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A B S T R A C T

This paper proposes a data-driven stochastic unit commitment (SUC) framework for sizing battery energy storage
system (BESS) for spinning reserve and efficiency increase in isolated power system. BESS is used to provide
spinning reserve to manage the uncertainties in the power system. Additionally, load-shifting demand response
(DR) is incorporated in the data-driven SUC model to reduce the size of the BESS required. Also, battery
degradation is modelled in the data-driven SUC formulation to make the results as accurate as possible.
Furthermore, to reduce the computational burden a novel scenario reduction method based on the Kantorovich
distance metric is proposed for selecting scenarios (from the high number of generated scenarios for load and
renewable sources) that describe the problem with limited loss of information. The case study is based on an
offshore oil and gas platform in the North Sea which has four identical gas turbine generators and is assumed to
integrate offshore wind turbines and an offshore solar farm, thus having three sources of uncertainty (load, wind
and solar). Five test cases were analyzed: a baseline case without BESS and flexible load (DR), and other cases
including degrading BESS and flexible load, either separately or jointly. First, the selected scenarios were
analyzed and seen to retain most of the information in the original historical dataset, which validates the ac-
curacy of the proposed scenario reduction method. The results showed that the methodology proposed in this
work can be used to get an accurate optimal BESS capacity and that the inclusion of load-shifting DR can help
reduce the optimal BESS capacity. Cases where an optimally sized BESS was considered provided cost reductions
in the range 2.54 % to 3.68 % and carbon emissions reductions in the range 3.88 % to 4.5 % compared to the
baseline case. Finally, the result also showed that battery degradation modelling is important as the cost
reduction increased from 2.54 % to 3.68 % when battery degradation is modelled.

1. Introduction

1.1. Motivations

The inherent uncertainty in power systems has consistently posed
significant challenges for the operation and control of power grids [1].
Traditionally, this uncertainty was primarily associated with load de-
mand. However, the integration of renewable energy sources (RESs) into
power systems has introduced new dimensions of uncertainty in recent
years. To ensure the security of supply in such environments, high
spinning reserves are typically provided by dispatchable energy sources

such as gas turbine generators (GTGs) and coal power plants, which
results in increased costs and carbon emissions.

Nomenclature

Sets and indexes
t ∈ T Time periods
k ∈ GTG Gas turbine generator units
i ∈ WT Wind turbine units
j ∈ PV Solar photovoltaic units
l ∈ BESS Battery energy storage system units
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(continued )

ξ̃(ω) ∈ Ω Uncertainty space including all scenarios
ω Index for a scenario
Optimization
variables

πω Scenario probability
Uncertainty
modelling

ξ̃ Sampled stochastic process
p Index for stochastic variable that can be load (l), wind speed

(w), or solar irradiation (pv)
F̂
p
h,t
(
ξ̃
p
t
) Marginal empirical cumulative distribution function for

load, wind speed or solar irradiation
Fp(ξ̃

p
) Multivariate joint distribution for load, wind speed or solar

irradiation

Energy storage systems (ESSs), acknowledged as vital components of
future power systems [2,3], offer a promising solution. ESSs can provide
spinning reserves and enhance efficiency, leading to cost reductions and
lower carbon emissions while ensuring reliable system operation. The
importance of ESS is even more pronounced in small-scale isolated
power systems, where load demand is highly volatile, and the uncer-
tainty from RESs is significant due to the limited number of generation
points. In contrast, larger power systems benefit from distributed
renewable sources, which aggregate to reduce overall uncertainty.

According to the International Energy Agency, the global installed
capacity of grid-scale battery energy storage systems (BESS) reached 28
GW in 2022, with 11 GW added in 2022 alone [4]. The rapidly declining
cost of batteries [5] is expected to further drive the adoption of BESS to
address the numerous challenges faced by modern power systems.
However, determining the optimal size of ESS for providing spinning
reserves and increasing efficiency is a complex task due to the multiple
sources of uncertainty inherent in systems with significant renewable
energy integration.

1.2. Literature review

The simplest way to solve the storage sizing problem is by formu-
lating a deterministic unit commitment (DUC) problem. The main
benefit of the DUC is its low computational burden. The uncertainty in
the load and renewable sources can be dealt with by allocating a large
spinning reserve margin. However, the DUC does not guarantee a high
energy security and in some cases may lead to higher operational cost.
For example, DUC was solved in [6] and in all the evaluated cases it had
a higher cost than the corresponding stochastic unit commitment (SUC)
approach, while also having load shedding which implies reduced se-
curity of power supply. Due to the high cost and limited reliability of the
traditional DUC some authors have proposed alternative unit commit-
ment (UC) formulations that yield a performance close to that of a SUC
at a reasonably low computational burden. These UC formulations
include interval unit commitment [7], improved interval unit commit-
ment (IIUC) [8], DUC with probabilistic reserve constraint [9], chanced
constrained UC [10], robust UC [11] and hybrid methods [12]. The IIUC
proposed in [8] was used to solve the scheduling of dispatchable gen-
eration and pumped hydro energy storage (PHES) in the Belgian power
system. The IIUC formulation models the hydraulic constraints of the
PHES when the PHES is providing regulation services. The IIUC model
has three forecast scenarios and four ramping scenarios. All the sce-
narios in a SUC are reduced to the three forecast scenarios in the IIUC.
The three forecast scenarios include the central forecast scenario, the
upper bound scenario, and the lower bound scenario. The goal of the
IIUC is to reduce the computational cost of the UC while achieving a
cost-efficient schedule. Bruninx et al. [9] proposed a DUC formulation
with probabilistic reserve constraints. They defined distinct reserve
levels based on the probability distribution of wind forecast error i.e.,
the probability distribution of wind forecast error is divided into L re-
gions with each region representing a reserve level and having a certain

probability. The reserve activation cost depends on the probability of
activation of the reserve level. However, the quality of the solution
obtained with this method depends on the knowledge of the probability
of activation of each power plant offering reserve, otherwise a wrong
estimate of the activation probability may impact the accuracy of the
result. The authors in [13] proposed an energy storage (ES) sizing
approach by solving a chance-constrained optimization (CCO) with
correlated uncertainties. The goal in the paper was to minimize the total
cost by optimizing the size of the ES, thermal units generation power,
wind curtailment and load shedding. The model in the paper considered
correlation of the forecast errors of wind farm and load at different
buses. However, they assumed a parametric distribution for the load and
wind which is not always a realistic assumption, particularly in isolated
power systems. The main benefits of these alternative approaches are
that they allow the modelling of a bit of stochastic formulation while
having low computational burden. Nevertheless, these alternative ap-
proaches may not necessarily be the best methods for solving the UC
problem used for sizing the ES especially when used in isolated power
grids. We believe a good way to deal with uncertainty in power systems
is through the use of SUC formulation. Also, the focus on isolated power
systems allows a reduced computational burden compared to inter-
connected power systems with a high number of buses, particularly in
the case of SUC formulation.

In this paper, energy storage sizing using a data-driven SUC model
with battery degradation and flexible load (demand response (DR)) is
proposed. Many papers in literature, including the works in [14–23]
have proposed SUC models but most of these works assume a parametric
distribution for the uncertainties, which is not always valid. The un-
derlying factor in the SUC model is how the scenarios are generated.
Scenario generation can either use parametric or non-parametric dis-
tribution. SUC models with scenario generation that uses non-
parametric distribution are referred to as data-driven SUC models as
the distribution is inferred from historical data of the source of uncer-
tainty. One problem with many SUC formulations is that a parametric
distribution is assumed for the RESs (such as wind power) and the load
demand. The empirical data for the wind speed does not usually follow a
probability distribution [8] as assumed in some studies ([13,24]). For
some isolated power systems, such as the offshore oil and gas platform
(OOGP) in this work, the load demand does not usually follow a
particular probability distribution, either. However, data-based
methods have demonstrated the ability to adequately describe more
complex patterns in historical datasets [25]. Thus, it is important to use
good data-driven scenario generation and scenario reduction methods.
Some works have studied data-driven SUC. The authors in [26] proposed
a data-driven SUC scheme with DR for managing the uncertainty in load
demand and wind power. DR is used to increase the flexible ramping
capability of the thermal generators to avoid load shedding and wind
curtailment. However, this study does not consider ESS for providing
flexible ramping capability. The authors in [1] also used a data-driven
scenario generation approach in a stochastic programming formula-
tion for sizing of ES in an isolated power system but only considered two
sources of uncertainty and did not model battery degradation nor
include DR. The works in [26–34] have also studied data-driven SUC but
none of these works considered battery degradation and DR.

BESS inclusion in the UC offers flexibility and ability to manage the
uncertainty in the load and renewable energy generation. However, the
modelling of the cost of the BESS needs to consider the degradation of
the BESS for an accurate cost estimate. Very few works have modelled
BESS degradation in the UC model. The authors in [35,36] proposed a
particle swarm optimizer to solve the UC of a micro-grid while consid-
ering battery degradation. However, in both studies the battery degra-
dation does not consider calendar aging and the cost of the battery is not
considered in the total system cost to see if there is benefit in using BESS.
The authors in [37] proposed a SUC in a micro-grid while considering
battery degradation. Benders decomposition was used to minimize the
BESS cycle aging and life cycle cost. Unlike the works in [35,36], the
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work in [37] includes the BESS cost (life cycle cost) in the total system
cost. However, like the works in [35,36], the calendar aging was not
considered in the battery degradation. The authors in [38] proposed a
novel matrix representing BESS energy capacity degradation which is
used in stochastic optimal planning of BESS for micro-grids including
solar and wind generation. The parameters optimized are the BESS size
and installation year of BESS. However, the BESS capacity matrix uses a
simple degradation model and does not use depth of discharge (cycle
counting) and temperature in a comprehensive model. Also, cycle aging
and calendar aging are not separately modelled.

While BESS offers flexibility and can help manage the uncertainty in
the load and RESs, the high cost of ES makes its integration less
appealing especially when the ES capacity required is large. As a result
of this, some works have studied the use of DR for providing flexibility
and managing uncertainties in the power system. Some studies have
used DR alone [26] while others have used it to reduce the size of the ES
required [39]. The authors in [24] used particle swarm optimization
method to optimize the cost of energy consumption of a grid-connected
micro-grid with renewable energy sources, ESS and DR programmes.
The DR programmes help to improve the voltage profile and reduce cost.
The authors in [39] proposed to use DR to meet the transmission con-
straints in the UC of a smart grid with solar photovoltaic (PV) panels,
wind turbines (WTs), thermal generation units, smart houses and BESS.
Tabu search was used to determine the optimal schedule of operation of
the thermal generation units, BESS and the controllable loads in the
smart houses. The use of DR in the proposed smart grid reduced the size
of the BESS. The benefit of the smart grid was increased when DR was
considered. The authors in [40] proposed a mixed-integer programming
approach for UC of a micro-grid with BESS and incentive-based DR. The
BESS and DR are used to manage the uncertainty in load and RES. The
use of BESS and DR reduces the system cost compared to the case
without BESS and DR. DR was also used in a new SUC of a nine-unit test
system with wind power and ESS [41]. The SUC formulation was used to
determine the optimal ESS size while considering DR. The use of ESS and
DR helps reduce the system cost while the ESS helps increase wind
power utilization. Finally, DR was used in two operation stages in [26]:
in the day-ahead stage, load-shifting DR reduces the ramping re-
quirements by changing the load profile; in the real-time stage, reserve-
capacity DR enables the ramping capability by providing reserve for the
rebalance of wind power variation. The type of DR used in this work is
similar to the load-shifting DR. It should be noted that as opposed to the
DR implemented in these papers, the DR considered in this work comes
at no cost since this is an isolated power system and the system operator
can modify the operation of the flexible load for free. The water injection
system (WIS) in OOGPs is considered as the flexible load in this work.

1.3. Opportunities and challenges

This work presents significant opportunities for enhancing power
supply security and efficiency by optimizing the size of the BESS using a
robust sizing methodology that integrates data-driven approaches to
account for uncertainty in load and RESs. BESS can quickly respond to
fluctuations in power demand and supply, thus providing a reliable
source of spinning reserve that can stabilize the grid during unexpected
outages or sudden changes in load, thus increasing the security of power
supply. The study in this paper also highlights the opportunity for BESS
to improve overall system efficiency. By optimally sizing the BESS, the
power system can minimize the need to operate more generators solely
for reserve purposes and decrease the need for inefficient part-load
operation of generators. This leads to a more efficient use of energy
resources and a reduction in fuel consumption and emissions. This paper
also identifies the potential for cost savings through the integration of
BESS. Properly sized storage can reduce the operational costs associated
with maintaining spinning reserves. The use of data-driven approaches
for sizing further enhances the precision of these estimates, leading to
more accurate investment decisions. Additionally, integrating optimally

sized BESS allows for better integration of RESs, reducing the reliance on
fossil fuels and consequently lowering greenhouse gas emissions. This
paper's use of a data-driven stochastic unit commitment framework
presents an opportunity to leverage large datasets and advanced ana-
lytics in the decision-making process. This approach enables more ac-
curate and robust sizing of ESS by accounting for uncertainties and
variabilities in load demand and renewable energy generation, leading
to more resilient and adaptable power systems. Finally, the findings
from this research have broader implications beyond isolated power
systems. The methodologies and insights gained can be applied to other
sectors, such as microgrids, remote communities, and critical infra-
structure, where reliable and efficient energy supply is paramount.

However, there are also challenges associated with the study in this
paper. One of the primary challenges is the complexity involved in
stochastic modelling and the computational demands of solving the UC
problem within this framework. The need to consider multiple un-
certainties, such as load fluctuations and renewable energy variability,
makes the modelling process intricate and resource-intensive. This
complexity can be a barrier to practical application, especially in sys-
tems with limited computational resources. However, unlike for large
interconnected grids, it is expected that the complexity and computa-
tional burden should be manageable for most isolated power systems of
reasonable size. The effectiveness of a data-driven approach heavily
relies on the availability and quality of data. In isolated power systems,
particularly in remote or underdeveloped regions, obtaining accurate
and comprehensive datasets can be challenging. Inadequate data can
lead to suboptimal BESS sizing, reducing the potential benefits of the
system. While the research in this paper provides valuable insights for
the specific context of isolated power systems, there may be challenges
in scaling and generalizing the findings to different types of power
systems or to larger scales. The unique characteristics of each power
system, such as its load profile, generation mix, and geographic location,
mean that the optimal sizing of BESS might vary significantly, requiring
special care when exporting the research approaches and results to other
contexts.

1.4. Contributions and paper organization

Out of all the contributions available in the literature that were
analyzed, only 34 % considered both stochastic modelling and data-
driven modelling of sources of uncertainty in the UC formulation.
Moreover, only 12.5 % considered the effect of battery degradation in
UC formulation and only 22 % included DR as a potential flexibility tool
in UC formulation. None of the papers considered both battery degra-
dation and DR at the same time. It is of utmost importance to consider
both battery degradation and DR concomitantly as this allows us to see
how DR can be effectively utilized to reduce battery degradation and
reduce cost. Furthermore, there is no single work among all the ones
reviewed that has used a SUC model that incorporates three sources of
uncertainty (in our case load, wind speed and solar irradiation), data-
driven modelling of the sources of uncertainty, battery degradation
and DR. Also, the quality of scenario reduction method determines how
statistically stable the BESS sizing is. Not many studies in literature have
been able to reduce the number of scenarios without significant loss of
information in the original data. To solve this problem, the work in [1]
proposed a scenario reduction method. This work goes one step further
by improving the scenario reduction method proposed in [1] in a novel
way. Thus, the main contributions of this work are:

- A novel scenario reduction method is proposed.
- An effective DR strategy for reducing BESS size and battery degra-
dation cost is included.

- Data-driven SUC modelling that incorporates three sources of un-
certainty, accurate battery degradation and flexible load (DR) is
proposed.
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The novel modification to the scenario reduction method proposed in
[1] is explained in section 4.2. Table 1 shows the summary of the
literature review and highlights the advantages produced by the pro-
posed approach.

This paper is structured as follows:
Section 2 describes the methodology for the BESS sizing in this work.

Section 3 describes the stochastic unit commitment model including the
battery degradation model and smart load management model. In sec-
tion 4, the scenario generation and reduction models are described.
Section 5 explains the simple algorithm for the determination of the
optimal BESS capacity while section 6 describes the case study. Finally,
section 7 presents the results and discussion.

2. Methodology for BESS sizing in an isolated power system

The methodology for BESS sizing includes a few steps and is depicted
in the flow chart of Fig. 1. In Step 1, 1000 profiles for each uncertainty
(load, wind speed, and solar irradiance) are generated based on histor-
ical datasets, reflecting a broad range of possible conditions. In Step 2,
these profiles are ranked using the Kantorovich distance, which mea-
sures similarity between distributions, allowing for a representative
selection. These ranked profiles are then joined together to form sce-
narios via a novel method detailed in Section 4.2, ensuring realistic
time-correlated scenarios as input into the optimization framework.

In step 3, the 1000 scenarios are mapped into a Q-dimensional space
where Q is the number of uncertainties. Scenario reduction is then
performed to select 50 scenarios using k-means. In step 4, the selected
scenarios are then incorporated into the SUC model in section 3 and the
optimal BESS size in each test case defined in Table 8 is determined
using the algorithm in Fig. 2. Sensitivity analysis is then performed in

step 5 to quantify the reduction in total UC cost at the optimal BESS
capacity in each test case with BESS as the BESS capacity cost reduces
and the change in the optimal BESS size at higher renewable penetra-
tion. In step 6, the test case with battery degradation modelling and
flexible load is selected and the optimal BESS capacity in this test case is
used, as this test case is the most reasonable. Also, reduction in total UC
cost in this test case with respect to the other test cases is evaluated using
the results in step 4 and 5.

3. Stochastic unit commitment model

The SUC model is used to determine, a day-ahead, the optimal
schedule of the dispatchable generation units to meet the load while
considering the uncertainty in the load and RESs.

3.1. Objective function

The objective of the SUC is to minimize the total cost for a day (i.e.
daily UC) while maintaining a high security of the power supply. The
objective function for the SUC problem is given in Eq. (1).

TUCC = min

{
∑

k∈GTG

∑

t

(
ukSUk,t

⏞̅̅̅̅ ⏟⏟̅̅̅̅ ⏞
1

+ cco2dkSUk,t
)⏞̅̅̅̅̅̅̅̅⏟⏟̅̅̅̅̅̅̅̅⏞

2

+πw

∑

ω∈Ω

(
∑

k∈GTG

∑

t

(
cngUk,t

(
akPk,t2 + bkPk,t + ck

)⏞̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏟⏟̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏞
3

+cco2Uk,t
(
xkPk,t2 + ykPk,t + zk

))

⏟̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏞⏞̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏟
4

+ BESSdegcost
⏟̅̅̅̅̅̅⏞⏞̅̅̅̅̅̅⏟

5

⎞

⎟
⎠

⎫
⎪⎬

⎪⎭

(1)

Table 1
Summary of literature survey.

Ref. Stochastic Data-driven Sources of uncertainty BESS 
degradation

Demand 
responseLoad Wind Solar

[1] � � � � � � �
[6] � � � � � � �
[8] � � � � � � �
[9] � � � � � � �
[13] � � � � � � �
[14] � � � � � � �
[15] � � � � � � �
[16] � � � � � � �
[17] � � � � � � �
[18] � � � � � � �
[19] � � � � � � �
[20] � � � � � � �
[21] � � � � � � �
[22] � � � � � � �
[23] � � � � � � �
[24] � � � � � � �
[26] � � � � � � �
[27] � � � � � � �
[28] � � � � � � �
[29] � � � � � � �
[30] � � � � � � �
[31] � � � � � � �
[32] � � � � � � �
[33] � � � � � � �
[34] � � � � � � �
[35] � � � � � � �
[36] � � � � � � �
[37] � � � � � � �
[38] � � � � � � �
[39] � � � � � � �
[40] � � � � � � �
[41] � � � � � � �
This 
paper

� � � � � � �
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where TUCC is the total unit commitment cost (TUCC), k is the index for
GTG, t is the index for time period, uk is the start-up cost of the kth unit,
cco2 is the carbon emission tax in $

kgco2, dk is the carbon emissions per start-
up, SUk,t is the start-up status of the kth unit at hour t, πω is the scenario
probability, ω is the index for scenario, Ω is the set of all scenarios, cng is
the cost of natural gas in $

Sm3, Uk,t is the on/off status of the k-th unit at
hour t (Uk,t is 1 when the k-th GTG is running and is 0 when the k-th GTG
is off), ak, bk and ck are the fuel consumption coefficients, xk, yk and zk
are the carbon emission coefficients, Pk,t is the power generated by the
kth unit at hour t and BESSdegcost is the battery degradation cost.

In Eq. (1), the terms are labeled 1–5. The GTGs take some time to
start-up before they can be loaded. During this time a significant amount
of fuel is burned which leads to fuel cost and greenhouse gas emissions
which lead to emissions tax. The start-up fuel cost and start-up emission
tax are expressed in Eq. (1) in the first and second term respectively. The
third term is the production fuel cost (i.e. the fuel cost when the GTGs
are running), the fourth term is the production emission tax (i.e. emis-
sion tax when the GTGs are running) and the fifth term is the BESS
degradation cost. Eq. (1) expresses a detailed plan for which GTGs
should be used, when to turn them on or off and how to do this in the
most efficient and cost-effective way to meet the load demand without
loss of power.

Note that the fuel cost of the GTGs is a quadratic function. To make
the problem solvable using mixed integer linear programming (MILP),
the GTG cost function is piecewise linearized. In this paper, 4 linear
segments are used for the GTG cost function. Note that the UC schedule
in Eq. (1) is the same for all scenarios, thus, the first and second term in
Eq. (1) are separated from the third, fourth and fifth term because the
start-up fuel cost and start-up emission tax will be the same for all

scenarios. Note that the BESS degradation cost will be different for each
scenario which explains why it is grouped with the third and fourth
terms and multiplied by the scenario probability, πω.

Note that this study only considers the sizing of the BESS and not how
the BESS is operated. In the BESS sizing in this study, the operation of the
BESS is optimized in the hours timescale while operational optimization
will typically optimize the operation of the BESS in the minutes time-
scale. The datasets used in this work are hourly datasets.

3.2. Constraints

However, Eq. (1) is subject to some constraints i.e. we seek a solution
with the minimum TUCC among all the solutions that satisfy all the
constraints. The constraints that must be satisfied while minimizing the
TUCC in Eq. (1) are listed below.

3.2.1. Power generation limits
The power generation of each GTG must be limited between the

minimum and maximum generation levels.

Pmink ≤ Pk,t ≤ Pmaxk , ∀t (2)

where Pmink is the minimum power generation for the k-th unit, Pmaxk is the
maximum power generation for the k-th unit.

3.2.2. Power balance
The sum of the powers generated by the GTGs, WTs, solar PV panels

and BESS must be equal to the load demand.

Fig. 1. Flow chart of the methodology for BESS sizing for spinning reserve in an
isolated power system using data-driven SUC.

Fig. 2. Flow chart of the BESS sizing algorithm.
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Pdt +Pwis,t +Phvac =
∑

k∈GTG

Pk,t +
∑

i∈WT
Pi,t +

∑

j∈PV
Pj,t +

∑

l∈BESS

Pl,t − Pdump,t ,∀t (3)

where Pdt is the power demanded by the load without the WIS load in
time t, Pwis,t is the WIS load in time t, Phvac is the power consumed by the
BESS heating, ventilation and air-conditioning, i is the index for WT, j is
the index for solar PV, l is the index for BESS, Pl,t is the power supplied or
absorbed by the l-th BESS in time t, Pl,t is positive for discharging and
negative for charging, and Pdump,t is the dump load in time t.

Note that the dump load, Pdump,t, in Eq. (3) is for dissipating the
excess power when the load minus the power from RESs is less than the
minimum generation of the GTGs. In other words, the dump load allows
the GTGs to always operate above the minimum generation level, even
in scenarios where the load is low and the renewable power is high.

3.2.3. Minimum up time
Dispatchable generation units usually have a minimum up time. This

is the minimum period the generator must be running after it is started
before it can be turned off. This is given as follows:

tup • SUk,t −
∑tup− 1

h=0
Uk,t+h ≤ 0, ∀k,∀t (4)

tup =

{
MUT if 24 − (t − 1) ≥ MUT

24 − (t − 1) if 24 − (t − 1) < MUT

where MUT is the minimum up time (hours).

3.2.4. Minimum down time
Dispatchable generation units usually also have a minimum down

time. This is the minimum period the generator must remain off after it
is turned off before it can be turned on. This is given as follows:

SUk,t +
∑tdown

h=1

Uk,t− h ≤ 1,∀k,∀t (5)

tdown =

{
MDT if t > MDT
t − 1 if t ≤ MDT

where MDT is the minimum down time (hours).

3.2.5. Ramp up limit
The ramp up limit is the maximum rate at which the power of a GTG

can be increased, which can typically be in MW/h. The ramp up limit
must be satisfied at all hours.

Pk,t − Pk,t− 1 ≤ rampupk , ∀t (6)

where rampupk is the ramp up limit of k-th GTG.

3.2.6. Ramp down limit
The ramp down limit is the maximum rate at which the power of a

GTG can be decreased, which can typically be in MW/h. The ramp down
limit must be satisfied at all hours.

Pk,t− 1 − Pk,t ≤ rampdownk ,∀t (7)

where rampdownk is the ramp down limit of k-th GTG.

3.2.7. Spinning reserve and downward reserve constraints
The spinning reserve is the amount of power available in a running

generation unit that can be utilized to meet sudden load demand in-
crease. The downward reserve is the amount of power that can be
decreased following a sudden load decrease i.e., the amount of power
above minimum generation level. Given that the SUC model considers
all the potential scenarios that could occur, the spinning reserve
constraint and downward reserve constraint are implicitly satisfied.

3.2.8. Battery energy storage system constraints
The BESS must satisfy some constraints. The power generation

constraint is given in Eq. (8).

Pmax c
l ≤ Pl,t ≤ Pmax d

l ,∀t (8)

where Pmax d
l is the maximum discharge power of the l-th BESS, Pmax c

l is
the maximum charge power of the l-th BESS.

Note that Pmax c
l is negative. Note that in this work, the charging and

discharging efficiencies are lumped together to a roundtrip efficiency for
simplicity and this is used in only the charging phase. Thus, the BESS
power is given as:

Pl,t = ul • Pdl,t + (1 − ul) •
Pcl,t

BESSrt eff
(9)

where BESSrt eff is the BESS roundtrip efficiency, Pdl,t is the BESS dis-
charging power and Pcl,t is the BESS charging power, ul is the status of the
BESS which is 1 for discharging and 0 for charging.

Let SOCl,t be the state of charge (SOC) of the l-th BESS. SOCl,t must be
maintained within a certain range in order to prolong the life of the
BESS. The constraint is given as follows:

SOCmin
l ≤ SOCl,t ≤ SOCmax

l (10)

where SOCmin
l is the minimum SOC of the l-th BESS unit and SOCmax

l is
the maximum SOC of the l-th BESS unit.

The change in the SOC from one time step to the next is given as
follows:

SOCl,t =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

SOCl,t− 1 −
Pl,tΔt
BESScap

if Pl,t ≥ 0

SOCl,t− 1 −
Pl,tΔtBESSrt eff

BESScap
if Pl,t < 0

(11)

where BESScap is the nominal capacity of the BESS in MWh.
To ensure a fair usage of the BESS, the initial and final SOC on the UC

day are made equal as in Eq. (12)

SOCini = SOCfin (12)

where SOCini is the BESS SOC at the start of the day and SOCfin is the
BESS SOC at the end of the day. The initial SOC (SOCini) in this work is
given in Table A2 in appendix A.

3.2.9. Smart load management of flexible load
Smart load management of flexible load refers to shifting of the

power consumption of a flexible load to other hours otherwise known as
“load-shifting DR” [26]. In this scheme the average power consumption
of the flexible load is maintained but the profile of the flexible load can
be modified. Flexible loads are loads that can be controlled in a smart
way (load-shifting DR) to reduce the TUCC and increase the efficiency of
the thermal power plants in a power system. In an OOGP WISs are an
example of flexible load. With flexible loads it is possible to decrease the
power consumption when the load demand is high, or the renewable
generation is low and increase the power consumption when the load
demand is low or renewable generation is high. In the case study of this
work (which is described in section 6) the flexible load is a WIS. It is not
very critical to always run the WIS at high power as what is required is
that a certain volume of water should be injected in the oil well over the
useful life of the oil platform. In this work it is assumed that an average
of 50 % of the rated capacity of the WIS is consumed by the WIS in a
typical day. Thus, the WIS load can be increased in some hours and
decreased in some other hours. What is important is that the average
power consumption is equal to a defined fig. (50 % rated capacity in the
considered case, but it can be arbitrarily modified). The WIS constraints
are given in Eqs. (13)–(14).
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∑24

t=1
Pwis,t = 0.5 • Pnwis • 24 (13)

0 ≤ Pwis,t ≤ Pnwis (14)

where Pwis,t is the WIS power at hour t, Pnwis is the rated power of the WIS.

3.3. Power generation using renewable energy sources

3.3.1. Power generation from wind turbines
The power generation from each WT is given by Eq. (15).

Pi,t =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

0 if ξwt (ω) < wci

Pnw

(
ξwt (ω)
wn

)3

if wci ≤ ξwt (ω) < wn

Pnw if wn ≤ ξwt (ω) < wco

0 if wco ≤ ξwt (ω)

(15)

where ξwt (ω) is the wind speed at time t in scenario ω, Pnw is the rated
power of each WT, wci is the cut-in wind speed, wn is the rated wind
speed, wco is the cut-off wind speed.

The parameters of the considered WTs are given in Table A3 in Ap-
pendix A.

3.3.2. Power generation from solar photovoltaic panels
The power generation from a solar PV panel is given in Eq. (16) [42].

Pj,t = Pnpv •
(

ξpvt (ω)
Rref

)

•
(
1+ ktemp

(
Tcell − Tref

) )
•MPPTeff • ACeff (16)

Tcell = Tair +
(
NOCT − 20

800

)

• ξpvt (ω) (17)

where, Pnpv is the rated power of each solar PV panel, ξpvt (ω) is the solar
irradiation at time t in scenario ω, Rref is the solar irradiation at reference
conditions and is usually 1000 W/m2, ktemp is the power temperature
coefficient of the solar PV panel, Tcell is the actual cell temperature, Tref is
the cell temperature at reference conditions, MPPTeff is the maximum
power point tracking converter efficiency, ACeff is the DC-AC inverter
efficiency, Tair is the ambient air temperature, NOCT is the nominal
operating cell temperature.

The parameters of the considered solar PV panels are given in
Table A3 in Appendix A.

3.4. BESS degradation model

Lithium iron phosphate (LFP) is used in this work as BESS. The ca-
pacity loss for a LFP battery is given in Eqs. (18)–(21) [43].

Closs[%] = CcycLFP +CcalLFP (18)

CcalLFP = αcalLFP • e
βcalLFP •Tcont •

td
30

0.5
(19)

CcycLFP = αcycLFP • e
βcycLFP •Tcont • NC0.5 (20)

NC = td • cd (21)

where td is the number of days till the end of life (EOL) and cd is the
number of cycles demanded by the model for a typical day, Tcont is
temperature in K. αcalLFP and βcalLFPare the coefficients for calendar aging.
αcyc LFP and βcycLFP are the coefficients for cycling aging. The values for
αcal LFP, βcalLFP , αcyc LFP and βcycLFP are gotten from [43] for a BYD LFP
battery.

In order to determine the cost, the total number of days till end of life

needs to be determined. By choosing Closs to be equal to EOL capacity
loss, substituting (19)–(21) in (18) and rearranging the result, we have:

td =
100 − EOL

(

αcyc LFP • eβcycLFP •Tcont • c0.5d + αcal LFP • eβcalLFP •Tcont • 1
30

0.5
)2 (22)

BESSdegcost [$] =
1
td
• BESScap c (23)

BESScap c = 1000 • BESScap • BESScap kwh (24)

where EOL is the end-of-life capacity in %, BESScap c is the capital cost of
the BESS, and BESScap kwh is the BESS cost per kWh. All the parameters
used for the battery degradation modelling are given in table A2 in
Appendix A.

Note that the equation in (22) is not linear. The equation was
piecewise linearized so that the battery degradation model can be used
in the SUC to be solved with a MILP. In this paper, 48 linear segments
were used in the piecewise linearization of the battery degradation cost.

4. Scenario generation and scenario reduction methodology

The ideal way to solve the BESS sizing problem involves using a large
number of scenarios. However, this may make the problem computa-
tionally intractable. It is therefore necessary to reduce the number of
scenarios. Thus, the main objective is to select a number of opportune
scenarios that, when used, give a solution that is statistically close to the
solution of the problem. This requires selecting scenarios that are
distributed in the uncertainty space in a way that represents the statis-
tical properties of the potential scenarios that the power system may
encounter. Thus, the different possible scenarios that the power system
may encounter in a typical day are generated and used for the BESS
sizing problem.

In order to accurately represent the uncertainties, the generated
scenarios must reproduce the cyclostationarity of the historical data. To
ensure this, we consider using a dataset composed of one-year long
hourly time series for load, wind speed and solar irradiation.

Given that this paper considers a data-driven scenario generation,
the marginal distribution is inferred from the historical data. In addition,
the marginal distribution is inferred first, before inferring the joint dis-
tribution. Since we do not consider parametric distribution for the
considered uncertainties (load, wind speed and solar irradiation), a
kernel density estimation (KDE) method is used to infer the marginal
distributions. The KDE computes a non-parametric smooth representa-
tion of the marginal distributions of load, wind speed and solar irradi-
ation as

F̂
p
t
(
ξ̃
p
t
)
=
1
n
∑n

i=1

∫ ξ̃
p
t

− ∞
Kh
(
r − ξ̃

p
i
)
dr (25)

where F̂
p
t is the cumulative distribution function and F̂

p
t
(
ξ̃
p
t
)
represent

the cumulative probability up to the point ξ̃
p
t , ξ̃

p
t is the value of a sto-

chastic variable in a random scenario at time t and p can be pv (PV), w
(WT) or l (load), ξpi is an observed data point for the stochastic variable
where p is as defined in ξpt , n is the size of the dataset used for scenario
generation which is 365 in this paper and Kh

(
r − ξ̃

p
i
)
is the kernel

function. In this work, a gaussian kernel is used. The gaussian kernel is
written in Eq. (26) and the overall cdf equation is written in Eq. (27).

Kh
(
r − ξ̃

p
i
)
=

1
̅̅̅̅̅̅
2π

√
hp
exp

(

−

(
r − ξ̃

p
i
)2

2hp2

)

(26)
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F̂
p
t
(
ξ̃
p
t
)
=
1
n
∑n

i=1

∫ ξ̃
p
t

− ∞

1
̅̅̅̅̅̅
2π

√
hp
exp

(

−

(
r − ξ̃

p
i
)2

2hp2

)

dr (27)

where hp is the bandwidth of the KDE.
To represent the statistical correlation of the load, wind speed or

solar irradiation along its temporal dimension, we propose to use a
copula-based approach. In other words, we express the joint distribution
of the load, wind speed or solar irradiation vector as a suitable combi-
nation of the marginals at the various times t and a copula function for
p = {l,w, pv}, so that the joint distribution becomes in line with Sklar's
theorem,

Fp(ξ̃
p
) = Cp

(
F̂
p
h,1(ξ̃

p
1) ,…, F̂

p
h,T(ξ̃

p
T)
)

(28)

where Fp(ξ̃
p
) is the joint distribution for the load, wind or solar vector, ξ̃

p

is a randomly sampled scenario for load, wind or solar, F̂
p
h,1
(
ξ̃
p
1
)
,…,

F̂
p
h,T
(
ξ̃
p
T
)
are the marginal empirical cumulative distribution functions at

time t = 1,…,T.
In this work, we propose to use a Gaussian copula as it is reported to

be able to model temporal dependencies [44]. We then propose to use
copula-based approaches to generate scenarios from Fp. There are five
steps in this approach:

1. Generate the cdf of the marginals using Eq. (27)
2. Compute the correlation, rho, between the cdf of the marginals in

step 1
3. Generate random samples of a standard multivariate normal distri-

bution (z∼ N(0, 1)) using the correlation, rho
4. Compute the cdf of samples generated in step 3 to make the samples

uniform over [0,1] upt = Φ(z)
5. Compute the inverse cdf transformation of the result in step 4 ξ̃

p
t =

F̂
p
t
− 1(

upt
)

These five steps are implemented in Matlab, but before the five steps
it is necessary to group the data in case it is not grouped. If the data is a
one-year long or more than one-year, group the data hour by hour. For
example, a one-year long data should be 24 by 365, and a 180-day data
should be 24 by 180. After the data is grouped, the five steps described
above can be applied. The pseudocode for the five steps in Matlab is
given below:

1. Initialize the variable to contain the marginals to zeros. uni-
formRandVarU = zeros(365,24)

2. Set randVarX to be equal to grouped data
3. Begin a for loop with size s = 24. (If the analysis is not daily UC or

if the UC is not done hourly, the size could be different)
4. Compute the marginal empirical cdf using the function ksdensity

in Matlab. uniformRandVarU(:,s) = ksdensity(randVarX(:,s),
randVarX(:,s),’function’,’cdf’,’Bandwidth’,2);

5. End of for loop
6. Compute correlation between the marginals generated in step 4.

rho = copulafit(‘Gaussian’,uniformRandVarU)
7. Generate random samples of a standard multivariate normal

distribution using rho and compute the cdf in one function.

copulGRandU = copularnd(‘Gaussian’, rho,Nsamples), where
Nsamples is the number of samples that is to be generated

8. Begin a for loop with size s = 24
9. Compute the inverse cdf using the function ksdensity in Matlab.

Sampled(:,s) = ksdensity(randVarX(:,s),copulGRandU(:,
s),’function’,’icdf’,’Bandwidth’,2)

10. End of for loop

4.1. Assessing the importance of scenarios for scenario selection

Our goal is to select a number of representative scenarios that
characterize the system uncertainty as precisely as possible, given a
fixed (maximum) number of scenarios that can be used. To accomplish
this, a mathematical tool, the Kantorovich distance, that assesses the
importance of a given scenario is used. The Kantorovich distance is used
to rank the scenarios. The ranking score is then used to map the sce-
narios into a 3-dimensional space. First a matrix of distances is created as
shown in Eq. (29).

where K = |Ω| i.e., K is the number of scenarios in the uncertainty space
including all scenarios.

The Kantorovich distance is then given as

Kd = Kmπω (30)

where πω is a column vector of scenario probability. Note that the
scenarios have equal probability. Thus,

πω =

⎡

⎢
⎢
⎢
⎢
⎣

1
K
⋮
1
K

⎤

⎥
⎥
⎥
⎥
⎦

(31)

The procedure for ranking the scenarios is explained as follows:

1. Calculate a matrix of distances for all the scenarios using Eq. (29) and
calculate the Kantorovich distance using Eq. (30)

2. Find the scenario with the minimum Kantorovich distance and assign
it a rank h.

3. Update the matrix of distances in Eq. (29) by comparing the distances
of the h-th scenario (column vector) in step 2 with the distances of all
the scenarios (column vector) and choose the minimum distance for
each entry.

4. Additionally, update the matrix of distances by replacing the h-th
row with the distances of the h-th scenario in step 2.

5. Go to step 2 if all the scenarios have not been selected. Go to step 6 if
all the scenarios have been selected.

6. Calculate the rank score for all the scenarios.

The rank score for a scenario ranked h-th out of K scenarios is given
by

t(ξp(ω) ) = h − 1
K − 1

(32)

where t(ξp(ω) )→1 is for scenarios that can be regarded as more repre-

Km =

⎡

⎢
⎢
⎣

(|̃ξ
p
1(1) − ξ̃

p
1(1) | + … + |̃ξ

p
T(1) − ξ̃

p
T(1) | ) ⋯ (|̃ξ

p
1(1) − ξ̃

p
1(K) | + … + |̃ξ

p
T(1) − ξ̃

p
T(K) | )

⋮ ⋱ ⋮
(|̃ξ

p
1(K) − ξ̃

p
1(1) | + … + |̃ξ

p
T(K) − ξ̃

p
T(1) | ) ⋯ (|̃ξ

p
1(K) − ξ̃

p
1(K) | + … + |̃ξ

p
T(K) − ξ̃

p
T(K) | )

⎤

⎥
⎥
⎦ (29)
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sentative while t(ξp(ω) )→0 is for scenarios that are regarded as less
representative. The rank score is used to map the random variable to a 3-
dimensional space. Each profile of load, wind speed and solar irradiation
are joined together to form scenarios. This mapping not only preserves
the information that has been observed for the distribution of each
random variable, but also captures different profile combination that
could happen despite not having been observed before.

The Matlab code for the ranking of the scenarios using Kantorovich
distance is made available in [45].

4.2. Methodology for the joining of the load, wind and solar profiles to
form scenarios

After the load, wind and solar profiles have been given a rank score
using the Kantorovich distance method in section 4.1 they are then
joined together using a novel method developed in this paper. The rank
score is divided into three segments: low rank (“low”) which is from 0 to
0.333, medium rank (“med”) which is from 0.334 to 0.666 and high rank
(“high”) which is from 0.667 to 1. All the rank variables are, thus: load
high, load medium and load low, wind high, wind medium and wind
low, solar high, solar medium and solar low. Scenarios are then formed
using all the permutations of the rank (27 permutations).

For each permutation a random number is generated in the rank
range which is used to select the profile that has a value closest to this
generated random number. For example, for load high, wind low, solar
medium, a random number is generated between 0.667 and 1 for load,
0 to 0.333 for wind and 0.334 to 0.666 for solar. Once a profile has been
selected, it is removed from the matrix to ensure that no profile is
selected twice. This way the scenarios are guaranteed to have all the
likely profiles that can be encountered. In this work 1000 scenarios are
generated. Using this method, the 27 permutations run 37 times to form
999 scenarios. The last profile of load, wind speed and solar irradiation
are joined together to form the last scenario.

4.3. Scenario clustering

After the profiles have been assigned a rank score and joined together

to form scenarios, the multivariate data points (ξ̃
l
, ξ̃

w
, ξ̃

pv
) from

(
Fl, Fw, Fpv

)
representing a sampled scenario are mapped into a 3-dimen-

sional space. They are then clustered together to form a reduced scenario
set, whose elements are the centroids of the clusters. There are many
scenarios clustering method, but the k-means method has been used in
this work. The following expresses the k-means method:

min
r,μ

∑K

m=1

∑Krd

n=1
rmn‖xm − μn‖

2
2 (33)

s.t., xm =
(
tm
(
ξ̃
l
(ω)

)
, tm(ξ̃

w
(ω) ) , tm(ξ̃

pv
(ω) )

)
where rmn ∈ {0,1}, Krd

is the number of elements of the reduced scenario set. Solving Eq. (33)
returns the clusters and the associated centroids μn.

5. Determination of optimal ES size

The algorithm for determining the optimal ES size is illustrated in the
flow chart in Fig. 2. The algorithm begins with the setting of the mini-
mum andmaximum BESS capacity. The minimum BESS capacity is set to
0 MWh and the maximum BESS capacity is set to a reasonably large
number to select a reasonable search space. Then the selected scenarios
are integrated in the SUC model and the parameters and initial variables
are set. The BESS capacity is then set to the minimum BESS capacity. The
SUC is then solved to find the TUCC (minimize TUCC in Eq. (1)). The
algorithm then checks if the BESS capacity is less than the maximum
BESS capacity. If the BESS capacity is less than the maximum BESS ca-
pacity, the algorithm increases the BESS capacity by a defined step in-
crease, and solves the SUC again. The algorithm then checks again if the

BESS capacity is less than the maximum BESS capacity. The process
continues until the BESS capacity is no longer less than the maximum
BESS capacity at which point the algorithm ends. The TUCC is then
plotted against the BESS capacity and the BESS capacity with the least
TUCC is the optimal BESS capacity.

6. Case study

We consider sizing BESS for spinning reserve and efficiency increase
on a real OOGP in the North Sea. The OOGP has four GTGs. The OOGP is
an isolated power system and high energy security is often guaranteed
by using GTGs to provide sufficient spinning reserve. Using BESS can
help turn off one GTG leading to cost and carbon emissions reduction.
The SUC model presented in section 3 is used to size the BESS. In this
case study, it is assumed that the OOGP is integrated with WTs and solar
PV panels. In this case study 2 WTs rated at 8.6 MW each (17.2 MW in
total) and an offshore solar farm rated at 8.6 MW is assumed to be in-
tegrated with the OOGP. The data for the GTGs is provided in Table A1
in Appendix A. The number of scenarios in the reduced scenario subset is
chosen as 50.

The first step is to generate the scenarios. 1000 profiles are generated
for load, wind speed and solar irradiation using the copula-based
method described in section 4. Figs. 3–5 show the generated profiles
for load, wind speed and solar irradiation, which are the profiles out of
which 50 profiles are selected using scenario reduction. Then the rank
for each profile in Figs. 3–5 is calculated using the Kantorovich distance
introduced in section 4. Note that the rank is calculated using only
profiles belonging to a particular uncertainty i.e. the rank for load is
different from that of the wind speed or solar irradiation. After the rank
has been calculated for all the profiles, the method described in section
4.2 is then used to join the profiles (using the rank score) to form sce-
narios. Then the scenarios are plotted in a 3- dimensional space using the
rank for each profile in a scenario. Note that a scenario contains one
profile of load, one profile of wind speed and one profile of solar irra-
diation. Fig. 6 shows the plot of the 3-dimensional rank space containing
1000 scenarios and the 50 centroids. The scenario closest to each
centroid in Fig. 6 is selected for the 50 centroids. Thus, we get 50 sce-
narios with each scenario consisting of a profile of load, wind speed and
solar irradiation.

The 50 profiles that were selected for load, wind speed and solar
irradiation after scenario reduction are shown in Figs. 7–9. Once the
profiles have been selected, they can then be used in the SUC problem to
determine the optimal ES size.

Fig. 3. 1000 generated load profiles. Each colour represents one profile.
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To demonstrate that the scenario reduction technique presented in
section 4 preserves the statistical properties of the larger dataset, the
hourly average and standard deviation of the load demand, wind speed
and solar irradiation are shown Tables 2–7. The hourly average for load
demand, wind speed and solar irradiation is calculated using Eqs. (34)
and (35). Note that in Eqs. (34) and (35) the scenario probability is used
to calculate the hourly average.

AHp
t =

∑G

g=1
ξ̃
p
t (g) • πg (34)

Ahpt =
∑V

v=1
ξ̃
p
t (v) • πv (35)

where AHp
t is the average hourly load demand, wind speed or solar

irradiation when the number of scenarios is 1000, G is the number of
scenarios which is 1000, Ahpt is the average hourly load demand, wind
speed or solar irradiation when the number of scenarios is 50, V is the
number of scenarios which is 50, πg is the scenario probability when the
number of scenarios is 1000 i.e. ω = g when the number of scenarios is
1000 and πv is the scenario probability for a scenario when the number
of scenarios is 50, i.e. ω = v when the number of scenarios is 50. Thus,
ξ̃
p
t (ω) = ξ̃

p
t (g) and πω = πg for 1000 scenarios and ξ̃

p
t (ω) = ξ̃

p
t (v) and πω =

πv for 50 scenarios.
The hourly standard deviation for load demand, wind speed or solar

irradiation is calculated using Eqs. (36) and (37).

SHp
t =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑G

g=1

(
ξ̃
p
t (g) − AHp

t
)2

• πg

√
√
√
√ (36)

Shpt =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑V

v=1

(
ξ̃
p
t (v) − Ahpt

)2
• πv

√
√
√
√ (37)

where SHp
t is the hourly standard deviation for load demand, wind speed

or solar irradiation when the number of scenarios is 1000 and Shpt is the
hourly standard deviation for load demand, wind speed or solar irradi-
ation when the number of scenarios is 50.

Note that for the 1000 generated scenarios, the scenario probability,
πg, is the same for all the scenarios but the scenario probability, πv, is
different for the 50 selected scenarios.

The average hourly load demand, wind speed and solar irradiation
for the 1000 generated scenarios and 50 selected scenarios are shown in
Tables 2–4. It can be seen that the difference in value between the
average hourly load demand, wind speed and solar irradiation of the
1000 generated scenarios and the 50 selected scenarios is not significant.
The average hourly standard deviation of the load demand, wind speed
and solar irradiation for the 1000 generated scenarios and 50 selected
scenarios are shown in Tables 5–7. It can be seen that the difference in
value between the hourly standard deviation for the load demand, wind
speed and solar irradiation of the 1000 generated scenarios and the 50
selected scenarios is not significant, either. The closeness of the statis-
tical properties (hourly average and hourly standard deviation) of the
1000 generated scenarios and the 50 selected scenarios shows that the
scenario reduction technique does preserve the statistical properties of
the large dataset (generated scenarios) in the few selected scenarios.

6.1. Test cases

Five test cases are considered in the ES sizing. The test cases are
shown in Table 8. The base test case is case S1. In case S4 where battery
degradation is not considered a life span of 12.5 years is assumed for the
LFP battery.

7. Results and discussions

The main aim in this section is to find the optimal BESS capacity for
the test cases with BESS and to subsequently find out which test case
yields the lowest TUCC. Also, we perform sensitivity analysis to find out
how the TUCC varies with BESS capacity cost in the test cases with BESS
and how the optimal BESS capacity varies with increased renewable
penetration. The problem is solved using MILP in gurobi and Matlab

Fig. 4. 1000 generated wind speed profiles. Each colour represents one profile.

Fig. 5. 1000 generated solar irradiation profiles. Each colour represents
one profile.
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interface on a PC with 2.6 GHz Intel Core i5-1145G7 and 16 GB RAM.

7.1. Determination of optimal BESS size

The TUCC is calculated for BESS sizes in the range 0–50 MWh. The
BESS size is increased by 2.5 MWh from 0MWh to 50 MWh. The optimal
BESS capacity is only determined for cases S3, S4 and S5 as these are the
cases that include BESS. The TUCC is plotted against varying BESS ca-
pacities in cases S3, S4 and S5 in Fig. 10.

Table 9 shows the TUCC, carbon emissions, efficiency (average ef-
ficiency of the GTGs over a period of one day) and expected energy

produced for the case S1, S2 and for the optimal BESS capacity in case
S3, S4 and S5. Note that the carbon footprint of the BESS is included in
the total carbon emissions (along with the GTG carbon emissions). The
carbon footprint includes all the carbon emissions associated with pro-
duction of the battery, and the emissions associated with recycling of the
battery. A carbon footprint of 100 kgCO2/kWh is used [46]. The carbon
footprint per day is calculated using the life span of the BESS. In the
cases that included battery degradation (cases S3 and S5) the life span is
derived from the UC model. It can be seen in Fig. 10 that the optimal
BESS capacity in case S3, S4 and S5 are 42.5 MWh, 27.5 MWh and 40
MWh respectively. However, deploying a BESS of large capacity in an
offshore platform can be difficult and expensive due to the limited

Fig. 6. Figure showing the generated 1000 scenarios in the 3-dimensional rank space. Randomly sampled profiles (load, wind speed and solar irradiation) are
represented as points in the 3-dimensional rank space and grouped into 50 groups, the centroids of which make up the reduced scenario subset Ωs. Different colours
correspond to different clusters

Fig. 7. 50 profiles of load selected after scenario reduction.
Fig. 8. 50 profiles of wind speed selected after scenario reduction.
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weight and space that the offshore platform can accommodate. In this
work, we have not considered how the BESS will be deployed but we can
assume that a high BESS capacity may not be the best choice as a new
floating platform may be needed if the BESS capacity is large thus

making the BESS deployment expensive. Thus, smaller BESS capacities
that have cost reduction closer to that of the optimal capacity are
considered the most practical BESS capacity which explains why the
optimal BESS capacities are not identified in Fig. 10. Thus, the most
practical (near-optimal) BESS capacity in S3, S4 and S5 are 35 MWh,
27.5 MWh and 27.5 MWh respectively.

The UC schedules for the near-optimal BESS capacity in cases S1, S3
and S5 are shown in Tables 10–12. The near-optimal BESS capacity in S4
has the same UC schedule as the one in S5 so it is not shown. Also, the UC
schedule in S2 is the same as the one in S1 so it is not shown. In
Table 10–12, 1 signifies “on” status and 0 signifies “off” status. It can be
seen in Table 11 that 2 GTs are on in hours 2, 8, 9, 13, 14, 15, 19 and 20
as opposed to the schedule in S1 which has 3 GTGs on for all hours. It can
be seen in Table 12 that 2 GTGs are on in hours 4, 5, 11, 12, 13, 16, 17
and 18 as opposed to S1, which has 3 GTGs on for all hours. The turning
off of one GTG in the results of S3, S4 and S5 for the near-optimal BESS
capacity allows significant reduction of TUCC and carbon emissions.

It can be seen from Table 9 that the efficiency increased when BESS
and flexible load are used, thus, the operation of the GTGs at partial
loads is reduced. Even though the increase in efficiency in cases S3, S4
and S5 is not large, the cost and carbon emissions reduction are signif-
icant as the expected energy produced is lower in cases S3, S4 and S5
compared to case S1. The reduction in expected energy produced when
BESS and flexible load are used is due to the scenarios where minimum
generation is higher than the net load and energy is wasted in a dump

Fig. 9. 50 profiles of solar irradiation selected after scenario reduction.

Table 2
Average hourly load demand for the 1000 generated scenarios and 50 selected scenarios.

Hour 1 2 3 4 5 6 7 8 9 10 11 12
AL-1000 (MW) 37.24 37.28 37.29 37.32 37.38 37.28 37.35 37.33 37.2 37.15 37.25 37.17
AL-50 (MW) 36.06 35.7 35.69 35.89 35.85 35.42 36.1 35.98 36.31 36.76 36.76 36.81
Hour 13 14 15 16 17 18 19 20 21 22 23 24
AL-1000 (MW) 37.19 37.29 37.33 37.3 37.3 37.34 37.34 37.35 37.13 37.11 37.24 37.05
AL-50 (MW) 36.99 37.12 37.39 37.79 38.18 38.32 38.14 38.19 38.02 37.74 38.18 37.99

AL-1000 means average hourly load demand for 1000 generated scenarios, AL-50 means average hourly load demand for the 50 selected scenarios.

Table 3
Average hourly wind speed for the 1000 generated scenarios and 50 selected scenarios.

Hour 1 2 3 4 5 6 7 8 9 10 11 12
AW-1000 (m/s) 10.32 10.24 10.2 10.16 10.11 10.1 10.12 10.16 10.22 10.32 10.42 10.51
AW-50 (m/s) 10.21 10.18 10.18 10.2 10.25 10.31 10.4 10.58 10.73 10.81 10.86 10.97
Hour 13 14 15 16 17 18 19 20 21 22 23 24
AW-1000 (m/s) 10.59 10.63 10.66 10.67 10.68 10.72 10.72 10.72 10.72 10.72 10.69 10.67
AW-50 (m/s) 11.11 11.2 11.22 11.05 10.88 10.73 10.6 10.54 10.53 10.49 10.49 10.49

AW-1000 means average hourly solar irradiation for 1000 generated scenarios, AW-50 means average hourly solar irradiation for the 50 selected scenarios.

Table 4
Average hourly solar irradiation for the 1000 generated scenarios and 50 selected scenarios.

Hour 1 2 3 4 5 6 7 8 9 10 11 12
AS-1000 (W/m2) 0 0 0.4 3.8 11.5 35 72.4 126.1 179.3 221.1 254.5 273
AS-50 (W/m2) 0 0 0.53 3.4 9.1 27.6 65.1 114.7 166.3 209 247.5 266.8
Hour 13 14 15 16 17 18 19 20 21 22 23 24
AS-1000 (W/m2) 275.1 250.3 217 171.9 114 68.3 33.2 10.6 2.9 0.3 0 0
AS-50 (W/m2) 270.8 248.4 220.5 174.2 123 73.5 35.2 10.1 3.7 0.4 0 0

AS-1000 means average hourly solar irradiation for 1000 generated scenarios, AS-50 means average hourly solar irradiation for the 50 selected scenarios.

Table 5
Hourly standard deviation for load demand for the 1000 generated scenarios and 50 selected scenarios.

Hour 1 2 3 4 5 6 7 8 9 10 11 12
SL-1000 (MW) 14.62 14.61 14.47 14.42 14.49 14.56 14.65 14.69 14.54 14.54 14.56 14.63
SL-50 (MW) 13.93 13.75 13.37 13.27 13.19 13.43 13.55 13.49 13.46 13.48 13.27 13.34
Hour 13 14 15 16 17 18 19 20 21 22 23 24
SL-1000 (MW) 14.59 14.67 14.48 14.35 14.37 14.48 14.44 14.49 14.54 14.72 14.65 14.71
SL-50 (MW) 13.55 13.28 13.01 12.9 12.78 13.58 13.38 13.13 13.3 13.51 13.64 13.34

SL-1000 means hourly standard deviation for load demand for 1000 generated scenarios, SL-50 means hourly standard deviation for load demand for the 50 selected
scenarios.
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load. However, with BESS and flexible load, the energy wasted in dump
load is reduced when net load is lower than minimum generation as
energy can be stored in the BESS and flexible load power can be
increased and when net load is more than minimum generation the
energy can be discharged from the BESS and flexible load power can be

reduced. Net load refers to load demand minus renewable generation.
Minimum generation refers to minimum power that must be produced
by the GTGs running.

The results show that the methodology proposed in this work allows
us to size a BESS for an isolated power system with multiple

Table 6
Hourly standard deviation for wind speed for the 1000 generated scenarios and 50 selected scenarios.

Hour 1 2 3 4 5 6 7 8 9 10 11 12
SW-1000 (m/s) 4.66 4.56 4.47 4.44 4.46 4.5 4.55 4.61 4.68 4.8 4.88 4.95
SW-50 (m/s) 4.65 4.62 4.64 4.69 4.76 4.75 4.69 4.62 4.56 4.63 4.78 4.95
Hour 13 14 15 16 17 18 19 20 21 22 23 24
SW-1000 (m/s) 4.97 4.98 5.02 5.04 5.1 5.15 5.15 5.11 5.11 5.12 5.13 5.06
SW-50 (m/s) 5.06 5.06 4.96 4.77 4.68 4.64 4.58 4.6 4.61 4.59 4.6 4.61

SW-1000 means hourly standard deviation for wind speed for 1000 generated scenarios, SW-50 means hourly standard deviation for wind speed for the 50 selected
scenarios.

Table 7
Hourly standard deviation for solar irradiation for the 1000 generated scenarios and 50 selected scenarios.

Hour 1 2 3 4 5 6 7 8 9 10 11 12
SS-1000 (W/m2) 0 0 1.3 8.2 23 55.8 98.4 146.7 186 210.2 229.2 239.5
SS-50 (W/m2) 0 0 1.5 5.9 16.6 40.4 83.3 137.3 179.7 216.8 231.3 242.6
Hour 13 14 15 16 17 18 19 20 21 22 23 24
SS-1000 (W/m2) 235.1 221.1 202.8 174.4 132.5 91.6 50.5 19.9 6.3 1 0 0
SS-50 (W/m2) 240.8 225 203.5 175.1 135.1 88.8 45.5 16.9 7.1 1.3 0 0

SS-1000 means hourly standard deviation for solar irradiation for 1000 generated scenarios, SS-50 means hourly standard deviation for solar irradiation for the 50
selected scenarios.

Table 8
The test cases considered in this paper.

Case Description

Case S1 SUC without BESS and flexible load
Case S2 SUC with flexible load and no BESS
Case S3 SUC with BESS (with detailed battery degradation modelling) and no flexible load
Case S4 SUC with BESS (with imprecise cost estimation) and flexible load
Case S5 SUC with BESS (with detailed battery degradation modelling) and flexible load

Fig. 10. Plot of the TUCC for BESS sizes from 0 MWh to 50 MWh.
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uncertainties such that the sized BESS is statistically stable i.e. the BESS
capacity can introduce flexibility that allows the system to cope with
wide range of scenarios and uncertainties leading to no loss of load, less
wasted energy and increased average operational efficiency leading to
significant cost and carbon emissions reduction. Thus, this methodology
can be applied to any case study of an isolated power system.

It can also be seen from Table 9 that the modelling of the battery
degradation allows increased reduction in TUCC. This is because the
accurate modelling of the battery degradation results in an increased
lifespan of the battery which leads to reduced battery cost. The reduc-
tion in TUCC in cases S4 and S5 are 2.54 % and 3.68 % respectively but

the battery cost reduction is more than these numbers suggest. In fact,
there is about 57 % reduction in the cost of the battery when the battery
degradation is modelled in S5 compared to the case with imprecise cost
estimation in S4 (without detailed degradation modelling).

It can also be seen from Table 9 that the inclusion of BESS and
flexible load in S4 and S5 allows maintaining the spinning reserve
margin above the level in the base case (S1) while also improving the
efficiency of the GTGs. The spinning reserve margin in S3 was also
maintained at almost the same value as the margin in S1 while also
improving the efficiency of the GTGs.

7.2. Sensitivity analysis

7.2.1. Sensitivity to BESS capacity cost
Here the sensitivity of the TUCC to BESS capacity cost is assessed.

Since cost of batteries are expected to further reduce in the future, it is
good to examine how much reduction in BESS capacity cost will impact
the reduction in TUCC. For the purpose of this analysis the TUCC is
examined at the near-optimal BESS capacities in cases S3, S4 and S5 for a

Table 9
TUCC, CO2 emissions, cost reduction, CO2 emissions reduction, efficiency, ex-
pected energy produced and spinning reserve margin in cases S1, S2 and at near-
optimal BESS capacity in cases S3, S4 and S5.

Case S1 (base
case)

S2 S3 (Near-
optimal
BESS
capacity)

S4
(Optimal
BESS
capacity)

S5 (Near-
optimal
BESS
capacity)

TUCC $150,252 $149,702 $146,300 $146,439 $144,716
CO2

emissions
511,620
kg

509,748
kg

491,748
kg

488,977
kg

488,595
kg

Cost
reduction
with
respect to
base case
(S1)

0 % 0.37 % 2.63 % 2.54 % 3.68 %

CO2

emissions
reduction
with
respect to
base case
(S1)

0 % 0.37 % 3.88 % 4.43 % 4.5 %

Efficiency 27.94 % 27.88 % 28.93 % 28.89 % 28.89 %
Expected
energy
produced
by the
GTGs

696.18
MWh

692.19
MWh

681.19
MWh

679.01
MWh

678.92
MWh

Spinning
reserve
margin

52.13 % 57.36 % 51.99 % 53.65 % 55.59 %

Table 10
Unit commitment schedule for case S1.

Hour 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
GTG1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
GTG2 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
GTG3 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
GTG4 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

Table 11
Unit commitment schedule for near-optimal BESS capacity (35 MWh) in case S3.

Hour 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
GTG1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
GTG2 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
GTG3 1 0 0 0 0 0 0 0 0 1 1 1 0 0 0 1 1 1 0 0 0 0 0 0
GTG4 0 0 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 1 1

Table 12
Unit commitment schedule for near-optimal BESS capacity (27.5 MWh) in case S5.

Hour 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
GTG1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
GTG2 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 1 1 1 1 1 1
GTG3 1 1 1 0 0 0 0 0 0 0 0 0 0 1 1 1 1 1 1 1 1 1 1 1
GTG4 0 0 0 0 0 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0

Fig. 11. Percentage reduction in TUCC in near-optimal BESS capacity in cases
S3, S4 and S5 compared to case S1, against BESS capacity cost.
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change in BESS capacity cost from $500/kWh to $200/kWh.
Fig. 11 shows the plot of the percentage reduction in TUCC for the

near-optimal BESS capacity in cases S3, S4 and S5 compared to case S1
against the BESS capacity cost. It can be seen that for the three cases
there is an increase in percentage reduction in TUCC but the optimal
BESS capacity in case S4 shows the biggest impact of falling battery
capacity cost on the TUCC. The percentage reduction in TUCC in the
near-optimal BESS capacity in cases S3, S4 and S5 increased from 2.63%
to 3.35 %, 2.54 % to 3.74 % and 3.68 % to 4.2 % respectively as battery
capacity cost reduces from $500/kWh to $200/kWh. The reason for
limited impact of the battery capacity cost on the TUCC is because the
BESS cost/BESS degradation cost is a small fraction of the TUCC.

7.2.2. Sensitivity to renewable penetration
Here, we consider the impact of the renewable penetration on the

optimal BESS size. We run the BESS sizing algorithm for an OOGP with
three 8.6 MW WTs (25.8 MW in total) and 12.9 MW solar farm to see
how a higher renewable penetration affects the optimal BESS size. In this
section, only cases S1, S2, S4 and S5 are investigated. Fig. 12 shows the
plot of the BESS size against the TUCC. Table 13 shows the TUCC, CO2
emissions, cost reduction, CO2 emissions reduction, efficiency, expected
energy produced by the GTGs and the spinning reserve margin.

From Fig. 12 we can see that the optimal BESS capacity in cases S4
and S5 is 30 MWh, however, we have chosen 20 MWh because it is a
near-optimal solution, and we consider it to be the most practical choice.

The result of this sizing shows that increasing the renewable pene-
tration changes the optimal BESS size. However, the most significant
outcome is not the change in the optimal BESS size at higher renewable
penetration but the higher cost reduction and carbon emissions reduc-
tion which can be seen in Table 13. This suggests that BESS integration
with OOGP has higher benefits at higher renewable penetration and as
such should be prioritized. As with the base test case, the expected en-
ergy produced is lower in the cases with BESS than the cases without
BESS which helps increase the reduction in cost and carbon emissions.
We can also see that the spinning reserve margin was maintained when
BESS is used compared to the case without BESS which guarantees se-
curity of power supply. The UC schedule for case S1 and S2 in the test
case in this section is the same as the one in Table 10. The UC schedule
for case S5 is shown in Table 14. Case S4 has the same UC schedule as
case S5.

7.3. Final remarks

In this work, the recommended solution for the case study (an OOGP
in the North Sea) is the near-optimal BESS capacity in case S5 as this has
the lowest TUCC while it has more CO2 emissions reduction than the
optimal result in case S4. Thus, the best solution is a BESS capacity of
27.5 MWh and smart load management of a flexible load of 6 MW.

However, if the renewable penetration increases a 20MWh BESS and
smart load management of a flexible load of 6 MW can be a good solu-
tion. The optimal BESS capacity of 30 MWh is not chosen because the
incremental benefits over the 20MWh solution is not significant keeping
in mind that deployment of large BESS capacity in OOGP is complicated
due to limited weight and space allowed in OOGPs.

From the results of this work three main points are highlighted:

- An accurate value for the optimal BESS capacity can be found for an
isolated power system using the methodology proposed in this work.

- In general, this result confirms that for any case study the optimal
BESS capacity can be reduced if load-shifting DR can be applied to
some loads as was done in [39].

- The result of this work also highlights the significance of modelling
battery degradation in SUC formulations as cost reduction increased
from 2.54 % to 3.68 % when battery degradation is modelled.

8. Conclusion

This work proposed a method for sizing battery energy storage sys-
tem for spinning reserve and a more efficient operation of the thermal
power plants (diesel generators, gas turbine generators) in isolated

Fig. 12. Plot of the TUCC for BESS sizes from 0 MWh to 50 MWh.

Table 13
TUCC, CO2 emissions, cost reduction, CO2 emissions reduction, efficiency, ex-
pected energy produced and spinning reserve margin in cases S1, S2 and at near-
optimal BESS capacity in cases S4 and S5.

Case S1 (base
case)

S2 S4 (Near-
optimal BESS
capacity)

S5 (Near-
optimal BESS
capacity)

TUCC $141,753 $140,812 $133,289 $132,198
CO2 emissions 482,682

kg
479,477
kg

446,836 kg 446,599 kg

Cost reduction with
respect to base
case (S1)

0 % 0.66 % 5.97 % 6.74 %

CO2 emissions
reduction with
respect to base
case (S1)

0 % 0.66 % 7.43 % 7.48 %

Efficiency 26.94 % 26.83 % 28.06 % 28.06 %
Expected energy
produced by the
GTGs

633.42
MWh

626.51
MWh

596.69 MWh 596.65 MWh

Spinning reserve
margin

56.45 % 61.87 % 56.08 % 57.56 %

Table 14
Unit commitment schedule for near-optimal BESS capacity (20 MWh) in case S5.

Hour 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

GTG1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
GTG2 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0 0 1 1 1 1 1 1 1
GTG3 1 1 0 0 0 0 0 1 1 1 0 0 0 0 0 0 0 0 0 1 1 1 1 1
GTG4 0 0 0 1 1 1 0 0 0 1 1 1 1 1 1 1 1 1 0 0 0 0 0 0
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power systems. The BESS sizing problem is formulated as a stochastic
unit commitment (SUC) problem. The SUC formulation is data-driven
and includes three sources of uncertainty (load, wind speed and solar
irradiation), battery degradation modelling, and smart load manage-
ment of the flexible load.

A non-parametric distribution (data-driven) is used for the load,
wind speed and solar irradiation. As, for example, the load data on
offshore oil and gas platforms (OOGP) do not usually follow a normal
distribution as the load in interconnected power systems does. A data-
driven scenario generation and reduction approach that preserves the
statistical properties of a large, generated dataset in a small number of
scenarios is used. This allows reduction in the computational time and
achievement of a result of high fidelity. Furthermore, a novel scenario
reduction method was proposed in this work.

A case study of a real OOGP in the North Sea is considered to
demonstrate the applicability of the BESS sizing method. Five test cases
have been considered: Case S1 does not have BESS or flexible load, case
S2 has only flexible load, case S3 has BESS with battery degradation
modelled in detail and no flexible load, case S4 has flexible load and
BESS without detailed battery degradation modelling and case S5 has
both flexible load and BESS with battery degradation modelled in detail.
All five cases are stochastic. The results obtained show that the near-
optimal BESS capacities in cases S3, S4 and S5 are 35 MWh, 27.5
MWh and 27.5 MWh respectively. A 6 MW interruptible load is used in
S4 and S5 which allows the reduction of the BESS capacity by 7.5 MWh.
The near-optimal BESS capacities in case S3, S4 and S5 achieve 2.63 %,
2.54 % and 3.68 % cost reduction and 3.88 %, 4.43 % and 4.5 % carbon
emissions reduction with respect to case S1, respectively.

Overall, this study enables multiple benefits in an isolated power
system, such as enhanced security of the supply in the system, increased
operational efficiency, and reduced cost and carbon emissions reduc-
tion. Moreover, the proposed, data-driven decision-making approach
enables a more accurate and robust BESS sizing and the possibility of
applying this study's method to other sectors such as micro-grids, remote
communities and critical infrastructure. However, there are also

challenges that exist with this study. Such extension, however, may
come with some challenges: the complexity of the modelling and related
computational tractability may be significantly affected by the size of
the system under investigation. Moreover, large and high-quality data-
sets, which are critical for the method's application, may not be readily
available in all cases. Overall, adapting the methodology in this work to
sectors other than isolated power systems is possible, but may require
significant effort and reworking of the method.

In the future, it will be interesting to study BESS sizing for microgrids
where the DR activation has a cost. This can be another source of un-
certainty which makes the problem more complex as DR activation cost
will vary in real time. Future work will also look into how the operation
of the BESS along with the thermal power plants from day-to-day can be
optimized after the BESS has been sized and installed. Particularly for
microgrids that have seasonal load profiles, it will be interesting to see
how to best operate the BESS in different days and seasons.
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Appendix A

Table A1
Gas turbine generator parameters.

Parameter Symbol Value Unit

Natural gas and gas turbines – four identical gas turbines
Number of gas turbines [ − ] 4 [ − ]

Maximum gas turbine power Pmaxk 20.2 [MW]

Minimum gas turbine power Pmink 6.06 [MW]

Fuel consumption coefficient ak − 0.0156 [
Sm3

MW2

]

Fuel consumption coefficient bk 221.52 [
Sm3

MW

]

Fuel consumption constant ck 1267.7 [
Sm3

hour

]

Carbon emission coefficient xk − 0.0325 [kgCO2

MW2

]

Carbon emission coefficient yk 461.91 [kgCO2

MW

]

Carbon emission constant ck 2643.4 [kgCO2

hour

]

Gas turbine startup cost uk 440 [ $

start

]

Gas turbine startup carbon emissions dk 1958.4 [kgCO2

start

]

Minimum gas turbine up time MUT 3 [Hour]
Minimum gas turbine down time MDT 3 [Hour]
Ramp up limit rampupk 1200

[
MW
hour

]

(continued on next page)
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Table A1 (continued )

Parameter Symbol Value Unit

Ramp down limit rampdownk 1200
[
MW
hour

]

CO2 emission tax cco2 0.069
[

$

kgCO2

]

Natural gas price cng 0.4685 [ $

Sm3

]

Table A2
Battery energy storage system parameters.

Parameter values

Battery energy storage system – Lithium iron phosphate
Battery capacity cost BESSc kwh 500 [ $

kWh

]

Battery and transformer roundtrip efficiency BESSrt eff 93 [%]

Battery HVAC load Phvac 4.5
[
kW
MWh

]

First cycling aging coefficient αcyc LFP 4.42 × 10− 5 [ − ]

Second cycling aging coefficient βcycLFP 0.02676 [ − ]

First calendar aging coefficient αcal LFP 1.985 × 10− 7 [ − ]

Second calendar aging coefficient βcalLFP 0.051 [ − ]

Battery end of life EOL 80 [%]

Battery container temperature Tcont 298 [K]
Initial SOC SOCini 61 [%]

Minimum SOC for l-th BESS SOCmin
l 6 [%]

Maximum SOC for l-th BESS SOCmax
l 93 [%]

Table A3
Renewable energy sources parameters.

Parameter values

Wind farm
Rated wind turbine power Pnw 8.6 [MW]

Number of wind turbines [ − ] 2 [ − ]

Cut in speed wci 3
[m
s

]

Rated wind speed wn 12
[m
s

]

Cut off wind speed wco 25
[m
s

]

Solar farm
Number of solar PV panels [ − ] 23,007 [ − ]

Rated capacity of a solar PV panel Pnpv 0.00039 [MW]

Rated capacity of solar farm [ − ] 8.6 [MW]

Standard solar irradiation Rref 1000
[
W
m2

]

Standard temperature Tref 25 [
◦C]

MPPT efficiency MPPTeff 96 [%]

Inverter efficiency 96 [%]

Power temperature coefficient ktemp − 0.29 [%
◦C

]

NOCT NOCT 47 [
◦C]

Data availability

The authors do not have permission to share data.
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