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ABSTRACT

Designing efficient energy systems is indispensable for shaping a more sustainable society. This involves making
infrastructure investment decisions that must be valid for a long-term time horizon. While energy system opti-
mization models constitute a powerful technique to support planning decisions, they need to cope with inherent
uncertainty. For example, predicting future demand on a scale of decades is not only an intricate challenge in itself,
but small fluctuations in such a forecast might also largely impact the layout of a complex energy system.

In this paper, we compare two methodologies of capturing demand uncertainty for linear-programming based
energy system optimization models. On one hand, we generate and analyze catalogs of varying demand scenarios,
where each individual scenario is considered independently, so that the optimization produces scenario-specific
investment pathways. On the other hand, we make use of robust linear programming to meet the demand of all
scenarios at once. Since including a multitude of scenarios increases the size and complexity of the optimization
model, we will show how to use warm-starting approaches to accelerate the computation process, by exploiting
the similar structure of the linear program across different demand inputs. This allows to integrate a meaningful
number of demand scenarios with fully-fledged energy system models.

We demonstrate the practical use of our methods in a case study of the Berlin-Brandenburg area in Germany, a
region that contains both a metropolitan area and its rural surroundings. As a backbone, we use the open-source
framework oemof to create a sector-coupled optimization model for planning an energy system with up to 100%
reduction of greenhouse gas emissions. This model features a fine-grained temporal resolution of one hour for the
full year 2050. We consider uncertainty in demand for electricity, hydrogen, natural gas, central, and decentral heat.
Based on our computations, we analyze the trade-offs in terms of quality and computation time for scenario catalogs
and the robust optimization approach. We further demonstrate that our procedure provides a valuable strategy for
decision makers to gain insight on the robustness and sensitivity of solutions regarding demand variability.

1 INTRODUCTION

Energy models are essential tools for determining investment pathways for future decarbonized energy systems.
However, the influence of uncertainties on the results of these models is gaining increasing attention, with extensive
studies focusing on identifying key drivers and quantifying their impact on optimization model outcomes (e.g.,
Löffler et al., 2022; Yue et al., 2018).

One prominent example of such uncertainties lies in assigning future energy demands. Predicting energy demand
over multiple decades is challenging for various reasons. Assumptions of the underlying scenarios – such as
those related to economic development, supply chains, and technological advancements – play a crucial role in
determining the demand for a specific region (Suganthi and Samuel, 2012). Yet, even when these assumptions are
fixed, energy demand can still fluctuate due to interannual weather variability (Zeyringer et al., 2018), for example,
causing more or less heating-degree days (Deroubaix et al., 2021). Another critical factor is the sufficiency behavior
of stakeholders. At the same time, energy demand projections play a pivotal role when designing optimal energy
systems, as they directly influence investment decisions in generation capacities.

One approach to evaluate the impact of uncertainties on the optimal design of energy systems is through parametric
and sensitivity studies (DeCarolis et al., 2017; Yue et al., 2018). These studies provide decision-makers with a
range of solutions by systematically sampling the uncertainty space, conducting multiple optimization runs, and
visualizing the results (Usher et al., 2023). Alternatively, robust optimization offers a pathway to an integrated
solution that ensures the optimized energy system can accommodate all scenarios within a defined range of
uncertainty (e.g., Yokoyama et al., 2018); see Verderame et al., 2010 for an extensive review of techniques to
optimize under uncertainty for multiple sectors.
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As energy models grow increasingly complex, computational effort becomes a critical factor alongside the ac-
curacy and relevance of results. Overly time-consuming studies are often deemed impractical and replaced with
simplified models or computationally feasible experimental setups. In previous studies, we demonstrated that
linear optimization methods can reduce the number of required samples in parametric studies (Muschner et al.,
2024) and enable the exploration of cost uncertainties through a warm-start strategy (Lindner et al., 2024) – without
losing valuable information.

This study investigates the advantages and disadvantages of the algorithmically accelerated parametric strategy
compared to an integrated robust optimization approach. Using a case study for the Berlin-Brandenburg region
with the oemof-B3 model, we assess the quality of results and the computational effort associated with these
methodologies.

2 MATHEMATICAL MODEL

We use the open-source energy system model oemof-B3 (Launer and et al., 2023; Launer et al., 2023) to simulate
and optimize the energy system. The model is based on various libraries of the open source framework oemof
(oemof community, n.d.): the model generator oemof.solph (Krien et al., n.d.; Krien et al., 2020), oemoflex (Launer
et al., n.d.) for the preparation of data packages, and oemof.tabular (Günther et al., n.d.; Hilpert et al., 2021).

The oemof-B3 model considers two nodes, the German federal states of Berlin and Brandenburg, and hence com-
prises both a densely populated urban area and a sparsely populated rural area. The two nodes are interconnected
by electricity lines, with no external connections. Energy technologies and capacities are aggregated by state.
Future projections for energy demand, prices, and emission factors are assumed to follow perfect foresight. The
oemof-B3 model is sector-coupled, covering electricity and heat systems, with centralized and decentralized heat
treated separately. Conversion technologies link energy carriers such as electricity, heat, hydrogen, and methane,
while renewable energy sources (wind, PV, run-of-river) assume hourly weather data. Gas-fired combined heat-
and-power plants (CHP), heat pumps, electrolyzers, resistance heaters (power-to-heat), and energy storage systems
(e.g., H2 caverns, heat storage) are included. Figure 1 gives an overview of the ingredients of the energy system
for either of the nodes.

boiler large

boiler small

CH4 backpressure
CHP

CH4 gas turbine

electrolyzer

heatpump largepower-to-heat

heatpump small

H2 gas turbineH2 backpressure
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Figure 1: Essential network layout of the oemof-B3 energy system for one node with primary sources (yellow),
buses (red), converters (gray), storages (blue) and transmission from and to the other node (purple). The energy
system does also feature hydrogen, electricity, and heat import, as well as excess and shortage components, which
are omitted in the picture.

The aim of the oemof-B3 model is to calculate a cost-optimal expansion and operation of a greenfield system,
minimizing total system costs, including variable, fixed, and annuitized investment costs. From the mathematical
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standpoint, the optimization model is set up as a linear program, minimizing a linear objective function subject to
linear constraints:

Minimize
∑︁

𝑚∈𝑀,𝑟∈𝑅
𝑐installed
𝑚,𝑟 · Cinstalled

𝑚,𝑟

+
∑︁

𝑠∈𝑆,𝑟∈𝑅
𝑐

storage
𝑠,𝑟 · Cstorage

𝑠,𝑟

+
∑︁

𝑎∈𝐴,𝑟∈𝑅
𝑐flow
𝑎,𝑟 · f𝑎,𝑟 ,𝑡 (1a)

subject to
∑︁

𝑎∈ 𝛿+ (𝑏)
f𝑎,𝑟 ,𝑡 −

∑︁
𝑎∈ 𝛿− (𝑏)

f𝑎,𝑟 ,𝑡 = 𝑑𝑏,𝑟 ,𝑡 𝑏 ∈ 𝐵, 𝑟 ∈ 𝑅, 𝑡 ∈ 𝑇 (1b)∑︁
𝑎∈ 𝛿+ (𝑚)

f𝑎,𝑟 ,𝑡 ≤ Cinstalled
𝑚,𝑟 𝑚 ∈ 𝑀, 𝑟 ∈ 𝑅 (1c)∑︁

𝑎∈ 𝛿− (𝑠)
f𝑎,𝑟 ,𝑡 ≤ Cinstalled

𝑠,𝑟 𝑠 ∈ 𝑆, 𝑟 ∈ 𝑅 (1d)

f(𝑝,electricity) ,𝑟 ,𝑡 = 𝑔𝑝,𝑟 ,𝑡 · Cinstalled
𝑝,𝑟 𝑝 ∈ 𝑃, 𝑟 ∈ 𝑅, 𝑡 ∈ 𝑇 (1e)

f(transmission,electricity) ,r,𝑡 = (1 − 𝜆) · f(electricity,transmission) ,𝑟 ′ ,𝑡 𝑡 ∈ 𝑇, 𝑟, 𝑟′ ∈ 𝑅, 𝑟 ≠ 𝑟′ (1f)

𝜀𝑟 ·
∑︁

𝑎∈ 𝛿−
CH4

(𝑏)
f𝑎,𝑟 ,𝑡 =

∑︁
𝑎∈ 𝛿−

electricity (𝑏)
f𝑎,𝑟 ,𝑡 𝑏 ∈ 𝐻, 𝑟 ∈ 𝑅, 𝑡 ∈ 𝑇 (1g)

f𝑎,𝑟 ,𝑡 =
∑︁

𝑎′∈ 𝛿− (𝑦)
𝜁𝑦,𝑎′ · f𝑎′ ,𝑟 ,𝑡 𝑦 ∈ 𝑌, 𝑎 ∈ 𝛿+ (𝑦), 𝑟 ∈ 𝑅, 𝑡 ∈ 𝑇 (1h)

x𝑠,𝑟 ,𝑡+1 + 1
𝜂𝑠

·
∑︁

𝑎∈ 𝛿+ (𝑠)
f𝑎,𝑟 ,𝑡 = (1 − 𝛽𝑠) · x𝑠,𝑟 ,𝑡 + 𝜂𝑠 ·

∑︁
𝑎∈ 𝛿− (𝑠)

f𝑎,𝑟 ,𝑡 𝑠 ∈ 𝑆, 𝑟 ∈ 𝑅, 𝑡 ∈ 𝑇 (1i)

x𝑠,𝑟 ,𝑡 ≤ Cstorage
𝑠,𝑟 𝑠 ∈ 𝑆, 𝑟 ∈ 𝑅, 𝑡 ∈ 𝑇 (1j)

0 ≤ f𝑎,𝑟 ,𝑡 ≤ 𝑓 𝑎,𝑟 𝑎 ∈ 𝐴, 𝑟 ∈ 𝑅, 𝑡 ∈ 𝑇 (1k)

𝐶installed
𝑚,𝑟 ≤ Cinstalled

𝑚,𝑟 ≤ 𝐶
installed
𝑚,𝑟 𝑚 ∈ 𝑀, 𝑟 ∈ 𝑅 (1l)

𝐶storage
𝑠,𝑟 ≤ Cstorage

𝑠,𝑟 ≤ 𝐶
storage
𝑠,𝑟 𝑠 ∈ 𝑀, 𝑟 ∈ 𝑅 (1m)

x𝑠,𝑟 ,𝑡 ≥ 0 𝑠 ∈ 𝑆, 𝑟 ∈ 𝑅, 𝑡 ∈ 𝑇 (1n)

The notation is summarized in the nomenclature section at the end of the paper. We briefly discuss the main
ingredients here, and refer to the documentation of oemof.solph (Krien et al., n.d.) for details. We decompose
the set of vertices of the network layout graph for each region in Figure 1 into the sets of buses 𝐵, converters 𝑌 ,
storages 𝑆, primary sources 𝑃, and the transmission node. The set 𝑀 := 𝑃 ∪ 𝑆 ∪ 𝑌 comprises those components,
whose capacities are to be determined. We write 𝐻 := {heat central, heat central} ⊆ 𝐵 for the two heat buses.
Further let 𝑅 B {Berlin,Brandenburg} denote the two region nodes under consideration.

The variables are typeset in bold and consist of the installed capacities Cinstalled
𝑚,𝑟 for each 𝑚 ∈ 𝑀 and region 𝑟 ∈ 𝑅,

storage capacities Cstorage
𝑠,𝑟 for each storage 𝑠 ∈ 𝑆 and 𝑟 ∈ 𝑅, time-indexed flows f𝑎,𝑟 ,𝑡 for all arcs 𝑎 ∈ 𝐴 of the

network layout graph, regions 𝑟 ∈ 𝑅 and time steps 𝑡 ∈ 𝑇 = {0, . . . , 𝑡max}, and storage levels x𝑠,𝑟 ,𝑡 for all 𝑠 ∈ 𝑆,
𝑟 ∈ 𝑅 and 𝑡 ∈ 𝑇 .

The aim is to minimize the total system cost (1a), depending on the cost of providing capacities and the cost of
sending one unit of flow. By 𝛿+ (𝑣) we denote the set of arcs going out from 𝑣, and by 𝛿− (𝑣) the set of ingoing
arcs. The constraints (1b) ensure that the demands 𝑑𝑏,𝑟 ,𝑡 are satisfied. (1c) and (1d) link the energy flows to
the installed capacities. The primary sources provide an output matching their generation profile 𝑔𝑝,𝑟 ,𝑡 (1e) at
each time step. Electricity can be transmitted from one region to another with a certain loss 𝜆 (1f). For the heat
buses, a fixed electricity-gas relation 𝜀𝑟 is maintained between the CH4 input flow and the electricity input flow
(1g). Converters, e.g., electrolyzers or backpressure CHP plants, can transform input flows to output flows with
individual efficiencies 𝜂𝑦,𝑎 (1h). Constraint (1i) manages the storage content depending on storage levels and loss
rates 𝛽𝑠 and 𝜂𝑠 , with the convention that 𝑡max + 1 = 0. The storage capacities must be at least as large as the storage
level at any time (1j). Finally, (1k)–(1n) provide bounds on the variables.
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3 ALGORITHMIC APPROACHES FOR UNCERTAINTY MODELING

Demand uncertainties in energy system optimization models can be captured in a multitude of ways. In the
following, we will focus on three strategies: scenario catalogs, an integrated method, and strict robustness.

3.1 Scenario Catalogs

A very accessible way to analyze demand uncertainty is to run the optimization model for various sets of demands.
Such a scenario catalog can be assembled manually, or sampled randomly according to some distribution e.g., by
Monte-Carlo methods. In our case, a scenario catalog is a collection of right-hand side vectors (𝑑𝑏,𝑟 ,𝑡 )𝑏∈𝐵,𝑟∈𝑅,𝑡∈𝑇
for (1b), and we solve the linear program (1a)–(1n) for each such vector. A big advantage is that each scenario can
in principle be considered independently, so that the resulting linear programs can be solved in parallel. Moreover,
the number of variables and constraints remains the same.

However, as only some right-hand side values change, but neither the objective coefficients nor the variable
coefficients in the constraints, we also propose a different approach: If the linear program is solved with the dual
simplex method, the final result will be a dual optimal simplex basis. If only right-hand sides are modified, this
simplex basis remains dual feasible, so that the dual simplex procedure can be warm-started with a solution that
is hopefully already close to optimal. This idea – in the dual version with the primal simplex algorithm – has
shown to be fruitful to investigate near-optimal solutions within oemof-B3 in the context of modeling to generate
alternatives (Lindner et al., 2024), a scheme based on varying objective coefficients (Brill et al., 1982).

The disadvantage of this warm-starting procedure is that it is inherently sequential, and that the dual simplex
algorithm itself is typically not internally parallelized in commercial software (e.g., Gurobi, CPLEX). This is
in contrast to barrier algorithms, that can exploit concurrency, but are numerically less stable and lack efficient
warm-starts (Yildirim and Wright, 2002). To enable a certain degree of parallelism, we therefore propose to
compute only one dual optimal simplex basis for a single scenario, and then to use this basis as warm-start for all
other scenarios in the catalog, which then can be run independently in parallel.

3.2 Integrated Robust Solutions

As the optimization scenarios described in Section 3.1 are independent, the scenario catalog approach is agnostic
of trade-offs emerging from considering multiple scenarios at once. For our energy system optimization model,
this could mean that the installed capacities might be optimal for one specific demand situation, but are insufficient
or overly costly for the other demand scenarios in the catalog. We therefore propose to integrate all scenarios into
a single model. Technically, we combine the linear programs (1a)–(1n) for all scenarios in the catalog into one
large linear program, but identify the capacity variables Cinstalled

𝑚,𝑟 and Cstorage
𝑚,𝑟 . This means that flows f𝑎,𝑟 ,𝑡 and

storage contents x𝑠,𝑟 ,𝑡 are still considered individually for each scenario, but for each region and technology, there
is a single investment decision, so that installed capacities must work for all scenarios. In this sense, the model is
robust to variations in demand, and allows us to exploit some balance of installed capacities among the scenarios.
We keep the coefficients for the capacity variables in the objective function, but divide the coefficients for the
flow variables by the number of scenarios, so that we optimize the average total system cost. This resembles a
stochastic programming approach, where the capacities are first-stage variables, and the flows are second-stage,
and all scenarios are equally probable (see, e.g., Shapiro et al., 2021).

The clear disadvantage of this approach is the size of the integrated model, as the number of variables and
constraints is essentially multiplied by number of scenarios. If the resulting model turns out to be computationally
infeasible, then one might resort to approximations that work with a reduced number of scenarios, e.g., sample
average approximation with Monte-Carlo sampling (Verweij et al., 2003).

3.3 Strict Robustness

Finally, we discuss a robust linear programming method (see, e.g., Ben-Tal and Nemirovski, 1999). A common
approach to specify uncertainties is to rely on polyhedral, or even simpler, box uncertainty sets. In our energy
system optimization case, box uncertainty means that we assume that demands lie within a given interval. A
robust solution would then compute investment and storage capacities that capture all possible demands within a
prescribed minimum and maximum value. This means that we merely need to consider the highest demand per
bus and time step due to the linear formulation of the model.

We can therefore interpret such a strictly robust solution as the most pessimistic one, or, considering the lower
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bounds of each demand interval, as the most optimistic solution.

Theorem 1. Let 𝜈𝑖 denote the total system cost of scenario 𝑆𝑖 in the catalog {𝑆1, . . . , 𝑆𝑛} (Section 3.1). Let
further 𝜈integrated denote the optimal objective value of the integrated robust model (Section 3.2). Finally, denote by
𝜈strict max and 𝜈strict min the total system cost obtained by taking the maximum and minimum demands, respectively,
for each bus and time step across all scenarios (Section 3.3). Then:

𝜈strict min ≤ 𝜈𝑖 ≤ 𝜈strict max for all 𝑖 ∈ {1, . . . , 𝑛}, (2)
𝜈strict min ≤ 𝜈integrated ≤ 𝜈strict max for all 𝑖 ∈ {1, . . . , 𝑛}, (3)

𝜈1 + · · · + 𝜈𝑛

𝑛
≤ 𝜈integrated. (4)

Proof. We briefly sketch a proof. The inequalities (2) and (3) can be proven in a similar fashion. For example, the
capacities and flows in an optimal solution in the strict max setting satisfy all constraints for the 𝑆𝑖 scenario, except
the bus balance constraints, where the difference of out- and in-flow might be too large, as the demand can only
decrease in 𝑆𝑖 . We can repair this be sending extra flow to the excess component, which is possible with zero cost.
This way, we have turned an optimal solution for strict max into a feasible solution for 𝑆𝑖 with the same objective
value 𝜈strict max, and the optimal value 𝜈𝑖 is either the same or smaller. To prove (4), note that the optimal solution
to the integrated model can be decomposed into feasible solutions of the individual scenarios. □

4 CASE STUDY AND COMPUTATIONAL RESULTS

We will now evaluate the three approaches described in Section 3 in a case study using the oemof-B3 model.
Our scenario catalog builds upon a nominal scenario for the year 2050 with maximum reduction of greenhouse
gas emissions (cf. Lindner et al., 2024; Muschner et al., 2024). For each of the five buses H2, electricity, CH4,
centralized heat, and decentralized heat, the demand is given as a time series with an hourly resolution, i.e., with
24 · 365 = 8670 time points. Starting from this nominal scenario, we investigate in total 37 demand scenarios.
These are generated by multiplying the total demand of various sets of buses with 1, 1.2 or 1.5, and considering
different hourly heat demand profiles for up to 10 years, based on past data of the years 2010-2019 (Launer et al.,
2023). In general, energy demand is expected to increase in the future, especially in view of the growing needs of
the information and communication technology sector. The nominal scenario is included in the catalog, its heat
demand profile is taken from the year 2017. The composition of our scenario catalog is summarized in Table 1.

Demand Factor # Demand Profiles
CH4 Electricity H2 Heat (central) Heat (decentral) Heat
1 1 1 1 1 10
1.2 1.2 1.2 1.2 1.2 10
1.5 1.5 1.5 1.5 1.5 10
1.5 1 1 1 1 1
1 1.5 1 1 1 1
1 1 1.5 1 1 1
1 1 1 1.5 1 1
1 1 1 1 1.5 1
1.2 1.5 1.2 1 1 1
1 1.5 1 1.2 1.2 1

Table 1: Overview of our scenario catalog with 37 scenarios

Table 2 collects a few figures about the sizes of the involved linear programs. The catalog scenarios (Section 3.1),
including the nominal scenario, and the strict robustness method (Section 3.3) lead to programs of equal size, as
only certain right-hand side values differ.

Method Variables Constraints Non-zeros
nominal, strict, catalog 1068820 853539 2627616
integrated 39542740 31763819 97217616

Table 2: Size of the involved linear programs
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Figure 2: Speedup factor for the first 30 catalog scenarios. A factor larger than 1.0 means that the (single-thread)
warm-started dual simplex method is faster than the (parallelized) barrier algorithm.

To solve the optimization models, we use the solver Gurobi (Gurobi Optimization, LLC, 2024) that features high-
performing implementations of the primal and dual simplex method, and barrier algorithms. We use an Intel Xeon
Gold 6342 CPU machine running at 2.8-3.5 GHz with 512 GB RAM, allowing up to 32 threads. Storing the large
integrated model in a Gurobi environment requires about 10 GB of RAM.

Table 3 shows the optimal objective values and the running times to solve the linear programs. With the barrier
algorithm, the robust integrated model is solved within half a day, while the average solving time for a catalog
scenario is around ten and a half minutes. Although there is a scenario for which warm-starting the dual simplex
algorithm produces an optimal solution within less than a second, this effect is negligible: For only five scenarios,
the speedup factor is larger than one, see also Figure 2. On average, the warm-started dual simplex procedure takes
at most three times as long as using a barrier method in terms of wall time, of course noting that dual simplex is
single-threaded, whereas Gurobi’s barrier method is allowed to use all available threads.

Method opt. system cost [b=C] cold start / barrier time [s] warm start / dual simplex time [s]
nominal 8.784 824.83 *2387.09
integrated 11.921 41695.15 –
strict min 7.258 595.97 1270.82
strict max 16.173 551.58 4266.39
catalog average 10.832 625.85 1711.07
catalog std dev 1.883 143.32 802.20
catalog min 8.645 413.78 0.85
catalog max 13.860 931.29 3126.51

Table 3: Optimal objective values in billion euros and running times for the different approaches in wall time
seconds. For the catalog of the 37 scenarios, we report the best and worst objectives and timings (min and max),
the average, and the standard deviation. The warm start time refers to warm-starting the dual simplex algorithm,
exploiting an optimal basis computed for the nominal scenario. *Running time for barrier and crossover to produce
an optimal basis.

Concerning the objective values, we see that the total system cost scales well with the highest chosen demand factor
of 1.5: The maximum cost over all scenarios in the catalog is approximately 1.58 times the cost of the nominal
scenario. The robust integrated model has an optimal cost of about 1 bn =C more than the average optimal cost
of a scenario, but still 2 bn =C less than the maximum cost, and 4 bn =C less than in the strict max approach. We
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therefore expect to spot trade-offs in the installed output and storage capacities.

Figure 3 shows the installed capacities in GW for both nodes, as computed for the nominal scenario, the robust
integrated model, the most expensive catalog scenario (catalog max), and the strict robustness approach (strict
max). We additionally hint the distribution across the catalog scenarios by a box plot. For integrated, catalog max,
and strict max, the solution is at the maximum possible installable bounds for small boilers, small heatpumps for
decentralized heat, and wind energy. The demand increase is mostly covered by a massive expansion of solar PV
in both considered regions. A main advantage of the integrated approach is the lower usage of solar PV, hence
requiring to significantly less land use. Another difference is the lower power output capacity of the storages,
most notably centralized heat and Li-ion batteries for Berlin, which is compensated by introducing power-to-heat
and relying more on CH4 backpressure CHP plants. Beyond the integrated approach, the difference between the
catalog max and strict max values is minor for many technologies, with the exception of solar PV.

Figure 4 shows the storage capacities in relation to the optimal solution of the nominal scenario. As expected, the
higher demand than in the nominal scenario requires larger storage capacities. Again, the integrated model can
significantly reduce the required storage capacity in comparison to catalog max and strict max, with the exception
of decentralized heat storage, where all methods exploit the maximum possible storage capacity.

A detailed collection of the installed capacities in numbers is presented in Table 4. Looking at the standard deviation
for the scenario catalog, quite a few technologies are stable across the catalog, e.g., power-to-heat, decentralized
heat, and run-of-river. On the other hand, all storage capacities show a large variation, and in terms of output
capacities, the most sensitive technology is clearly solar PV. The integrated model manages to significantly reduce
the required storage capacity for H2 caverns and centralized heat in Brandenburg, even in comparison to the
nominal scenario.

5 CONCLUSION

We have presented and evaluated three algorithmic strategies to cope with demand uncertainty for large-scale linear
programming energy system optimization models: scenario catalogs, integrated robust optimization, and strict
robustness. Using the oemof-B3 model and the Berlin-Brandenburg area as a case study, we demonstrate that these
methods can be assessed on a fine-grained realistic data set and using state-of-the-art linear programming solvers.
In particular, the integrated method works for a considerable number of scenarios. Barrier methods perform well,
warm-starting the dual simplex method instead yields only marginal speedups and mostly slowdowns. We believe
that a better performance is possible when warm-starts rely on more than only one nominal solution, keeping the
changes in energy demand small.

On the qualitative side, we find that the robust integrated approach is indeed able to single out interesting and major
trade-offs, which are not visible by evaluating scenarios of a catalog individually. For larger catalogs, the integrated
approach might become computationally out of reach. While the amount of required memory to store the model
grows essentially linearly with the number of scenarios, this can no longer expected for computation times, as the
capacity variables link all scenarios and therefore increase the complexity of the linear program. When solving
the integrated model fails, computing a pessimistic solution in the interpretation of strict robustness, is for many
technologies close to evaluating the maximum values across all scenarios in the catalog, but requires much less
computation. In fact, all three strategies are suitable for achieving robustness against fluctuations in demand, and
therefore provide stakeholders with a range of possibilities to take decisions depending on their risk attitude within
their political or economical context. However, when interpreting the less computationally complex methods, it
should be kept in mind that these do not necessarily represent the cost-optimized robust solution.

The focus of this paper is on methodology, which we expect to expand to other case studies and more elaborated
demand scenarios as well. We plan to make the source code openly available as an add-on to the oemof ecosystem.
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Figure 3: Installed capacities in GW for Berlin (left) and Brandenburg (right). The box plots show the distribution
over the calatog scenarios, with the median in orange, in comparison to the integrated and the strict max scenarios.
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Figure 4: Storage capacities for Berlin (top) and Brandenburg (bottom) relative to the nominal scenario. H2 caverns
cannot be installed in Berlin.
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catalog
Node Technology nominal integrated strict min strict max avg sd min max

B
er

lin

ch4 boiler large 1366 1855 895 2253 1629 270 1246 2166
ch4 boiler small 1294 2324 931 2324 1639 311 1217 2324
ch4 bpchp 0 3078 0 844 260 312 0 848
ch4 gt 597 631 521 47 322 210 0 724
liion battery 8 308 91 2262 541 604 3 1880
electrolyzer 1425 1479 1208 1738 1410 115 1181 1707
heatpump large 942 1021 617 1555 1123 186 860 1495
heatpump small 1683 3021 1210 3021 2131 404 1583 3021
pth 0 259 0 0 1 3 0 17
h2 cavern 0 0 0 0 0 0 0 0
h2 bpchp 407 428 320 450 367 37 294 438
h2 gt 0 0 0 0 0 0 0 0
heat central 3035 304 1999 4009 3487 555 2505 4690
heat decentral 175 0 20 304 137 84 6 304
hydro ror 0 0 0 0 0 0 0 0
solar pv 47 2140 0 9002 2280 2491 0 7342
wind onshore 12 12 0 12 10 4 0 12
storage liion battery 18 1217 419 8114 2207 2448 8 7952
storage h2 cavern 0 0 0 0 0 0 0 0
storage heat central 50126 60533 50075 25165 52876 10221 34331 78306
storage heat decentral 175 304 20 304 137 84 6 304

B
ra

nd
en

bu
rg

ch4 boiler large 13 503 0 0 32 51 0 226
ch4 boiler small 988 1748 680 1748 1233 232 912 1748
ch4 bpchp 0 0 0 0 0 0 0 0
ch4 gt 0 829 0 0 0 0 0 0
liion battery 3915 7758 3594 9677 6791 2663 3765 10823
electrolyzer 8862 10771 8416 15024 10536 1463 8413 13009
heatpump large 9 193 0 0 10 22 0 99
heatpump small 4843 8567 3334 8567 6043 1137 4470 8567
pth 0 154 0 0 12 32 0 156
h2 cavern 15412 12928 13767 20733 17223 1760 14644 20813
h2 bpchp 2326 2585 1410 4072 2492 358 1959 3242
h2 gt 3562 2170 3820 3805 4062 504 2635 4947
heat central 2288 11446 1388 4179 2460 368 1876 3224
heat decentral 244 780 292 780 306 151 126 780
hydro ror 6 6 6 6 6 0 6 6
solar pv 36996 56849 34708 76723 51179 13094 36450 70707
wind onshore 32641 34000 30841 34000 33477 802 31343 34000
storage liion battery 15483 30695 13734 36326 26971 10672 14466 44719
storage h2 cavern 7988730 6012878 6758856 16255367 10842609 2787709 7079274 15049546
storage heat central 291227 198170 231990 520188 331794 63949 228153 483094
storage heat decentral 244 780 292 780 306 151 126 780

Table 4: Variation of the capacities, rounded to full MW for installed power capacities, and to full MWh for storage
capacities. Left: nominal scenario, robust integrated model, and strict robustness approach (strict min and strict
max). Right: Average, standard deviation, minimum and maximum with respect to the scenario catalog.
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NOMENCLATURE

Abbreviations

BPCHP backpressure combined heat-and-power
CHP combined heat-and-power
GT gas turbine
PTH power-to-heat
PV photovoltaics
ROR run-of-river

Latin Symbols

𝐴 set of arcs of the oemof-B3 network layout graph (see Figure 1)
𝐵 set of buses
Cinstalled

𝑚,𝑟 variable for installed capacity of component 𝑚 ∈ 𝑀 in region 𝑟 ∈ 𝑅

𝐶 installed
𝑚,𝑟

, 𝐶
installed
𝑚,𝑟 lower/upper bound for installable capacity of component 𝑚 ∈ 𝑀 in region 𝑟 ∈ 𝑅

Cstorage
𝑠,𝑟 variable for storage capacity of storage 𝑠 ∈ 𝑆 in region 𝑟 ∈ 𝑅

𝐶storage
𝑠,𝑟

, 𝐶
storage
𝑠,𝑟 lower/upper bound for storage capacity of storage 𝑠 ∈ 𝑆 in region 𝑟 ∈ 𝑅

𝑑𝑏,𝑟 ,𝑡 demand for bus 𝑏 in region 𝑟 at time step 𝑡

f𝑎,𝑟 ,𝑡 variable for flow on arc 𝑎 ∈ 𝐴 in region 𝑟 ∈ 𝑅 at time step 𝑡 ∈ 𝑇

𝑓
𝑎,𝑟 ,𝑡

, 𝑓 𝑎,𝑟 ,𝑡 lower/upper bound for flow on arc 𝑎 ∈ 𝐴 in region 𝑟 ∈ 𝑅 at time step 𝑡 ∈ 𝑇

𝑔𝑝,𝑟 ,𝑡 generation profile for primary energy source 𝑝 ∈ 𝑃 in region 𝑟 ∈ 𝑅 at time step 𝑡 ∈ 𝑇

𝑀 𝑃 ∪ 𝑆 ∪ 𝑌 , set of technologies for which installed capacities have to be decided
𝑃 primary energy sources
𝑅 set of region nodes {Berlin,Brandenburg}
𝑆 set of storages
𝑇 time steps
x𝑠,𝑟 ,𝑡 variable for storage level of storage 𝑠 in region 𝑅 at time step 𝑡 ∈ 𝑇

𝑌 converter components

Greek Symbols

𝛽𝑠 loss rate for content of storage 𝑠 ∈ 𝑆 (1i)
𝛿+ (𝑣) set of outgoing arcs at vertex 𝑣

𝛿− (𝑣) set of ingoing arcs at vertex 𝑣

𝜀𝑏,𝑟 electricity-gas relation factor for bus 𝑏 ∈ 𝐵 in region 𝑟 ∈ 𝑅 (1g)
𝜁𝑦,𝑎′ loss rate when transforming flow on 𝑎′ ∈ 𝐴 at converter 𝑦 ∈ 𝑌 (1h)
𝜂𝑠 loss rate for in-/outflow at storage 𝑠 ∈ 𝑆 (1i)
𝜆 transmission loss (1f)
𝜈 optimal objective value
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Hilpert, S., Günther, S., & Söthe, M. (2021). Oemof.tabular – introducing data packages for reproducible workflows

in energy system modeling. Research Software, 6. https://doi.org/http://doi.org/10.5334/jors.320
Krien, U., Kaldemeyer, C., Günther, S., Simon, H., @jnnr, Möller, C., Schönfeldt, P., Röder, J., @gplssm,
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- Robustheit und Übertragbarkeit von interkommunalen Energiewendeszenarien im Stadt-Land-Nexus” (Stadt-
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