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A B S T R A C T

Power systems with high penetration of variable renewable generation are vulnerable to periods with low
generation. An alternative to retain high dispatchable generation capacity is electric energy storage that enables
utilization of surplus power, where the electric energy storage contributes to the security of supply. Such
systems can be considered as energy-constrained, and the operation of the electric energy storage must balance
the minimization of the current operating costs against the risk of not being able to meet the future demand.
Safe and efficient operation requires stochastic methods with sufficient foresight. Operation dependent storage
degradation is a complicating factor. This paper proposes a linear approximation of battery state-of-charge
degradation and implements it in a stochastic dual dynamic programming based energy-management model
in combination with cycling degradation. The long-term implications of degradation modeling in the daily
operation are studied for a small Norwegian microgrid with variable renewable power generation and limited
dispatchable generation capacity as well as battery and hydrogen storage to balance supply and demand. Our
results show that the proposed strategy can prolong the expected battery lifetime by more than four years
compared to the naive stochastic strategy but may cause increased degradation for other system resources.
1. Introduction

Electricity systems with high penetration of variable renewable
energy sources (VRESs) rely on sufficient dispatchable generation ca-
pacity to meet the peak demand in periods with low VRES generation.
An alternative to dispatchable thermal generation capacity is to utilize
EES flexibility. A challenge with EES is that the current decision also
affects the energy content and the capability of providing capacity in
the future. The decisions here and now must be taken while accounting
for future power generation and load under uncertainty, and needs to
balance the risk of generation curtailment versus the risk of not being
able to meet the demand. The operation of EES in these situations
can be seen as a precaution or arbitrage against extreme prices [1,2].
Moreover, these systems require significant VRES overcapacity and
will also be exposed to lasting periods with excess energy resulting
in generation curtailment [3]. The EESs must be operated to balance
short-term variations in generation and demand, and also store energy
for potential future energy deficit.

Different EES technologies have complementary properties with
respect to power and energy scalability. Lithium-ion batteries have
gained high attention both in the research community as well as for
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power system applications due to their ability to deliver and absorb
very high power almost instantaneously with very high efficiency. They
also have a relatively high energy to weight ratio compared to similar
battery technologies. A key factor of large scale VRES integration is
long-duration energy storage [4]. Batteries are expensive to scale up
with respect to energy compared to hydrogen, which can be stored in
large tanks and scaled up at a relatively low cost. However, the cost
of fuel cells and electrolyzers are still very high, and the round-trip
efficiency is poor compared to batteries [5].

Unlike traditional thermal power generators where the marginal
operating cost is well defined based on fuel and emission costs, VRESs
have marginal operating cost close to zero. However, the expected
lifetime of the power system components, such as the EESs, are influ-
enced by their operational pattern. Degradation characteristics differ
for batteries and hydrogen systems. The aging of hydrogen fuel cells are
largely affected by start, stop and rapid ramping. However, the degra-
dation has often been studied for vehicles that exhibit several cycles
each hour [6], while a grid connected fuel cell will operate with less
frequent cycling. Moreover, degradation of fuel cells can also be related
to dry membranes caused by limited operation, and modest operation
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can extend the expected lifetime compared to low operation [7]. The
degradation cost of the hydrogen system has therefore been neglected.

The degradation of lithium-ion batteries is closely related to operat-
ing conditions like charge/discharge power, depth-of-discharge (DOD),
SOC, temperature, and ampere throughput [8]. Energy management
of VRES typically involves daily cycles, and the battery will rarely
operate close to its maximum power capabilities. Moreover, the battery
temperature will be controlled to ensure optimal operating conditions
and minimal degradation. Whereas balancing the short-term fluctuation
causes degradation due to DOD, long-term storage increases the SOC
degradation. This paper will therefore consider degradation caused by
DOD and SOC.

The aging is therefore influenced by the operational pattern, and
the optimal power dispatch largely depends on the battery’s aging
model [9]. Previous studies of microgrid (MG) economic dispatch often
neglect the cost associated with degradation [10,11]. Single factor
models, considering degradation either as a function of power, SOC,
DOD, or ampere hour throughput, are also widely adopted [9]. For
example, Refs. [12–15] assume the degradation is proportional with en-
ergy throughput. More sophisticated models capture non-linear effects,
either as a single factor model [16] or combined models [17,18].

However, previous studies mainly focus on daily battery cycling
under variable photovoltaic (PV) generation with deterministic mod-
els [9,16,17]. This paper also considers the effect of lasting generation
surplus and deficit with respect to how the battery and hydrogen
storage are operated. To account for the uncertainty in generation from
VRES, which is crucial for energy constrained systems [19], a multi-
stage stochastic formulation is implemented. Moreover, the expected
implication on the battery lifetime is considered using actual data for
a real MG over a whole year.

Non-linear models are often computationally intensive, especially
for large-scale systems and stochastic problems. Convex and linear
problem formulations reduce the computational burden, and enable
utilization of decomposition techniques such as dual decomposition.
Ref. [20] proposes a piece-wise linear relaxation of the non-linear
DOD degradation, and shows that a cost reduction can be achieved by
considering the cyclic degradation in the market clearing of a battery.
However, linear approximation of the non-linear SOC degradation has
gained less attention.

This paper proposes a piece-wise linear approximation of the battery
SOC degradation effect, and demonstrates it in combination with linear
DOD degradation [20] on a real MG from the EU project REMOTE [21,
22]. The system is operating islanded, and is energy constrained since
the backup generator is too small to cover the peak demand and the
EES must be operated to prevent load shedding in extreme situations.
The optimal operation is considered using rolling horizon [23] and
stochastic dual dynamic programming (SDDP) [24]. The system is
simulated for a whole year with rolling horizon using real observations
from the MG and scenarios generated from historical weather forecasts.
Infinite horizon is embedded using cyclic Markov chains [25], and
the implication of including battery degradation will be studied with
respect to the costs, VRES and EES utilization as well as expected
battery lifetime.

The contributions of this paper can be summarized as: (𝑖) a linear
battery SOC degradation formulation, (𝑖𝑖𝑖) a multi-stage stochastic en-
ergy management formulation including both battery DOD and SOC
degradation, and (𝑖𝑖𝑖) an analysis of a full year operation of an ac-
tual MG using the proposed formulation to valuate the importance of
considering battery degradation in a life cycle perspective.

The remainder of the paper is organized as follows: Section 2
describes the rolling horizon simulation method as well as the SDDP
algorithm, and derives the linear power system model including the
SOC degradation model; Section 3 presents how the proposed method
is implemented and the numerical values of the cases; Section 4 shows
and discusses the results; and Section 5 draws the conclusions and
2

suggests future work.
Fig. 1. Rolling horizon optimization.

2. Method

This section presents the rolling horizon stochastic energy-
management model where the goal is to find the optimal stage-wise
control decisions 𝑢𝑠 at each stage 𝑠 for the in-going state 𝑥𝑠 and the
tage-wise uncertainty 𝜔𝑠.

2.1. Rolling horizon simulation

Generation forecasts are based on weather forecasts issued with
fixed intervals, and the stochastic model is trained each time a new
forecast is available for the prediction horizon as illustrated in Fig. 1.
The actual generation and demand is observed and evaluated for the
roll horizon interval using the trained stochastic model yielding the op-
timal control 𝑢𝑠 that is implemented. Finally, the optimization horizon
is moved forward and the procedure is repeated using the end state 𝑥𝑠+1
from previous optimization as the initial value.

2.2. Multi-stage stochastic programming

This paper considers multi-stage stochastic programming (MSSP)
for solving the proposed energy management problem. MSSP captures
that energy management is a sequential decision making process and
recognizes that decisions can be updated stage-wise as uncertainty is
revealed. The MSSP formulation in (1a)–(1c) is divided into several
stages 𝑠, each representing a discrete moment in time. The goal is
to minimize the current and future operating costs. State variables 𝑥𝑠
represent variables connected across stages, such as EES SOC. Control
variables 𝑢𝑠 are decisions, both implicit and explicit, and must be within
the technical limitations of the system given by the set of admissible
controls (1c). The state transition function (1b) describes the relation
between the state variables across stages. The random variable 𝜔𝑠
represents the uncertainty in demand and VRES generation.

min
𝑢𝑡

{

𝐶1(𝑥1, 𝑢1, 𝜔1) + E
𝜔2|𝜔1

[

min
𝑢2

(

𝐶2(𝑥2, 𝑢2, 𝜔2) +⋯

+ E
𝜔𝑆 |𝜔𝑆−1 ,…,𝜔2

[

min
𝑢𝑆

(

𝐶𝑆 (𝑥𝑆 , 𝑢𝑆 , 𝜔𝑆 )
)

])

]

}

(1a)

s.t. 𝑥𝑠+1 = 𝑇𝑠(𝑥𝑠, 𝑢𝑠, 𝜔𝑠) (1b)

𝑢𝑠 ∈ 𝑈𝑠(𝑥𝑠, 𝜔𝑠) (1c)

Generation from solar and wind power are correlated and has
ignificant auto-correlation. However, the auto-correlation is partially
aptured by the stage-wise scenarios that can span several hours. By
ssuming the random variable is stage-wise independent and has a dis-
rete set of realizations for each stage, the problem can be formulated
n extended form. Instead of solving the intractable extended problem,
DDP [24] decomposes the problem into sub-problems for each stage
∈ 𝑆 and realization of the random variable 𝜔𝑠 ∈ 𝛺𝑠 as shown

n (2a)–(2e). The algorithm is divided into two phases: forward pass and
ackward recursion. The forward pass samples a random variable for
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each stage and solves the sequence of sub-problems using the outgoing
state of stage 𝑠 as the in-going state to stage 𝑠+1. When the final stage is
reached, the backward recursion starts by solving the final stage for all
the random variables. From convexity, the dual variables 𝜆𝑠 of the state
variable 𝑥𝑠 (2b) can be used to generate a linear cutting plane (2e) that
acts as a lower bound for the previous stage problem, and the procedure
is repeated all the way back to the first stage. The whole procedure is
repeated, adding new cuts for each iteration 𝑘, until the convergence
criteria is met [24,25] and it has been shown that the algorithm under
certain conditions will converge [26].

min
𝑢𝑠 ,𝑥𝑠 ,𝑥𝑠+1 ,𝜃𝑠

𝐶𝑠(𝑥𝑠, 𝑢𝑠, 𝜔𝑠) + 𝜃𝑠 (2a)

s.t. 𝑥𝑠 = 𝑥𝑠, [𝜆𝑠] (2b)

𝑥𝑠+1 = 𝑇𝑠(𝑥𝑠, 𝑢𝑠, 𝜔𝑠) (2c)

𝑢𝑠 ∈ 𝑈𝑠(𝑥𝑠, 𝜔𝑠) (2d)

𝜃𝑠 ≥ 𝛼𝑘𝑠 + 𝛽𝑘𝑠 𝑥𝑠+1, 𝑘 ∈ {1, 2,… , 𝐾} (2e)

.3. Power system model

Each stage-wise problem in (1a)–(1c) comprises a power system
odel with multiple timesteps 𝑡. The power system model including

he battery degradation model will be expressed using the following
ets and indices:

• 𝑡 ∈ 𝑠: Time index 𝑡 and the set of time steps 𝑠 from stage 𝑠.
• 𝑔 ∈ : Generator 𝑔 and the set of dispatchable generators .
• 𝑟 ∈ : VRES 𝑟 and the set of VRESs .
• 𝑑 ∈ : Consumer 𝑑 and the set of consumers .
• 𝑒 ∈  : EES 𝑒 and the set of EESs  .
• 𝑘𝛿 ∈ 𝛿 : Battery cycling segment 𝑘𝛿 in the set of segments 𝛿 .
• 𝑘𝑢𝑝𝜎 ∈ 𝑢𝑝

𝜎 ∕𝑘𝑑𝑛𝜎 ∈ 𝑢𝑝
𝜎 : Battery SOC segment 𝑘𝑢𝑝𝜎 ∕𝑘𝑑𝑛𝜎 direction

up/down in the set of segments 𝑢𝑝
𝜎 ∕𝑢𝑝

𝜎 respectively.

The following parameters have been used:

• 𝛥𝑇𝑡: Timestep 𝑡 step length.
• 𝑃𝐺𝑚𝑎𝑥

𝑔 : Generator 𝑔 maximum power dispatch.
• 𝐶𝑔 : Generator 𝑔 marginal operating cost.
• 𝑃𝑅𝑚𝑎𝑥

𝑟,𝑡 : VRES 𝑟 maximum power at time 𝑡.
• 𝑃𝐷𝑑,𝑡: Demand of consumer 𝑑 at time 𝑡.
• 𝐶𝑑 : Consumer 𝑑 marginal load shedding cost.
• 𝑆𝑂𝐶𝑚𝑖𝑛

𝑒 ∕𝑆𝑂𝐶𝑚𝑎𝑥
𝑒 : EES 𝑒 minimum and maximum SOC.

• 𝑃𝑆𝑐
𝑒∕𝑃𝑆

𝑑
𝑒 : EES 𝑒 maximum charge/discharge power.

• 𝐶𝑒,𝑘𝛿 : EES 𝑒 DOD marginal degradation cost segment 𝑘.
• 𝑆𝑂𝐶𝑟𝑒𝑓

𝑒 : EES 𝑒 SOC degradation reference value.
• 𝐶𝑢𝑝

𝑒,𝑘𝜎
∕𝐶𝑑𝑛

𝑒,𝑘𝜎
: EES 𝑒 SOC marginal degradation cost up/down seg-

ment 𝑘𝑢𝑝𝜎 ∕𝑘𝑑𝑛𝜎 .
• 𝜂𝑐𝑒∕𝜂

𝑑
𝑒 : EES 𝑒 charge/discharge efficiency.

• 𝑅: Battery replacement cost.

The functions and variables are:

• 𝑝𝑔,𝑡: Generator 𝑔 power dispatch at time 𝑡.
• 𝑝𝑔,𝑡: VRES 𝑟 power dispatch at time 𝑡.
• 𝑝𝑑,𝑡: Consumer 𝑑 demand at time 𝑡.
• 𝑝𝑙𝑠𝑑,𝑡: Consumer 𝑑 load shedding at time 𝑡.
• 𝑝𝑠𝑐𝑒,𝑡(,𝑘𝛿 )∕𝑝𝑠

𝑑
𝑒,𝑡(,𝑘𝛿 )

: EES 𝑒 power charge/discharge DOD (segment 𝑘𝛿)
at time 𝑡.

• 𝑠𝑜𝑐𝑒,𝑡,𝑘𝛿 : EES 𝑒 SOC DOD segment 𝑘𝛿 at time 𝑡.
• 𝑠𝑜𝑐𝑢𝑝𝑒,𝑡,𝑘𝜎∕𝑠𝑜𝑐

𝑑𝑛
𝑒,𝑡,𝑘𝜎

: EES 𝑒 SOC degradation segment 𝑘𝑢𝑝𝜎 ∕𝑘𝑑𝑛𝜎 above/
below reference value at time 𝑡.

• 𝛿𝑡: Unitless EES cycle depth at time 𝑡.
3

• 𝜎𝑡: Unitless EES SOC at time 𝑡. c
• 𝜎𝑟𝑒𝑓 : Unitless EES reference SOC.
• 𝑓𝛿(𝛿𝑡): Incremental battery fade as a function of cycle depth 𝛿𝑡 at

time 𝑡.
• 𝑓𝜎 (𝜎𝑡): Incremental battery fade as a function of SOC 𝜎𝑡 at time 𝑡.

The resulting model is summarized in (3)–(13). The objective is to
minimize the dispatchable generation costs, load shedding, and EES
degradation associated with both DOD and SOC (3). The total power
injections and withdrawals must balance at all time steps (4). The
generation, both dispatchable and VRES, must respect the maximum
generation (5) and (6). Demand that cannot be met, causes load shed-
ding (7). The battery charge/discharge must respect the maximum
limits, both per segment (8) and (9) and the sum of the segments (10)
and (11). The EES energy balance is expressed per segment (12), where
the segments are divided into equal sizes (13).

min
∑

𝑡∈

[

∑

𝑔∈
𝐶𝑔𝑝𝑔,𝑡 +

∑

𝑑∈
𝐶𝑑𝑝𝑙𝑠𝑑,𝑡 +

∑

𝑒∈

∑

𝑗∈
𝐶𝑒,𝑘𝛿 𝑝𝑠

𝑑
𝑒,𝑡,𝑘𝛿

+
∑

𝑒∈

(

∑

𝑘𝜎∈
𝑢𝑝
𝜎

𝐶𝑢𝑝
𝑒,𝑘𝜎

𝑠𝑜𝑐𝑢𝑝𝑒,𝑡,𝑘𝜎 +
∑

𝑘𝜎∈𝑑𝑛
𝜎

𝐶𝑑𝑛
𝑒,𝑘𝜎

𝑠𝑜𝑐𝑑𝑛𝑒,𝑡,𝑘𝜎

)

]

(3)

subject to
∑

𝑔∈
𝑝𝑔,𝑡 +

∑

𝑟∈
𝑝𝑟,𝑡 +

∑

𝑒∈
𝑝𝑠𝑑𝑒,𝑡 =

∑

𝑑∈
𝑝𝑑,𝑡 +

∑

𝑒∈
𝑝𝑠𝑐𝑒,𝑡 (4)

0 ≤ 𝑝𝑔,𝑡 ≤ 𝑃𝐺𝑚𝑎𝑥
𝑔 (5)

0 ≤ 𝑝𝑟,𝑡 ≤ 𝑃𝑅𝑚𝑎𝑥
𝑟,𝑡 (6)

𝑝𝑑,𝑡 = 𝑃𝐷𝑑,𝑡 − 𝑝𝑙𝑠𝑑,𝑡 (7)

0 ≤ 𝑝𝑠𝑐𝑒,𝑡,𝑘𝛿 ≤ 𝑃𝑆𝑐
𝑒 (8)

0 ≤ 𝑝𝑠𝑑𝑒,𝑡,𝑘𝛿 ≤ 𝑃𝑆𝑑
𝑒 (9)

𝑝𝑠𝑐𝑒,𝑡 =
∑

𝑗∈
𝑝𝑠𝑐𝑒,𝑡,𝑘𝛿 ≤ 𝑃𝑆𝑐

𝑒 (10)

𝑝𝑠𝑑𝑒,𝑡 =
∑

𝑗∈
𝑝𝑠𝑑𝑒,𝑡,𝑘𝛿 ≤ 𝑃𝑆𝑑

𝑒 (11)

𝑠𝑜𝑐𝑒,𝑡,𝑘𝛿 = 𝑠𝑜𝑐𝑒,𝑡−1,𝑘𝛿 + 𝛥𝑇𝑡

(

𝜂𝑐𝑒𝑝𝑠
𝑐
𝑒,𝑡,𝑘𝛿

− 1
𝜂𝑑𝑒

𝑝𝑠𝑑𝑒,𝑡,𝑘𝛿

)

(12)

0 ≤ 𝑠𝑜𝑐𝑒,𝑡,𝑘𝛿 ≤ 1
|𝛿|

(𝑆𝑂𝐶𝑚𝑎𝑥
𝑒 − 𝑆𝑂𝐶𝑚𝑖𝑛

𝑒 ) (13)

Note that restrictions to prevent simultaneous charging and dis-
harging have not been included since it requires integer variables or
on-linear modeling. This assumption implies that dumping of energy
rom the battery is accepted. This is not a problem when the VRES
eneration can be curtailed at no cost. However, by introducing SOC
egradation cost, situations where dumping of energy is beneficial
ight arise. Moreover, minimum power for the thermal generator and

he hydrogen system has not been considered since it would require
inary variables that is not supported by standard SDDP. As a conse-
uence, the flexibility of the diesel generator and the hydrogen system
s overestimated and the battery cycling need might be underestimated.
his limitation can be overcome by using SDDiP [27], but would

ncrease the computational burden significantly.
The state 𝑥𝑠 comprises the initial SOC variable 𝑠𝑜𝑐𝑒,𝑡,𝑘𝛿 at each

tage, and the final SOC variable at the outgoing state 𝑥𝑠+1. The
andom variable 𝜔 comprises the renewable generation 𝑃𝑅𝑚𝑎𝑥

𝑟,𝑡 and the
emand 𝑃𝐷𝑑,𝑡 for all the steps in the stage. The remaining variables are
ecisions 𝑢𝑠, either explicit or implicit.

.4. EES degradation model

Experimental results show that the degradation rate of lithium-ion
atteries increases with increasing DOD. Moreover, the degradation
ate is also higher for high SOC [28,29], but very low SOC will also

ause high degradation [30–33].
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The proposed model assumes the degradation due to DOD and SOC
are decoupled. For an arbitrary convex DOD capacity fade function
𝑓𝛿(𝛿𝑡), the EES SOC is divided into equally sized segments 𝐾𝛿 yielding
ost coefficients 𝐶𝛿𝑘 (14) [20].

𝛿𝑘 = 𝑅
𝜂𝑑𝑆𝑂𝐶𝑚𝑎𝑥 |𝛿|

[

𝑓𝛿

(

𝑘
|𝛿|

)

− 𝑓𝛿

(

𝑘 − 1
|𝛿|

)]

, 𝑘 ∈ 𝛿 (14)

ach energy level 𝑠𝑜𝑐𝑡 and charge/discharge 𝑝𝑠𝑐𝑡 ∕𝑝𝑠
𝑑
𝑡 is divided into

𝐾𝛿 segments. Since the marginal cost curve is convex, the cheapest
available segment will always be discharged, and the suggested method
will therefore count cycles in a similar manner as the Rainflow counting
algorithm [34].

The same principle can be used for modeling the SOC degradation.
For an arbitrary convex SOC capacity fade function 𝑓𝜎 (𝜎), as illustrated
in Fig. 3, 𝜎𝑟𝑒𝑓 represents the SOC level where the SOC degradation is
lowest as shown in (15).

𝜎𝑟𝑒𝑓 = argmin
𝜎

𝑓𝜎 (𝜎) (15)

The incremental capacity fade as a function of SOC can be found by
taking the derivative of 𝑓𝜎 (𝜎) with respect to 𝑠𝑜𝑐𝑡.

𝜕𝑓𝜎 (𝜎𝑡)
𝜕𝑠𝑜𝑐𝑡

=
𝑑𝑓𝜎 (𝜎𝑡)
𝑑𝜎𝑡

𝜕𝜎𝑡
𝜕𝑠𝑜𝑐𝑡

= 1
𝑆𝑂𝐶𝑚𝑎𝑥

𝑑𝑓𝜎 (𝜎𝑡)
𝑑𝜎𝑡

(16)

The 𝑠𝑜𝑐𝑒,𝑡 variable is divided into 𝐾𝑢𝑝
𝜎 and 𝐾𝑑𝑛

𝜎 equally sized segments
𝑠𝑜𝑐𝑢𝑝𝑒,𝑡,𝑘 and 𝑠𝑜𝑐𝑑𝑛𝑒,𝑡,𝑘 for up and down direction as illustrated by the orange
and green segments in Fig. 3 respectively, and shown in (17)–(20).
Therefore, 𝑠𝑜𝑐𝑢𝑝𝑒,𝑡,𝑘 and 𝑠𝑜𝑐𝑑𝑛𝑒,𝑡,𝑘 represent the distance from the reference
alue in both directions.
∑

𝑘∈𝑢𝑝
𝜎

𝑠𝑜𝑐𝑢𝑝𝑒,𝑡,𝑘 ≥ 𝑠𝑜𝑐𝑒,𝑡 − 𝑆𝑂𝐶𝑟𝑒𝑓
𝑒 (17)

∑

∈𝑑𝑛
𝜎

𝑠𝑜𝑐𝑑𝑛𝑒,𝑡,𝑘 ≥ 𝑆𝑂𝐶𝑟𝑒𝑓
𝑒 − 𝑠𝑜𝑐𝑒,𝑡 (18)

0 ≤ 𝑠𝑜𝑐𝑢𝑝𝑒,𝑡,𝑘 ≤ 1
|𝑢𝑝

𝜎 |

(

𝑆𝑂𝐶𝑚𝑎𝑥 − 𝑆𝑂𝐶𝑟𝑒𝑓
𝑒

)

(19)

0 ≤ 𝑠𝑜𝑐𝑑𝑛𝑒,𝑡,𝑘 ≤ 1
|𝑑𝑛

𝜎 |

𝑆𝑂𝐶𝑟𝑒𝑓
𝑒 (20)

Let 𝐶𝑢𝑝
𝜎,𝑘 and 𝐶𝑑𝑛

𝜎,𝑘 denote the incremental aging cost with respect to
each segment in either direction 𝑠𝑜𝑐𝑢𝑝𝑒,𝑡,𝑘 and 𝑠𝑜𝑐𝑑𝑛𝑒,𝑡,𝑘, which can be inter-
preted as the segment slopes in Fig. 3. The resulting cost coefficients
are expressed in (21) and (22).

𝐶𝑢𝑝
𝜎𝑘 = 𝑅

𝑆𝑂𝐶𝑚𝑎𝑥 |
𝑢𝑝
𝜎 |

[

𝑓𝜎

(

𝜎𝑟𝑒𝑓 + 𝑘
|𝑢𝑝

𝜎 |

(1 − 𝜎𝑟𝑒𝑓 )
)

−𝑓𝜎

(

𝜎𝑟𝑒𝑓 + 𝑘 − 1
|𝑢𝑝

𝜎 |

(1 − 𝜎𝑟𝑒𝑓 )
)]

, 𝑘 ∈ 𝑢𝑝
𝜎 (21)

𝐶𝑑𝑛
𝜎𝑘 = 𝑅

𝑆𝑂𝐶𝑚𝑎𝑥 |
𝑑𝑛
𝜎 |

[

𝑓𝜎

(

𝜎𝑟𝑒𝑓 − 𝑘
|𝑑𝑛

𝜎 |

𝜎𝑟𝑒𝑓
)

−𝑓𝜎

(

𝜎𝑟𝑒𝑓 − 𝑘 − 1
|𝑑𝑛

𝜎 |

𝜎𝑟𝑒𝑓
)]

, 𝑘 ∈ 𝑑𝑛
𝜎 (22)

The cheapest segments will always be used first, and the correct seg-
ment will be used given a convex cost function. Non-convex cost
functions should consider convex relaxation or mixed-integer program-
ming to ensure global optimality but has not been considered in this
paper.

3. Implementation and numerical values

The proposed method is implemented in Julia (1.4.2) with SDDP.jl
(0.3.14) [35] and Gurobi (9.1). The models were trained with 50 SDDP
4

iterations.
Table 1
Microgrid numerical values.

Description Unit Value

Wind turbine capacity [kW] 135
Solar PV capacity [kW] 86
Diesel generator capacity [kW] 25/75
Diesel generation cost [e/MWh] 100
Load shedding cost [e/MWh] 5000

Table 2
Numerical values for microgrid EES.

Description Unit Lithium-ion Hydrogen

Charge power [kW] 500 55
Discharge power [kW] 500 100
Size [kWh] 500/1000 3300/–
Charge efficiency [%] 96 64
Discharge efficiency [%] 96 50
Replacement cost [e/kWh] 100 NA

Fig. 2. Four day average generation and demand for the optimization period.

3.1. Microgrid

The model has been tested on the Rye microgrid in central Norway
that is partly funded by the Horizon 2020 project REMOTE [21]. The
MG comprises a few farms and houses, and is supplied by a wind
turbine, solar PV, and a diesel generator that serves as backup in case of
insufficient VRES generation. The system is equipped with battery and
hydrogen storage to balance supply and demand [22]. Load shedding
costs occur if the supply is unable to meet the demand. Numerical
values for the MG are shown in Table 1, and the EES in Table 2. Note
that the wind and diesel generator sizes in this case differs from the
actual system. Fig. 2 shows the four day average VRES generation and
demand for the whole period.

3.2. Battery degradation

This paper uses a quadratic DOD capacity fade function (23) [17,
33]. The upper range of the SOC stress function (24) is exponen-
tial [36], while the lower part is defined to capture the potential
collapse associated with operating at very low SOC [18,32]. Note that
any convex fade function can be used.

𝑓𝛿(𝛿) = 𝑘𝛿 𝛿2 (23)

𝑓𝜎(𝜎) =

⎧

⎪

⎨

⎪

⎩

𝑘𝜎1𝑒𝑘𝜎2(𝜎−𝜎
𝑟𝑒𝑓 ) 0.2 ≤ 𝜎 ≤ 1

𝑓𝜎 (1.0) +
𝜎
0.1 (𝑓𝜎 (0.2) − 𝑓𝜎(1.0)) 0 ≤ 𝜎 < 0.1

𝑓𝜎 (0.2) 0.1 ≤ 𝜎 < 0.2

(24)

Assuming the battery fade is 85% higher at 90% compared to 10%
SOC [37], yields 𝑘𝜎2 = 0.769. The battery is assumed to reach end of
life after 10 years with 3000 cycles at 80% DOD with 50% average SOC
and after 20 years with no cycling at 50% SOC. These assumptions yield
𝑘𝛿 = 3.092 × 10−4 and 𝑘𝜎1 = 5.708 × 10−6, respectively. The resulting
SOC loss function and the corresponding linearized segments are shown
in Fig. 3. The SOC loss curve is assumed to be flat between 10 and 20%,
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Fig. 3. Continuous and linearized SOC capacity loss functions.

Table 3
Overview of cases the proposed model has been tested on.

Case Diesel generator [kW] Battery [kWh] Hydrogen [kWh]

1. 25 500 3300
2. 75 500 3300
3. 25 1000 –

Table 4
Overview of methods the proposed cases have been analyzed with.

Method Forecast DOD SOC

a. Perfect X X
b. Deterministic
c. Stochastic
d. Stochastic X
e. Stochastic X
f. Stochastic X X

and the SOC degradation is equal at 0 and 100% SOC to also capture
capacity fade at low SOC.

3.3. Scenarios and stages

The time-series for wind and solar PV power and demand are
based on actual values from the Rye MG through year 2020 and
is available online [38]. The wind power has been scaled down to
60% of the original size. Wind, solar PV and demand have each been
forecasted with a low, medium, and high scenario with probability 20,
60 and 20% respectively, based on the 0.2, 0.5, and 0.8 quantiles,
yielding a combination of 27 scenarios. These have been ordered based
on accumulated net production and reduced by selecting the median
scenario of the percentiles 0–10, 10–30, 30–70, 70–90, and 90–100
with the corresponding probabilities 0.1, 0.2, 0.4, 0.2, and 0.1. More
sophisticated scenario generation methods could have been used but
are outside the scope of this paper. The individual percentiles are
published online [39]. The interval between the four first stages are 6 h
each, the next is 24 h, while the final is 72 h and repeated cyclically
with discount factor 0.7 as described in Ref. [25]. The final stage is
beyond the meterological forecast, and historical daily mean values are
applied as scenarios using the same quantiles as previous stages.

3.4. Cases

The model has been simulated with three different variants of the
system with respect to generator and EES sizes as shown in Table 3.
The systems in cases 1 and 3 are energy constrained since the diesel
enerator is too small to meet the peak demand, hence load shedding
epends on how the EESs are scheduled. However, the diesel generator
n case 2 is large enough to always meet the peak demand, hence there
s never a risk of scarcity unless the generator fails.

Each case will be analyzed with perfect forecast, deterministic fore-
ast, and stochastic optimization, both with and without degradation
n the optimization model as shown in Table 4.
5

4. Results and discussion

The main objective is to always meet the demand in the most
cost effective way by using as much VRES generation as possible,
and only using diesel if necessary to avoid load shedding. EES must
also be utilized to maximize the VRES utilization and to minimize
the diesel consumption and the load shedding. However, the battery
degradation is a complicating element. Although cycling the battery is
less expensive than generating power from the diesel generator, even
for deep cycles, it is difficult due to the uncertainty in determining if
the power charged now is needed later or if it can be consumed directly
from VRES generation. It is therefore necessary to balance the cost of
cycling the battery toward the expected diesel generation reduction.
Additionally, there is an increasing cost associated with staying at high
SOC. It can therefore be cost effective to keep the SOC low in periods
with a stable high VRES generation to extend the battery’s lifetime.

The results in Table 5 show that accounting for DOD and SOC
degradation increases the load shedding in the cases 1 and 3, and
the diesel cost for all cases. However, the reduction in degradation
surpasses the increase in diesel and load shedding costs and indicates
an increase in expected battery life time of more than four years
for all the cases when comparing methods c and f. A very common
way to reduce battery degradation is to apply fixed operating limits,
such as enforcing a permanent operating range between 10 and 90%.
However, in situations where the only alternative is load shedding,
it is optimal to utilize the full battery range since the cost reduction
associated with reducing load shedding outperforms the cost accrued
by degradation. The energy balance in the cases 1 and 2 show that
he hydrogen system replaces some of the battery cycling from method
to f, since it has no degradation costs. However, case 3, which has
o hydrogen in the system, also shows a significant cost reduction
ssociated with battery degradation when hydrogen is taken out of the
ystem. SOC degradation without DOD degradation (method e) causes
ignificant cycling and energy dumping through simultaneous charging
nd discharging of the battery, hence the DOD degradation reduces the
ccurrence of simultaneous charging and discharging caused by SOC
egradation as indicated in method f.

Fig. 4a shows that the hydrogen SOC on average is lower when
ncluding the DOD degradation in methods d and f. The wind turbine
eak capacity is 135 kW while the electrolyzer charge capacity is only
5 kW. In periods with very high wind power, the battery can act as a
uffer for the hydrogen system that is unable to absorb the wind power
eaks. However, DOD degradation makes this less profitable, resulting
n lower hydrogen filling.

Fig. 4b shows that the battery SOC for methods e and f, where SOC
egradation is included, is stable low in mid-year when the demand is
ow. These periods require relatively low stored energy to secure the
upply, especially when the solar PV is delivering substantial energy
ue to many hours of sunlight through the summer. However, SOC
egradation will, in general, lower the battery SOC, and DOD degra-
ation will lower the hydrogen SOC, which in turn increases the risk
f scarcity. The results in Table 5 shows a modest increase in both
oad shedding and diesel consumption when accounting for battery
egradation.

. Conclusions

Battery degradation is strongly connected to the operational pattern.
n this study, the expected battery lifetime was prolonged by more than
our years by properly accounting for degradation effects caused by
OD and SOC. Moreover, the total operating costs were reduced by
p to 25% compared to the naive stochastic model without represen-
ation of degradation. However, battery degradation minimization also
nfluences the operational pattern for the remaining resources in the
ystem. The operational costs for generators and other EES technologies
an, in the worst case scenario, increase even more than the savings
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Table 5
Overview of operating costs, degradation costs, battery expected lifetime, VRES generation and EES charge/discharge for cases in Table 3 and methods in Table 4.

Case Method Operating cost [e] Degradation cost [e] [year] Energy [MWh]

Total Load shedding Diesel DOD SOC up SOC down Lifetime VRES H2 ch/dch Batt ch/dch

1 a 3719.7 0.00 3076 514 117 12 21.68 185.03 61.52/20.19 39.83/36.90
1 b 8541.1 4054.93 2840 1041 435 171 17.81 171.41 40.74/13.54 49.34/45.67
1 c 6011.1 968.94 2860 1328 731 123 16.26 166.73 32.87/11.02 52.67/48.73
1 d 5579.5 1086.00 2934 627 882 50 18.09 181.56 57.16/18.79 40.84/37.83
1 e 5804.1 1108.53 2861 1488 310 37 17.23 181.25 53.03/17.47 63.36/58.58
1 f 5256.8 1414.40 2964 582 268 29 20.62 183.48 60.64/19.90 39.71/36.79

2 a 3719.7 0.00 3076 514 117 12 21.68 185.03 61.52/20.19 39.83/36.90
2 b 4508.7 0.00 2917 998 445 149 17.98 171.41 40.86/13.58 47.87/44.31
2 c 5093.3 0.00 2864 1285 723 220 16.13 166.46 32.50/10.90 50.46/46.69
2 d 4575.3 0.00 2892 650 848 185 17.69 181.75 56.55/18.60 40.43/37.45
2 e 4704.9 0.00 2883 1494 313 16 17.27 181.26 53.10/17.49 62.37/57.63
2 f 3814.1 0.00 3000 556 253 6 20.90 183.46 60.79/19.95 38.50/35.63

3 a 4631.9 0.00 3459 771 348 53 19.45 141.21 –/– 56.93/52.66
3 b 9718.3 3822.67 3071 1228 1258 338 14.72 143.96 –/– 63.49/58.71
3 c 7202.8 775.38 3064 1436 1741 186 13.64 143.42 –/– 59.47/55.00
3 d 6968.8 1061.56 3091 885 1745 186 14.74 143.05 –/– 59.03/54.59
3 e 8467.5 1107.20 3215 3133 945 67 12.32 161.68 –/– 181.47/167.43
3 f 6188.1 1236.83 3321 776 789 66 17.86 140.56 –/– 56.43/52.20
Fig. 4. Four day average SOC for case 1.

for battery degradation. Degradation costs and inefficiencies associated
with the operational pattern should therefore be considered for the
whole system.

Dedicated battery degradation minimization can be contradictory
to maximizing the security of supply, and the risk of scarcity must
be balanced against the potential reduction in degradation. Realistic
uncertainty models are therefore highly important.

The optimal operation of the future power system will to a greater
extent be influenced by technology prices rather than fuel price, and
energy adequacy rather than power adequacy. Future research should
therefore give more attention to both the degradation of all the flexible
resources in the system as well as precise uncertainty modeling to
capture the future risk of scarcity accurately.
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