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A B S T R A C T   

The relatively short lifetime of batteries is one of the crucial factors that affects its economic viability in current 
electricity markets. Thus, to make batteries a more viable technology in real power market from life cycle cost 
assessment perspective, full understanding of battery ageing parameters and which operating control strategies 
cause slower degradation rate is essential and still an open problem. This study deals with the 32 different battery 
operating control strategies to evaluate their importance on cyclic and calendric degradation, lifetime, and life 
cycle cost assessment of a battery system in a grid-connected residential application. In other words, it is 
evaluated that at which operating control strategy the system simulation results in a more beneficial system from 
techno-economic perspective. A battery modelling scenario is proposed to accurately estimate battery perfor
mance, degradation, and lifetime under real operational condition given different operating control strategies. 
An operational strategy, which benefits from the dynamic real-time electricity price scheme, is conducted to 
simulate the system operation. The key results show that selecting a proper state-of-charge control strategy 
positively affects the battery lifetime and consequently its net-present-value, in which the best strategy led to 
30% improvement in net-present-value compared to the worst strategy.   

1. Introduction 

Battery storage system has emerged as the promising technology in 
providing several services in stationary applications in residential, 
commercial, and industrial sectors [1,2].The services can generally be 
classified into the end-user energy management services such as power 
quality and reliability, services for renewable energy applications such 
as renewable time-shifting and renewable firming, ancillary services 
such as load following, and frequency regulation, and bulk energy ser
vices such as energy arbitrage and peak shaving [3–6]. According to 
International Energy Agency [7], excluding pumped hydro storage, 
more than 90% of the new energy storage installations in stationary 
applications are driven by lithium-ion (Li-ion) batteries which has 
become an optimistic storage technology due to the features such as high 
round-trip efficiency, long cyclability, low operation, and maintenance 
cost, and flexibility for charging and discharging [8–10]. The prices of 
Li-ion batteries for stationary applications have fallen by almost 
two-third since 2010, due to the technical development in battery 

chemistries and innovative manufacturing processes. Further balance of 
system cost reduction and approachability of second-life batteries would 
lead to battery storages being 70% cheaper than today by 2040, which 
make the battery storage a dominant and viable storage technology by 
2040 [7]. Moreover, electricity market is undergoing the rapid changes 
and volatile behavior, hence, participating the batteries in arbitrage 
market and exploiting the highly variable behavior of electricity prices 
can lead to revenue for both residential and commercial sectors. The 
idea behind the electricity price arbitrage strategy is to benefit from the 
daily electricity price differential through storing electricity during 
off-peak hours and using the stored electricity during peak hours 
[11–13]. Exploiting the price arbitrage, not only reduces the load on the 
grid during peak hours, but the customer electricity consumption can be 
managed in a more flexible and cost-effective way [14]. Moreover, 
shifting the energy consumption from on-peak to off-peak hours lead to 
the customer electricity bill reduction [15]. However, there are still 
challenges about the economic viability of battery storage in electricity 
markets. One of the crucial factors that affects battery economic prof
itability in real-life applications is its lifetime and capacity degradation 
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[16–18]. The understanding of battery degradation mechanism and the 
impact of battery ageing is important from both research perspectives of 
‘’ battery cell design and manufacturing’’ and battery management in 
application’’ and should be considered to properly optimize battery 
design and battery management [19]. The battery ageing can be post
poned through different measures such as (a) methods which are 
implemented during battery cell manufacturing processes; and (b) 
methods which can be applied as the battery operating control strategies 
for proper and efficient use of batteries in an application, which the 
latter is the aim of this study. From cell design perspective, one of the 
effective methods for improving battery cycle life and cell cyclability is 
to add additives to electrolyte of Li-ion batteries [20–22]. There are a 
number of electrolyte additives available for the Li-ion batteries which 
are able to improve the properties of Li-ion cells and can be divided into 
different categories [23] such as (1) solid electrolyte interface (SEI) 
layer improver, (2) Li deposition improver, (3) cathode protection 
agent, (4) safety protection agent, (5) LiPF6 salt stabilizer, (6) other 
agents such as solvation enhancer, Al corrosion inhibitor, and wetting 
agent. However, the aforementioned method can be applied in the 
manufacturing processes of Li-ion battery cell and is out of scope of 
current study which focuses on battery life improvement from battery 
management perspective. In other words, the current study explores 
strategies to address how to use the ‘‘purchased battery’’ in the real-life 
application in a feasible and economic way in order to slower battery 
degradation rate and increase the value of battery in the application. 
Even with the development in battery chemistry and innovative 
manufacturing processes for improvement of battery cycle life such as 
adding different electrolyte additives, adopting proper battery operation 
control strategies can play key role and is necessity for prolonging bat
tery life longevity to make batteries more viable technology in current 
and future electricity market. The lifetime provided by battery manu
facturer is obtained under a standard and static operational condition, 
while in real-life application battery operates under variable operational 
conditions leading to different estimated battery lifetime due to the 

different degradation behavior over battery operation and storage [17, 
24–26]. In other words, battery lifetime in real life applications highly 
depends on how battery operates and what services it provides to the 
electric grid. Thus, to increase the battery life through proper battery 
operation control strategies, full understanding of battery ageing influ
ence parameters is essential. Electrochemical degradation of battery 
cells is a complex phenomenon and is determined by a combination of 
mechanisms that influence the electrodes and electrolyte [27–29]. The 
ageing mechanisms are different at the cathode and anode and typically 
more notable at the anode [30]. The main ageing mechanisms of Li-ion 
batteries include Loss of Li Inventory (LLI) and Loss of Active Material 
(LAM) [27,31]. LLI refers to the consumption of lithium ions due to 
growth of solid electrolyte interface (SEI) layer, decomposition re
actions, and lithium plating. LAM denotes the fact that active materials 
of anode and cathode are no longer available due to particle cracking, 
graphite exfoliation, structural disarranging, loss of electrical contact 
due to passivation surface layers [32–34]. The evaluation of the impact 
of the LLI and LAM on the degradation of different battery cell chemistry 
have been studied by literature. For instance, Baure et al. [35,36] 
implemented the incremental capacity analysis method to further 
characterize the ageing effects occurring in the cells used in Ref. [37]. 
The results showed that the effect of the different degradation processes, 
e.g. LAM on the positive electrode of LCO or NCA, LAM on negative 
electrode and LLI are highly dependent one the test conditions. Results 
indicated that capacity loss of the full cell is dominated by LAM on 
negative electrode. It is assumed that with increased cell age LAM on 
positive electrode of NCA can become the dominant aging process under 
specific cycle aging conditions leading to an increased capacity fade 
[36]. 

The most common ageing mechanisms which are responsible for 
capacity fade of Li-ion battery cells and the corresponding stress factors 
are summarized as below [27,38–41]. 

Nomenclature 

Abbreviations 
AIP Ageing influence parameter 
BOL Beginning of life 
DOC Depth of cycle of a battery 
EOL End of life 
FEC Full equivalent cycle of a battery 
Grp Group 
ICCbattery Initial investment cost of a battery 
LCCbattery Life cycle cost of a battery 
LF Battery lifetime 
LCCA Life cycle cost assessment 
LFP/C Lithium-iron phosphate (LiFePO4/C) 
NPV Net present value 
OCV Open circuit voltage 
RTP Real-time price 
SSRbattery Self-sufficiency ratio 
SOC Battery state of charge 
SOC op. window Battery allowable SOC operation window 
SOH Battery state of health 
SW Controllable switches 
TMS Thermal management system 

Symbols 
CO&M Maintenance and operation cost 
Cbatt Battery capacity 
Cfade,cali Calendric capacity fade at time i (%) 

Cfade,cyci Cyclic capacity fade at time i (%) 
Cfade,toti Total capacity fade at time i (%) 
d Charge/discharge duration (h) 
Ich(dch), i Battery charge (discharge) current at time i 
Elw,i Wholesale electricity price at time i 
Elr,i Retail electricity price at time i 
n n-th year of the project 
MARTPm Moving average of RTP at time i of day m 
Pbatt,i Battery power at time i 
Pch

min,i Maximal charge power at time i 
Pdch

max,i Maximal discharge power at time i 
Pbatt− load,i Transferred power from the battery to the load at time i 
Pbatt− grid,i Exported power from the battery to the grid at time i 
Pgrid− batt,i Imported power from the grid to the battery at time i 
Pgrid− load,i Imported power from the grid to the load at time i 
r r-th replacement 
R Total number of replacements during the project lifetime 
Rch(dch), i Battery internal resistance at time i 
T Temperature (K) 
time Passed time since the BOL (Sec) 
tch,start,m Start time indicator for charging the battery at day m 
tdch,start,m Start time indicator for discharging the battery at day m 
Vch(dch), i Battery terminal voltage during charging (discharging) at 

time i 

Greek Symbols 
δReplace Battery replacement indicator  
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(1) Electrolyte decomposition, SEI formation and growth: it causes loss 
of Li and is influenced by high SOC and high temperature.  

(2) Volume changes during cycling: it leads to the loss of active material 
and is enhanced by a high depth of cycle (DOC) and high C-rate.  

(3) Cracking formation from solvent co-intercalation and gas evolution: it 
causes loss of Li and the exfoliation of the graphite anode and is 
influenced by overcharge.  

(4) Binder decomposition: it results in a loss of cyclable Li and loss of 
mechanical strength and is enhanced by high SOC and high 
temperatures.  

(5) Corrosion and Li-plating: it causes a loss of cyclable Li, and possible 
unbalanced potential between cells. It is influenced by high SOC, 
overcharge, low temperatures, high C-rate. 

Accordingly, each ageing mechanism is influenced by external fac
tors. The most influential factors on capacity degradation include the 
temperature, the depth of cycle (DOC), the current rate (C-rate), and the 
SOC level [25,26,40,42]. Accordingly, an accurate battery capacity fade 
and lifetime model, which considers all possible ageing influencing 
parameters is essential for proper battery management system to predict 
the Li-ion degradation behavior under dynamic operational conditions. 
With regards this fact that Li-ion batteries age both during use (cyclic 
degradation) and during storage (calendric degradation) [43], an ageing 
model should be a superposition of calendric and cyclical ageing models 
[17,25,26]. Many studies on the estimation of calendric and cyclic 
degradation behavior of LFP/C batteries have been developed by 
considering the ageing stress factors; Among the calendric degradation 
models, the models introduced by Refs. [26,34-50] consider the de
pendency of calendric capacity fade on the storage SOC and tempera
ture; however, the calendric degradation models proposed by Refs. [44, 

45,48,49] are valid only under constant storage SOC and temperature. 
Moreover, the models introduced by Refs. [46,50] are valid under dy
namic storage temperatures but only at a constant SOC. Therefore, these 
models cannot predict the calendric ageing of batteries in applications 
that have dynamic operational profiles. Sarasketa-Zabala et al. [47] and 
Neuman et al. [25] proposed calendric ageing models that are valid 
under varying operational conditions. However, although acceptable 
prediction errors, the capacity fade models presented by 
Sarasketa-Zabala et al. [47] lack a customizable physio-chemical pa
rameters and parameter fitting procedure. Conversely, Neuman et al. 
[25] proposed a high-accurate calendric ageing model that is valid 
under variable storage conditions, i.e., varying storage temperatures and 
SOCs. This model is used in the current study as the “towards realistic 
use” calendric ageing model. Among the cycling ageing models, many 
studies have proposed estimation models by considering the specific 
cycling ageing influence parameters [26,45,48-53]. Most of the studied 
cycling ageing models are function of the temperature and C-rate, and 
some of them consider DOC and SOC windows. Only the cycling ageing 
models proposed by Neuman et al. [26] and Wang et al. [52] were tested 
with dynamic profiles. However, the cycling ageing model presented by 
Neuman et al. [26] is a high-precision model that considers all possible 
ageing influencing parameters, such as the temperature, C-rate, and 
DOC and SOC window of a battery, and was developed based on a 
long-lasting experiment and systemically validated with dynamic load 
profiles. It is worth mentioning that in Ref. [26], in order to obtain the 
pure cycle aging, the respective calendar aging was subtracted from the 
cycle aging measurement values, accordingly the average SOC of the 
cyclization is the respective influence parameter of the underlying cal
endar aging. This model is employed in the current case study as the 
“towards realistic use” pure cycling ageing model. 

Fig. 1. Flowchart of the proposed strategy for the battery simulation conducted for the current case study.  
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There are numerous studies evaluated the economic, as well as 
techno-economic viability of battery storage in different stationary ap
plications, each of which assess their systems considering several 
simplified assumptions about the estimation of battery performance, 
degradation, and lifetime. For instance, studies such as those in Refs. 
[12,54-63] assumed that the battery current-voltage characteristics, 
battery capacity and lifetime were independent of battery operation; 
Moreover, studies such as those in Refs. [64–70] assumed that battery 
capacity is life-independent and also estimated the battery lifetime 
through several lifetime model neglecting the impact of battery degra
dation. Furthermore, some studies such as those in Refs. [15,71-74] 
predicted the battery lifetime and capacity fade considering simple 
ageing models neglecting ageing influence parameters. Few studies 
evaluated their system considering the impact of both calendric and 
cyclic degradation as the fully dependent on operating parameters. A 
recent published paper [17] explicitly evaluated techno-economic 
viability of battery in a stationary application under three different 
battery ageing models, highlighted that a more realistic 
techno-economic assessment is achieved under a realistic battery ageing 
model, while ignorant or incorrect estimation of battery capacity fade 
result in improper estimation of battery lifetime and techno-economic 
assessment. However, there is still an open problem that how to run 
batteries in a practical, and economic way to prolong battery lifetime 
and to make batteries a more viable technology in real electricity market 
from life cycle cost assessment (LCCA) perspective. As already 
mentioned, both calendric and cyclic degradation rates of battery 
strongly depend on the parameters such as battery charge/discharge 
rate, storage state-of-charge (SOC), depth-of-cycle (DOC), and operating 
temperature, each of which needs to be controlled through battery 
operating control strategies to be within proper ranges. Accurate in
formation about which battery operating control strategies cause a high 
degradation rate can help to improve battery operation and extend the 
battery lifetime which lead to less frequent replacement in the appli
cation, and consequently economic profit. In most stationary applica
tions, temperature is regulated by an air conditioning system to be 
within suitable bounds. Moreover, in real-life applications, knowing 
which SOC operation window cause a low degree of capacity fade during 
both storage and operation can prolong battery life and still is an explore 
question; To the best of authors knowledge, this issue was not explicitly 
addressed by the literature in stationary battery applications area. This 
paper aims to fill this research gap by introducing different operating 
control strategies analyzing the importance of different SOC control 
strategies on battery life longevity and its techno-economic viability in 
energy arbitrage application. 

The main contributions of the present study are summarized as 
follows.  

• Understanding the importance of battery operating control strategies 
on improving cyclic and calendric degradation rates, the lifetime and 
consequently techno-economic profitability of a battery system for 

arbitrage operation in day-ahead market. It should be noted that 
finding the maximum profit from energy arbitrage application can be 
framed as an optimization problem and is out of scope of this study, 
hence, a straightforward energy arbitrage model is implemented.  

• As illustrated in Fig. 1 and Table 1, this study evaluates the different 
operating control strategies analyzing 32 different allowable SOC 
operation windows, each of which is separately given to the system 
simulation for controlling the (a) maximum allowable charge level 
(2) maximum allowable discharge level, and (3) maximum useable 
battery capacity, to evaluate at which SOC operation window the 
system simulation results in a harmless battery operation and more 
beneficial system in real power market from LCCA perspective. 

• A battery modelling scenario is implemented which is able to prop
erly estimate battery performance, i.e. voltage-current characteris
tics, capacity degradation, lifetime and battery internal states, i.e. 
SOC, and state-of-health (SOH) under dynamic operational condi
tions which are important factors for a proper battery management 
in real-life applications. The implemented ageing model is based on a 
realistic capacity fade model which estimate both cyclic and calen
dric capacity fades considering all possible ageing influence 
parameters.  

• An operational strategy, which system can benefit from the dynamic 
electricity price, is conducted to simulate the operation of the grid- 
connected battery system given different operating control strate
gies. In the evaluation, techno-economic indicators such as battery 
life cycle cost, revenue, self-sufficiency ratio and battery net present 
value are taken into account.  

• Sensitivity analysis is carried out to determine the sensitivity of 
economic results to the economic assumptions such as electricity 
spot price, the discount-rate, and the battery price per energy 
content. 

The paper is organized as follows. Section 1 is the introduction. 
Section 2 describes the methods; Section 3 presents the results and 
discussion; and Section 4 summarizes the results and draws conclusions. 

2. Methods 

Section 2.1 presents the schematic layout of the studied system. 
Sections 2.2 and 2.3 describe the case study and its local electricity 
market, respectively. Section 2.4 illustrates the battery system model
ling scenario. Section 2.5 introduces the problem definition and life 
cycle cost analysis. Finally, Section 2.6 presents the operative hypoth
eses and system operational strategy. 

Table 1 
Description of the indicators in the current study.  

Indicators Objectives  

• Hourly profile of calendric, cyclic and 
total degradation rates over battery 
life  

• Battery lifetime (LF)  
• Battery revenue  
• Battery life cycle cost assessments 

(LCCA) under real power market data 
illustrating with two indicators as 
below:  
o Economic view: battery life cycle 

cost (LCC)  
o Techno-economic view: battery net 

present value (NPV)  

• What are the impacts of different 
battery SOC control strategies on the 
‘‘indicators’’ for a grid-connected res
idential application?  

• What are the impacts of electricity spot 
price, battery price, discount rate on 
the ‘‘indicators’’ given the different 
SOC control strategies?  

Fig. 2. Schematic of the studied grid-connected battery system.  
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2.1. System schematic layout 

The schematic of the studied residential grid-connected battery 
system is shown in Fig. 2. The system consists of the AC battery with its 
own built-in inverter allowing the battery to directly convert its stored 
DC power into AC power; a temperature controller to regulate the bat
tery system temperature; an electric grid, and a load. In short, the system 
exploits the price arbitrage strategy which consists in charging the 
battery during off-peak hours and discharging the stored electricity 
during high price periods. 

2.2. Case study 

This study is conducted for a typical Swedish family house, equipped 
with district heating, with the annual electricity consumption of 4300 
kWh, which represents an average four-to-six-person household located 
in Västeras, Sweden. The hourly electricity consumption over one year is 
recorded by electric meters and the data received from the household 
owner. 

2.3. Local electricity market 

One of the flexible electricity-pricing schemes is real time pricing 
(RTP) which the customer electricity prices can vary hourly, and elec
tricity users can manage their power consumption taking advantage of 
the price arbitrage. The retail electricity price in Sweden depends on 
factors including client types, areas, local electricity market, taxes, etc. 
[75]. For the studied residential case study, the retail electricity price 
(Elr,i), as shown in Eq. (1), can be decomposed into one variable 
component, namely Electricity Spot Price, and one fixed component, 
namely Fixed fee. The Electricity Spot Price (ElSpot price) is the day 
ahead hourly price from the bidding electricity market Nord Pool [76]. 
The fixed fee includes energy tax, electricity transfer fee, value added 
tax (VAT), etc. The exported electricity is sold at the wholesale price, as 
shown in Eq. (2), which takes the ElSpot price, and some subsidies such 
as grid benefit compensation and tax reduction into account. Fig. 3 
shows the hourly Elspot price (ci) in 2021 related to bidding area SE3 in 
Sweden. The values of c2, c3, c4, c5 indicated in Eqs. (1) and (2) are 
summarized in Appendix (Table A1). 

ELr,i

( €
kWh

)
= ci + c2 + c3 (1)  

ELw,i

( €
kWh

)
= ci + c4 + c5 (2)  

2.4. Battery system 

One of the variants of Li-ion batteries which has received more 
attention for use in stationary application is Lithium-iron phosphate 
(LFP/C) due to its high safety, long lifetime, high charging/discharging 
rate, long cyclability and nontoxic material. Accordingly, in this study, 

LPF battery with the technical specifications [77] illustrated in Appen
dix (Table A2) is implemented. subsections 2.4.1-2.4.3 describe the 
battery modelling processes, internal states estimation methods, and 
operating control strategies, respectively. 

2.4.1. Battery modelling scenario 
The battery current-voltage relationship is represented by the Rint 

electrical model [78]. The model describes the charging and discharging 
terminal voltages as a function of the dynamic operating conditions, as 
illustrated in Eqs. (3) and (4). A full explanation of the studied battery 
performance model can be found in author’s previous work [17]. 

Vch,i(SOCi,T, Ii)=OCVch(SOCi, T, Ii)+ Ich,i × Rch(SOCi, T, Ii) (3)  

Vdch,i(SOCi,T, Ii)=OCVdch(SOCi,T, Ii)+ Idch,i × Rdch(SOCi,T, Ii) (4) 

The battery lifetime and capacity fade in this study are presented by a 
“towards realistic use” ageing model which was obtained and validated 
under dynamic stress profiles by Naumann et al. [25,26]. 

The total battery capacity fade at each time interval is described by 
Eq. (7) which is obtained by superimposing the calendric capacity fade 
model, as shown in Eq. (5), and pure cyclic capacity degradation model, 
as shown in Eq. (6). For more illustration, the model estimates capacity 
degradation during both storage and operation as function of all possible 
calendric and cyclic ageing influence factors, such as storage state of 
charge, cycle depth, elapsed time since the BOL, full equivalent cycle 
(FEC), cycle charge/discharge rate. A full description of the imple
mented ageing model and how to apply the model under varying 
operational conditions are given in [17]. 

Cfade,cali (SOC, time)=
(
α1(SOC − 0.5)3

+α2
)
. time0.5 (5)  

Cfade,cyci (Crate,DOC,FEC)= (β1. Crate + β2)×
(
γ1(DOC − 0.6)3

+ γ2
)

× (FEC)0.5 (6)  

Cfade,toti (SOC, time,Crate,DOC,FEC)=
(
Cfade,cali (SOC, time)
+Cfade,cyci (Crate,DOC,FEC)

)

× Cbatt,BOL

(7)  

2.4.2. Battery internal estates estimation methods 
The battery SOC and state-of-health (SOH) are two important battery 

internal states which indicate the level of charge remaining in battery 
and the level of battery degradation, respectively, and need to be tracked 
through proper state prediction methods. In this study, SOC at each time 
interval Δti is estimated by Coulomb counting method as illustrated in 
Eq. (8). The case of (S2+S3,4) ≤ 1 in Eq. (8) means battery is not 
permitted to charge and discharge at the same time. By virtue of this fact 
that Li-ion batteries characterized by the low self-discharge per month 
[79], the impact of Li-ion self-discharging is neglected in our calcula
tions. The battery SOH at each time interval Δti is represented by Eq. (9). 
The battery lifetime is defined by the elapsed time since BOL at which 
the battery SOH reaches to end-of-life battery capacity as illustrated in 
Eq. (10). 

SOCi+1 = SOCi − s2

∫
Ich,i di

SOHiCbatt,BOL
+ s3,4

∫
Idch,idi

SOHiCbatt,BOL

⎧
⎨

⎩

Ich,i < 0
Idch,i > 0

S2 + S3,4 ≤ 1
(8)  

SOHi =
Cbatti

Cbatt,BOL
× 100 =

Cbatt,BOL − Cfade,toti

Cbatt,BOL
× 100 (9)  

LF (years)=
iSOHi≤80%

8760
i= 1,…, project lifetime (hr) (10)  

2.4.3. Battery operating control strategies 
Battery operating control parameters, as shown in Eq. (11), are 

important for the proper battery management granting that the battery 

Fig. 3. The hourly profile of the Elspot price including VAT, 2021 [70].  
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operates within allowable criteria. The parameters are battery end-of- 
life (EOL) indicator, battery capacity and the maximum battery charge 
and discharge power, and battery SOC operation window. 
⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

SOHi ≤ αReplace→EOLbatt → αReplace = 80%

Pch
min,i ≤ Pbatt,i ≤ Pdch

max,i →

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

Pch
min = − Cbatti × (SOCmax− SOCmin) ×

C
6

Pdch
max = Cbatti × (SOCmax− SOCmin) ×

C
6

SOCmin ≤ SOCi ≤ SOCmax →

{
SOCmin = {10%, 20%,…, 40%}

SOCmax = {95%, 85%,…, 60%}

(11)  

In this study, δReplace = 80% is used as the battery replacement indicator, 
which indicates that the battery EOL occurs in the application when the 
battery SOH reaches 80%, matching the warranty condition of the LFP/c 
battery. In current study, a 4 kWh battery is used and its maximum C- 
rate is assumed to be 16 for both charging and discharging, which means 
battery is allowed to charge and discharge its useable capacity over 6 h. 
The battery SOC operation window defines the minimum and maximum 
allowable battery discharge and charge levels, respectively. Altering the 
allowable SOC operation window leads to the alteration of the 
maximum allowable depth of cycle, i.e., alteration of the maximum 
useable capacity, which affects the cyclic degradation rate, moreover it 
forces the battery to operate within a specific SOC level, which affects 
the calendric degradation rate. So, a proper SOC operation window leads 
to proper battery operating control and management, and lifetime 
improvement. In order to have a comprehensive evaluation, a wide 
range of allowable SOC operation windows each of which with specific 
threshold values, as shown in Eq. (11) and Fig. (1), are assumed for 
controlling (a) the maximum allowable charge level, i.e., maximum 
SOC, (b) the maximum allowable discharge level, i.e., minimum SOC, 
and (c) the maximum allowable depth of cycle of battery, i.e., useable 
battery capacity. In this assessment, for examining the impact of the 
maximum allowable charge level, a wide range of the threshold values 
from 95% to 60% with 5% interval are considered. Moreover, for con
trolling the maximum allowable discharge level, different threshold 
values from 10% to 40% with 10% interval are assumed; it should be 
noted that threshold values for lower SOC limit are altered with 10% 
interval instead of 5% as considered for upper SOC limit, due to this fact 
that experiments by authors showed that minimum SOC is less sensitive 
than maximum SOC. All the assumed SOC operation windows are set to 
cover a wide range of threshold values for the maximum allowable 
depth cycle from 20% DOC to 85% DOC with 5% interval. 

2.5. Problem definition and life cycle cost assessment parameters 

The main goal of this study is to understand the importance of the 
proper battery operating control strategies, considering a wide range of 
SOC operation windows, on calendric and cyclic degradation rates, the 
lifetime longevity and consequently techno-economic profitability of the 
battery system for price arbitrage application in day-ahead market. 

Life-cycle cost analysis (LCCA) is a tool to determine the most cost- 
effective option among different competing alternatives. Accordingly, 
in this study, two economic indicators, namely life cycle cost (LCC), 
which evaluates the system from economic point of view, and net pre
sent value (NPV), which evaluates the system from techno-economic 
point of view, are considered. 

As shown in Eq. (12), the LCC of system represents the present value 
of total cost of the system ownership over the project lifetime including 
initial investment cost (ICCbattery), maintenance and operation costs, and 
replacement costs of the battery within the project lifetime (25 years). It 
is worth mentioning that LCC does not take the system income into 
account. In contrary, as shown in Eq. (14), NPV represents the economic 

benefits of the system, which takes into account the present values of 
system costs and revenues within the system lifetime. To convert all cash 
flows into present equivalent values over the system’s lifespan, the LCC 
and NPV approaches use the discount rate. In this study, the real dis
count rate is chosen as 4% by considering the current loan rate in 
Sweden [80]. 

Eq. (15) summarizes the system revenue over project lifetime, which 
can be categorized into two parts. The first part is the electricity 
reduction revenue, which comes from the difference between the peak 
electricity prices (in which the load met by the battery (Pbatt-load,k×Elr,i)), 
and the off-peak electricity prices (in which the electricity is bought 
from the grid for charging the battery (Pgrid-batt,k×Elr,i)). The second part 
is the electricity export revenue, which means that the surplus electricity 
will be exported to the grid (Pbatt-grid, k×Elw,i). The exported electricity is 
sold at wholesale price. Another indicator is the self-sufficiency ratio 
(SSR), as shown in Eq. (16), presenting how much of the total household 
consumption (Eload) is supplied by the battery system (Eout,battery). 

LCCbattery = ICCbattery +
∑Projectlifetime

n=1

CO&M,n

(1 + Interestrate)
n

+
∑R

r=1

ICCbattery

(1 + Interestrate)
r. LF −

Salvage value
(1 + Interestrate)

Projectlifetime (12)  

Salvage value=

(

1 −
Cfade,totx(

1 − αReplace
)

)

× ICCbattery ; x=(used lifetime at the end of project) × 8760
(13)  

NPV =
∑Projectlifetime

n=1

Revenuen

(1 + Interestrate)
n − LCCbattery (14)  

Revenuetot =
∑Projectlifetime

n=1
Revenuen =

∑Projectlifetime

n=1

((
∑8760

i=1
Pbatt− load,i × Elr,i

)

n

−

(
∑8760

i=1
Pgrid− batt,i × Elr,i

)

n

+

(
∑8760

i=1
Pbatt− grid,i × Elw,i

)

n

)

(15)  

SSRbattery =
∑Projectlifetime

n=1

(
Eout,battery,n

Eload,n

)

× 100 (16)  

2.6. Operative hypotheses and system operational strategy 

In this study, a straightforward operational strategy, which system 
can take advantages from the dynamic electricity price, is proposed to 
simulate the operation of the studied residential grid-connected battery 
system over the project lifetime under 32 different operating control 
strategies. With regards the data availability and computational time, 
selecting a suitable size of data records (from a single day to a whole 
year) highly influences the final techno-economic assessment of energy 
systems [81]; accordingly, in this study, to ensure a realistic assessment, 
the system simulation is carried out given the hourly data records over 
whole year. The input data received by the system operational strategy 
are the hourly electricity consumption, dynamic real-time electricity 
price profile, battery capacity, the initial values of the battery SOC and 
SOH, and battery the operating control parameters, i.e. battery char
ge/discharge rates, battery EOL indicator, battery allowable SOC oper
ation window, as illustrated in section. 2.4. The output data of the 
operational strategy are hourly system operations data, such as the 
battery power flow, SOC, SOH, the battery calendric and cyclic capacity 
fades and battery lifetime, and techno-economic indicators such as 
SSRbattery, Revenue,tot, LCCbattery, NPV. 

In the calculations, the following assumptions are made. 

M. Shabani et al.                                                                                                                                                                                                                                



Energy 270 (2023) 126829

7

⁃ The system simulation is carried out on hourly basis assuming 25 
years project lifetime in which the implemented annual hourly 
electricity price and consumption profiles remains unchanged over 
project lifetime.  

⁃ The battery charge/discharge rates are assumed constant and equal 
to C/6 in each time interval.  

⁃ Battery is charged and discharged only once a day in which the 
battery charge/discharge durations are assumed to be constant and 
equal to 6 h under all the 32 operating control strategies, i.e. the 
battery is allowed to charge and discharge its useable capacity during 
six low and high price hours, respectively.  

⁃ The battery lifetime is not a fixed value and depends on the battery 
operation in the system, estimated through the realistic ageing model 
which takes both cyclic and calendric degradations into account.  

⁃ The battery returns to the initial state of charge at end of each 
charge/discharge cycle. 

Given each SOC operation window, the following is a brief descrip
tion of the considered operational strategy as shown in Fig. 4.  

• The 24-h ahead electricity price information is fed into the controller 
to determine system operation at time t of the day m. Accordingly, 
given each day-ahead real-time pricing (RTP) profile, the moving 
average (MA) of RTP prices in time t, corresponding to the charge/ 
discharge duration d in the day m are calculated through Eq. (17). 
Where m is an index denoting the day of the year, d is an index 
denoting the charge/discharge duration, and t is an index denoting 
the hour of the day. 

MARTPm (t)=
∑t+d− 1

k=t
RTP(k)/d ;m = 1,…, 365 days; t = 1,…, 24 − d + 1; d

= 6hr
(17) 

Fig. 4. The proposed simulation strategy.  
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• Then, the minimum and maximum values of the MA RTP profile 
corresponding to the day m are calculated, as shown in Eq. (18), to 
determine the charge and discharge start time indicators corre
sponding to the day m as shown in Eq. (19). 

MARTPm,Min =Min(MARTPm (t)); MARTPm,Max =Max(MARTPm (t)) (18)  

tch,start,m = tm@MARTPm,Min ; tdch,start,m = tm@MARTPm,Max (19)    

• If the time of the day m is within the allowable charge period of day 
m (tch,start,m ≤ tm ≤ tch,start,m + d), the battery is charged with the low- 
price grid power at the maximum allowable charge rate.  

• If the time of the day m is within the allowable discharge period of 
day m (tch,start,m ≤ tm ≤ tch,start,m + d), the battery is discharged to 
support the demand as much as possible during high price period. If 
the maximum allowable discharge power is higher than the load, the 
excess power is sold to the grid. Otherwise, the deficit power is 
supplied by the grid  

• At other times, the battery is neither charged or discharged and will 
be in the idle mode, and the demand is met by the grid.  

• At the end of the algorithm, the following steps are completed.  
- The battery SOC is updated via the Coulomb counting method, as 

described in Section 2.4.2. 
- Through battery stress detection methods, the battery ageing in

fluence parameters are detected, and both the calendric and cyclic 
capacity fades of the battery are calculated through the ageing 
models described in Section 2.4.1.  

- The battery capacity is updated based on the estimated capacity 
fade, and then the battery SOH level is updated based on the 
available battery capacity.  

• The previously described procedure is consecutively repeated until 
the battery SOH reaches the predefined EOL criterion. 

3. Result and discussion 

In this section, first the impact of different SOC control strategies on 

the indicators are compared and discussed, then the sensitivity analyses 
on economic assumptions are carried out and discussed. 

3.1. The impact of SOC control strategies on the studied indicators 

Fig. 5a shows the estimated battery lifetimes until 80% capacity fade 
due to both calendar and cycle ageing, obtained from system simulation 
given the 32 SOC control strategies, relating to a fixed battery size (4 
kWh) which operates with the charge and discharge rates of C/6, i.e. d 
= 6hr. 

Fig.5b–e shows the corresponding self-sufficiency ratio (SSR), earned 
income over project life, the battery life cycle cost (LCC), and the net 
present value (NPV), obtained given the proposed strategies. To clarify 
the reason that why each SOC control strategy results in a different 
lifetime and techno-economic indicators, Fig. 6 shows the time varia
tions of the calendric, cyclic, and total battery capacity degradations till 
battery EOL and also battery operating SOC histogram. For the sake of 
conciseness, in each of Fig.6a–b, only two SOC control strategies are 
shown as representative strategies. For example, Fig. 6a compares the 
degradation rate of two selected operating control strategy with same 
SOCmin (40%) to clarify the impact of increasing the level of SOCmax 
from 60% to 95% on the degradation rate. In contrast, Fig. 6b compares 
the degradation rate of the two selected operating control strategy with 
same SOCmax (60%) to clarify the impact of increasing the level of 
SOCmin from 10% to 40% on total ageing rate. It is worth mentioning 
that the total ageing under each modelling scenario is obtained by 
summing up the contributions of the accumulated cycling and calendric 
capacity fades. 

It can be observed from Fig. 5a that given the same allowable 
discharge level, i.e. fixed SOCmin, those operating control strategies 
which set the allowable charge levels, i.e., SOCmax, to upper levels result 
in much shorter battery lifetimes. This originates from the facts that 
increasing the allowable charge limit from 60% to 95% SOC, allows the 
battery to operate with higher voltages which considerably enhances the 
rate of cyclic ageing (see the example in Fig. 6a) due to the operating 
with deeper cycle depths, moreover, it significantly enhances the rate of 
calendric ageing (see the example in Fig. 6a) due to the storage at higher 

Fig. 5. Comparison of the (a) battery lifetimes, (b) self-sufficiency ratios, (c) ratios of the battery revenue to the initial investment cost, (d) battery life cycle costs, (d) 
battery net present values obtained under the 32 different SOC control strategies, relating to a battery capacity of 4 kWh operated under the fixed charge/discharge 
rates of C/6. 
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Fig. 5. (continued). 
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SOC levels (see the example in Fig. 6aa), which both simultaneously lead 
to the faster degradation and consequently lead to the shorter battery 
lifetime, which negatively affect the life cycle cost. On the other hand, as 
shown in Fig. 5a, given the same allowable charge levels, i.e. fixed 

SOCmax, leveling up the allowable discharge levels, i.e. SOCmin, improves 
the battery life longevity. This is because of the fact that although 
increasing the allowable discharge level from 10% to 40%, increases the 
calendric degradation rate (see the example in Fig. 6b) due to storage at 

Fig. 6. The contributions of calendric and cyclic degradation to the overall capacity loss (left figures), and the SOC histogram over battery lifetime (right figures), 
relative to (a-aa) two representative strategies with the same SOCmin = 40%, (b-bb) two representative strategies with the same SOCmax = 60%. 

Table 2 
Detailed techno-economic simulation results related to seven categorized groups of solutions.  

Group Operational 
strategy (OS) 

DOC 
(%) 

SOC 
window 

LF (yr) LF changes vs. 
that of the worst 
OS (%) 

Revenue 
(€) 

LCC (€) LCC changes vs. 
that of the worst 
OS (%) 

NPV 
(€) 

NPV changes vs. 
that of the worst 
OS (%) 

Best OS of 
each 
group 

A OS. A 85 10–95% 9 
(worst) 

0 1033 5051 
(worst) 

0 − 4018 0 OS. A 

B OS⋅B1 70 10–80% 11.6 +29% 865 4275 − 15.4% − 3410 − 15.1% OS⋅B1 
OS⋅B2 20–90% 9.9 +10% 4783 − 5.3% − 3918 − 2.5% 

C OS⋅C1 60 10–70% 12.8 +42.2% 742 3813 − 24.5% − 3071 − 23.6% OS. C1 
(2nd rank) OS⋅C2 20–80% 11.2 +24.4% 4379 − 13.3% − 3637 − 9.5% 

OS⋅C3 30–90% 9.9 +10% 4770 − 5.6% − 4028 +0.3% 
D OS. D1 50 10–60% 13.9 +54.4% 620 3651 − 27.7% − 3031 − 24.6% OS. D1 

OS. D2 20–70% 12.4 +37.8% 3986 − 21.1% − 3366 − 16.2% (1st rank) 
OS. D3 30–80% 11.3 +25.6% 4354 − 13.8% − 3734 − 7.1% 
OS. D4 40–90% 10.2 +13.3% 4610 − 7.3% − 3990 +1.1% 

E OS. E1 40 20–60% 13.6 +51.1% 495 3694 − 26.9% − 3199 − 20.4% OS. E1 
OS. E2 30–70% 12.7 +41.1% 3832 − 24.1% − 3337 − 17%  
OS. E3 40–80% 11.9 +32.2% 4176 − 17.3% − 3681 − 8.4%  

F OS⋅F1 30 30–60% 14.2 +57.8% 372 3601 − 28.7% − 3229 − 19.6% OS. F1 
(3rd rank) 

OS⋅F2 40–70% 13.7 +52.2% 3672 − 27.3% − 3300 − 17.9%  
G OS. G 20 40–60% 15.9 +76.7% 250 3390 − 32.8% − 3140 − 21.9% OS. G  
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higher SOC levels (See the example in Fig. 6bb), it significantly de
creases the cyclic degradation rate (see the example in Fig. 6b) due to the 
charge cycle with smaller depths which improve total degradation rate 
and positively affect the battery lifetime. 

Accordingly, as shown in Fig. 5b–d, given the same SOCmin, the SOC 
control strategies with upper allowable charge limit, i.e. SOCmax, result 
in the much more expensive battery life cycle costs (LCCs) due to more 
battery replacements as a result of shorter lifetime, in contrast, the self- 
sufficiency ratio and the earned income over project lifetime increase 
due to the enhancement of the battery useable capacity, implying that 
battery is allowed to buy more from and sell more to the grid which 
increases profit obtained from the price arbitrage and deliver more to 
user which increases revenue from the grid reduction. On the other 
hand, the SOC control strategies with lower allowable discharge limit 
lead to life cycle cost decrease due to the less replacement as a result of 
longer lifetimes, in contrast, the self-sufficiency ratio and the earned 
income over project lifetime increase due to the smaller cycle depths. 
From techno-economic point of view, in can be observed from Fig. 4e 
that setting allowable charge level to lower level, i.e., from 95% to 60%, 
and also keeping allowable discharge levels at lower levels, i.e. from 

40% to 10%, positively affects the net present value (NPV). 
In order to compare the detailed techno-economic simulation results 

obtained under the 32 presented SOC control strategies, the seven 
groups of solutions namely Grps. (A)–(G) (as designated in Fig. 5) are 
selected as the representative solutions and illustrated in Table 2. It is 
worth mentioning that each group consists of the operating control 
strategies which have the same DOC but different SOC operation win
dows, investigating the importance of SOC ranges on the battery ageing 
and techno-economic assessments. 

On the one hand, it can be observed from Table 2 and Fig. 5 that 
although the OS. A results in the highest income among all the proposed 
operating strategies, it is techno-economically the worst strategy leading 
to the shortest battery lifetime, the highest LCC and the lowest NPV. 
Moreover, it can be observed that the best techno-economic outcomes 
are obtained under the strategy OS. D1 leading to the 54.4% higher 
lifetime, 27.7% lower LCC, and 24.6% higher NPV, than those of the 
worst case. i.e. OS. A. Furthermore, as shown in Table 2, the OS. G re
sults in the longest lifetime and the lowest LCC with the 76.7% higher 
lifetime 32.8% lower LCC than those of the worst strategy. i.e. OS. A, 
however, the OS. G is not the best strategy from techno-economic point 

Fig. 7. (a) The contributions of calendric and cyclic degradation to the overall capacity loss, and (b) the SOC histogram over battery lifetime, relative to strategies of 
Grp. D which all have same depth of cycle of 50% with different SOC operation windows. 
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of view and ranked 3rd with 21.9% higher NPV compared to that of the 
worst case, due to leading to the lowest income. 

On the other hand, to clarify the importance of the SOC ranges and 
their impacts on improving the lifetime and the techno-economic 
assessment, Grp. D, which consist of four strategies OS. D1-OS.D4, is 
taken as an example. Fig. 7 compares the calendric, cyclic, and total 
degradation rates of all four strategies of Grp. D, illustrating the impact 
of the alteration of the SOC window given the same DOC. 

It can be observed that all four strategies of Grp. D led to the same 
income and self-sufficiency ratio, regardless of the different SOC win
dows, due to the same useable capacity and the charge cycles with same 
DOC of 50%. However, those lead to the different techno-economic re
sults, in which alteration of the allowable SOC levels to the upper levels 
significantly decrease the battery lifetime from 13.9 yr (belonging to the 
OS. D1 with SOC window of 10–60%) to 10.2 yr (belonging to the OS. D4 
with SOC window of 40–90%). The This originates from the fact that 
although the same cyclic degradation rate (see Fig. 7a, dash lines), the 
rate of calendric ageing increases as a result of the leveling up the SOC 
limits (see Fig. 7a, solid lines) due to the storage at higher SOC (see 
Fig. 7b) which lead to the electrolyte decomposition, side reaction be
tween electrolyte and cathode, and lithium deposition. Accordingly, 
selecting the SOC operation window of (10–60%) i.e. OS. D1, improve 
the LCC and NPV by 26.2% and 31.6% compared to the SOC operation 
window of (40–90%) i.e. OS. D4, implying the importance of the proper 
selection of battery SOC control strategy. 

3.2. Sensitivity analysis 

The economic assumptions about the electricity spot price, the 
discount-rate, and the battery price per energy content can influence the 
economic assessments, leading to the different revenues, LCCs, and 
NPVs. A sensitivity analysis is carried out to determine the most influ
ential parameter. 

3.2.1. Sensitivity analysis on electricity market changes 
As illustrated in section 2.3, all the results obtained on the basis of 

the electricity market price of the year 2021 which chosen based on the 
most recent full-year data availability. However, according to the elec
tricity market price statistics, in 2020, due to the covid-19, the shutdown 
of economies and the heavy rainfall in the Nordics, Sweden’s electricity 
price hit an all-time low at annual average price of 22.1 €/MWh 
(Stockholm area, SE3), around half the level that was the same time a 
year prior. Contrary, in 2021, particularly since the autumn of 2021 (i.e., 
Sep, Oct, Nov, and Dec), electricity prices showed unprecedently high 
electricity market prices across most of Europe, including in price areas 
Stockholm (SE3) with annual average electricity price of 66 €/MWh, 
300.2% higher than that of 2020, as cold temperatures increased de
mand and gas prices in Europe continue to rise. In 2022, the Sweden’s 
electricity spot prices have developed even more dramatically, in which 
the half-year’s average electricity prices (i.e., from Jan–Jun) have 
jumped to 100.5€/kWh, an increase of about 238% compared to the 
same period a year prior. Correspondingly, statistics shows that since 
second half-year of 2021, Sweden’s electricity prices is undergoing high 
electricity prices. Accordingly, as electricity market is undergoing rapid 
change, it should be studied to what extend the electricity market in
fluence the techno-economic assessment, when electricity costs change. 
In this study, three different representative electricity spot price profiles, 
as illustrated below, are separately given to the system operational 
strategy as input to evaluate sensitivity of results to the uncertainty in 
electricity market prices.  

• Electricity market price of year 2020, a representative of normal year 
with annual average electricity price of 21.2 €/MWh  

• Electricity market price of year 2021, a representative year with 
increased electricity prices at the second-half year, with annual 
average electricity price of 66 €/MWh  

• Electricity market price of year Jul21_Jun22, a representative year 
which includes high electricity prices, with annual average elec
tricity price of 95 €/MWh 

Accordingly, given each battery control strategy, the system simu
lation is repeated three times with three different electricity price pro
files. For the sake of conciseness, only two operational strategies, i.e. the 
worst control strategy (OS. A with SOC op. window: 10–95%) and the 
best control strategy (OS. D1 with SOC op. window: 10–60%), are 
selected for the current sensitivity analysis. Two examples shown in 
Fig. 8 which illustrates the sensitivity of results to the three different 
electricity price profiles. As shown in Fig. 8, under both strategies, the 
simulation based on electricity spot price of year 2020 and Jul21-Jun22, 
lead to 60% lower and 83% higher revenues compared to that of 
reference system (the system simulated based on the electricity spot 
price of year 2021) with no considerable changes in battery lifetime and 
LCCs. Accordingly, as shown in Fig. 7a, the simulation based on elec
tricity spot price of years 2020 and Jul21-Jun22, lead to 17% higher 
(negative effect) and 20% lower (positive effect) NPVs compared to that 
of reference system, implying the importance of electricity price changes 
on techno-economic results. Moreover, it can be observed given all three 
different electricity price profiles, OS. D1 lead to the smaller negative 
NPV values, than those of OS. A. 

3.2.2. Sensitivity analysis on economic assumptions 
Fig. 9 shows the sensitivity of battery NPVs to the discount-rate and 

battery price changes. It can be observed that under both strategies of 
OS. A, and OS. D1, a 75% increase in the reference discount-rate, i.e., 
4%, lead to 14% and 9% less negative (positive effect) NPV values than 
that of reference system, respectively. Moreover, a 75% decrease in the 

Fig. 8. Sensitivity of techno-economic results on three different electrcity price 
profiles, relating to (a) the worst SOC operation window; and (b) the best SOC 
operation window. 
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current discount rate, lead to 20% and 13% more negative (negative 
effect) NPV values than the reference system under OS. A, and OS. D1, 
respectively. Moreover, given different discount rates, OS. D1 always 
lead to smaller NPV values, compared to OS. A. As shown in Fig. 9b, a 
50% increase in battery price results in high negative NPVs, with 
considerable difference between the best and the worst strategy. In 
contrast, a 50% decrease in battery price dramatically improve the NPV 
values with no considerable difference between OS. A, and OS. D1. 

Overall, the results showed that battery management system highly 
influences the way to use batteries in an application. Given different 
battery SOC operating control strategies, system simulations lead to the 
different battery lifetimes, different calendric and cyclic degradation 
rates, and consequently different economic outcomes, highlighting that 
SOC operation windows, and depth of cycles are key influencing factors 
on battery lifetime and system profitability. The key results showed that 
strategies in which the battery is allowed to operate at low state-of- 
charge levels are less detrimental than those with higher state-of- 
charge levels, that noticeably improve battery lifetime, and profit
ability. The results of this study provide useful insights to the battery 
system designers and practitioners on how to use batteries in an efficient 
and practical way in order to extend battery lifetime, and properly size 
and optimize battery in real-life applications. Moreover, accurate in
formation about which battery operating control strategies cause a high 
degradation rate can help researchers how to make battery working 
within long life and high-performance operating area depending on the 
study objective functions. The results of this study were evaluated for 
LFP/C batteries, however, the methodology implemented in this study 
are applicable for other types of batteries, other case studies. 

4. Conclusion 

The following conclusions can be drawn.  

• From techno-economic point of view, simulation results showed that 
operating control strategies with low SOC levels are less detrimental 
than higher SOC levels. For more illustration, setting the allowable 
charge level to lower limits, i.e., from 95% to 60%, and also setting 
the allowable discharge levels to lower limits, i.e. from 40% to 10%, 
positively affect the battery NPV, in which the best strategy led to 
30% less negative NPV compared to the worst strategy, highlighting 
the importance of the SOC operation window on improving the 
lifetime and the LCCA of a grid-connected battery system.  

• Assuming the same allowable discharge level, the simulation results 
showed that SOC control strategies which set the allowable charge 
level, i.e., SOCmax, to lower limits from 95% to 60% led to the slower 
cyclic and calendric degradation rates and consequently much longer 
battery lifetime, which positively affect the life cycle cost and in 
contrast, negatively affect the earned income due to the diminution 

of the battery useable capacity, however, the improvement in battery 
degradation cost is noticeable compared to the revenue deteriora
tion, resulting in considerable improvement in battery NPV. .  

• Assuming the same allowable charge level, the simulation results 
indicated that although leveling up the allowable discharge levels, i. 
e. SOCmin, from 10% to 40% slightly improves the battery life 
longevity, which positively affect the battery life cycle cost, those 
result in considerable decrease in earned income, which negatively 
affect the battery NPV, because the improvement in battery degra
dation cost is imperceptible compared to the revenue deterioration.  

• Assuming strategies with the same DOC but different SOC operation 
windows, the simulation results showed that alteration of the SOC 
window to the upper levels significantly decrease the battery life
time. For more illustration take strategies belong to Grp. D, which all 
four strategies have same DOC but different SOC windows, as an 
example, it can be observed that all four strategies of Grp. D led to the 
same income regardless of the different SOC windows, however, 
those lead to the different techno-economic results in which alter
ation of the allowable SOC window from (40%–90%) to (10%–60%) 
increase the battery lifetime from 10.2 yr to 14 yr leading to 31.6% 
improvement in NPV. 
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Appendix A  

Table A1 
Characteristics of the studied Li-ion battery cells  

Parameter Value 

Battery chemistry LiFePO4/C 
Battery nominal voltage 3.2 V 
Nominal capacity 2.5 Ah 
Discharge cut-off voltage 2.5 V 
Charge cut-off voltage (V) 3.6 V 
Battery calendric lifetime until 80% capacity (LF80%

Calendar) 15 years 
Battery cycle life until 80% capacity (LF80%

Cycle) 10,000 FEC 
Battery maintenance cost (% of investment/year) 0.5% 
Battery energy specific price (€/kWh) 570   

Table A2 
Electricity price components1  

Symbol Parameter Value 

Ci ElSpot price Illustrated in Fig. 3 
C2 Energy Tax, incl. VAT 0.45 SEK/kWh 
C3 Electricity transfer fee, incl. VAT 0.2875 SEK/kWh 
C4 Grid benefit compensation 0.035 SEK/kWh 
C5 Tax reduction 0.6 SEK/kWh  
1 The cost information in this study is presented in Euro. 1EUR = 10.526 SEK; The exchange 

rate among Euro, and SEK (currency in Sweden) are based on the average monthly rate in 2022. 
The rate currency is retrieved from http://www.x-rates.com/average/. 
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