this model does not model battery SoE at all. cp rep-
resents the discharge bid and cq represents the charge bid, the 
charge bid is incorporated as a negative value to model the will-
ingness to consume. The bidding cost model does not require 
new modules in the dispatch software but simply combines two 
existing models: generator and flexible demand. The bidding 
cost model also allows storage to be economically dispatched in 
real-time markets since most systems clear the real-time market 
considering only a single-time period. While some operators like 
 CAISO48 and  NYISO49 have incorporated a look-ahead of around 
1 h into their real-time dispatch for better modeling ramping and 
start-up constraints as the system become more volatile due to 
increased renewable penetration, this is insufficient to capture 
the daily charge, and discharge opportunity for storage as the 
peak prices usually happens in late afternoons while the val-
ley prices in the morning. Therefore, by letting storage owners 
design bids based on their own expectations of future prices, the 
system operator can decide when to charge or discharge storage 
based on submitted bids along. Currently, all system operators in 
the United States have implemented the storage bidding model 
in response to FERC Order 841 [4], which allows storage to bid 
as a combination of generator and flexible demand.

The disadvantage of the bidding model is also obvious: the 
model is a less accurate representation of battery energy stor-
age because of neglecting the SoE constraint. The value of bids 
must be designed just right for the battery to capture the right 
charge or discharge opportunities. For example, a discharge 
bid too high will cause the battery not to be dispatched during 
peak demand periods, while a discharge bid too low will cause 
the battery to discharge too early and with no more energy to 
provide during system peaks. Without modeling the battery 
SoE constraint, system operators may overcharge or discharge 
a  battery50, forcing the battery to deviate from system dispatch 
commands. As a result, the bidding model may provide lower 
profit for the storage owners and lower utilization to reduce sys-
tem operating costs.

Power degradation model
The power degradation model differentiates the battery deg-

radation rate based on the magnitude of the charge or discharge 
power, which can be approximately equivalent to C-rates assum-
ing stable battery terminal voltages. The underlying assumption 
of this model is that higher C-rates will accelerate battery deg-
radation rate, which is widely observed in degradation tests. We 
can model the C-rate-based degradation mode as

(3a)min
pt ,qt

∑

t

�t (pt − qt )+ cppt − cqqt ,

(3b)
subjects to

0 ≤ pt , qt ≤ P
.

Figure 3.  Bidding cost model (a) and average day-ahead battery bids and 
nodal prices (Q3 2019–2020) from CAISO.43
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in which the function f is strict-monotonically increasing (i.e., 
its derivative is strictly greater than zero) which models the 
increased rate of degradation due to higher charge or discharge 
power. An example implementation using price arbitrage is 
listed as follows 

which is similar to the energy-throughput model except the dis-
charge power is divided into segments pt,j  , and each segment is 
associated with a discharge cost cj  and power limit Pj.

The power degradation model has the same mathematical 
form as the fuel heat-rate curve of thermal generators, in which 
the generator efficiency reduces as the output power increases, 
leading to higher marginal production cost.31 Hence, we can 
apply the same linearization technique and obtain piece-wise lin-
ear cost curves as shown in Fig. 4, which shows the marginal cost 
of degradation increases in steps as the battery C-rate increases. 
Based on the fact that a higher C-rate always leads to a higher 
rate of degradation, this power cost function is naturally convex, 
thus the linearized cost curve can be implemented using linear 
programming without introducing binary variables. Because the 
variation in the degradation cost only relates to the power mag-
nitude, the power degradation model is incorporable with other 
degradation models to reflect the accelerated degradation rate 
due to higher power, whereas the remainder of the model can 
focus on the cycle life such as the energy-throughput model men-
tioned earlier or the cycle depth model which will be introduced 
in the next section. The power degradation model also suits the 
bidding cost model in which case the charge and discharge bids 
become price-power segments, a feature that is already available 
in all market clearance models.

The power degradation model suits batteries whose degra-
dation rate is sensitive to C-rate. This factor is more critical to 
battery storage with durations of less than an hour but less for 
storage with longer durations, as lab degradation test data sug-
gest that C-rate higher than one will significantly increase bat-
tery degradation rates.51 Modeling power degradation rate was 
crucial in early grid-scale battery projects which were designed 
with less than 30 minutes duration due to high battery cell cost 

(4)�C = α
∑

t

(f (dt )+ f (ct )),

(5a)min
pt,j ,qt ,et

∑

t

�t (pt − qt )+
∑

j

cj pt,j ,

(5b)
subjects to

0 ≤ pt , qt ≤ P
,

(5c)pt =
∑

j

pt,j ,

(5d)0 ≤ pt,j ≤ Pj ,

(5e)0 ≤ et ≤ E ,

(5f)et − et−1 = qtη − pt/η ,

at the time and the target grid application was limited to provid-
ing frequency regulations that have low energy capacity require-
ments. However, as battery cost drops over the years and the grid 
application extends to peak shavings and price arbitrages, cur-
rent grid-scale lithium-ion battery energy storage systems mostly 
have durations longer than 2 h, [4,52 at which point the maximum 
C-rate is less than 0.5 and its impact over degradation rate is not 
significant. On the other hand, other upcoming long-duration 
energy storage technologies are aiming for 6 h or even longer 
durations, hence their degradation rate may not be sensitive 
to C-rates. Therefore, power degradation models may be less 
important in future power system dispatches.

An alternative use of the power degradation model was to 
model the impact of depth of discharge in degradation, as, dur-
ing a fixed time horizon, higher power also increases the depth 
of discharge, in which case degradation caused by a higher power 
and higher depth of discharge are equivalent from a modeling 
perspective. However, accurately using this approach to model 
depth of discharge requires pre-determining the time period 
during which the battery charges or discharges, but this is also 
part of the decision that ought to be determined by the optimiza-
tion itself. In this case, dynamic programming can be applied to 
keep track of the depth of discharge as a state and correlate it to 
the cost of power degradation,26,53 but this technique is limited 
to single storage and cannot be extended to large-scale power 
system dispatch due to the exponential complexity growth of 
states.54

Rainflow-based cycle depth cost model
The cycle depth degradation cost model is motivated by lab 

test results that the rate of degradation is critically dependent on 
the range of the cycle. In one study on NMC batteries,55 cycling 
a battery between 45 and 55% SoE range may only cause 1% of 
the capacity loss compared to a cycle between 0 and 100% SoE, 
or equivalently, 10% of the degradation rate when measured 
using energy throughput. To this end, it is more convenient to 
calculate incremental battery capacity degradation based on the 
combination of cycles of various depths, instead of using power 
rating or SoE time series.

Figure 4.  Power degradation cost model.
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The Rainflow cycle counting algorithm initially developed for 
material fatigue analysis emerged as a suitable tool that decom-
poses a given SoE time series into combinations of cycles.56–58 As 
shown in Fig. 5, the Rainflow algorithm decomposes the example 
SoE profile into a combination of two 10% cycles and one 40% 
cycle. The advantage of the Rainflow algorithm is it captures the 
super-position relationship between cycles, as shown in this exam-
ple that the two 10% cycles coincide in time with the larger 40% 
cycles so that a transient switch between charge and discharge will 
not affect the overall trend in the cycle identification. The Rain-
flow-based degradation model can be represented as

in which mi represents the depth of cycle i, the function f() mod-
els the degradation rate due to different cycle depths; instead of 
feeding the power profile directly, this model uses the Rainflow 
cycle counting algorithm to pre-process the power profile (we 
can generalize the SoE profile as the integral of power profile 
subjecting to efficiencies) into combinations of cycles. The 
Rainflow-based cycle depth model has been widely adopted for 
ex-post estimation of battery  degradation56,57,59 in which the bat-
tery project planner wishes to estimate the battery degradation 
rate from given SoE profiles.

Although the Rainflow cycle counting algorithm itself has no 
closed-form mathematical expressions and cannot be incorpo-
rated directly into linear programming, recent studies have shown 
that the Rainflow algorithm is convex and can be converted into 
a piece-wise linear format.11 Figure 6 shows the cost curve for a 
linearized Rainflow-based cycle depth degradation cost model. 
In this model, the marginal cost for charging or discharging the 
battery increases in steps as the battery cycles deeper. Each lin-
earization segment has a private auxiliary energy state variable 
and constraints. Because the shallower segment always has lower 

(6)�C =
∑

i

f (mi ) | {mi } = Rainflow(dt − ct ),

costs, the battery will always prioritize shallower segments first for 
charge and discharge to reduce the total cost. This dispatch logic 
has been proved to follow the same principle as the Rainflow cycle 
counting algorithm.10 As a result, this cost model will drive batter-
ies to switch between charge and discharge and avoid deep cycles. 
An example implementation of the cycle depth degradation model 
in price arbitrage is 

 Compared to the energy-throughput model or the power deg-
radation model, the cycle depth model divides battery energy 
capacity into segments Ej  and each segment has its private SoE 
evolution constraint. Unlike the power degradation model, each 
segment does not have its own power capacity constraint.

The cycle depth model is more suitable for batteries whose 
degradation rates are sensitive to cycle ranges, such as Lead-acid, 
NMC, and NCA batteries, which in lab experiments show their 
lifetime energy throughput decreases significantly with deeper 
cycles. For other battery technologies such as VRFB and LFP, the 
impact of cycle depth is less significant over the degradation rate. 
Although the cycle depth degradation model is naturally convex 
and does not need binary variables, it has to introduce auxiliary 
state variables and constraints for each additional linearization 
segment. To this end, despite being a linear model, the model is 
computationally expensive in large-scale power system optimiza-
tions. The cycle depth model also does not differentiate the start-
ing and ending SoE point of cycles, i.e., cycling a battery between 

(7a)min
pt,j ,qt,j ,et,j

∑

t

�t (pt − qt )+
∑

j

cj pt,j ,

(7b)
subjects to

0 ≤ pt , qt ≤ P
,

(7c)pt =
∑

j

pt,j ,

(7d)qt =
∑

j

pt,j ,

(7e)0 ≤ et,j ≤ Ej ,

(7f)et,j − et−1,j = qt,jη − pt,j /η .

Figure 5.  Using the rainflow algorithm to identify battery cycle depths.

Figure 6.  Rainflow-based depth degradation cost model.
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60 and 70% or between 20 and 30% SoE produces the same cycle 
depth, while lab tests have shown that the corresponding SoE 
ranges also play a significant role in the degradation rate.

State-of-energy cost model
The state-of-energy degradation model assumes the rate of 

degradation is dependent on the SoE level when the battery 
charges or discharges, motivated by lab degradation test data 
that SoE has a dominant impact over degradation rate.55,56 The 
major difference between the SoE degradation model and the 
Rainflow-based cycle depth model is the SoE degradation model 
assumes a one-to-one relationship between the degradation rate 
and the SoE, while the Rainflow-based cycle evaluates degrada-
tion only using cycle depth and decouples it from the SoE levels. 
The SoE degradation model is written as

in which we represent the cost of degradation as a function of the 
battery SoE et . This model has been widely adopted in battery inte-
gration studies to model the dependency of degradation rate over 
SoE or depth of discharge (DoD).60–63 Figure 7 shows two examples 
of the SoE cost curve; in Fig. 7a, the degradation rate is the lowest 
at around 50% and goes up when SoE is close to 0% or 100%. This 
model captures factors that deeper cycles accelerate degradation 
and cycles centered at high or low SoE levels also accelerate degra-
dation rates. Figure 7b shows a form in which higher SoE imposes 
lower costs of degradation, which more strictly models the depth 
of discharge as the difference between current SoE levels and the 
100% SoE, which is used by some battery manufacturers as the 
cycle degradation test protocols. Notably, both models will avoid 
deep cycles similar to the Rainflow-based cycle depth model but 
will produce different battery operation profiles. The SoE degra-
dation model in Fig. 7a will center the battery SoE to around 50%, 
and the model in Fig. 7b will keep the battery SoE above 60%, while 
the Rainflow-based cycle depth model will not prefer any SoE level 
over with cycles performed.

The SoE degradation model is also the most computationally 
expensive of all the models introduced in this paper. The degrada-
tion model is nonlinear as it includes the product of power and the 
SoE level, both are optimization variables. It is possible to linearize 
the SoE degradation model using a piece-wise linearization but 
must introduce auxiliary binary variables to enforce the segment 
logic. An example implementation of the SoE degradation model 
in price arbitrage is 

(8)�C =
∑

t

f (et )(dt + ct ),

(9a)min
pt,j ,qt,j ,et,j ,ut,j

∑

t

�t (pt − qt )+
∑

j

cj pt,j ,

(9b)
subjects to

0 ≤ pt , qt ≤ P
,

(9c)pt =
∑

j

pt,j ,

 This model is different to the cycle depth model for introduc-
ing auxiliary binary variables ut,j  for enforcing the SoE logic, 
ut,j  equals one if the SoE segment j is full during time period t, 
otherwise ut,j  equals to zero. As shown in (9e), the SoE of seg-
ment j is limited to zero if the lower segment j − 1 is not full 
( ut,j−1 = 0 ), vice versa, if segment j wishes to take on non-zero 
values, its lower segment j − 1 must be full ( ut,j−1 = 1 ). Hence, 
the model enforces the SoE evolution logic.

In the example of the model shown in Fig. 7a, the marginal 
cost of charge or discharge is lowest when the battery SoE is 
between 40 and 60% but becomes higher when outside this 
range. Similar to the Rainflow-based cycle depth model, each 
segment has its private energy state and constraints. However, 
the model is not convex which means without the use of binary 

(9d)qt =
∑

j

pt,j ,

(9e)Ej ut,j ≤ et,j ≤ Ej ut,j−1 ,

(9f)et,j − et−1,j = qt,jη − pt,j /η ,

(9g)ut,j is binary ,

Figure 7.  State-of-energy mapped degradation cost model with two 
examples: (a) the degradation cost is lowest around 50% SoE and becomes 
higher when near 100% or 0% SoC; (b) the degradation cost becomes 
higher as the SoE drops deeper.
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variables, the result of the optimization may deviate from the 
physical model. For example, consider charging and discharging 
an empty battery, the optimization will always prioritize cheaper 
segments and charge the 40% to 60% SoE segment first instead 
of the 0% to 40% segment. To this end, we must introduce aux-
iliary binary variables to enforce physics logic, preventing the 
battery to charge upper segments unless lower segments are full. 
The combined use of auxiliary states, constraints, and binary 
variables makes this model the most complex one, and unlikely 
to be computationally tractable in large-scale power system 
optimizations.

Model comparison in price arbitrage
Table 1 shows a comparison of the five proposed battery deg-

radation models in performing price arbitrage to demonstrate 
their performance in computation time, market revenue, and 
degradation. The accuracy of these models is loosely ranked 
in ascending order, while a more accurate model also requires 
more decision variables and constraints to model more com-
plex degradation mechanisms. Especially, binary variables and 
inter-temporal constraints will increase the computation time 
of large-scale optimization problems significantly, which power 
system operators will try to avoid when designing new market 
models. As for battery technologies and configurations, the bid-
ding model does not presume any battery physical models but 
requires the battery owner to design bids that best fit their bat-
tery technology. The energy-throughput model is the default 
and simplest approach to model degradation and would be suf-
ficient for technologies that are insensitive to cycle range such 
as vanadium redox flow batteries and LFP batteries. Batteries 
that have sensitive degradation rates with respect to depth of 
discharge such as NMC and LCA will need the cycle depth model 
or the SoE degradation model to reflect the surging degradation 
rate during deep cycles, while an alternative approach is to use 
the energy-throughput model but limits the SoE range to avoid 
deep cycles, for example, set hard SoE limits to between 20 and 
90%. Storage with less than 2 h duration may need to use the 
power degradation model to reflect accelerated degradation rate 
at higher C-rates, but this may not be necessary for storage with 
longer durations.

In the arbitrage case study, we use the real-time price data 
from New York City during the entire year 2019, we assume a 
500 kW/1 MWh battery with 81% round-trip efficiency. The 
battery pack replacement cost is $150/kWh, and the cycle deg-
radation data for LFP and NMC battery is from literature.41 The 
LFP battery produces near 8,000 equivalent full cycles (EFC) 
between 40 and 60% SoE, and around 6,000 EFCs when cycled 
between 0 and 100% SoE. The NMC battery produces nearly 
2,000 EFCs between 40 and 60% SoE, but less than 500 EFCs 
when cycled between 0 and 100% SoE. To reflect the acceler-
ated degradation rate when cycling at higher SoE,55 we linearly 
increase the degradation rate by up to 100% as the center of a 
cycle deviates from 50% SoE, i.e., a cycle ranging from 50% to 
100% SoE will cause 1.5 times degradation compared to a cycle 

ranging from 25% to 75% SoE. We also assume the battery has a 
10-year rated calendar life and the end-of-life is 80% remaining 
capacity. This degradation model is simplified into each optimi-
zation model, while the degradation result shown in the table 
is estimated using an ex-post nonlinear Rainflow degradation 
model.56 In the power degradation model, we use the cycle deg-
radation data for the power degradation curve, assuming smaller 
battery power will also lead to shallower cycles. In the bidding 
model, the optimal bids are generated using a dynamic program-
ming algorithm,64] the computation time does not count in the 
optimal bidding problem, but only includes the simulation time 
to execute battery operation based on submitted bids. All other 
models are implemented in Julia and solved using Gurobi, the 
computation time only includes the Gurobi solver time.

The result shows that the most sophisticated SoE degrada-
tion model provides the best trade-off between market revenue 
and incremental degradation, especially for NMC the model 
increased the lifetime expectation by one year while making 
similar revenue compared to the cycle depth model. For LFP 
whose degradation rate is not very sensitive to cycle depth, the 
cycle depth model and the energy-throughput model performed 
similarly, while the power degradation model earned a bit more 
revenue and caused the highest degradation. For NMC whose 
degradation rate is highly sensitive to cycle depth, the cycle 
depth model performs much better than other models. The bid-
ding model provides the worst revenue in all cases as it does not 
model battery physical characteristics. For comparison, we also 
include results when optimizing battery operation without a 
degradation model, which led to a significantly higher degrada-
tion rate.

On the computation time, the SoE degradation model is 
clearly the most computationally inefficient one, it takes around 
25 to 50 times more to solve than other models due to using 
binary variables to enforce the linearization logic. All other 
models were solved in around one to two seconds because price 
arbitrage is a simple optimization problem. However, one must 
pay attention to the relative change in the computation time, the 
energy-throughput model is about 50% slower than the bidding 
model, while the cycle depth model is around 100% lower than 
the energy-throughput model. Notably, the number of inter-
temporal constraints, which is the SoE constraint in battery 
models, is the major contributor to computation complexities. 
In our example, the cycle depth model uses three linearization 
segments, meaning it has two times more SoE constraints com-
pared to the energy-throughput model. In other words, one-cycle 
depth storage model with three linearization segments has the 
same computation complexity as three energy-throughput stor-
age models. In the MISO test system that 150 simple storage 
models increased the unit commitment solution time by 100%, 
this would mean 50 cycle depth models would provide the same 
computation slow down.

Finally, we compared the battery life expectancy of LFP and 
NMC batteries. When ignoring the battery degradation model, 
the NMC battery dies within one year while the LFP battery 
lasted around 4 years, similar to the cycle life data that the LFP 
battery provides four to ten times more cycles depending on 
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different cycling ranges. However, after incorporating degrada-
tion models, both NMC and LFP reached around eight years of 
life, while LFP earned more revenues. For both LFP and NMC 
batteries, the dominant lifetime factor turned out to be calendar 
degradation, while the revenue is more dependent on the cycle 
life and the choice of degradation model.

Monetizing battery degradation
Monetizing the value of battery capacity loss is another cru-

cial aspect for modeling degradation in power system operation: 
we must quantify the cost to the battery owner if the battery lost 
one unit of remaining capacity. The objective function in bulk 
power system optimization is to minimize the operating cost, 
thus regardless of the optimization model, the reduction in 
the remaining capacity or lifetime must be monetized as a dol-
lar per MWh cost term into the objective function. A common 
approach here is to amortize the battery pack replacement cost 
over the incremental capacity loss, which has been introduced 
in the energy-throughput degradation model. Battery cost 
amortization is the most common approach to define the cost 
of battery degradation in industry and academia, studies have 
shown this approach can significantly improve battery market 
profitability.10,58

Yet, the main drawback of the replacement cost amortiza-
tion approach is it neglects calendar degradation, which occurs 
simultaneously regardless of battery cycles.14 For example, the 
daily price spread in the day-ahead energy market is usually 
around $20/MWh to $50/MWh, operating a battery using the 
$100/MWh amortized operating cost will lead to zero market 
revenue. This is also reflected in Table 1 that in the case of NMC 
batteries, the bidding model earns very low revenue and also 
incurred low cycle degradation, but the overall battery lifetime 
is only about 10% higher than in other cases due to calendar 
degradation. The battery should at least make $40 to $100 per 
kWh capacity revenue based on the one-cycle per day cycle life. 
He et al.65 pointed out that replacement cost should be treated 
as a sunken investment cost, and instead, degradation should 
be priced based on the missed future opportunity due to capac-
ity loss and earlier battery retirement. To provide an illustrative 
example of the opportunity cost of degradation, assuming a 
battery has a warranty specifying 10 years of calendar life, each 
cycle will reduce the battery capacity by 0.01% and lead to the 
warranty expiring one day earlier. Therefore, the cost of the 
battery’s first cycle should be priced by accounting for both: 1) 
profit opportunities missed because the battery has 0.01% less 
usable capacity over the rest of its lifetime; 2) the revenue from 
the last day over the 10 years because the battery must expire one 
day earlier according to the warranty; 3) discount factor must be 
included in all these calculations.

The above example shows that quantifying the value of battery 
degradation is not an intuitive process and requires a system-
atic mathematical tool. He et al.65 used an iterative approach to 
finding the optimal marginal degradation cost that maximizes 
the lifetime revenue of the battery pack. A recent work from 

the  author66 employs dynamic programming to calculate the 
opportunity cost of battery degradation, which shows that the 
opportunity cost of degradation is critically dependent on the 
state of health (remaining capacity) and the market condition, 
see Fig. 8 for an example. Yet, both of these two frameworks 
assume deterministic futures and ignore uncertainty factors in 
power systems such as future load growth and change in the gen-
eration resource mix.

Challenges beyond computation: warranty 
standardization

Incorporating battery degradation into power system opera-
tion is not only a computation challenge, fitting a battery pro-
ject to a degradation model also requires warranty support. In 
practice, most battery owners rely on manufacturer warranties 
to specify detailed degradation models, while these warranties 
are often written in terms that can be verified with field meas-
urements, instead of trying to accurately model the underly-
ing degradation process. An example of a typical warranty is to 
limit the battery owner only to exercise one equivalent full cycle 
per day, any additional cycles within one day will significantly 
reduce the warranty duration. Of course, a real-world warranty 
will describe this requirement with overwhelming details speci-
fying current rate, voltage, temperature, etc., varying between 
manufacturers and application scenarios. Although no known 
battery chemistry is limited to only cycling once per day, such 
a one-cycle-per-day warranty becomes popular in practice 
because both parties can easily verify with field measurement 
data recording the energy throughput of the battery daily. 
However, this warranty will cause difficulties in modeling the 
degradation, as enforcing a battery to only cycle once per day 
in power system optimization is a more computationally chal-
lenging task than adding a cost of degradation as it requires 
binary variables.

Tedious warranty terms that vary from manufacturer to manu-
facturer are a major obstacle for modeling battery degradation 
in grid dispatch. Large battery users may have better power to 
negotiate warranty terms that suits their application needs, 
while other smaller battery project developers must follow war-
ranties that are conservatively designed favoring the manufac-
turer. Not only will conservative warranties reduce the user’s 
flexibility to optimize battery operation, but it is also impossible 
for the system operator to design a new market dispatch model 
tailored to each battery warranty due to the complexity of updat-
ing grid dispatch software. Instead, system operators will likely 
use a unified and simple degradation cost model for all battery 
energy storage. The battery owner could submit the degrada-
tion cost based on the best knowledge of the battery technology 
beyond warranty terms but must face the risk of either following 
the system dispatch and voiding the warranty or being penal-
ized for violating dispatch to follow warranty terms. Any of these 
options due to conservative warranty terms could lead to risks of 
financial loss to the battery owner.
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Incorporation of degradation cost in power system dis-
patch must base on standardized battery lifetime warranty 
terms per grid dispatch requirements. Ideally, the system 
operator should develop a unified batter y deg radation 
model in dispatch optimization, and battery manufacturers 
would develop warranty terms accordingly. Motivated by the 
energy-throughput degradation model, some recent battery 
warranties are now structured based on energy throughput or 
equivalent full cycles. However, more sophisticated degrada-
tion models are necessary to further improve battery econom-
ics and grid utilization, and designing these models requires 
consensus among all stakeholders in the business, includ-
ing power system operators, battery manufacturers, battery 
energy storage developers, and battery investors. Support-
ing warranty verification and batter y diagnosis schemes  
are also required.

Conclusion and future directions
In this paper, we demonstrated a few degradation models 

that are incorporable into bulk power system optimizations 
and discussed the pros and cons of each model in terms of 
accuracy, computation complexity, and suitability to different 
battery technologies. Incorporating degradation models, even 
the simplest energy-throughput model could significantly 
improve the battery lifetime expectancy. After modeling cycle 
degradation into grid optimizations, calendar degradation 

emerged to be the dominant factor of battery lifetime, while a 
more accurate degradation model would provide a better trade-
off between revenue and lifetime. Higher cycle life increases 
market revenue but the rate of gain diminishes. Hence, 
increasing calendar life may provide better value propositions 
compared to increasing the battery cycle life, especially for 
future long-duration storage technologies with 10-plus hour 
durations as they will cycle less often than existing battery 
projects. In our case study, LFP batteries have around four to ten 
times more cycle life compared to NMC batteries, but LFP only 
earned 70% more revenue than NMC and the life expectancy 
is similar. Therefore, economic assessments with accurate 
degradation models and market scenarios should be carefully 
studied when designing future battery technologies to trade off 
the lifetime and economic value expectancy.

Although more sophisticated battery degradation models 
such as the cycle depth model, the SoE degradation model, and 
even some more complex nonlinear models are not ready for 
implementation in bulk power system operations due to com-
putation complexity, the future may be different. Of course, in 
an optimistic future, we may have more advanced computing 
hardware and solution algorithms that could incorporate these 
models into bulk power systems. On the other hand, a decarbon-
izing power system will involve less traditional generators but 
more renewable resources that do not need to be scheduled. To 
this end, accurate degradation models will not only be neces-
sary as batteries will be the main flexibility resource but also 
computation affordable as the system will have fewer thermal 
generators to optimize. Nevertheless, linear programming will 
likely remain the primary choice for designing battery models 
in power systems due to its robust computation performance in 
large-scale optimization.

Finally, we must be aware of factors beyond modeling when 
considering degradation in power system operations, such as 
the economic opportunity cost of degradation, and the limita-
tions of warranties. In the paper, we provided a brief introduc-
tion to the opportunity cost of degradation which characterizes 
the cost of capacity reduction based on lost opportunities from 
future operations. We also discussed how conservative war-
ranty terms advantaging battery manufacturers may jeopard-
ize the utilization of storage in the power system. As grid-scale 
batteries become the main players in future power systems, we 
could expect more standardized financial derivatives and war-
ranty terms that root from battery degradation in power system 
operation and electricity market participation. Overall, these 
developments should help to reduce investment risks in bat-
tery projects and enable better utilization of batteries’ flexibility 
value in power systems.

Data availability 
The battery degradation data used to perform the analysis 

are from published literature,41 the simulation code is available 
here: https:// bolun xu. github. io/ assets/ codes/ Compa re_ deg_ 
model. zip.

Figure 8.  The opportunity cost of performing one equivalent full cycle (EFC) 
of a battery performing real-time arbitrage in Long Island, NY. The battery in 
this study has a 2-h duration, end-of-life at 60% remaining capacity, and 
10-year calendar life before reaching end-of-life, and each EFC will reduce 
its remaining capacity by 0.0055%.

https://bolunxu.github.io/assets/codes/Compare_deg_model.zip
https://bolunxu.github.io/assets/codes/Compare_deg_model.zip
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