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Abstract
Using optimization to design a renewable energy system has become a computationally demanding task as the high temporal fluctuations of demand and supply arise
within the considered time series. The aggregation of typical operation periods has
become a popular method to reduce effort. These operation periods are modelled
independently and cannot interact in most cases. Consequently, seasonal storage
is not reproducible. This inability can lead to a significant error, especially for energy
systems with a high share of fluctuating renewable energy. The previous paper,
“Time series aggregation for energy system design: Modeling seasonal storage”, has
developed a seasonal storage model to address this issue. Simultaneously, the paper
“Optimal design of multi-energy systems with seasonal storage” has developed a different approach. This paper aims to review these models and extend the first model. The
extension is a mathematical reformulation to decrease the number of variables and
constraints. Furthermore, it aims to reduce the calculation time while achieving the
same results.
Keywords: Energy system, Renewable energy, Mixed integer linear programming
(MILP), Typical periods, Time-series aggregation, Clustering seasonal storage

Introduction
Designing an energy system with the aim of a minimal ecological or economic impact
is a very complex task. The increasing number of possibilities and complexity in energy
form, time and space lead to an even more complex problem. These problems are challenging to solve analytically. Instead, mathematical programs can identify optimal
solutions (Baños et al. 2011). These programs can use Mixed-Integer-Linear-Problem
(MILP) solvers, which can determine the optimal solution concerning their assumptions
and model accuracy.
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The optimisation problems can be solved for the complete time series or typical periods representing the time series (Lythcke-Jørgensen et al. 2016). Typical periods are
recurring time slots where characteristic charging and discharging patterns occur (Kotzur et al. 2018). Typical periods reduce the calculation time due to fewer variables and
constraints to handle. One problem with these periods is the consideration of storage
extending the period time. These storages are modelled with a linear behaviour. The
classical cyclic modelling of storage with typical days would force the storage to have the
same state at the period’s start, and end (Renaldi and Friedrich 2017; Harb et al. 2015;
Fazlollahi et al. 2014; Nahmmacher et al. 2016). This constraint leaves the typical days
unlinked to each other. A transfer of storage content of one typical period to another is
impossible.
Kotzur et al.’s model introduces two-time layers, one within the period and one for
linking these periods (Kotzur et al. 2018). This model allows the solver to create a gradient within the typical periods since the typical period no longer ends with the same
storage state as it began. The time frame outside the typical periods can use this gradient
to determine the state of charge after several periods. Disregarding the state of charge
within the period can lead to overcharging or undercharging the storage. On the other
hand, cyclic storage formulation would keep the same stored energy at the period’s start
and end. In hydro power planning, multi-time horizon approaches have already been
used but not modelled by MILP (Abgottspon and Andersson 2016; Beltrán et al. 2021;
Flamm et al. 2018a; Bordin et al. 2021; Flamm et al. 2018b; Ming et al. 2021; Parvez et al.
2019).
Kotzur et al.’s two-time layers enable seasonal storage calculation while deploying typical days. In (Beck et al. 2022; Göke and Kendziorski 2022; Wirtz et al. 2021; Neumann
et al. 2022; von Wald et al. 2022; Hoffmann et al. 2020) the storage formulation of Kotzur et al. was applied to calculate seasonal storages. Gabrielli et al. (2018) developed a
different approach to calculate seasonal storage with fewer constraints but more variables. The approach creates a storage variable for the entire year with its yearly time step.
Besides, it links the charging and discharging power of the period’s time step to that
yearly time step. This model is used, for example, in Borasio and Moret (2022), Fochesato et al. (2021), Petkov et al. (2021). Kotzur et al. (2021), Bistline et al. (2020) claim to
review and validate these storage models.
Figure 1 explains the two-layer method. The day 0 until 100 and 200 until 280 are represented by period one. Period two represents the days 100 until 200 and 280 until the
end.
Kotzur et al.’s seasonal model allows a positive gradient over period one and a negative
gradient over period two. Consequently, the storage state of these days is increasing for
days represented by period one and decreasing for days represented by period two. This
state stays constant using the cyclic storage model since gradients are unconsidered.
The new idea presented in this paper is to combine storage states of periods represented by the same typical period and located after each other within the year. Figure 2
explains this approach. While the model of Kotzur et al. needs 20 variables and their
connected constraints for 100 days, the new model has one. This reduction is possible since typical days occuring in a row are merged. This combination of storage states
should lead to fewer variables, constraints and calculation time reduction.
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Fig. 1 Seasonal storage model of Kotzur et al. explanation

Fig. 2 Explanation of new seasonal storage model

This paper aims to review the model of Kotzur et al. with new load profiles and compare
it to the model of Gabrielli et al. Furthermore, the new model is explained and compared to
the current models. Therefore solving the problem with the new model should lead to the
same results as the current model.

Storage models
The upcoming section explains the cyclic (called C) and three seasonal storage models
(called S).
Cyclic storage model

The stored energy Et is calculated from the charging Ptc and discharging power Ptd . Charging and discharging losses are considered by the corresponding efficiencies ηcharge and
ηdischarge. Furthermore, a self-discharging rate ηself with the corresponding time step duration δt is considered.

Et = Et−1 · 1 − ηself · δt +

Ptc · ηcharge −

Ptd
ηdischarge

· δt.

(1)

The stored energy (Et ) has to stay between zero and maximal capacity Emax.

0 ≤ Et ≤ Emax .

(2)
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The storage must have the same state of charge at the period‘s start and end
(Et=0 = Et=N ). Additionally, this state of charge has to be the same for all periods.
Seasonal storage model of Gabrielli et al. (2018)

Seasonal storage model of Gabrielli et al. (2018) (called S-G) creates a storage
variable
for


the entire year with its yearly time step (Eh ). Besides, it links the charging Ptc =f (h) and dis

charging power Ptd =f (h) of the period’s time step to that yearly time step. The function f

gets the time step of the year h as an input and is returning the corresponding period with
its period’s time step.





Eh = Eh−1 · 1 − ηself · δt +



Ptc =f (h)

· ηcharge −

Ptd =f (h)
ηdischarge



· δt.

(3)

The cyclic boundary condition is used to connect the last and first storage variable of the
total simulation interval ( Eh=1 = Eh=end+1).
Seasonal storage model of Kotzur et al. (2018)

The seasonal storage model of Kotzur et al. (2018) (called S-K) contains three types of constraints. The first constraint links the typical day’s state of charge with the state of charge
within these typical periods. The second constraint is limiting the state of charge within the
typical days, which aims to avoid negative states of charge or overcharging. The last constraint considers the actual charging, discharging, and losses within the period. This equation applies to both models (S-K and the new one).
This charging and discharging constraint is formulated as follows:




Ptd
c
�Et = �Et−1 · 1 − ηself · δt + Pt · ηcharge −
· δt,
(4)
ηdischarge
where Et is the stored or in case of negative values the extracted energy since the
beginning of the period at the time step t. The charging Ptc and discharging power Ptd
have a charging ηcharge and discharging efficiency ηdischarge.
The stored energy at the end of each period ( Ep) is implemented as follows:


N
Ep = Ep−1 · 1 − ηself · δt + �Et=N ,

(5)


N
0 ≤ Ep−1 · 1 − ηself · δt + �Et ≤ Emax .

(6)

N is the number of time steps in the period. The cyclic boundary condition is used to
connect the last and first amount of stored energy of the total simulation interval
( Ep=1 = Ep=end+1).
The boundaries during the period are implemented as follows:

This equation should avoid overcharging. Due to the calculated self-discharging rate for
the entire period (N) this is not ensured. This equation does not hold for filled storage at
the period’s beginning and a charging rate as high as the self-discharge loss of the period

N
(�Et = (1 − 1 − ηself · δt ) · Emax ). Equations (7) and (8) show this connection.
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N 

N 
Emax · 1 − ηself · δt + 1 − 1 − ηself · δt
· Emax = Emax ≤ Emax .

1 

N 
Emax · 1 − ηself · δt + 1 − 1 − ηself · δt
· Emax

1 
N
= (1 + 1 − ηself · δt − 1 − ηself · δt ) · Emax � ≤ Emax

(7)

(8)

∀ηself > 0 and N > 1.

Using the current time step within the period (t) instead of the total number of time
steps within a period (N) as an exponent for the self-discharging rate avoids this overcharging. The resulting equation is:


t
0 ≤ Ep−1 · 1 − ηself · δt + �Et ≤ Emax .

(9)

New seasonal storage model

The new model (called S-N) checks for periods of the same type during the year in a row
( M > 1). If those periods occur, Eq. ( 5) which links the stored energy from the period to
the inter period one, reformulates to:
M−1
 

N ·M
N  i
Ep = Ep−1 · 1 − ηself · δt
+ �Et=N ·
1 − ηself · δt
.

(10)

i=0

The summation over the self discharging rate can be simplified to (F):

F=

M−1

i=0


N ·M

N i
1 − 1 − ηself · δt
1 − ηself · δt
=

N .
1 − 1 − ηself · δt

(11)

This simplification leads to:

.


N ·M
Ep = Ep−1 · 1 − ηself · δt
+ �Et=N · F .

(12)

The new model summarizes the periods of the same type within a row. Ensuring no
overcharging or negative state of charges needs two new boundaries within the period.
The first one ensures the current states for the first summarized period and the second
one for the last. Equation (9) is accomplishing this for the first one. The second one
needs the storage state at the beginning of the last summarized period. Equation (5)
determines this state. The combination of this equation with Eq. (10) leads to the following equation:

N ·M
t

1 − ηself · δt
· 1 − ηself · δt
0 ≤ Ep−1 · 
N
1 − ηself · δt · F


Ep · 1 − F1

t
+
N · 1 − ηself · δt + �Et ≤ Emax .
1 − ηself · δt


(13)
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Methodology
This paper considers the C, S-G, S-K, and S-N model. It evaluates three system designs.
1 The first system considers a combined heat and power system with a boiler as
backup. Furthermore, a hot tank stores the heat. An industrial hall building’s electric
and thermal demand has to be covered (Reger et al. 2020, 2019). The system has a
connection to the power grid and gas grid.
2 The second system is a heat pump system. It consists of an air heat pump, an electric
heater, and a hot tank as thermal storage. The power grid or a photovoltaic system
covers the electric demand. An industrial hall building’s electric and thermal demand
has to be covered (Reger et al. 2020, 2019).
3 The third system is an island system. It contains a battery, photovoltaic, wind turbines, electrolyser, fuel cell, and hydrogen storage. The island system has a connection to the power grid. It can cover at maximum 10 % of the electric demand. This
boundary forces the system to be grid independent. The electric demand of an example district has to be covered.
Blanke (2022) provides the used time series for the heating loads, electrical loads, the
typical periods, and the python code. The TSAM aggregates typical periods with 24 h as
time step (Hoffmann et al. 2021, 2022, Institute of Energy and Climate Research 2021).
TSAM is a python package to aggregate typical periods from a time series. The clustering method is k-medoids. No extreme periods are integrated. The same number of typical days as in Kotzur et al. (2018) (3, 4, 5, 6, 7, 8, 9, 10, 12, 15, 21, 27, 36, 48, 60, 90, 120,
180, 365) are considered. Taking into account three typical days means each day of the
year is assigned to one of these three typical days (Hoffmann et al. 2022). The optimization models, efficiencies and costs are taken from Kotzur et al. (2018). The only exception is the hydrogen system, where the investment costs are reduced by 10 %. Therefore a
self-discharging rate of 1 % per day is considered. This modification enables the possibility to evaluate the seasonal storage models with a self-discharging rate. Considering the
self-discharging rate should ensure the same results for S-models while using this rate.
The Gurobi solver 9.5.1 is chosen. Neither heuristic nor presolve algorithms are
applied since the heuristics matches are random and the presolve is resulting in longer
calculation times for a small number of typical days. The MIP-Gap is set to 1 %. Default
values are applied to the rest of the solver settings. The hardware consists of two test
machines containing 32 GB RAM with an AMD Ryzen 7 1700 Processor and 64 GB
RAM with an Intel Xeon W-2155 Processor, respectively. Furthermore, the optimization
uses 12 threads.
Equations (6) and (13) are simplified as explained in section Constraint reformulation.

Results and discussion
The results of the three systems are presented and discussed in the following section.
All S-models lead within the numerical accuracy to the same results. Therefore the cost
results are just shown for the one S-model (S). The time results are the mean of the two
hardware configurations, whereby two runs on each configuration are performed. The
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reference model (ref.) optimizes the entire year with the original, hourly data without
merging similar time series to typical days or typical periods. The modified model (mod.)
optimizes the entire year with the hourly data aggregated by the typical days. This model
allows the determination of the storage model usage error. The cost results are compared
to both the reference and modified model. Costs are the combination of operating and
component costs and the optimization objective. The relative error is calculated by the
following equation:




COperation sce. + Cinvestment sce.


Crel = 1 −
.
(14)

COperation ref./mod. + Cinvestment ref./mod. 

A relative cost error of 2 % implies that the total cost difference between the reference (ref.) or modified (mod.) model to the considered storage scenario (sce.) (different
model/ number of typical periods) is 2 %. This error will vary over the number of typical
days since it compares the costs and not the energy system component sizes (like X kWh
of battery). If the photovoltaic size is smaller than in the reference case, but the battery
size is larger, this can lead to the same costs but with different component sizes.
For all cases, the ratio of the number of variables and constraints compared to the S-Kmodel is always lower than one. The ratio is less for the cyclic case since the storage is
not linked. For the S-N-model, the ratio is logarithmically increasing over the number of
typical days up to one since the number of the same typical periods in a row decreases
with increasing typical days. For the S-G-model, it is slightly decreasing.
In General, the C-model is the fastest. The S-N-model is faster or nearly as fast as the
S-K-model. Besides, the S-G-model is the slowest one.
CHP system

Figure 3 shows the calculation time for all storage models (a) and the total costs error
(b). In most cases, the calculation time for a number of typical days below 27 is less than
35 % of the time of the complete year calculation. Especially the C-model stays below 5 %
of the calculation time. This time reduction results from fewer variables and constraints
used by the C-model. For the most number of typical days, the total cost error is less
than 1 % compared to the reference model and less than 2.5 % compared to the modified model. The S and C-models lead to nearly the same error for a number of typical
days less than 8. Afterwards, they differ. All S-models lead to an error of less than 0.2 %,
which is slightly better than the C-model error of 0.6 %. This same error indicates that
the primary storage usage is daily and not seasonal.
Figure 3c shows the number of variables (Var.) and constraints (Const.) as well as the
calculation time relative to the S-K-model. In most cases, the S-N-model is more than
10 % faster and the C-model up to 80 %. The S-G-model is more than 40 % slower than
the S-K-model in most cases.
Air heat pump system

Figure 4 shows the calculation time for all storage models (a) and the total costs error
(b). For a number of typical days below 28, the calculation time amounts to less than 40
% of the time for the complete year calculation. Especially the C-model stays below 5
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Fig. 3 Calculation time (a) and total costs error (b) for the different storage models and relative share of
number of constraints and variables as well as time for C, S-G- and S-N- to S-K-model (c) for the CHP system

% of the calculation time. The total costs error stays below 2 % for the most number of
typical days compared to both the reference and modified model. The S- and C-models
reduce this error below 1 % for 27 or more typical days. Both models lead to almost the
same error. The concordance between the errors indicates that the storage usage is daily
instead of seasonal.
Figure 4c shows the number of variables (Var.) and constraints (Const.) as well as the
calculation time relative to the S-K-model. In most cases, for less than 10 typical days,
the S-N-model is about 20 % faster than the S-K-model. For more than 10 typical days,
the S-N-model is as fast as the S-K-model. The C-model is up to 80 % faster in most
cases. The S-G-model is about 100 % slower than the S-K-model in most cases.
Island system

Figure 5 shows the calculation time for all storage models (a) and the total cost error (b).
The total cost error amounts to 45 % at its maximum. This error is significantly higher
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Fig. 4 Calculation time (a) and total costs error (b) for the different storage models and relative share of
number of constraints and variables as well as time for C, S-G- and S-N- to S-K-model (c) for the air heat pump
system

than the CHP and the Air heat pump system error. However, for the most numbers of
typical days, the total cost error remains below 12 % compared to the reference model.
Only in the case of more than 48 typical days does the cost error of the S-model differ
from the C-model. The concordance between the errors in cases of up to 21 typical days
indicates the storage usage as daily storage instead of seasonal storage. This statement is
underlined by Fig. 6 since hydrogen storage is chosen for the number of typical days of
48 and more.
The cost error for a number of typical days less than 10 is below 2 % compared to the
modified model. For a number of typical days of more than 48, the S and C-model errors
differ. This trend indicates that the costs error for a number of typical days less than 10
is caused by the typical days and not by the storage models. For a number of typical days
higher than 48, the error is caused by the storage model. So, the seasonal storage model
has a lower error here.
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Fig. 5 Calculation time (a) and total costs error (b) for the different storage models and relative share of
number of constraints and variables as well as time for C, S-G- and S-N- to S-K-model (c) for Island system

For a number of typical days below 36, generally, the calculation time is lower than 14
% of the full-year calculation time. Especially the C-model stays below 5 % of the calculation time.
Figure 5c shows the number of variables (Var.) and constraints (Const.) as well as the
calculation time relative to the S-K-model. Up to 12 typical days, the S-N-model often
calculates at least 10 % faster than the S-K-model. It is approximately as fast as the
seasonal model for more typical days. The calculation time reduction decreases by an
increasing number of typical days because of nearly the same number of variables and
constraints for both models. The C-model is up to 90 % faster in most cases, and the
S-G-model is, on average, 230 % slower than the S-K-model.
Figure 6 shows the total cost-share of the C-model, S-model, modified, and reference
model. Until 21 typical days, the total costs increase for both storage models. Besides,
the backup is used from a number of 6 typical days on. For less than 6 typical days,
photovoltaic, wind turbine, and battery storage define the system. Hydrogen storage,

Page 10 of 14

Blanke et al. Energy Informatics 2022, 5(Suppl 1):17

Fig. 6 Comparison of total costs share for cyclic and seasonal storage model for Island system

electrolyser and fuel cell are the components allowing seasonal storage. As of 21 typical
days, the seasonal storage components are included in the system optimized using a seasonal storage model. The seasonal storage model leads to nearly the same results as the
reference case for a number of typical days of 48 and more. The C-model cannot get the
same result because it cannot consider hydrogen storage as seasonal storage.

Conclusions
The presented work reviewed the classical cyclic storage formulation using typical days,
the seasonal storage model by Kotzur et al., and the seasonal storage model of Gabrielli et al. Furthermore, it presented and evaluated an extension of the seasonal storage
model of Kotzur et al.
The review of the model of Kotzur et al. leads to the same results and conclusions:
– The seasonal storage model is not reasonable for system designs where seasonal storage is not an economical option. This model results in the same outcomes but with
more calculation time than the not linked storage model.
– For a system that relies on seasonal storage, a seasonal storage model is a feasible
option. It significantly reduces the computational time for a high number of typical
days. Furthermore, it leads to nearly the same system design.
This conclusion also applies to Gabrielli et al.’s seasonal storage model. All seasonal
storage models lead to the same results. Gabrielli et al.’s model reduces the number of
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variables and constraints by 5–10% compared to Kotzur et al.’s model. The calculation
time of this model is significantly higher than for the model of Kotzur et. al. The new
seasonal storage model summarises storage states of days in a row represented by the
same typical period. It reduces the number of constraints and variables by more than 20
% for a small number of typical days. In this case, the calculation time is low for all models. So, this new algorithm is beneficial for an energy system with many seasonal storage components. So, it is valuable for extensive case studies. Also, the calculation time
reduces by more than 10 % on the most numbers of typical days.
If seasonal storage should be considered, the seasonal storage model of Kotzur et al.
should be used instead of the model of Gabrielli et al. The new model is a good choice,
especially for a low number of typical periods or if many typical periods of the same type
occur in a row.

Appendix
Constraint reformulation

This Eq. (6) can be reformulated using a support variable r to the following two
equations:


N
r + Ep−1 · 1 − ηself · δt + �Et = Emax .

(15)

r ≤ Emax .

(16)

This Eq. (13) can be reformulated using a support variable r to Eqs. (16) and (17):

N ·M
t

1 − ηself · δt
· 1 − ηself · δt
r + Ep−1 · 
N
1 − ηself · δt · F


Ep · 1 − F1

t
+
N · 1 − ηself · δt + �Et = Emax
1 − ηself · δt


Abbreviations
MILP	Mixed-integer-linear-problem
TSAM	Time series aggregation module
Eh	Stored energy at the time step h within the year [J]
Ep	Stored energy at the beginning of period p [J]
Et	Stored energy at the time step t [J]
Emax	Maximal stored energy [J]
F	Self discharging factor for more then one period [–]
M	Number of same period i in a row [–]
N	Number of time steps in the period [–]
Ptc	Charging power at time step t [W]
Ptd	Discharging power at time step t [W]
Et	Stored or extracted energy from beginning of the period to time step tJ.
δt	Time step length [s]
ηcharge	Charging efficiency [–]
ηdischarge	Discharging efficiency [–]
ηself 	Self discharging rate [1/s]
f	Function that returns the period time step for the input hour h [–]
h	Time step within the year [–]
r	Supporting variable to simplify constraints [J]
t	Time step within the one period [–]
C	Cyclic storage model

(17)
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S	Seasonal storage model
S-G	Seasonal storage model of Gabrielli et al. (2018)
S-K	Seasonal storage model of Kotzur et al. (2018)
S-N	New seasonal storage model as and extension of Kotzur et al. model
Acknowledgements
It will be filled out after the double-blind review.
About this supplement
This article has been published as part of Energy Informatics Volume 5 Supplement 1, 2022: Proceedings of the 11th
DACH+ Conference on Energy Informatics. The full contents of the supplement are available online at https://energyinfo
rmatics.springeropen.com/articles/supplements/volume-5-supplement-1.
Author contributions
Conceptualization, methodology: TOB; Software, investigation: TOB; Writing-original draft preparation: TOB, KS; Writingreview and editing: TOB, KS, JO, DO, JF, CT; Supervision: JO, DO, JF, CT; Funding acquisition: JO, DO. All authors read and
approved the final manuscript.
Funding
The project is partly funded by the German Federal Ministry of Education and Research under the funding code
13FH555IX6. The responsibility for the content of this publication lies with the authors.
Availibility of data and materials
Blanke (2022) provides the used time series for the heating loads, electrical loads, the typical periods, and the code.

Declarations
Competing interests
The authors declare that they have no competing interests.
Published: 7 September 2022

References
Abgottspon H, Andersson G (2016) Multi-horizon modeling in hydro power planning. Energy Procedia 87:2–10. https://
doi.org/10.1016/j.egypro.2015.12.351
Baños R, Manzano-Agugliaro F, Montoya FG, Gil C, Alcayde A, Gómez J (2011) Optimization methods applied to renewable and sustainable energy: a review. Renew Sustain Energy Rev 15(4):1753–1766. https://doi.org/10.1016/j.rser.
2010.12.008
Beck A, Knöttner S, Unterluggauer J, Halmschlager D, Hofmann R (2022) An integrated optimization model for industrial
energy system retrofit with process scheduling, heat recovery, and energy supply system synthesis. Processes
10(3):572. https://doi.org/10.3390/pr10030572
Beltrán F, Finardi EC, de Oliveira W (2021) Two-stage and multi-stage decompositions for the medium-term hydrothermal scheduling problem: a computational comparison of solution techniques. Int J Electric Power Energy Syst
127:106659. https://doi.org/10.1016/j.ijepes.2020.106659
Bistline J, Cole W, Damato G, DeCarolis J, Frazier W, Linga V, Marcy C, Namovicz C, Podkaminer K, Sims R, Sukunta M,
Young D (2020) Energy storage in long-term system models: a review of considerations, best practices, and research
needs. Progr Energy 2(3):032001. https://doi.org/10.1088/2516-1083/ab9894
Blanke T (2022) Time series aggregation for energy system design. https://git.fh-aachen.de/tb5152e/time-series-aggre
gation-for-energy-system-design (Accessed 22 Mar 2022)
Borasio M, Moret S (2022) Deep decarbonisation of regional energy systems: a novel modelling approach and its application to the Italian energy transition. Renew Sustain Energy Rev 153:111730. https://doi.org/10.1016/j.rser.2021.
111730
Bordin C, Mishra S, Palu I (2021) A multihorizon approach for the reliability oriented network restructuring problem,
considering learning effects, construction time, and cables maintenance costs. Renew Energy 168:878–895. https://
doi.org/10.1016/j.renene.2020.12.105
Fazlollahi S, Becker G, Maréchal F (2014) Multi-objectives, multi-period optimization of district energy systems: II—daily
thermal storage. Comput Chem Eng 71. https://doi.org/10.1016/j.compchemeng.2013.10.016
Flamm B, Eichler A, Warrington J, Lygeros J (2018a) 2018 European Control Conference (ECC): 12–15 June 2018. IEEE,
Piscataway, NJ. http://ieeexplore.ieee.org/servlet/opac?punumber=8496738 (Accessed 20 Jun 2022)
Flamm B, Eichler A, Warrington J, Lygeros J (2018b) Dual dynamic programming for nonlinear control problems over long
horizons. In: 2018 European Control Conference (ECC), pp. 471–476. IEEE, https://doi.org/10.23919/ECC.2018.85501
04
Fochesato M, Heer P, Lygeros J (2021) Multi-objective optimization of a power-to-hydrogen system for mobility via twostage stochastic programming. J Phys Conf Ser 2042(1):012034. https://doi.org/10.1088/1742-6596/2042/1/012034
Gabrielli P, Gazzani M, Martelli E, Mazzotti M (2018) Optimal design of multi-energy systems with seasonal storage. Appl
Energy 219:408–424. https://doi.org/10.1016/j.apenergy.2017.07.142
Göke L, Kendziorski M (2022) Adequacy of time-series reduction for renewable energy systems. Energy 238(7):121701.
https://doi.org/10.1016/j.energy.2021.121701

Page 13 of 14

Blanke et al. Energy Informatics 2022, 5(Suppl 1):17

Harb H, Schwager C, Streblow R, Müller D (2015) Optimal design of energy systems in residential districts with interconnected local heating and electrical networks. Build Simul Conf https://doi.org/10.13140/RG.2.1.2144.6488
Hoffmann M, Kotzur L, Stolten D, Robinius M (2020) A review on time series aggregation methods for energy system
models. Energies 13(3):641. https://doi.org/10.3390/en13030641
Hoffmann M, Priesmann J, Nolting L, Praktiknjo A, Kotzur L, Stolten D (2021) Typical periods or typical time steps? A multimodel analysis to determine the optimal temporal aggregation for energy system models. Appl Energy 304:117825.
https://doi.org/10.1016/j.apenergy.2021.117825
Hoffmann M, Kotzur L, Stolten D (2022) The pareto-optimal temporal aggregation of energy system models. https://arxiv.
org/pdf/2111.12072 (Accessed 22 Mar 2022)
Institute of Energy and Climate Research: Electrochemical Process Engineering: tsam - Time Series Aggregation Module
(2021). https://github.com/FZJ-IEK3-VSA/tsam (Accessed 22 Mar 2022)
Kotzur L, Markewitz P, Robinius M, Stolten D (2018) Time series aggregation for energy system design: modeling seasonal
storage. Appl Energy 213:123–135. https://doi.org/10.1016/j.apenergy.2018.01.023
Kotzur L, Nolting L, Hoffmann M, Groß T, Smolenko A, Priesmann J, Büsing H, Beer R, Kullmann F, Singh B, Praktiknjo A,
Stolten D, Robinius M (2021) A modeler’s guide to handle complexity in energy systems optimization. Adv Appl
Energy 4:100063. https://doi.org/10.1016/j.adapen.2021.100063
Lythcke-Jørgensen CE, Münster M, Ensinas AV, Haglind F (2016) A method for aggregating external operating conditions
in multi-generation system optimization models. Applied Energy 166. https://doi.org/10.1016/j.apenergy.2015.12.
050.
Ming B, Liu P, Cheng L (2021) An integrated framework for optimizing large hydro-photovoltaic hybrid energy systems:
capacity planning and operations management. J Clean Prod 306:127253. https://doi.org/10.1016/j.jclepro.2021.
127253
Nahmmacher P, Schmid E, Hirth L, Knopf B (2016) Carpe diem: a novel approach to select representative days for longterm power system modeling. Energy 112. https://doi.org/10.1016/j.energy.2016.06.081
Neumann F, Hagenmeyer V, Brown T (2022) Assessments of linear power flow and transmission loss approximations
in coordinated capacity expansion problems. Appl Energy 314:118859. https://doi.org/10.1016/j.apenergy.2022.
118859
Parvez I, Shen J, Khan M, Cheng C (2019) Modeling and solution techniques used for hydro generation scheduling. Water
11(7):1392. https://doi.org/10.3390/w11071392
Petkov I, Gabrielli P, Spokaite M (2021) The impact of urban district composition on storage technology reliance: tradeoffs between thermal storage, batteries, and power-to-hydrogen. Energy 224:120102. https://doi.org/10.1016/j.
energy.2021.120102
Renaldi R, Friedrich D (2017) Multiple time grids in operational optimisation of energy systems with short- and long-term
thermal energy storage. Energy 133. https://doi.org/10.1016/j.energy.2017.05.120
Reger V, Kuhnhenne M, Hachul H, Döring B, Ebbert T, Blanke T, Göttsche J (2019) Plusenergiegebäude 2.0 in Stahlleichtbauweise. Stahlbau 88(6):522–528. https://doi.org/10.1002/stab.201900034
Reger V, Kuhnhenne M, Ebbert T, Hachul H, Blanke T, Döring B (2020) Nutzung erneuerbarer Energien durch thermische
Aktivierung von Komponenten aus Stahl. Stahlbau 89(6):512–519. https://doi.org/10.1002/stab.202000031
von Wald G, Sundar K, Sherwin E, Zlotnik A, Brandt A (2022) Optimal gas-electric energy system decarbonization planning. Adv Appl Energy 6:100086. https://doi.org/10.1016/j.adapen.2022.100086
Wirtz M, Hahn M, Schreiber T, Müller D (2021) Design optimization of multi-energy systems using mixed-integer linear
programming: which model complexity and level of detail is sufficient? Energy Convers Manage 240:114249.
https://doi.org/10.1016/j.enconman.2021.114249

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

Page 14 of 14

