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A B S T R A C T

Planning of future energy systems with higher prevalence of wind and solar energy requires a careful
representation of the temporal and operational characteristics of the system in the investment planning
model. This study aims to identify the aspects that should be considered when selecting the representation
for a particular system. To demonstrate the impacts that various model representations have in terms of
model accuracy and computational effort, we carry out case studies on two test systems implemented within
the Backbone energy systems modelling framework. The results show that the temporal and operational
representations have different benefits and weaknesses in different system types. The findings provide general
guidelines on the relative importance of different model details, depending on the characteristics of the system
under study. For example, some temporal sampling strategies can better capture long-term storage needs, while
others are more suitable for short-term storage modelling. Likewise, solar-dominated and wind-dominated
systems differ in their methodological requirements. Furthermore, the interactions between energy sectors and
the operational limits of the technologies for sector coupling should be correctly captured, as they significantly
impact on the value of different technologies and their flexibility. Finally, we recommend testing several
temporal and technical representations for each particular system in order to ensure the feasibility of the
selected method for that purpose. The findings and recommendations inform energy system modellers about
improvements that will facilitate higher quality planning results.
1. Introduction

Future energy systems will be increasingly based on weather-
dependent renewable energy sources that are, by nature, variable and
uncertain. They increase power system flexibility needs in different
time scales, from less than a second to months and years, and in
different spatial scales, from local to country- or even continent-wide.
Higher flexibility needs mean that a greater ability is required from
the system to respond to changes in demand and supply. Various
technologies exist and are being developed that can provide flexibility,
including, for example, flexible thermal power plants, reservoir and
pumped-storage hydropower plants, batteries, power-to-gas facilities,
power-to-heat facilities combined with thermal storage in district heat-
ing grids, as well as various demand response from industry and smaller

Abbreviations: CCS, carbon capture and storage; CHP, combined heat and power; FCR, frequency containment reserve; FFR, fast frequency reserve; FRR,
frequency restoration reserve; LP, linear programming; MILP, mixed-integer linear programming; NGCC, natural gas combined cycle; O&M, operational and
maintenance; OCGT, open cycle gas turbine; PV, photovoltaic; RD, regular decomposition; RoCoF, rate-of-change-of-frequency; RS, random sampling; RTPV,
rooftop photovoltaic; RTS-GMLC, Reliability Test System Grid Modernization Lab Consortium; VRE, variable renewable energy
∗ Corresponding author.
E-mail address: niina.helisto@vtt.fi (N. Helistö).
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consumers. Curtailment of the weather-dependent renewable energy
sources and increased use of interconnections also provide flexibility.
Estimating the value of these technologies in energy systems requires
planning models that can correctly capture the temporal, spatial, and
technological diversity.

1.1. Strategies to lower the computational burden in large-scale models

The temporal, spatial, and technological diversity increases the
model size and complexity, and solving the large-scale models can eas-
ily become very slow or even impossible. Apart from taking advantage
from the increasing evolution of software (solvers) and hardware (com-
puters), the computational burden of the models can also be lowered
by manipulating the original planning model. This model manipulation
is mainly (1) reformulating the model,1 (2) applying decomposition
306-2619/© 2021 The Authors. Published by Elsevier Ltd. This is an open access ar

Reformulation can provide significant computational savings especially for mix
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methods, (3) simplifying the formulation, and (4) using aggregation
methods. In both reformulation and decomposition methods, the details
of the formulation are not affected. Simplifying or even ignoring some
constraints reduces the model size but will naturally also decrease the
level of detail. The same happens when using aggregation methods,
which can be applied to the temporal, spatial, and technological part of
the model. This study focuses on the impact of simplification and aggre-
gation methods — more precisely, alternately including and ignoring
different operational details and testing different ways to aggregate,
cluster, and sample the temporal dimension.

1.2. Capturing temporal variability

As the volume of variable renewable energy (VRE) in energy sys-
tems continues to grow, it is increasingly important to consider a
wide range of different operational situations and challenges when
planning investments. Ideally, planning models should include time
series spanning a full year or more, with a high resolution, e.g., at least
hourly. Furthermore, it is important to retain chronological and spatial–
temporal correlations in the time series to correctly model storage
levels and realistic weather situations. To keep large-scale models with
high temporal detail computationally feasible, modellers have to make
choices for reducing the detail.

One option to reduce the temporal detail is to select representative
periods, e.g., days or weeks, from the time series. The periods can
be selected by using, for example, clustering [1], optimization [2],
sampling [3], heuristics [4], or brute force methods [5]. Interest-
ingly, Poncelet et al. [2] and Helistö et al. [6] showed that random
sampling with a sufficient number of iterations can have similar or even
better performance compared to other methods. Selecting representa-
tive periods by default means that extreme periods will not be included
in the model. However, extreme periods, such as the peak of the net
load time series (load less VRE generation), can be separately included
in the model, for example, through multi-stage approaches [7]. The
weight of the extreme periods should be determined carefully and it
becomes increasingly important when using multi-year time series, as
noted by Yeganefar et al. [8], who employed a self-organizing map clus-
tering method that could be further improved to consider the impact of
new VRE investments on the net load and the position of the extreme
periods. Furthermore, in some systems, peak ramps – especially of
net load – can also be important extreme periods to consider. The
optimal number of representative days or weeks in the model depends
on the system characteristics and computational resources. In a recent
study, Helistö et al. [6] demonstrated that at least seven (including one
extreme) weeks are needed for a multi-region power system model to
confidently obtain total system costs close to the cost results based on
a full year model.

Another option to reduce the temporal detail is simply reducing the
temporal resolution in the model, e.g., by aggregating 1-h time steps
into 2-h time steps [4]. However, this aggregation can lose important
short-term variations in the time series. A hybrid approach is to select
which time steps retain the original high resolution, and which could be
aggregated together in order to reduce the model size [9]. Wogrin et al.
[10] compared this chronological time-period clustering method with
an enhanced representative periods approach [11] that creates continu-
ity in the temporal horizon by using a transition matrix and a column
vector containing the representative period assignments. The results
showed that the chronological time-period clustering method can better
handle long-term storage dynamics in power system operation models,
while the enhanced representative periods approach better predicts
short-term storage production. Other methods for modelling long-term
storage also exist, such as applying a storage description based on inter-
period and intra-period states [12]. One of the objectives in the present
study is to compare the representative weeks method (with cyclic and
continuous storage state modelling) with a temporal representation
where the resolution varies across the whole time horizon, and to find
2

out how these approaches perform in investment planning. t
1.3. Capturing operational flexibility

The detail of the investment optimization model depends not only
on its temporal representation but also on its operational detail. Op-
erational detail includes, for example, the representation of the online
status of power plants,2 which can be represented using online variables
that follow the start-up and shutdown decision variables through the so-
called unit commitment constraints. The online decision variables can
be binary in order to solve an individual unit commitment, where each
power plant is represented separately, or they can be integer to solve
a clustered unit commitment, which aggregates similar power plants
and reduces the model size [13]. To obtain a significant computational
advantage, the binary or integer variables can be relaxed, i.e., treated
as continuous variables, thus converting the initial MILP problem into
a linear programming (LP) problem. However, the trade-off for each
simplification is the reduction in the accuracy of the results.

Various literature shows that modelling (binary or integer) online
variables and unit commitment constraints is important for capturing
the actual flexibility of the system with growing volumes of VRE, al-
though not as important as improving the temporal representation and
considering reserve requirements (see e.g. a case study of India [14]
and a literature review [15]). The need for base load power plants is
decreasing, and flexible power plants that can start up and shut down
easily and that have low minimum loads are becoming more important.
These impacts cannot be adequately captured without online variables.
However, as the share of VRE grows further and if storage technologies
become more widespread, the role of conventional power plants may
decrease so much that modelling online variables can become less
significant [16].

Reserve sizing and allocation, as well as other ancillary services,
are an essential part of power system operations. Reserve products
are used to balance those deviations between consumption and pro-
duction that are not already balanced in energy markets, for example
due to uncertain events. In Europe, ENTSO-E (European Network of
Transmission System Operators for Electricity) has categorized reserve
products according to their purpose: frequency containment reserve
(FCR), frequency restoration reserve (FRR), and replacement reserve
(RR)3 [17]. Some transmission system operators have also proposed and
started to procure fast frequency reserve (FFR) for handling low-inertia
situations [18]. FFR from wind power plants, PV units, and battery
storage systems can help improve system stability, but a sufficient
number of online synchronous generators may still be required in
order to maintain a minimum inertia level and ensure an acceptable
rate-of-change-of-frequency (RoCoF) immediately after a large distur-
bance [19]. Disregarding inertia constraints in generation expansion
planning can result in additional system costs [20], although the in-
crease in costs was fairly modest in the illustrative case study. As
an alternative to the inertia of synchronous generators, studies have
proposed using synchronous condensers [21] and grid forming invert-
ers [22]. However, further technical and techno-economic research
as well as experimentation are needed on both concepts before their
wide deployment. Initial studies indicate that in inverter-based systems,
it is generally adequate that 10%–30% of the total power units are
connected through grid forming inverters [19].

Wind and solar power plants can increase the fast ramping needs
of the system, although they can also be part of the solution by
providing flexibility through scheduled curtailment [23] and ancillary

2 The representation of the online status may be important especially for
onventional power plants with minimum load levels and efficiencies that
epend on the load level.

3 FCR is available to contain system frequency after the occurrence of an
mbalance, FRR is for restoring system frequency to the nominal value and for
eleasing activated FCR back into use, and RR is for restoring or supporting

he required level of FRR to be prepared for additional system imbalances.
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services [24]. Nevertheless, in order to maintain the balance between
production and consumption, and leverage the available weather-
dependent energy, other power plants may need to change their pro-
duction faster than has been required in the past. Another option is
that flexible loads provide a fast response through changes in their
consumption. In both cases, it is important that the resolution of the
model is high enough to capture the possible ramps in the weather-
dependent generation and the ramping limits of other power plants
and flexible loads. This may even require sub-hourly resolutions, at
least in small systems like in Ireland [25]. In hourly models, ramping
constraints often have an insignificant impact on results [26], although
the opposite can also happen if considering very inflexible units with
stringent ramping limits [27]. Priesmann et al. [28] also conclude
that modelling ramping rates improves the accuracy and robustness of
power system optimization models. On the contrary, according to their
results, partial load efficiency implementations have little influence
on the accuracy of power system optimization models, and minimum
loads, start-up costs, and minimum down times should only be included
jointly.

While the previous studies have focused on certain elements of the
power or energy system models, the present study covers a wider range
of operational details and presents a more comprehensive comparison,
including features such as combined consideration of FFR and inertia
requirements, different storage dynamics, and flexibility from sectoral
integration.

1.4. Capturing spatial and sectoral integration

In a power grid, production and consumption need to be balanced at
every grid node. Evidently, the spatial resolution of the model and the
detail of power flow calculation play an important role in investment
planning, and also greatly increase the computational demand. In the
present study, we disregard nodes and transmission constraints, allow-
ing increased focus on the computation of other operational aspects in
high detail.

In order to further decarbonize the energy system and benefit from
all available flexibility options, it is paramount to consider integration
of different energy sectors. Since most carbon free primary energy
sources generate power, energy system electrification is considered one
of the most promising pathways to reduce carbon emissions [29]. In
some countries, power and heat sectors have long been coupled through
combined heat and power (CHP) plants, and also through heat pumps
and electric boilers. CHP plants can provide flexibility through flexible
output ratios [30], and heat pumps and electric boilers offer flexibility
when combined with thermal storage [31] or with alternative sources
of heat production [32]. Large thermal storage facilities are often a
cost-effective way to provide flexibility for integrated power and heat
systems. Although not examined in this study, other sector coupling
options exist including electric vehicles (EVs) and different power-to-
X (P2X) conversion technologies, which couple the power sector with
transport and industry sectors (see e.g. case studies of the Canary
Islands [33], the Northern Europe [34] and Belgium [35]).

1.5. Contributions and paper structure

Many large scale power and energy system planning models still
contain data in highly aggregated form (see e.g. a case study of
U.S. [36] and the long-term planning model in a case study of Eu-
rope [37]), although there has also been focus in recent years to
improve the accuracy of planning models [15]. The overall aim of
this study is to analyse the impact of various temporal representations
and operational details on generation expansion planning in energy
systems, which are dominated by wind and solar energy, and to
examine whether and how the impact varies depending on the system
characteristics. The work involves a new time aggregation strategy, a
new constraint to represent a combined reserve and rotational energy
3

requirement, as well as a systematic evaluation of several investment
planning model features and representations with a focus on the system
specific nature of the impact of these decisions. The methodology and
results provide important insights for modellers, who will increasingly
need to incorporate higher levels of operational detail in planning mod-
els for future high VRE systems, while balancing with computational
requirements.

The main contributions of this paper are the following:

• We compare the impacts of various temporal representations and
operational details on investment planning in power and energy
systems.

• We compare different methods for time series reduction and
demonstrate the consequences of different ways to model stor-
age state evolution. In addition to full year representation and
representative week modelling with cyclic and continuous storage
state assumptions, we propose a new aggregation strategy where
a selected set of weeks is represented by a high resolution and the
rest of the time horizon by a low resolution.

• We propose a new constraint to correctly represent the provision
of very fast reserve products and rotational energy, important in
future power systems with fewer online synchronous generators.
Other operational details that are considered in this study are unit
commitment decisions, FCR requirements and ramp limits with
hourly and sub-hourly resolutions.

• We also examine the impact of modelling flexibility emerging
from sector integration with different levels of detail, showing
that appropriate modelling is crucial for analysing the value of
flexibility provided by different technologies.

• In order to highlight the system-specific nature of the problem, we
apply the methodology to two CO2 price scenarios and to two test
systems: a solar-dominated power system, and a wind-dominated
power and district heat system.

The paper is organized as follows: Section 2 describes the applied
modelling framework with mathematical formulations. Section 3 de-
scribes the test systems in the analysis as well as the temporal and
operational detail cases. Section 4 presents the results, followed by a
discussion in Section 5 and conclusion in Section 6.

2. Modelling framework

The case studies are carried out using the Backbone energy systems
modelling tool [38] with unidirectionally soft-linked investment and
operational models.

2.1. Approach

The optimization process selected for this study has two phases.
First, the investment model is run in order to obtain optimal investment
decisions, i.e., production (electricity and heat, in this study) and
storage capacities. The capacities are fed into the operational model,
which is then run in order to analyse the operational costs of the
investment decisions. Fig. 1 depicts this process. The formulation of the
investment model is varied in terms of the temporal representation and
the operational details. By contrast, the formulation of the operational
model stays the same, and only the capacity mix is altered according
to the planning outcome of the investment model.

2.2. Model overview

The objective function (see Appendix A) minimizes all the eligible
costs, including investment costs in the investment model and possible
penalties for violating certain constraints. Compared to the model
documentation [38], this study uses deterministic time series, and does
not consider ramping costs, shutdown costs, or different start-up types
(hot, warm, cold).
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Fig. 1. The modelling approach consists of an investment model and an operational
model, both implemented within the Backbone framework.

The model contains online variables that follow start-up and shut-
down decisions, which are constrained, for example, by the minimum
up and down times [38]. The efficiency representation that is used in
this study is based on technology-clustered and continuously-relaxed
online variables, which also enable a stylized representation of part-
load efficiencies [38]. Relaxing all integer variables transforms the
model into an LP model, which can be solved relatively easily. In this
study, start-up and shutdown trajectories are disregarded. However,
they become important especially with sub-hourly resolutions, and
should be considered if very detailed results are required. In that case,
the efficiency representation should also be more detailed, for example,
using piecewise linear input–output curves without technology-based
clustering and without relaxing the online variables.

Further detail on the formulation, such as the energy balance and
ramping constraints, are given in [38]. In the following subsections, we
describe further differences compared with our previous work [38].

2.3. Representing seasonal storage

In order to model seasonal storage, constraint (1) takes into account
the weight of each sample, for example, if representing one year using
7 representative weeks.

∀{𝑛, 𝑠′, 𝑠} ∈ 𝑁𝑆𝑆bound, 𝑡 = 𝑝start
𝑠 , 𝑡′ = 𝑝start

𝑠′ , 𝑡′′ = 𝑝end
𝑠′ ∶

state
𝑛,𝑡 = 𝑣state

𝑛,𝑡′ + 𝑝weight
𝑠′

(

𝑣state
𝑛,𝑡′′ − 𝑣state

𝑛,𝑡′

)

(1)

onstraint (1) is defined for each node 𝑛 and sample pair {𝑠′, 𝑠} that are
oined in the three-dimensional set 𝑁𝑆𝑆bound, so that the constraint
olds for the starting time steps 𝑡 = 𝑝start

𝑠 , 𝑡′ = 𝑝start
𝑠′ and ending

ime steps 𝑡′′ = 𝑝end
𝑠′ of the samples. Parameters are denoted by 𝑝

nd variables by 𝑣. The 𝑝weight
𝑠′ parameter represents the weight of

he sample. The variable 𝑣state
𝑛,𝑡 is the node state (for example, hydro

eservoir level).

.4. Inertia requirement

The required amount of rotational energy in the system is based on
4

he following general equation describing the RoCoF in the system (see
.g. [39]):

2𝐻
𝑓n

𝑓sys

𝑓n

𝑑𝑓sys

𝑑𝑡
= 𝛥𝑃

𝑆sys
(2)

where 𝐻 is the inertia constant, 𝑆sys is the aggregated sum of apparent
power, 𝑓n is the nominal frequency, 𝑓sys is the system frequency,
𝑑𝑓sys∕𝑑𝑡 is the rate of change of the system frequency, and 𝛥𝑃 is the
imbalance in the MW-power.

In the new version of Backbone, it is possible to let units contribute
to the inertia requirement not only according to their rotational energy
but also by very fast reserve provision, due to an increasing prevalence
of fast frequency products [40]. In this study, we define two inertial
reserve products 𝑟 ∈ 𝑅inertia, one (𝑝reserve

𝜔,𝑟 = 200 MW) where both
rotational energy of online machines and FFR from capable units can
contribute, and another (𝑝reserve

𝜔,𝑟 = 50 MW) where only rotational
energy of online machines can contribute.

∀𝜔 ∈ 𝛺inertiaReserve, 𝑟 ∈ 𝑅inertia, 𝑡 ∈ 𝑇 ∶

2 × 𝛥𝑓𝜔
⏟⏟⏟
𝑑𝑓sys∕𝑑𝑡

×
∑

𝑛∈𝑁𝜔

∑

𝑢∈𝑈𝑛

𝑝inertia
𝑛,𝑢 × 𝑝sizeMVA

𝑛,𝑢 × 𝑣online
𝑢,𝑡

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
𝐻×𝑆sys

≥ 𝑓 0
𝜔

⏟⏟⏟
𝑓n

×

⎛

⎜

⎜

⎜

⎝

𝑝reserve
𝜔,𝑟
⏟⏟⏟

𝛥𝑃

−
∑

𝑛∈𝑁𝜔

∑

𝑢∈𝑈𝑛

𝑣reserve
𝑟,𝑛,𝑢,𝑡

⎞

⎟

⎟

⎟

⎠

(3)

Eq. (3) is a rewritten version of (2), with additional reserve pro-
vision that effectively decreases 𝛥𝑃 (see also [41]). In addition, we
assume that 𝑓sys = 𝑓n. The constraint is defined separately for each
group 𝜔 ∈ 𝛺inertiaReserve that joins nodes 𝑛 ∈ 𝑁𝜔 and certain parame-
ters, for each inertial reserve product 𝑟 ∈ 𝑅inertia and time interval. In
order to define an inertial reserve group, the user needs to define the
default frequency (𝑓 0

𝜔) in the associated nodes, the maximum RoCoF
(𝛥𝑓𝜔), as well as the corresponding 𝑝reserve

𝜔,𝑟 requirement — for example,
the size of the largest unit in the system. Units connected to node 𝑛
(𝑢 ∈ 𝑈𝑛) can contribute to the requirement according to their rota-
tional energy or by providing the inertial reserve product in question.
However, in the current setting, the same unit cannot contribute with
both. Rotational energy is calculated based on the number of online
sub-units (𝑣online

𝑢,𝑡 ), the MVA-capacity of a sub-unit (𝑝sizeMVA
𝑛,𝑢 ), and the

inertia constant (𝑝inertia
𝑛,𝑢 ), given in seconds. The provision of the inertial

reserve product is denoted by 𝑣reserve
𝑟,𝑛,𝑢,𝑡 , expressed in MW.

2.5. Modelling flexible CHP units

Flexibility in the output ratios of CHP technologies is modelled using
the adaptable node-unit structure of the Backbone tool, see Fig. 2.
The idea is similar to the one in [42] for representing a CHP plant
using multiple conversion components in an energy systems model.
Heat exchange losses in the district heat production are neglected but
could be modelled by adding a node and a unit between the valve
and the node representing the district heating load. The reactor and
primary circuit of the nuclear-CHP are not modelled explicitly. Instead,
they are included in the steam generator unit SG. Likewise, the gas
turbine, heat recovery steam generator and high-pressure steam turbine
of the NGCC-CHP are not modelled separately. Instead, they are all
represented by the steam generator unit SG and turbine T1, which
is followed by generator G1. A low-pressure steam turbine and its
electricity production are represented by turbine-generator TG2.

In the Backbone framework, inputs and outputs of each conversion
unit need to be calculated separately, and similarly, the balance at each
node needs to be calculated separately. Below is a representation of
the resulting functionalities for the nuclear-CHP technology using an
artificial input and output variable 𝑣P

𝑖 . The indices follow the same
notation as in Fig. 2.

P eff P
𝑣2 = 𝑝SG𝑣1 (4)
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Fig. 2. Representation of the flexible CHP technologies using the node-unit structure of Backbone. CHP — combined heat and power, G — generator, NGCC — natural gas
combined cycle, SG — steam generator, T — turbine, TG — turbine-generator, V — valve.
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𝑣P
2 = 𝑣P

3 + 𝑣P
4 (5)

𝑣P
5 = 𝑝eff

TG𝑣
P
4 (6)

𝑝3,min
V 𝑣P

2 ≤ 𝑣P
3 ≤ 𝑝3,max

V 𝑣P
2 (7)

min
SG 𝑣online

SG ≤ 𝑣P
2 ≤ 𝑝max

SG 𝑣online
SG (8)

min
TG 𝑣online

TG ≤ 𝑣P
5 ≤ 𝑝max

TG 𝑣online
TG (9)

here 𝑝eff
SG and 𝑝eff

TG represent the efficiency of steam generator SG
nd turbine-generator TG, respectively. The minimum and maximum
peration levels of the those units are represented by parameters 𝑝min

SG ,
max
SG , 𝑝min

TG , and 𝑝max
TG . Minimum and maximum operation levels are

efined for turbine TG so that the unit would not provide unreasonable
mounts of reserve. The 𝑝3,max

V parameter represents the maximum
urbine bypass level (75% in this study), and 𝑝3,min

V is the minimum
urbine bypass level (25% in this study).

A similar representation of the resulting functionalities is shown
elow for the NGCC-CHP technology. For the explanation of the indices,
ee Fig. 2.

𝑣P
2 = 𝑝eff

SG𝑣
P
1 (10)

𝑣P
2 = 𝑣P

3 + 𝑣P
4 (11)

𝑣P
4 = 𝑣P

5 + 𝑣P
6 (12)

𝑣P
7 = 𝑝eff

TG2𝑣
P
6 (13)

𝑣P
8 = 𝑝eff

G1𝑣
P
3 (14)

𝑣P
3 = 𝑝fix

T1𝑣
P
2 (15)

𝑝5,min
V 𝑣P

4 ≤ 𝑣P
5 ≤ 𝑝5,max

V 𝑣P
4 (16)

min
SG 𝑣online

SG ≤ 𝑣P
2 ≤ 𝑝max

SG 𝑣online
SG (17)

min
G1 𝑣online

G1 ≤ 𝑣P
8 ≤ 𝑝max

G1 𝑣online
G1 (18)

here 𝑝eff
SG, 𝑝eff

TG2, and 𝑝eff
G1 represent the efficiency of steam generator SG,

urbine-generator TG2, and generator G1, respectively. The minimum
nd maximum operation levels of steam generator SG and generator
1 are represented by parameters 𝑝min

SG , 𝑝max
SG , 𝑝min

G1 , and 𝑝max
G1 . The 𝑝fix

T1
arameter stands for the mechanical efficiency of turbine T1 — a
ixed proportion of thermal power input is converted to mechanical
ower output in turbine T1 and the rest is outputted as thermal power.

5,max
5

he 𝑝V parameter represents the maximum steam extraction level i
fter the high-pressure turbine (100% in this study), and 𝑝5,min
V is the

inimum steam extraction level (0% in this study).

. Case studies

The impact of operational details and temporal representations on
eneration expansion planning is analysed by applying investment and
perational optimization to two test systems in a number of temporal
nd operational detail cases.

.1. Test systems

Two greenfield test systems are used in this analysis: one based on
he time series of the Reliability Test System Grid Modernization Lab
onsortium (RTS-GMLC) [43] and another based on time series from
inland.

.1.1. Time series
The test system based on the RTS-GMLC4 contains one-year time

eries for correlated electric load, hydropower inflow, wind power
apacity factor, photovoltaic (PV) capacity factor, and rooftop pho-
ovoltaic (RTPV) capacity factor. The resolution of the time series is
min.

The test system based on Finland contains one-year time series for
orrelated electric load, district heating load, hydropower inflow, wind
ower capacity factor, and PV capacity factor. The resolution of the
ime series is 1 h. The electric load profile is directly based on realized
011 data,5 while the profiles of the other time series categories were
stimated based on 2011 weather data, technology assumptions, etc.

The analysis is based on deterministic modelling with perfect fore-
asts. In addition, we do not consider spatial detail, i.e., all time series
ategories are aggregated on a single node. Electric load is scaled
inearly so that the peak is 10 GW, and district heating load and
ydropower inflow are also scaled with the scale factor of electric load.
esulting average consumption levels and inflows as well as average
apacity factors are shown in Table 1.

4 https://github.com/GridMod/RTS-GMLC.
5 https://www.fingrid.fi/en/electricity-market/electricity-market-

nformation/load-and-generation/.

https://github.com/GridMod/RTS-GMLC
https://www.fingrid.fi/en/electricity-market/electricity-market-information/load-and-generation/
https://www.fingrid.fi/en/electricity-market/electricity-market-information/load-and-generation/
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Table 1
Average capacity factor, inflow, and consumption data in the test systems.

System Wind CF PV CF RTPV CF Hydro infl. Elec. cons. Heat cons.
(%) (%) (%) (MW) (MW) (MW)

RTS-GMLC (RTS) 31.1 26.1 20.1 583 5222 –
Finland (FIN) 34.8 8.9 – 270 6317 2314

Abbreviations: CF — capacity factor, PV — photovoltaic, RTPV — rooftop photovoltaic.
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.1.2. Technology, fuel and emission data
The analysis starts from a greenfield system without any initial

roduction capacity. The investment model optimizes the power plant
apacity investments from the set of candidate technologies, shown in
ppendix B.

Two fuels are considered: natural gas and enriched uranium. The
rice of natural gas is assumed to be e36/MWh and the price of
ranium is assumed to be e5/MWh. The CO2 content of natural gas
s 199.08 kg/MWh.

The CO2 price varies between the scenarios from e0/tCO2
o e100/tCO2. The purpose is to create systems with different shares
f low-carbon technologies and explore how the impact of the model
onfiguration depends on the system. A similar effect could be achieved
y varying the cost of low carbon technologies against the technologies
tilizing natural gas, or by varying the natural gas price. The transport
nd storage cost for captured CO2 is assumed to be e10/tCO2.

.1.3. Reliability
Reserve requirements and reserve provision are one of the

perational details analysed in this study. We define three reserve
ategories:

• frequency containment reserve for normal operation (FCR-N), up-
ward and downward: 3% of load + 5% of wind power generation
+ 5% of PV generation + 5% of RTPV generation

• frequency containment reserve for disturbances (FCR-D), upward:
200 MW

• fast frequency reserve (FFR), upward: 200 MW of which 50 MW
has to come from the synchronous inertia of rotating machines
in order to limit the RoCoF immediately after a large disturbance
(assuming 50 Hz grid frequency and 0.5 Hz/s RoCoF)

or comparison, Barrows et al. [43] defined spinning reserve require-
ents as 3% of load. The selection of 200 MW for FCR-D and FFR

s based on the assumed size of the largest possible unit in the sys-
em. However, it should be noted that these reserve requirements are
xamples and should not be interpreted as reserve levels that keep
he test systems stable in all operational conditions. Actual reserve
equirements in real systems should be determined based on thorough
tability studies. The assumed reserve provision capabilities of the
echnologies are shown in Appendix B.

Furthermore, in the investment model, a capacity margin is de-
ined for the electrical capacity for additional reliability reasons. It
s assumed to be 10% of the peak load and it needs to be fulfilled
or every time step in the model. Storage and VRE contribute to
he capacity requirement according to their instantaneous production
evels, and other technologies according to their installed electrical
apacity. Heat pumps and electric boilers increase the electric load in
he system and consequently also the capacity requirement according to
heir instantaneous consumption levels. Capacity margins and planning
eserve margins are often used in investment models in order to ensure
ufficient capacity. For example, Mai et al. [44] defined a planning
eserve constraint that ensures that the total firm capacity must exceed
6

he peak demand by 12.5%.
.2. Cases

The case study configuration is based on unidirectionally soft-linked
nvestment and operational models. First, the investment model is run
n order to obtain optimal investments. Next, the operational model is
un in order to analyse the operational feasibility and operational costs
f the investment planning outcome.

For both test systems, we defined a number of cases with dif-
erent temporal and operational detail in the investment model. The
perational model always contained the full detail. Fig. 3 summarizes
he set-up of the investment model in the different temporal and
perational detail cases.

The features in the temporal representations of the investment
odel set-ups are further explained as follows.

• full year: Includes full one year time series at an hourly resolution
and continuous modelling.

• 52wks: Includes full year (less one day) time series at an hourly
resolution, but instead of continuous modelling, the 52 weeks are
modelled separately similar to representative weeks.

• 7wks: Includes 7 weeks and 1–2 extreme days modelled at an
hourly resolution. The number of extreme days depends on the
presence of peak heat load (1 extreme day in the RTS-GMLC
and 2 extreme days in the Finnish test system), and these days
are selected using a two-stage approach similar to [6]. The total
number of hourly time steps is 1200–1224. The weeks are treated
as representative weeks, unless +aggr is mentioned in the set-up
name. Representative weeks are selected instead of representative
days in order to capture longer weather phenomena.

• 5wks: Includes 5 weeks and 1–2 extreme days modelled at an
hourly resolution. The extreme days are selected as described
above. The weeks are treated as representative weeks, unless
+aggr is mentioned in the set-up name.

• /RD/: The 5 or 7 weeks are selected from the full time series using
regular decomposition [6].

• /RS/: The 5 or 7 weeks are selected from the full time series using
random sampling [6].

• +aggr: Includes 5 or 7 selected weeks and 1–2 extreme days
modelled at an hourly resolution. The rest of the year is mod-
elled using aggregated 24-h time steps. The representation builds
upon [9] but the selection of high-resolution and low-resolution
time steps is directly based on the selection of representative
weeks. The total number of time steps is 1193–1216
(5wks. . .+aggr), close to the number of time steps in the cases
using 7 separately modelled representative weeks, or 1515–1538
(7wks. . .+aggr). Storage state evolves continuously.

• unscaled: The representative weeks are used as they appear
in the one-year time series. Hence, the average capacity factor,
inflow, and consumption data do not correspond exactly to the
values in Table 1.

• scaled: The time series are linearly scaled so that the average ca-
pacity factor, inflow, and consumption data in the representative
weeks correspond to the values in Table 1.

• cyclic storage: Storage state (hydropower reservoir and battery,
as well as thermal storage in the Finnish test system) at the end
of each sample (week or day) needs to be equal to the value at

the beginning of the sample.
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Fig. 3. Set-up of the investment model in the temporal and operational detail cases. N — no; Y — yes.
• continuous storage: Storage state at the end of each sample
needs to be equal to the value at the beginning of the next sample,
taking into account the weighting of the representative weeks.
Although the chronological order of the weeks in principle gets
lost in the sampling, it is assumed that the representative weeks
follow each other in the same order as they appear in the original
time series.

The operational details that were considered in the investment
odel set-ups are explained as follows.

• (no oper. details): Includes a simplified representation of the op-
erational constraints in the investment model, where the follow-
ing details are neglected: online variables, reserve requirements,
ramp limits, sub-hourly timescales, and flexible CHP output ra-
tios.

• online: Includes technology-clustered and continuously-relaxed
online variables. Modelling also includes start-up and shutdown
decision variables and costs, minimum up and down times, and a
simple representation of part-load efficiencies.

• FCR: Includes FCR-N and FCR-D requirements.
• FFR: Includes synchronous inertia and FFR requirements.
• ramp limits: Includes ramp limits.
• 15min: Includes a 15-min resolution for the periods which would

otherwise be modelled at an hourly resolution (only RTS-GMLC).
• 5min: Includes a 5-min resolution for the periods which would

otherwise be modelled at an hourly resolution (only RTS-GMLC).
• CHP flex: Includes a possibility to vary CHP output ratios (only

Finland).
7

The temporal and operational details were only varied in the in-
vestment model. In each temporal and operational detail case, the
operational model uses a one-year rolling optimization with a one-year
horizon, where the immediate time intervals have the highest resolu-
tion (5 min in the RTS-GMLC and 1 h in the Finnish test system) and
the resolution gradually decreases towards the end of the horizon. The
model rolls forward in 24-h steps. All the aforementioned operational
details (online variables, reserve requirements, ramp limits, and flexible
CHP output ratios) are considered in the operational model.

4. Results

This section provides the results of the case studies. As the focus
of this paper is on the improvement of energy system models, the
presented results are limited as follows. The cost impacts of the tempo-
ral and operational details are first analysed separately, and then, the
analysis is further justified by exploring the planning outcomes. The
computation times of the investment models are also compared.

4.1. Cost impacts of temporal representations

As expected, including full year time series in the investment model,
either using 52 separate weeks or full continuous time series, resulted in
the lowest costs. The other temporal representations have different ad-
vantages and disadvantages depending on the test system, as shown in
Fig. 4. Based on a literature review [15], there is no standard approach
to manage temporal detail in large scale power and energy system
planning models. Thus, all cases in Fig. 4 are compared to the ‘full year’
case, which has the highest level of detail. The RTS-GMLC cases with

representative weeks selected by the regular decomposition method
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show remarkably high costs compared to the corresponding cases with
weeks selected by the random sampling method. By contrast, in the
Finnish cases, the regular decomposition selection proved to perform
slightly better than random sampling selection. This highlights that the
performance of different representative period selection methods varies
depending on the system. Changing the cyclic storage level constraints
to seasonal ones did not have noticeable effect on costs in either test
system, which was rather surprising given the strong seasonality in
the Finnish data. It may be that the pre-defined hydro reservoirs, the
batteries and the thermal storage technology were not optimal for such
long-term storage that the continuous storage level modelling would
have had large impacts. Furthermore, the modelling accuracy would
have benefitted from storage level checks at regular intervals [11].

Representing 5 or 7 selected weeks using an hourly resolution and
the rest of the year using a daily resolution proved to be a relatively
reliable time series reduction method for the wind-dominated Finnish
test system with high seasonal variation in electricity and heat con-
sumption. Furthermore, the CO2 price had no noticeable impact on
ts suitability. The benefit of this representation is that the behaviour
f medium- and long-term storage can be better captured, while the
lexibility needs caused by high-resolution variations are visible in the
or 7 selected weeks. However, in the solar-dominated RTS-GMLC test

ystem, the same aggregation method increased the costs outstandingly
y roughly 30%–50% compared to the full year case. This highlights
he natural conclusion that especially in a solar-dominated system, ag-
regating a large part of the time series to 24-h time steps significantly
nderestimates the short-term flexibility needs of the system. The short-
erm flexibility needs are also underestimated in a wind-dominated
ystem, but not to the same extent.

Rather consistently, the cost impacts were larger in the cases where
he CO2 price was set at a higher level. At higher CO2 prices and

increasing levels of variable renewable energy, the need to consider
more operational situations in the investment planning model becomes
higher, and thus a larger part of the full time series should be included.

4.2. Cost impacts of operational details

Fig. 5 shows the results when operational details were added on
top of the following three cases: ‘scaled, cyclic storage, 7wks/RS/’,
‘5wks/RS/+aggr’, and ‘full year’. All operational detail cases are com-
pared to the corresponding ‘(no oper. details)’ case, which can be
considered a standard approach for large scale energy system planning
models [15]. In the case of the RTS-GMLC system, the impact of opera-
tional details was not significant, and most of that impact resulted from
simply including online variables and the corresponding start-up and
shutdown decisions and costs. There were relatively large differences in
the operational detail cases based on ‘5wks/RS/+aggr’, but the results
are not reliable as the temporal representation itself was unsuitable for
the system.

In the Finnish cases, the highest benefits were achieved in the cases
that considered online variables together with flexible output ratios of
CHP units. The benefits varied in the range of 0.3%–1.4%, depending
on the CO2 price. Modelling the interactions of different energy sectors
and the true flexibility of sector coupling technologies plays a more
critical role when the share of VRE is high. Including the FCR and
FFR requirements in the investment model also showed clear benefits
especially in the ‘5wks/RS/+aggr’ case. Interestingly, including online
variables in the investment model slightly increased the costs of the
Finnish test system in the ‘scaled, cyclic storage, 7wks/RS/’ case. In
order to avoid start-up costs, the model with online variables may
invest more in units with low start-up costs but potentially high fixed or
variable costs instead of units with high start-up costs. However, if the
selected weeks in the investment planning model contain a high varia-
tion compared to the full time series, hence overestimating the level of
plant cycling required, the investments into the units with low start-up
costs may prove to be oversized and costly in the operational phase.
The random sampling method for selecting representative periods in
8

this study did not consider variability.
Fig. 4. Impact of temporal representations on annual system costs. All cases are
compared to the ‘full year’ case. CO2 price e0 per tonne or e100 per tonne.

.3. Capacity results

Reasons for the cost differences can be seen in the capacity results in
igs. 6–7. In the RTS-GMLC cases, the generation portfolios are largely
he same within the CO2 price scenarios, except for the cases based on
he ‘5wks/RS/+aggr’ and ‘7wks/RS/+aggr’ representation. Those cases

resulted in significantly lower battery and wind power capacities as
well as higher OCGT and PV capacities compared to the other cases.
The investment planning model assumed that it would need to use
the OCGTs mainly during the 5 or 7 weeks that were modelled with
a high resolution, whereas PV capacity would be able to handle the
consumption during the rest of the year mainly alone. The cases based
on regular decomposition selections also had less battery capacity and
less PV capacity compared to the other cases. It is important that vari-
ations and correlations of the time series are correctly captured. Using
a 15-min or 5-min resolution in the investment model did not have
a considerable impact on the planning outcome, as the hourly model
already resulted in a significant amount of flexible battery capacity. The
impact could be very different when using an inflexible existing system
as a starting point, instead of the greenfield approach.

In the Finnish cases, there is also more variation in the capacity
results between the different operational detail cases. For example,
considering the flexible output ratios of CHP plants in the investment
planning model resulted in more NGCC-CHP plants, whereas the capac-
ity of NGCC and gas boilers decreased. In the high CO2 price scenario,
the model started to invest in nuclear-CHP plants, while omitting
investments in heat pumps. Nuclear-CHP plants and heat pumps (as
well as nuclear heat plants) are competing technologies as they both
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Fig. 5. Impact of operational details on annual system costs. All cases are compared to the corresponding ‘(no oper. details)’ case. CO2 price e0 per tonne or e100 per tonne.
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equire a relatively large number of full load hours to be cost-effective.
t the same time, electric boiler capacity, thermal storage capacity, and
ind power capacity also decreased. As was noticed in the RTS-GMLC

ases, battery capacity also decreased when using the ‘5wks/RS/+aggr’
nd ‘7wks/RS/+aggr’ representation in the Finnish test system. The
enefits of short-term storage are underestimated when representing
large part of the time series using a very coarse resolution. However,

ompared to the separately modelled representative weeks, the capacity
f thermal storage increased when using the partly aggregated, continu-
us temporal representations in the high CO2 price scenario, becoming
lose to the full year results. Thus, the benefits of relatively long-term
torage are better captured when considering continuous time series,
ven if a large part of the time series is modelled at a very coarse
esolution.

.4. Computation time

Fig. 8 shows how the computation time increases when including
ore operational details and more time steps in the investment model.
he magnitude of the impact of additional details on the computation
ime is often different in the Finnish system and the RTS-GMLC. This
esult also highlights that the sensitivity of the model to the different
onfigurations partly depends on the system.

In general, adding more time steps, either by moving to sub-hourly
esolutions or by including full hourly time series instead of selected
ays or weeks, quickly slowed down the solution process. Adding
elaxed online variables had a clear impact on the solution time, es-
ecially in the Finnish system, whereas the different reserve categories
ften played a smaller role on the speed of the solution process. The
etailed modelling of CHP flexibility did not impact the computation
ime much, partly because the CHP units were modelled using the
ather complicated network structure in all cases (see Fig. 2). In the
9

lexible CHP cases, the valve units were just modelled using inequality s
onstraints instead of equality constraints. In the slowest cases, the
odel features increased the solution time over 400 times (Finland)

r over 600 times (RTS-GMLC) compared to the fastest solution, which
as ‘unscaled, cyclic storage, 7wks/RD/’.

. Discussion

Investment planning models and other energy system tools are
requently used by academia and industry to inform policy makers,
nergy utilities, transmission system operators, investors and manufac-
ures about how climate targets can be reached and what particular
echnologies will be the most valuable in a particular system or region.
mproved models will give more accurate results and higher quality
nformation to support decision making.

The results demonstrate that the best method for sampling repre-
entative periods can change between systems. Similarly, the level of
perational detail that should be included at the planning stage depends
n the system. This indicates that it can be worthwhile to test multiple
ethods and parametrizations before settling on one of them for a
articular use case. In the authors’ opinion, a modelling framework
ould benefit from a testing machinery that can be applied whenever a
odel is being applied for a particular purpose.

The results indicate that a more detailed representation of energy
ector coupling can significantly impact the planning outcomes. In
ur example, giving the CHP units more control over heat and power
utputs resulted in considerably cheaper total system costs. While this
s only one example, the interactions between the energy sectors can
ften have complex constraints and their impact for the planning stage
eeds to be understood better, in order not to over- or underestimate
heir ability to help the system in various operational challenges.

Start-up and shutdown trajectories of power plants were not con-
idered. This could have had an impact especially in the RTS-GMLC

ystem, which had a 5-min resolution in the operational stage. On the
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Fig. 6. Invested capacity in the RTS-GMLC cases with different temporal representations and operational details.
ther hand, almost all of the RTS-GMLC cases had a significant amount
f flexible battery capacity in the results which may have been able to
ompensate for the slower start-up and shutdown times of some other
nits. The only cases that did not have a significant amount of battery
apacity were the ones that represented a large portion of the year using
4-h time steps, which was not a suitable temporal representation for a
olar-dominated power system. The representation could be improved
y increasing the granularity of the low-resolution periods, but this
ould increase the total number of time steps unless the number of
ays modelled at high resolution were simultaneously reduced.

The cost assumptions likely have a significant impact on the plan-
ing outcomes. As the study did not include sensitivity analysis on
he cost assumptions, the reader should be careful when making far-
eaching interpretations of the relative importance of the technologies.
10
Moreover, the test systems consisted of a single node and reserve
sizing was not verified through detailed technical simulations. While
consideration of these aspects would be of importance in actual power
and energy system planning, more comprehensive modelling was not
undertaken as part of this study, allowing for detailed analysis of the
impacts of temporal representations and operational details.

When applying the improvements in models depicting real power
and energy systems, data availability can become an issue. In addition,
real systems are often linked to neighbouring systems, and appropriate
modelling of these links and systems complicates both data manage-
ment and model calculation. Some regions and sectors may need to be

modelled using lower detail in order to overcome these complications.
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Fig. 7. Invested capacity in the Finnish cases with different temporal representations and operational details.
. Conclusion

This study showed how temporal representations and operational
etails in the investment planning stage affect the total costs and
lanning outcomes of energy systems dominated by wind and solar
nergy. While some methods better capture the needs and behaviour
f long-term storage, they may at the same time underestimate the
eed for short-term storage, and vice versa. These findings provide
nformation about the advantages and disadvantages of different model
onfigurations as well as foundations for forming an initial selection
11
of configurations for different systems. However, based on the results,
the use of testing machinery is recommended in order to find the
most suitable configuration whenever the system under study changes
significantly or the purpose of the study changes. The links to different
energy sectors are important to capture, and the coupling technologies
should be properly modelled already in the investment planning stage
— that is, their flexibility should not be over- or underestimated. When
reaching towards 100% renewable power and energy systems, there
may be enough inherent variability in the variable renewable energy
time series to encourage flexibility investments, and some operational
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Fig. 8. Impact of temporal representations and operational details on the average duration of the investment model runs. Note the logarithmic scale.
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details that have been important at medium variable renewable energy
shares, such as start-up and shutdown characteristics, may start to
lose their significance in the investment planning stage. In contrast, at
increasing levels of variable renewable energy, the need to consider
more operational situations (e.g., different weather conditions) and
challenges in the planning stage becomes higher, and thus the models
need to include more time steps.
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Appendix A. Objective function

The objective function (A.1) is a simplified version of the one
presented in [38].

min
(

∑

𝑡∈𝑇
𝑝probability
𝑡 ×

(

𝑣vomCost
𝑡 + 𝑣fuelCost

𝑡 + 𝑣startupCost
𝑡 + 𝑣penalties

𝑡

)

+ 𝑣stateValueDecrease + 𝑣fomCost + 𝑣unitInvestCost
)

(A.1)

here 𝑡 ∈ 𝑇 includes the time intervals in the model, and 𝑝probability
𝑡

s the total probability and weight of the time interval, taking into
ccount the weight of the samples (e.g., representative days and weeks).
arameters are denoted by 𝑝 and variables by 𝑣.

The variable operational and maintenance (O&M) costs 𝑣vomCost
𝑡 and

uel and emissions costs 𝑣fuelCost
𝑡 are defined as

vomCost
𝑡 = 𝛥𝑡 ×

∑

𝑛∈𝑁

∑

𝑢∈𝑈𝑛

𝑝vomCost
𝑛,𝑢 × 𝑣gen

𝑛,𝑢,𝑡 (A.2)

fuelCost
𝑡 = 𝛥𝑡 ×

∑

𝑢∈𝑈

∑

ℎ∈𝐻main
𝑢

(

𝑝fuelPrice
ℎ

+
∑

𝑒∈𝐸ℎ

𝑝fuelEmission
ℎ,𝑒 ×

∑

𝑛∈𝑁 𝑝emissionTax
𝑒,𝑛 × 𝑝size

𝑛,𝑢
∑

𝑛∈𝑁 𝑝size
𝑛,𝑢

)

× 𝑣fuelUse
ℎ,𝑢,𝑡 (A.3)

he duration of the time interval is represented with 𝛥𝑡, set 𝑛 ∈ 𝑁
includes all the nodes in the model, 𝑢 ∈ 𝑈 includes all the energy
conversion units in the model, and 𝑢 ∈ 𝑈𝑛 includes all the units
hat have output or input capacity at node 𝑛. Fuels used by unit 𝑢
re included in ℎ ∈ 𝐻main

𝑢 and emissions caused by fuel ℎ are in
∈ 𝐸ℎ. Parameters 𝑝vomCost

𝑛,𝑢 and 𝑝size
𝑛,𝑢 represent the variable O&M costs

n e/MWh and the MW-capacity of the unit, respectively. If the unit
onsists of several identical sub-units, 𝑝size denotes the MW-capacity of
𝑛,𝑢
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Table B.1
Technical parameters for electricity-only technologies.
Source: Adapted from [21,45–52].

Type (fuel) Unit size Unit size Efficiency Efficiency Min. Ramp up/ Inertia Min. up/
elec. apparent (min.) (max.) load down limit constant down time
(MWe) (MVA) (%) (%) (%) (%/min) (s) (h)

Wind 1 – 100 100 0 – – –
PV 1 – 100 100 0 – – –
RTPV 1 – 100 100 0 – – –
Hydro 100 111 100 100 0 – 2.4 –
OCGT (NG) 50 56 40 45 20 40 5.29 1
NGCC (NG) 200 222 58 63 40 5 4.97 1
NGCC-CCS (NG) 181 222 51 56 40 5 4.97 1
Nuclear (U) 57 63 28.5 28.5 40 0.67 4.07 24
Battery 160a – 92 92 0 – – –
Synchronous condenser −3b 100 100 100 100 – 2 –

Abbreviations: PV — photovoltaic, RTPV — rooftop photovoltaic, OCGT — open cycle natural gas turbine, NGCC — natural gas combined cycle, CCS — carbon capture and
storage, NG — natural gas, U — uranium.
Hydropower storage capacity is fixed to 24 GWh in the test systems.
CCS technology is assumed to have a CO2 capture rate of 90%.
For battery technology, the unit of measurement for unit size is MWh. A battery with a capacity of 160 MWh is assumed to have a 80-MW charging capability and a 480-MW
ischarging capability.
Negative values denote that the technology consumes electricity.
t

s
b

c

𝑣

𝑣

sub-unit. Parameters 𝑝fuelPrice
ℎ , 𝑝fuelEmission

ℎ,𝑒 , and 𝑝emissionTax
𝑒,𝑛 represent

he fuel price (e/MWh), emission content of the fuel (kg/MWh), and
he price of the emission (e/kg), respectively. Variables 𝑣gen

𝑛,𝑢,𝑡 and
fuelUse
ℎ,𝑢,𝑡 represent the output of the unit (or input if < 0) and the fuel
se, respectively, both in MW.

Start-up costs 𝑣startupCost
𝑡 are:

startupCost
𝑡 =

∑

𝑢∈𝑈online
𝑝startupCost
𝑢 × 𝑣startup

𝑢,𝑡 (A.4)

here 𝑢 ∈ 𝑈online includes all the units with online variables, 𝑝startupCost
𝑢

epresents start-up costs in e/sub-unit, and 𝑣startup
𝑢,𝑡 is the start-up

ecision variable, expressed in the number of sub-units.
Penalties 𝑣penalties

𝑡 result from the slack variables which allow viola-
ions on the energy balance, reserve requirement, and capacity margin
onstraints:

penalties
𝑡 = 𝛥𝑡 ×

∑

𝑛∈𝑁

(

𝑝balanceSlackPenalty
𝑛 ×

(

𝑣slackUp
𝑛,𝑡 + 𝑣slackDown

𝑛,𝑡

)

+
∑

𝑟∈𝑅

(

𝑝reserveSlackPenalty
𝑟 × 𝑣reserveSlack

𝑟,𝑛,𝑡

)

+ 𝑝capacitySlackPenalty
𝑛 × 𝑣capacitySlack

𝑛,𝑡

)

(A.5)

he energy balance equality has slack variables applied to both di-
ections (𝑣slackUp

𝑛,𝑡 and 𝑣slackDown
𝑛,𝑡 ), while the reserve requirement and

apacity margin inequalities only need slack variables in one direction
𝑣reserveSlack
𝑟,𝑛,𝑡 and 𝑣capacitySlack

𝑛,𝑡 , respectively). The set 𝑟 ∈ 𝑅 represents
ifferent reserve categories. The penalties are set to the following
alues:

• 𝑝balanceSlackPenalty
𝑛 =e20 000/MWh

• 𝑝reserveSlackPenalty
𝑟 =e40 000/MWh

• 𝑝capacitySlackPenalty
𝑛 =e10 000/MWh

Changes in the economic value of the node states (storage)
stateValueDecrease are calculated as follows:

stateValueDecrease =
∑

𝑛∈𝑁

(

𝑝stateValue
𝑛,𝑡start × 𝑣state

𝑛,𝑡start − 𝑝stateValue
𝑛,𝑡end × 𝑣state

𝑛,𝑡end

)

(A.6)

At the beginning of the model horizon, the state (for example, hydro
reservoir level) is 𝑣state

𝑛,𝑡start , and at the end 𝑣state
𝑛,𝑡end . The state can have a

different economic value at the beginning (𝑝stateValue
𝑛,𝑡start ) and at the end of

the horizon (𝑝stateValue). The unit of measurement of the states can be
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𝑛,𝑡end
Table B.2
Economic parameters for electricity-only technologies.
Source: Adapted from [45–47,52–56].

Type CAPEX FOM VOM Start cost
(e/kWe) (e/kWe/a) (e/MWhe) (e/MWe)

Wind 960 11.34 1.22 0
PV 560 7.40 0 0
RTPV 490 7.81 0 0
Hydro 1264 11.34 1.22 0
OCGT 412 7.423 4.50 43
NGCC 800 26.00 4.00 64.5
NGCC-CCS 1784 45.50 7.00 64.5
Nuclear 4000 100.00 4 64.5
Battery 135a 1.62a 1.60a 0
Synchronous condenser 2825 16.96 0 1290

Abbreviations: CAPEX — capital expenditure, FOM — fixed operational and mainte-
nance costs, VOM — variable operational and maintenance costs, PV — photovoltaic,
RTPV — rooftop photovoltaic, OCGT — open cycle natural gas turbine, NGCC —
natural gas combined cycle, CCS — carbon capture and storage.
The same annuity factor 0.0944 is used for all units, calculated as 𝑟

1−(1+𝑟)−𝑛
, where

𝑟 = 7% and 𝑛 = 20.
aFor battery technology, the units of measurement for investment costs and fixed O&M
costs are e/kWh and e/kWh/a, respectively. Variable O&M costs are calculated from
he discharged energy.

elected freely. Assuming it MWh, the unit of its economic value would
e e/MWh.

Fixed O&M costs 𝑣fomCost and unit investment costs 𝑣unitInvestCost are
alculated as follows:

fomCost =
∑

𝑛∈𝑁

∑

𝑢∈𝑈𝑛

𝑝fomCost
𝑛,𝑢 × 𝑝size

𝑛,𝑢 × 𝑣invest
𝑢 (A.7)

unitInvestCost =
∑

𝑛∈𝑁

∑

𝑢∈𝑈𝑛

𝑝investCost
𝑛,𝑢 × 𝑝annuity

𝑛,𝑢 × 𝑝size
𝑛,𝑢 × 𝑣invest

𝑢 (A.8)

Parameters 𝑝fomCost
𝑛,𝑢 , 𝑝investCost

𝑛,𝑢 , and 𝑝annuity
𝑛,𝑢 represent the fixed O&M

costs, investment costs, and the annuity factor of the energy conversion
unit, given in e/MW/a, e/MW, and 1/a, respectively. Parameter 𝑝size

𝑛,𝑢
denotes the MW-capacity of a sub-unit. Variable 𝑣invest

𝑢 represents the
investment decision, expressed in the number of invested sub-units.
Here, we relax this variable in order to avoid forcing the solution into
the stepwise capacity increments based on the pre-defined sub-unit
sizes.
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Table B.3
Technical parameters for electricity and heat technologies.
Source: Adapted from [45–49,51,52].

Type (fuel) Unit size Unit size Unit size Efficiency Efficiency Min. Ramp up/ Inertia Min. up/
elec. heat apparent (min.) (max.) load down limit constant down time
(MWe) (MWdh) (MVA) (%) (%) (%) (%/min) (s) (h)

NGCC-CHP (NG) 100 72.1 111 89.5 94.5 40 5 4.97 1
NGCC-CCS-CHP (NG) 89 72.1 111 83.8 88.5 40 5 4.97 1
Gas boiler (NG) – 10 – 104 106 15 – – –
Nuclear-CHP (U) 45 50 50 47.5 47.5 40 0.67 4.07 24
Nuclear heat (U) – 200 – 100 100 40 0.67 – 24
Electric boiler −10b 10 – 100 100 5 – – –
Heat pump −0.98b 4 – 410 410 10 – – –
Thermal storagea – 4500a – 100 100 0 – – –

Abbreviations: NGCC — natural gas combined cycle, CCS — carbon capture and storage, CHP — combined heat and power, NG — natural gas, U — uranium.
CCS technology is assumed to have a CO2 capture rate of 90%.
For thermal storage technology, the unit of measurement for unit size is MWh. A thermal storage facility with a capacity of 4500 MWh is assumed to have a 30-MW charging
apability and a 30-MW discharging capability. The self-discharge rate of thermal storage is assumed to be 0.01 MWh/d/MWhstate, i.e. without any charging and discharging the
torage state will decrease to half of its original value in 69 days.
Negative values denote that the technology consumes electricity.
able B.4
echnical parameters for CHP technologies in an alternative production mode.
Type Unit size Unit size Efficiency Efficiency

elec. heat (min.) (max.)
(MWe) (MWdh) (%) (%)

NGCC-CHPa 110.8 0 57.6 60.8
NGCC-CCS-CHPa 99.8 0 51.3 54.8
nuclear-CHPb 15 150 82.5 82.5

Abbreviations: NGCC — natural gas combined cycle, CCS — carbon capture and storage,
CHP — combined heat and power.
aIn the alternative mode of NGCC-CHP and NGCC-CCS-CHP, steam from high-pressure
turbine is directed to low-pressure turbine in order to replace district heat production
with more electricity generation.
bIn the alternative mode of nuclear-CHP, the steam turbine is bypassed more in order
to replace electricity generation with more district heat production.

Appendix B. Technology data

The characteristics of the candidate technologies are shown in
Tables B.1, B.2, B.3, B.4, and B.5. The cost and other parameters
are not trying to represent actual values accurately — rather, the
studied technologies and their parameter values serve to demonstrate
the value of operational detail in investment planning. Likewise, the
uncertainty of cost and other technology parameters was not considered
in this study, allowing for detailed analysis of the impacts of temporal
representations and operational details. The technologies in Tables B.3,
B.4, and B.5 are only available in the Finnish test system that contains
district heating consumption. The CHP technologies are assumed to
have a flexible ratio between heat and power production. The ratio
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Table B.6
Reserve provision capabilities as percentage of the available capacity.

Type FCR-N (%) FCR-D (%) FFR (%)

Winda 20 20 20
PVa 20 20 20
Hydro 100 100 0
OCGT 20 20 0
NGCC 15 0 0
NGCC-CCS 15 0 0
Nuclear 2 0 0
Battery 100 100 100
NGCC-CHP 15 0 0
NGCC-CCS-CHP 15 0 0
Nuclear-CHP 2 0 0
Electric boiler 100 100 100
Heat pump 20 10 0

Abbreviations: FCR-N — frequency containment reserve for normal operation, FCR-D —
frequency containment reserve for disturbances, FFR — fast frequency reserve, PV —
photovoltaic, RTPV — rooftop photovoltaic, OCGT — open cycle natural gas turbine,
NGCC — natural gas combined cycle, CCS — carbon capture and storage, CHP —
combined heat and power.
The values are own estimates, partly based on [45] and the ramp limits in Tables B.1
and B.3.
aReserve provision capability is calculated from the available capacity, i.e. it depends
on the capacity factor time series. The relatively low value of 20% is selected for
the wind and PV units in order to reflect the assumption that not all units will be
participating in reserve provision.

in one extreme is presented in Table B.3, and in another extreme in
Table B.4. The technologies can also produce heat and power in a ratio
between the presented extremes.
Table B.5
Economic parameters for electricity and heat technologies.
Source: Adapted from [45–47,52,54].

Type CAPEX FOM VOM Start cost

(e/∗) ∗ (e/∗/a) ∗ (e/∗) ∗ (e/∗) ∗

NGCC-CHP 1100 kWe 26.00 kWe 4.00 MWhe 37.5 MWth
NGCC-CCS-CHP 1925 kWe 45.50 kWe 7.00 MWhe 37.5 MWth
Gas boiler 50 kWdh 1.70 kWdh 1.00 MWhdh 0
Nuclear-CHP 5067 kWe 126.70 kWe 1.20 MWhth 14.5 MWth
Nuclear heat 1000 kWdh 28.50 kWdh 1.20 MWhth 7.25 MWth
Electric boiler 60 kWdh 0.92 kWdh 1.00 MWhdh 0
Heat pump 530 kWdh 2.00 kWdh 3.90 MWhdh 0
Thermal storage 0.47 kWhth 0.003 kWhth 0 0

Abbreviations: CAPEX — capital expenditure, FOM — fixed operational and maintenance costs, VOM — variable operational and maintenance costs, NGCC — natural gas combined
cycle, CCS — carbon capture and storage, CHP — combined heat and power.
Subscripts: dh — district heat output, e — electricity output, th — thermal capacity of the whole unit.
The same annuity factor 0.0944 is used for all units, calculated as 𝑟

1−(1+𝑟)−𝑛
, where 𝑟 = 7% and 𝑛 = 20.
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Table B.6 shows the reserve provision capabilities of the technolo-
gies. Technologies that are not in Table B.6 cannot provide any reserve
but may be able to provide synchronous inertia according to their
inertia constant and apparent power (see Tables B.1 and B.3).
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