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ARTICLE INFO ABSTRACT

Keywords: Li-ion batteries are being increasingly used in stationary applications, allowing for greater autonomy
Battery Degradation, and facilitating the integration of renewable energies. However, these devices lose their capacity over
Energy Management time, especially during their so-called second life. This degradation affects the operation of the system
Strategy, and its cost, and must be taken into consideration if an optimal management is to be found. In this
Microgrid Design, work, we present a framework for the integration of the battery aging in a microgrid design and energy
Dynamic Programming management problem. To do so, we first propose a method to simplify a reference model for cyclic

degradation of batteries. The results show that the battery loss of capacity shall be compute on a weekly
to monthly basis to accurately keep track of degradation effects. Also, at a first order, we show that
ageing is dependent with the initial battery State of Health at every update and the energy exchanged
normalized by the nominal capacity. This simplified model formulated with Mixed Integer Linear
Programming is integrated in a management problem of an isolated energy system for cost
minimization. Optimization results show the necessary trade-off between storage degradation and
overall system performances. Finally, a tailored dynamic programming is proposed to simulate
successive years for the optimal sizing of the considered system in terms of battery capacity and its
replacements. Compared to the proposed approach, not accounting for the storage degradation leads
to inaccurate results and significant cost underestimations (> 20%).

1. Introduction

The transition towards future energy systems requires a reduction in the consumption and use of fossil
fuels, as well as an increased deployment of Renewable Energy Sources (or RES). A recent study from the
IEA predicts that more than 80 percent of people gaining access to electricity by 2030 will be partly or entirely
supplied by RES [1]. These sources are usually associated with storage devices, such as Li-ion Batteries (L1BS),
to alleviate the generation intermittence and increase the systems controllability and flexibility.

Furthermore, the recent growth of the Electric Vehicle (EV) market is responsible for a steadily
increase in the demand of LIBs, with an estimated demand of hundreds of GWh in the years to come [2]. These
EV batteries can be reused in less critical applications once they lose a certain amount of their capacity: the
so-called Second Life Batteries (SLBs) — typically 20 % loss of nominal capacity. Therefore, the further
deployment of LIBs in stationary applications is a certainty, which brings new technologic and scientific
challenges.

Extensive work has been done in the modelling of batteries and their ageing [3]-[9]. However, most
works concentrate on characterizing LIBs in well-known conditions, such as repetitive charging profiles under
constant current. Studies have shown that battery life vary significantly under different cycling conditions [10].
Their inclusion in real systems entails new challenges, notably concerning the uncertain utilisation of the
battery and the integration of its ageing into an optimisation problem. Especially, finding the optimal size,
operation and number of battery replacements required can quickly become a complex task with nonlinear
degradation models, even more so considering the context of distributed generation [11]. Some recent works
have been developed towards the integration of battery degradation in an Energy Management System (EMS)
and will be mentioned in the following paragraphs.

A first possibility is to consider an ageing model as a tool of analysis, decoupled from the system
operation. This approach generally consists of (i) finding an economically optimal operation of the system
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over a period of time, (ii) estimating the battery ageing over this period and (iii) repeating the process until the
end of life of the batteries. Such an approach is used in [12] to calculate the break-even cost for SLBs. In [13],
the most cost-effective storage system size is found for several categories of residential consumers. The need
of several battery replacements under certain system planning conditions is shown in [14]. The level of ageing
modelling and its impact on lifetime estimations is studied in [15]. This type of hindsight approach has the
advantage of allowing the use of more accurate models and giving a notion of the technical-economic
performance of a solution. However, there is a clear limitation in that these factors are not taken into account
at the time of the decision (e.g. optimisation).

Integrating ageing into an EMS means including one or more equations in the optimisation problem
(e.g. in the form of a constraint) with the aim of limiting battery degradation. However, doing so is not an easy
task, mainly because of two limitations: (i) detailed ageing models are often highly non-linear and/or non-
convex, due to the need of considering several stress factors that affect battery degradation; (ii) for cycling
ageing, identifying the main stressors (such as the cycle depth and the average State of Charge (SoC)) requires
cycle counting algorithms (such as the Rainflow algorithm [16]) over a given period of time, who often do not
have a closed form, making its integration into an optimisation problem difficult.

To circumvent these difficulties, several authors have proposed solutions with different levels of
complexity. A first very simple solution is to consider constraints that are known to limit battery ageing, but
that do not constitute an ageing model per see - for example, limiting the battery SoC boundary values [12],
the maximum power [17] or the number of cycles in a time period [17], [18]. Another approach is to
concentrate on simplifying the classification of cycles: some authors consider discrete depth of discharge
intervals and the notion of cycles to failure to estimate the battery life [19], [20], whereas other works propose
simplified versions of the Rainflow algorithm [21], [22]. These approaches are often limited in the sense that
the only battery stress factor considered is the depth of discharge.

Moving towards more complete solutions, we can mention those that use the notion of energy
exchanged by the storage [23]. This consists of using data from battery manufacturers to find the amount of
complete equivalent cycles for certain conditions. Equations are then added to limit this energy: this is part of
the objective in [24], whereas in [25] it is a constraint. In [26], the authors consider the battery as an
exchangeable energy reservoir to impose a constraint on the number of equivalent cycles performed during the
project. This type of solution is easy to implement, as the exchanged energy is easily calculated by the
optimisation problem. However, it is limited in the sense that the number of equivalent cycles achievable by
the battery does not only depend on the energy exchanged, but on the way this energy is exchanged [27] (e.g.
rate of charge/discharge and depth of cycles).

To circumvent this, some authors use the notion of weighted exchanged energy, by adding penalties
on certain conditions, such as the current [28], [29] and the temperature [30]. Although more accurate, these
approaches are limited in the consideration of the SoC profile. In [31], the authors only consider the minimum
SoC for each MWh exchanged. In [32], the authors rely on a cycle definition based only on discharges and
limit their analyses to short duration profiles, due to the lack of a finer cycle count. Another common
characteristic of most of the above-mentioned papers is that the effect of battery ageing on other system
components is often neglected - for example, the decrease in self-consumption as the battery capacity
diminishes.

Finally, other approaches have been used in recent works. In [33] and [34], a physics-based battery
model is developed with a focus on the performance loss due to the degradation; however, the simulated ageing
behaviour seems mostly linear. In [35], a cumulative degradation mathematical tool is proposed to constraint
the battery ageing, but the focus remains on short-to-medium term system operation.

Therefore, the objective of this work is to propose a novel method to integrate the notion of battery
degradation into an optimisation problem, allowing for the appropriate sizing and energy management of the
storage thanks to the long-term simulations (up to full 10 years). As a case study, we will consider an isolated
microgrid to which we want to add solar panels and a second-life battery system. Note that the model
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simplification proposed can be applicable to first-life batteries, provided data cycling data are available to
establish the reference equations ([27]) The main contributions of this paper are:

= A novel battery degradation model derived from the non-linear model presented in [27]. Results
show that the battery loss of capacity shall be computed on a weekly to monthly basis to accurately
keep track of degradation effects. Ageing is dependent with the initial battery State of Health at
every update and the energy exchanged normalized by the nominal capacity.

= The integration of the model in a tailored EMS (relying on Mixed Integer Linear Programming)
and associated with an adapted Dynamic Programming (DP) to compute optimal SoH trajectories
over time for a given system. Increased costs obtained when considering the ageing effects validate
the need for the proposed approach.

= The proposed approach is finally used to find the optimal sizing of the “PV-storage” duo in the

studied isolated microgrid, as well as the number of storage replacements. Especially, results show

that not accounting for the battery degradation can lead to inaccurate results and cost under
estimation (> 20 %).

The rest of the paper is organized as follows: Section 2 present the methodology for the ageing model

simplification and its inclusion in the EMS. Section 3 presents the dynamic programming adapted to long-term

optimal simulations. Section 4 present the obtained results of optimal sizing and energy management. Section
5 concludes this work and presents perspectives.

Table 1: Nomenclature of the used symbols

Sets : Parameters :
teT Set of time steps within a month Pt Load at time t at month m (kW)
meM Set of simulated months pe Normalized solar generation (kW)
keK Set of initial SoH intervals @,% Lower/upper bound for the state of charge (%)
Variables : soc’ Initial state of charge (%)
Pat Genset generation at time t in month m (kW) n Battery efficiency (-)

Poi» Poe-€m| Battery charge/discharge and energy (KW, kWh) Bounds for initial monthly SoH in block k (%)

App, Solar curtailment at time t in month m (kW) o, Slope for soh degradation in block k (%)
g Normalized exchange energy at month m (-) soh’ Initial SoH (%)

soh? Initial state of health SoH at month m (%) Asoh Maximum allowable SoH degradation (%)
Asoh, SoH variation at month m (%) &R, PR, poR Battery, solar, genset capacities (kWh, kW,

kw)

u

m,k

Initial SoH at month m in block k {0,1}

NY

System lifetime (years)

CSR vaR

Storage/solar installation costs (€/kWh, €/kWp)

2. Ageing Model and Energy Management Strategy

2.1. Basic Management Equations and Motivations

In the context of an optimal systemic ([36]) design that considers ageing effects of storage equipment,
the first step is to implement an EMS that embeds a battery degradation model. This EMS can be furtherly
integrated in a design loop in order to simulate the system operation over its lifetime and for different installed
capacities, as discussed in the next section. Figure 1 gives the layout of the generic isolated microgrid
considered in this study with a load supplied by a conventional generator associated with a solar/battery system.
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Conventional EMS for such systems consists in supplying the load with the minimum amount of fuel
cost (i.e. genset usage p* | at price %) thanks to an appropriate battery operation (1). Note that the operating

variables over the simulation horizon (e.g. several years) are here defined over successive months (index m)
due to assumptions for the battery ageing model simplification (discussed in the next subsection). Typically,
for given rated capacities of installed solar (p™%) and storage (%), the EMS lies on an optimization problem
with the storage operating in charge (pfnft) and discharge (pi;t) within its limits (2). The power limits are defined

with regards to the storage capacity to ensure that the system does operate below 1 C-rate in order to avoid
over ageing and ensure the conservativeness of the degradation model. A classical linear model of the battery
updates the available energy ey, , at each time step (i.e. at time step t in month m) (3), which has to remain
within bounds in terms of state of charge (SoC) level (4), and returns to its initial value at the end of the
simulated period (cyclic constraint in (5)). Additional constraint (6) allows to connect successive months
together in term of SoC profile to represent the operation over the entire time horizon (e.g. a year). The genset
also operates within its limits (i.e. below the rated power in (7)) and the solar curtailment Apﬁzt is bounded by

- - - - - - - N - -
the available generation at every time step depending on a given normalized profile p7*" (8). Finally, constraint

(9) ensures that the overall power balance between generation (left hand side) and consumption (right hand
side). A list of the main used symbols is given in Table 1.

P

S— S+
Prr P
-

n

e

nt
PR

p™ x pi ~Apy,
Figure 1: Generic hybrid isolated system with storage.
obj:min ) pd xx®xdt (1)
meM teT
0< poys Py <€ /10 (2)
€1 = Cne — P /77 + P X77° 3)
socxe® <ef, <socxe” (4)
R 0
ersn:l,tzl = ersnzllMH,t:llTll =e™ xs0C (5)
ersn+1,t:1 = e:n,t:HTH (6)
0<py, < p* (7)
pv pvR pvN
0<Apy, < P™ X Py 8
P + P +APR = P + P + P X Pt 9)

Such traditional EMS in the form of a linear programming problem can easily be solved while
simulating long periods (e.g. several successive years). However, degradation models for Li-ion batteries
usually cannot be explicitly formulated using Mathematical Language Programming similarly to the EMS. In
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this study, we consider a second life battery cyclic ageing model, detailed in [27]. This model estimates the
loss of battery capacity (Q,, ... proportional to a decrease Asoh of the State of Health) with an exponential term

that depends on several coefficients (10). One of these coefficients (o) is a variable term depending on the
battery SoC profile over a given horizon Th (socw), more specifically on three factors: the cycle depth, the
cycle average SoC and the current. This is done through a Rainflow cycle counting algorithm [16] which
characterises the battery cycles over a time period. Overall, the loss of capacity depends indirectly on the
profile socy and the initial state of health soh® (10). It is highly non-linear with a non-trivial analytical
expression.

Quoss = a e°?% — ¢ & Asoh = f(socy;, soh”) (10)

Preliminary tests consisted in handling this non-linear system in a blackbox fashion (i.e. global
optimization), using Matlab fmincon and its interior-point algorithm [37]. We integrated a constraint on the
battery degradation (e.g. Asoh < 5%) over a simulated horizon in the EMS presented previously to solve the
problem summarized in (11) —i.e. operational costs minimization subject to operating and ageing constraints.
Different lengths for the times series profiles were investigated (i.e. simulation horizon) from three days to
thirty successive days in a given month. As the results from the non-linear solver considered depends on the
initial points, ten independent runs were performed for each simulation horizon with starting points taken
randomly between the bounds of every variable.
min (1) : Z Z pe xz®xdt withM : {{}and T varying (7-30 days at dt=1h)

meM teT

st. linear constraints :  (2)-(9) (11)
non-linear constraint : Asoh = f (soc,,, soh” ) <5%

The obtained results are displayed in Table 2 with the average computational time, objective values
and number of function evaluations of the function. The solving time significantly increases with the
considered time horizon, up to more than 10 minutes for a monthly simulation. Especially, for those
formulations over thirty days, the maximum number of functions evaluation (set to 1.10e°) in each of the ten
independents runs. A proper convergence of the algorithm would then require longer computational time. In
addition, the discrepancies between the average and best objective values obtained after ten runs highlight the
dependency of the optimization result with the starting point — in case of monthly simulation the average
objective values almost double the best one observed.

As already mentioned, in the context of optimal system design, longer simulation horizons (several
years) shall be considered for different system configurations (in terms of installed capacities), before returning
the best solutions. A highly nonlinear degradation model is then incompatible with such simulation
requirements. This motivated this paper with the first objective to simplify (convexify here) the reference
model that was developed in previous works and then move towards a proper ageing aware design strategy

Table 2: Preliminary optimal management with a non-linear solver — results over ten independent runs

Time Horizon 3 days 7 days 15 days 30 days
Computational time (average) 18s 90s 225s 750 s
Obijective value (average) 785 € 1,506 € 3,435€ 11,985 €
Objective value (best) 785 € 1,257 € 2,926 € 6,568 €
Number of function evaluation (average) 125 k 726 k 626 k >1M
Maximum of iterations reached 0% 60 % 20 % 100 %
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2.2. Preliminary Tests for the Simplification of the Degradation Model

As a first step to simplify the degradation model, we consider the outputs of an EMS run over a whole
year (i.e. 12 months in the monthly set M) and for arbitrary equipment size: e = 400 kwWh, p® = 100 kWp
and p%®R = 120 kW. Those arbitrary values are chosen so that the solar panels display a capacity close to the
peak load value for the considered load profile (corresponding to a village of around 150 families in North
Africa). Also, with three peak sun hours on average per day, the storage shall be able to absorb totality of the
daily production in case there is no load — the optimal sizing of the system is discussed in the last section of
this paper. Remind that the objective of the paper is the reduction of the computational time for a system
management strategy (i.e. optimal control) that is capable to account for the storage degradation effects.
Ultimately this management over long periods of time shall be integrated in an optimal design strategy while
investigating different system configurations. This will be investigated in the last results presented further in
Section 4.

More importantly, no constraint is considered at this stage for the battery degradation and the initial
state of health soh? is set to 78 % (assumed for a second life battery). The EMS returns the optimal state of
charge profile over the time horizon (at one hour horizon here) along with the system operating costs. The idea
here is to execute the Rainflow algorithm and the detailed ageing model over those SoC profiles in order to
evaluate the degradation over time. As displayed on the flowchart in Figure 2, the degradation can then be
estimated every Ty period (e.g. every day, week or month) while considering the SoC profile over the
corresponding time steps and soh® at the start of the period.

Initialization

soh? =78 %
#=1

|

th=[0.T,] ¢—————— O=1+T,

Extract state of charge profile
soc,,

Run ageing model Update initial state of health
Asoh=f(soc,,, soh”) soh’= soh” - Asoh

'S

no

T,=T,, ?

end *

STOP
return the soh profile over the
successive updates

Figure 2: State of health degradation estimation over a yearly simulation.

Figure 3 displays the results for various update periods Tn. We observe that for large values of T, such
as six months or a year, the loss of capacity is underestimated compared to smaller update periods. This is due
to the fact that the initial SoH value (soh®) is not adequately updated. Similarly, daily update of the state of
health does not return a good estimation of the degradation. As previously, mentioned, the ageing depends on
the number of cycles in the considered socw profiles. Updating the degradation too often tends to shorten the
SoC profiles while potentially ‘cutting’ cycles, thus leading to an underestimation of the actual loss of capacity.

Intermediate update periods (weekly, bi weekly and monthly) seem to return estimations that are more
consistent. Those resolutions are then deemed a good trade-off to capture the impact of both storage cycling
and the initial state of health update along the system lifetime. In the remaining of the paper, monthly stepwise
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computation of capacity loss (in terms of Sate of Health decrease Asoh) will be considered and integrated in
EMS, that can then optimize on successive months.

T,=1year T,=6 months —— T, =1 month
T,= 2 weeks T,=1week  wmm T,=1day
78 T T
Underestimation for long
77 , | horizons due tonon |
N update of the initial SOH
— D
3 76 NN
% |
«n 75
Underestimation for short ‘
74 horizons due to
uncomplete cycles
. \ \ \ —
0 60 120 180 240 300 360

Nb. of days (-)
Figure 3: State of health degradation over a year for different update periods Th at which the reference ageing model is run.

In previous works (and similar to many research in the field of storage ageing), battery degradation
was assessed with pre-defined SoC profiles, at a given C-rate, average values and depth of discharge [4], [5],
[38]. In order to assess the loss of capacity under more realistic conditions, the EMS previously defined is used
to generate various monthly SoC profiles under different conditions as follows:

° 12 independent months for PV generation and load profiles.

. 6 different storage capacities: e = [100 kWh, 200 kWh, ..., 500 kwWh, 600 kwh].
o 8 different solar capacities: pP® = [100 kWp, 200 kWp, ..., 700 kWp, 800 kWp].
o 5 different initial SoH values: soh®= [80 %, 78 %, 75 %, 70 %, 65 %].

This yields 2880 possible combinations, each corresponding to a distinct SoC monthly profile. In every
case, the resulting SoC monthly profile was passed through the degradation model in order to compute the loss
Asoh (for a given soh?). For every scenario, the EMS returns the charging/discharging profiles for the storage
that are used to compute a metric e<** defined as the monthly exchanged energy normalized by the rated
battery capacity as in (12).

2P+ P )<t
eexch — leT (12)

m SR

e

Figure 4 displays the results for all generated monthly scenarios and for different initial state of health.
Each point represents one of the 2880 possible combinations mentioned above, and the different colours
separate the results by their soh®. The curves clearly highlight the impact of soh®, the greater the initial
degradation, the greater the degradation for similar mission profiles — i.e. exponential term in the SoH
calculationin (10).

What is more noticeable is the correlation of the SoH with the normalized exchange energy over a
month. Indeed, this metric implicitly embeds the number of cycles along with the depths of discharge — greater
numbers of cycles with deep discharge obviously lead to more exchanged energy. Standard linear regressions
display coefficients of determination over 0.98, which open the possibility for a simple convex representation
of the degradation (over a month). Quadratic and piece wise linear regressions led to R? greater than 0.99,
however their implementation in the EMS is not explicated in this paper as preliminary results shows that they
could led to longer computational times with no specific improvements compared to the linear formulation.
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©v & monthly scenarios for different soh®
linear regression

soh?=65 %

soh?=70 %

soh?=75 %

Asoh (%)

;

soh’=78 %

Figure 4: Monthly loss of capacity Asoh over 2880 scenarios for different soh® values and exchanged energy (over a month),
comparison and linear approximation.

This allows us to conclude that our baseline ageing model can be simplified - for the intended uses in
the system in question - in terms of two indicators that are easy to calculate by the optimisation problem: the
normalized exchanged energy <" and the initial SoH. Moreover, the relation between these two variables
and the capacity loss can be considered as linear (see Figure 4). The results and validation of this simplification
in comparison with the baseline model will be presented in Section 4.

We believe that this novel modeling approach is superior to the widely used exchanged energy models,
as it stems from extensive testing of a detailed non-linear model. Furthermore, the obtained set of linear
regressions present an important advantage in the fact that it allows the emulation of the exponential nature of
battery ageing.

2.3. MILP Formulation

This subsection explicit the formulation of the simplified degradation model and its integration in the
previously introduced EMS. The main idea is to take into account the normalized exchanged energy and the
initial state of health on a monthly basis, while the EMS is run over successive months at an hourly basis here
(i.e. set T). The mathematical formulation of Figure 4 relies on the 1D method to represent bi variate functions
with the use of Mixed Integer Linear Programming (MILP) [39].

Especially, the proposed formulation requires the introduction of additional variables and constraints
in the original EMS. At firs a set k €K is defined to describe the potential intervals or blocks for the soh? values

(e.g. from 80 % to 78 %, from 78 % to 75 %, etc). Each interval is assigned with corresponding lower (soh,?)

and upper (soh,?) bounds and a continuous variable soh’, representing the actual initial state of health at every
month. A binary variable umx is added in order to identify which interval corresponds to the monthly initial
State of Health with constraint (13). Constraint (14) ensures that only a single interval is ‘active’ at every

month.

> sohy? xu, ,, <soh <> sohy xu,,, (13)
kek 7 ’ keK '

DU =1 (14)

keK

A variable Asohy, is then defined to represent the capacity loss over month m that is computed
depending on the ‘active’ interval with (15). The coefficient 4 set to 100 % ensures the constraint is not active
for any interval that does not correspond to the actual soh?n (‘BigM’ value), and ox represents the slope of the
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linear regression in the k" block (cf. Figure 4). Once the capacity loss is known, the initial state of health can
successively be updated over the months ((16)), starting at a given value soh? at the beginning of the EMS
simulation ((17)).

a %" —Ax(1-u,,, ) < Asoh, <@, xel" + Ax(1-u, ) (15)
soh?,, = soh? —Asoh | (16)
sohy_, = soh® 17

Finally, it is important to remind that the overall objective of the ageing model is to account for the
loss of capacity. Thus, at every month the storage capabilities in power ((18)) and energy ((19)) shall be
updated with regards to the loss of capacity resulting from the battery usage at the previous month, with regards
to the rated energy e*R. Note that the operation at a maximum of 1 C-rate of the battery is ensured not matter
its actual capacity in kWh. The formulation given thus far embeds the estimation of the state of health. In order
to assess the impact of any limit of the ageing on the system performances (i.e. operating cost here), an

additional constraint with a maximum degradation Aso/ can be introduced as in (20).

0< py,, i < (™ /1h)xsohy, (18)
socx e xsoh? <e | < socxe™ xsoh (19)
soh® = " Asohm < Asoh (20)

meM

The equations presented in this subsection allow us to calculate and constrain ageing in the short-term
optimisation problem (EMS). However, we lack a tool to insert these notions into a long-term system design
problem. The development of such a tool, as well as initial EMS results, will be shown in the next section.

3. Long Term Management and Optimal SoH Trajectories
3.1. Motivations

In the context of optimal design, the management strategy must be run over longer periods of time
(system lifespan of ten years assumed here) and for different configurations in terms of installed capacities.
Preliminary tests consisted in running the EMS previously introduced over ten years with given capacities of
solar (pP® = 100 kWp) and storage (e® = 400 kWh) and a fixed generation cost for the genset z% = 0.78 €/kWh
- i.e. 120 months at an hourly time step within a single optimization problem. This proved impossible to solve
due to insufficient memory and the computational capabilities. Thus, for scalability/feasibility purposes,
successive yearly simulations (i.e. yearly optimization) are considered instead to account for long term
horizons.

As for example, Figure 5a displays the results obtained when operating the battery over successive
years with no constraints on its loss of capacity over the months apart from a minimum SoH value set to 60 %.
Remind that the physical degrees of freedom of the system are the battery charge/discharge and solar
generation curtailment. However, state variables (e.g. energy within the battery, the monthly soh, the exchange
energy, etc) are part of the optimization and their values can then be retrieved once the optimal management
is computed. Both SoH profiles and exchanged energy can then be displayed on a monthly basis. In Figure 5a
the storage reaches this lower limit after five years, with a limited battery usage in the last year compared to
the previous ones due to the minimum capacity constraints. A replacement can then occurs at the end of the
fifth year for a total operating cost of 656 k€ over ten years (excluding the replacement costs).
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An alternative can consist in a control of the SoH degradation while adjusting the Asoh limit over
successive yearly optimizations, so that it reaches its end of life at the end of the ten years period — i.e. less
than 2 % loss after one year, less than 4 % after two years, etc. Results displayed in Figure 5b shows similar
battery usage as in the previous case over the first three years. However, after four years, the battery
contribution is very limited in order to control its degradation and reach the minimum SoH value (60 %) at the
end of the considered lifespan. This reduced battery usage leads to higher operating costs (750 k€) over ten
years but no storage replacement is required. Note that in the results displayed, for the sake of simplicity, the
system operations are not explicitly represented with typical power profiles (e.g. for the battery or the genset).
Instead, the battery usage is somewhat summarized with the normalized exchanged energy (at a monthly
resolution). All along the paper, the results analysis focuses mainly on the economic performances and storage
degradation, rather than on power profiles.

The two previous illustrative examples highlight the impact of the SoH values on the final operating
costs - further illustration of this arbitrage are given in the next section. Thus, for given solar and storage
capacities, the optimal management of the system may be regarded as problem of optimal SoH trajectory over
the lifetime and while accounting for potential storage replacements. The need for replacements is especially
important when considering second life batteries that degrades faster than first life assets.

|| Storage exchanged energy (-)

soh profile (%) opex = 656 k€ + 1 storage replacement
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X
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Figure 5: Monthly SoH profiles and normalized exchanged energy of the battery over 10 years (period : ten years, step size :
one month) —a) no degradation constraints and a storage replacement whenever SoH reaches 60 % - b) degradation
constraint over the system lifetime.

In order to do this, we rely on the concept of Dynamic Programming (DP) [40], an approach to
optimisation consisting in decomposing the optimisation problem into several sub-problems and solving them
"upwards". This approach is commonly used in optimisation problems related to the planning of systems with

energy storage, such asin [41], [42]. Inour case, the proposed idea is to separate the SoH optimisation problem
into discretised time periods, towards a calculation of the battery SoH trajectory between these periods.

3.2. Tailored Dynamic Programming

Following the discussion of the previous subsection, the optimal management of the system along its
lifetime is then discretized as successive yearly optimizations performed using the EMS presented in Section
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2 (over 12 months). Especially, the SoH value at the end of each year can be controlled with the degradation
constraint (20). Ultimately, the long-term management problem is defined a succession of states over several
years from an initial condition X, and with an oriented graph as displayed in Figure 6.

soh
discretization

80 % 1T

5% T

unnecessary
over degradation

70 %t sl

possible replacement

when soh reaches 60 %

65 % 1+

time

ear 1 ear 2 ear 3 . ..
¥ y Y discretization

Figure 6: Discretization of the long-term planning problem.

Each state x; is then characterized by a year and by a SoH level at the end of the year. The SoH level
follows a predefined discretization from 80 % (starting capacity for second life battery) down to 60 %
(estimated end of life). The cost of the transition t(x;,x;) between two states xi and x;j on two successive years is
the operating costs computed with the previously introduced EMS and the appropriate degradation constraints
— i.e. the yearly degradation shall not exceed the SoH difference between the values at state x; and the target
value at state x;. .

Obviously, no battery usage will not incur any degradation over the year, as calendar ageing is not
reflected in the considered model. In addition, a case can occurs where the SoH conditions between two states
may not be met: starting from a given SoH value (and for a given storage/solar capacities) it is not necessary
to degrade or use the battery beyond a certain point to minimize the operating costs. In such case, the SoH at
the end of the simulated year will never be below certain values for the considered SoH interval. The
corresponding transition are then neglected (e.g. from 80 % to 70 %, 80 % to 65 %, etc in Figure 6).

For the sake of simplicity and in order to limit computational times, all the successive years display
the same solar generation and load profiles (at an hourly time step). Thus, for given solar/storage capacities, a
preliminary step consists in identifying and computing the cost of all the possible transitions between two SoH
values over one year (and adding a salvage value if needed).

Once all the transition costs are known, Dynamic Programming and Bellman equations can be used
to compute the optimal path from the initial state to the end states [40]. The cost c*(x;) of a given state X; is

computed as the optimal cost c¢*(x;) of one of its predecessors x; plus the transition cost. The optimal cost of a
state at year y is defined as the minimum cost computed over all its potential predecessors at year y-1 (21).
Once all the states costs are computed, the optimal path can be reconstructed backward from the end states
with successive updates of the optimal predecessor states. This approach is valid as long as there is a single
initial node and no circuit in the graph, which is the case here.

¢'(x;)=_min (c*(xi)+t(xi,xj)) (21)

iepredecessors
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The pseudo code of the adapted Dynamic Programming is given in Table 3. Note that at the end of
every year, a replacement of the storage can occur if it reaches a SoH of 60 % (double line arrows in Figure
6) — corresponding state x;. The SoH at the end of this year is then brought back to 80 % (state xx) if the
replacement cost ¢ allows improving the optimal cost to reach xx (computed with no replacement).

Table 3: Pseudo code of the adapted dynamic programming

Algorithm
for yeary in 1to NY:
for all x; at year y:
initialize c*(x;) = o
for all x;at year y-1:
if c"(xi)+t(xi, X)) < c*(x)) :
(%)) « ¢ (xi)+t(xi, X))
update optimal predecessor of x;
if SoH at x; = 60 % - replacement opportunity
X = state with SoH at 80 % at year y
if ¢*(xj)+c"P < ¢*(Xk)
(%) « ¢ (x))+t(xi, X))
update optimal predecessor of xi

3.3. llustrative Tests

A preliminary set of validation tests is run for illustrative purposes. As previously, solar and storage
installed capacities are respectively fixed at 100 kWp and 400 kWh. The SoH space is discretized every 5 %
from 80 % to 60 %. Figure 7a displays all the theoretical transitions from the initial node — i.e. the SoH at the
beginning of the project lifetime (4 years here). While running different EMS with SoH degradation
constraints, the set of possible transitions is reduced because strong degradation (e.g. from 80 % to 70 %) are
not necessary for further operating cost reduction. All the possible transitions are highlighted in Figure 7b.

Obviously the SoH cannot increase from one year to the other unless a replacement occurs (i.e. no ascending
branch in Figure 7).

800 @ @) @
75t (@) @ (@)
S
570 @ Q o
65 [ @) O (@)
60 D O O : —0
0 1 2 3

year (-) year (-)

Figure 7: Discretization of optimal SoH trajectory problem (period : four years, step size : one year) — a) all the theoretical
transitions — b) all the feasible transitions for given solar/storage capacities.

A first run of the proposed DP is then performed, and all feasible transitions are simulated - so the
system knows the cost of moving from each SoH point to the next, at each simulated year. We can then use
the proposed algorithm to find the ideal trajectory for this case study. In Figure 8, we compare the optimal
trajectory proposed by the DP for two different values for battery replacement costs: 100 €/kWh (a) and 50
€/kWh (b). In the first case, the second life battery is not used for the first year and then depleted for the last
three years, so that it reaches a SoH of 60 % at the end of the considered lifetime (Figure 8a). In the case of a
reduced replacement cost of 50 €/kWh, the storage is used for the first three years to minimise operating costs
and a replacement takes place at the beginning of the last year.
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Indeed, the cost reduction from battery used in this final year offsets the replacement, with storage not
reaching its minimum SoH at the end of the system lifetime (75 % here) (Figure 8b). The overall OPEX
(including the replacement cost) is slightly smaller than the value obtained with a higher replacement cost.

Optimal soh path *including replacement cost

80¢€ o

75 9
S
3 70

65

a) opex : 281 k€ p) OPeX *: 278 k€
60 > ) 9 60 ) > o
0 1 2 3 4 0 1 2 3 4

year (-) year (-)

Figure 8: Optimal SoH path over four years (period : four years, step size : one year) — a) replacement cost at 100 €/ kWh — b)
replacement cost at 50 €/ kWh

Note that in the considered illustrative examples, the battery can reach its minimum SoH in three years
only to reduce the OPEX as much as possible. It required five years in the preliminary tests for the same system
configuration (Figure 5a). This difference is explained by the large SoH discretization considered here for
illustrative purposes (5 %). For instance, when starting a year at a SoH of 80 %, the optimal use of the battery
to reduce the OPEX leads to a SoH at around 78 %. However, the implemented dynamic programming
accounts for an initial SoH at 75 % for the successive state, which incurs an artificial SoH loss. This
imprecision can be mitigated while introducing a salvage value in case the SoH value in the discretized space
is not perfectly reached by the optimal EMS. Instead, a smaller SoH discretization of 2 % will be considered
in the results presented in the next section. Finally, also note that the accuracy of the algorithm in terms of
optimality of the results can be increased with finer resolutions for the SoH level and time horizon. However,
this would require computing greater numbers of transitions between states and increase the amount of
potential combinations when reconstructing the optimal path. To avoid any computational burden, the temporal
discretization of the states is set to a full year. However, each yearly interval is fully represented at one hour
time step over twelve successive months while running the proposed management accounting for the storage
degradation.

4. Obtained Results
4.1. Validation of the Simplified Degradation Model Over Yearly Simulations

A first set of tests is performed to validate the formulation of the simplified degradation model
reference estimation for second life batteries ([27]). Those simulations consist in running the EMS over a year
for different values of initial State of Health soh® and with no constraints on the total ageing over the year
(constraint (20) inactive) — genset, solar and battery remain at the same arbitrary sizes as the one considered
in the previous sections.

As could be expected from the previous preliminary tests, the obtained SoH profiles along the
successive months show greater degradations for lower initial soh? values (Figure 9). More importantly the
results how a good accuracy of the simplified model compared to the reference one with RMSE below 1 % of
SoH, which validates the proposed simplification. It is also worth noticing that greater degradation occurs
during the summer months where more surplus of solar generation needs to be managed (i.e. daily charges and
discharge at night)
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Figure 9: Monthly SoH degradation over one year with different initial soh? values, comparison between simplified and
reference models (period : one year, step size : one month).

The greater battery usage in summertime is confirmed by the results displayed in Figure 10 for the
same set of simulations. The chart clearly highlights that more energy is exchanged (normalized by the nominal
storage capacity here) between the battery and the system in summertime due to the need to store the surplus
of solar generation. Intuitively, during winter times, reduces level of solar generation are directly self-
consumed by the local load while any deficit is compensated by the genset.

Note that the lesser the initial soh®, the lower the battery usage in terms of exchanged energy, due to
reduced usable capacity. In other word, for an overaged battery, disadvantages are somewhat doubled as the
degradation over a year is greater for even lesser usage, while the benefits (in term of operation) are also
reduced compared to cases with higher soh®.
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Figure 10: Normalized energy exchanged monthly with different soh® values (period : one year, step size : one month).

4.2. Trade-off between Storage Degradation and Operating Cost over Yearly Simulations

The previous results highlighted the fact that overused batteries can lead to lesser economical gains.
In this subsection, the EMS is run over a year for the same installed capacities as previously and for the same
values of soh®. However, in every case, the constraint on the maximum yearly storage degradation is enabled
with Asoh varying from 1% to 10%. Results in Figure 11 confirmed that the yearly operating costs (OPEX
with genset fuel costs) reduces with the battery initial state of health (soh®= 80 %, 75 % or 70 % here).
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More importantly, the trade-off between the OPEX and the allowable degradation is clearly
highlighted for an initial soh® = 70 % - we observe more than 15 % OPEX increase from a case with maximum
degradation (i.e. 10 %) compared to a case with a minimum tolerance of 1 %. Note that for an initial state of
health of 80 % the degradation limit over a year has barely not impact. Indeed, as displayed in Figure 9, in

case of unlimited degradation, the actual estimated loss of capacity remains below 2 %. Thus setting Asoh
greater than 2 % does not show any impact on the OPEX.
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Figure 11: Trade off-between OPEX and maximum allowable degradation for different initial soh? values

From the previous set of simulations, three scenarios are isolated for an initial SoH of 75 % and for
different values of allowed yearly degradation Asok — (A-3%, B-5% and C-10 % limit, see Figure 11). For
each of those scenarios, the SoH profiles over the successive months are displayed on Figure 12. Results show
that the limits on the final SoH values are fulfilled in scenarios A and B where the constraint is binding. For
scenario C, the degradation limit is not reached, and the storage is operated optimally disregarding the ageing
—i.e. similar results as observed in Figure 9 for soh® = 75 %.

Also, it is interesting to see that when the yearly degradation is limited, the EMS tends to delay the
use of the battery before it is used in summertime. This illustrates well the impact and relevance of the
integration of the ageing model in the management, which is ultimately translated into an economic loss or
gain.
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Figure 12: SoH profile over a year for three distinct values of the Asoh constraint (period : one year, step size : one month).
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4.3. Long-Term Optimal Management and System Sizing

The long-term optimal management strategy developed in Section 3 allows to estimate the operating
costs and number of replacements for a given system configuration and over its entire lifetime. Thus, different
installed capacities of solar and storage can be successively tested in order to find the best configurations with
regards to the total cost of ownership of the system (TCO in k€) — i.e. summation of capital expenditures,
operating and replacement costs over ten years here.

Yearly profiles Installed capacities
LOOP: pPR e pPR e B CAPEX (k€)
For different Asoh —
For different soh’ i i

Yearly EMS — 1h resolution and montlhy SoH update
Minimize operating cost (1)
s.t. i) operating constraints (2)-(9)
ii) SoH monthly update (13)-(19)
iii) Yearly deggradation limit Asoh (20)

Total Cost of
Ownership (k€)

OPEX (Kk€) for every yealry transition and
different values for the loss of SoH

‘ OPEX (k€)
Taylored DP over 10 Years

1) Discretize the problem in states over time SoH levels.

2) Assign transition cost between pairs of states over two successive
years — Figure 7.

3) Compute the predecessor of every state at every year — Table 3
) p p Ty Yy Storage

4) Reconstruct the optimal path —i.e. SoH trajectory — Figure 8. Replacements (k€)

Figure 13: Optimal system cost computation (CAPEX, OPEX, and storage replacements) over 10 years for given installed
capacities and load/generation profiles.

In practice, we considered several possible sizes for the solar and storage capacity: [50, 100, ... 350,
400] kW and kWh. For each of the 36 possible combinations, we simulated all the possible transitions of SoH
over one month, in the same spirit as in the Subsection 3.2, but with a discretization of SoH set at 2 %. We

then run yearly EMS while tuning both soh® and Aso/ parameters of the problem. For example, for a given
"PV-storage" pair, we simulate one month of operation with an initial SoH of 80% and a final SoH of 78%,
then 78% - 76% and so on.

For each simulation, we store several indicators, such as the normalised exchanged energy and the
OPEX of the month in question. Calculating all these combinations and transitions requires a significant
computational effort, in this case several hours for all the investigated capacities. The advantage of the DP
approach is that this time-consuming simulation only needs to be performed once, in order to solve each of the
optimisation "sub problems"” (i.e. yearly transitions). Once this is done, we can easily determine the SoH
trajectories of interest using the approach proposed in Section 3. Thus, there is no engineering time penalty for
an energy system designer. The overall architecture to compute the system cost (for given capacities) is
illustrated in Figure 13. The approach embeds i) the yearly EMS with ageing (1 hour resolution and monthly
SoH updates) and ii) the tailored DP to compute the optimal SoH trajectory over the system lifetime accounting
for the storage replacements. The system operating costs over its lifetime is then computed with the optimal
sequences of transitions (from the tailored DP) and the yearly transitions cost (from the EMS).
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Regarding the economic aspect of the optimisation, the installation costs c”® for the solar generator
are fixed at 2 k€/kWp [43]. For storage systems, installation costs are set to 500 €/kWh including both
electrochemical and power electronics components [44]-[47] in case of second life batteries (i.e. starting at a
80 % of the rated capacity). Replacement of electrochemistry for second life storage costs 75 €/kWh [48]. It is
important to notice that these values affect the solution, but do not alter the methodology and the ideas proposed

in this paper.
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Figure 14: Monthly SoH profiles and normalized exchanged energy of the battery over 10 years for the optimal system
configuration (pP'R = 200 kWp and esR = 300 kW/kWh) (period : ten years, step size : one month).

We can therefore use the DP approach as a sizing tool, to find out which "PV-storage" pair has the
least expensive SoH trajectory over the lifetime of the project. Among the investigated capacities, optimal
results in terms of TCO are obtained with 200 kWp of solar and 300 kwWh of second life batteries. Figure 14
displays the results in terms of SoH and monthly exchanged energy profiles for this configuration. Compared
to the preliminary results in Figure 5 (p™® =100 kWp and e*® = 400 kW/kWh) it is worth noting that the
optimal management lead to a storage that reaches its end of life (SoH of 60 %) at the end of the project
lifespan. This result is expected and validates the proposed approach as any ‘unused SoH’ at the end of the
simulated period would suggest that the purchased capacity is wasted.

We notice that the installed solar capacity is higher when compared to the previous cases. This is
explained by the considered costs of the energy sources, as well as by the lack of any constraint on the PV
curtailment. Therefore, the optimal solution for the isolated microgrid in question consists in installing many
solar panels in order to minimize the diesel solicitation in the winter months. Consequently, the storage
exchanges a significant amount of energy all along the year (and not only during summertime). This increased
usage leads to four replacements of the electrochemistry along the project lifetime (90 k€ here).

The methodology introduced in the paper focuses on second life battery in order to appropriately
consider the loss of capacity over the system lifetime. In order to further highlight the relevance and necessity
to account for the storage degradation, a last set of simulation is presented in Table 4. In this table, we compare
three distinct case study over 10 years lifespan:

= Baseline — No PV and storage are installed, the load is fed uniquely by the genset.

= 2" ife — no degradation: optimal sizing with the installed storage that displays 80 % of its nominal
capacity e*® over the system lifetime (i.e. no degradation considered).
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= 2" |ife — degradation: optimal sizing with a battery starting at 80 % nominal capacity e, the
degradation is accounted on a monthly basis with the methodology proposed in this paper.

Table 4: System Sizing Results under Various Assumptions

Baseline 2 |ife 2 [ife
no degradation  degradation

pPR (kW) 0 200 200
esR (KW/kwh) 0 350 300
capex 0 575 k€ 550 k€
opex 1,603 k€ 211 k€ 311 k€
replacement N.A. N.A. 90 k€
TOTAL 1,603 k€ 786 k€ 951 k€

We observe that installing solar panels and storage with an optimal system sizing allows to strongly
reduce the total cost of the system by more than half the cost of the baseline. Furthermore, we find that the
total estimated cost is 20% higher with the consideration of ageing and the need for replacements (90 € for
four replacements along the system lifetime). The sizing of the storage is also impacted by considering the
battery degradation.

This shows that not considering battery degradation in the sizing and energy management process
induces a significant error in the cost estimation. This error is not only due do the replacements, but also to the
increased expenditures incurred by the battery ageing — for example, with less available storage capacity, less
energy from the PVs can be stored, which increases the utilisation of the genset in the considered use case.
Therefore, a methodology such as the one presented in this work is necessary for the proper optimization of
the management and sizing of energy systems.
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Figure 15 : System costs for different configurations around the optimal sizing with degradation effects - a) different storage
sizes - b) different solar panel sizes.

To further visualize the optimal configuration with the consideration of degradation effects, Figure 15
displays the systems costs (OPEX and CAPEX/replacement costs) when varying the assets capacities. In
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Figure 15a, solar panels are fixed to the optimal size (i.e. 200 kWp). Operating costs tend to decrease with
greater storage capacities while the installation expenditures become greater. Also, for battery systems above
300 kWh, less replacements occur with the optimal management of the assets (three instead of four). Indeed,
in those cases, the storage usage to minimize the system operating costs incurs lesser amounts of exchanged
energy (normalized by the installed capacities), and thus a reduced degradation. Figure 15b displays similar
results with a necessary trade-off between operating and capital expenditures while varying the installed solar
capacities for a fixed battery size.

5. Conclusion

In this work, we proposed a methodology for the integration of Li-ion batteries ageing in an energy
system optimisation problem, for both the sizing and for the energy management. The proposed approach can
then be used for both operational and long term planning strategies. We have proposed a method to simplify a
reference model of cycling ageing for second life batteries, in order to obtain a lighter model that can be
integrated into an optimisation problem. Note that the approach can easily be adapted to first life batteries
provided that a similar reference model is considered. We validated this simplification hypothesis and showed
how it could be translated into constraints in the formulation of the optimisation problem. Especially, results
showed that the battery State of Health shall be regularly updated (i.e. on weekly to monthly basis) in order to
accurately capture the degradation and loss of capacity. Overall, the ageing is mainly driven by the initial SoH
at every update and the energy exchanged between the battery and the system (normalized by the nominal
capacity). Also, it has been confirmed that in case of overused storage, disadvantages are somewhat doubled
as the degradation over a year is greater for even lesser usage, while the system benefits (in term of operation)
are also reduced.

For long term simulations and optimal system sizing, we proposed the use of a tailored dynamic
programming relying on time and SoH discretizations. That allowed the calculation of an optimal trajectory
for the battery SoH over the system lifespan and while considering its potential replacements. Finally, we
combined the simplified ageing model and the DP tool to find the optimal sizing of the PV-storage pair for the
studied microgrid. The proposed results show that considering battery degradation in the sizing and EMS
problem is imperative in order to obtain optimal solutions — we show that not only the sizing of the components
can change, but that the total cost of the system is severely misrepresented if ageing is not considered (over 20
% error). In this way, we have proposed a powerful tool to better estimate the costs of using a second-life
battery in a real energy system. Future works will go in the direction of further validating the proposed
approach, such as in considering other optimisation objectives (such as carbon emissions), considering a first
life battery model in order to compare the second life solution, and finally considering other microgrid
architectures.
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