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Abstract—Battery degradation significantly impacts the oper-
ational costs and profitability of hybrid power plants (HPPs)
participating in the day-ahead (DA) energy market. This paper
conducts a comparative analysis of the effectiveness of three
battery degradation models. The models calculate the battery
degradation as a function of the energy throughput (TP model),
the discharge maneuvers (DM model) and based on the Rainflow
cycle counting algorithm (RF model). A deterministic mixed-
integer linear programming model is developed to maximize
revenue of HPPs participating in the DA market considering
battery degradation costs. Numerical results reveal that the TP
model provides the highest profitability in the DA energy market
with the lowest computational complexity, while the RF and DM
models capture the battery aging with higher accuracy. This
comparative analysis offers some insights useful for selecting ap-
propriate degradation models for better operational performance
and longer battery life.

Index Terms—Hybrid power plant, DA energy market, battery
degradation, cycle aging

NOMENCLATURE

Indexes
j Depth of discharge segments.
t Hourly periods of the planning horizon.

Parameters
P

B
Battery output/input power capacity [MW].

P
W

Installed capacity of wind farm [MW].
P

G
Grid access capacity at the point of common
coupling in generation mode[MW].

P
C

Grid access capacity at the point of common
coupling in consumption mode [MW].

CTP Throughput cost [C/MWh].
λDA
t Day-ahead energy market price in period t

[C/MWh].

ηB Total round-trip battery efficiency.
SoC/SoC Maximum/minimum state of charge of battery

[MWh].
E

B
Battery capacity [MWh].

ωj Degradation cost corresponding to the
depth of discharge of battery in segment j.

βj/βj
Maximum/minimum depth of discharge of
battery in segment j.

M A big positive constant.

Variables
pBt Battery discharge/charge output/input

power in the day-ahead energy market
in the period t [MWh] (positive discharge:
negative charge).

pWt Wind energy generation in period t [MWh].
pW,B
t Available wind energy generation used to

charge battery in period t [MWh].
eB,ch/eB,dch Battery energy charge/discharge in period t

[MWh].
DoDt Depth of discharge of battery in period t

[MWh].
SoCt Battery state of charge in period t [MWh].
cAG Degradation cost [C].
cAG,RF
t Degradation cost of the Battery associated

with RF model [C].
cAG,Peak
t Degradation cost of the Battery associated

with a peak in period t [C].
cpAG,Peak

t Bilinear variable for degradation cost of
battery associated with a peak in period
t [C].

cAG,V alley
t Degradation cost of battery associated

with a valley in period t [C].
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cvAG,V alley
t Bilinear variable for degradation cost of

battery associated with a valley in period
t [C].

Binary Variables
yt,j Binary variable used for selecting battery

degradation cost segment j in period t.
Udch
t Binary variable corresponding to the

discharging status of the battery in period
t.

UPeak
t Binary variable corresponding to the peak

in the state of charge profile of battery.
UV alley
t Binary variable corresponding to the valley

in the state of charge profile of battery.

I. INTRODUCTION

The drive to decarbonize the power sector has resulted in
a considerable increase in the adoption of renewable energy
sources (RES), such as wind and solar power, over recent
decades. However, the widespread integration of these re-
sources has introduced significant challenges in the operation
of power systems, primarily due to their inherent intermittency
and variability [1]. Li-ion batteries (LIBs) are widely used in
energy storage systems for the main power grid due to their
high energy density. However, one of the main challenges
with LIBs is degradation over time, caused by irreversible
physical and chemical changes. Battery degradation is com-
monly studied using three types of models: physics-based [2],
[3], semi-empirical [4], [5], and empirical [6]. Physics-based
models use mathematical equations to describe the physical
and chemical processes that cause battery aging [7]. Empirical
models, on the other hand, rely on experimental data and
statistical techniques to analyze degradation trends [8], [9].
As the battery ages, its performance declines, and it becomes
less capable of efficiently storing and delivering energy [10].
This requires the development of a reliable battery degrada-
tion model that can accurately quantify battery degradation
and be effectively integrated in the optimization model used
for energy scheduling in the day-ahead (DA) market. This
integration is essential for optimizing the performance of
energy storage systems and ensuring their long-term viability.
Modeling battery degradation is a complex process, as it
arises from a combination of various mechanisms and their
interactions. Numerous studies have addressed this challenge
in the scientific literature. These efforts employ models that
range in computational complexity, striking a balance between
accuracy and practicality. To account for battery degradation
in optimization frameworks, researchers typically rely on a
few common approaches. These include setting direct limits
on how the battery operates, such as restricting its depth of
discharge or charge rates [11] , using the energy through-
put method [12]–[14], approximations of the Rainflow cycle
counting algorithm [15], discharging maneuvers [5] and non-
linear models [16], [17]. Nonlinear optimization models are
often computationally complex while the global optimality
is not guaranteed. In [12], the authors focus on energy

throughput-based approaches to characterize battery degrada-
tion for investigating the impact of battery degradation on its
profitability in energy arbitrage applications. The authors of
Ref. [4] propose a mixed-integer linear programming (MILP)
model to approximate the Rainflow cycle counting algorithm
for integration into the energy scheduling of a battery energy
storage system (BESS). The framework quantifies degradation
costs by employing a linear representation of aging effects
associated with complete and incomplete cycles. The authors
of Ref. [5], develops an optimization model for the scheduling
of virtual power plants, focusing on the degradation costs
of LIBs, modeled based on the depth of discharge and the
discharge rate.

This paper introduces three battery degradation models for
integration into the short-term scheduling of a hybrid power
plant (HPP) participating in the DA energy market. The study
aims to analyze the impact of degradation model complexity
on the revenue and net profit of the HPP within the DA energy
market. Furthermore, we compare degradation costs derived
from the optimization process with those obtained through
post-processing state of charge (SoC) profiles of the battery
using the Rainflow cycle counting algorithm. Additionally,
the study evaluates the trade-offs between model complexity,
computational efficiency and performance for practical use in
DA market operations.

The remaining of the paper is organized as follows. Section
II presents the optimization modeling. Section III introduces
the battery degradation models. The application of the battery
degradation model to an HPP is presented in Section IV and
finally, Section V concludes the paper.

II. OPTIMIZATIOM MODELING

The short-term self-scheduling problem of an HPP partici-
pating in the Spanish DA market is formulated as a determin-
istic mixed integer linear program. The objective function of
the optimization model is to maximize the profitability of the
HPP while considering the degradation cost of battery (1).

Max
24∑
t=1

{
λDA
t ×

(
pWt + eB,dch

t − eB,ch
t

)
− cAG

t

}
(1)

The first term of the objective function represents the net
revenue in the DA energy market from wind energy generation
and the charging/discharging output of the battery. The last
term corresponds to the degradation cost of battery due to
cycle aging. The objective function is subject to constraints
(3)-(9), and to the constraints presented in the next section to
model the battery degradation.

pWt + pW,B
t ≤ P

W
(2)

eB,ch
t + pW,B

t ≤ P
B × (1− Udch

t ) (3)

eB,dch
t ≤ P

B × Udch
t (4)

eB,dch
t − eB,ch

t − pW,B
t = pBt (5)

SoCt = SoCt−1 + eB,ch
t × ηB + pW,B

t × ηB − eB,dch
t (6)



SoCt ≤ SoCt ≤ SoCt (7)

pWt + eB,dch
t − eB,ch

t ≤ P
G

(8)

pWt + eB,dch
t − eB,ch

t ≥ −P
C

(9)

The allocation of wind energy in the DA energy market is
determined using (2). The optimization model can incorporate
some of the available wind energy generation to charge the
battery (pW,B

t ). Constraints (3) to (5) determine the limits
on the energy scheduling of battery within the DA energy
market and ensure that battery energy schedule is set to either
discharge or charge mode only. The SoC of the battery over
a period t is described by constraints (6) and (7). The power
exchanged with the grid is limited by the grid access capacity
at the point of common coupling in both generation and
consumption modes, as specified in (8) and (9).

III. BATTERY DEGRADATION MODELS

In this section, we compare three battery degradation mod-
els. The first degradation model (hereinafter referred to as TP
model) estimates the degradation as a function of the total
energy throughput. The second model (hereinafter referred to
as RF model) estimates the degradation based on [1] where
the authors propose an MILP formulation to approximate
the Rainflow-counting algorithm. The third model (hereinafter
referred to as DM model) estimates the degradation as a
function of the depth of energy discharge maneuvers.

These models are incorporated into the self-scheduling
problem of an HPP participating in the Spanish DA energy
market. The problem is formulated as a deterministic MILP
model with a 24-hour scheduling horizon, aiming to maxi-
mizing the revenue in the DA energy market accounting for
battery degradation costs.

The process of determining the degradation costs of the
battery in the DM model and RF model consists of three
major steps. Firstly, we employ the curve shown in [18],
which describes the relationship between the DoD and the
total number of cycles that the battery can complete at each
DoD before its capacity declines to less than 80% of its
initial capacity. Secondly, the degradation cost is calculated by
dividing the capital expenditure of the battery by the number
of cycles corresponding to each DoD; resulting in a curve
presenting a relationship between the DoD and the associated
degradation cost. Finally, since the resulting curve is nonlinear,
we use a stepwise linearization method to approximate it as a
linear function.

A. Energy Throughput model (TP model)

The Energy Throughput model is a battery degradation
model based on the concept that battery degradation is linked
to the energy throughput, representing the total energy charged
and discharged from the battery. This model does not incor-
porate additional stress factors associated with cycle aging.
Degradation cost (10) is calculated based on the energy
throughput of the battery and the number of full equivalent

cycles the battery can perform before reaching its end of life
[3].

cAG
t = CTP ×

(
pW,B
t + eB,dch

t + eB,ch
t

)
(10)

B. Rainflow-based cycle counting model (RF model)

In this model, the linearized Rainflow cycle counting al-
gorithm proposed in [15] is integrated into the optimization
model. The proposed algorithm identifies complete and incom-
plete cycles from the peaks and valleys of the SoC profile in a
similar (but not the same) way to the Rainflow cycle counting
algorithm.

DoDt = 1− SoCt

E
B

(11)

∑
j

β
n
× yt,j ≤ DoDt ≤

∑
j

βn × yt,j (12)

∑
yt,j ≤ 1 (13)

cAG,RF
t =

∑
j

yt,j × ωj (14)

UPeak
t − UV alley

t = Udch
t+1 − Udch

t (15)

UPeak
t + UV alley

t ≤ 1 (16)

cAG,Peak
t = cAG,RF

t × UPeak
t (17)

cAG,V alley
t = cAG,RF

t × UV alley
t (18)

The degradation cost associated with the life loss due to
cycle aging can be calculated as the summation over t of the
difference between the cost due to life loss occurring at valleys
(cAG,V alley

t ) and at peaks (cAG,Peak
t ) in the SoC profile of the

battery.
The amount of DoD for the specified period t is delineated

by equation (11). Constraint (12) identifies the chosen seg-
ment of the DoD and ensures that the binary variable (yt,j)
corresponding to the jth segment of DoD will equal 1 or
0 , consistently. Constraint (13) ensures that in each period
t, only one segment is chosen. In (14), the degradation cost
corresponding to the chosen segment of DoD is calculated.

According to constraint (15) and (16), the peaks and valleys
in each period t can be identified and assigned exclusively
as either a peak or a valley. When the battery begins the
discharge process, it identifies a peak, and the binary variable
(UPeak

t ) takes the value of 1. Conversely, once the discharging
process of the battery is complete, a valley is identified, and
the binary variable (UV alley

t ) will equal 1. Constraints (17) and
(18) determine the cost associated with the peak and valley in
the period t.

It is important to highlight that the non-linear term on the
right-hand side of constraint (17) and (18), which involves the
multiplication of the binary variables (UPeak

t ) and (UV alley
t )

and the continuous variable (cAG,RF
t ), can be substituted with

new bilinear variables (cpAG
t ) and (cvAG

t ), respectively, along



with constraints (19) to (24) where M represents a big positive
constant.

cpAG
t ≤ M × UPeak

t (19)

cpAG
t ≤ cAG,RF

t +M × (1− UPeak
t ) (20)

cpAG
t ≥ cAG,RF

t −M × (1− UPeak
t ) (21)

cvAG
t ≤ M × UV alley

t (22)

cvAG
t ≤ cAG,RF

t +M × (1− UV alley
t ) (23)

cpAG
t ≥ cAG,RF

t −M × (1− UV alley
t ) (24)

cAG
t = (cvAG

t − cpAG
t ) (25)

C. Discharge maneuvers model (DM model)

This model distinguishes battery degradation cost based on
the DoD of battery [5]. The battery degradation cost for each
discharge maneuver is calculated based on the same curve that
was described at the beginning of this section.

DoDt ≥
SoCt−1 − SoCt

E
B

(26)∑
j

β
n
× yt,j ≤ DoDt ≤

∑
j

βn × yt,j (27)

∑
yt,j ≤ 1 (28)

cAG
t =

∑
j

yt,j × ωj (29)

The DoD for the period t is represented by (26). Con-
straint (27) defines the selected segment of the DoD and
specifies that the binary variable (yt,j) corresponding to the
segment jth of DoD will take a value of 1. Constraint (27)
ensures that in each period t, only one segment is selected.
Constraint (29) computes the degradation cost due to the
discharging of battery in the jth segment of DoD.

IV. CASE STUDY
The HPP considered in this section features a LIB with

2 MW power output/input capacity, a storage capacity of 4
MWh, and a wind farm with a total installed capacity of 4.5
MW.

A. Data

In the Spanish DA market the bids must be submitted 14
to 38 hours before the operation settlement period. The gate
closure time of the market is noon. Since most of the energy
is negotiated in the DA market, this market has the highest
liquidity [19].

A set of 32 scenarios is used as input to the short-term
scheduling model to get enough representative results on the
performance of the model. Each scenario comprises the fol-
lowing data series (each spanning 24 hours): (i) DA electricity
market price, and (ii) forecast wind generation. The scenarios
for the DA energy market prices are provided in [20].

B. Numerical Results

The deterministic MILP model is executed using the
CPLEX commercial solver through GAMS.

In this subsection, we analyze and compare the HPP’s
scheduling decisions, total revenue and profit in the DA mar-
ket, and the degradation costs derived from the optimization
and post-processing the SoC profile of battery through the
Rainflow cycle counting algorithm.

Fig. 1. Boxplot of degradation costs for the three models derived from the
optimization and by post-processing (Rainflow) SoC profiles of battery across
the 32 scenarios.

Fig. 2. SoC profile, peaks and valleys and the corresponded degradation costs
obtained by the RF model in one of the scenarios.

TABLE I
RESULTS OF RAIN FLOW CYCLE COUNTING ALGORITHM FOR

A SINGLE DAY SCENARIO OF SOC PROFILE

Cycles Start
Point of

Cycle

End
Point of

Cycle

Depth of
Cycle
[p.u]

Cycle
Cost [C]

Full cycle 5 9 0.3 32.2
Half cycle 0 15 0.74 59.4
Half cycle 15 24 0.8 67.1

Fig. 1 compares the degradation costs obtained from the
results of the optimization model and by post-processing the
SoC profile of battery through the Rainflow cycle counting
algorithm for the three models considered. According to this
figure, the DM model provides the lowest average degradation
cost, followed by the RF model and the TP model. In contrast,
after post-processing the SoC profiles of battery, it is revealed
that the DM model has the highest average degradation cost,
while the TP model has the lowest one.



Additionally, it can be observed that although the RF
model is based on the Rainflow-counting algorithm, there
is a 9% difference between the average cost calculated by
the optimization problem and the cost computed after post-
processing the SoC profiles across the 32 scenarios. This can
be explained from Fig. 2, which illustrates the SoC profile,
peaks and valleys obtained by the RF model in one of the
32 scenarios. As can be seen in the figure the RF model
identifies a peak and a valley at hours 8 and 9, as well as
another peak and valley at hours 19 and 21. According to
RF model, whenever the battery discharging process begins, a
peak is identified, and a valley is observed when the process
ends, as shown in the figure. The degradation costs associated
with the peaks and valleys are also depicted in the figure. The
degradation cost corresponds to the summation over t of the
difference between the cost at valleys and the cost at peaks.

However, when one post-processes the SoC profile through
the Rainflow cycle counting algorithm, as shown in Table I,
one full cycle and two half cycles are identified in the SoC
profile. The table shows the cost associated with each cycle,
with a total degradation cost of 158.79 euros, which is 32.25
euros higher than the degradation cost obtained from the
optimization (126.54 euros). Therefore, it becomes clear that
this model is not fully consistent with the Rainflow cycle
counting algorithm.

Fig. 3 presents the average revenue and profit of the HPP in
the DA market across the 32 scenarios for the three models.
As illustrated, the DM model yields the highest revenue,
followed by the RF model and TP model. However, the TP
model achieves the highest profit in the DA market, while the
DM model results in the lowest profit. The profit in the DA
market is determined as the total revenue in the DA market
obtained through optimization minus the battery degradation
cost computed by post-processing the SoC profile through the
Rainflow cycle counting algorithm.

Fig. 3. Average revenue and profit of the HPP in the DA market across.

Fig. 4 compares the loss of life obtained with three analyzed
models after post-processing across the 32 scenarios. The DM
model shows the highest average loss of life, which is 68.6%
and 43.4% greater than that of the TP model and RF model,
respectively.

Table II shows the dimensions of the optimization models
for the three models. According to the table, the RF model is

Fig. 4. Boxplot of loss of life computed by post-processing the SoC profile
through the Rainflow cycle counting algorithm across the 32 scenarios.

the most complex model. Given that the size of the optimiza-
tion model significantly influences the computational time, the
TP model is the fastest model, while the RF model is the
slowest. Although the DM model has a considerably larger
dimension compared to the TP model, it is only slightly slower
in terms of computational time.

TABLE II
DIMENSIONS OF THE OPTIMIZATION PROBLEM

TP model RF model DM model

Numbers of
constraints

169 601 289

Numbers of
continuous
variables

145 265 193

Numbers of binary
variables

24 336 264

Average
computational time

[s]

0.064 108.06 0.073

Fig. 5. SoC of the battery for a single scenario.

Fig. 5 illustrates the SoC of battery for a single scenario.
As observed, the DM model maintains a higher SoC level for
most of the day, while the TP model shows the lowest SoC
levels. This may have an impact on the battery calendar aging.
Its consideration is out of the scope of the current paper but
will soon be addressed in future works.



V. CONCLUSION

This study presented a detailed comparative analysis of three
battery degradation models used for the energy scheduling of
an HPP in the DA market. The models calculate the battery
degradation as a function of the energy throughput (TP model),
the depth of the energy discharge maneuvers (DM model), and
based on a linear approximation of the Rainflow cycle counting
algorithm (RF model). The results show large differences
in degradation costs, computational complexity, and overall
profitability among the models. Although the RF model is
based on the Rainflow cycle counting algorithm, it shows a
9% difference between the degradation cost obtained as result
of the optimization and that calculated by post-processing the
SoC profile through the Rainflow cycle counting algorithm, in
addition to requiring more computational time. On the other
hand, the TP model, though less accurate, provides the highest
profit with the lowest computational time. In addition, the DM
model yields the highest revenue while the lowest profit in the
DA market. The present study points out the importance of
selecting adequate degradation models according to specific
operational and computational needs to increase profitability
and battery life time.
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