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A B S T R A C T

Thoroughly assessing future energy systems requires examining both their end states and the paths leading
to them. Employing dynamic investment or multi-stage optimization models is crucial for this analysis.
However, solving these optimization problems becomes increasingly challenging due to their long time horizons
– often spanning several decades – and their dynamic nature. While simplifications like aggregations are
often used to expedite solving procedures, they introduce higher uncertainty into the results and might lead
to suboptimal solutions compared to non-simplified models. Against this background, this paper presents
a rigorous optimization method tailored for multi-stage optimization problems in long-term energy system
planning. By dividing the solution algorithm into a design and operational optimization step, the proposed
method efficiently finds feasible solutions for the non-simplified optimization problem with simultaneous
quality proof. Applied to a real-life energy system of a waste treatment plant in Germany, the method
significantly outperforms a benchmark solver by reducing the computational time to find the first feasible
solution from more than two weeks to less than one hour. Furthermore, it exhibits greater robustness compared
to a conventional long-term optimization approach and yields solutions closer to the optimum. Overall, this
method offers decision-makers computationally efficient and reliable information for planning investment
decisions in energy systems.
1. Introduction

To limit the impact of climate change and comply with the Paris
Climate Agreement (United Nations Framework Convention on Climate
Change, 2015), the EU has made a legal commitment to achieve cli-
mate neutrality by 2050 (European Parliament and European Council,
2021). Some European countries, such as Germany (German Federal
Government, 2021) and Sweden (Government Offices of Sweden -
Ministry of the Environment and Energy, 2017), are already aiming
for climate neutrality by 2045. To accomplish these targets within
the remaining quarter of a century, environmentally and economically
efficient solutions for the resulting demanding defossilization process
are urgently needed.

In this regard, multi-energy systems promise a worthwhile option.
By combining different energy carriers such as electricity, heat, as
well as gases of fossil and renewable origin, cross-sectoral improve-
ments (e.g., cost-effectiveness, reduction of greenhouse gas emissions,
increased energy efficiency, improved reliability) can be achieved. Due
to the complexity of multi-energy systems, employing optimization
models becomes necessary to ascertain the approach for achieving these
improvements (Brandon and Kurban, 2017; Ma et al., 2018; Mazzoni
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et al., 2019; Chertkov and Andersson, 2020). Within this context, the
integration of green hydrogen has moved into the focus of science
and industry in recent years (Welder et al., 2018; Stöckl et al., 2021;
Fu et al., 2020; Navas-Anguita et al., 2020; Li et al., 2017) aiming,
among others, to identify most promising hydrogen-based, or at least
hydrogen-supported, energy systems. Typically, these models rely on
static investment optimization, where a single target year represents
the energy system’s lifetime and only a single investment decision is
made (Cuisinier et al., 2021).

However, when assessing potential transformation pathways of ex-
isting energy systems with the goal of achieving carbon neutrality by
a specific year or following a designated reduction trajectory over
time, static investment optimization approaches may not always be
suitable. In this context, the examination of the type and timing of
investment decisions is necessary (Pot et al., 2018), as these decisions
influence the overall emitted emissions (Tong et al., 2019) and the total
costs (Bütün et al., 2019; Pecenak et al., 2019) over the period under
consideration. To allow for such investigations, dynamic investment
optimization methods have to be applied. In this case, investments
within multi-energy systems can be made over several stages; this
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Nomenclature

Latin letters
𝑐 Price (EUR)
𝑑 𝑒𝑔 Degradation (%)
𝐸̇ Energy demand (kW)
𝐼 Component specific investment costs (EUR)

𝑖 Discount rate (%)
𝑀 Cost-curve fitting parameter (–)
𝑛 Number of (–)
𝑄̇ Power (kW)
𝑄 Capacity (kWh)
𝑠 Investment stage (–)
𝑆 𝑂 𝐶 State of charge (%)
𝑡 Time step (h)
𝑇 𝐶 Total costs (EUR)
𝑤 Auxiliary variable (–)
𝒛 Surrogate vector of continuous variables

(–)
Greek letters
𝛼 Feasibility parameter (–)
𝛥 Difference (–)
𝛿 Surrogate vector of binary variables (–)
𝜖 Optimality gap (–)
𝜂 Efficiency (%)
𝜇 Long-term fitting parameter (–)
Sets

 Set of all components
 Set of all days
 Set of all energy carriers
 Set of all investment stages
 Set of all time steps
  Set of all typical days
Superscripts

BAT Battery
buy Purchase
charge Charging
CHP Combined heat and power units
conv Conversion component
Comp Compressors
discharge Discharging
ext External
fix Fixed
EL Electrolyzer
el Electricity
var Variable
fee Grid fees
final Final
̂ Aggregation
I Investment costs
in Input
inst Installation
inter Inter-period
s
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intra Intra-period
LB Lower bound
life Lifetime
max Minimum
self Self(discharging)
min Maximum
main Maintenance
nom Nominal
old Oldest
out Output
PV Photovoltaic
rel Relative
ref Reference
slack Slack variable
sell Sale
stor Storage component
tax Taxes
td Typical day
̃ Fixed term
tot Total
UB Upper bound
y Yearly
Subscripts

0 First element
𝑐 Component
𝛿 Related to binary variables
𝑑 Day
𝑒 Energy carrier
𝑒𝑙 Electricity
𝑖𝑡 Iteration
𝑠 Stage
𝑠𝑒𝑔 Segments
𝑡 Time step
𝑡𝑑 Typical day
𝑧 Related to continuous variables
Abbreviations

B&C Branch-and-Cut
BMR Biomethanation reactor
CAPEX Capital expenditures
CHP Combined heat and power unit
EL Electrolyzer
FC Fuel cell
HP Heat pump
HPC High performance computing
MILP Mixed integer linear programming
MES Multi-energy system
NG Natural gas
OPEX Operational expenditures
PEM Polymer electrolyte membrane
PV Photovoltaic
TES Thermal energy storage

type of optimization approach is therefore also referred to as multi-
stage optimization (Cuisinier et al., 2021; Bakker et al., 2020). To
clarify, the term ‘multi-stage’ in this paper refers to the investment
lanning characteristic of making decisions at predefined investment
tages, as used by Mavromatidis and Petkov (2021). It is therefore not
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to be confused with a multi-stage optimization algorithm, as shown, for
example, in Baumgärtner et al. (2019a).

Since dynamic investment optimization methods incorporate long-
erm planning constraints, they require consideration of long time
orizons (Deng and Lv, 2020). Simultaneously, a high temporal res-
lution is often necessary to adequately account for the fluctuations

of supply-defined renewable energy sources. This results in large-scale
optimization problems that demand substantial computational effort to
solve (Kotzur et al., 2021), sometimes to the extent that no solutions
can be found within acceptable time frames (Yokoyama et al., 2021).

To address these challenges, numerous decomposition methods have
been developed in the literature to effectively reduce the computa-
tional burden of large-scale optimization problems without incurring
dditional uncertainties regarding optimality. In addition to general

mathematical decomposition techniques such as Lagrangian decompo-
sition (Sun et al., 2016) and Bender decomposition (Jacobson et al.,
2023), there are methods that exploit the structural properties of energy
ystem optimization problems (Yokoyama et al., 2002; Bahl et al.,

2018; Baumgärtner et al., 2019a). Rather than solving the large-scale
optimization problem directly, these methods efficiently solve specially
tailored sub-optimization problems.

Nevertheless, these decomposition methods have primarily been
adapted and applied in the context of static investment optimizations.
In the realm of dynamic long-term investment optimization problems,
mainly simplifications such as reducing the temporal and spatial res-
lution or simplifying the energy system model have been utilized
hus far (Cuisinier et al., 2021). For example, Vakilifard et al. (2019)
eveloped a two-level mixed-integer linear programming (MILP) op-
imization approach investigating a multi-period long-term planning
odel of an urban water and energy supply system using different

ime resolutions. Pecenak et al. (2019) applied an adaptive multi-year
optimization method on a Southern California microgrid and reduce
computational time by using a myopic approach combined with a
temporal resolution of typical days. Nevertheless, while the myopic
approach may better reflect real investment decision-making, it does
ot guarantee that the optimum of the entire time horizon will be

obtained (Cuisinier et al., 2021). Mavromatidis and Petkov (2021)
eveloped a multi-stage energy optimization framework that supports

perfect foresight, multiple spatially distributed multi-energy systems,
and modeling of each energy system component as a distinct unit. The
authors applied their framework to a case study of an energy system of
a hypothetical district in Zurich, Switzerland. They consider a period
of 30 years until 2050, where the yearly resolution consists of a set of
typical days. The use of typical periods brings disadvantages (e.g., loss
of chronology, unclear number of necessary periods, robustness of

ulti-energy system sizing Kotzur et al., 2021), which can lead to
uboptimal or even infeasible solutions. Prina et al. (2019) present a
ong-term energy planning method with perfect foresight coupling a
ulti-Objective Evolutionary Algorithm and the energy system sim-

ulation tool EnergyPLAN. The authors overcame the weaknesses of
aggregated time periods by using an hourly resolution. However, the
genetic algorithm used is not a deterministic optimization method
(i.e., finding an optimal solution is not guaranteed).

As evident, there are various approaches to address the computa-
tional challenges of dynamic long-term investment optimization. How-
ever, due to simplifications (e.g., temporal aggregation, heuristic, and

yopic optimization methods), most of these approaches lack the
uarantee of finding the optimal transformation path. To achieve this,
eterministic or rigorous optimization methods are necessary.

Against this background, the goal of this paper is the development
f a rigorous method for dynamic long-term investment optimization

related to cost minimization. The presented method provides a solution
as well as a quality proof for the non-simplified optimization problem
within a reasonable time period. Moreover, the method guarantees
that a desired optimality gap of the non-simplified optimization prob-

lem is reached in finite time. It combines state-of-the-art MILP static a
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investment modeling techniques (e.g., distinct unit models, part-load
performance, investment costs curves) with multi-stage optimization
techniques (e.g., perfect foresight, technical and economic develop-
ments, lifetime, degradation) while considering an economic objective
function.

To demonstrate the functionality of the presented method, the
proposed method is applied to a real-life example of a multi-energy
system of a waste treatment company in Germany. Based on various
scenarios, optimal transformation pathways from an economic point
of view are identified. This case study allows for the demonstration
of the method’s performance and the economic feasibility of integrat-
ing hydrogen production and usage into a decentralized multi-energy
system.

The remainder of the paper is structured as follows. Section 2
presents the mathematical formulation of the dynamic investment opti-
mization problem and the rigorous optimization method. In Section 3,
the investigated case study including the considered scenarios is de-
fined. Following, the proposed method is applied to the case study,
and the results are presented and discussed. Finally, the conclusions
are given in Section 4.

2. Methodology

The methodology of this paper is outlined here. Initially, a generic
dynamic investment optimization problem is defined, providing the
foundation for the subsequent rigorous optimization method. Follow-
ing this, the rigorous optimization method employed to solve this
dynamic investment optimization problem is described in detail. The
methodology is intentionally described in a general manner, ensuring
its universal applicability to a wide range of case studies.

2.1. Model formulation

Below, the unique characteristics of dynamic investment planning
optimization as well as the mathematical model formulation are dis-
cussed. Dynamic investment planning involves the fact that certain
investment decisions can be made at specific points in time. Such
a decision can be, for example, the replacement of components that
reached their end of life or the addition of new components due
to an increasing energy demand or other newly over time emerging
constraints. To clarify, the end of life can be justified both technically
nd economically. In this paper, no distinction is made between the

two and only the end of life is referred to.
In the context of this work, therefore, the considered time horizon

s divided into so-called ‘investment stages’ (𝑠 ∈ ) (Mavromatidis and
Petkov, 2021). The sequence of these investment stages imparts a multi-
stage character to the underlying optimization problem. Therefore,
dynamic investment planning optimization is referred to below as
multi-stage optimization. At the beginning of each investment stage,
the assessed energy system configuration may change in a way that
selected system components reaching their end of life are removed, and
new ones might be added. Within an investment stage (i.e., until the
beginning of the following investment stage), the configuration of the
energy system remains unchanged. In addition, selected components
existing within the respective energy system may degrade throughout
an investment stage; i.e., at the beginning of the subsequent invest-
ment stage either their installed capacity (storage components) or their
efficiency (conversion components) decreases.

Each investment stage consists of a selected number of years 𝑛𝑦𝑠 . The
ower the number of years per investment stage or, in other words,
he higher the number of investment stages, the more precisely the
alculated solution will reflect the optimal real transformation path-
ay. However, this also leads to an increase in computational effort.
herefore, it is essential to find a satisfactory compromise between
ccuracy and computing time.
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Fig. 1. Time horizon and temporal indices used in this work.
Source: Adapted from Mavromatidis and Petkov (2021).
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Additionally, each year, delineated as the smallest time period
within an investment stage, is subdivided into a predetermined number
of hourly time steps. This ensures uniformity across all investment
stages, with each investment stage comprising an equivalent number
f time steps (𝑡 ∈  ). A graphical overview of the time horizon defined
ere is given in Fig. 1.

2.1.1. Multi-stage optimization problem
The mathematical formulation of the multi-stage optimization prob-

lem is presented below. In the following, the main text highlights
quations essential for understanding multi-stage optimization. Addi-

tional equations (e.g., unit models, cost calculations) are provided in
the Appendix for reference. Generally, within multi-stage optimization,
he multi-energy system under examination can be optimized with
espect to technical, economic, and/or environmental objectives.

However, for the scope of this paper, the focus is solely put on
conomic optimization. Accordingly, the multi-stage optimization aims
o minimize all costs incurred over the entire time horizon (i.e., perfect

foresight is assumed). Thus, the objective function minimizes the total
costs 𝑇 𝐶 (Eq. (1)). To minimize total costs, the design of the multi-
nergy system is optimized in terms of installed capacities 𝑄𝑐 ,𝑠 (∀𝑠 ∈ )

and the operation in terms of the input and output power 𝑄̇𝑐 ,𝑠,𝑡,𝑒 of each
component (∀𝑡 ∈  ). Therefore, the sets  and  are defined including
each energy system component (∀𝑐 ∈ ) and energy carrier (∀𝑒 ∈ ),
respectively. Furthermore, the subset 𝑒𝑥𝑡 (

𝑒𝑥𝑡 ⊂ 
)

includes those
energy sources that can either be bought or sold externally. The total
costs 𝑇 𝐶 are calculated by the sum of the investment costs 𝐶 𝐴𝑃 𝐸 𝑋𝑠,
fixed operating costs 𝑂 𝑃 𝐸 𝑋𝑓 𝑖𝑥

𝑠 and variable operating costs 𝑂 𝑃 𝐸 𝑋𝑣𝑎𝑟
𝑠

over all investment stages (∀𝑠 ∈ ).
The investment costs 𝐶 𝐴𝑃 𝐸 𝑋𝑠 of each investment stage (∀𝑠 ∈ )

are derived from the investment costs 𝐼𝑐 ,𝑠 of each component (∀𝑐 ∈ ),
multiplied by an annuity factor (based on the lifetime 𝑛𝑙 𝑖𝑓 𝑒𝑐 of com-
ponent 𝑐 and the discount rate 𝑖) and the number of years per in-
estment stage 𝑛𝑦𝑠 . The investment costs 𝐼𝑐 ,𝑠 are calculated according
o Eqs. (A.12) and (A.13). Thus, the absolute investment costs are not

used. Correspondingly, the investment costs of each component 𝐼𝑐 ,𝑠
are annualized for the period in which they exist (i.e., capital-linked
costs). If a component is removed from the respective multi-energy
system due to reaching its end of life in investment stage 𝑠, its annual-
ized investment cost contribution becomes zero. This approach avoids
favoring inexpensive technologies to purchase over technologies with
inexpensive operating costs at the end of the time period.

The fixed operating costs 𝑂 𝑃 𝐸 𝑋𝑓 𝑖𝑥
𝑠 are derived from the product

f the investment costs 𝐼𝑐 ,𝑠 and a maintenance factor 𝑐𝑚𝑎𝑖𝑛𝑐 , while
he variable costs 𝑂 𝑃 𝐸 𝑋𝑣𝑎𝑟 are based on the difference between the
𝑠
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costs for the external purchase 𝑐𝑏𝑢𝑦𝑠,𝑡,𝑒𝑄̇
𝑏𝑢𝑦
𝑠,𝑡,𝑒 and the income from the sale

𝑐𝑠𝑒𝑙 𝑙𝑠,𝑡,𝑒𝑄̇
𝑠𝑒𝑙 𝑙
𝑠,𝑡,𝑒 of energy carriers

(

∀𝑒 ∈ 𝑒𝑥𝑡 ⊂ 
)

.
min

𝑄𝑐 ,𝑠 ,𝑄̇𝑜𝑢𝑡
𝑐 ,𝑠,𝑡,𝑒 ,𝑄̇𝑖𝑛

𝑐 ,𝑠,𝑡,𝑒 ,𝑄̇𝑏𝑢𝑦
𝑠,𝑡,𝑒 ,𝑄̇

𝑠𝑒𝑙 𝑙
𝑠,𝑡,𝑒 ,𝒛,𝜹

𝑇 𝐶

ith 𝑇 𝐶 =
∑

𝑠∈
𝐶 𝐴𝑃 𝐸 𝑋𝑠 + 𝑂 𝑃 𝐸 𝑋𝑓 𝑖𝑥

𝑠 + 𝑂 𝑃 𝐸 𝑋𝑣𝑎𝑟
𝑠

𝐶 𝐴𝑃 𝐸 𝑋𝑠 = 𝑛𝑦𝑠
∑

𝑐∈
𝐼𝑐 ,𝑠

𝑖 (1 + 𝑖)𝑛
𝑙 𝑖𝑓 𝑒
𝑐

(1 + 𝑖)𝑛
𝑙 𝑖𝑓 𝑒
𝑐 − 1

𝑂 𝑃 𝐸 𝑋𝑓 𝑖𝑥
𝑠 = 𝑛𝑦𝑠

∑

𝑐∈
𝐼𝑐 ,𝑠𝑐𝑚𝑎𝑖𝑛𝑐

𝑂 𝑃 𝐸 𝑋𝑣𝑎𝑟
𝑠 =

∑

𝑡∈

∑

𝑒∈𝑒𝑥𝑡
𝛥𝑡𝑡

(

𝑐𝑏𝑢𝑦𝑠,𝑡,𝑒𝑄̇
𝑏𝑢𝑦
𝑠,𝑡,𝑒 − 𝑐𝑠𝑒𝑙 𝑙𝑠,𝑡,𝑒𝑄̇

𝑠𝑒𝑙 𝑙
𝑠,𝑡,𝑒

)

(1)

The multi-stage optimization problem is further constrained via
qs. (2a)–(2c), following the formulation employed by Wang et al.

(2024). Eq. (2a) represents the energy balances regarding exogenous
nergy demands 𝐸̇𝑠,𝑡,𝑒 which have to be fulfilled for every energy carrier
(∀𝑒 ∈ ) in every time step (∀𝑡 ∈  ). All further constraints (e.g., part-
oad performance, on/off decisions, storage balances, cost curves) are
xpressed via Eq. (2b). Following on from this, all optimization vari-
bles are listed in Eq. (2c), with vectors 𝒛 and 𝜹 summarizing all other

decision variables (e.g., part-load performance, on/off decisions, cost
curves) not further specified here. Further specifications of constraints
nd variables can be found in Appendices A.1.1 and A.1.2.

∑

𝑐∈

(

𝑄̇out
𝑐 ,𝑠,𝑡,𝑒 − 𝑄̇in

𝑐 ,𝑠,𝑡,𝑒
)

+
(

𝑄̇buy
𝑠,𝑡,𝑒 − 𝑄̇sell

𝑠,𝑡,𝑒

)

= 𝐸̇𝑠,𝑡,𝑒,

∀𝑠 ∈  ,∀𝑡 ∈  ,∀𝑒 ∈ 
(2a)

𝒈(𝑄𝑐 ,𝑠, 𝑄̇𝑜𝑢𝑡
𝑐 ,𝑠,𝑡,𝑒, 𝑄̇𝑖𝑛

𝑐 ,𝑠,𝑡,𝑒, 𝑄̇𝑏𝑢𝑦
𝑠,𝑡,𝑒, 𝑄̇

𝑠𝑒𝑙 𝑙
𝑠,𝑡,𝑒, 𝒛, 𝜹) ≤ 𝟎, (2b)

𝑄𝑐 ,𝑠, 𝑄̇𝑜𝑢𝑡
𝑐 ,𝑠,𝑡,𝑒, 𝑄̇𝑖𝑛

𝑐 ,𝑠,𝑡,𝑒, 𝑄̇𝑏𝑢𝑦
𝑠,𝑡,𝑒, 𝑄̇

𝑠𝑒𝑙 𝑙
𝑠,𝑡,𝑒 ∈ R+, 𝒛 ∈ R𝑛𝑧 , 𝜹 ∈ {0, 1}𝑛𝛿 (2c)

∀𝑠 ∈  ,∀𝑐 ∈ ,∀𝑡 ∈  ,∀𝑒 ∈ 

2.1.2. Multi-stage constraints
Each energy system component is considered as a distinct unit

characterized by a possible component-specific degradation and a fixed
end of life. The progress of the degradation 𝑑 𝑒𝑔𝑐 ,𝑠 is derived from the
omponent-specific yearly degradation rate 𝑑 𝑒𝑔𝑦𝑐 , the investment stage
𝑠𝑖𝑛𝑠𝑡, in which the specific component is installed, and the number of
years per investment stage 𝑛𝑦𝑠 (Eq. (3)).

𝑑 𝑒𝑔𝑐 ,𝑠 =
(

1 − 𝑑 𝑒𝑔𝑦𝑐
)(𝑠−𝑠𝑖𝑛𝑠𝑡)𝑛𝑦𝑠 (3)

Further, a differentiation between energy conversion components
𝑐 ∈ 𝑐 𝑜𝑛𝑣 ⊂ ) and energy storage components

(

𝑐 ∈ 𝑠𝑡𝑜𝑟 =  ⧵ 𝑐 𝑜𝑛𝑣),
and their respective degradation mechanism is made. A decrease in
efficiency 𝜂𝑛𝑜𝑚𝑐 ,𝑠 is assumed to be the dominant degradation mechanism
for energy conversion components, while a decrease in capacity 𝑄𝑐 ,𝑠 is
assumed to be the dominant degradation mechanism for energy storage
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components. Accordingly, assuming degradation, the capacity of energy
storage components (e.g., battery) decreases during their lifetime. In
contrast, the capacity of energy conversion components (e.g., heat
pump) built in investment stage 𝑠𝑖𝑛𝑠𝑡 remains constant until their end
of life (Eq. (4)). The capacity of both component types becomes zero,
eaching the end of life. Consequently, the respective component is

removed from the investigated energy system and, thus, drops out of
the accounting of annualized investment costs 𝐶 𝐴𝑃 𝐸 𝑋𝑠 (Eq. (1)).

𝑄𝑐 ,𝑠 =

⎧

⎪

⎪

⎨

⎪

⎪

⎩

𝑄𝑐 ,𝑠𝑖𝑛𝑠𝑡 , for 𝑠𝑖𝑛𝑠𝑡 ≤ 𝑠 ≤ 𝑠𝑖𝑛𝑠𝑡 + 𝑛𝑙 𝑖𝑓 𝑒𝑐
𝑛𝑦𝑠

, ∀𝑐 ∈ 𝑐 𝑜𝑛𝑣

𝑄𝑐 ,𝑠𝑖𝑛𝑠𝑡 𝑑 𝑒𝑔𝑐 ,𝑠, for 𝑠𝑖𝑛𝑠𝑡 ≤ 𝑠 ≤ 𝑠𝑖𝑛𝑠𝑡 + 𝑛𝑙 𝑖𝑓 𝑒𝑐
𝑛𝑦𝑠

, ∀𝑐 ∈ 𝑠𝑡𝑜𝑟

0, for 𝑠 > 𝑠𝑖𝑛𝑠𝑡 + 𝑛𝑙 𝑖𝑓 𝑒𝑐
𝑛𝑦𝑠

, ∀𝑐 ∈ 

(4)

Following on from this, degradation influences the nominal effi-
ciency 𝜂𝑛𝑜𝑚𝑐 ,𝑠 of the respective energy conversion components (e.g., bat-
ery) (Eq. (5)). In contrast to their capacity, their nominal efficiency
ecreases with increasing age. The charging and discharging efficien-
ies 𝜂(𝑑 𝑖𝑠)𝑐 ℎ𝑎𝑟𝑔 𝑒𝑐 ,𝑠 of the energy storage components are not affected by
egradation.

𝜂𝑛𝑜𝑚𝑐 ,𝑠 = 𝜂𝑛𝑜𝑚𝑐 ,𝑠𝑖𝑛𝑠𝑡𝑑 𝑒𝑔𝑐 ,𝑠, ∀𝑐 ∈ 𝑐 𝑜𝑛𝑣

𝜂(𝑑 𝑖𝑠)𝑐 ℎ𝑎𝑟𝑔 𝑒𝑐 ,𝑠 = 𝜂(𝑑 𝑖𝑠)𝑐 ℎ𝑎𝑟𝑔 𝑒
𝑐 ,𝑠𝑖𝑛𝑠𝑡 , ∀𝑐 ∈ 𝑠𝑡𝑜𝑟

(5)

2.2. Rigorous optimization method

The rigorous optimization method for solving the previously in-
troduced multi-stage optimization problem is presented here. For this
urpose, the terminology is clarified first.

• The ‘original problem’ is defined as the multi-stage optimization
problem with full time series (i.e., no temporal aggregation) and
distinct unit modeling (i.e., no technical aggregation).

• A ‘feasible solution’, which serves as an upper bound, is defined
as a solution to this original problem.

• A ‘rigorous method’ ensures certainty in reaching a global mini-
mum within specified tolerances (Neumaier, 2004).

Since solving the original problem is computationally intractable, a rig-
orous optimization method, introduced by Baumgärtner et al. (2019a,b),
s employed to attain a feasible solution with manageable computa-
ional effort and to assess its quality. The rigorous optimization method
enerally consists of two parts, dividing the method into an upper and
ower bound branch.

• Within the upper bound branch, a feasible solution to the original
problem is obtained.

• In the lower bound branch, a lower bound is obtained, which
serves as a quality proof of the feasible solution gained in the
upper bound branch.

The method iteratively improves the obtained upper bounds and lower
bounds until a desired solution quality is provided, thereby endowing
the optimization methodology with deterministic or rigorous proper-
ties (Neumaier, 2004). To adapt this method for solving a multi-stage
optimization problem, certain methodological aspects need to be mod-
ified or extended. These necessary adaptations and their resulting
method are presented in the following sections. Fig. 2 provides a
raphical overview. For further background information regarding the
riginal method, the reader is referred to Baumgärtner et al. (2019a,b).

2.2.1. Upper bound
In the upper bound branch, the problem size is initially reduced by

two aggregation steps. Subsequently, a design optimization (i.e., simul-
taneous optimization of the design and operation of the multi-energy
ystem) is conducted based on this aggregated problem. The outcome of
his design optimization is a so-called ‘design candidate’ (Baumgärtner

et al., 2019b), outlining the structure of the investigated multi-energy
ystem at each investment stage. Following this, a year-wise operational
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optimization based on the full time series is carried out for the design
andidate, aiming to identify infeasible time steps and calculate a
easible solution. Consequently, an upper bound is determined. These
arious steps are outlined below.

Step 1: Aggregation. Initially, the problem size is reduced by two aggre-
gation steps discussed below.

Time series aggregation First, the temporal resolution is sim-
plified using time series aggregation, where the full time series is
lustered into a predetermined number of typical days 𝑛𝑡𝑑 . Within each

typical day, adjacent time steps are, in turn, clustered into a selected
number of segments 𝑛𝑠𝑒𝑔 to further reduce the temporal resolution.

he combined length of all segments totals 24 h. To accurately rep-
esent long-term storage cycles, the storage formulation from Kotzur
t al. (2018) is used. More detailed information can be found in

Appendix A.1.1 in Eqs. (A.8)–(A.11).
Component aggregation Secondly, the technical resolution is re-

duced by employing a component-wise aggregation. Instead of mod-
eling the energy system components as distinct units with nominal
capacity 𝑄𝑐 ,𝑠, all components of one type are combined into one aggre-
gated component with the overall nominal capacity 𝑄̂𝑐 ,𝑠

(

∀𝑐 ∈ ̂ ⊂ 
)

.
he addition of new components or the removal of old components of
he same type is then represented by a respective change in nominal
apacity 𝛥𝑄̂𝑐 ,𝑠. Despite the summation of nominal capacity within the
ggregated component, it is crucial for the aggregated component’s
peration to reflect that of the distinct units within it (e.g., different
n/off or load states). Therefore, the permissible load range of the
istinct unit cannot be directly transferred to the aggregated com-
onent. Thus, in this step, the corresponding constraints (Eq. (A.2))

are deactivated, allowing the full load range to be available for the
ggregated component.

Furthermore, component-wise aggregation leads to a combination of
ifferent efficiencies (e.g., due to degradation or improved efficiencies
f newly built units) within one aggregated component. For this rea-
on, the average aggregated nominal efficiency 𝜂̂𝑛𝑜𝑚𝑐 ,𝑠 is introduced for
ach aggregated component

(

∀𝑐 ∈ ̂
)

. The average aggregated nominal
fficiency is calculated as the capacity weighted average value of

all components of the same type built during the investment period
(

𝑠̂ ∈
[

𝑠𝑜𝑙 𝑑 , 𝑠]), initiating from the investment stage of the oldest com-
ponent still in operation 𝑠𝑜𝑙 𝑑 and extending to the current investment
tage 𝑠 (Eq. (6)).

𝜂̂𝑛𝑜𝑚𝑐 ,𝑠 =

∑

𝑠̂∈[𝑠𝑜𝑙 𝑑 ,𝑠] 𝜂𝑛𝑜𝑚𝑐 , ̂𝑠 𝑑 𝑒𝑔𝑐 , ̂𝑠𝛥𝑄̂𝑐 , ̂𝑠
∑

𝑠̂∈[𝑠𝑜𝑙 𝑑 ,𝑠] 𝛥𝑄̂𝑐 , ̂𝑠
∀𝑠 ∈  ,∀𝑐 ∈ ̂

with 𝑠𝑜𝑙 𝑑 = max(𝑠1, 𝑠 −
𝑛𝑙 𝑖𝑓 𝑒𝑐

𝑛𝑦𝑠
)

(6)

To integrate the nonlinear equation into the MILP optimization
roblem, Eq. (6) is approximated by a linear relationship in Eq. (7).
hus, the average aggregated nominal efficiency 𝜂̂𝑛𝑜𝑚𝑐 ,𝑠 is the arithmetic
ean of the degraded efficiency of the oldest components under oper-

tion (built in 𝑠𝑜𝑙 𝑑) and the efficiency of newly built components in the
urrent investment stage 𝑠 (Eq. (7)).

𝜂̂𝑛𝑜𝑚𝑐 ,𝑠 = 0.5
(

𝜂𝑛𝑜𝑚𝑐 ,𝑠 + 𝜂𝑛𝑜𝑚
𝑐 ,𝑠𝑜𝑙 𝑑 𝑑 𝑒𝑔𝑐 ,𝑠

)

∀𝑠 ∈  ,∀𝑐 ∈ ̂ (7)

Step 2: Aggregated design optimization. With the problem size signifi-
cantly reduced by time series aggregation

(

𝑛𝑡𝑑 × 𝑛𝑠𝑒𝑔 ≪ | |

)

and
component-wise aggregation

(

|̂| < ||
)

, the resulting problem
(Eqs. (1) and (2a)–(2c)) can be effectively solved. This yields a so-called
‘design candidate’ (Baumgärtner et al., 2019b) of the assessed multi-
energy system, determining which component is to be added to the
multi-energy system at a given time with a designated capacity. It, thus,
defines the structure of the multi-energy system for each investment
tage (∀𝑠 ∈ ). The aggregated design optimization step corresponds
o a widely used approach for solving multi-stage optimization prob-
ems (Bohlayer et al., 2021; Pecenak et al., 2019; Mavromatidis and

Petkov, 2021; Cuisinier et al., 2021).
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Fig. 2. Overview of the rigorous optimization method to solve multi-stage optimization problems.
Source: Adapted from Baumgärtner et al. (2019a,b).
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Step 3: Year-wise operational optimization. The aggregation steps under-
taken obscure the precise operational details of this design candidate.
Consequently, to ascertain its feasibility, an operational optimization
is conducted based on this design candidate as part of the search for
a feasible solution. By optimizing the operation separately, it can be
determined if the design candidate can fulfill the energy demands at
ach time step (∀𝑡 ∈  ) of the full time series (feasible solution) and
valuate the corresponding operational costs (upper bound). For this

purpose, the full time series is applied to the design candidate for each
year independently. Consequently, || × 𝑛𝑦𝑠 operational optimization
problems are solved subsequently.

Before the operational optimization, the component-wise aggrega-
tion from Step 1 is reverted. For this purpose, for each aggregated
component

(

∀𝑐 ∈ ̂
)

, the change in nominal capacity 𝛥𝑄̂𝑐 ,𝑠 is converted
into the addition of a distinct energy system component with equivalent
nominal power 𝑄𝑐 ,𝑠 (𝑐 ∈ ). Since this allows to look at the operational
ehavior of each distinct component, partial-load constraints are reac-
ivated (Eq. (A.2)). In Step 2, all technical properties and operational

characteristics of a component type were previously consolidated into
 single unit. However, now the expansion of capacity is addressed by
ntroducing a new unit of the corresponding component type, each with
ts own distinct properties and independent operating behavior.

To detect infeasible time steps (e.g., time steps in which the energy
emands cannot be fulfilled), slack variables 𝑄̇𝑠𝑙 𝑎𝑐 𝑘

𝑠,𝑡,𝑒 are introduced
or each energy carrier (∀𝑒 ∈ ) as proposed by Teichgraeber et al.

(2020). In this context, each slack variable represents an unlimited and
eadily available source of the energy carrier 𝑒, intended to be accessed
nly when the corresponding energy demand cannot be met by other
eans. To achieve this, these slack variables are added to the objective

unction and assigned a slack price 𝑐𝑠𝑙 𝑎𝑐 𝑘. The latter should be chosen
o be a multiple larger than the remaining energy prices 𝑐𝑏𝑢𝑦𝑠,𝑡,𝑒 and 𝑐𝑠𝑒𝑙 𝑙𝑠,𝑡,𝑒,
espectively. Consequently, utilizing these slack variables is deemed
conomically unviable. If, however, a slack variable is used in a time
tep 𝑡

(

𝑄̇𝑠𝑙 𝑎𝑐 𝑘
𝑠,𝑡,𝑒 > 𝛼

)

, this indicates an infeasible time step. A time step
is considered feasible for values smaller than 𝛼 in order to minimize

he influence of numerical inaccuracies.
Therefore, within Step 3, the operational optimization problem

for each investment stage (∀𝑠 ∈ ) is solved year-wise (𝑡 ∈  𝑦 ⊂  )
(Eq. (8)). As the design candidate from the aggregated optimization is
122 
used, all design variables 𝑄𝑐 ,𝑠, along the investment costs ̃𝐶 𝐴𝑃 𝐸 𝑋𝑠 and
fixed operating costs ̃𝑂 𝑃 𝐸 𝑋𝑓 𝑖𝑥

𝑠 , are fixed. A tilde sign connotes fixed
erms. Additionally, energy balance constraints (Eq. (2a)) are relaxed

by adding slack variables 𝑄̇𝑠𝑙 𝑎𝑐 𝑘
𝑠,𝑡,𝑒 in Eq. (8b).

min
𝑸̇,𝒛,𝜹

̃𝐶 𝐴𝑃 𝐸 𝑋𝑠 + ̃𝑂 𝑃 𝐸 𝑋𝑓 𝑖𝑥
𝑠 + 𝑂 𝑃 𝐸 𝑋𝑣𝑎𝑟

𝑠 +
∑

𝑡∈
𝑐𝑠𝑙 𝑎𝑐 𝑘𝑄̇𝑠𝑙 𝑎𝑐 𝑘

𝑠,𝑡,𝑒 , (8a)

∀𝑠 ∈  ,∀𝑡 ∈  𝑦 ⊂ 

s.t.
∑

𝑐∈

(

𝑄̇out
𝑐 ,𝑠,𝑡,𝑒 − 𝑄̇in

𝑐 ,𝑠,𝑡,𝑒
)

+
(

𝑄̇buy
𝑠,𝑡,𝑒 − 𝑄̇sell

𝑠,𝑡,𝑒

)

+ 𝑄̇𝑠𝑙 𝑎𝑐 𝑘
𝑠,𝑡,𝑒 = 𝐸̇𝑠,𝑡,𝑒, (8b)

∀𝑡 ∈  𝑦 ⊂  ,∀𝑒 ∈ 

𝒈(𝑸̇, 𝒛, 𝜹) ≤ 𝟎 (8c)

with 𝑸̇ =
{

𝑄̇𝑜𝑢𝑡
𝑐 ,𝑠,𝑡,𝑒, 𝑄̇𝑖𝑛

𝑐 ,𝑠,𝑡,𝑒, 𝑄̇𝑏𝑢𝑦
𝑠,𝑡,𝑒, 𝑄̇

𝑠𝑒𝑙 𝑙
𝑠,𝑡,𝑒, 𝑄̇

𝑠𝑙 𝑎𝑐 𝑘
𝑠,𝑡,𝑒

}

Feasibility proof and upper bound. Finally, if the full time series proves
to be feasible (i.e., all slack variables are smaller than 𝛼), the solution
f each operational optimization problem is summed up and, thus, a
easible solution and an upper bound 𝑇 𝐶𝑈 𝐵 of the original problem is
btained. Alternatively, if any slack variable surpasses the threshold
, the segment (e.g., a day) of the full time series with the highest
lack variable value is isolated and integrated into the aggregated time
eries in the subsequent iteration. The upper bound is continuously
mproved by augmenting the number of typical days considered in
ach subsequent iteration within Step 1, thereby increasing the time
esolution.

2.2.2. Lower bound and optimality gap
To calculate a lower bound 𝑇 𝐶𝐿𝐵 , a Relaxation and a Branch-and-

ut branch are applied in parallel.

Relaxation. In the relaxation branch, a lower bound is calculated in
wo ways. First, the original problem (Eqs. (1) to (5)) is relaxed without

aggregation (Pure Relaxation). In the second approach, the original
problem is both relaxed and component-wise aggregated (Aggregation
& Relaxation). Due to both relaxations, its optimum represents a lower
bound of the original problem. This subdivision is performed because
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both paths exhibit different degrees of relaxation of the original prob-
lem, resulting in variations in the tightness of the lower bound and the
computing time required. The Aggregation & Relaxation (AR) branch
is expected to quickly calculate a comparatively weaker lower bound,
while the Pure Relaxation (PR) branch requires more time to compute
a tighter lower bound. Early knowledge of a lower bound is necessary
to quantify the initial solutions of the upper bound branch.

Pure relaxation Within the Pure Relaxation (PR) branch, all op-
rational binary variables are removed from the original problem (Eqs.

(1) to (5)), and the associated constraints are relaxed. This eliminates
he restriction of the load range (Eqs. (A.2) and (A.3)), allowing the full

load range to be utilized (Eq. (9)).

0 ≤ 𝑄̇𝑜𝑢𝑡
𝑐 ,𝑠,𝑡,𝑒 ≤ 𝑄̇𝑟𝑒𝑙 ,𝑈 𝐵

𝑐 𝑄𝑐 ,𝑠, ∀𝑠 ∈  ,∀𝑡 ∈  ,∀𝑐 ∈  (9)

In addition, simultaneous charging and discharging of the storage
omponents is permitted, so that Eq. (A.6) is replaced by Eq. (10).
̇ 𝑜𝑢𝑡
𝑐 ,𝑠,𝑡,𝑒 ≤ 𝑄̇𝑟𝑒𝑙 ,𝑈 𝐵

𝑐 𝑄𝑐 ,𝑠
̇ 𝑖𝑛
𝑐 ,𝑠,𝑡,𝑒 ≤ 𝑄̇𝑟𝑒𝑙 ,𝑈 𝐵

𝑐 𝑄𝑐 ,𝑠
∀𝑠 ∈  ,∀𝑡 ∈  ,∀𝑐 ∈ 𝑠𝑡𝑜𝑟

(10)

The PR optimization problem is solved afterwards.
Aggregation & relaxation In the Aggregation & Relaxation (AR)

ranch, the original problem (Eqs. (1) to (5)) is first aggregated
omponent-wise (see Section 2.2.1, Step 1). To ensure a true relaxation,
he calculation of the average aggregated nominal efficiency 𝜂̂𝑛𝑜𝑚𝑐 ,𝑠
Eq. (7)) is adjusted so that the nominal efficiency applies to the

aggregated component for each stage (Eq. (11)).

𝜂̂𝑛𝑜𝑚𝑐 ,𝑠 = 𝜂𝑛𝑜𝑚𝑐 ,𝑠 ∀𝑠 ∈  ,∀𝑐 ∈ ̂ (11)

The relaxation method from the Pure Relaxation (PR) branch is then
applied, and the resulting relaxed optimization problem is solved.

Branch-and-cut. Since the relaxation branch described above are lim-
ited in their final lower bounds, the Branch-and-Cut (B&C) branch
(Baumgärtner et al., 2019b) is executed in parallel for the identification
of an updated lower bound 𝑇 𝐶𝐿𝐵 . Here, the original problem with full
time series is solved via state-of-the-art MILP solver. Although solving
the original problem in its entirety is computationally challenging
within a reasonable time frame, the B&C branch is adept at regularly
providing updated lower bounds.

Optimality gap. Finally, the tightest and hence the maximum lower
bound is selected from the lower bounds calculated across the branches.

his lower bound serves the purpose of validating the quality of the
olutions obtained in Section 2.2.1 by calculating an optimality gap

via Eq. (12). The rigorous optimization method concludes upon
reaching the desired optimality gap 𝜖𝑓 𝑖𝑛𝑎𝑙 or a user-defined time limit
𝑓 𝑖𝑛𝑎𝑙 at the end of the latest iteration 𝑡𝑖𝑡 Eq. (13).

𝜖 = 𝑇 𝐶𝑈 𝐵 − 𝑇 𝐶𝐿𝐵

𝑇 𝐶𝑈 𝐵 ≤ 𝜖𝑓 𝑖𝑛𝑎𝑙 (12)

𝑡𝑖𝑡 ≥ 𝑡𝑓 𝑖𝑛𝑎𝑙 (13)

3. Case study: Waste treatment plant

To demonstrate the functionality of the universal method presented
nd the insights it can offer, the method is applied to a specific
ase study. This case study involves a detailed examination of the

multi-stage integration of hydrogen into a decentralized multi-energy
system. Presented below is the superstructure of the assessed multi-
energy system, along with details concerning the input data and the
defined scenarios. Following this, the results obtained are presented
and discussed. Due to its inherent general applicability, this method
could also be applied to various other case studies.
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3.1. Case study definition

The case study is based on a real-life multi-energy sys-
em of a waste treatment plant located in Lübeck, Germany
Entsorgungsbetriebe Lübeck, 2020). A 25-year transformation period

(the year 2022 till the year 2047) is examined. Based on an initial
system configuration, the aim of the optimization is to develop this
multi-energy system at minimal cost, ensuring the fulfillment of all
energy demands throughout the entire assessment period. The types
of energy demand remain unchanged, but potential variations in the

agnitude of the energy demands over the years are taken into
onsideration. A total of 6 scenarios are derived from these potential
evelopments. These scenarios aim to showcase the robustness of
he presented rigorous optimization method by varying the solution
pace for the transformation path of this multi-energy system and

the feasible set of the underlying optimization problem.

3.1.1. Multi-energy system definition
Superstructure. As an integral aspect of a research project
(Entsorgungsbetriebe Lübeck, 2022) and as the primary focus of the
tudy, the investigated multi-energy system (Fig. 3) must cover a

defined hydrogen demand at 250 bar. To meet this hydrogen demand,
a hydrogen production process chain consisting of a polymer elec-
rolyte membrane electrolyzer (PEMEL), a hydrogen compressor, and

a compressed hydrogen storage at 250 bar is considered. Additionally,
the produced hydrogen can be used energetically within a polymer
electrolyte membrane fuel cell (PEMFC) and act as a feedstock for a
subsequent methanation of the CO2 contained within biogas, leading
to the production of biomethane. The biomethane can be fed into the
natural gas grid to generate revenues.

Furthermore, the defined multi-energy system has to cover an elec-
tricity and heat demand. For this purpose, various components are
considered, including biogas-driven heat and power units (CHP), heat
pumps (HP), and photovoltaic (PV) systems. To enhance the flexibility
of electricity and heat provision, thermal energy storages (TES), bat-
teries, and biogas storage units are incorporated. Given that the heat
emand primarily arises from preheating processes within the waste
reatment plant, where a feed temperature of 60 ◦C suffices, the waste
eat integration of the polymer exchange membrane electrolyzer, fuel
ell, and methanation processes is explored.

Moreover, the multi-energy system is connected to the public elec-
ricity grid allowing for the purchase of electricity as well as the sale of
lectricity surpluses. Additionally, there is a link to the on-site biogas
rid, enabling the consumption of biogas.

The modeling of the energy system components relies on input–
utput relationships outlined in Eqs. (A.1) to (A.11).

Design task. In its current state, the investigated multi-energy system
comprises a biogas storage facility and two biogas-driven heat and
power units. This is regarded as the starting point, representing the
nitial state as of the base year 2022. Based on this initial state,
he aim of the optimization is to further develop the multi-energy
ystem at minimal cost, ensuring the fulfillment of all energy demands
hroughout the entire examination period. All other components listed
bove are potential additions for expanding the multi-energy system,
ommencing with the first investment stage in the year 2022.

3.1.2. Input data
The input time series parameters for this analysis encompass the

outlined energy demands and energy prices. Each parameter is asso-
ciated with an annual reference profile in hourly resolution, depicting
the current and, consequently, the initial situation. Additionally, de-
velopment paths with low and high values are assigned to each input
parameter to illustrate potential future developments. These develop-
ment pathways encapsulate the total annual energy demand and the
average annual energy price for each energy demand and energy price,
respectively. Leveraging the assigned values, the hourly profiles are
appropriately scaled for the corresponding year.
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Fig. 3. Superstructure of the considered multi-energy system. (PV: Photovoltaics, CHP: Biogas-driven combined heat and power unit, PEMFC: Polymer electrolyte membrane fuel
cell, PEMEL: Polymer electrolyte membrane electrolyzer, HP: Heat pump, TES: Thermal energy storage, NG: Natural gas).
Fig. 4. Hourly reference profile of the energy demands. The demand profile is represented by week-wise mean, 10 %- and 90 %-quantiles.
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Initial state. To begin, the input time series parameters are presented,
reflecting the initial conditions starting with the first investment stage
n the year 2022. The reference profiles of each energy demand as-
umed here are shown in Fig. 4. The reference profiles for the electricity

and heat demand as well as the available biogas are derived from
easurements. The hydrogen demand is based on a daily refueling
rofile, with refueling occurring on weekday afternoons outside the
ain work shift and excluding weekends. The weekday amount of
ydrogen is based on a complete tank filling of a reference vehicle with
12 k g hydrogen tank (ZÖLLER-KIPPER GmbH, 2022) within 4 h. Only

he amounts of energy to be supplied are taken into consideration; the
ctual refueling is not considered and is outside the system boundary.
onsequently, it is assumed that within the considered energy system,
ydrogen is supplied and compressed to a pressure level of 250 bar,
hich is the typical storage pressure for hydrogen tanks (Barthelemy

et al., 2017). The final compression and cooling required for refueling
ccur at the filling station, which lies beyond the defined system
oundary.

Furthermore, hourly electricity and natural gas prices, along with
hourly weather data based on the year 2022, are used. The energy
prices time series, as well as the relative output power of the PV
modules, are shown in Fig. 5. The electricity prices are categorized
124 
into purchase 𝑐𝑏𝑢𝑦𝑠,𝑡,𝑒𝑙 and sales prices 𝑐𝑠𝑒𝑙 𝑙𝑠,𝑡,𝑒𝑙. The sales prices are derived
from spot market prices (Bundesnetzagentur | SMARD.de, 2023), while
purchase prices are calculated based on the sales prices including addi-
ional factors (e.g., industrial grid fees 𝑐𝑓 𝑒𝑒𝑠,𝑡,𝑒𝑙 and taxes 𝑐𝑡𝑎𝑥𝑠,𝑡,𝑒𝑙) amounting

to around 0.06e∕k Wh (Eq. (14)).

𝑐𝑏𝑢𝑦𝑠,𝑡,𝑒𝑙 = 𝑐𝑠𝑒𝑙 𝑙𝑠,𝑡,𝑒𝑙 + 𝑐𝑡𝑎𝑥𝑠,𝑡,𝑒𝑙 + 𝑐𝑓 𝑒𝑒𝑠,𝑡,𝑒𝑙 (14)

It is important to acknowledge that these electricity price data may
ot fully represent the current and future market conditions. However,
ue to the lack of more recent and comprehensive datasets available
t the time of conducting this research, the 2022 data were utilized
s the best available option. Given the primary focus on methodolog-
cal application in this study, it is presumed that these data offer
aluable insights into the dynamics of electricity pricing and its im-
lications for energy system optimization, notwithstanding potential
imitations. Additionally, a selling price for biomethane is assumed
o be constant throughout the year. As a reference, the natural gas
rice for non-household customers for the year 2022 in Germany is
ssumed (Eurostat, the Statistical Office of the European Union, 2023).
ince the biogas production happens on-site anyway and is outside the

system boundary, it is available at no costs but in limited quantities.
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Fig. 5. Hourly reference profile of electricity and gas prices as well as the relative PV
utput power.

Weather data of the site in Lübeck, Germany (Pfenninger and Staffell,
2016), are converted to a relative output power of the PV modules.

Future development. For a future outlook, a low and high-value de-
velopment path is assigned to each time series parameter. Utilizing
these paths, the associated reference profiles are scaled accordingly.
Specifically, the energy demand paths are crafted based on assumptions
and tailored to align with the investment stage scheme implemented
in Section 3.1.4. Fig. 6 illustrates these various paths. A more detailed
xplanation for each development path can be found in Appendix A.2.1.

The technical and economic parameters of all components are listed in
Tables A.1–A.3.

3.1.3. Scenario definition
Building upon the preceding explanations, 6 scenarios are formu-

ated (Table 1), differing solely in the assigned development paths of
the corresponding input parameters. These 6 scenarios are, in turn,
grouped into 3 scenarios for each hydrogen demand path with the low
nd high-value assumption, corresponding to a low hydrogen demand
‘LH2’, not to be confused with liquid hydrogen) and a high hydrogen
emand (‘HH2’), respectively. Among these 3 scenarios, a base scenario
s defined. The base scenario is designed to represent the status quo
r the continuation of current trends. Consistent with the outlined
rajectories (Fig. 6 and Appendix A.2.1), it assumes that the annual

increase in electricity demand observed in recent years will persist into
he future (high-value path). Simultaneously, it is assumed that the

structure of the waste treatment plant will remain unchanged, leading
 a
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Table 1
Considered scenarios within this work. For each input parameter, either the low-value
path (L) or high-value path (H) was assigned inline with Fig. 6. (H2: Hydrogen demand,
E: Electricity (demand), BG: Biogas, H: Heat, G: Gas.)

Name H2 E BG H E-price G-price

LH2 base L H L L L L
LH2 worst-case L H L L H L
LH2 best-case L L H H L H

HH2 base H H L L L L
HH2 worst-case H H L L H L
HH2 best-case H L H H L H

Table 2
Implementation parameters.

Parameter Value

|| 5
𝑛𝑦𝑠 5
𝑛𝑡𝑑 5 per stage; incremented by 4
𝑛𝑠𝑒𝑔 24
𝛼 10−5 k W
𝑐𝑠𝑙 𝑎𝑐 𝑘 10 000e∕k Wh
𝑖 6%

to stable heat demand and biogas availability. For electricity and gas
prices, a low-value path is adopted, as it more accurately reflects the
price level typical of industrial operations, thereby offering a more
plausible base development for this case study.

Building upon this base scenario, a ‘worst-case’ scenario is defined
by choosing each parameter in such a way that it should be unfavorable
regarding the hydrogen supply. This scenario includes high electricity
prices and high electricity demand, which results in a reduction of
locally produced electricity available for hydrogen production. Conse-
quently, any shortfall must be sourced from the grid at a higher cost.
Additionally, a low gas price is assumed, making the potential utiliza-
tion of hydrogen for biomethane production and sale less economically
attractive.

Finally, a ‘best-case’ scenario is defined favoring hydrogen supply.
his scenario assumes low external electricity demand and low electric-

ty costs, allowing for more locally produced electricity to be available
or hydrogen production. If necessary, any additional electricity can be
btained from the grid at a lower cost. Furthermore, high gas (sell-
ng) prices and increased biogas availability are anticipated, making
ydrogen production for biomethane generation more economically
ttractive. This, in turn, could stimulate the expansion of the hydrogen
alue chain.

3.1.4. Implementation
In applying the method presented, the time horizon assessed here

is divided into five investment stages , each with a length 𝑛𝑦𝑠 of 5 a.
Within the upper bound branch, for the time series aggregation, the
tool TSAM (Hoffmann et al., 2022) and the implemented hierarchical
clustering method (Nahmmacher et al., 2016; Ward, 1963) are em-
loyed. The time series aggregation starts with 5 typical days 𝑛𝑡𝑑 and
4 segments per year 𝑛𝑠𝑒𝑔 . In each further iteration, the number of
ypical days is increased by 4. To reduce the computational effort,
t is assumed that, within each investment stage (∀𝑠 ∈ ) the annual
nput data (e.g., energy demands, energy prices) remains unchanged.
hus, the input data for the initial year of each investment stage
emains applicable throughout the entire stage and, therefore, only one
epresentative operational optimization problem needs to be solved for
ach investment stage, resulting in overall || operational optimization
roblems. To detect infeasible time steps, a value of 10−5 k W is chosen
or threshold 𝛼. This threshold is intended to accommodate the solver
olerances, which typically fall within the range of 10−5 to 10−8. As
conomic parameters, slack costs 𝑐𝑠𝑙 𝑎𝑐 𝑘 of 10 000e∕k Wh are chosen and

Table 2).
 discount rate 𝑖 of 6% is assumed (
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Fig. 6. Development paths of the considered input parameters. Each parameter is assigned a low and high-value path.
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The energy system is modeled using the Python-based optimiza-
ion framework Pyomo (Bynum et al., 2021; Hart et al., 2011). Each
f the resulting multi-stage optimization problems, corresponding to
he respective step within the lower and upper bound branches, is
olved using the commercial solver Gurobi 10.0.0 (Gurobi Optimiza-
ion, 2023). A relative optimality gap of 2% is established for each

of the optimization problems in Step 2 and Step 3. Additional solver
settings can be found in Table A.4. Depending on the specific case
study and the resulting class of optimization problem (e.g., LP, MILP),
an appropriate solver or custom solution algorithm can be selected by
the user. In this study, each (sub-)optimization problem resulted in
an MILP formulation, for which the widely adopted solver Gurobi is
chosen. However, other solvers, such as CPLEX, are also suitable for
solving these types of problems. The calculations are performed on
an Intel® Core™ i7-8700K at 3.70 GHz with 12 threads and 32 GB
RAM. Due to memory constraints, the total time limit for each scenario
is set to 24 h before running out of memory within the lower bound
branch. To prevent an iteration from being prematurely terminated
and the partial results being lost, the time limit is only assessed at
the beginning of each new iteration (Eq. (13)). If the limit has been
exceeded, no further iterations are initiated, and the solution process
or the corresponding scenario concludes. Otherwise, a new iteration

begins. While this approach may result in the total computation time
for a scenario exceeding the predefined time limit, the computational
times in this study were found to be evenly distributed (see Fig. 7),
making the results comparable across different scenarios and no further
daption necessary.

3.2. Results and discussion

In the following sections, the results obtained from applying the
resented methodology to the defined case study are presented and dis-
ussed. The presentation is structured around two main parts. Firstly,
he methodological performance is evaluated based on the computation
ime and the objective values determined. Subsequently, the results of
he case study are assessed concerning the optimal system configura-
ion. This evaluation is exemplified for a selected scenario, illustrating
he type of insights attainable by the application of the presented
ethodology.
126 
3.2.1. Performance evaluation
The results regarding methodological performance are presented

below. Two reference comparisons are conducted to assess the quality
of the methodology presented.

Firstly, a comparison is made with a commercial state-of-the-art
olver in terms of computation time and solution quality. This com-
arison aims to quantify the computational efficiency gains achieved
y applying the methodology.

Secondly, a comparison is made with a standard methodology
used for solving dynamic investment or multi-stage optimization prob-
lems, which typically relies on aggregation (Pecenak et al., 2019;
Mavromatidis and Petkov, 2021; Lopion et al., 2018). This comparison
evaluates the improvements in solution quality and informational value
provided by the proposed methodology compared to the standard
approach.

For classification purposes, it is worth noting that the original
optimization model contains 3 206 691 variables (937 575 binaries) and
18 469 715 nonzero elements, and is reduced to 20 000 variables (3000
binaries) and 208 405 nonzero elements within the design optimiza-
tion step, respectively, 254 045 variables (105 120 binaries) and 946 088
nonzero elements during one operational optimization in the first iter-
ation.

Comparison with state-of-the-art solver. The comparison with the state-
of-the-art solver is mainly based on the computation time and the
solutions found. The computation time, depicted in Fig. 7, is illus-
trated by the temporal progression of the upper bound (UB), lower
ound (LB), and the resulting optimality gap 𝜖 for each ‘LH2’ scenario

(left) and each ‘HH2’ scenario (right) (for scenario definition refer to
Table 1). While the figure is designed to emphasize the overall trend
ather than delve into each scenario individually, subsequent analysis
ill primarily focus on the ‘LH2 best-case’ scenario.

The proposed method finds the first feasible solution of the original
problem in approximately 3500 s. In comparison, the commercial solver
Gurobi failed to find a feasible solution of the original problem within
two weeks. By applying the methodology outlined above, the time
needed to find a feasible solution can be reduced from more than two
weeks to less than one hour (i.e., reduction of calculation by more than
99%).
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Fig. 7. Visualization of the computation time based on the progression of the upper bound (UB), lower bound (LB) and the resulting optimality gap 𝜖, corresponding to the ‘LH2 ’
nd ‘HH2 ’ scenarios.
Fig. 8. Course of the computation time shown as the time progression of the three lower bound (LB) branches for the ‘LH2 base’ scenario (left) and the ‘HH2 base’ scenario (right)
(B&C: Branch-and-Cut, PR: Pure Relaxation, AR: Aggregation & Relaxation).
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A first lower bound is obtained after about 810 s. This results in
an initial optimality gap of around 32%. By iteratively improving the
upper bound and lower bound, the optimality gap decreases to 18%
after around 24 h.

Across all ‘LH2’ scenarios, the optimality gap ranges from 18%
to 30% after around 24 h. In contrast, the ‘HH2’ scenarios generally
exhibit smaller optimality gaps, averaging around 9% to 13%. Given
that the examined scenarios vary solely in input data, the time needed
to achieve a competitive optimality gap is significantly influenced by
the input data, among other factors. It should be noted that each of the
optimization calculations performed was terminated due to the set time
limit and not due to reaching a desired optimality gap. The variance in
total computation time across scenarios stems from the fact that each
iteration is fully completed before the time limit is checked (as detailed
in Section 3.1.4). The time limit was primarily set due to memory con-
straints. Utilizing a different computer with greater memory capacity
or relaxing the time limit to allow for longer computation times could
potentially lead to further reductions in the optimality gap. However,
analysis of the computational progress towards the end of each scenario
indicates that only the ‘LH2 best-case’ scenario showed improvement
during the last iteration. Thus, the generally longer allowed compu-
tation time in the ‘HH2’ scenarios is not responsible for the narrower
optimality gaps observed.
 y
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The calculation of the lower bound is based on three parallel
ranches (see Section 2.2.2). The progression of these respective

branches over time is shown in Fig. 8 for both ‘base’ scenarios.
It can be observed that the two relaxed branches (Pure Relaxation

(PR) and Aggregation & Relaxation (AR)) produce a first lower bound
after around 1000 s in both scenarios. The Branch-and-Cut (B&C) branch
follows later, after approximately 6000 s for the ‘HH2’ scenario and
11 000 s for the ‘LH2’ scenario.

All three branches improve over time, with the AR branch ulti-
mately showing the best lower bound after 24 h in the ‘LH2 base’
cenario, while the PR branch provides the best lower bound in the
HH2 base’ scenario.

Based on this methodology, assuming optimality convergence, the
R branch is expected to produce the fastest but also the weakest

ower bound, as it contains the widest relaxation. This expectation
egarding the computation time is confirmed for both scenarios, as
he AR branch is the only optimization problem which is solved to
ptimality (HH2: 11 000 s, LH2: 72 000 s). The expectation regarding the
eakest lower bound is at least confirmed for the ‘HH2 base’ scenario.

Although the PR is not solved to optimality, it provides a tighter lower
ound after 24 h. In the ‘LH2’ scenario, this situation differs, likely due
o insufficient convergence of the PR branch, resulting in the AR branch
ielding a tighter lower bound after approximately one day.
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Table 3
Optimization results for the ‘LH2 base’ scenario for different iterations, divided into aggregated time steps for the entire observation period,
computation time per iteration, objective values after steps 2 and 3 and their resulting gap.

Iteration 1 Iteration 2 Iteration 3a Iteration 4 Iteration 5
Aggregated time steps 600 1080 1 560 2 040 2 520
Computation time in s 2282 4222 18 231 23 089 56 843
Obj. value (Step 2) in k€ −8647a −8090 −7 799 −7 524 −5 047
Obj. value (Step 3) in k€ −5313 −5667 −5 836a infeas. −5 584
Gap in % −63 −43 −34 −28 10

a The best solution found within iteration 3.
d
b
l
o
n
o

c

Fig. 9. Comparisons of the objective values after the aggregated design optimization
(Step 2) and the year-wise operational optimization (Step 3) and the resulting gap in
each iteration (refer to Fig. 2), corresponding to the ‘LH2 ’ scenarios.

The reduced computation time of the AR branch regarding the ‘HH2’
scenario suggests that the ‘HH2’ scenarios are easier to solve than the
‘LH2’ scenarios. It appears that the easier the optimization problem is to
olve, the faster the PR branch converges towards optimality, allowing
t to realize its potential of providing a tighter lower bound compared
o the AR branch. Ultimately, which branch delivers a better lower
ound for the user is a highly context-specific outcome, depending on
he permitted computation time and the structure of the optimization
roblem. Therefore, a definitive conclusion cannot be drawn. Instead,
t is advisable to implement all branches, leveraging the strengths of
ach.

Comparison with standard optimization approach. To underscore the
superiority of the upper bound branch over existing methods relying
solely on aggregated optimizations, Fig. 9 illustrates the objective
values following the aggregated design optimization (Step 2) and the
year-wise operational optimization (Step 3), along with the resulting
ap for the ‘LH2’ scenarios in each iteration (refer to Fig. 2 for context).
n this case, the individual execution of Step 2 represents the appli-
ation of a standard methodology for solving multi-stage optimization
roblems. While the objective values after Step 3 remain relatively

stable over time, those after Step 2 exhibit substantial fluctuations.
Consequently, the gap between the objective values of Step 2 and Step
 varies widely, ranging from −63% to 10%. Notably, this pronounced
luctuation is observable even within a single scenario (Table 3), con-

firming the expectation that the aggregation step introduces significant
inaccuracies regarding the objective value, rendering the result of the
aggregated design optimization lacking reliable significance on its own.

The fluctuation’s magnitude prevents making a general statement
bout the consistent over- or underestimation of the objective value
y the aggregated design optimization. However, it is evident that,

in the majority of the calculations, the objective value tends to be
underestimated.

Additionally, both Table 3 and Fig. 9 illustrate that the computation
ime rises with an increasing number of aggregated time steps, without
128 
guaranteeing the discovery of a superior solution. Table 3 further high-
lights that the best solution derived from the year-wise optimization
(Step 3) is attained by iteration 3 (‘LH2 base’ scenario). Conversely, if
based on the aggregated optimization (Step 2), this best solution would
be achieved as early as iteration 1. Consequently, the same energy
system configuration is not only evaluated quantitatively differently
in terms of the resulting costs (objective value), but also qualitatively
ifferent energy system configurations are identified as the potentially
est solution (best iteration). Compared to the proposed method, re-
ying solely on aggregated optimization methods within multi-stage
ptimization problems can therefore yield suboptimal solutions that
ot only differ quantitatively but also qualitatively from the presumed
ptimal solution.

Discussion. In summary, this method significantly reduces the comput-
ing time required to find the initial solution compared to a state-of-
the-art solver. However, for the final or optimal solution, it should
be noted that after one day of computation, an optimality gap of 9%
was achieved in the best case, but around 30% in the worst case.
Importantly, without a specially adapted approach, no solution would
be found at all.

This observation is well-documented in the literature (Kotzur et al.,
2021), where aggregation approaches are commonly used to tackle
multi-stage optimization problems (Pecenak et al., 2019; Mavromatidis
and Petkov, 2021; Lopion et al., 2018; Hoffmann et al., 2020). Nev-
ertheless, the results indicate that these standard approaches may not
suffice. The findings underscore the necessity of the year-by-year opti-
mization step to achieve more optimal and reliable results concerning
target values and energy system configurations, surpassing the capabil-
ities of aggregated optimization methods. In addition, the lower bound
branch allows for a quality check of the solutions obtained, which is
absent in aggregated methodologies. This quality check helps to classify
and assess the reliability of the solutions achieved.

By using this method, complex multi-stage optimization problems
can be solved to an acceptable proximity of the optimum in an ac-
ceptable time without compromising the certainty of the result, as is
the case with the aggregated optimization step. To improve the proof
of optimality, the existing approaches should be further developed to
calculate tighter lower bounds.

3.2.2. Optimal system design developments
Subsequent to the methodological deliberations, the results per-

taining to the case study are now under scrutiny. These results are
rather intended to serve as illustrative examples, showcasing the types
of outcomes attainable by the methodology. Initially, an analysis is
onducted across all scenarios to scrutinize the components slated

for addition in each investment phase, along with their respective
capacities. Following this, a detailed examination of the optimal system
configuration is undertaken, with the ‘LH2 best-case’ scenario serving
as an exemplar.

Scenario overview. Fig. 10 gives an overview of the bandwidth of added
capacity 𝛥𝑄̂𝑐 ,𝑠 and installed capacity 𝑄̂𝑐 ,𝑠 of selected component types
in each investment stage across all scenarios. To this end, the results
(i.e., the capacity additions of the respective component at the start
of each investment stage as well as the total installed capacity at this
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Fig. 10. Overview of added capacity 𝛥𝑄̂𝑐 ,𝑠 (left-hand side of each subplot) and total installed capacity 𝑄̂𝑐 ,𝑠 (right-hand side of each subplot) of selected component types in each
investment stage over all scenarios. The values for the energy conversion and storage components are normalized to the maximum hourly value and the hourly average of the
corresponding energy demand, respectively, to account for the progression of energy demand across different investment stages. Electricity demand: PV, Battery; Heat demand:
TES, HP, CHP, PEMFC; Hydrogen demand: PEMEL, BMR, H2-storage. Overlaying the results from each scenario provides a bandwidth (box-plot) of capacity expansion 𝛥𝑄̂𝑐 ,𝑠 as

ell as the total installed capacity 𝑄̂𝑐 ,𝑠 for each component at each investment stage. The box spans from the first quartile to the third quartile of the results data, with a line
enoting the median. The whiskers reach out from the box to the outermost data point within 1.5 times the inter-quartile range from the box. (BMR: Biomethanation reactor,

CHP: Combined heat and power unit, PEM: Polymer electrolyte membrane, EL: Electrolyzer, HP: Heat pump, FC: Fuel cell, PV: Photovoltaic, TES: Thermal energy storage).
t
t
s
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point in time) of each scenario are overlaid in the form of a box
lot. The energy conversion and storage components are normalized
o the maximum hourly value and the hourly average of the associated
nergy demand, respectively. Normalization allows for the considera-
ion of the progression of energy demands across different investment
tages while ensuring comparability between scenarios (see Fig. 6).

This approach helps to identify patterns related to the expansion of
the respective components. The corresponding absolute values can be
ound in Tables A.5–A.7. It is important to note that the capacities
resented below consistently refer to the primary energy output flow of

each component. For instance, this corresponds to the hydrogen output
power for the electrolyzer and compressor, the heat output for the heat
pump, and similar measures for other components.

In all scenarios presented, a shared characteristic is the replacement
of already existing combined heat and power units (CHP) by a new unit
n the year 2032. This replacement results in a slight reduction of the in-
talled capacity from 1 k W∕k W to approximately 0.8 k W∕k W. Neverthe-
ess, this decrease is counteracted in every scenario by the installation

of a heat pump with a capacity of approximately 0.18 k W∕k W as early
129 
as 2022. Furthermore, photovoltaic (PV) systems are implemented at
maximum capacity right from the outset in each scenario.

Regarding the hydrogen sub-system, electrolyzer (PEMEL) capaci-
ies are expanded in response to the rising hydrogen demand. Notably,
he electrolyzers appear somewhat oversized in the initial investment
tage, see a dip of the normalized installed capacity in the second
tage, and exhibit continuous expansion from the third investment stage

onward.
Ultimately, the installed electrolyzer capacity converges to approx-

imately 20% of the peak hydrogen demand. Consequently, in terms
of peak power, the electrolyzer is notably smaller compared to the
combined capacities of CHP, heat pumps, and PV, which are sized to
about 100% and 600% of the heat and electricity demand, respectively.

Furthermore, the biomethanation reactor (BMR) is built in the
ast investment stage in the ‘LH2 best-case’ scenario. Given the low

electricity and high gas prices, it appears that the investment costs
for biogas methanation have decreased to the extent that biomethane
production is now a more economically lucrative option than feeding
excess PV electricity into the grid. In contrast, fuel cells (PEMFC) are
not used at all.
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Fig. 11. Representation of the conversion and storage components system composition for each investment stage. The coloring and hatching indicate the component type and in
which stage the component is built, respectively.
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About the storage components, the addition of electrolyzers and
ompressed H2-storage show a comparable pattern. The installed capac-
ty of H2-storage varies between about 100 k Wh∕k Wh and 200 k Wh∕k Wh
n terms of average hourly hydrogen demand. Battery and thermal
nergy storage (TES) are also being built, mainly in the first investment
tage, but to a lesser extent than H2-storage. The installed H2-storage
apacity significantly exceeds the capacities of batteries and thermal
nergy storage.

The batteries and thermal energy storage are capable of covering
he entire electricity and heat demand for approximately four and
ix hours, respectively, with a single charge. In contrast, the H2-

storage can, on average, supply the weekly hydrogen demand with one
complete charge. Accordingly, long-term storage of hydrogen is not
evident.

Thus, except for electrolyzers and H2-storage, almost all compo-
ents are built mainly in the first investment stage. The only exception

is the CHP replacing the existing CHP without exception in investment
stage 3 and outliers in biogas methanation reactor and thermal energy
storage.

Scenario-specific analysis. For a more detailed analysis, the following
results are presented exemplarily for the ‘LH2 best-case’ scenario (for
cenario definition, see Table 1). This scenario is chosen because it
ncompasses the broadest spectrum of achieved results. Fig. 11 presents
he installed capacities of the energy conversion and energy storage
omponents for each year. As previously detailed, it is evident that the
wo CHP units are replaced by a new CHP unit in the year 2032.

PV accounts for the dominant share of the installed capacity. In
contrast, the installed capacities of electrolyzers and compressors are
o low that they are hardly significant in the energy system context.
n exception arises in the year 2042, where a biomethanation reactor
nit is added for the first time. To meet the additional hydrogen
emand for methanation, the inclusion of compressors and electrolyzers
s appropriately scaled.

The installed capacity (in relation to the hydrogen energy content)
of the compressors is lower than that of the electrolyzers. This is be-
cause the hydrogen used in methanation does not require compression,
and compressors are added based solely on external hydrogen demand.

Concerning the storage components, the biogas storage remains in
place, while a thermal energy storage and a H2-storage are built at
the beginning. The installed capacity of the H2-storage increases in
line with the electrolyzers at each investment stage. The proportion
of hydrogen in the storage components is more significant than in the
conversion components and that operating a battery, in this case, does
not appear to bring any economic benefits.

Concluding, the provision of electricity and heat is primarily real-
ized by the synergy of biogas-driven CHPs, a heat pump, and a PV
130 
system. The expansion of the hydrogen value chain primarily targets
the growing demand for hydrogen to fuel waste collection vehicles.
Despite the exogenous forcing of the development of a hydrogen value
chain in the considered case study, hydrogen is not used for other appli-
ations (e.g., provision of electricity and heat). Its energetic utilization

within a fuel cell seems less competitive compared to biogas-driven
CHPs. This holds true for its application as feedstock in a biometha-
nation reactor as well, with one exception. Under the condition of low
electricity prices and high biomethane sales prices, a case arises where
the economic viability of producing biomethane from hydrogen exceeds
the option of feeding surplus electricity into the grid. Thus, hydrogen is
nly used in situations where there is no viable alternative. Following
n from the results of this section, a more detailed analysis of the costs
ncurred and the operating behavior can be found in Appendices A.4.2

and A.4.3, respectively.
Regarding the methodological approach of multi-stage optimization,

he year 2042 marks the initial installation of a previously irrelevant
technology (BMR). This underscores the importance of considering the
entire transformation path rather than focusing solely on the final year
in static investment optimizations. Specifically, in this case study, this
insight provides the waste treatment plant operators with valuable
information. By embracing multi-stage optimization, they can discern
he precise year when discussions about the installation of a biometha-
ation reactor should commence. This temporal insight is crucial for
ptimizing the transformation process, revealing the dynamic relevance
f technologies over time.

4. Conclusions

To comprehensively analyze future energy systems, it is imperative
o consider not only the end states but also the developmental trajectory

leading to them. Dynamic investment optimization models, also known
as multi-stage optimization models, are essential for conducting such
nalyses. However, when dealing with extended time horizons and dy-
amic investment decisions, the resulting optimization problems often
ecome highly complex and challenging, if not impossible, to solve
ithin a reasonable time frame. In order to limit the computational

ffort, simplifications are often made which may lead to suboptimal
olutions and increased uncertainty in the results.

To address this challenge, this paper introduces a rigorous opti-
mization method tailored for multi-stage optimization problems. The
method makes it possible to obtain feasible solutions for the non-
simplified multi-stage optimization problem in a reasonable time. It
guarantees to reach a desired optimality gap of the non-simplified
optimization problem in finite time, combining state-of-the-art MILP

static investment modeling techniques with multi-stage optimization
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approaches without accepting any limitations related to result uncer-
tainties.

The method is applied to a real-life multi-energy system of a waste
treatment plant in Germany. For various scenarios, the possible inte-
ration of hydrogen production and usage from the year 2022 until
he year 2047 is investigated. The key methodological results can be
oncluded as follows:

• Utilizing this method resulted in a substantial reduction in the
time needed to identify the initial feasible solution, decreasing it
from over two weeks to less than an hour. Across all scenarios,
it was possible to demonstrate an optimality gap of around 9%
after 24 h of calculation time.

• This study underscores the inadequacy of relying solely on ag-
gregated optimization methods for multi-stage optimization prob-
lems. In this case study, total costs derived from the aggregation
step deviated from actual total costs based on full time series
optimization by −63% to 10%. Furthermore, the aggregated op-
timization results in suboptimal system configurations compared
to the proposed method.

• This multi-stage optimization approach enabled the identification
of periods when novel technologies were first introduced in the
case study. This highlights a key distinction from static invest-
ment optimizations, as this multi-stage optimization approach
unveils the dynamic relevance of technologies over time.

In the case study, the development of hydrogen production was
driven by exogenous hydrogen demand. The findings regarding the case
study’s energy system can be encapsulated as follows:

• Despite the existing hydrogen infrastructure, the additional ener-
getic use of hydrogen in fuel cells within the multi-energy system
is not an economically competitive option. This extends to the
production of biomethane in the majority of the scenarios.

• Only under specific conditions, characterized by high biomethane
sales prices and low electricity prices, the study did propose
the construction of a biomethanation reactor in the year 2042.
Otherwise, the combination of biogas-driven combined heat and
power units, heat pumps, photovoltaic systems, and correspond-
ing storage emerged as the optimal configuration for meeting the
exogenous energy demands.

In summary, the proposed method significantly advances addressing
multi-stage optimization problems in multi-energy systems. The reduc-
tion in computing time enables the consideration of more complex
energy systems, while the obtained results exhibit greater robustness
and solutions closer to the optimum compared to prior approaches.
The method facilitates a thorough analysis of the timing and types of
investment decisions and the overall operation of the energy system,
providing decision-makers with comprehensive and reliable informa-
tion for planning and implementing investment decisions in energy
systems.

Future investigations should unfold on two fronts. Firstly, explor-
ng the method’s performance in other case studies can reveal addi-
ional strengths and weaknesses. Additionally, adapting this method to
ther multi-stage optimization approaches, such as myopic optimiza-
ion, could offer a distinct perspective on long-term energy system

planning. Secondly, building on insights from the investigated case
study, focusing on determining tight lower bounds promises further
nhancement of the method’s efficacy. Future studies should devise
n approach to generate tight lower bounds within a reasonable time

frame.
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Appendix

A.1. Mathematical formulation

Further constraints of the mathematical model formulation are
listed here.

A.1.1. Operational constraints
The relationship between the input 𝑄̇𝑖𝑛

𝑐 ,𝑠,𝑡,𝑒 and output power 𝑄̇𝑜𝑢𝑡
𝑐 ,𝑠,𝑡,𝑒

of each energy system component (∀𝑐 ∈ ) is modeled via Eq. (A.1)
using the nominal efficiency 𝜂𝑛𝑜𝑚𝑐 ,𝑠 . For computational time reasons, this
is independent from the relative output power.

𝑄̇𝑖𝑛
𝑐 ,𝑠,𝑡,𝑒 =

𝑄̇𝑜𝑢𝑡
𝑐 ,𝑠,𝑡,𝑒
𝜂𝑛𝑜𝑚𝑐 ,𝑠

, ∀𝑠 ∈  ,∀𝑡 ∈  ,∀𝑐 ∈ ,∀𝑒 ∈  (A.1)

The output power is limited by the permissible partial load range
(Eq. (A.2)). In case of the aggregated design optimization (refer to Sec-
ion 2.2.1), 𝑄𝑐 ,𝑠 and 𝛿𝑜𝑢𝑡𝑐 ,𝑠,𝑡 are optimization variables, resulting Eq. (A.2)

to contain a bi-linear term. Therefore, Eq. (A.2) is linearized by apply-
ing McCormick-Relaxations (McCormick, 1976; Scott et al., 2011) and
by introducing the auxiliary variable 𝑤𝑜𝑢𝑡

𝑐 ,𝑠,𝑡 to substitute the bi-linear
term in Eq. (A.3).
𝑄̇𝑟𝑒𝑙 ,𝐿𝐵

𝑐 𝑄𝑐 ,𝑠𝛿𝑜𝑢𝑡𝑐 ,𝑠,𝑡 ≤ 𝑄̇𝑜𝑢𝑡
𝑐 ,𝑠,𝑡,𝑒 ≤ 𝑄̇𝑟𝑒𝑙 ,𝑈 𝐵

𝑐 𝑄𝑐 ,𝑠𝛿𝑜𝑢𝑡𝑐 ,𝑠,𝑡
𝑄̇𝑟𝑒𝑙 ,𝐿𝐵

𝑐 𝑤𝑜𝑢𝑡
𝑐 ,𝑠,𝑡 ≤ 𝑄̇𝑜𝑢𝑡

𝑐 ,𝑠,𝑡,𝑒 ≤ 𝑄̇𝑟𝑒𝑙 ,𝑈 𝐵
𝑐 𝑤𝑜𝑢𝑡

𝑐 ,𝑠,𝑡
(A.2)

𝑤𝑜𝑢𝑡
𝑐 ,𝑠,𝑡 ≥ 𝛿𝑜𝑢𝑡,𝐿𝐵𝑐 ,𝑠,𝑡 𝑄𝑐 ,𝑠 + 𝛿𝑜𝑢𝑡,𝐿𝐵𝑐 ,𝑠,𝑡 𝑄𝐿𝐵

𝑐 ,𝑠
𝑤𝑜𝑢𝑡

𝑐 ,𝑠,𝑡 ≥ 𝛿𝑜𝑢𝑡,𝑈 𝐵𝑐 ,𝑠,𝑡 𝑄𝑐 ,𝑠 + 𝛿𝑜𝑢𝑡𝑐 ,𝑠,𝑡𝑄𝑈 𝐵
𝑐 ,𝑠 − 𝛿𝑜𝑢𝑡,𝑈 𝐵𝑐 ,𝑠,𝑡 𝑄𝑈 𝐵

𝑐 ,𝑠
𝑤𝑜𝑢𝑡

𝑐 ,𝑠,𝑡 ≤ 𝛿𝑜𝑢𝑡,𝑈 𝐵𝑐 ,𝑠,𝑡 𝑄𝑐 ,𝑠 + 𝛿𝑜𝑢𝑡𝑐 ,𝑠,𝑡𝑄𝐿𝐵
𝑐 ,𝑠 − 𝛿𝑜𝑢𝑡,𝑈 𝐵𝑐 ,𝑠,𝑡 𝑄𝐿𝐵

𝑐 ,𝑠
𝑤𝑜𝑢𝑡

𝑐 ,𝑠,𝑡 ≤ 𝛿𝑜𝑢𝑡𝑐 ,𝑠,𝑡𝑄𝑈 𝐵
𝑐 ,𝑠 + 𝛿𝑜𝑢𝑡,𝐿𝐵𝑐 ,𝑠,𝑡 𝑄𝑐 ,𝑠 − 𝛿𝑜𝑢𝑡,𝐿𝐵𝑐 ,𝑠,𝑡 𝑄𝑈 𝐵

𝑐 ,𝑠
∀𝑠 ∈  ,∀𝑡 ∈  ,∀𝑐 ∈ 

(A.3)

Storage components
(

∀𝑐 ∈ 𝑠𝑡𝑜𝑟) have additional variables 𝑆 𝑂 𝐶𝑐 ,𝑠,𝑡
that represent the state of charge. To calculate the state of charge, time-
oupling constraints are introduced, linking the state of charge between
wo adjacent time steps. The state of charge of the subsequent time step
 𝑂 𝐶𝑐 ,𝑠,𝑡+1 is calculated according to Eq. (A.4). It is based on the current

state of charge 𝑆 𝑂 𝐶 , the self-discharge rate 𝜂𝑠𝑒𝑙 𝑓 and the charge
𝑐 ,𝑠,𝑡 𝑐
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̇ 𝑖𝑛
𝑐 ,𝑠,𝑡,𝑒 and discharge rate 𝑄̇𝑜𝑢𝑡

𝑐 ,𝑠,𝑡,𝑒 including the associated efficiencies
𝜂𝑐 ℎ𝑎𝑟𝑔 𝑒𝑐 and 𝜂𝑑 𝑖𝑠𝑐 ℎ𝑎𝑟𝑔 𝑒𝑐 .
𝑆 𝑂 𝐶𝑐 ,𝑠,𝑡+1 = 𝑆 𝑂 𝐶𝑐 ,𝑠,𝑡

(

1 − 𝜂𝑠𝑒𝑙 𝑓𝑐 𝛥𝑡
)

+ 𝛥𝑡

(

𝑄̇𝑖𝑛
𝑐 ,𝑠,𝑡,𝑒𝜂𝑐 ℎ𝑎𝑟𝑔 𝑒𝑐 − 𝑄̇𝑜𝑢𝑡

𝑐 ,𝑠,𝑡,𝑒
1

𝜂𝑑 𝑖𝑠𝑐 ℎ𝑎𝑟𝑔 𝑒𝑐

)

∀𝑠 ∈  ,∀𝑡 ∈  ,∀𝑐 ∈ 𝑠𝑡𝑜𝑟

(A.4)

Furthermore, the state of charge 𝑆 𝑂 𝐶𝑐 ,𝑠,𝑡 is limited by relative lower
𝑆 𝑂 𝐶𝑚𝑖𝑛

𝑐 and upper bound 𝑆 𝑂 𝐶𝑚𝑎𝑥
𝑐 in Eq. (A.5).

𝑆 𝑂 𝐶𝑚𝑖𝑛
𝑐 𝑄𝑐 ,𝑠 ≤ 𝑆 𝑂 𝐶𝑐 ,𝑠,𝑡 ≤ 𝑆 𝑂 𝐶𝑚𝑎𝑥

𝑐 𝑄𝑐 ,𝑠
∀𝑠 ∈  ,∀𝑡 ∈  ,∀𝑐 ∈ 𝑠𝑡𝑜𝑟

(A.5)

To prevent charging and discharging at the same time, Eq. (A.2) is
expanded for storage components in Eq. (A.6). Within the aggregated
design optimization (refer to Section 2.2.1), Eq. (A.6) is relaxed in the
same way, as shown in Eq. (A.3).
̇ 𝑜𝑢𝑡
𝑐 ,𝑠,𝑡,𝑒 ≤ 𝑄̇𝑟𝑒𝑙 ,𝑈 𝐵

𝑐 𝑄𝑐 ,𝑠𝛿𝑜𝑢𝑡𝑐 ,𝑠,𝑡
̇ 𝑜𝑢𝑡
𝑐 ,𝑠,𝑡,𝑒 ≤ 𝑄̇𝑟𝑒𝑙 ,𝑈 𝐵

𝑐 𝑤𝑜𝑢𝑡
𝑐 ,𝑠,𝑡

̇ 𝑖𝑛
𝑐 ,𝑠,𝑡,𝑒 ≤ 𝑄̇𝑟𝑒𝑙 ,𝑈 𝐵

𝑐 𝑄𝑐 ,𝑠
(

1 − 𝛿𝑜𝑢𝑡𝑐 ,𝑠,𝑡
)

̇ 𝑖𝑛
𝑐 ,𝑠,𝑡,𝑒 ≤ 𝑄̇𝑟𝑒𝑙 ,𝑈 𝐵

𝑐

(

𝑄𝑐 ,𝑠 −𝑤𝑜𝑢𝑡
𝑐 ,𝑠,𝑡

)

∀𝑠 ∈  ,∀𝑡 ∈  ,∀𝑐 ∈ 𝑠𝑡𝑜𝑟

(A.6)

In addition, the state of charge is limited by a cycling constraint
(Eq. (A.7)), which states that the state of charge at the beginning of an
nvestment stage 𝑆 𝑂 𝐶𝑐 ,𝑠,1 is identical to the state of charge at the end
f an investment stage 𝑆 𝑂 𝐶𝑐 ,𝑠,| |+1.

𝑆 𝑂 𝐶𝑐 ,𝑠,1 = 𝑆 𝑂 𝐶𝑐 ,𝑠,| |+1, ∀𝑠 ∈  ,∀𝑐 ∈ 𝑠𝑡𝑜𝑟 (A.7)

As described in Section 2.2.1, the state of charge formulations
introduced in Kotzur et al. (2018) are used within the aggregated design
optimization to model long-term storage. The state of charge 𝑆 𝑂 𝐶𝑐 ,𝑠,𝑡
s substituted by inter-period 𝑆 𝑂 𝐶 𝑖𝑛𝑡𝑒𝑟

𝑐 ,𝑠,𝑑 and intra-period state of charge
𝑆 𝑂 𝐶 𝑖𝑛𝑡𝑟𝑎

𝑐 ,𝑠,𝑡𝑑 ,𝑡. Additionally, the indices 𝑡𝑑 ∈   and 𝑑 ∈  are introduced,
representing the aggregated typical days and day of the year of the
full time series, respectively. The intra-period state of charge 𝑆 𝑂 𝐶 𝑖𝑛𝑡𝑟𝑎

𝑐 ,𝑠,𝑡𝑑 ,𝑡
eflects the state of charge within a typical day, while the inter-period
tate of charge 𝑆 𝑂 𝐶 𝑖𝑛𝑡𝑒𝑟

𝑐 ,𝑠,𝑑 shows the state of charge over the typical days.
The intra-period state of charge 𝑆 𝑂 𝐶 𝑖𝑛𝑡𝑟𝑎

𝑐 ,𝑠,𝑡𝑑 ,𝑡 is calculated via
q. (A.8), analogous to Eq. (A.4).

𝑆 𝑂 𝐶 𝑖𝑛𝑡𝑟𝑎
𝑐 ,𝑠,𝑡𝑑 ,𝑡+1 = 𝑆 𝑂 𝐶 𝑖𝑛𝑡𝑟𝑎

𝑐 ,𝑠,𝑡𝑑 ,𝑡
(

1 − 𝜂𝑠𝑒𝑙 𝑓𝑐 𝛥𝑡
)

+ 𝛥𝑡

(

𝑄̇𝑖𝑛
𝑐 ,𝑠,𝑡𝑑 ,𝑡,𝑒𝜂𝑐 ℎ𝑎𝑟𝑔 𝑒𝑐 − 𝑄̇𝑜𝑢𝑡

𝑐 ,𝑠,𝑡𝑑 ,𝑡,𝑒
1

𝜂𝑑 𝑖𝑠𝑐 ℎ𝑎𝑟𝑔 𝑒𝑐

)

 𝑂 𝐶 𝑖𝑛𝑡𝑟𝑎
𝑐 ,𝑠,𝑡𝑑 ,1 = 0

𝑠 ∈  ,∀𝑡𝑑 ∈  ,∀𝑡 ∈  𝑡𝑑 ⊂  ,∀𝑐 ∈ 𝑠𝑡𝑜𝑟

(A.8)

The intra-period state of charge is calculated for each typical day.
For example, if the full time series is aggregated by four typical days
or each stage, there are four different intra-period state of charges
  = [1, 4]). In turn, the inter-period state of charge is formed for the

full time series in each stage. For example, if an investment stage 𝑠
consists of one year, there are 365 inter-period state of charges for each
ay of the year in each investment stage ( = [1, 365]). Based on an

aggregated chronology, one of the typical days can now be assigned to
each of these 365 days. This results in a chronology for the entire year
ased on the typical days and allows to calculate the inter-period state
f charge for the entire year in a super-positioned manner via Eq. (A.9).

𝑆 𝑂 𝐶 𝑖𝑛𝑡𝑒𝑟
𝑐 ,𝑠,𝑑+1 = 𝑆 𝑂 𝐶 𝑖𝑛𝑡𝑒𝑟

𝑐 ,𝑠,𝑑
(

1 − 𝜂𝑠𝑒𝑙 𝑓𝑐 𝛥𝑡
)

| 𝑡𝑑
| + 𝑆 𝑂 𝐶 𝑖𝑛𝑡𝑟𝑎

𝑐 ,𝑠,𝑡𝑑(𝑑),| 𝑡𝑑
|+1

𝑆 𝑂 𝐶 𝑖𝑛𝑡𝑒𝑟
𝑐 ,𝑠,𝑑+1 = 𝑆 𝑂 𝐶 𝑖𝑛𝑡𝑒𝑟

𝑐 ,𝑠,||+1

∀𝑠 ∈  ,∀𝑑 ∈ ,∀𝑐 ∈ 𝑠𝑡𝑜𝑟

(A.9)

Given low self-discharge rates (see Table A.3), the maximum and
inimum state of charge within typical day 𝑡𝑑 𝑆 𝑂 𝐶 𝑖𝑛𝑡𝑟𝑎,𝑚𝑎𝑥 and
𝑐 ,𝑠,𝑡𝑑
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𝑆 𝑂 𝐶 𝑖𝑛𝑡𝑟𝑎,𝑚𝑖𝑛
𝑐 ,𝑠,𝑡𝑑 (Eq. (A.10)) can be defined. These parameters are then

used to limit the super-positioned state of charge for the entire period
via Eq. (A.11). In this case, Eq. (A.11) replaces Eq. (A.5).
𝑆 𝑂 𝐶 𝑖𝑛𝑡𝑟𝑎,𝑚𝑖𝑛

𝑐 ,𝑠,𝑡𝑑 ≤ 𝑆 𝑂 𝐶 𝑖𝑛𝑡𝑟𝑎
𝑐 ,𝑠,𝑡𝑑 ,𝑡 ≤ 𝑆 𝑂 𝐶 𝑖𝑛𝑡𝑟𝑎,𝑚𝑎𝑥

𝑐 ,𝑠,𝑡𝑑
∀𝑠 ∈  ,∀𝑡𝑑 ∈  ,∀𝑡 ∈  𝑡𝑑 ⊂  ,∀𝑐 ∈ 𝑠𝑡𝑜𝑟

(A.10)

𝑆 𝑂 𝐶 𝑖𝑛𝑡𝑒𝑟
𝑐 ,𝑠,𝑑 + 𝑆 𝑂 𝐶 𝑖𝑛𝑡𝑟𝑎,𝑚𝑎𝑥

𝑐 ,𝑠,𝑡𝑑(𝑑) ≤ 𝑆 𝑂 𝐶𝑚𝑎𝑥
𝑐 𝑄𝑐 ,𝑠

 𝑂 𝐶 𝑖𝑛𝑡𝑒𝑟
𝑐 ,𝑠,𝑑

(

1 − 𝜂𝑠𝑒𝑙 𝑓𝑐 𝛥𝑡
)

| 𝑡𝑑
| + 𝑆 𝑂 𝐶 𝑖𝑛𝑡𝑟𝑎,𝑚𝑖𝑛

𝑐 ,𝑠,𝑡𝑑(𝑑) ≥ 𝑆 𝑂 𝐶𝑚𝑖𝑛
𝑐 𝑄𝑐 ,𝑠

∀𝑠 ∈  ,∀𝑑 ∈ ,∀𝑐 ∈ 𝑠𝑡𝑜𝑟

(A.11)

For further information, the reader is referred to Kotzur et al.
(2018).

A.1.2. Design constraints
The nonlinear investment costs are calculated via Eq. (A.12).

𝐼𝑐 ,0 = 𝐼𝑟𝑒𝑓𝑐

(

𝑄𝑐

𝑄𝑟𝑒𝑓
𝑐

)𝑀𝑐

, ∀𝑐 ∈ 

𝐼𝑐 ,𝑠 = 𝐼𝑐 ,0exp
(

−𝜇𝐼
𝑐 𝑠 𝑛𝑦𝑠

)

, ∀𝑠 ∈  ,∀𝑐 ∈ 

(A.12)

To further linearize the investment costs, the piecewise formulation
from Sass et al. (2020) is applied in Eq. (A.13). The capacity 𝑄𝑐 ,𝑠 is
discretized by | | points in logarithmic distance within the bounds
[

𝑄𝐿𝐵
𝑐 ,𝑠 , 𝑄𝑈 𝐵

𝑐 ,𝑠
]

yielding 𝑄𝐿𝐵
𝑐 ,𝑠,𝑗 and 𝐼𝐿𝐵𝑐 ,𝑠,𝑗 (∀𝑗 ∈  ) through Eq. (A.12).

𝐼𝑐 ,𝑠 =
∑

𝑗∈ 𝛿𝐼𝑐 ,𝑠,𝑗𝐼𝐿𝐵𝑐 ,𝑠,𝑗 + 𝛽𝑐 ,𝑠,𝑗
(

𝑄𝑐 ,𝑠,𝑗 −𝑄𝐿𝐵
𝑐 ,𝑠,𝑗𝛿𝐼𝑐 ,𝑠,𝑗

)

𝑐 ,𝑠,𝑗 =
𝐼𝐿𝐵𝑐 ,𝑠,𝑗+1 − 𝐼𝐿𝐵𝑐 ,𝑠,𝑗
𝑄𝐿𝐵

𝑐 ,𝑠,𝑗+1 −𝑄𝐿𝐵
𝑐 ,𝑠,𝑗

, ∀𝑗 ∈ 

𝑄𝑐 ,𝑠 =
∑

𝑗∈
𝑄𝑐 ,𝑠,𝑗

𝑄𝐿𝐵
𝑐 ,𝑠,𝑗𝛿𝐼𝑐 ,𝑠,𝑗 ≤ 𝑄𝑐 ,𝑠 ≤ 𝑄𝐿𝐵

𝑐 ,𝑠,𝑗+1𝛿𝐼𝑐 ,𝑠,𝑗 , ∀𝑗 ∈ 
∑

𝑗∈
𝛿𝐼𝑐 ,𝑠,𝑗 ≤ 1

∀𝑠 ∈  ,∀𝑐 ∈ 

(A.13)

A.2. Input data

Additional explanations of the input data, which extend and com-
lement the main text, are provided below.

A.2.1. Future development time series
For a future outlook, a low and high-value development path is

assigned to each time series parameter. Utilizing these paths, the as-
sociated reference profiles are scaled accordingly. Specifically, the
nergy demand paths are crafted based on assumptions and tailored to

align with the investment stage scheme implemented in Section 3.1.4.
Fig. A.1 illustrates these various paths.

The electricity demand depends on further extension of the techni-
cal devices on-site.

• As a low-value path, no further extension and a constant electric-
ity demand is considered.

• As a high-value path, the electricity demand of the conside-
red waste treatment plant is assumed to increase by 2 %∕a
(Entsorgungsbetriebe Lübeck, 2021) until the year 2037. Beyond
2037, the annual electricity demand remains constant due to
more efficient equipment and no further electricity extension.

The heat demand and the available biogas are coupled processes and
dependent on the development of the waste treatment plant.

• As the low-value path, the waste treatment plant’s composition
remains unchanged throughout the assessment period. Conse-
quently, both the annual heat demand and the available biogas
will remain constant over time.
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Fig. A.1. Development paths of the considered input parameters. Each parameter is assigned a low and high-value path.
Fig. A.2. Stage-wise overview of the total costs 𝑇 𝐶 and operational costs 𝑂 𝑃 𝐸 𝑋𝑣𝑎𝑟
𝑠 in each scenario. (EL: Electricity; BM: Biomethane).
• As the high-value path, the addition of another digester in 2032 is
assumed, resulting in a 25% increase in heat demand and biogas
availability.

The fleet of 25 waste collection vehicles is to be converted to climate-
neutral fuels in the coming decades.
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• For the low-value case, initially one and by the year 2032, three
more hydrogen vehicles are to be incorporated into this fleet, cor-
responding to a share of 15% (European Parliament and European
Council, 2019). By 2047, a total of 15 hydrogen vehicles are be
incorporated into the fleet, representing a share of 60%.

• In the high-value path, a substantial industrial expansion of hy-
drogen supply is assumed, amplifying it tenfold compared to the
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Table A.1
Economic parameters. All monetary values are based on the year 2022. The maximum capacity to be installed is limited to 1000 MW h and 10 MW for storage and conversion
components, respectively. (𝑄𝑟𝑒𝑓

𝑐 : Reference capacity, 𝐼 𝑟𝑒𝑓
𝑐 : Reference investment costs, 𝑀𝑐 : Cost-curve fitting parameter, 𝑐𝑚𝑎𝑖𝑛𝑐 : Maintenance cost factor, 𝜇𝐼

𝑐 : Long-term fitting parameter,
𝑛𝑙 𝑖𝑓 𝑒𝑐 : Lifetime, 𝑑 𝑒𝑔𝑦𝑐 : Yearly degradation rate).

Component 𝑄𝑟𝑒𝑓
𝑐 𝐼 𝑟𝑒𝑓

𝑐 𝑀𝑐 𝑐𝑚𝑎𝑖𝑛𝑐 𝜇𝐼
𝑐 𝑛𝑙 𝑖𝑓 𝑒𝑐 𝑑 𝑒𝑔𝑦𝑐 Refs.

[MW(h)] [k€] [%/a] [a] [%/a]

CHP 0.01 44.982 0.6419 10 0.005 20 2 SCCER JA S&M (2020), Voll
et al. (2013) and
Mavromatidis and Petkov
(2021)

PV 1 1075 0.7914 1.7 0.021 30 0.25 Kost and Fraunhofer ISE
(2021), Petkov and Gabrielli
(2020), Sens et al. (2022) and
Mavromatidis and Petkov
(2021)

PEM EL 100 125e3 0.9 3.5 0.0369 15 1.5 Petkov and Gabrielli (2020),
Sens et al. (2022), Skordoulias
et al. (2022) and Buttler and
Spliethoff (2018)

PEM FC 0.005 25 0.6889 3.8 0.0163 14 1.5 Petkov and Gabrielli (2020),
Buttler and Spliethoff (2018),
The Danish Energy Agency
(2023a) and Clean Hydrogen
Joint Undertanking (2022)

HP 1 1513 0.7744 1 0.027 25 2 The Danish Energy Agency
(2023a), Mavromatidis and
Petkov (2021) and Bücken
et al. (2017)

Compressor 0.001 3.442 0.8335 4 0.0358 15 3.5 Sens et al. (2022), Reuß et al.
(2017), U.S. Department of
Energy (2022), Allen et al.
(2019) and The Danish Energy
Agency (2020)

Biomethanation 1 1209 0.6178 3 0.0183 20 1 Graf et al. (2014), SCCER JA
S&M (2020) and The Danish
Energy Agency (2023b)

Battery 1 285 0.8382 2.2 0.019 12 1.667 Petkov and Gabrielli (2020),
Mavromatidis and Petkov
(2021) and Sass et al. (2020)

Biogas storage 1 30.093 1 0 0 60 0 Bedoić et al. (2021)
Heat storage 23.175 502.01 0.8894 1.5 0 24 0 Petkov and Gabrielli (2020),

Mavromatidis and Petkov
(2021) and Sass et al. (2020)

H2-storage 1 10 1 2.3 0.0245 23 0 Petkov and Gabrielli (2020)
and The Danish Energy
Agency (2020)
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low-value case. This expansion opens the possibility of supplying
other local companies beyond the company’s vehicle fleet.

Furthermore, two trajectories for the evolution of electricity prices
Mier, 2022) are integrated. Additionally, a path for industrial and
esidential customers as low and high gas price cases (Kreidelmeyer

et al., 2021) are defined, respectively.

A.2.2. Techno-economic parameters
The techno-economic parameters used in this work are listed in

Tables A.1–A.3.

A.3. Implementation

The solver settings used, which deviate from the default configu-
rations in Gurobi, are summarized in Table A.4 for the corresponding
ranches.

A.4. Further case study results

Additional case study results, which extend and complement the
main text, are provided below.

A.4.1. Optimal system design developments
The absolute capacity values of the optimal system design develop-

ments of all scenarios are shown in Tables A.5–A.7.
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A.4.2. Costs
Building up on the energy system development outlined in Sec-

tion 3.2.2, Fig. A.2 shows each investment stage’s total costs 𝑇 𝐶 and
operational costs 𝑂 𝑃 𝐸 𝑋𝑣𝑎𝑟

𝑠 of the ‘LH2 best-case’ and ‘LH2 worst-case’
scenario. According to Eq. (1), the total costs include all operational
and capital expenditures (OPEX and CAPEX) incurred during an invest-

ent stage to sustain the energy system being analyzed. The system
onfiguration’s low variability is reflected in the total costs as the ab-
olute shares of investment 𝐶 𝐴𝑃 𝐸 𝑋𝑠 and maintenance costs 𝑂 𝑃 𝐸 𝑋𝑓 𝑖𝑥

𝑠
or both scenarios remain almost constant across all investment stages.
he respective operating costs change significantly but always remain
egative. The income from the sale of energy exceeds the costs for the
rocurement.

The operating costs dominate the total costs in the first invest-
ent stage (‘LH2 best-case’) and the first two investment stages (‘LH2
orst-case’), resulting in an overall positive cash flow. In subsequent

nvestment stages, operating costs rise, and thereafter, total costs per
tage hover around 0 ke (‘LH2 best-case’) or 3000 ke (‘LH2 worst-
ase’). In the best-case scenario, cost terms balance at the end of the
bservation period, while in the worst-case scenario, total costs tend to
e influenced more by investment costs.

Analyzing operating costs reveals that these primarily consist of
revenues from electricity feed-in, with electricity procurement costs
being insignificant. A clear correlation between the electricity price
trend and the electricity revenue trend is evident when compared with
Fig. 6.
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Table A.2
Technical parameters: Conversion units. For the compressor, the efficiency is the ratio between electrical input and hydrogen output, reflecting a multi-stage
compression from 30 bar to 250 bar with intermediate cooling based on Tjarks et al. (2018) (𝑄̇𝑟𝑒𝑙

𝑐 : Relative output power, 𝜂𝑛𝑜𝑚𝑐 : Nominal efficiency).

Component 𝑄̇𝑟𝑒𝑙
𝑐 𝜂𝑛𝑜𝑚𝑐 Refs.

[2022, 2030, 2040, 2050]

CHP𝑒𝑙 [0.5, 1] [0.384, 0.384, 0.384, 0.384] Deutz (2005)
CHP𝑡𝑜𝑡 [0.866, 0.866, 0.866, 0.866] Deutz (2005)
PV [0, 1]
PEM EL𝑒𝑙 [0.1, 1] [0.6, 0.67, 0.69, 0.71] Sens et al. (2022) and Schalenbach et al. (2016)
PEM EL𝑡𝑜𝑡 [0.85, 0.85, 0.85, 0.85] Schalenbach et al. (2016) and The Danish Energy Agency (2023a)
PEM FC𝑒𝑙 [0.1, 1] [0.5, 0.5, 0.5, 0.5] The Danish Energy Agency (2023a)
PEM FC𝑡𝑜𝑡 [0.84, 0.84, 0.84, 0.84] Petkov and Gabrielli (2020)
HP [0.2, 1] [3, 3.28, 3.59, 3.9] The Danish Energy Agency (2023a) and Mavromatidis and Petkov (2021)
Compressor [0.2, 1] [27.28, 27.28, 27.28, 27.28] own calc.
Biomethanation [0.2, 1] [0.831, 0.831, 0.831, 0.831] Graf et al. (2014)
Table A.3
Technical parameters: Storage units. The SOC bounds of the H2-storage are based on their minimum and maximum pressure level of 20 bar
and 250 bar, respectively. The data of the biogas storage is based on a real spherical gas storage with a working and cushion gas volume of
5000 N m3 and 800 N m3, respectively. A maximum hourly discharge rate of 30% was assumed for the biogas and H2-storage. (𝑄̇𝑟𝑒𝑙

𝑐 : Relative
output power, 𝑆 𝑂 𝐶𝑚𝑖𝑛∕𝑚𝑎𝑥

𝑐 : SOC bounds, 𝜂(𝑑 𝑖𝑠)𝑐 ℎ𝑎𝑟𝑔 𝑒𝑐 : (dis)charging efficiency, 𝜂𝑠𝑒𝑙 𝑓𝑐 : self-discharge rate).
Component 𝑄̇𝑟𝑒𝑙

𝑐 𝑆 𝑂 𝐶𝑚𝑖𝑛∕𝑚𝑎𝑥
𝑐 𝜂(𝑑 𝑖𝑠)𝑐 ℎ𝑎𝑟𝑔 𝑒𝑐 𝜂𝑠𝑒𝑙 𝑓𝑐 Refs.

Battery [0, 0.36] [0, 1] 0.96 4.2e−5 Baumgärtner et al. (2020) and Kotzur et al. (2018)
Biogas storage [0, 0.3] [0.138, 1] 1 0
Heat storage [0, 1] [0, 1] 0.95 5e−3 Sass et al. (2020)
H2-storage [0, 0.3] [0.091, 1] 1 0 Reddi et al. (2018)
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Table A.4
Used solver settings of the corresponding branches that deviate from the standard
onfigurations in Gurobi.
Parameter B&C-Branch All other branches

mipgap 0.02 0.02
threads 0 0
Method 2 2
NodeFileStart 0.5 0.5
PreSparsify 2 2
BarHomogeneous: 0 0
MIPFocus 3 –
Heuristics 0.0001 –

In absolute terms, the initially high electricity prices do not result in
elevated procurement costs but rather lead to substantial positive cash
flow from the feed-in of electricity from the PV systems. The installation
of PV systems amortizes within the first investment stages.

Given the abundant biogas availability at the site, the revenues
consistently surpass procurement costs throughout the entire period.
ven with the expansion of the biomethanation reactor in stage 5
‘LH2 best-case’), resulting in increased procurement costs, this rise is
ore than compensated by the sales revenue from biomethane. In this

ase, the heightened procurement costs are attributed to the electricity
equirements of electrolysis and the reduced availability of biogas for
lectricity generation in the combined heat and power (CHP) system
ue to methanation. Overall, the energy system generates a positive

cash flow in both scenarios across the entire period.
In conclusion, despite the high availability of electricity from the

combined heat and power units and the PV system, the elevated elec-
tricity prices, particularly at the beginning of the review period, es-
tablish the feed-in of surplus electricity as an unrivaled source of
revenue. Nevertheless, the ‘LH2 best-case’ scenario suggests that uti-
lizing hydrogen as a feedstock has the potential to create new revenue
streams. However, the realization of this potential occurs in stage 5,
indicating that this assertion is more likely to hold true in the distant
future. Until then, two primary conditions must be met: firstly, the
investment costs for hydrogen components must decrease to compete
with established technologies, and secondly, energy prices must evolve
favorably to make the production of hydrogen from surplus electricity
nd the subsequent sale of products lucrative.
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A.4.3. Operation strategy
The proposed method allows to evaluate the operation of each com-

ponent for multi-stage optimizations using the full time series. In order
to emphasize this special feature, further evaluations in this regard
follow at this point. The input and output power of all components
and the state of charge (SOC) of all storage components are exemplary
displayed for investment stage 5 in the ‘LH2 best-case’ scenario in
Fig. A.3. All values are based on the full time series for the entire
ear and have been aggregated to an average weekly profile for better
resentation. The input and output power are further divided into

energy balances for energy carriers that are electricity, heat, hydrogen
and biogas.

The electricity bus exhibits a nearly constant power demand from
he electrolyzers (PEMELs) and working times correlated external peak
emand. At noon, surplus electricity from PV system, most of which
s fed into the grid, is evident. The CHP unit’s operation is adjusted
o provide electricity during periods without PV power. The CHP is
omplemented by the battery, charged at noon and discharged between

the midday peaks. However, electricity is still drawn from the grid at
night and on weekends.

The flexible operation of the CHP is also reflected in the provision
of heat. It is easy to see how excess heat from the CHP is used in the
evening and night hours to charge the TES and discharge it at noon. The
TES contributes to stabilizing both heat supply and demand throughout
he day. There are instances, especially on weekends, when the thermal

energy storage (TES) and waste heat from the PEMELs fully cover the
heat demand. Although a heat pump (HP) is built in every scenario, its
contribution to heat provision is minimal, suggesting its construction is
likely due to critical time steps.

Examining power consumption, the PEMELs operate almost contin-
ously, with minor dips only at night when self-produced electricity
s limited. Hydrogen from PEMELs is used to charge the H2-storage
utside of refueling times, which is emptied during refueling. The
iomethanation reactor (BMR) is also operated almost constantly and
upplied with hydrogen from the PEMELs. Despite high biogas avail-
bility, particularly on weekdays, the biogas storage facility aligns with
HP operation, loaded at noon and discharged between midday peaks.

As already explained, there are two distinctive points within a day
concerning the storage components. The first is noon. Here, the battery
and biogas storage are charged in line with PV and CHP while the TES
is discharged. Therefore, the battery and biogas storage SOC show a
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Table A.5
Installed capacities of selected component types in each investment stage for the ‘base’ scenarios. (BMR: Biomethanation reactor, CHP: Combined
heat and power unit, PEM: Polymer electrolyte membrane, EL: Electrolyzer, HP: Heat pump, FC: Fuel cell, PV: Photovoltaic, TES: Thermal energy
storage).

Component S1 S2 S3 S4 S5

LH2 HH2 LH2 HH2 LH2 HH2 LH2 HH2 LH2 HH2

BMR 0 0 0 0 0 0 0 0 0 0
CHP 1886 1886 1886 1886 1526 1630 1526 1630 1526 1630
PEMEL 17 236 40 353 105 1010 136 1618 231 2649
Compressor 17 235 39 351 104 1005 135 1610 230 2636
HP 464 344 464 344 464 344 464 344 464 344
PEMFC 0 0 0 0 0 0 0 0 0 0
PV 10 000 10 000 10 000 10 000 10 000 10 000 10 000 10 000 10 000 10 000
H2-Storage 2.0 21.4 3.0 27.1 9.1 66.7 11.6 90.6 15.9 138.7
Battery 118 10 000 108 9193 100 8452 108 108 100 100
TES 5.9 6.3 5.9 6.3 5.9 6.3 5.9 6.3 5.9 6.3
Table A.6
Installed capacities of selected component types in each investment stage for the ‘worst-case’ scenarios. (BMR: Biomethanation reactor, CHP:
Combined heat and power unit, PEM: Polymer electrolyte membrane, EL: Electrolyzer, HP: Heat pump, FC: Fuel cell, PV: Photovoltaic, TES:
Thermal energy storage).

Component S1 S2 S3 S4 S5

LH2 HH2 LH2 HH2 LH2 HH2 LH2 HH2 LH2 HH2

BMR 0 0 0 0 0 0 0 0 0 0
CHP 1886 1886 1886 1886 1527 1630 1527 1630 1527 1630
PEMEL 17 282 43 421 93 1014 136 1688 230 2737
Compressor 17 419 43 419 92 1009 135 1680 229 2724
HP 454 313 454 313 454 313 454 313 454 313
PEMFC 0 0 0 0 0 0 0 0 0 0
PV 10 000 10 000 10 000 10 000 10 000 10 000 10 000 10 000 10 000 10 000
H2-Storage 2.3 26.7 3.8 29.4 7.4 71.7 9.6 91.8 16.5 147.1
Battery 10 000 10 000 9193 9193 8452 8452 108 108 100 100
TES 5.9 7.7 5.9 7.7 5.9 7.7 5.9 7.7 5.9 7.7
Table A.7
Installed capacities of selected component types in each investment stage for the ‘best-case’ scenarios. (BMR: Biomethanation reactor, CHP:
Combined heat and power unit, PEM: Polymer electrolyte membrane, EL: Electrolyzer, HP: Heat pump, FC: Fuel cell, PV: Photovoltaic, TES:
Thermal energy storage).

Component S1 S2 S3 S4 S5

LH2 HH2 LH2 HH2 LH2 HH2 LH2 HH2 LH2 HH2

BMR 0 0 0 0 0 0 0 0 2312 0
CHP 1886 1886 1886 1886 1872 1911 1872 1911 1872 1911
PEMEL 15 192 40 363 115 1063 133 1517 1288 2497
Compressor 15 191 40 362 114 1058 133 1509 968 2484
HP 424 363 424 363 635 363 635 363 635 363
PEMFC 0 0 0 0 0 0 0 0 0 0
PV 10 000 10 000 10 000 10 000 10 000 10 000 10 000 10 000 10 000 10 000
H2-Storage 3.1 25.5 3.9 25.5 13.5 68.8 20.0 94.1 40.7 157.2
Battery 118 118 108 108 100 100 108 108 100 100
TES 5.8 7.3 5.8 7.3 5.8 7.3 5.8 7.3 6.9 7.3
/

local minimum, and the TES SOC shows a local maximum. The second
point in time is refueling. Here, the H2-storage is discharged. This also
applies to the battery and biogas storage (local maximum) while the
TES is charged (local minimum).

Installed capacity reflects in storage utilization. As shown in Sec-
tion 3.2.2, the battery and the TES are sized for a few hours of energy
demand, leading to noticeable intra-day SOC cycling between 10 %
nd 80 %. The H2- and biogas storage, with larger capacity, exhibit
ess pronounced intra-day cycling at around 𝛥20 % (H2-storage) and
30 % (biogas storage). Instead, an intra-weekly storage profile is also
pparent. The average H2-storage level decreases on weekdays and
ncreases on weekends. Conversely, biogas storage sees an increasing
verage level over the week, sharply decreasing during the night from
unday to Monday (no biogas production).

In conclusion, the observations outlined in Section 3.2.2 concerning
he hydrogen value chain are reflected in the operational behavior.
oth the PEMELs and the biomethanation reactor exhibit an almost
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constant supply. The aim is to achieve high capacity factors to coun-
teract the relatively high specific investment costs. To support this,
the H2-storage largely covers peak loads. Enhancing the flexibility of
PEMEL operation to reduce operating costs does not play a significant
role. Additionally, it indicates that utilizing waste heat from electrolyz-
ers can substitute heat from other supply options. However, in the
considered case study, the heat demand is too substantial compared to
the hydrogen demand to entirely forego other heat supply components.

Data availability

The dataset containing the results of this work is published at https:
/doi.org/10.5281/zenodo.13902607 under a MIT license.

https://doi.org/10.5281/zenodo.13902607
https://doi.org/10.5281/zenodo.13902607
https://doi.org/10.5281/zenodo.13902607


L. Bornemann et al. Energy Reports 13 (2025) 117–139 
Fig. A.3. Representation of the weekly operating behavior of all components as an example of investment stage 5 in the ‘LH2 best-case’ scenario. The figure is divided into the
electricity, heat, hydrogen, and biogas bus energy balances and the state of charge (SOC) of the storage components. In the four upper subfigures, positive values correspond to
consumers, negative values to producers. The values shown were scaled to the maximum hourly demand of the corresponding energy carrier. All values presented are based on
the full time series for the entire year and have been aggregated to an average weekly profile for better presentation. (BMR: Biomethane reactor, H: Heat, CHP: Combined heat
and power unit, E: Electricity; PV: Photovoltaic, HP: Heat pump, TES: Thermal energy storage, PEMEL: Polymer exchange membrane electrolyzer).
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