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Abstract: The application of lithium-ion (Li-ion) battery energy storage system (BESS) to achieve the dispatchability of a 
renewable power plant is examined. By taking into consideration the effects of battery cell degradation evaluated using 
electrochemical principles, a power flow model (PFM) of the BESS is developed specifically for use in system-level study. The 
PFM allows the long-term performance and lifetime of the battery be predicted as when the BESS is undertaking the power 
dispatch control task. Furthermore, a binary mode BESS control scheme is proposed to prevent the possible over-charge/over-
discharge of the BESS due to the uncertain renewable input power. Analysis of the resulting new dispatch control scheme shows 
that a proposed adaptive BESS state of energy controller can guarantee the stability of the dispatch process. A particle swarm 
optimization algorithm is developed and is incorporated into a computational procedure for which the optimum battery capacity 
and power rating are determined, through minimizing the capital cost of the BESS plus the penalty cost of violating the dispatch 
power commitment. Results of numerical examples used to illustrate the proposed design approach show that in order to achieve 
hourly-constant power dispatchability of a 100-MW wind farm, the minimum-cost Li-ion BESS is rated 31-MW/22.6-MWh.  
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1. Introduction 
Non-hydro renewable energy (RE) generation such as that 

based on wind and solar have achieved rapid development 
around the world in recent years. By the end of 2018, for 
example, the rated wind and photovoltaic power generating 
capacity in the Australian states of South Australia, Victoria 
and Tasmania has reached some 46%, 12.1% and 11.8% of the 
respective state’s generation capacity [1]. Unlike conventional 
generating units, however, such renewable generating plants 
cannot be dispatched flexibly due to the inherent stochastic 
nature of wind speed or solar irradiance. Generation reserve has 
to be arranged to counter the uncertain wind/solar input powers 
and to ensure acceptable system-level supply security and 
reliability are maintained. Unfortunately, this practice increases 
the operating costs of the power systems [2]. 
 An alternative to the provision of generation reserve is the 
use of large-scale energy storage system, and lithium-ion (Li-
ion) based battery energy storage system (BESS) has become a 
most prominent candidate for such an application [3]. This 
developmental trend is in some way aided by the maturity and 
drastic cost reduction of Li-ion battery, as is witnessed in the 
wide-spread application of this type of battery in electric 
vehicles [4]. In grid-connected application, an example is the 
100-MW/129-MWh Li-ion battery station recently 
commissioned to operate in conjunction with the 315-MW 
Hornsdale wind farm in the South Australian grid system [5]. 
Generally BESSs are installed to undertake various tasks. Often 
a BESS is viewed as a power smoothing device to reduce the 
negative impacts the perturbing solar power [6] and wind power 
[7] can cause to grids, and to achieve peak shaving [8]. In 
distribution networks in which there are high levels of 

renewable penetration, BESSs can be used through distributed 
control to provide reactive power control [9], voltage regulation 
[10] as well as ancillary services to minimize the voltage 
deviations and losses [11]. Recently, much research attention 
has also been directed toward the use of BESS to achieve the 
dispatchability of the renewables. Different BESS 
configurations are designed so that renewable power plants can 
be dispatched in a manner very much like the conventional 
thermal power stations. These include dual-battery BESSs with 
mechanically-controlled switches [12] and with power 
converters [13], as well as the BESSs incorporating 
supercapacitor [14] or superconducting magnetic energy 
storages in hybrid energy storage systems [15]. In this role, the 
BESS is to store any surplus power from the RE generators 
when the produced power is higher than the predetermined and 
committed generation schedules. Conversely, the stored energy 
in the BESS can compensate for any shortfall should the 
generated power is less than the committed schedules. In this 
way, less operating generation reserve is required and the 
overall generation cost of the grid system can be reduced as a 
result. Often such a dispatchable power plant will enjoy higher 
tariff which will be attractive to the RE operators.  
 One pertinent aspect of such a RE-BESS plant is that the 
wind turbine generators (WTG) or the photovoltaic (PV) panels 
can be expected to have a lifetime considerably longer than that 
of a Li-ion BESS, based on current state of technological 
development of the electrochemical battery [16]. And yet the 
BESS is to play a crucial role in ensuring the dispatchability of 
the renewable generators throughout the lifetime of the RE 
power plant. With given power market rules and BESS 
characteristics, the design of the BESS, which involves the 
determination of the BESS capacity as well as the BESS 
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operational strategy, can be formulated as a system-level 
optimization problem and in which cost-benefit analysis can be 
included [17]. For example, the dispatch strategy and BESS 
capacity are determined by maximizing a defined service 
lifetime/cost index, so that the short-term dispatchability of a 
wind farm is achieved [18]. A statistical approach to determine 
the capacity and the charging/discharging strategy for battery-
supercapacitor hybrid storage system is proposed in [14] to 
achieve a dispatchable wind farm. Operational planning for a 
wind‒battery system is carried out in [19] using a modified 
min-max dispatch method. A coordinated operational dispatch 
and capacity determination design approach for a BESS-wind 
farm is proposed in [20], with the view to mitigate the 
fluctuation and stochastic nature of the wind resources through 
changing the wind farm output power reference value between 
optimistic and pessimistic forecast scenarios. Based on 
Sequential Monte Carlo simulation technique, a wind farm 
incorporated with BESS is designed in [21] to track the 
generation schedule while in [22], the optimal BESS capacity 
and control strategy is studied by considering the real-time 
pricing of electricity. 

In the design of the dispatchability strategy of the renewable 
generators described in [12-15, 18-22], the battery is modelled 
either by linking the battery input/output powers through some 
algebraic relationships, or by using an empirically-derived 
equivalent circuit. One major disadvantage of these models is 
that no insights can be gained concerning the internal states and 
physical limitations of the battery, e.g., the battery state of 
health. Furthermore, the parametric values of the models need 
to be adjusted because one cannot assume the performance of 
the BESS will remain the same throughout the lifetime of the 
battery. For example, chemical reactants and active materials in 
the battery cell do interact in the course of the usage of the 
battery, which will in turn lead to degraded performance of the 
battery over time [23]. How to adjust the parametric values to 
accurately reflect the condition of the battery can be most 
challenging. In [12-15, 18-22], when the degradation of the 

battery is considered, it is simply expressed in term of the 
expected battery lifetime, maximum charging/discharging 
cycle numbers, or overall Ah-throughout. The information is 
then used for cost/benefit analysis. Many of these empirical 
methods were derived based on the cycling curves which are 
devised to reflect the typical usage patterns specifically for 
mobile applications of the battery. The long-term impact of the 
degradation on grid-connected BESS dynamic performance has 
not been fully studied and indeed, standard test profiles do not 
exist for such grid-connected BESS. In fact, the actual physical 
process leading to the cell degradation cannot be readily 
incorporated into the empirically-derived equivalent circuit 
models used in these works. 

In contrast, another category of the Li-ion battery models is 
derived from the principles of electrochemistry and 
thermodynamics. These models are able to describe the 
degradation behaviors and can be used to predict battery 
performance more accurately [24, 25]. However, such models 
are exceedingly complex as to be of practical use in power 
system design study. Even the simplified electrochemical cell 
models such as that presented in [26, 27] are not amenable for 
use in system-level planning study of BESS.  

In view of the shortcomings identified in the cited references, 
the aim of this article is to report the development of a 
numerical approach to determine the minimum-cost Li-ion 
BESS design of a dispatchable RE-BESS power plant. The 
approach is to be used in the planning study stage of a Li-ion 
BESS, through utilizing the historical data of the renewable 
power resource. The approach adapts the physics-based Li-ion 
battery model derived in [28]. It takes into consideration the two 
major causes of the degradation of Li-ion cell: that of the 
resistive film growth at the cell solid-electrolyte interphase (SEI) 
which reduces the BESS power flow handling capability, and 
the consumption of active materials in the electrodes which 
decreases the BESS energy storage capacity [24]. Hence the 
degradation will impact the determination of the BESS capacity 

 Nomenclature 
AC Annualized capital cost 𝑃𝑃�𝑔𝑔, 𝑃𝑃�𝑔𝑔,𝑓𝑓 Actual and forecasted powers generated from the renewables 
AP Annualized penalty cost 𝑃𝑃�mis Mismatch between the scheduled and delivered powers  
AR Annualized replacement cost 𝑄𝑄1

+, 𝑄𝑄1
− Electric charges stored in the electrode (Ah) 

PC Penalty cost 𝑄𝑄loss Reduced capacity due to the loss of cyclable lithium ions (Ah) 
TC Capital cost 𝑄𝑄max Ah capacity of the battery (Ah) 
𝐶𝐶1

+, 𝐶𝐶1
− Electrode capacitances (F) 𝑅𝑅1

+, 𝑅𝑅1
− Resistance of the electrode (Ω) 

𝐸𝐸1 Stored energy (Wh) 𝑅𝑅eq Equivalent lumped internal resistance of the battery (Ω) 
𝐸𝐸max Energy capacity of the battery (Wh) SOE State of energy 
𝐸𝐸�𝑏𝑏 Normalized BESS energy capacity SOH State of health 
𝐸𝐸�mis Mismatch between the scheduled and delivered energy 𝑇𝑇EOL Lifetime of the battery (years) 
𝐼𝐼1

+, 𝐼𝐼1
− Electrode currents due to the main reactions (A) 𝑇𝑇RE Service life of the renewable plant (years) 

𝐼𝐼sr Electrode current due to the side reactions (A) 𝑉𝑉1
+, 𝑉𝑉1

− Capacitor voltages or OCPs of the electrodes (V) 
𝐼𝐼bat Applied current of the battery cell (A) 𝑉𝑉bat Terminal voltage of the battery cell (V) 
𝐾𝐾𝑐𝑐 Control gain of the feedback dispatch controller 𝑉𝑉OC Open-circuit voltage of the battery cell (V) 
𝑁𝑁cell Number of the battery cells in a BESS 𝑃𝑃�𝑔𝑔, 𝑃𝑃�𝑔𝑔,𝑓𝑓 Actual and forecasted powers generated from the renewables 
𝑃𝑃𝑁𝑁 Base value of the power plant (MW) k Index of dispatch interval 
𝑃𝑃bat Terminal power of the battery cell (W) z Scheduled period for which the dispatch is committed 
𝑃𝑃�𝑏𝑏 Normalized battery power  β Binary mode coefficient 
𝑃𝑃�𝑏𝑏,max Normalized power capacity of the BESS ζ A coefficient used to indicate the end of life of the battery 
𝑃𝑃�𝑑𝑑, 𝑃𝑃�𝑑𝑑,𝑓𝑓 Actual and forecasted dispatched power  η1 Ratio of power flow P1 in 𝐶𝐶1

+ and 𝐶𝐶1
− and the power flow 𝑃𝑃bat 

𝑃𝑃�𝑑𝑑,adj Adjusted dispatched power 𝜂𝜂𝑏𝑏, 𝜂𝜂𝑑𝑑 , 𝜂𝜂𝑔𝑔 Power conversion gains of respective network components 
𝑃𝑃�𝑑𝑑,sch Power schedule submitted to the grid operator  λ Scaling factor converting power flow from battery cell to BESS 
𝑃𝑃�𝑑𝑑,ref Pre-determined power to be dispatched τ Dispatch interval (hour) 
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and operational strategy. Furthermore, this investigation also 
considers the penalty cost imposed on the RE-BESS power 
plant for those instances when the plant is unable to meet the 
dispatch commitments. The design task is then formulated as a 
nonlinear optimization problem for which a modified particle 
swarm optimization (PSO) technique is used to obtain the least-
cost solution. To the best knowledge of the authors, this is the 
first reported work which uses a dynamic degradation model of 
Li-ion BESS in a systematic BESS design study, and in the 
context of realizing a dispatchable RE-BESS power plant.  
 Accordingly, the remaining part of this manuscript is 
structured as follows: Section 2 provides the preliminary 
information essential for the development of the new 
degradation-conscious BESS model of the RE-BESS power 
plant described therein. Section 3 presents a method to design 
the operational power flow control strategy and analyzes the 
relationship between the strategy and the BESS capacity and 
state of energy control gain setting which are to be determined. 
Section 4 proposes a computational procedure to determine the 
optimal BESS design. Illustrative examples are given in Section 
5, with main findings and conclusions shown in Section 6. 

2. Development of Renewable Energy-Battery Energy 
Storage System Power Flow Model 

2.1 System description and power dispatch market rules 
While recognizing there are merits/demerits in each of the 

various possible configurations in integrating a BESS into a RE 
power plant, the schematic of Fig. 1 is adequate to relate the 
power flow relationship between the main components within 
the plant. In the figure, the renewable energy generator (REG) 
is an aggregation of WTG and/or PV panels and its associated 
power converters. The BESS, consisting of battery banks and 
converters, is inter-connected to the REG such that  

 ( ) ( ) / ( ) /g d d b bP t P t P tη η= +   (1) 

where 𝑃𝑃�𝑔𝑔 is the generated power from the REG, 𝑃𝑃�𝑏𝑏 is the power 
flow at the battery banks’ terminals, and 𝑃𝑃�𝑑𝑑  is the power 
delivered to the grid. In this study, the time index t is expressed 
in hours, and the power quantities with the overbars are in per-
unit on the RE plant rating 𝑃𝑃𝑁𝑁 (in MW) base. 𝜂𝜂𝑏𝑏  and 𝜂𝜂𝑑𝑑 are the 
power conversion gains of the respective network components. 
While 𝑃𝑃�𝑔𝑔 is always positive, 𝑃𝑃�𝑏𝑏 is a bi-directional flow. When 
𝑃𝑃�𝑏𝑏 < 0, it indicates the discharging of the BESS and 𝜂𝜂𝑏𝑏 equals 
to the reciprocal of the efficiency of the BESS converters. In 
this work, it is assumed 𝑃𝑃�𝑑𝑑 ≥ 0 : the possibility of using the 
external grid to charge the BESS is not considered. For the ease 
of analysis, 𝜂𝜂𝑏𝑏 and 𝜂𝜂𝑑𝑑 are assumed constant.  
 

As explained in the Introduction section, the role of the BESS 
is to ensure the dispatchability of the net RE-BESS plant output 
power 𝑃𝑃�𝑑𝑑. The design of the short-term dispatch strategy of 𝑃𝑃�𝑑𝑑 
depends on the objectives and the prevailing power market 
regulatory conditions under which the power plant operates in. 
Usually under modern power market rules, all participating 
generating units must submit their generation schedules to the 
transmission system operator (TSO) in advance. In this study, 
it is assumed the RE plant participates likewise in such a 
scheme. The schedules 𝑃𝑃�𝑑𝑑,sch submitted by the RE-BESS plant 

operator would be specified at constant dispatch intervals (DIs), 
with each such intervals denoted herewith as τ hours, and y 
hours ahead. Typically, τ and y have the values of 1 and 24 
respectively. However, the RE plant is allowed to submit new 
set of schedules, provided the new schedules are for periods 
which are not less than z hour(s) ahead. A typical value for z is 
2. Any mismatch in the scheduled and the actual delivered 
powers would incur financial penalty on the RE plant operator. 
Such a penalty will also be considered in the present 
investigation. 

REG (WTG, PV, etc.)

Battery
Bank

Grid

=
~

Pb
Pdηb 

Inverter
Transformer

Filter, 
Feeder, etc.

ηd 
Pg

BESS

 
 

Fig. 1. General aggregate conceptual representation of a renewable energy-
BESS power plant inter-connected to the external grid system. The arrows 
indicate the reference directions of the power flows. 

2.2 An overview of a physics-based Li-ion battery cell model 
Unlike the approaches used in existing works which utilized 

empirically-derived BESS models, the present investigation 
shall begin with a physics-based equivalent circuit model (ECM) 
of the Li-ion battery cell derived and validated in the authors’ 
previous publication [28]. This model, as shown in Fig. 2, has 
been obtained from the well-established single particle model 
(SPM) of Li-ion battery cell, and by taking advantage of the fact 
that grid-connected BESS tends to operate under low C-rate 
[29]. Furthermore, the temperature of the BESS is maintained 
at a suitable level. For the problem in hand in which the BESS 
is expected to be housed within an environmentally-controlled 
facility, this would be a reasonable assumption [29].  

Vbat(t)
Ibat(t)

+

− 

V1

C1
− 

V1
− +

‒

R1

Main reactions circuit Side reactions circuit

R1

+− 

Isr

C1
+

+− VOC(t) 

+

Rf
+− 

I1(t)
− 

I1(t) =
+

 
Fig. 2. The physics-based equivalent circuit of Li-ion battery cell derived from 
the isothermal single particle model [28]. The side-reactions current Isr is always 
in the negative direction, with the result that it increases irreversibly the amount 
of the stored electric charges in the capacitor 𝐶𝐶1

−. 
 

 The physics-based ECM shown in Fig. 2 contains a main 
reactions circuit which describes the charging/discharging 
process (i.e. intercalation/deintercalation), and a side reactions 
circuit which accounts for the battery degradation over the long 
term. In Fig. 2, 𝐼𝐼bat is the applied cell current and 𝑉𝑉bat is the cell 
terminal voltage. The relevant quantities of the main and the 
side reactions are identified with subscripts “1” and “sr” 
respectively. The two capacitors 𝐶𝐶1

+ and 𝐶𝐶1
− analogize the bulk 

storage of the lithium ions in the positive and negative 
electrodes respectively due to the main reactions. Capacitor 
voltages 𝑉𝑉1

+  and 𝑉𝑉1
−  represent the open-circuit potentials 
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(OCPs) of the corresponding electrode, while 𝑉𝑉OC = 𝑉𝑉1
+ − 𝑉𝑉1

− 
is the open-circuit voltage (OCV) of the battery cell. 
Resistances 𝑅𝑅1

+  and 𝑅𝑅1
−  represent the resistive and charge 

transfer effects due to various internal processes.  
The impact of the side reactions is studied through the 

inclusion of the side reactions current 𝐼𝐼sr and the SEI resistance 
𝑅𝑅𝑓𝑓 , as shown in Fig. 2. The side reactions culminate in the 
growth of the SEI film in the negative electrode, and it results 
in capacity fade due to the loss of cyclable lithium species. The 
details of the explanation are provided in [28]. A recapitulation 
of the ECM and an explanation of the capacity fade is included 
in Appendix A, in order to facilitate the development of a 
system-level model of the BESS in the next sub-section. In 
essence, due to the presence of 𝐼𝐼sr, the changes in the amounts 
of the electric charges 𝑄𝑄1

+ and 𝑄𝑄1
− in the two capacitors 𝐶𝐶1

+ and 
𝐶𝐶1

−  would not be the same. The relationship between the 
reduced ampere-hour (Ah) capacity 𝑄𝑄loss is given by 
 loss 1 1 max 0( ) ( ) ( ) 0Q t Q t Q t Q+ −= + − ≥  (2) 

where 𝑄𝑄max0 is the Ah capacity at the beginning-of-life (BOL) 
of the battery when it is in the pristine state. Hereafter, the 
subscript “0” is attached to the respective cell variable when the 
battery is at the BOL. 

2.3 Li-ion BESS power flow model for system-level studies 
The physics-based ECM presented in the previous sub-

section cannot be utilized directly in system-level studies of 
dispatchable power plants for two reasons. Firstly, important 
variables normally encountered in such studies include the 
BESS state of energy (SOE) [30], state of health (SOH) [8], 
stored energy 𝐸𝐸1 [14, 28, 31], energy capacity 𝐸𝐸max  [7], 
amongst other quantities. These quantities have not been 
explicitly quantified in the ECM. So there is a need to establish 
the analytical relationships between the ECM circuit variables 
with the SOE, SOH, 𝐸𝐸1 and 𝐸𝐸max.  

Secondly, the input variable of the BESS model has to be the 
power flow 𝑃𝑃�𝑏𝑏 at the BESS terminal as presented in (1), rather 
than the cell current 𝐼𝐼bat as shown in the ECM. The relationship 
between 𝑃𝑃�𝑏𝑏 and 𝐼𝐼bat can be established by assuming that all the 
battery cells in the BESS are identical, so that the cell power 
𝑃𝑃bat can be scaled up and normalized using a scaling factor λ, 
i.e. 

 cell
bat bat bat( )b

N

N
P t P V I

P
λ= =  (3) 

where 𝑁𝑁cell denotes the number of battery cells in the BESS. If 
the ECM is to be incorporated in system-level studies by 
making use of the algebraic relationship (3), an iterative 
numerical approach has to be used to solve the resulting set of 
differential algebraic equations which in turn leads to higher 
computational burden. Since the BESS model is intended for 
use in power system studies which would usually involve the 
examination of various grid system scenarios, the increase in 
solution time would be undesirable.  

To address the above-mentioned difficulties, a physics-based 
system-level Li-ion BESS model is thus proposed next. 

1) Reformulation of the state-space equation of the cell 
Following the procedure presented in Appendix B, the 

physics-based ECM can be reformulated to yield: 

 1 1 1 1 loss bat bat( , , )E P E Q P Pη= = ×  (4a) 

 loss sr 1 loss bat( , , )Q I E Q P= −  (4b) 

This new state-space battery cell model describes explicitly 
the amounts of the stored energy 𝐸𝐸1 (defined in (B.1)) and of 
the side reactions-induced loss 𝑄𝑄loss of electric charges in the 
cell. The new input variable is the battery terminal power 𝑃𝑃bat, 
as is required in power system-level studies. Also as shown in 
the appendix, the parameter 𝜂𝜂1 is defined as the ratio between 
the total power of the capacitors 𝐶𝐶1

+ and 𝐶𝐶1
−, and 𝑃𝑃bat. Such a 

model provides insightful information from which several 
battery performance indices can be derived, as follows. 
2) Energy capacity, state of energy and state of health 

The battery cell energy capacity 𝐸𝐸max at any given time can 
be defined as the difference in the amounts of stored energy on 
capacitors 𝐶𝐶1

+ and 𝐶𝐶1
− when the battery operates from the end-

of-discharge (EOD) state to the end-of-charge (EOC) state (or 
vice versa), i.e. 

 EOC EOC

EOD EOD
max loss 1 1 1 1 1 1( ) ( ) ( )

+ −

+ −

+ + + − − −= −∫ ∫
Q Q

Q Q
E Q V Q dQ V Q dQ  (4c) 

Defined this way, 𝐸𝐸max is the maximum amount of energy 
that can feasibly be stored in the cell. As when in deriving (B.1), 
due consideration is taken that 𝑄𝑄EOD

±  and 𝑄𝑄EOC
±  are functions of 

𝑄𝑄loss. Thus 𝐸𝐸max is also solely a function of 𝑄𝑄loss. 𝐸𝐸max equals 
to the shaded area under the 𝑉𝑉OC vs. 𝑄𝑄1

+ curve between 𝑄𝑄EOD
+  

and 𝑄𝑄EOC
+ , as shown in Fig. A1(a) for a given 𝑄𝑄loss. When the 

battery cell is at its BOL, by substituting 𝑄𝑄EOD
+ = 𝑄𝑄EOC

− = 0 and 
𝑄𝑄EOD

− = 𝑄𝑄EOC
+ = 𝑄𝑄max0  into (4c), one obtains the energy 

capacity 𝐸𝐸max0 of the battery cell at the BOL. 
The SOE of the battery cell is defined herewith as the ratio 

of the stored energy 𝐸𝐸1 to the energy capacity 𝐸𝐸max, i.e.  
 1 maxSOE ( ) /E t E=  (4d) 

 Clearly at any degradation state of the battery, 0 ≤ SOE ≤ 1. 
SOE is therefore a measure of the state of the stored energy in 
the battery at any given time. 

Next, a common practice in defining the cell lifetime is 
adopted: once the energy capacity 𝐸𝐸max reaches ζ times of the 
initial capacity 𝐸𝐸max0, the cell is considered to have reached its 
end of life (EOL). Typically ζ is 0.6−0.8 [32]. Hence, it can be 
readily shown that the SOH of the battery is given as  

 max

max0

1SOH
1

E
E

ζ
ζ
 

= − −  
 (4e) 

With (4e), SOH = 1 when the battery cell is at BOL, and SOH 
= 0 when it reaches the EOL state. The time for the cell to reach 
the EOL state from the BOL state is defined in this work as the 
lifetime 𝑇𝑇EOL of the cell.  

In view of (3), one can express the battery cell power in terms 
of the BESS terminal power 𝑃𝑃�𝑏𝑏 as 
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 max0
bat

0

1= ( ) ( )b b
b

E
P P t P t

Eλ
=  (4f) 

where 𝐸𝐸�𝑏𝑏0 = (𝑁𝑁cell/𝑃𝑃𝑁𝑁)𝐸𝐸max0 is the normalized BESS energy 
capacity at BOL on 𝑃𝑃𝑁𝑁 MWh base. 

Equations (4a) − (4f) allow a new power flow model (PFM) 
of the Li-ion BESS to be constructed. 

3) Discussion on the physics-based power flow model  
Fig. 3 shows the block diagram of the developed physics-

based PFM. The model has at its input the BESS terminal 
power 𝑃𝑃�𝑏𝑏,  with SOE, SOH, and 𝐸𝐸max  serve as the output 
variables. Furthermore, the model requires three look-up tables 
to determine 𝜂𝜂1, 𝐼𝐼sr, and 𝐸𝐸max, respectively, based on the cell 
terminal power 𝑃𝑃bat and the two state variables 𝐸𝐸1 and 𝑄𝑄loss. A 
graphical visualization of the relationships between 𝜂𝜂1 and 𝐼𝐼sr 
with 𝐸𝐸1 and 𝑃𝑃bat is shown in Fig. 4, which pertains to a 3.3-Ah 
lithium nickel manganese cobalt oxide (LiNiMnCoO2 or NMC) 
battery. From Fig. 4(a), it can be seen that at BOL, SOH = 1 and 
the 𝜂𝜂1 surface is relatively flat and close to the 𝜂𝜂1 = 1 plane 
because of the low value of the resistance 𝑅𝑅eq. The increase in 
the value of 𝑅𝑅eq , due to the cell degradation, results in the 
decrease of SOH and an increase in the internal losses in the 
battery. This is reflected in the lowering of 𝜂𝜂1  value during 
charging and in the rising of 𝜂𝜂1 value during discharging. From 
SOH = 1 to SOH < 1, the amount of stored energy 𝐸𝐸1 in the 
BESS relative to that at BOL reduces from 100% to some 50% 
in this example.  

SOEP1
η1(E1, Qloss, Pbat)

Pbat

Eb0

Emax0Pb

Short-term charging/discharging dynamics (fast main reaction)

Isr

Qloss

E1

SOH

Isr (E1, Qloss, Pbat)

Long-term degradation dynamics (slow side reactions)

s
1

Scaling 
factor

s
1 Eq. (4c)

Eq. (4e)

Emax

Eq. (4d)

 
Fig. 3. Block diagram of the reformulated second-order Li-ion BESS power 
flow model for power system-level studies. BESS terminal power 𝑃𝑃�𝑏𝑏  is the 
input variable, whereas the stored energy 𝐸𝐸1 and the loss capacity 𝑄𝑄loss are the 
two state variables. SOE, SOH, and 𝐸𝐸max serve as the output variables which 
can be used for the strategization of the BESS operations. 
 

Interestingly and as shown in Fig. 4(b), as the battery 
degrades, i.e., SOH < 1, the evolution of 𝐼𝐼sr  is such that in 
general, the magnitude of 𝐼𝐼sr  reduces. In view of (4b), this 
would indicate a decrease in the rate of capacity fade over time. 
This observation is consistent with the finding reported in [24, 
33]. In the developed PFM, the rate of degradation, as reflected 
by (4b), is much lower compared to the rate of change of the 
stored energy 𝐸𝐸1, as described by (4a). This can be seen from 
Fig. 4(b) that 𝐼𝐼sr tends to be very low in comparison to 𝑄𝑄max0, 
the battery rated charge capacity. So when designing the short-
term operational dispatch strategy in Section 3, one does not 
need to take into account the change in 𝑄𝑄loss, i.e., 𝑄𝑄loss can be 
assumed to be constant over the short term. However, as the 

side reactions current flow is persistent and continuous, the 
change in 𝑄𝑄loss  can be appreciable over the lifetime of the 
BESS. So for study involving the long term behavior of the 
BESS, as in Section 4, the change in 𝑄𝑄loss has to be taken into 
consideration as the change will in turn impact on 𝐸𝐸max, 𝜂𝜂1 as 
well as 𝐼𝐼sr.  

 
(a) 

 
(b) 

 

Fig. 4. Profiles of (a) 𝜂𝜂1 and (b) 𝐼𝐼sr, as functions of 𝑃𝑃bat and 𝐸𝐸1 when battery 
cell is at the BOL state (SOH = 1) and at the degradation state corresponding to 
𝑄𝑄loss = 0.5𝑄𝑄max  (SOH < 1). 𝑃𝑃bat and 𝐸𝐸1 are normalized to the BOL energy 
capacity 𝐸𝐸max0, and 𝐼𝐼sr is normalized to the BOL charge capacity 𝑄𝑄max0. 

3. Design of Battery Energy Storage System Control  
 As was explained in the Introduction section, the objective of 
this study is to determine the minimum-cost BESS energy 
storage capacity and power rating. In determining these 
parameters, however, one would need to take into account the 
BESS operational strategy. In the next sub-section, a binary 
mode BESS control scheme will be described. This control 
scheme is necessary in order to prevent the possible over-
charge/over-discharge of the BESS due to the uncertain 
renewable input power. Accordingly, the dispatch reference 
signal will have to be modified and a method to do so is also 
shown in Sub-section 3.1. Furthermore, analysis of the resulting 
new RE-BESS dispatch control scheme shows the stability of 
the dispatch process will be guaranteed through the appropriate 
design of the BESS SOE controller.  

In this section, the BESS capacity is assumed known a priori. 
Subsequently, an approach to determine the minimum-cost 
BESS energy storage capacity and power rating shall be 
described in Section 4.  

3.1 A binary mode control scheme 

 Based on the PFM of the BESS derived in Sub-section 2.3 
and the power dispatch market rules, Fig. 5 shows the schematic 
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of how the committed dispatch signal of 𝑃𝑃�𝑑𝑑 of the RE-BESS 
power plant is to be generated.  
 According to Fig. 5, the dispatch signal of 𝑃𝑃�𝑑𝑑(𝑡𝑡) is set as  

 ,sch( ) ( ) ( ) (1 ( )) ( )d d d gP t t P t t P tβ β η= + −   (5) 

The binary mode coefficient β is used to determine which one 
of the following two operating modes the BESS shall be in. 

Normal operating mode β = 1: Under this mode, the dispatch 
schedule 𝑃𝑃�𝑑𝑑,sch is deemed achievable and the delivered power 
signal 𝑃𝑃�𝑑𝑑 = 𝑃𝑃�𝑑𝑑,sch . 𝑃𝑃�𝑑𝑑  is to consist of two parts: 𝑃𝑃�𝑑𝑑,ref  and 
𝑃𝑃�𝑑𝑑,adj. First and as shown in Fig. 5, 𝑃𝑃�𝑑𝑑,ref is the predetermined 
schedule of the dispatch in the DI τ calculated based on the 
forecasted wind speed/solar irradiance and prevailing market 
rules, among other factors. As various techniques have been 
reported in the literature on such pre-scheduling [12, 13, 18-22], 
it is not the intent of the present work to develop yet another 
pre-scheduling technique. Suffice to say that the determination 
of 𝑃𝑃�𝑑𝑑,ref shall consider the limited energy storage capacity of 
the BESS, so the BESS SOE is bounded. This is to prevent the 
over-charge or over-discharge of the battery, as this can lead to 
accelerated aging or permanent damage of the BESS. If the 
forecast 𝑃𝑃�𝑔𝑔,𝑓𝑓  on 𝑃𝑃�𝑔𝑔  is perfectly accurate and the subsequent 
charging or discharging action of the BESS is such that the SOE 
is within bounds, then 𝑃𝑃�𝑑𝑑 = 𝑃𝑃�𝑑𝑑,ref =  𝑃𝑃�𝑑𝑑,sch. Unfortunately, due 
to the inevitable forecast error, the SOE may exceed the bound 
[0, 1]. Fortunately, the power market rules described earlier 
allow revised 𝑃𝑃�𝑑𝑑,sch to be submitted z hours before the power 
delivery. So a possible strategy would be to modify those 𝑃𝑃�𝑑𝑑,sch 
in DIs which are z hours ahead and beyond, by introducing an 
adjustment term 𝑃𝑃�𝑑𝑑,adj to these 𝑃𝑃�𝑑𝑑,ref, i.e.   

 ,sch ,ref ,adj( ) ( ) ( )d d dP t P t P t= +  (6) 

𝑃𝑃�𝑑𝑑,adj has to be constant too within each DI. In Fig. 5, 𝑃𝑃�𝑑𝑑,adj 
is shown generated from the SOE produced by the PFM, i.e., 
Fig. 3. Details of the control scheme to yield 𝑃𝑃�𝑑𝑑,adj  shall be 
given in the next sub-section. 
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Fig. 5. Schematic of the BESS control system showing how the RE-BESS 
dispatch signal 𝑃𝑃�𝑑𝑑 is generated from the forecast 𝑃𝑃�𝑔𝑔,𝑓𝑓. The binary coefficient β 
is used to switch between the operating modes determined by (8).  
 

Also shown in Fig. 5 is the limit placed on 𝑃𝑃�𝑑𝑑,sch due to the 
RE plant power rating 𝑃𝑃𝑁𝑁 (1 p.u.): 
 ,sch0 ( ) 1dP t≤ ≤   (7a) 

  Furthermore, as the power capacity of a typical Li-ion BESS 
is usually higher than the requirement of most grid applications, 
it is assumed that the BESS power 𝑃𝑃�𝑏𝑏 is limited by the rating 
±𝑃𝑃�𝑏𝑏,max  (in p.u. on plant rating base 𝑃𝑃𝑁𝑁 ) of the power 
converters [34, 35]: 
 ,max ,max( )b b bP P t P− ≤ ≤   (7b) 

As an illustration, consider the example of Fig. 6. Over the 
intervals t < ta, tb < t < tc, and t > td, SOE is predicted to be within 
the bounds [0, 1]. So over these periods, 𝑃𝑃�𝑑𝑑 = 𝑃𝑃�𝑑𝑑,sch, i.e., β = 1. 

Floating operating mode β = 0: due to the inaccuracies in the 
wind/solar power forecast and in order to deliver the committed 
dispatch 𝑃𝑃�𝑑𝑑,sch, a situation may arise when the BESS is called 
upon to either absorb or generate power but is unable to do so 
because the BESS is already fully-charged or fully-discharged. 
So in this mode, the RE-BESS is to deliver all the power the 
REG is generating, i.e. 𝑃𝑃�𝑑𝑑 = 𝜂𝜂𝑑𝑑𝑃𝑃�𝑔𝑔, rather than delivering the 
committed dispatch 𝑃𝑃�𝑑𝑑,sch. In this mode, 𝑃𝑃�𝑏𝑏 is zero and the SOE 
remains at its maximum (1 p.u.) or minimum (0) levels. Using 
the example of Fig. 6 again, over the period ta < t < tb, SOE = 1 
p.u., which means the battery is fully-charged. Conversely over 
the period tc < t < td, SOE = 0 and the BESS is fully-discharged. 
Over these periods, 𝑃𝑃�𝑑𝑑,sch  cannot be met and the RE-BESS 
power plant is to dispatch all the power generated by the REG. 
 The instance at which the switch-over between the two 
modes is determined based on the forecasted SOE: SOEf. SOEf 
is evaluated from the forecast 𝑃𝑃�𝑔𝑔,𝑓𝑓 whereby  𝑃𝑃�𝑏𝑏 = 𝑃𝑃�𝑔𝑔,𝑓𝑓 − 𝑃𝑃�𝑑𝑑,sch, 
and 𝐸𝐸1 is calculated using (4a), (4d) and (4f):  

 max 01
1

max max 0

( )SOE ( ) ( ) ( )
t

f b
b t t

EE t tt t P t dt
E E E

η
−∆

− ∆ ′ ′ ′= + ∫  (8a) 

Δt is a pre-specified time step, and β can then be determined: 

 
1, SOE ( ) [0,  1]

( )
0, otherwise

f t
tβ

∈
= 


 (8b) 

P d
SO

E
β

t

t

t

1

0 tb tc td

1

0

Pd,sch
Pd 

Pd,ref

Pd,adj

ta

τ τ 
kth DI (k+1)th DI

...
...

SOEf

SOE

(a)
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Fig. 6. Illustration of the profiles of (a) dispatched power reference 𝑃𝑃�𝑑𝑑,ref , 
scheduled power 𝑃𝑃�𝑑𝑑,sch and the amount of the associated adjustments 𝑃𝑃�𝑑𝑑,adj (b) 
forecasted state of energy SOEf and SOE; (c) binary mode coefficient β.  
 

3.2 Determination of 𝑃𝑃�𝑑𝑑,𝑎𝑎𝑑𝑑𝑎𝑎  

In this sub-section, the particular dispatch control strategy 
proposed in [36] will be used to demonstrate how the 
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adjustment term 𝑃𝑃�𝑑𝑑,adj is to be generated based on SOEf. First, 
assume the error ef in the forecast 𝑃𝑃�𝑔𝑔,𝑓𝑓  of the REG power is 
normally distributed and has zero mean such that 

 , ( ) ( ) ( )g f g fP t P t e t= +   (9) 

Next, set the reference of the dispatch power 𝑃𝑃�𝑑𝑑,ref for the k-
th DI as the average of the forecasted power 𝑃𝑃�𝑔𝑔,𝑓𝑓 within the DI, 

 1

,ref ,
1( ) ( )k

k

t

d d g ft
P t P t dtη

τ
+ ′ ′= ∫   (10) 

tk and tk+1 = tk + τ denote the beginning and the end times of the 
k-th DI, respectively.  

Since the forecast error ef has zero mean, the calculated 
battery power 𝑃𝑃�𝑏𝑏  will only consist of the oscillating 
components of 𝑃𝑃�𝑔𝑔,𝑓𝑓 and it shall have zero mean. As explained 
in Appendix B, 𝜂𝜂1 is a nonlinear function of 𝐸𝐸1, 𝑃𝑃bat and 𝑄𝑄loss 
of the Li-ion battery cell. So the power flow 𝑃𝑃1 in the capacitors 
𝐶𝐶1

+  and 𝐶𝐶1
−  will not have zero mean value even as the mean 

value of 𝑃𝑃�𝑏𝑏 (i.e. 𝑃𝑃bat) is zero. To calculate SOE based on 𝑃𝑃1 and 
(4d), as shown in Fig. 3, will result in a steady downward drift 
in the SOE. This will lead to the BESS being over-discharged. 
In order to prevent this from happening, it is proposed the 
adjustment 𝑃𝑃�𝑑𝑑,adj  is to be set proportional to the difference 
between SOE and its set-point value SOE*. 𝐾𝐾𝑐𝑐 is to denote the 
proportionality gain. Furthermore, as explained in Sub-section 
2.1 on power market rules, for the k-th DI, the constant 
adjustment 𝑃𝑃�𝑑𝑑,adj has already been committed at least z hour(s) 
ahead. And as 𝑃𝑃�𝑑𝑑,adj can only be updated every τ-hour, so the 
estimated SOEf is to be sampled and held for τ hour(s). 
Mathematically, it means that  

  *
,adj 1( ) [SOE SOE( )]   [ , ]d c k k kP t K t z t t t += − − ∈  (11) 

In using the strategy (11), SOE* can be specified based on the 
design objective. For example, SOE* shall be set to a relatively 
low value so as to increase the lifetime of the particular type of 
Li-ion battery considered in [36]. On the other hand, SOE* can 
be set corresponding to a mid-level, e.g., SOE* = 0.5, so as to 
allow the BESS almost equal charging and discharging 
capabilities. It is this latter philosophy the present work has 
adopted, although the presented scheme does allow the 
adjustment of SOE* to suit the type of Li-ion battery cell used. 

In Fig. 6, an example of 𝑃𝑃�𝑑𝑑,adj has been added to illustrate the 
above proposed adjustment principle.  

3.3 Adaptive tuning of Kc for long term BESS operations  

The gain setting 𝐾𝐾𝑐𝑐 will affect the dynamic performance of 
the dispatch control scheme and in this sub-section, the 
determination of suitable ranges for the parametric value of 𝐾𝐾𝑐𝑐 
shall be demonstrated. 

Σ Kc
+

− SOE*

SOE

τ-hour 
ZOH 

z-hour 
delay Pd,adj

 
Fig. 7. Block diagram of the proposed SOE controller 𝐺𝐺𝑐𝑐(𝑠𝑠) obtained when 
implementing the strategy (11) which in turn lead to a closed-loop BESS 
control system shown on Fig. 5.  

 
The operation to generate 𝑃𝑃�𝑑𝑑,adj based on (11) is shown in 

Fig. 7 in which the τ-hour zero-order hold (ZOH) and the z-hour 
delay blocks have been incorporated. The small-signal transfer 
function 𝐺𝐺𝑐𝑐(𝑠𝑠) of the control block is  

  ,adj ( ) 1( )
SOE( )

s
d zs

c c

P s eG s K e
s s

τ

τ

−
−∆ −

= ≈
∆

  (12) 

Next, using (4a) and (4d), and since  𝑃𝑃bat = (𝐸𝐸max0/𝐸𝐸�𝑏𝑏0)𝑃𝑃�𝑏𝑏, 
the comparatively fast main reactions dynamics in the PFM of 
Fig. 3 can be expressed as the transfer function 𝐺𝐺𝑏𝑏(𝑠𝑠): 

 max 01

0 max

SOE( ) 1( )
( )

b
b

b b

E KsG s
P s E E s s

η∆
= ≈ =

∆
 (13) 

where 𝐾𝐾𝑏𝑏 = 𝜂𝜂1(𝐸𝐸max0/𝐸𝐸max)/𝐸𝐸�𝑏𝑏0 . In obtaining (13), the 
following assumptions are made. First, as explained in Section 
2.3, 𝑄𝑄loss would be relatively constant over short intervals. So 
𝐸𝐸max is assumed constant over the DI. Next as shown in Fig. 
4(a), although 𝜂𝜂1  would be a function of SOE and 𝑃𝑃bat , 
however, for low C-rate application as in grid systems, 
𝑃𝑃bat/𝐸𝐸max0 would be very low and hence, 𝜂𝜂1 ≈ 1. Therefore, 
𝐾𝐾𝑏𝑏  in (13) can be considered constant for the short-term 
dispatch study. 

The ZOH and delay blocks introduce nonlinearities into the 
system. In general, a closed-loop control system containing 
ZOH and delay actions can lead to system instability if it is not 
properly designed [37, 38]. The stability issue of the dynamical 
system (12) and (13) can be studied by examining the transfer 
function (14) which governs the dispatch control process 
through regulating the BESS SOE about SOE*: 

 
*

3 2

( ) ( )SOE( )
SOE ( ) 1 ( ) ( )

2 ( 2)
2( ) 2(2 ) 4

∆
=

∆ +
− +

≈
+ + + − +

c b

c b

d b

d b d b

G s G ss
s G s G s

K K zs
zs z s K K z s K Kτ τ

  (14) 

In deriving (14), the transcendent transfer function shown as 
(12) has been approximated using the first-order Padé function 

 2
2

bs bse
bs

− − +
≈

+
  (15) 

Applying the Routh-Hurwitz criterion to (14) yields the 
following ranges for 𝐾𝐾𝑐𝑐  in order to guarantee the stability of the 
dispatch control process: 

 ,UL
2( )0
(2 )

+
< < =

+c c
b

zK K
K z z

τ
τ

 (16) 

Naturally the estimation on the upper limit 𝐾𝐾𝑐𝑐,UL could be 
improved if higher-order Padé approximation is used for the 
ZOH and delay blocks. Nevertheless, the first-order Padé 
approximation adopted here should be sufficient to demonstrate 
an important dispatch strategy design principle: (16) shows that 
the power dispatch scheme as depicted on Fig. 5 and Fig. 7 can 
be unstable if the BESS control setting 𝐾𝐾𝑐𝑐 is designed without 
considering the stipulated market rules on τ and z, and the BESS 
characteristics gain 𝐾𝐾𝑏𝑏. This is an important finding which has 
yet to be reported in the literature pertaining to the design of 
BESS control scheme, and in the attempt to achieve of 
dispatchability of RE-BESS power plant.  
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Even with the application of (16), there still remains a range 
of setting values for 𝐾𝐾𝑐𝑐 . Indeed, due to the presence of the 
battery internal resistance 𝑅𝑅eq, a persistent downward trend has 
been observed in the SOE during the dispatch process when 
similar BESS control scheme has been considered [36]. This is 
obviously an undesirable outcome. This phenomenon can be 
demonstrated by considering a hypothetical RE-BESS power 
plant which is to provide hourly-constant dispatch to an external 
grid system using the proposed feedback control scheme. The 
results of simulation studies at different values of 𝐾𝐾𝑐𝑐  are as 
shown in Fig. 8. It shows that a relatively low value on 𝐾𝐾𝑐𝑐 
setting will result in such a downward trend. While higher 
setting value on 𝐾𝐾𝑐𝑐 would impose tighter SOE regulation and 
help to eliminate this downward trend, unfortunately, this 
would incur more drastic BESS charging and discharging 
actions. The SOE will impinge on its limits more frequently, 
with the result that the dispatch commitment may have to be 
forego in order to protect the BESS from permanent damages. 
However, as will be discussed in Section 4, foregoing the 
committed dispatch will incur penalty cost to the RE-BESS 
operator. Clearly a judicious choice of setting value for 𝐾𝐾𝑐𝑐 is 
called for in order to ensure prudent BESS operations. A 
possible technique to do so is proposed, as follows. 

 
Fig. 8. Effect of 𝐾𝐾𝑐𝑐 setting value on the SOE profile. Small 𝐾𝐾𝑐𝑐 setting value can 
lead to persisting deviation of SOE from its reference value while large setting 
value of 𝐾𝐾𝑐𝑐 can cause drastic fluctuations in SOE and even unstable dispatch 
process 

 
Over the long term, the cell energy storage capacity 𝐸𝐸max and 

𝜂𝜂1 will be reduced due to the side reactions. In order to ensure 
stable dispatch operations, (16) shows that the product 𝐾𝐾𝑐𝑐𝐾𝐾𝑏𝑏 
must be less than 2(τ+z)/(2τ+z)z, a constant. It is now proposed 
that 𝐾𝐾𝑐𝑐𝐾𝐾𝑏𝑏 is to be maintained at a constant value throughout the 
lifetime of the BESS. In (13), 𝐾𝐾𝑏𝑏 is seen to be proportional to 
1/𝐸𝐸max , so 𝐾𝐾𝑐𝑐  will be tuned to be proportional to 𝐸𝐸max , as 
follows:  
 0 max max 0( ) /c cK t K E E=   (17) 

The last expression provides the following useful approach 
to the design of the BESS SOE controller: one can carry out a 
series of time-domain simulation study of the RE-BESS power 
plant based on historical wind or solar power and for a range of 
𝐾𝐾𝑐𝑐0 values. By tracking the value of 𝐸𝐸max as the BESS operates 
and adaptively tuning 𝐾𝐾𝑐𝑐 in accordance to (17), the long-term 
behavior of the BESS variables, including that of SOE and 
𝐸𝐸max, can be monitored for performance assessment. A suitable 
value for 𝐾𝐾𝑐𝑐0 can then be determined so that during the normal 
BESS operating mode, the downward drift in SOE will be 
removed while stability of the dispatch system is guaranteed. 

An example of the outcome of such a SOE controller tuning 
approach is shown in Fig. 8 where with 𝐾𝐾𝑐𝑐0  set at 0.22, the 
rather satisfactory SOE profile as represented by the blue curve 
was obtained.  

4. Determination of Battery Energy Storage System 
Power and Energy Ratings  

The next task is to extend the above numerical approach so 
that the BESS power rating and stored energy capacity can be 
determined, based on the proposed BESS control scheme 
described in the previous section. The power rating and energy 
capacity are determined by considering the capital cost of the 
BESS as well as the cost for failing to meet the dispatch power 
commitment. 

4.1 Annualized life cycle cost of the battery energy storage 
system  

The capital cost of the BESS can be considered as a function 
of the power rating 𝑃𝑃�𝑏𝑏,max of the associated power converter, 
and the battery bank stored energy capacity 𝐸𝐸�𝑏𝑏0. In this article, 
the capital cost (TC) of the BESS is expressed as 

 1 ,max 2 0TC ( )b b Nk P k E P= + ×   (18) 

where 𝑘𝑘1 and 𝑘𝑘2 are the BESS cost per MW and cost per MWh. 
Their values are obtainable from the manufacturers or the 
literature. 
 Let i be the interest rate and 𝑇𝑇RE denotes the specified service 
lifespan of the RE-BESS. Then the annualized cost (AC) of the 
BESS can be calculated from the capital recovery factor (CRF), 
i.e. 

 
RE

RE

(1 )CRF
(1 ) 1

T

T
i i

i
+

=
+ −

 (19) 

 AC TC CRF= ×  (20) 
 The annualized replacement cost (AR) of the BESS is 

 EOL
2 0

1
AR ( ) (1 ) CRF

N
mT

b N
m

k E P i −

=

= × + ×∑  (21) 

where N is the number of times the BESS will need replacement 
over the lifespan of the RE-BESS plant. As defined in Sub-
section 2.3, 𝑇𝑇EOL is the lifetime of the BESS, and as will be 
demonstrated in Sub-section 5.1, 𝑇𝑇EOL can be predicted via the 
time-domain simulation using the PFM (Fig. 3) and applying 
the control strategy proposed in Section 3. N is the next higher 
integer greater than or equal to 𝑇𝑇RE/𝑇𝑇EOL. 

4.2 Cost of failing to meet dispatch obligations 
As explained in Sub-section 3.1, there will be instances when 

the actual delivered power 𝑃𝑃�𝑑𝑑  differs from the committed 
schedule power 𝑃𝑃�𝑑𝑑,sch during the BESS floating mode (β = 0) 
operations. The amount of the mismatched energy, and/or the 
mismatched power if the specific market rule applies, will be 
used to calculate the financial penalty imposed by the TSO on 
the RE-BESS operator. The mismatched power 𝑃𝑃�mis is defined 
as 

 mis ,sch( ) ( ) ( )d dP t P t P t= −  (22) 
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The amount of the mismatched energy 𝐸𝐸�mis of the k-th DI (tk 
≤ t ≤ tk+1) is  

 1

mis, mis| ( ) |      k

k

t

k t
E P t dt+ ′ ′= ∫  (23) 

 In the present study, the amount of the mismatched energy 
will be used to calculate the financial penalty. Specifically, the 
three-tier mismatched energy penalty scheme reported in [14] 
is adopted wherein at the k-th DI, 𝐸𝐸�𝑑𝑑,𝑘𝑘 = 𝑃𝑃�𝑑𝑑,sch(𝑡𝑡𝑘𝑘) × 𝜏𝜏  is 
calculated. Then if 𝐸𝐸�mis,𝑘𝑘/𝐸𝐸�𝑑𝑑,𝑘𝑘 is less than l%, 𝐸𝐸�mis,𝑘𝑘 is deemed 
to be sufficiently low and is acceptable. It therefore attracts no 
penalty. The no-penalty energy level 𝐸𝐸�0,𝑘𝑘 is then set equal to 
𝐸𝐸�mis,𝑘𝑘 . However, if 𝑙𝑙% ≤  𝐸𝐸�mis,𝑘𝑘/𝐸𝐸�𝑑𝑑,𝑘𝑘 ≤  ℎ% , 𝐸𝐸�mis,𝑘𝑘  is sub-
divided into the no-penalty level 𝐸𝐸�0,𝑘𝑘  and the lower-tier penalty 
level 𝐸𝐸�𝑙𝑙,𝑘𝑘. 𝐸𝐸�0,𝑘𝑘 and 𝐸𝐸�𝑙𝑙,𝑘𝑘 are calculated in accordance to the rules 
given in Table 1. Finally, if 𝐸𝐸�mis,𝑘𝑘/𝐸𝐸�𝑑𝑑,𝑘𝑘 ≥  ℎ% , 𝐸𝐸�mis,𝑘𝑘  is 
divided into the three portions 𝐸𝐸�0,𝑘𝑘 , 𝐸𝐸�𝑙𝑙,𝑘𝑘  and 𝐸𝐸�ℎ,𝑘𝑘 , which are 
evaluated in the manner given in Table 1.  
 

Table 1 
Calculation of the Mismatched Energy Components. 

 𝐸𝐸�mis,𝑘𝑘/𝐸𝐸�𝑑𝑑,𝑘𝑘< l% l%≤ 𝐸𝐸�mis,𝑘𝑘/𝐸𝐸�𝑑𝑑,𝑘𝑘  < h% 𝐸𝐸�mis,𝑘𝑘/𝐸𝐸�𝑑𝑑,𝑘𝑘  ≥ h% 

𝐸𝐸�0,𝑘𝑘 𝐸𝐸�mis,𝑘𝑘 𝐸𝐸�𝑑𝑑,𝑘𝑘×l% 𝐸𝐸�𝑑𝑑,𝑘𝑘×l% 

𝐸𝐸�𝑙𝑙,𝑘𝑘 0 𝐸𝐸�mis,𝑘𝑘  ‒ 𝐸𝐸�𝑑𝑑,𝑘𝑘×l% 𝐸𝐸�𝑑𝑑,𝑘𝑘×(h‒l)% 

𝐸𝐸�ℎ,𝑘𝑘 0 0 𝐸𝐸�mis,𝑘𝑘‒ 𝐸𝐸�𝑑𝑑,𝑘𝑘×h% 

The total amount of the penalty cost PC incurred due to the 
mismatched dispatch over the lifetime of the BESS is 

 
EOL

IH , IL ,
1

PC ( )
k

h k l k N
k

C E C E P
=

= + ×∑  (24) 

where 𝐶𝐶IH  and 𝐶𝐶IL  denote the higher- and the lower-tier fix 
generation imbalance charge, respectively. 𝑘𝑘EOL = 𝑇𝑇EOL ×
365 × 24/𝜏𝜏 is the total number of DIs over the lifetime of the 
BESS.  

Finally, the annualized penalty cost (AP) is 
 AP PC CRFB= ×  (25) 

where CRFB is the capital recovery factor for the BESS, i.e.  

 
EOL

EOL

(1 )CRF
(1 ) 1

+
=

+ −

T

B T
i i

i
 (26) 

4.3 Procedure to determine the minimum-cost BESS design 
It is proposed that the determination of the optimum BESS 

power rating and energy storage capacity shall be based on the 
minimization of the overall annualized cost 𝐽𝐽, where  
 AC AR AP= + +J   (27) 
 According to (18)‒(27), it can be seen that AC is determined 
by the converter power rating 𝑃𝑃�𝑏𝑏,max  and the BESS energy 
capacity 𝐸𝐸�𝑏𝑏0  at BOL, AR is governed by 𝐸𝐸�𝑏𝑏0  and 𝑇𝑇EOL , 
whereas AP is impacted by 𝐸𝐸�mis,𝑘𝑘  and 𝑇𝑇EOL . Amongst these 
parameters, 𝐸𝐸�mis,𝑘𝑘  and 𝑇𝑇EOL  can only be obtained via time-
domain simulation, and they are in turn affected by the selection 
of design parameters 𝑃𝑃�𝑏𝑏,max, 𝐸𝐸�𝑏𝑏0 and control gain setting 𝐾𝐾𝑐𝑐0. 
So the numerical iterative procedure to search for the optimal 
combination of 𝑃𝑃�𝑏𝑏,max, 𝐸𝐸�𝑏𝑏0 and 𝐾𝐾𝑐𝑐0 involves calculating 𝑃𝑃�𝑑𝑑,ref 
based on the forecast 𝑃𝑃�𝑔𝑔,𝑓𝑓, and a set of initial values of 𝑃𝑃�𝑏𝑏,max, 

𝐸𝐸�𝑏𝑏0  and 𝐾𝐾𝑐𝑐0 . A time-domain simulation is then carried out 
based on the PFM and the control scheme shown on Fig. 3, Fig. 
5, and Fig. 7. Whence 𝑇𝑇EOL and 𝐸𝐸�mis,𝑘𝑘 are calculated, and 𝐽𝐽 is 
then evaluated.  

In this study, the search for the minimum 𝐽𝐽 is accomplished 
using PSO technique. Specifically, to minimize 𝐽𝐽, the equality 
constraints consist of the power balance equation (1), BESS 
PFM equations (4a)–(4f), and the control strategy governs by 
(5), (6), (8), (11) and (17), while (7) and (16) are the inequality 
constraints for the optimization. The above procedure is 
repeated until the least cost solution is obtained.  

PSO is a simple and effective metaheuristic optimization 
technique. The technique is initialized with some population of 
random candidates and a search algorithm to reach the global 
optimum for the defined objective function [39]. 
Mathematically for a D-dimensional optimization problem, the 
position vector x ∈ ℝD and velocity vector v ∈ ℝD of the i-th 
particle in the iteration number j are expressed as 

 ,1 ,2 ,[ ]j j j j
i i i i Dx x x=x    (28a) 

 ,1 ,2 ,[ ]j j j j
i i i i Dv v v=v    (28b) 

Each position vector represents a potential solution to the 
problem, while the velocity vector indicates the extent of 
variation in the updating procedure. The equations with which 
the velocity and the positions of the particles are updated are 
 1

1 1, 2 2,( ) ( )j j j j j j j j
i i i i i i iw c r c r+ = + − + −v v p x g x   (29a) 

 1 1j j j
i i i
+ += +x x v   (29b) 

where p is the recorded best solution for specific particle and g 
is the global optimal solution among all p. 𝑟𝑟1 and 𝑟𝑟2 are two 
random numbers between 0 and 1. 𝑤𝑤, 𝑐𝑐1 and 𝑐𝑐2 are referred as 
the inertia constant, cognitive scaling parameter, and social 
scaling parameter, respectively. These coefficients determine 
how much of each components from the previous iteration 
affect the next movement of the position vector.  

For the problem in hand, the position vector is the 3-
dimensional vector, i.e. 

 0, 0, ,max,[ ]j j j j
i b i c i b iE K P=x   (30) 

By substituting 𝐾𝐾𝑏𝑏 in (13) into (16), one obtains 

0,
0,

2( ) 10
(2 )

j
c i j

b i

zK
z z E

τ
τ
+

< <
+

      (31) 

Hence it is clear that the lower bound on 𝐾𝐾𝑐𝑐0 is 0 whereas the 
upper bound on 𝐾𝐾𝑐𝑐0  is dependent of 𝐸𝐸�𝑏𝑏0. So instead of using 
fixed search boundary for each element of x, as is often the case 
when using the conventional PSO algorithm, the search 
algorithm is modified so that a dynamic boundary satisfying 
(31) is imposed. This is achieved by checking the stability 
condition (31) for each 𝐾𝐾𝑐𝑐0,𝑖𝑖

𝑎𝑎  and then set 𝐾𝐾𝑐𝑐0,𝑖𝑖
𝑎𝑎  in accordance to 

the following rule:  
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0, 0, 0,

0,

0, 0,
0,

2( ),   if   
(2 )

2( ) 1 2( ),   if   
(2 ) (2 )

j j j
c i c i b i

j
c i

j j
c i b ij

b i

zK K E
z z

K
z zK E
z z E z z

τ
τ

τ τ
τ τ

+ < +=  + + ≥
 + +

  (32) 

With 𝐾𝐾𝑐𝑐0,𝑖𝑖
𝑎𝑎  set in accordance to (32), the stability of the 

dispatch control process will be assured.  

5. Illustrative Examples 

The purpose of this section is to firstly validate the developed 
PFM of the Li-ion BESS by comparing the results of simulation 
using this model with those obtained using other established Li-
ion battery models, and secondly, to illustrate the proposed 
BESS design methodology. A hypothetical 100-MW wind farm 
(𝑃𝑃𝑁𝑁 = 100 MW) is assumed and in order to fairly evaluate the 
performance of the BESS due to degradation, the same one-year 
wind speed data obtained from [40] was used repeatedly over 
several consecutive years to construct the long-term wind 
power generation profile 𝑃𝑃�𝑔𝑔. Based on 𝑃𝑃�𝑔𝑔, the forecasted wind 
power 𝑃𝑃�𝑔𝑔,𝑓𝑓 was then generated by assuming the error ef in the 
forecast was normally distributed with zero mean, and has the 
standard deviation of 15%, a level typical in wind power 
forecast. Next, the hourly constant schedule 𝑃𝑃�𝑑𝑑,ref  was 
calculated using (9) and (10). The wind power data was 
sampled at 1-minute interval. With regard to the specific 
prevailing market rule assumed in this study, τ = 1, z = 2, l = 
1.5, h = 7.5, CIH = $1000/MWh and CIL = $500/MWh. For the 
BESS, k1 = $100×103/MW, k2 = $200×103/MWh [14]. It is 
further assumed that 𝑇𝑇RE = 20 years, i = 8.5%, for which CRF 
is 1.075 according to (19). The battery parameters are given in 
Table A.1 for a 3.3-Ah NMC cell with 𝐸𝐸max0 = 12.5 Wh. The 
EOL of the BESS is reached when ζ is 0.6. 

5.1 Comparison with existing physics-based battery models  
As was demonstrated in the authors’ previous study [28], the 

laboratory results obtained in the standard constant-current 
constant-voltage (CCCV) cycling test reported in [24] were 
satisfactorily replicated by the physics-based ECM described 
by (A.1)‒(A.8). Furthermore, simulation results based on the 
physic-based ECM were also found to be in excellent 
agreement with those obtained based on the electrochemical 
SPM of Li-ion cell as well as by the well-established pseudo-
two-dimensional electrochemical model. Therefore the 
physics-based ECM and the electrochemical SPM are deemed 
sufficiently accurate to represent grid-connected Li-ion BESS.  

Accordingly, in this sub-section, the accuracy and the 
computational burden of the developed PFM shown as Fig. 3 
shall be compared against that of the physics-based ECM and 
the electrochemical SPM. In the present investigation, instead 
of using the CCCV test protocol, long-term simulation was 
conducted in MATLAB R2016a/Simulink 8.7 environment 
using the aforementioned dynamic multi-year wind power 
profiles. 

The outcome of the comparison of the simulation results is 
summarized in Table 2 and a snapshot of the resulting 
waveforms is shown in Fig. 9. Fig. 9(a) and Fig. 9(b) show the 
comparison of the simulated power 𝑃𝑃�𝑑𝑑  delivered to the grid, 

SOE, and BESS power 𝑃𝑃�𝑏𝑏 over a particular 12-hour period in 
the 8th year of the dispatch operations. Expanded view of 
selected interval is provided on the right. It can be seen that the 
proposed PFM is able to accurately capture the major dynamic 
behaviors of the system. The expanded plots of Fig. 9(a)‒Fig. 
9(c) show the excellent agreement between the three models on 
the predicted occurrences of the dispatch mismatch due to the 
constraints placed on the SOE and 𝑃𝑃�𝑏𝑏. When compared against 
the results obtained using the SPM, the root-mean-square errors 
(RMSEs) of 𝑃𝑃�𝑏𝑏 and SOE computed using the developed PFM 
are less than 0.4%. The predicted capacity fade profile is shown 
in Fig. 9(d). The EOL predicted by SPM, physics-based ECM 
and the proposed PFM are 2773 days, 2755 days and 2751 days, 
respectively: the differences in the predicted lifetimes are less 
than 1%.  

 
Fig. 9. Comparison of simulation results using the proposed PFM, a physics-
based ECM and SPM: (a) Dispatched power; (b) SOE; (c) BESS power and (d) 
BESS stored energy capacity. The black dotted lines indicate the relevant 
operating limits of the RE-BESS. Expanded view of selected section is shown 
on the right. In this example, 𝑃𝑃�𝑏𝑏,max = 0.4 p.u., 𝐸𝐸�𝑏𝑏0 = 0.42 p.u. 𝐾𝐾𝑐𝑐0 = 0.012.  
 

Table 2 
Comparison of the performance of the electrochemical single particle model 
(SPM), the physics-based equivalent circuit model (ECM) and the developed 
power flow model (PFM) of the Li-ion BESS.  

Model Δt RMSE (%) TEOL 
(days) 

CPU Time 
(s) 𝑃𝑃�𝑏𝑏 SOE 

SPM 5 s - - 2773 32.3 

Physics-
based ECM 60 s 0.19 0.31 2755 2.5 

Proposed 
PFM 60 s 0.23 0.34 2751 1.3 
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Furthermore, it can be seen from the last column of Table 2 
that the physics-based ECM has, compared to the SPM, reduced 
the solution time by a factor of more than 10. This is due to the 
reduction in the order of the model and the removal of the 
computational steps required to convert the BESS power to 
battery current in the ECM [28]. Further reduction on the 
solution time by a factor of almost 2 is achieved when using the 
developed PFM. This is because for this dispatchable renewable 
generation application, the required variables for the dispatch 
control, i.e., SOE, 𝐸𝐸max and SOH, are directly obtained in the 
form of the model states or outputs. As explained in Sub-section 
2.3, such reduction in the solution time is most desirable, 
considering the proposed PFM is to be used in power system 
planning and design studies in which one can expect a large 
number of scenario is to be examined.  

5.2 Optimum BESS design 
 In determining the optimum BESS design, the PSO 
algorithm was applied using c1 = c2 = 2. w and the particle 
number were selected to be 0.8 and 20 respectively. 
 Fig. 10 and Fig. 11 show the optimal solution was found after 
16 iterations, yielding 𝐸𝐸�𝑏𝑏0

opt = 0.226 p.u. (22.6 MWh), 𝑃𝑃�𝑏𝑏,max
opt  = 

0.31 p.u. (31 MW), and 𝐾𝐾𝑐𝑐0
opt = 0.016. The minimum overall 

annualized cost 𝐽𝐽 is about $1.41×106, the corresponding AC, 
AR and AP are $0.81×106, $0.38×106, and $0.22×106, 
respectively.  

 
Fig. 10. Outcome of PSO search on (a) energy capacity of BESS; (b) feedback 
control gain; (c) power rating of BESS; (d) overall annualized cost 𝐽𝐽. 

 
Fig. 11. Outcome of PSO search on the annualized capital cost of the BESS, 
annualized replacement cost of the BESS, and the annualized penalty cost.  
 

In order to verify the obtained solution is indeed the global 
optimum, a series of simulation has also been carried out to 
evaluate the overall annualized cost 𝐽𝐽 using selected (𝑃𝑃�𝑏𝑏,max, 
𝐸𝐸�𝑏𝑏0 ) combinations. 𝐾𝐾𝑐𝑐0  is then determined by minimizing 𝐽𝐽 
using the PSO technique. Fig. 12 shows the relationship 
between 𝐽𝐽  versus 𝐸𝐸�𝑏𝑏0 , for the several 𝑃𝑃�𝑏𝑏,max  selected. The 
global optimal result obtained is also shown in the figure. It can 
be seen that for a given 𝑃𝑃�𝑏𝑏,max, there is a minimum 𝐽𝐽 and the 
corresponding BESS capacity 𝐸𝐸�𝑏𝑏0

opt. When 𝐸𝐸�𝑏𝑏0 is less than 𝐸𝐸�𝑏𝑏0
opt, 

the annualized cost increases rapidly because of the 
increasingly higher penalty cost due to the mismatched energy 
and power. For 𝐸𝐸�𝑏𝑏0 above 𝐸𝐸�𝑏𝑏0

opt, the annualized cost increases 
nearly linearly because there is sufficient stored energy capacity 
to avoid the penalty, while the annualized cost increases due to 
the increase in the capital cost of the BESS. Similarly, for each 
𝐸𝐸�𝑏𝑏0, there exists an optimal 𝑃𝑃�𝑏𝑏,max, above and below which 𝐽𝐽 
increases. 

 
Fig. 12. Relationship between the annualized cost versus BESS energy capacity 
at different power rating levels. 
 

Fig. 13 shows the relationship between the battery lifetime 
𝑇𝑇EOL  versus BESS energy capacity 𝐸𝐸�𝑏𝑏0 , for selected BESS 
power rating 𝑃𝑃�𝑏𝑏,max. As expected, with an increase in the BESS 
capacity, the battery lifetime can be prolonged as the current 
rate will be reduced for individual cell. On the other hand, an 
increase in the BESS power rating beyond about 0.4 p.u. does 
not result in significant reduction in the battery lifetime. This is 
because in this example, the occurrence of battery power higher 
than 0.4 p.u. is rarely seen. Calendar life of a battery is defined 
as the battery lifetime under no load condition. Hence, the 
calendar life of the particular BESS considered in this example 
is seen to be about 9.3 years when one extrapolates the results 
shown on Fig. 13 to the condition of 𝑃𝑃�𝑏𝑏,max approaches zero 
while 𝐸𝐸�𝑏𝑏0 is very high. In the course of undertaking the dispatch 
control task, however, the lifetime of the optimally designed 
BESS has been reduced to some 7.6 years.  
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Fig. 13. Relationship between battery lifetime 𝑇𝑇EOL versus BESS capacity 𝐸𝐸�𝑏𝑏0 
at selected power ratings.  

6. Conclusions 
The present study has developed a planning methodology for 

determining the capacity of lithium-ion (Li-ion) battery energy 
storage system (BESS) which is tasked to realize the 
dispatchability of a renewable power plant. In order to evaluate 
the impact of the side reactions-induced degradation of the 
BESS on the intended task, a general second-order power flow 
model (PFM) of the Li-ion batteries has been developed based 
on the electrochemical principles of Li-ion cell. The long-term 
performance and lifetime of the BESS can be more accurately 
predicted as the BESS undertakes the power dispatch control 
function. By considering the de-stabilizing actions of the delays 
introduced by power market rules, bounds have been 
established on the gain setting of the developed BESS state of 
energy control scheme. The proposed technique to adaptively 
adjust the gain setting of the new battery management scheme 
will prevent the overcharge or overdischarge of the BESS. 
Annualized capital cost of the battery system is then weighted 
against the penalty cost when the dispatch power commitment 
is violated. The optimal BESS stored energy capacity and 
power rating are then simultaneously determined using a 
modified particle swarm optimization algorithm, while the 
stability of the feedback control process to effect adjustments 
in the dispatch schedule is guaranteed. The proposed 
methodology therefore provides a general and flexible 
framework for system-level planning study of minimum-cost 
BESS design. Numerical examples used to illustrate the 
proposed design approach show that for a hypothetical 100-
MW wind farm to achieve hourly-constant power 
dispatchability, it requires the incorporation of a 31-MW/22.6-
MWh Li-ion BESS into the RE-BESS power plant. 
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Appendix A 
  From [28], the continuous-time dynamic model of the 

physics-based ECM shown in Fig. 2 is governed by 

 1 1 1 1( ) ( ) ( )Q t C V t I t± ± ± ±= =   (A.1) 

bat 1 1 1 1 1 1( ) ( ) ( ) ( ) ( ) ( )+ + + − − − = + − + + fV t V t R I t V t R R I t  (A.2) 

 1 bat( ) ( )+ =I t I t  (A.3) 

 1 bat sr( ) ( ) ( )− = − −I t I t I t  (A.4) 

 1 1 1( )VV f Q± ± ±=  (A.5) 

 1 1 1( )RR f Q± ± ±=  (A.6) 

 sr Isr 1 bat( , ) 0I f Q I−= <  (A.7) 

 sr( ) ( )f fR t K I t= −  (A.8) 

With symbol “±”, each of (A.1), (A.5) and (A.6) represents 
two equations: one for positive electrode (denoted by the 
symbol “+”) and one for the negative electrode (denoted by the 
symbol “‒”). 𝑉𝑉1

± , 𝑅𝑅1
± , and 𝐼𝐼sr  are expressed as nonlinear 

functions of the state variables 𝑄𝑄1
± and the input variable 𝐼𝐼bat. 

The functional relationships 𝑓𝑓𝑉𝑉1
± , 𝑓𝑓𝑅𝑅1

±  and 𝑓𝑓Isr
±  can be 

determined from the electrochemical characteristics of the 
electrode materials. Furthermore, in the present investigation, 
the main findings following the analysis given in [28] can be 
summarized as follows. 

The resistances can be expressed as 
DiffusionElectrolyte

2sep
OCP

1 sep
eff eff eff ,max

Activation

0
eff ,max

( )( )1 2( )
2 105

1 1
(1 )

p

s s s

g

s e

RfL L LR
A AL F c D

R T
FAL a r c c

θ
κ κ κ ε

θ θ

+++ −
+ +

+ − + + + +

+ + + + + +

′−
= + + +

+
−
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′−
=
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 (A.10) 

The physical meaning of the parameters are given in Table 
A.1. The material-dependent relationship 𝑓𝑓OCP±  between 𝑉𝑉1

± 
and the normalized concentration 𝜃𝜃±  are obtained from [41] 
(for NMC positive electrode) and [28] (for graphite negative 
electrode): 

2 3
OCP

4

( ) 6.0826 6.9922 7.1062( ) 2.5947( )

0.54549 10 exp(124.23 114.2593)

f θ θ θ θ

θ

+ + + +
+

− +

= − + −

− × −
 

 (A.11) 

 

0.5 1
OCP

1.5

( ) 0.7222 0.1387 0.029( ) 0.0172( )

0.0019( ) 0.2808exp(0.9 15 )
0.7984exp(0.4465 0.4108)

f θ θ θ θ

θ θ

θ

− − − − −
−

− − −

−

= + + −

+ + −

− −

 

 (A.12) 
 Also, the functional relationship 𝑓𝑓Jsr  between the negative 
electrode side-reaction current density 𝐽𝐽sr , 𝜃𝜃−  and 𝐼𝐼bat  is 
assumed known [28]: 

 sr sr Jsr bat( , )I AL J AL f Iθ− − −= = ×  (A.13) 

Using the expressions (A.14) and (A.15) shown below, 
substituting 𝑄𝑄1

± for 𝜃𝜃± into (A.9)‒(A.13) yields (A.5)‒(A.7). 

 0% 1
,max

3600( ) ( )
s s

t Q t
AL F c

θ θ
ε

+ + +
+ + += −  (A.14) 

 100% 1
,max

3600( ) ( )
s s

t Q t
AL F c

θ θ
ε

− − −
− − −= −  (A.15) 

An example of the relationships between 𝑉𝑉OC , 𝑉𝑉1
+ , 𝑉𝑉1

− and 
the electric charges stored in the capacitors when the battery is 
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at its BOL state is shown by the black solid curves in Fig. A1. 
The capacity fade can be explained using Fig. A1 as follows: 

First, define the EOD state of the battery as that when 𝑉𝑉OC 
has reached the pre-specified cut-off voltage level 𝑉𝑉EOD  as 
indicated in Fig. A1(a). The corresponding amount of electric 
charges on 𝐶𝐶1

+  and 𝐶𝐶1
−  are denoted as 𝑄𝑄EOD

+  and 𝑄𝑄EOD
−  

respectively, as shown in Figs. A1(b) and (c). Similarly, define 
the EOC state when 𝑉𝑉OC  is 𝑉𝑉EOC , and 𝑄𝑄EOC

+  and 𝑄𝑄EOC
−  are the 

corresponding charges on 𝐶𝐶1
+  and 𝐶𝐶1

− , respectively. The Ah 
capacity of the battery is 𝑄𝑄max = 𝑄𝑄EOD

+ − 𝑄𝑄EOC
+ = 𝑄𝑄EOD

− −
𝑄𝑄EOC

− . In this investigation, the Ah capacity at BOL is denoted 
as 𝑄𝑄max0, with subscript “0” indicating the variable at the BOL, 
wherein 𝑄𝑄EOD0

+ = 𝑄𝑄EOC0
− = 0 and 𝑄𝑄EOD0

− = 𝑄𝑄EOC0
+ = 𝑄𝑄max0.  

As the battery is put into operation and if one were to ignore 
the side reactions current, capacitor currents 𝐼𝐼1

+ and 𝐼𝐼1
− would 

be identical except that they are in opposite flow directions. So 
the electric charges 𝑄𝑄1

+  on 𝐶𝐶1
+  would change by the amount 

Δ𝑄𝑄1
+ which would be exactly matched by the change Δ𝑄𝑄1

− in the 
amount of charges 𝑄𝑄1

− on 𝐶𝐶1
−. This is reflected by the changes 

in the operating points A to A′ on the positive electrode, and B 
to B′ on the negative electrode on the black curves in Figs. A1(b) 
and (c) during a battery discharging process. 

The presence of 𝑄𝑄loss can be incorporated into Fig. A1 by 
shifting the horizontal axis of the OCP vs 𝑄𝑄1

− diagram to the 
right by an amount of 𝑄𝑄loss, with respect to the horizontal axis 
of the OCP vs 𝑄𝑄1

+ diagram. The new OCV vs. 𝑄𝑄1
+ curve, with 

the irreversible loss of charges included, is indicated by the red 
curve in Fig. A1(a). The new OCV curve intersects the battery 
terminal voltage limit lines 𝑉𝑉EOD and 𝑉𝑉EOC to yield the revised 
𝑄𝑄EOC

+  and 𝑄𝑄EOD
+  values shown there. It can be seen from the 

figure that 𝑄𝑄EOD
+  tends to shift more to the right than 𝑄𝑄EOC

+ , 
which therefore clearly reflects a reduction in the storage Ah 
capacity of the battery. 

Taking the time derivative of (2) and using (A.1), (A.3), and 
(A.4) yields 

 loss 1 1 sr( ) ( ) ( ) ( )Q t Q t Q t I t+ −= + = −    (A.16) 

Equation (A.16) indicates that the capacity fade is the result 
of the presence of the side reactions current 𝐼𝐼sr. In fact, the side 
reactions culminate in the growth of the SEI layer in the 
electrode, which then appears in the ECM in the form of the SEI 
resistance 𝑅𝑅𝑓𝑓  shown in (A.8). Using (A.8) and (2), 𝑅𝑅𝑓𝑓  can be 
express as  

 0 loss( ) ( )f f fR t R K Q t= +  (A.17) 

where 𝑅𝑅𝑓𝑓0 = 𝑟𝑟𝑓𝑓0
− /(𝐴𝐴𝐿𝐿−𝑎𝑎−) is the SEI resistance at the BOL. 

Therefore, it can be seen that 𝑅𝑅𝑓𝑓 is a linear function of 𝑄𝑄loss and 
in view of (2), 𝑅𝑅𝑓𝑓 is in turn a dependent variable of the state 
variables 𝑄𝑄1

±. Hence, this ECM is a second-order system. 

Appendix B 
The amount of stored energy 𝐸𝐸1 (in Wh) in a battery cell is 

given by the difference in the energies stored on 𝐶𝐶1
+ and 𝐶𝐶1

−, as 
the two capacitors are series-connected but with the opposite 
polarity. Since the battery has been prevented from operating 
when its terminal voltage is below 𝑉𝑉EOD, one could define 𝐸𝐸1 =
0 at the EOD state. Hence for any given 𝑄𝑄1

+ and 𝑄𝑄1
−,  

 1 1

EOD EOD

1 1 1 1 1 1 1

1 1 1 1 1 1

( , ) ( ) ( )

( ) ( )
Q Q

Q Q

E Q Q E Q E Q

V Q dQ V Q dQ
+ −

+ −

+ − + + − −

+ + + − − −

= −

′ ′ ′ ′= −∫ ∫
 (B.1) 

As 𝑄𝑄EOD
±  and 𝑄𝑄EOC

±  can be expressed as functions of 𝑄𝑄loss [28] 
and in view of (2), 𝑄𝑄EOD

±  and 𝑄𝑄EOC
±  can in turn be expressed as 

functions of 𝑄𝑄1
+ and 𝑄𝑄1

− too. Hence in (B.1), 𝐸𝐸1 is shown as a 
function of 𝑄𝑄1

+ and 𝑄𝑄1
−. Furthermore, 𝑄𝑄loss is also a function of 

𝑄𝑄1
+ and 𝑄𝑄1

− according to (2). 
From the circuit structure of the ECM, it can be seen that the 

stored energy 𝐸𝐸1  increases continuously as 𝑄𝑄1
+  increases, as 

well as when 𝑄𝑄1
− decreases. Hence, by considering (2), it can be 

seen that the following Jacobian determinant is non-zero, i.e.  

Table A.1  
Li-ion battery model parameters for an NMC cell [41]. 

Symbol Physical Meaning (Unit) Parameters 
Positive Electrode (+) Separator (sep) Negative Electrode (‒) 

𝑅𝑅𝑝𝑝 Particle radius (m) 0.7×10‒6 - 12.5×10‒6 
𝐷𝐷𝑠𝑠 Solid phase diffusion coefficient (m2·s‒1) 8.0×10‒14 - 8.8×10‒14 
𝑎𝑎 Specific surface area of electrode (m‒1) 2.01×106 - 1.176×105 
𝐿𝐿 Thickness of the electrode (m) 165×10‒6 30×10‒6 103×10‒6 
𝜀𝜀𝑠𝑠 Volume fraction of the solid phase 0.47 - 0.49 

𝑐𝑐𝑠𝑠,max Maximum solid phase concentration (mol·m‒3) 49500 - 30555 
𝜃𝜃0% Stoichiometry for a fully-discharged battery at BOL 0.735 a - 0.03 a 

𝜃𝜃100% Stoichiometry for a fully-charged battery at BOL 0.39 - 0.89 
𝑟𝑟𝑓𝑓0 Specific SEI film resistance at BOL (Ω·m2) 0 - 0.001 
𝜅𝜅eff Effective electrolyte conductivity (S·m‒1) 0.3695 0.2214 0.3445 
𝐹𝐹 Faraday constant (s·A·mol‒1) 96487 
𝑇𝑇 Battery temperature (K) 298.15 

𝑅𝑅𝑔𝑔 Universal gas constant (J·K‒1·mol‒1) 8.314 
𝑐𝑐𝑒𝑒

0 Average electrolyte concentration (mol·m‒3) 1200 
𝐴𝐴 electrode plate area (m2) 0.093 a 

𝑄𝑄max0 Ah-capacity at BOL (Ah) 3.3 
   

a: Re-calibrated for a cell with 3.3 Ah capacity, and voltages at EOC and EOD are 4.2 V and 3.32 V respectively. 
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1 1
1 1

1 1 1 1
1 1

loss loss 1 1

1 1

0
1 1

E E
E E

Q Q E EQ Q
Q Q Q Q
Q Q

+ −
+ −

+ −

+ −

∂ ∂
∂ ∂

∂ ∂ ∂ ∂
∂ ∂= = = − >

∂ ∂ ∂ ∂
∂ ∂

J  (B.2) 

According to inverse function theorem [42], in view of (B.2) 
and the nonlinear transformation from (𝑄𝑄1

+, 𝑄𝑄1
−) ∈ ℝ2 to (𝐸𝐸1, 

𝑄𝑄loss ) ∈ ℝ2 has unique continuation property, the inverse 
functions of (2) and (B.1) are guaranteed to exist. Thus 𝑄𝑄1

+ and 
𝑄𝑄1

− can be expressed as explicit functions of 𝐸𝐸1 and 𝑄𝑄loss, i.e., 

 1 1 loss( , )± ±=Q g E Q  (B.3) 

Substituting (B.3) into (A.5)‒(A.7) yields 

 1 1 loss( , )± ± ±= VV f g E Q  (B.4) 

 1 1 loss( , )± ± ±= RR f g E Q  (B.5) 

 sr sr 1 loss bat( ( , ), )− −= VI f f g E Q I  (B.6) 

where “∘” is the notation for function composition. 

Qmax,00

Q1
‒

Q1
+

Usr,ref 
V1 

‒

V1
+

Qmax,0 0

‒

A

BB' 

A' 

ΔQ1
+

ΔQ1
‒

B'' 

Qloss

Q1
+

VEOC

VEOD

Qmax,0 QEOCQEOD
+

QEOD
+

QEOD
‒

+

VOC = V1
+‒V1

‒ 

Emax

(a)

(b)

(c)

V1 
‒

0

BOL Degraded 

0

 
Fig. A1. Typical relationships between OCV, V1

+, V1
‒, Q1

+, Q1
‒ and Qloss: (a) 

OCV vs Q1
+; (b) Positive electrode OCP vs Q1

+; (c) Negative electrode OCP vs 
Q1

‒. The black solid curves are pertaining to the cell at the BOL state. Fig. A1 
(c) has been shifted along its horizontal axis to the right by an amount Qloss to 
yield the new plot shown in red to account for the cell degradation. This in turn 
leads to the phenomenon of capacity fade as reflected by the reduction in the 
feasible QEOC

+ to QEOD
+ operating range in Fig. A1(a), compared to that at the 

BOL state.  
 
 Next, since 𝐼𝐼sr tends to be much smaller in comparison to 
𝐼𝐼bat, a new parameter 𝜂𝜂1 can now be introduced. 𝜂𝜂1 is defined 
as the ratio between the power flow 𝑃𝑃1 in the capacitors 𝐶𝐶1

+ and 
𝐶𝐶1

− and the power flow 𝑃𝑃bat at the battery terminals. With the 
assumption 𝐼𝐼sr ≪ 𝐼𝐼bat , and considering 𝑃𝑃1 = 𝑉𝑉OC𝐼𝐼bat  and 
𝑃𝑃bat = 𝑃𝑃1 + 𝑅𝑅eq𝐼𝐼bat

2 , 𝐼𝐼bat
2  and 𝜂𝜂1 can be expressed as: 

 2
bat OC eq bat OC eq( 4 ) / (2 )I V R P V R= + −  (B.7) 

 
2

eq bat1 1
1 2 2

bat 1 eq bat 1 eq bat

1= = = −
+ +

R IP P
P P R I P R I

η  (B.8) 

where 𝑅𝑅eq = 𝑅𝑅1
+ + 𝑅𝑅1

− + 𝑅𝑅𝑓𝑓 , represents the total internal 
resistance. Clearly, (B.8) indicate that 𝜂𝜂1 < 1  during battery 
charging (𝑃𝑃1 > 0), 𝜂𝜂1 > 1 during battery discharging (𝑃𝑃1 < 0), 
and 𝜂𝜂1 = 1 at no load condition. Noting that the 𝑉𝑉OC = 𝑉𝑉1

+ −
𝑉𝑉1

−, and substituting (B.4) and (B.7) into (B.8) and (B.6), 𝜂𝜂1 
and 𝐼𝐼sr  can then be expressed as functions of the new state 
variables 𝐸𝐸1 and 𝑄𝑄loss, and the input 𝑃𝑃bat. These functions are 
shown as (4a) and (4b), having taken into consideration of the 
relationship (A.15). 
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