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Abstract

Increasing temporal, spatial, and technological detail improves the representation of in-
teractions within multi-energy system optimization models but can lead to substantial
computational requirements. At the same time, different energy carriers exhibit dif-
ferent characteristic time scales, raising the question of whether applying a uniformly
fine temporal resolution throughout a multi-energy system is computationally necessary.
Carrier-specific temporal resolution addresses this issue by retaining fine temporal detail
where required while representing other carriers at coarser resolutions. Although the ap-
proach has previously demonstrated substantial computational benefits, its performance
across different model structures, increasing spatial model sizes, and different choices of
carrier-specific resolutions has received limited investigation.
This thesis evaluates these aspects using a scalable synthetic multi-regional benchmark
model implemented in AnyMOD. Twenty instances containing between 2 and 40 regions
are compared using a uniform hourly formulation, a carrier-specific configuration based
on the temporal characteristics of the represented carriers, and a deliberately coarse con-
figuration. An equivalent uniform-resolution implementation in REMix is additionally
used for cross-framework validation.
The carrier-specific configuration reduces the number of non-zero matrix coefficients
by approximately 50%, peak memory requirements by approximately 33%, and to-
tal runtime by approximately 54–57% relative to the uniform AnyMOD formulation.
The resulting objective value lies approximately 3% below the uniform reference. The
computational benefit persists as spatial model size increases, with the clearest scaling
improvement occurring in model construction, whereas no systematic improvement in
solver-time scaling is observed. Furthermore, reductions in mathematical problem size
do not translate proportionally into reductions in computational effort. More aggres-
sive temporal aggregation provides only limited additional problem-size reduction, does
not consistently improve runtime, and produces substantially larger deviations from the
uniform-resolution solution.
The results demonstrate that carrier-specific temporal resolution can provide substan-
tial computational savings in multi-energy system optimization, while emphasizing that
its effectiveness depends on the selected resolutions and the structure of the resulting
formulation. Temporal detail should therefore be allocated selectively according to the
characteristics and requirements of the modeled system rather than reduced as far as
possible.
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1 Introduction

1.1 Motivation

The transition towards low-carbon energy systems is increasing both the scope and the
level of detail required in energy-system analysis. Growing shares of variable renewable
energy sources such as wind and solar power increase the importance of adequately
representing short-term fluctuations in generation and demand [17, 29]. At the same
time, long modeling horizons are required to assess investment pathways and structural
changes occurring over several decades [23].
In parallel, the electrification of sectors such as heating, transport, and industry is
strengthening the interactions between previously more isolated parts of the energy sys-
tem. Multi-energy system optimization models therefore increasingly represent several
energy carriers, conversion technologies, storage options, and transmission infrastruc-
tures within a common optimization framework. While this enables interactions be-
tween sectors to be considered explicitly, it also increases the size and complexity of the
resulting mathematical optimization problems [37].
Temporal resolution is an important contributor to this computational complexity. Op-
erational variables and constraints are commonly defined for every modeled time step,
such that increasing temporal detail can multiply large parts of the optimization prob-
lem [12]. This creates a fundamental trade-off: sufficient temporal detail is required to
represent relevant system dynamics, while excessive detail can make large-scale models
computationally expensive.
However, the temporal characteristics of different energy carriers can vary substantially.
Electricity requires a comparatively detailed temporal representation because supply
and demand must be balanced over short time scales and renewable generation can
vary rapidly. Other carriers, such as natural gas or coal, may exhibit slower dynamics
or greater inherent flexibility [15]. Applying the same fine temporal resolution to all
carriers may therefore introduce computational effort in parts of the model where such
detail contributes comparatively little to the intended analysis.

1.2 Problem Statement

A common approach in energy-system optimization is to apply a uniform temporal
resolution across the modeled energy system. In a multi-energy system, this means
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1 Introduction

that carriers with substantially different temporal characteristics are represented using
the same set of time steps. If hourly resolution is required to represent electricity and
variable renewable generation adequately, the same resolution may consequently also be
applied to carriers whose relevant dynamics occur over longer time scales.

Carrier-specific temporal resolution provides an alternative by allowing different energy
carriers to be represented at different levels of temporal detail. Fine resolution can
thereby be retained for temporally sensitive parts of the system while reducing the
number of time-dependent variables and constraints associated with other carriers [12,
15].

The computational effect of this reduction, however, cannot be inferred from the re-
duction in the number of time steps alone. Different carriers contribute unequally to
the mathematical formulation, and interactions between carriers with different tempo-
ral resolutions alter the structure of the resulting optimization problem. Furthermore,
reducing temporal resolution changes the constraints imposed on the modeled system
and can therefore affect investment and operational results. The applicability of carrier-
specific temporal resolution consequently depends on both its computational benefits
and the changes it introduces in the optimization outcome.

1.3 Research Gap

Carrier-specific temporal resolution has previously been implemented in the graph-based
AnyMOD framework by Göke [15]. The presented application demonstrates that assign-
ing different temporal resolutions to individual energy carriers can substantially reduce
mathematical problem size and computation time while retaining high temporal detail
for electricity.

The computational benefits demonstrated for one model, however, cannot necessarily
be transferred directly to other multi-energy system models. The share of variables and
constraints associated with individual carriers, the technologies coupling these carriers,
the representation of storage and transmission, and the overall structure of the opti-
mization problem can differ considerably between applications. The extent to which
the reported performance benefits can be reproduced for a different model structure
therefore remains uncertain.

In addition, the effect of increasing model size on the benefits of carrier-specific tempo-
ral resolution has not been established systematically. It is unclear whether the relative
computational advantage remains comparable, increases, or decreases as additional spa-
tial regions and their associated technologies, demands, and network connections are
introduced.

Finally, the computational benefit depends on the temporal resolutions assigned to the
individual carriers. More aggressive aggregation may further reduce mathematical prob-
lem size, but it can also alter the resulting system representation more strongly and
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1.4 Objectives and Research Questions

does not necessarily lead to proportional reductions in computation time. A system-
atic comparison should therefore consider not only whether variable temporal resolution
improves performance, but also how the selected resolutions affect both computational
behavior and deviations from a uniform-resolution reference.

1.4 Objectives and Research Questions

The objective of this work is to evaluate the computational benefits and limitations
of carrier-specific temporal resolution for multi-energy system optimization beyond the
model originally used to demonstrate the approach. For this purpose, a scalable multi-
regional benchmark model is implemented with both uniform and carrier-specific tempo-
ral resolutions and evaluated over a range of model sizes. In addition to computational
performance and mathematical problem size, the resulting objective values are compared
to assess how the selected temporal resolutions affect the optimization outcome.
The investigation is guided by the following research questions:

1. How does carrier-specific temporal resolution affect the computational performance
and mathematical problem size of a multi-energy system optimization model com-
pared with uniform temporal resolution?

2. How do the computational benefits of carrier-specific temporal resolution change
with increasing model size?

3. How does the degree of carrier-specific temporal aggregation affect the trade-off
between computational performance and deviations from the uniform-resolution
solution?

1.5 Thesis Structure

The remainder of this thesis is structured as follows. Chapter 2 introduces the relevant
background on multi-energy systems, energy system optimization models, and methods
for reducing their computational complexity, with a particular focus on temporal aggre-
gation. Chapter 3 presents the concept of carrier-specific temporal resolution and its
graph-based implementation in AnyMOD. Chapter 4 describes the benchmark model,
temporal-resolution configurations, computational environment, and experimental pro-
cedure used in the evaluation. Chapter 5 presents the results regarding objective-value
deviations, computational performance, mathematical problem size, and scaling behav-
ior. Chapter 6 discusses these findings with respect to the selection of temporal reso-
lutions, solver behavior, generalizability, and the limitations of the approach. Finally,
Chapter 7 summarizes the main conclusions and identifies directions for future research.
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2 Background

2.1 Multi-Energy Systems

In the past, energy system analysis often treated different sectors such as electricity,
gas and heating as independent systems [13]. In recent years, a number of factors
have emphasized the need for cross-sector integration and contributed to an increasing
research interest in multi-energy systems (MES). The increasing penetration of renewable
energy sources and the resulting fluctuations in energy supply motivate stronger coupling
with energy carriers and infrastructures that can provide additional flexibility, such as
gas networks [10]. This, in combination with the electrification of the heating and
transport sectors, which were traditionally driven by fossil fuels, highlights the growing
interactions between different energy sectors and carriers [37]. By assessing both benefits
and constraints that arise from these cross-sectoral interactions, MES aim to address
challenges arising from the transformation towards energy systems of the future [25].
While individual technologies and small-scale configurations can often be investigated
experimentally, questions concerning the long-term development of entire energy systems
must generally be addressed through models. Such analyses involve system configura-
tions that do not yet exist and planning horizons that may span several decades. Models
therefore provide simplified representations of reality that capture the system character-
istics relevant to a given research question while abstracting from less relevant details.
For MES, this requires a representation in which the coupling between carriers is part
of the model itself rather than an assumption imposed on it. A MES can accordingly be
understood as an integrated energy system in which multiple energy carriers, together
with the infrastructures and conversion technologies linking them, are considered within
a common modeling framework [25]. Depending on the context, the spatial scale of such
systems ranges from individual buildings or districts to entire nations or continents,
which may be subdivided into multiple regions.

2.1.1 Components of MES

To gain a further understanding of MES, a look at its key components is warranted. In
the following, these are exemplified through a simplified regional multi-carrier energy
system centered on a combined heat and power (CHP) plant. The CHP plant supplies
electricity and usable heat to meet regional demand and thereby links the natural-gas,
electricity, and heat sectors within the system.
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2 Background

Energy carriers

The presence of multiple energy carriers is a defining characteristic of MES. Energy car-
riers are forms of energy that can be transported, converted, and used to provide energy
services, such as electricity, natural gas, hydrogen, heat, synthetic fuels, or biomass.
Depending on the system specifics, a carrier may enter the system as an input, be trans-
ferred between different parts of the system, be produced through conversion, or, where
technically feasible, be stored for later use [26].
In the example system, natural gas enters as an input to the CHP plant and is converted
into electricity and usable heat, which are subsequently used to meet regional demand
[2]. The three carriers are therefore directly connected through the operation of the
CHP plant.

External Demand

Energy demand is a key element of MES, as the main purpose of the system is to pro-
vide energy quantities or services. In the example system, this is represented by the
regional demand for electricity and usable heat. More generally, energy demands com-
monly include electricity and heat, but may also extend to cooling, hot water, hydrogen,
industrial process heat, or even transport [2, 25].
A central characteristic of MES is that a given demand can be satisfied through multi-
ple different energy carriers and conversion technologies. In the example system, heat
demand may be supplied by the CHP plant, but additional technologies such as a gas
boiler or an electric heat pump could provide alternative supply pathways. Similarly,
household heat demand may generally be fulfilled by a gas boiler, an electric heat pump,
a district-heating network, or heat produced by a CHP unit. This substitutability in-
troduces additional flexibility and allows the system to satisfy demand using an optimal
combination of technologies under the given conditions, exploiting interactions between
different sectors.

Conversion technologies

The conversion between different energy carriers is enabled by dedicated conversion
technologies. In the example system, the CHP plant constitutes the central conversion
technology. This could, for example, be a combined-cycle gas turbine (CCGT) oper-
ated in CHP mode, converting the chemical energy of natural gas into both electricity
and usable heat [36]. Additional conversion technologies, such as gas boilers or heat
pumps, could provide alternative pathways for satisfying regional heat demand. Beyond
technologies that convert one carrier into another, MES can also include renewable gen-
eration technologies such as wind turbines and photovoltaic systems (PV). These convert
primary renewable energy, in this case wind and solar irradiance, into electricity without
consuming another energy carrier.
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2.1 Multi-Energy Systems

Storage technologies

Daily and seasonal fluctuations in energy supply and demand necessitate the inclusion
of technologies capable of storing energy at one point in time, retaining it, and releasing
it at a later time with associated conversion and storage losses. In the example sys-
tem, electricity generated by the CHP plant or renewable technologies could be stored
temporarily in batteries, while natural gas could be stored over longer periods. Typical
examples of long-term storage include gas caverns used to meet higher demand during
colder seasons. Systems with a high share of renewable energy sources (RES) are partic-
ularly dependent on short-term storage technologies such as pumped hydro or batteries
to buffer variability inherent in RES generation [26].

Transmission infrastructure

Depending on the spatial scope, MES can include networks that transport energy carriers
between regions. In the example system, the electricity transmission grid could trans-
port electricity produced by the CHP plant to neighboring regions, while a gas pipeline
network could supply the natural gas required by the CHP plant or exchange gas be-
tween regions. Electricity grids and gas pipelines are among the most common forms of
interregional energy infrastructure, but other energy carriers may also be transported
depending on the system considered, for example through district-heating networks, coal
transport infrastructure, or networks for hydrogen and other fuels.

Traditionally, the networks of individual carriers were planned and operated largely
independently, using domain-specific representations such as AC or DC power flow for
electricity, the Weymouth or Panhandle equations for gas, and thermal-hydraulic models
for district heating [28]. The MES approach instead integrates the transmission networks
of the different carriers together with the conversion technologies that couple them. In
the example system, this means that electricity and gas networks are considered jointly
with the CHP plant and other conversion technologies, thereby exploiting cross-sectoral
synergies and assessing the system as an interconnected whole [28, 30].

2.1.2 Flexibility of MES

It is important to highlight that the MES concept is not limited to a fixed set of compo-
nents. Depending on the context and purpose of the analysis, a model may include any
relevant combination of energy carriers, storage and conversion technologies, network
infrastructures, and demand profiles. Its level of technological, spatial, and temporal
detail can therefore be adapted to the specific characteristics of the system under inves-
tigation. This flexibility allows MES models to be applied to a wide range of contexts,
from individual buildings and industrial sites [13, 25] to regional, national, or continental
energy systems [25, 35].
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2 Background

2.2 ESOMs

While the concept of MES describes the structure and interactions of the system un-
der investigation, Energy System Optimization Models (ESOMs) provide a quantitative
framework for analyzing its design and operation. Baader et al. (2023, p.2) [5] summa-
rize their purpose as follows: "In a nutshell, ESOMs are mathematical descriptions of
energy systems that identify optimal investment and operation strategies to meet given
cost or decarbonization targets."
A complementary definition is provided by DeCarolis et al. (2017, p.185) [9]: "ESOMs
include detailed, bottom-up technology specifications and utilize linear programming
techniques to minimize the system-wide present cost of energy provision by optimizing
the installation of energy technology capacity and its utilization."
Several key characteristics of ESOMs emerge from these definitions. First, ESOMs are
mathematical representations of energy systems, typically using a bottom-up descrip-
tion of relevant energy carriers, conversion technologies, storage units, networks, and
demands. Mirroring the flexibility of the MES concept, the level of technological, spa-
tial, and temporal detail may vary considerably depending on the purpose and scope of
the analysis.
Second, ESOMs identify an optimal system configuration according to a specified objec-
tive. In many applications, this objective is the minimization of total system cost. How-
ever, models may also represent a number of other objectives including environmental,
social, or political factors, provided they can be expressed through suitable quantitative
indicators. Previously used examples include greenhouse-gas emissions, political sup-
port, societal acceptance [3], or even security of supply [24]. Multiple objectives can be
considered simultaneously through multi-objective optimization or incorporated through
additional constraints.
The decisions optimized in ESOMs can broadly be divided into capacity-expansion deci-
sions, also referred to as investment or planning decisions, and dispatch, or operational,
decisions [29]. Capacity expansion decisions determine which technologies should be
installed, when and where they should be installed, and at what capacity. Operational
decisions determine how the available technologies should be dispatched to satisfy energy
and service demands under the given technical and resource constraints.
The resulting optimization problem is commonly formulated and solved using linear
programming, mixed-integer linear programming, or related mathematical optimization
techniques. The choice of formulation affects both the types of system characteristics
that can be represented and the computational effort required to solve the model.

2.2.1 Mathematical structure

To understand the computational complexity of ESOMs, it is useful to briefly consider
their mathematical structure. In a generic formulation, investment decisions are rep-
resented by variables describing, for example, the installed capacity of a technology
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2.2 ESOMs

in a given region and planning period, while operational variables describe its produc-
tion, fuel use, storage activity, or energy flows in each time step. These variables are
linked through constraints such as energy-balance equations, capacity limits, conver-
sion efficiencies, storage balances, resource availability, and emission limits. Detailed
mathematical formulations of these components can be found in Miehling et al. [27] and
Howells et al. [20].
As variables and constraints are created for all technologies, energy carriers, regions,
time steps, and investment periods, increasing the scope or resolution of any of these
dimensions can substantially enlarge the resulting optimization problem.

2.2.2 Drivers of complexity

Owing to their broad analytical scope and continuing efforts to represent real-world
energy systems more accurately, ESOMs have become increasingly large and complex
[23]. Long modeling horizons are often required to explore energy-system transforma-
tion pathways and assess the long-term effects of investment and policy decisions [23].
As DeCarolis et al. [9] observe, additional model features are frequently introduced to
improve the realism of internal system dynamics. Expanding the technological and sec-
toral scope, increasing spatial and temporal resolution, representing uncertainty through
multiple scenarios, and adding operational, environmental, or policy-related constraints
all increase the number of variables and constraints in the resulting optimization prob-
lem. Computational difficulty may be further increased by intertemporal relationships,
such as storage balances or emission limits, as well as by the use of integer variables or
nonlinear formulations. The complexity of an ESOM is therefore determined not only by
its size, but also by its mathematical problem class and the extent to which its variables
and constraints are interconnected [23].
Among these factors, temporal discretization is often the dominant contributor to model
size and computational cost [12]. Most operational variables and constraints, including
energy and storage balances, and inter-regional flows, must be defined for every rep-
resented time step. Consequently, increasing the temporal resolution or extending the
modeled time horizon can multiply large parts of the optimization problem. At the same
time, sufficient temporal detail becomes increasingly important as the share of variable
renewable energy sources rises. Unlike conventional dispatchable generation, wind and
solar output is weather-dependent and may vary considerably across hours, days, and
seasons. Future systems may additionally rely more strongly on the active manage-
ment of demand, storage, and sector-coupling technologies, whose operation can only be
represented adequately when the relevant temporal dynamics are resolved [17, 29].
Insufficient temporal resolution can smooth fluctuations and extreme events in both
renewable generation and demand, thereby distorting estimates of the flexibility, storage,
and dispatchable capacity required by the system. In particular, models that do not
capture the full variability of supply and demand may overestimate the share of demand
that can be met by fluctuating renewable sources [17]. Spatial resolution is similarly
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important because renewable-resource availability, capacity factors, generation costs,
demand patterns, and network constraints differ between locations [11]. Moreover, the
spatial distribution of renewable generation determines the extent to which regional
fluctuations can balance one another [29]. ESOM development therefore involves a
fundamental trade-off between representing the energy system with sufficient detail to
obtain meaningful results and limiting model complexity to maintain computational
tractability.

To manage this trade-off, a range of model-reduction methods has been developed that
aim to reduce the size or complexity of ESOMs while preserving the system character-
istics most relevant to the analysis.

2.3 Model Reduction Methods

2.3.1 Technological simplification

Technological simplification reduces model complexity by limiting both the diversity of
represented technologies and the level of detail with which their behavior is described. At
a higher level of abstraction, individual plants or closely related technology variants may
be grouped into representative technology classes, while distinctions between parameters
like rated power or conversion efficiency may be omitted when they are not relevant to
the research question [8]. This reduces the number of technology-specific investment and
operational variables and constraints. Further simplification can be achieved by reduc-
ing the operational detail of individual technologies. For example, part-load-dependent
efficiencies may be replaced by constant conversion efficiencies, while minimum part-
load requirements, start-up and shut-down costs, minimum up- and down-times, and
ramping restrictions may be neglected [23]. Individual generating units may likewise
be represented as an aggregated fleet, and discrete unit additions or commitment deci-
sions may be replaced by continuous capacity and dispatch variables, avoiding integer
variables. Similar choices arise for storage technologies, for which simplified formula-
tions may assume constant charging and discharging efficiencies and neglect degradation,
state-dependent losses, or detailed operating restrictions.

The representation of transmission and transport technologies can also vary substan-
tially. Simple capacity-constrained transport models may represent energy flows without
considering the underlying physical network behavior, whereas more detailed formula-
tions may, for example, include nonlinear power-flow equations [8].

2.3.2 Spatial Aggregation

Spatial aggregation reduces model complexity by representing the energy system through
a simplified network. Simplification may involve reducing the number of geographical
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regions, the number of links connecting them, or both. Regions may be grouped accord-
ing to geographical proximity, administrative boundaries, similarities in demand and
renewable-resource profiles, or characteristics of the underlying transmission network
[23]. The resulting aggregated regions must then be represented through suitable pa-
rameters. Some quantities, such as demand or installed capacity, are commonly summed
[8], whereas others may require weighted averaging or other more advanced aggregation
functions [23].

Spatial aggregation also requires a simplified representation of the connections between
the resulting regions. Internal transmission links and network constraints within an
aggregated region are commonly omitted [8], while the remaining inter-regional connec-
tions are often combined into representative transfer capacities and distances. Although
this substantially reduces the number of flow variables and network constraints, it can
conceal internal bottlenecks and imply that energy can be transferred freely between
locations contained within the same region [11]. Aggregating locations with different
renewable-resource availability, demand patterns, technology capacities, or costs may
also affect the estimated geographical distribution of investments and operation.

Increasing the level of spatial and technological abstraction can therefore reduce the
number and connectivity of variables and constraints and may allow detailed formula-
tions to be replaced by less computationally demanding representations. However, these
performance improvements come at the cost of reduced spatial and technological detail
and a less accurate representation of regional heterogeneity and network limitations.
The appropriate degree of simplification must consequently be selected according to the
research question and validated to ensure that omitted details do not negatively affect
the resulting investment and operational decisions.

2.3.3 Conventional Temporal Aggregation

Temporal aggregation reduces the computational complexity of ESOMs by simplifying
the time-dependent input data used to represent system operation, such as demand
profiles or renewable-energy availability. By replacing the original time series with a
temporally reduced representation, the number of time steps for which operational vari-
ables and constraints must be defined is decreased [32]. This can be achieved either by
combining consecutive observations into time steps of lower resolution or by replacing
the original chronological time series with a smaller set of typical time steps or peri-
ods. The resulting reduction in model size can substantially improve computational
performance, but it may also remove temporal variations, extreme events, correlations
between input profiles, or chronological relationships that are relevant to system design
and operation. Temporal-aggregation methods therefore differ not only in the number
of time steps retained, but also in the characteristics of the original input time series
that they preserve [18].
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Downsampling

Downsampling reduces temporal resolution by combining a fixed number of consecutive
time steps into a single time step. The values of the original observations are commonly
replaced by their mean, although other aggregation functions may be used depending on
the represented quantity [18]. For example, four consecutive hourly observations may be
combined into one four-hour time step. Because all resulting time steps have the same
duration and remain in their original order, downsampling preserves the overall chrono-
logical sequence of the time series. However, averaging smooths temporal variations
and may suppress demand peaks and renewable-generation extremes. Consequently,
capacity and cost of RES, which are particularly subject to intermittency, are often
underestimated [18, 23].

Segmentation

Segmentation also combines adjacent time steps, but allows the resulting time steps to
have different durations. Periods in which the time series changes only slightly can be
represented by longer segments, whereas periods containing large gradients, peaks, or
other relevant variations can be retained at a finer resolution [23]. Each segment is
assigned a duration corresponding to the number of original time steps it represents. In
contrast to uniform downsampling, segmentation can therefore allocate more temporal
detail selectively while preserving the chronological order of the original observations.
In the example examined by Hoffmann et al. [18], the intra-daily variation of a pho-
tovoltaic generation profile was represented considerably more accurately using 1,460
irregular segments than through uniform downsampling to the same number of time
steps. Nevertheless, segmentation still leads to a loss of intra-time step variability,
strongly affecting model results for systems with a high share of RES.

Typical Periods

Typical period methods are based on the assumption that an energy system responds
similarly to recurring combinations of external conditions, such as energy demand, wind
availability, or solar irradiance [18]. Rather than repeatedly modeling many periods
with comparable input profiles, these periods are grouped and represented by a smaller
set of typical periods [18, 19]. This reduces the number of operational variables and
constraints while retaining the main recurring patterns of the original time series.
To construct typical periods, the original time series is generally divided into periods of
a predefined length. Similar periods are subsequently grouped, and one typical period
is selected or constructed for each group. Typical periods may be selected manually, us-
ing predefined calendar-based categories, statistical sampling, or clustering algorithms.
Clustering approaches group periods according to similarities in input profiles. Common
algorithms include k-means, k-medoids, and hierarchical clustering [18]. The specific im-
plementation of typical period methods varies with the approach employed, including
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the metric used to quantify similarity, the clustering or selection algorithm, and the pro-
cedure used to select or construct the representative period. Regardless of the method,
each typical period receives a weight indicating how frequently the corresponding group
occurs in the original time series.
The choice of the number and duration of typical periods involves a trade-off between
accuracy and computational performance. A larger number of typical periods generally
reproduces the original time series more accurately but provides a smaller reduction
in model size [23, 32]. It is important to note that the appropriate number cannot
be determined solely from statistical measures of clustering quality. It should also be
evaluated according to its effect on relevant model outputs, including total system cost,
installed capacities, renewable curtailment, or storage requirements [19]. As a result,
the appropriate number of periods is still subject to research [23].
Typical period methods are subject to broader limitations concerning the representation
of extreme events, chronology, and intertemporal processes, which are discussed in the
following subsection.

Limitations and Challenges of Temporal Aggregation

Although temporal aggregation can substantially reduce the computational requirements
of ESOMs, it inevitably removes part of the information contained in the original time
series and may therefore affect both investment and operational results. The type of
information lost depends on the selected method. Downsampling and segmentation
preserve the original chronological sequence but smooth variations within the aggregated
time steps. Typical-period methods can achieve greater reductions in model size, but
generally preserve chronology only within each typical period and not between them.
A central challenge is the representation of variable renewable energy sources. Down-
sampling, segmentation, and typical periods may smooth fluctuations and generation
peaks inherent to RES. This may distort the residual load that must be met by storage,
transmission, or dispatchable generation and consequently affect estimates of renewable
capacity, curtailment, flexibility requirements, and total system cost. Rare but system-
critical conditions, such as peak-demand periods or prolonged periods of low wind and
solar generation, may also be omitted because aggregation and clustering methods pri-
marily represent frequently occurring conditions. Such extreme periods may therefore
need to be included explicitly [22, 32].
The treatment of chronology is particularly important for intertemporal constraints.
Typical days retain the sequence of their internal time steps but generally lose their
original ordering within the year. Consequently, intertemporal components, such as
storage systems, which link consecutive periods, may not be properly modeled [18].
While short-duration storage may still be represented within a typical day, this is par-
ticularly problematic for long-term and seasonal storage, which is especially important
for energy systems with a high share of RES [18]. Linking formulations or reconstructed
chronological sequences can mitigate this limitation, but generally require additional
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inter-period state variables and linking constraints, thereby partly offsetting the com-
putational advantages of temporal aggregation [7, 32].
Finally, a close statistical approximation of the original input time series does not nec-
essarily ensure accurate optimization results. Temporal-aggregation methods should
therefore be assessed according to their effects on relevant model outputs, including to-
tal system cost, installed capacities, storage requirements, renewable curtailment, and
unmet demand. Where computationally feasible, the system configuration obtained from
the aggregated model should additionally be evaluated against the original full-resolution
time series [19, 32]. Temporal aggregation thus involves a fundamental trade-off between
computational performance and the preservation of temporal information relevant to the
representation of the energy system. The suitability of a particular aggregation method
consequently depends on which temporal characteristics must be retained for the system
and research question under investigation [18, 19].
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As discussed in Section 2.3.3, conventional temporal-aggregation methods generally re-
duce the number of time steps uniformly across the entire energy system. Consequently,
the same temporal resolution is typically applied to all energy carriers, technologies, and
associated operational variables, even though their temporal characteristics may differ
substantially [12]. This chapter introduces a variable temporal resolution approach that
allows different energy carriers to be represented at different levels of temporal detail.
This approach is formulated by Göke and implemented within the AnyMOD.jl modeling
framework [14] and forms the methodological basis of the present work.

3.1 Concept and Motivation

The central concept of the variable temporal resolution approach is to assign each en-
ergy carrier an individual temporal resolution. This makes it possible to account for
differences in the physical characteristics and operational dynamics associated with each
energy carrier.

Electricity, for example, generally requires a comparatively high temporal resolution.
Electricity supply and demand must remain balanced over short time intervals, while
generation from variable renewable energy sources such as wind and solar power can
change considerably within a single day. A sufficiently detailed temporal representation
is therefore necessary to capture fluctuations in renewable generation as well as the
operation of short-term storage technologies and dispatchable generation capacities used
to compensate for these fluctuations [17, 29].

Other energy carriers, such as natural gas or coal, may often be represented at a lower
temporal resolution without losing the information relevant to long-term system plan-
ning. Their supply, transport, and consumption patterns often vary more slowly and
are thus treated with less temporal detail [15]. Applying the same high temporal reso-
lution used for electricity to these carriers can therefore introduce additional variables
and constraints without providing a corresponding improvement in model accuracy.

Carrier-specific temporal resolutions can also reflect the physical flexibility inherent in
certain energy infrastructures. Gas networks, for instance, can temporarily store gas
through variations in pipeline pressure, a phenomenon referred to as linepack. This
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provides short-term flexibility and reduces the need for gas inflows and withdrawals to
be balanced instantaneously [4, 28]. Similarly, heat systems exhibit thermal inertia and
storage capacity at several levels. The thermal mass of buildings can absorb and release
heat, allowing heat delivery to be varied over limited periods while indoor-temperature
requirements remain satisfied. District-heating networks can also store thermal energy in
the water and pipe mass and introduce delays between heat production and consumption
[33]. These properties allow certain carriers to be represented at a lower temporal
resolution while preserving sufficient model accuracy.
Electricity networks do not possess comparable inherent storage capabilities. Unless ded-
icated storage technologies are included, electricity generation and consumption must
be balanced almost instantaneously. This provides an additional motivation for repre-
senting electricity at a higher temporal resolution than carriers whose infrastructures
inherently provide greater temporal flexibility.
The variable temporal resolution approach consequently retains temporal detail where
it is necessary while allowing greater abstraction where short-term dynamics are less
relevant. In this way, it seeks to reduce the computational complexity of energy system
optimization models while preserving the carrier-specific temporal characteristics that
influence system design and operation.

3.2 AnyMOD.jl: A Graph-Based Formulation

AnyMOD.jl (or AnyMOD) by Leonard Göke is an energy system modeling framework
that implements a graph-based formulation for the representation and optimization of
multi-energy systems. In contrast to approaches based on independent representative
periods, AnyMOD retains continuous chronological time series. At the same time, it
allows the temporal and spatial granularity of the model to be defined individually
for each energy carrier. AnyMOD is developed in Julia and utilizes its mathematical
optimization package JuMP.
A defining feature of AnyMOD is that its principal model sets, including regions, tech-
nologies, carriers, and time steps, are organized as rooted trees, making it graph-based.
This hierarchical organization makes it possible to represent different levels of aggre-
gation within a common model structure. The relationships between these levels are
retained through the parent-child structure of the corresponding tree.

3.2.1 Mathematical Structure

The general mathematical structure of AnyMOD follows that of conventional energy
system optimization models. The model consists of decision variables, technical and
operational constraints, carrier balances, and an objective function, which commonly
minimizes total system costs. Its distinguishing feature is therefore not the general
optimization structure, but the hierarchical organization of the underlying sets.
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Each set is represented as a rooted tree, which is a connected acyclic graph with one
designated root node. Nodes at higher levels represent more aggregated elements, while
their child nodes represent subdivisions at a finer level of detail. In the temporal tree,
for example, a year may be divided into days, each day into four-hour intervals, and
each four-hour interval into individual hours.
In the present work, only the temporal dimension of this graph-based formulation is
considered. The temporal tree determines which time steps are available in the model
and how time steps at different levels of resolution are related. A parent time step
represents the complete interval covered by its children, while the child time steps form
a non-overlapping partition of that parent interval.
The tree structure restricts the temporal resolutions that can be represented. In Any-
MOD, the temporal resolution of each carrier is defined by assigning it to a fixed level
of the time-step tree. Within a superordinate dispatch period, the time steps at a given
level are assigned a common temporal scaling factor based on the number of time steps
at that level. Consequently, arbitrary combinations of differently sized intervals at the
same level, such as one eight-hour time step followed by sixteen one-hour time steps,
cannot be represented directly [15].

Figure 3.1: Reduced rooted tree of time steps

Figure 3.1 illustrates a reduced temporal tree. The optimization horizon consists of one
year, which is divided into 365 days. Each day is subdivided into six four-hour time
steps, and each four-hour time step is further divided into four one-hour time steps.
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This constitutes a permissible temporal tree because the children at each level have an
equal duration and collectively cover the full interval represented by their parent.

The tree does not imply that every model variable must be defined at the lowest available
level. Instead, variables associated with different carriers may be placed at different
levels of the same temporal hierarchy. Electricity-related variables may, for instance, be
defined at the hourly level, whereas gas-related variables may be defined at the four-hour
or daily level. In this way, the tree provides the common temporal structure required to
combine carrier-specific resolutions within one optimization model.

3.2.2 Coupling Between Carriers

A central challenge arises when a conversion technology links energy carriers represented
at different temporal resolutions. In a conventional model with a uniform temporal struc-
ture, the input and output flows of a conversion technology can be related within each
common time step. With carrier-specific temporal resolutions, however, the correspond-
ing time steps may differ in both number and duration.

AnyMOD resolves this issue by formulating the conversion relationship at the least
detailed, and therefore coarsest, temporal resolution among the carriers involved. Flows
associated with a more finely resolved carrier are aggregated to the temporal level of the
more coarsely resolved carrier before the conversion constraint is evaluated. In AnyMOD,
temporal aggregation between levels is performed by summation. This is appropriate for
variables that represent quantities accumulated over a time interval, such as produced,
consumed, stored, or converted energy. The resulting aggregated quantity can then be
used in the conversion equation at the coarser temporal level.

Consider, for example, a gas-fired power plant that converts natural gas into electricity.
If electricity is represented at an hourly resolution while natural gas is represented using
four-hour time steps, the conversion constraint is formulated for each four-hour inter-
val. The four hourly electricity outputs contained within that interval are summed and
related to the gas input defined for the corresponding four-hour time step.

This formulation preserves consistency between carriers with different temporal reso-
lutions. At the same time, it means that the conversion constraint only enforces the
relationship between input and output over the coarser interval.

3.2.3 Limitations and Modeling Considerations

Although the formulation presented by Göke permits different energy carriers to be
represented at different temporal resolutions, the temporal structure is not fully flexible.
All time steps are organized within a common rooted tree, and each carrier must be
assigned to one of its predefined depth levels. In the absence of a weighting scheme for
aggregating time steps of unequal duration, all time steps at a given level must follow
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a uniform temporal resolution. Consequently, the resolution assigned to an individual
carrier cannot vary over the course of the modeled horizon.

Most importantly, the resolution assigned to a carrier constitutes an assumption about
its inherent flexibility. When a carrier is represented using longer time steps, variations
and operational restrictions within these intervals are not resolved. In interactions be-
tween carriers with different resolutions, the finer flows are aggregated to the coarser
resolution of the conversion balance. This effectively assumes that the coarsely rep-
resented carrier can accommodate variations occurring within the aggregated interval.
While this may be appropriate for flexible carriers such as gas, an excessively coarse
resolution may overstate flexibility and affect dispatch, storage operation, capacity ex-
pansion, and system costs. Conversely, using unnecessarily fine resolution reduces the
computational benefits of the approach. The selected resolutions should therefore be jus-
tified according to the physical characteristics of each carrier and evaluated individually
for each model.

Finally, a reduction in the number of variables, constraints, and non-zero matrix elements
does not necessarily result in a proportional reduction in solution time. Computational
performance also depends on the structure of the resulting optimization matrix and
the solver algorithm employed. The benefits of variable temporal resolution should
consequently be assessed using both measures of model size and observed computational
performance.

3.2.4 Comparison to Related Approaches

Similar approaches to varying temporal resolution across different parts of an energy-
system model are implemented in SpineOpt (Ihlemann et al. [21]) and proposed by Gao
et al. [12]. SpineOpt uses temporal blocks that can be assigned separately to different
sectors, regions, technologies, and decision-variable types [21]. This allows, for example,
electricity flows to be represented at a finer resolution than gas flows, or unit-commitment
decisions at a coarser resolution than the corresponding energy flows. The resolution
may also vary over the modeling horizon. When components with different resolutions
interact, variables defined at the finer resolution are aggregated to the coarser resolution
of the linking constraint using relationships between overlapping time slices. In the
electricity-gas case study presented by Ihlemann et al., selectively reducing temporal
resolution decreased computation time substantially while causing only minor changes
in total system cost.

The formulation proposed by Gao et al. [12] generalizes this principle further. Rather
than assigning temporal resolution primarily by carrier or model component, each deci-
sion variable and constraint may be defined at an individual temporal resolution. This
enables temporal detail to be removed selectively from parts of the mathematical for-
mulation where it contributes little to solution quality, while retaining high resolution
for variables and constraints that depend strongly on short-term dynamics. Applied to
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an interconnected European energy-system model, the approach improves the trade-off
between computational performance and solution accuracy.
Compared with these approaches, the original AnyMOD formulation assigns temporal
resolution at the level of energy carriers through predefined depths of a common time-
step tree [15]. SpineOpt provides greater flexibility by assigning temporal blocks to
individual model components and allowing resolution to vary over time, while the for-
mulation of Gao et al. offers the most general approach by defining temporal resolution
separately for every variable and constraint. The approaches therefore share the objec-
tive of applying high temporal detail only where required, but differ in the granularity
and flexibility with which temporal resolution can be assigned.
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4.1 Experimental Design

The experimental design aims to evaluate the applicability, solution consistency, and
computational performance of the variable temporal resolution approach implemented in
AnyMOD. While the original formulation was demonstrated by Göke [15] using a specific
energy-system model, the present study applies the approach to a newly developed
benchmark model with a different system structure. This allows the transferability of
the formulation to be assessed beyond the model originally used to introduce it.
The analysis addresses three main aspects. First, the implementation of the benchmark
model in AnyMOD is compared with an equivalent implementation in the established
REMix modeling framework [35]. For this comparison, both frameworks use a uniform
temporal resolution. The purpose of the cross-framework comparison is to verify that
the benchmark model produces consistent optimization results despite differences in the
internal formulations and implementations of the two frameworks.
Second, the effect of carrier-specific temporal resolution is investigated within AnyMOD.
The uniform-resolution AnyMOD model (or AU) serves as the reference configuration
against which the variable-resolution configurations are evaluated. The analysis ex-
amines whether reducing the temporal resolution of selected energy carriers decreases
the size of the resulting optimization problem and improves computational performance
while preserving the relevant model results. This reflects the central objective of the
approach: to retain detailed temporal representation where it is required while avoiding
unnecessary operational variables and constraints for carriers characterized by slower
dynamics.
Two variable-resolution configurations are considered. In the first, the temporal resolu-
tion assigned to each carrier is selected according to its physical and operational charac-
teristics. This configuration represents the intended application of the approach and will
be referred to as AV. In the second, deliberately coarse temporal resolutions are assigned
to selected carriers. This configuration constitutes a stress test intended to illustrate the
consequences of excessive temporal aggregation and to examine the trade-off between
computational performance and solution consistency. This configuration will be referred
to as AVC. Since only these two predefined cases are investigated, the comparison is not
treated as a comprehensive sensitivity analysis. The deliberately coarse configuration
is particularly relevant because an insufficient temporal resolution can overstate carrier
flexibility and affect dispatch, storage operation, capacity expansion, and total system
costs.
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Third, the scaling behavior of the frameworks and temporal configurations is examined
by gradually increasing the spatial size of the benchmark model. A total of 20 model
instances are generated, ranging from 2 to 40 regions in increments of two:

Nregions ∈ {2, 4, 6, . . . , 40}. (4.1)

Applying the same benchmark configurations to models of increasing size makes it possi-
ble to assess how computational time, memory requirements, and mathematical problem
size develop as the number of regions grows. The evaluation therefore considers both
direct measures of computational performance and structural measures such as the num-
ber of variables, constraints, and non-zero matrix entries. This distinction is important
because a reduction in mathematical problem size does not necessarily lead to a propor-
tional reduction in solution time.
Table 4.1 summarizes the four configurations considered in the benchmark.

Table 4.1: Overview of the benchmark configurations
Configuration Framework Temp. representation Role in the analysis
AU AnyMOD Uniform Reference configuration
AV AnyMOD Carrier-specific Evaluation of the proposed approach
AVC AnyMOD Carrier-specific, coarse Stress test
RU REMix Uniform Cross-framework validation

The comparison between the uniform AnyMOD (AU) and REMix (RU) configurations
primarily evaluates cross-framework consistency. In contrast, the comparison among
the three AnyMOD configurations isolates the effect of changing temporal resolution
while keeping the modeling framework and the remaining model assumptions constant.
Across AU, AV, and AVC, all model data, technologies, network topology, constraints,
and solver settings remain unchanged. Only the temporal resolution assigned to indi-
vidual carriers is varied. Together, these comparisons allow the proposed approach to be
evaluated with respect to solution consistency, computational performance, and scaling
behavior.

4.2 Benchmark Energy-System Model

The computational experiments are based on a synthetic multi-energy system model
developed specifically for the benchmark. The model represents the joint planning and
operation of electricity, heat, natural gas, and coal across a variable number of intercon-
nected regions. Its structure is kept sufficiently general to investigate the computational
effects of model size and temporal resolution without reproducing one particular real-
world energy system.
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4.2.1 Network Topology

The benchmark instances contain between 2 and 40 regions connected through an inter-
regional network. Constructing a consistent set of differently sized models from real-
world energy systems would require suitable datasets for every model size and could
introduce structural differences unrelated to the benchmark objective. A synthetic net-
work topology is therefore used to enable the systematic and automated scaling of the
model while retaining a common construction principle across all instances.
The regional connections are generated using Delaunay triangulation. For a given set of
regional nodes, the triangulation creates links between neighboring nodes while avoiding
unnecessarily dense connectivity. Delaunay triangulation has also been applied in the
construction of synthetic power grids designed to reproduce selected statistical charac-
teristics of real-world networks [6]. In the present benchmark, it provides a reproducible
method for generating increasingly large but structurally comparable network topolo-
gies. Further details on the generation of model instances with different numbers of
regions and the application of the triangulation algorithm are provided in Section 4.3.2.
Each resulting network link may accommodate electricity transmission through high-
voltage direct-current (HVDC) connections and natural-gas transport through methane
pipelines. The same underlying topology is therefore used for both carrier networks,
while the corresponding transmission technologies and flows are represented separately
in the energy-system model.

4.2.2 Mathematical and Technological Scope

The benchmark model combines capacity-expansion and operational optimization. In-
vestment variables determine the capacities of generation, conversion, storage, and trans-
mission technologies, while dispatch variables describe their operation throughout the
modeled period. All investment and operational variables are continuous, such that
the benchmark is formulated as a linear programming problem. The optimization hori-
zon comprises one year represented by 8,760 consecutive hourly time steps. This full-
resolution temporal representation serves as the basis from which the carrier-specific
temporal configurations described in Section 4.4 are derived.
The system is driven by exogenously specified electricity and heat demands in each re-
gion. These demands must be satisfied through the available supply, conversion, storage,
and transmission options. Four energy carriers are represented: electricity, heat, natural
gas, and coal. Their interactions allow electricity and heat demand to be met through
multiple technological pathways and introduce coupling between the different parts of
the system.
Electricity may be generated from photovoltaic systems, wind turbines, coal-fired power
plants, and combined-cycle gas turbines (CCGTs). Heat may be supplied by gas boilers,
electric heat pumps, and combined heat and power plants based on CCGT technology
(CCGT-CHP). The latter jointly produce electricity and heat from natural gas and
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Figure 4.1: Interactions of carriers and technologies.

therefore couple the corresponding carrier balances. Battery storage provides short-term
electricity storage, while gas caverns allow natural gas to be stored over longer periods.
Electricity and natural gas can additionally be exchanged between regions using HVDC
connections and methane pipelines along the links of the synthetic network.

The objective function minimizes total system cost, including the relevant investment
and operational cost components. A system-wide emissions constraint limits aggregate
emissions across all regions and technologies. The constraint introduces an additional
relationship between otherwise spatially distributed investment and dispatch decisions,
as emissions generated in one region affect the remaining emissions budget available to
the entire system.

The benchmark model is designed to include system characteristics that are particularly
relevant to multi-energy systems with a high share of renewable energy sources. The
represented carriers exhibit different characteristic time scales, providing a suitable basis
for evaluating carrier-specific temporal resolution. Sector-coupling technologies such as
heat pumps and CHP units link the individual carrier balances, while battery storage and
gas caverns represent short- and long-term storage options. Interregional electricity and
natural-gas networks additionally introduce spatial coupling between regions. Together,
these components reflect technologies and interactions commonly considered in analyses
of future energy systems with increasing reliance on variable renewable generation, while
also introducing the technological, temporal, and spatial complexity required to assess
the computational effects of variable temporal resolution.
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4.2.3 Input Data

The input data for both AnyMOD and REMix are provided through sets of CSV files
that define the structure and parameters of the respective model instances. Owing to
differences in the data structures of the two frameworks, the organization of these files
and the names of individual parameters are not identical. A complete REMix instance of
the given model comprises 37 CSV files, whereas the corresponding AnyMOD instance is
defined through 12 CSV files. Despite these structural differences, both implementations
use equivalent input data for all technological parameters and time-dependent profiles
to ensure comparability between the frameworks.

The parameter data include technology-specific investment and operational costs, con-
version efficiencies, capacity limits, technical lifetimes, interest rates, and transmission-
related parameters. These data are based on the AnyMOD demo model [16]. Availabil-
ity profiles for wind and photovoltaic generation, as well as electricity and heat demand
profiles, are represented by normalized hourly time series and are sourced from Wetzel
et al. [34]. The normalized demand profiles are subsequently scaled according to the
annual demand assigned to each region. In addition, the coefficient of performance of
heat pumps is represented by an hourly time series. Unlike the availability and demand
profiles, this series contains directly applicable coefficient values and is therefore not
normalized.

4.3 Model Scaling and Instance Generation

4.3.1 Model-Size Variation

The benchmark comprises 20 model instances containing between 2 and 40 regions in in-
crements of two. The technological structure remains unchanged across all model sizes.
Each region contains the same set of available technologies and is assigned the same
technology-specific expansion costs, operational costs, interest rates, lifetimes, conver-
sion efficiencies, and upper and lower capacity bounds.

The spatial dimension was selected for model-size variation because adding regions pro-
vides a comparatively direct way of increasing the number of variables and constraints
while leaving the technological and temporal structure unchanged. It is also straightfor-
ward to implement systematically across a large number of benchmark instances.

Regional heterogeneity is introduced through the time-dependent input data. Each
region is assigned individual hourly profiles for wind availability, photovoltaic availability,
electricity demand, and heat demand. The annual electricity and heat demands used to
scale the normalized demand profiles also differ between regions. Consequently, adding
regions increases not only the spatial extent of the model but also the diversity of the
represented renewable-resource and demand conditions.
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4.3.2 Model-Expansion Procedure

The model instances are generated automatically by manipulating the CSV files that
define the AnyMOD and REMix models. For each model size, a new and complete set
of input files is created. This procedure enables the same expansion logic to be applied
consistently across both frameworks while accounting for differences in their respective
input-data structures.

Nodes and Links

The spatial topology is generated using Delaunay triangulation, following an approach
that has also been applied in the construction of synthetic power grids [6]. The tri-
angulation is implemented using the scipy.spatial.Delaunay module [31]. Regional
coordinates are sampled from a uniform distribution within the unit square. A fixed ran-
dom seed is used so that the generated coordinates, and therefore the resulting model
instances, are reproducible.
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Figure 4.2: Delaunay graphs for 4, 12, and 40 regions.

The Delaunay algorithm partitions the set of regional coordinates into triangular sim-
plices, from which the edges of the inter-regional network are derived. The resulting
graph is planar and connects primarily neighboring regions [6], as shown in Figure 4.2.
The number of inter-regional links increases with model size, and the average number
of links per region rises accordingly. The four-region instance contains five links, cor-
responding to an average of 1.25 links per region, while the 12-region instance contains
28 links, or 2.33 links per region. For the largest 40-region instance, the network com-
prises 107 links, corresponding to an average of 2.675 links per region. The two-region
instance represents a special case, as Delaunay triangulation cannot be applied to only
two points. Its two regions are therefore connected directly by a single link.
The triangulation is recalculated separately for each model size. As a result, a smaller
model instance is not necessarily an exact subnetwork of a larger instance. The rela-
tive arrangement of regions and the links between them may change when additional
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regions are included. The benchmark therefore represents a sequence of independently
generated, structurally comparable networks rather than a strictly nested expansion of
a single network.

Global Parameters

Parameters that apply identically to all regions are defined globally where supported
by the respective framework. AnyMOD permits a larger share of these parameters
to be specified globally. In REMix, some region-dependent entries, including capacity
limits for conversion and storage technologies and the configuration of sources and sinks,
must instead be duplicated when a new region is introduced. The expansion procedure
accounts for these framework-specific requirements when generating the corresponding
CSV files.

Regional Time Series

Regional time series are selected from a predefined collection containing wind, pho-
tovoltaic, electricity-demand, and heat-demand profiles for multiple regions. When a
model is expanded, the profiles associated with the newly added regions are inserted
into the corresponding input files. A two-region model therefore uses the profiles of the
first two regions in the collection, while expanding the model to four regions addition-
ally introduces the profiles assigned to regions three and four. Each region consequently
retains its own time-dependent input data across all model instances in which it is in-
cluded.

Import limits and finite upper bounds on technology expansion are scaled according
to the total demand of the respective region. This prevents regions with substantially
different demand levels from receiving identical absolute limits and ensures that the
associated constraints remain proportional to the scale of the regional energy system.

4.4 Temporal-Resolution Configurations

Three temporal-resolution configurations are considered in the benchmark. The uni-
form configuration is implemented in both AnyMOD and REMix and serves as the
common full-resolution reference case. The two variable-resolution configurations are
implemented only in AnyMOD and differ in the degree to which temporal detail is re-
duced for heat, natural gas, and coal. Table 4.2 summarizes the temporal resolution
assigned to each carrier.
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Table 4.2: Overview of the temporal-resolution configurations
Carrier Uniform (AU/RU) Variable (AV) Variable coarse (AVC)
Electricity 1 h 1 h 1 h
Heat 1 h 4 h 1 year
Natural gas 1 h 24 h 1 year
Coal 1 h 1 year 1 year

4.4.1 Uniform Temporal Resolution

The uniform temporal-resolution configuration is used for both AnyMOD Uniform (AU)
and REMix Uniform (RU). The optimization horizon comprises one year represented
by 8,760 consecutive hourly time steps. The same hourly resolution is applied to all
four energy carriers, and the original chronological sequence of the input time series is
retained. No temporal aggregation is applied in this configuration. Since all time steps
have a duration of one hour, they are assigned equal temporal weights internally.

The uniform configurations provide two reference points for the analysis. The compar-
ison between AU and RU is used to assess the equivalence of the benchmark imple-
mentations across the two modeling frameworks. Within AnyMOD, AU serves as the
full-resolution reference against which the effects of the two variable-resolution configu-
rations are evaluated.

4.4.2 Variable Temporal Resolution

Carrier-specific temporal resolutions are applied in the AnyMOD Variable (AV) and
AnyMOD Variable Coarse (AVC) configurations. In both cases, electricity retains an
hourly resolution because its supply and demand must be balanced over short intervals
and because the operation of variable renewable generation and battery storage depends
strongly on intra-day variations.

In the AV configuration, heat is represented using four-hour time steps, natural gas using
daily time steps, and coal using a single annual time step. These resolutions are selected
according to the carrier-specific temporal characteristics discussed in Section 3.1 and
reproduce the resolutions used by Göke [15]. The configuration is intended to reduce the
number of operational variables and constraints associated with carriers whose relevant
dynamics occur over longer time scales, while retaining hourly detail for electricity.

The AVC configuration applies a deliberately coarse temporal representation. Electric-
ity remains hourly, whereas heat, natural gas, and coal are each represented by a single
time step covering the full year. This configuration is not intended to represent a rec-
ommended application of the variable-resolution approach. Instead, it serves as a stress
test for examining the computational benefits and potential distortions associated with
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assigning excessively coarse resolutions to carriers whose intra-annual behavior may re-
main relevant. Comparing AVC with AU and AV therefore provides insight into the
trade-off between computational performance and the preservation of model results.

4.5 Cross-Framework Model Equivalence and Validation

The AnyMOD and REMix benchmark models are designed to represent the same un-
derlying energy system. Both implementations use equivalent time series, technology
parameters, costs, efficiencies, capacity limits, transmission parameters, and emissions
assumptions. They also include the same principal investment and operational decisions
and minimize the same categories of system costs. For the cross-framework comparison,
both models use the uniform hourly temporal resolution described above.
Nevertheless, complete mathematical identity between the implementations cannot be
achieved because AnyMOD and REMix differ in their internal formulations, parameter
structures, and input-data requirements. Parameter names and the organization of
the input files differ, and certain restrictions cannot be expressed in exactly the same
manner in both frameworks. For example, AnyMOD permits the inflow of natural gas
to be bounded at the level of individual time steps, whereas REMix also allows an upper
limit to be imposed on the annual sum of inflows. Where such differences occur, the
parameterization is adapted to reproduce the same underlying modeling assumption as
closely as possible.
Despite these implementation-specific differences, the principal technologies, carrier bal-
ances, capacity restrictions, conversion relationships, storage representations, and objective-
function components are formulated according to the same underlying logic. The models
are therefore treated as functionally equivalent rather than mathematically identical.
Before conducting the full benchmark, the two implementations were validated using
smaller model instances. Their objective values and principal optimization results, in-
cluding technology investments and operational quantities, were compared under iden-
tical input assumptions and a uniform hourly resolution. The close agreement observed
in these test cases was used to establish that the implementations represent the same
benchmark system with sufficient consistency for the subsequent cross-framework com-
parison.

4.6 Computational Environment

All benchmark experiments were conducted on the CARA high-performance computing
cluster. The cluster comprises 740 compute nodes, each equipped with two AMD EPYC
9555 processors and 384 GB of main memory. Each processor provides 64 physical cores,
resulting in 128 physical cores per node and, with simultaneous multithreading enabled,
256 logical processors. The compute nodes use a 64-bit Linux operating system. For

29



4 Methodology

each benchmark run, one compute node was allocated exclusively, preventing interference
from other workloads on the same node. The optimization solver was restricted to 16
threads for all configurations.

The software environments used for the AnyMOD and REMix implementations are sum-
marized in Table 4.3. The principal difference lies in model construction: AnyMOD uses
JuMP, whereas REMix relies on GAMS. Both frameworks use the Gurobi Optimizer, al-
though with slightly different versions. Owing to compatibility issues between AnyMOD
and more recent Julia releases, the AnyMOD implementation was executed using the
comparatively old Julia version 1.7.3 and may therefore not benefit from performance
improvements introduced in later versions.

Table 4.3: Software environments used for the benchmark implementations
Software AnyMOD REMix
Modeling framework AnyMOD 0.1.12 REMix 0.14.0
Programming language Julia 1.7.3 Python 3.13
Algebraic modeling interface JuMP 1.29.4 GAMS 53.2.0
Gurobi interface Gurobi_jll 13.0.2 GAMS–Gurobi link
Gurobi Optimizer 13.0.2 13.0.1
Operating system 64-bit Linux 64-bit Linux

The same solver settings were applied to the AnyMOD and REMix configurations to
ensure that observed differences in computational performance were not attributable to
differing solver parameterizations. Gurobi was restricted to 16 threads, and the barrier
algorithm was selected by setting Method to 2. Each benchmark configuration was
evaluated both with presolve enabled and with presolve disabled, allowing the effect of
presolve on computational performance to be assessed separately. The complete solver
configuration is summarized in Table 4.4. All parameters not listed in the table retained
their default Gurobi values.

Table 4.4: Non-default Gurobi settings used for benchmark configurations
Parameter Value
Threads 16
Method 2
Presolve 0/1
Crossover 0
BarConvTol 10−5

FeasibilityTol 10−5

OptimalityTol 10−5

BarOrder 1
PreDual 0
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Although the solver settings were identical, the two framework implementations used
slightly different Gurobi versions and solver interfaces. The benchmark therefore com-
pares the complete framework-specific model-generation and optimization workflows un-
der otherwise equivalent hardware allocation and solver parameterization.

4.6.1 Gurobi Presolve

Gurobi presolve applies a collection of preprocessing techniques before the main op-
timization process to simplify and strengthen the mathematical formulation. These
techniques can remove redundant constraints, fix or substitute variables, tighten vari-
able bounds, and strengthen coefficients. The resulting presolved model may therefore
contain fewer rows, columns, and non-zero coefficients than the original formulation,
thereby potentially reducing the computational effort required by the subsequent solu-
tion algorithm [1].

Since the objective of this work is to isolate the computational effect of carrier-specific
temporal resolution, presolve represents an additional source of model reduction that
can influence the observed differences between the temporal-resolution configurations.
The benchmark experiments were therefore performed with presolve disabled to assess
the effect of variable temporal resolution on the original formulations. However, presolve
is commonly used in practical optimization workflows and disabling it may not reflect
typical model applications. To ensure that the observed benefits are also representative
under realistic solver settings, all experiments were additionally performed with presolve
enabled. The comparison of both settings allows the effect of carrier-specific temporal
resolution to be assessed both independently of solver preprocessing and in combination
with it.

4.7 Benchmark Execution Procedure

The benchmark runs were submitted to the CARA cluster using the Slurm workload
manager. Separate submission scripts were used for the REMix and AnyMOD implemen-
tations. In both cases, the submission script defined the model datasets to be evaluated
and submitted the corresponding jobs as a Slurm job array using sbatch. Each array
entry represented one model instance and benchmark configuration. Runs with presolve
enabled and disabled were submitted separately so that the effect of presolve could be
evaluated under otherwise identical conditions.

For REMix, each job was executed through the framework’s command-line interface and
launched on the allocated compute node using srun. Wall-clock time was measured ex-
ternally using timestamps recorded immediately before and after the model execution,
in addition to the timing information reported internally by the solver. Peak mem-
ory consumption was given by the process’s maximum resident set size reached during
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execution, as tracked by the Linux kernel and returned via wait4() upon process termi-
nation. After completion, the job script extracted the relevant performance indicators,
problem statistics, and solution information from the Gurobi log files. These values were
combined with the externally measured timing information and written to a CSV file
containing one observation for each benchmark run.

Table 4.5: Snippet of a CSV containing measurements from a REMix run
Dataset Rows Columns NNZ Elapsed (s) Solve (s) Objective Max. RSS (kB)
2_Regions_TREM 508120 525645 1531446 20.56 10.43 1171.279 1114944

The AnyMOD workflow followed the same general submission structure. A submission
script defined the datasets and created a Slurm job array, while the corresponding job
script specified the working directories and execution parameters, like the number of
measured runs, and the number of allocated threads. The job script then launched the
Julia benchmark program using the project environment associated with the AnyMOD
installation.
Within the Julia program, the dataset and run parameters supplied by the job script
were parsed before initializing the model and solver. The required Gurobi settings were
then applied, and timing measures and memory usage were recorded using Julia’s @timed
macro and Sys.maxrss(). Solver-specific information, including solution and presolve
times, barrier iterations, and matrix statistics, was extracted from the Gurobi output
and log files. All measurements were written to a CSV summary file following the same
general structure as the REMix benchmark results.

4.7.1 Replication and Result Aggregation

AnyMOD was executed three times independently for each model instance and configu-
ration, as preliminary testing revealed noticeable variation in runtime between repeated
executions. The reported AnyMOD performance metrics therefore use the median of the
three runs, while the minimum–maximum range is used to indicate run-to-run variation.
In contrast, repeated REMix executions showed only minor runtime variation during
preliminary testing. REMix was therefore executed once for each model instance and
configuration.
To analyze how computational performance develops with increasing model size, selected
time-based metrics were additionally evaluated as a function of the number of regions.
Where appropriate, the observed relationship was approximated using a power-law func-
tion,

y = aN b, (4.2)

where N denotes the number of regions, y the respective performance metric, a the
fitted prefactor, and b the fitted scaling exponent. The exponent b provides a measure
for comparing the rate at which the investigated metric increases with model size across
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benchmark configurations, while the coefficient of determination R2 is used to assess
the goodness of fit. The fitted relationships are interpreted as empirical descriptions
of the observed scaling behavior over the investigated range of 2–40 regions and not as
estimates of asymptotic computational complexity.
The exit code of each job was retained to identify unsuccessful executions and runs
terminated because of an error. Measurements from unsuccessful runs were recorded as
NaN and excluded from the calculation of summary statistics and relative performance
measures. Where no successful run was available for a particular model instance and
configuration, no corresponding result was included in the analysis.
The generated solver log files and CSV summaries were stored separately for each model
instance and execution. This allows all reported measurements to be traced back to the
corresponding benchmark instance, run, and solver output.

4.8 Evaluation Metrics

The benchmark evaluation considers computational performance, mathematical problem
size, and objective-value consistency. The corresponding metrics were obtained from a
combination of external process measurements, framework-specific timing functions, and
the Gurobi solver logs.

4.8.1 Computational Performance

Computational performance was primarily evaluated using wall-clock time, solver time,
model-build time, and memory consumption. The externally measured wall-clock time,
reported as elapsed_sec, represents the elapsed time between the recorded start and
completion timestamps of the model execution. The solution time reported by Gurobi
was stored separately as solve_sec, while presolve_sec records the time spent in the
presolve phase when presolve was enabled.
For both AnyMOD and REMix, model-build time was measured directly within the re-
spective benchmark workflows and represents the time required to construct the mathe-
matical optimization model before it is passed to Gurobi. This allows model-construction
performance to be compared directly between the two frameworks, separately from the
time required by the optimization solver.

4.8.2 Mathematical Problem Size

The mathematical size and structure of each optimization problem were assessed using
both framework-level and solver-level statistics. For AnyMOD, the number of vari-
ables and constraints generated by the framework were recorded as n_variables and
n_constraints. A problem fingerprint was additionally recorded for each AnyMOD run
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Table 4.6: Computational-performance metrics recorded for each benchmark run
Metric Description
start_time Recorded start timestamp
end_time Recorded completion timestamp
elapsed_sec Externally measured wall-clock time
solve_sec Solution time reported by Gurobi
presolve_sec Time spent in Gurobi presolve
build_sec Model-construction time
max_rss_kb Maximum resident set size in kilobytes

to detect differences in the generated solver model. Subsequent inspection showed that
differing fingerprints between repeated runs resulted from variations in model-element
ordering rather than changes in the underlying mathematical problem.

Gurobi reports the dimensions of the optimization matrix through the number of rows,
columns, and non-zero coefficients. These values were recorded before presolve as
rows, cols, and nnz. The corresponding dimensions after presolve were stored as
presolved_rows, presolved_cols, and presolved_nnz.

Table 4.7: Problem-size and matrix-structure metrics recorded for the benchmark models
Metric Description
problem_hash Identifier of the generated AnyMOD problem
rows Number of rows before presolve
cols Number of columns before presolve
nnz Number of non-zero coefficients before presolve
presolved_rows Number of rows after presolve
presolved_cols Number of columns after presolve
presolved_nnz Number of non-zero coefficients after presolve

4.8.3 Objective-Value Consistency

Solution consistency was primarily evaluated using the objective value reported for each
completed optimization run. The recorded value, obj_value, was compared across the
equivalent AnyMOD and REMix implementations and across the different temporal-
resolution configurations. For the cross-framework comparison, similar objective values
indicate that the two implementations represent the underlying benchmark system con-
sistently. For the variable-resolution configurations, deviations from the uniform Any-
MOD reference indicate the extent to which temporal aggregation affects the optimized
system result.
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The recorded exit_code was used to distinguish successfully completed runs from exe-
cutions that failed or terminated abnormally. Only runs with a successful exit code and
a valid objective value were included in comparisons of consistency and computational
performance.
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5 Results

This chapter presents the results of the benchmark experiments. The presentation fo-
cuses primarily on describing the observed results, with only limited interpretation where
necessary for clarity. A more detailed interpretation of the findings and their implica-
tions is provided in Chapter 6. Unless stated otherwise, AnyMOD results are reported as
the median of the three measured runs, with the minimum–maximum range indicating
run-to-run variation. REMix was executed once for each benchmark configuration and
model size and therefore does not have a corresponding range.

5.1 Objective-Value Consistency

5.1.1 Cross-Framework Equivalence

Figure 5.1 compares the objective values obtained with the uniform-resolution configu-
rations of AnyMOD (AU) and REMix (RU) across the investigated model sizes.
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Figure 5.1: Cross-framework comparison of objective values.

The left panel shows the absolute objective value as a function of the number of re-
gions. The objective increases monotonically from approximately 1,170 million EUR
for the smallest model to approximately 81,500 million EUR for the largest model,
although the increase is not perfectly linear. This reflects the model-expansion pro-
cedure, in which newly added regions are heterogeneous with respect to demand and
time-dependent input data. Consequently, the additional system cost associated with
each newly introduced region varies rather than increasing by a constant amount. The
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objective values obtained with AU and RU are visually almost indistinguishable across
the complete range of model sizes. The repeated AU runs resulted in identical objective
values, such that no variation between runs is visible. This is expected, as repeated
executions solve the same optimization problem with the same objective function and
input data. Deviations in the resulting objective value would therefore indicate either
differences in the generated problem or that the same optimum was not consistently
reached.
The right panel shows the relative deviation of the RU objective value from the corre-
sponding AU value. The deviation varies between model sizes but remains below 0.25%
in magnitude for all investigated instances. No systematic increase or decrease in the
relative deviation is observed with increasing model size. Activating presolve did not af-
fect the obtained objective values for any of the benchmark configurations. As described
in Section 4.6.1, presolve is intended to simplify the mathematical formulation without
changing its optimal solution, so the absence of objective-value changes between the two
presolve settings is consistent with the expected behavior.

5.1.2 Effect of Temporal Resolution

Figure 5.2 compares the objective values obtained with the three AnyMOD temporal-
resolution configurations.
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Figure 5.2: Effect of the temporal-resolution configuration on the objective value.

The absolute objective values shown in the left panel increase with the number of regions
for all three configurations. The three configurations exhibit a similar overall progression
with increasing model size, while systematic differences in the resulting system cost
are visible. AV consistently produces slightly lower objective values than AU. The
difference is substantially larger for AVC, with the objective value of the largest model
being approximately 19% lower than that of AU. As for the uniform configuration,
the repeated AnyMOD runs resulted in identical objective values, and no run-to-run
variation is therefore visible.
The right panel shows the relative deviation of AV and AVC from the corresponding
AU objective value. The relative deviations remain comparatively stable across the
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investigated model sizes. AV produces objective values approximately 3% below those
of AU, whereas AVC exhibits deviations of approximately 18–22%. No pronounced
dependency of the relative deviation on the number of regions is apparent for either
configuration.

5.2 Computational Performance

5.2.1 Execution and Solution Time

Total Runtime

Figure 5.3 shows the total runtime of all benchmark configurations as a function of the
number of regions, separately for runs with presolve disabled and enabled.
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(a) Presolve disabled
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Figure 5.3: Total runtime across configurations and model sizes.

Without presolve, AU exhibits the highest total runtime, reaching approximately 3,900 s
for the largest model instances. In comparison, the runtime of AV reaches approximately
2,000 s. RU and AV exhibit similar total runtimes over much of the investigated range,
with RU generally being slightly faster, while AVC has the lowest runtime for most
model sizes. The measured AnyMOD runtimes show some variation between repeated
runs.
For AVC, no successful result was obtained for the 30-region instance without presolve
because the solver encountered numerical difficulties. For the 40-region instance, only
one of the three runs completed successfully, and this successful run exhibited a pro-
nounced increase in runtime.
With presolve enabled, the overall pattern changes only partly. AU continues to exhibit
the highest total runtime, while RU, AV, and AVC remain substantially closer to one
another. However, AVC is no longer consistently faster than RU and AV. In addition,
all AVC model instances are solved successfully, and the pronounced runtime increase
observed for the largest instances without presolve is no longer present.
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Solver Time

Figure 5.4 shows the optimization time reported by the solver for all configurations. In
contrast to total runtime, this measure excludes framework-level model construction and
other execution overhead outside the optimization process.
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Figure 5.4: Solver time across configurations and model sizes.

Without presolve, solver times reach approximately 2,000 s for the largest model in-
stances. AU remains the slowest configuration, although the differences between AU
and the other configurations are smaller than for total runtime. AV exhibits lower solver
times than RU for almost all model sizes, despite their comparatively similar total run-
times. AVC is solved faster than AV for most available model sizes. As observed for
total runtime, however, no successful result is available for the 30-region AVC instance,
while the 40-region model exhibits a pronounced increase in solver time.
Enabling presolve substantially reduces the solver time of AU and AV. For many model
instances, the solver times are approximately halved relative to the corresponding runs
without presolve. The reduction is less pronounced for AVC and RU. With presolve
enabled, AV consistently exhibits lower solver times than AVC. RU exhibits higher
solver times than both AV and AU over much of the investigated range.

Relative Solver-Time Reduction

Figure 5.5 shows the relative deviation in solver time of AV and AVC from the corre-
sponding AU configuration. Negative values indicate a reduction in solver time relative
to AU.
Without presolve, the relative solver-time reduction achieved by AV varies considerably
between model sizes. For some instances, the reduction relative to AU is only approx-
imately 10%, whereas for others it exceeds 60%. No systematic relationship between
the magnitude of the reduction and the number of regions is apparent. AVC also ex-
hibits lower solver times than AU for almost all successfully solved model instances, but
similarly shows no clear trend with increasing model size.
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(a) Presolve disabled
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Figure 5.5: Relative solver-time deviation of AV and AVC compared with AU across
model sizes.

With presolve enabled, the variation in the relative solver-time reduction of AV decreases
substantially. AV reduces solver time by approximately 40% relative to AU for most
model instances. No clear overall dependency on model size is observed, although the
reduction becomes smaller for the largest instances containing 36–40 regions. AVC
exhibits greater variation and consistently requires more solver time than AV under this
setting.

Model-Build Time

Figure 5.6a shows the model-build time of all benchmark configurations as a function of
the number of regions, while Figure 5.6b presents the corresponding relative deviation
from AU. Presolve does not affect model-build time because it is applied only after the
mathematical model has been constructed and passed to the solver.

Figure 5.6a shows clear differences in both the absolute model-build times and their de-
velopment with increasing model size. RU exhibits the lowest model-build times across
the entire range and the weakest increase with the number of regions, reaching approxi-
mately 80 s for the largest instance. Within AnyMOD, AU shows the strongest growth,
increasing to approximately 1,380 s at 40 regions, while AV and AVC reach approxi-
mately 445 s and 390 s, respectively. The difference between the AnyMOD configura-
tions becomes increasingly pronounced as model size grows. A comparatively abrupt
increase in the model-build time of AU is visible between the 8- and 10-region instances,
which is not accompanied by a corresponding increase for the remaining configurations.

The relative deviations shown in Figure 5.6b further illustrate these differences. RU
requires less model-build time than AU across all investigated model sizes, with a re-
duction of approximately 54% for the smallest instance. Its relative advantage increases
steadily with model size and reaches approximately 93% for the largest instance, the
largest reduction among the investigated configurations. The reductions achieved by
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(a) Model-build time across configurations
and model sizes.
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Figure 5.6: Model-build time across configurations and model sizes, in absolute terms
and relative to AU.

AV and AVC follow a different pattern. They deepen sharply up to the 10-region in-
stance, reflecting the increase in AU build time described above, and are largest for
instances containing approximately 10 to 16 regions, where both configurations reduce
model-build time by roughly 78–82% relative to AU. For larger instances, the relative
reductions become gradually smaller, amounting to approximately 65–68% for AV and
approximately 71–75% for AVC. AVC achieves a slightly larger reduction than AV over
most of the range, whereas the two configurations are comparable for the smallest in-
stances. Averaged across all model sizes, the reductions amount to 65.0% for AV and
69.8% for AVC, as reported in Table 5.1.

Average Deviations

Table 5.1 summarizes the average relative deviations in model-build time, solver time,
and total runtime from AU. For each model size, the median value of the respective
AnyMOD configuration is compared with the median value of AU. The resulting relative
deviations are subsequently averaged across the available model instances. Model sizes
for which no successful result was obtained are excluded from the corresponding average.
The largest average reductions are observed for model-build time. Relative to AU, AV
reduces model-build time by 65.0% on average, while AVC achieves a slightly larger
reduction of 69.8%. These reductions are independent of the presolve setting because
model construction is completed before Gurobi presolve is applied.
For solver time, the relative performance depends more strongly on the presolve setting.
Without presolve, AV reduces solver time by 42.8% on average, while AVC achieves a
larger reduction of 54.6%. With presolve enabled, the average solver-time reduction of
AV remains comparatively similar at 39.7%, whereas the reduction achieved by AVC
decreases substantially to 19.8%.
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A similar change is visible for total runtime. Without presolve, AV reduces total runtime
by 54.3% relative to AU, while AVC achieves the largest reduction at 61.3%. With
presolve enabled, AV provides the larger improvement, reducing total runtime by 56.6%,
compared with a reduction of 51.0% for AVC.

Table 5.1: Average relative deviation in model-build time, solver time, and total runtime
from AU.

Build time Solver time Total runtime
Configuration – No presolve Presolve No presolve Presolve
AV -65.0% -42.8% -39.7% -54.3% -56.6%
AVC -69.8% -54.6% -19.8% -61.3% -51.0%

5.2.2 Memory Requirements

Figure 5.7 shows the peak memory requirement of the four benchmark configurations as
a function of model size, separately for runs with presolve disabled and enabled.
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Figure 5.7: Peak memory requirement across configurations and model sizes.

The peak memory requirement increases approximately linearly with the number of re-
gions for all configurations. AU and RU exhibit similar memory requirements over the
investigated model sizes. Compared with AU, AV reduces peak memory consumption
by approximately 33% on average, while AVC achieves the largest reduction at approx-
imately 48%.

Enabling presolve reduces the peak memory requirement of RU, whereas only a small
change is observed for AU. The memory requirements of AV and AVC remain largely
unchanged between the two presolve settings.
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5.3 Mathematical Problem Size

5.3.1 Rows, Columns, and Non-Zero Coefficients

Figure 5.8 shows the number of non-zero coefficients in the constraint matrix as a func-
tion of the number of regions. Without presolve, AU and RU exhibit very similar
numbers of non-zero coefficients, with an average deviation of approximately 1%. In
comparison with AU, the number of non-zero coefficients is reduced by approximately
50% for AV and 55% for AVC. For all configurations, the number of non-zero coefficients
increases approximately linearly with the number of regions.
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Figure 5.8: Number of non-zero matrix coefficients across configurations and model sizes.

The effect of presolve on the number of non-zero coefficients differs between configu-
rations. A noticeable reduction is observed for RU, whereas the reduction for AU is
comparatively small. For AV and AVC, the number of non-zero coefficients remains
nearly unchanged. Consequently, the relative reduction in mathematical problem size
achieved by AV and AVC compared with AU becomes smaller when the presolved ma-
trices are considered.

Figure 5.9 summarizes the average relative reductions in rows, columns, and non-zero
coefficients of AV and AVC compared with AU. Both variable-resolution configurations
reduce all three measures of mathematical problem size. The reductions are consistently
larger for AVC than for AV, while the relative advantage over AU is smaller after presolve.

5.3.2 Relationship Between Problem Size and Computational
Performance

To further examine the relationship between mathematical problem size and computa-
tional performance, Figure 5.10 relates the measured performance metrics to the number
of non-zero coefficients in the respective matrices. While AV and AVC generally require
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Figure 5.9: Average relative reduction in rows, columns, and non-zero coefficients of AV
and AVC compared with AU.
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Figure 5.10: Computational performance metrics across configurations as a function of
the number of non-zero matrix coefficients with presolve activated.
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less computational effort than AU for a given number of regions, a different pattern
emerges when configurations with comparable numbers of non-zero coefficients are con-
sidered. For comparable numbers of non-zero matrix entries, AV and particularly AVC
generally exhibit higher solver and total runtimes than AU. Similar tendencies are visible
for model-build time and peak memory requirements.

The reduction in computational requirements observed for AV and AVC with increasing
model size therefore does not correspond directly to the reduction in the number of
non-zero coefficients. Instead, the lower absolute runtimes of the variable-resolution
configurations coincide with their substantially smaller matrices, while differences in
computational effort remain between formulations of comparable nominal size.

5.4 Scaling Behavior

To characterize how computational performance develops with increasing spatial model
size, power-law relationships of the form y = aN b were fitted to model-build time, solver
time, and total runtime as described in Section 4.7.1, where N denotes the number of
regions, b the fitted scaling exponent, and a the fitted prefactor. The fits are based on
the runs with presolve enabled and use the median of the repeated executions for each
model instance. The resulting parameters are summarized in Table 5.2. The coefficients
of determination range from R2 = 0.969 to R2 = 0.999 across all configurations and
metrics.

Table 5.2: Power-law fit parameters for model-build time, solver time, and total runtime
as a function of the number of regions, for runs with presolve enabled.

Model-build time Solver time Total runtime

Configuration b a R2 b a R2 b a R2

REMix (RU) 1.154 1.184 0.999 1.283 8.370 0.979 1.240 12.138 0.985
AnyMOD (AU) 1.979 0.985 0.989 1.522 3.668 0.995 1.731 5.079 0.994
AnyMOD (AV) 1.748 0.622 0.974 1.665 1.454 0.998 1.716 2.287 0.996
AnyMOD (AVC) 1.666 0.674 0.969 1.542 2.708 0.993 1.596 3.578 0.993

For model-build time, the fitted exponent decreases with the degree of temporal aggre-
gation within AnyMOD, from b = 1.979 for AU to b = 1.748 for AV and b = 1.666
for AVC. The corresponding prefactors are a = 0.985 for AU, a = 0.622 for AV, and
a = 0.674 for AVC. RU exhibits the lowest model-build-time exponent at b = 1.154,
with a prefactor of a = 1.184.

For solver time, the fitted exponents do not follow the degree of temporal aggregation.
AU has an exponent of b = 1.522, compared with b = 1.665 for AV and b = 1.542 for
AVC. The prefactors differ more markedly, with a = 3.668 for AU, a = 1.454 for AV, and
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a = 2.708 for AVC. RU exhibits the lowest solver-time exponent at b = 1.283, combined
with the highest prefactor at a = 8.370.
For total runtime, AU and AV exhibit similar exponents of b = 1.731 and b = 1.716,
while their prefactors differ by more than a factor of two, at a = 5.079 and a = 2.287,
respectively. AVC has the lowest total-runtime exponent among the AnyMOD configu-
rations at b = 1.596, with a prefactor of a = 3.578. RU exhibits the lowest total-runtime
exponent overall, with b = 1.240 and a = 12.138.
Two restrictions apply to the reported fits. They are based on median values without
accompanying confidence intervals, so small differences between exponents cannot be
resolved. Furthermore, all fits cover model instances containing between 2 and 40 regions
and are interpreted as empirical descriptions of the observed behavior over this range
rather than as estimates of asymptotic computational complexity.
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6.1 Validity of the Benchmark Comparison

The comparison between the uniform-resolution implementations provides a basis for
interpreting the subsequent benchmark results. Across all investigated model sizes, the
objective values obtained with AnyMOD (AU) and REMix (RU) differ by less than
0.25%, without a systematic increase in the deviation as the number of regions grows.
The mathematical problem sizes of the two uniform configurations are also similar before
presolve, with an average deviation of approximately 1% in the number of non-zero
coefficients. These results indicate that the benchmark system is represented sufficiently
consistently in both frameworks for the purpose of the computational comparison.

Nevertheless, the close agreement between AU and RU should not be interpreted as ev-
idence that the underlying mathematical programs are identical. Differences in frame-
work structure and available modeling constructs required individual aspects of the
benchmark model to be represented differently. The comparison therefore concerns
functionally equivalent implementations of the same energy-system model rather than
mathematically identical formulations. The comparatively small differences between AU
and RU provide an indication of the magnitude of these implementation-related effects
and are substantially smaller than the differences introduced by changing the temporal
resolution.

6.2 Computational Benefits of Variable Temporal
Resolution

The benchmark results demonstrate substantial computational benefits from assigning
different temporal resolutions to individual energy carriers. Compared with the uni-
form AnyMOD configuration, AV reduces the number of non-zero matrix coefficients
by approximately 50% and peak memory consumption by approximately 33%. These
reductions are accompanied by considerable improvements in execution time. Without
presolve, AV reduces total runtime by 54.3% and solver time by 42.8% on average. With
presolve enabled, the corresponding reductions amount to 56.6% and 39.7%, respectively.

The larger reduction in total runtime compared with solver time shows that the com-
putational benefits are not limited to the optimization process itself. Reducing the
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number of temporally indexed model elements also lowers the effort required to con-
struct the mathematical model within AnyMOD. This becomes increasingly relevant for
larger instances, for which model construction represents up to 50% of total runtime
(AU, 40 regions, presolve on). Evaluating carrier-specific temporal resolution solely on
the basis of solver time would therefore underestimate its computational benefit in the
investigated implementation.

Variable temporal resolution also substantially reduces peak memory requirements. This
represents a relevant benefit independently of execution time, since memory availability
can constitute a limiting factor for large energy-system models. A reduction in memory
requirements may therefore allow larger or more detailed models to be solved within a
given computational environment.

The reduction in mathematical problem size is consistent with the results originally re-
ported by Göke [15]. Using a similar carrier-specific temporal structure, with hourly
electricity, four-hourly heat, daily gaseous carriers, and annual coal, Göke likewise ob-
tained a reduction of approximately 50% in mathematical problem size compared with a
uniformly hourly formulation. The present benchmark therefore reproduces the principal
problem-size benefit of the approach for a different multi-regional model structure. The
reduction in solver time is less pronounced in the present experiments, however. Göke
reported reductions in barrier solution time of approximately 64–75%, depending on the
matrix-ordering method, whereas AV reduces solver time by approximately 40–43% on
average in the present benchmark. The qualitative computational benefit of carrier-
specific temporal resolution is therefore reproduced, but its magnitude is not directly
transferable between model applications. This difference indicates that the solver-time
improvement depends not only on the amount of temporal aggregation but also on the
structure of the resulting optimization problem and its interaction with the solver.

At the same time, the reductions in mathematical problem size and computational effort
are not proportional. This is particularly apparent when the performance metrics are
considered as a function of the number of non-zero matrix coefficients rather than the
number of regions. For a given spatial model size, AV and AVC generally require less
computational effort than AU because their mathematical formulations contain sub-
stantially fewer non-zero coefficients. However, when configurations with comparable
numbers of non-zero coefficients are considered, AV and particularly AVC generally ex-
hibit higher solver and total runtimes than AU. Similar tendencies are observed for
model-build time and peak memory requirements. The results therefore suggest that
the substantial reduction in mathematical problem size is an important contributor to
the computational advantage of the variable-resolution configurations.

This comparison further demonstrates that the number of non-zero coefficients alone is
insufficient to predict computational performance. The same nominal matrix size can
be associated with different computational requirements depending on the structure of
the underlying formulation. Carrier-specific temporal resolution not only removes vari-
ables and constraints but also changes how the remaining model elements are connected,
particularly where technologies couple carriers represented at different temporal resolu-

50



6.3 Importance of Temporal-Resolution Selection

tions. Consequently, a reduction in rows, columns, or non-zero coefficients cannot be
expected to translate directly into an equivalent reduction in model-build time, memory
requirements, or solver time.

The comparison at similar numbers of non-zero coefficients should nevertheless be in-
terpreted with some caution. Models with comparable matrix sizes across the different
configurations do not generally represent the same number of regions and therefore do
not constitute otherwise identical optimization problems. The observed relationships
consequently do not establish a computational cost per non-zero coefficient or demon-
strate that variable temporal resolution is intrinsically more difficult to solve at a fixed
problem size. They do, however, provide further evidence that nominal problem size
alone cannot explain the observed performance differences and that the structure of the
resulting formulation also contributes to computational behavior. This becomes partic-
ularly apparent when comparing the AV and AVC configurations, as discussed in the
following section.

6.3 Importance of Temporal-Resolution Selection

The comparison between AV and AVC highlights the importance of selecting appropriate
carrier-specific temporal resolutions. AV was constructed using resolutions motivated by
differences in the temporal characteristics of the represented energy carriers, retaining
hourly resolution for electricity while using progressively coarser resolutions for heat,
natural gas, and coal. AVC deliberately applies substantially coarser temporal resolu-
tions, with all carriers except electricity represented at annual resolution.

The additional aggregation introduced in AVC does not result in a proportional reduction
in mathematical problem size. While AV reduces the number of non-zero coefficients
by approximately 50% relative to AU, the corresponding reduction for AVC is only
moderately larger at approximately 55%. This limited additional reduction can partly
be related to the structure of the model. Electricity remains represented hourly in both
AV and AVC and is involved in a large share of generation, storage, transmission, and
conversion processes. In addition, investment variables and other model components that
are independent of the carrier-specific temporal resolution remain unaffected by further
temporal aggregation. Coarsening the remaining carriers therefore cannot eliminate the
mathematical structure associated with the hourly representation of electricity.

The comparison of computational performance at comparable matrix sizes further sup-
ports this interpretation. Despite its smaller mathematical formulation, AVC generally
exhibits higher solver times than AV when configurations with similar numbers of non-
zero coefficients are considered. More generally, the variable-resolution formulations tend
to require greater computational effort than AU for a comparable nominal matrix size.
This is consistent with the observation that solver performance depends on more than
the number of non-zero coefficients alone. In the case of AVC, the strongly aggregated
coupling between annually represented carriers and hourly electricity variables may con-
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tribute to a less favorable mathematical structure, such that the additional reduction in
problem size does not necessarily translate into improved solver performance.

The results are consequently consistent with the premise that the value of carrier-specific
temporal resolution does not arise from maximizing temporal aggregation. Instead,
temporal detail should be retained where it is required to represent the relevant temporal
characteristics of a carrier or subsystem, while coarser resolutions may be sufficient where
short-term detail is of lesser importance. The comparison between AV and AVC does
not by itself prove that the physically motivated resolutions selected for AV are generally
preferable, but it demonstrates that substantially increasing the degree of aggregation
can provide diminishing computational benefits and simultaneously have a much stronger
effect on the resulting solution.

6.3.1 Performance-Solution Trade-Off

The computational benefits of variable temporal resolution must be considered together
with the changes introduced in the optimization results. Temporal aggregation does
not simply accelerate the solution of an otherwise identical mathematical problem. By
changing the temporal representation, it alters the constraints under which investment
and operational decisions are optimized and therefore changes the resulting solution.

This trade-off is clearly visible in the comparison between AV and AVC. AV produces
objective values approximately 3% below those of AU across the investigated model sizes,
whereas the deviation of AVC increases to approximately 18–22%. At the same time, the
substantially coarser temporal representation of AVC does not provide a corresponding
improvement in computational performance. With presolve enabled, AV reduces total
runtime by 56.6% compared with AU, while AVC achieves a slightly smaller reduction
of 51.0%. The difference is more pronounced for solver time, for which AV reduces the
average runtime by 39.7%, compared with only 19.8% for AVC.

Consequently, increasingly coarse temporal resolution cannot generally be expected to
produce an increasingly favorable computational trade-off. In the investigated bench-
mark, AV combines a substantially smaller deviation from the uniform-resolution solu-
tion with better computational performance than AVC when presolve is enabled. The
choice of temporal resolution is therefore an integral part of the model-reduction ap-
proach rather than a purely technical parameter for minimizing model size.

It is important, however, not to interpret the deviation from AU as a direct measure of
model accuracy. AU provides a consistent hourly reference against which the effects of
temporal aggregation can be evaluated, but it does not constitute a representation of
the true physical energy system. The comparison therefore measures changes relative to
the selected full-resolution formulation rather than errors relative to an independently
known correct solution.
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6.3.2 Interpretation and Acceptability of Deviations

Whether deviations introduced by temporal aggregation are acceptable depends on the
purpose and scope of the analysis. The required temporal detail is influenced by the
represented technologies and carriers, their characteristic time scales, and the quantities
that are relevant to the research question. A deviation that may be acceptable in
an exploratory analysis of broad system-development pathways may be unsuitable for
a study concerned with storage requirements, peak demand, short-term flexibility, or
individual operational decisions.

The approximately 3% deviation observed for AV should therefore not be interpreted
as a generally acceptable threshold. It describes the behavior of the investigated bench-
mark model under one particular set of carrier-specific temporal resolutions. In another
model or for another research question, a smaller deviation could already be problematic,
while in other applications larger differences may be acceptable if the relevant system
characteristics are preserved.

Furthermore, the objective value represents only one characteristic of the optimization
result. Similar total system costs do not necessarily imply similar technology portfolios,
storage capacities, transmission expansion, or dispatch decisions. Different system con-
figurations can potentially produce similar objective values. Since the primary objective
of this work is to assess the computational effects of carrier-specific temporal resolu-
tion rather than to conduct a comprehensive analysis of solution accuracy, the results
do not establish how closely all individual system decisions are preserved by temporal
aggregation.

The interpretation of the results must also reflect the temporal resolution at which
they were obtained. A carrier represented at four-hour intervals cannot resolve hourly
behavior, while an annually represented carrier contains no information on its intra-
annual operation. Results from a temporally aggregated model should therefore only
be interpreted at a level of temporal detail supported by the respective representation.
In this sense, changing temporal resolution affects not only the numerical values of the
results but also the types of conclusions that can meaningfully be derived from them.

6.4 Interaction with Solver

The computational effect of carrier-specific temporal resolution also depends on the
interaction between the resulting mathematical formulation and the optimization solver.
Presolve substantially reduces solver time for AU and AV, whereas its effect is less
pronounced for AVC. Consequently, the relative performance of the temporal-resolution
configurations changes when presolve is enabled. Without presolve, AVC achieves the
largest average solver-time reduction relative to AU, which is consistent with its smaller
mathematical formulation. More notably, however, this ordering reverses once presolve
is enabled: AV consistently outperforms AVC despite retaining more temporal detail.
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The matrix-size results provide additional context for this behavior. Presolve reduces
the mathematical problem size of the uniform configurations more strongly than that
of AV and AVC, for which comparatively little additional reduction is observed. This
suggests that temporal aggregation and solver presolve provide partly overlapping forms
of mathematical problem reduction. Importantly, however, AV retains a substantial
computational advantage over AU after presolve, indicating that standard solver pre-
processing does not eliminate the benefit of carrier-specific temporal resolution.
The behavior of AVC without presolve further demonstrates that a smaller mathematical
problem is not necessarily easier to solve. No successful result was obtained for the 30-
region AVC instance, while only one of the three 40-region runs completed successfully
and exhibited a pronounced increase in solver time. With presolve enabled, all AVC
instances were solved successfully and the runtime increase observed for the largest
instances disappeared. This indicates that the extremely coarse temporal representation
affects not only the size but also the numerical properties of the optimization problem.
One possible explanation lies in the structure introduced by coupling carriers represented
at substantially different temporal resolutions. In AVC, annual carrier quantities can be
linked through conversion constraints to large numbers of hourly electricity variables.
The resulting constraints therefore aggregate considerably more fine-resolution variables
than in AV. At the same time, removing intra-annual restrictions may increase the
number of feasible operating patterns that differ only slightly in their objective value.
These effects could result in a mathematical structure that is less favorable for the barrier
algorithm despite containing fewer variables and constraints.
The available solver diagnostics, however, do not allow the underlying numerical mech-
anism to be identified conclusively. In particular, the benchmark does not establish
whether the observed behavior results from degeneracy, conditioning, the structure of
the coupling constraints, or a combination of these factors. The results should therefore
primarily be interpreted as evidence that mathematical problem size alone is insuffi-
cient to predict solver performance. Extremely coarse temporal aggregation may reduce
the nominal size of a model while simultaneously producing less favorable numerical
behavior.

6.5 Scaling and Framework-Level Performance

6.5.1 Scaling

The scaling analysis shows that the effect of carrier-specific temporal resolution differs
between model construction and optimization. Interpreting the fits in Table 5.2 requires
distinguishing the two fitted parameters. Carrier-specific temporal resolution removes
an approximately constant share of the mathematical problem across model sizes, as
the reductions in rows, columns, and non-zero coefficients reported in Section 5.3.1 are
largely independent of the number of regions. A reduction of this kind is expected to
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lower the prefactor a while leaving the exponent b unchanged. A change in b would
instead indicate that the growth rate of the respective metric is affected, which requires
an explanation beyond the proportional reduction in problem size.
Solver time follows the expected pattern. The fitted prefactor decreases from a = 3.668
for AU to a = 1.454 for AV, a reduction of approximately 60%, whereas the exponents
of b = 1.522 and b = 1.665 remain of comparable magnitude. The solver-time benefit
of carrier-specific temporal resolution therefore manifests primarily as a downward shift
in level rather than as a change in growth rate, which is precisely what a proportional
reduction in problem size would produce. The slightly higher fitted exponent of AV
implies that its relative advantage narrows as the model grows, consistent with the
observation in Section 5.2.1 that the relative solver-time reduction becomes smaller for
the largest instances containing 36–40 regions. The absence of a systematic solver-time
scaling improvement should therefore not be read as an unexpected shortcoming of the
approach, but as the behavior that a constant-factor reduction in problem size would be
expected to produce.
Model-build time, in contrast, does show a systematic reduction in the fitted exponent,
from b = 1.979 for AU to b = 1.748 for AV and b = 1.666 for AVC. This cannot be
explained by the reduction in problem size alone. A proportional reduction applied
to a cost that grows as a power of problem size would lower the prefactor while leav-
ing the exponent unchanged, whereas the relative model-build-time reductions reported
in Section 5.2.1 vary considerably across model sizes rather than remaining constant.
Model construction in AnyMOD therefore responds disproportionately to the number of
temporally indexed model elements, beyond what the accompanying change in overall
problem size would imply. The comparison with mathematical problem size makes the
underlying behavior more apparent: as reported in Section 5.3.1, the number of non-zero
coefficients increases approximately linearly with the number of regions for all config-
urations, so that the model-build time of AU grows approximately quadratically with
the number of regions while the generated optimization problem grows approximately
linearly. Model construction in AnyMOD is consequently superlinear in the size of the
problem being constructed. This points to the framework-level model-generation proce-
dure rather than to the temporal-resolution concept itself as the source of the observed
scaling behavior, an interpretation supported by the comparison with REMix discussed
in Section 6.5.2.
The total-runtime fits combine these two patterns. AU and AV exhibit almost identical
exponents of b = 1.731 and b = 1.716, while their prefactors differ by more than a factor
of two at a = 5.079 and a = 2.287. The fitted relationship for AV therefore corresponds
to an approximately constant relative reduction across the investigated range, consistent
with the average total-runtime reduction reported in Table 5.1. AVC combines the lowest
total-runtime exponent among the AnyMOD configurations, b = 1.596, with a higher
prefactor than AV at a = 3.578, so that its fitted advantage over AV increases with
model size while remaining smaller in absolute level at the lower end of the range. The
weaker growth of model construction is thus only partly transferred to total runtime,
because no comparable change in growth rate occurs during optimization and because
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model construction accounts for a declining share of total runtime as temporal resolution
is reduced.

These findings clarify the distinction between absolute computational savings and scal-
ing behavior. AV substantially reduces model-build time, solver time, and total runtime
relative to AU across the investigated model sizes, even though its solver-time exponent
is higher and its total-runtime exponent is nearly identical. Carrier-specific temporal
resolution can therefore provide considerable computational benefits without changing
how computational effort grows with spatial model size, and the two properties should
not be conflated when assessing the approach. Two restrictions apply to this interpre-
tation. The fits are based on median values without confidence intervals, so only the
larger differences between exponents, such as that between AU and AVC for model-build
time, can be regarded as meaningful; differences such as b = 1.522 for AU and b = 1.542
for AVC cannot be resolved on the available data. In addition, the fits describe the
runs with presolve enabled and over the investigated range of 2–40 regions, and the in-
teraction between temporal resolution and solver preprocessing discussed in Section 6.4
means that the fitted relationships should not be assumed to hold under different solver
settings.

6.5.2 Framework-Level Performance

The comparison with REMix indicates that the scaling of model construction discussed
in Section 6.5.1 is a property of the framework rather than of the modeled problem. RU
exhibits a model-build-time exponent of b = 1.154, which is close to the approximately
linear growth of the mathematical problem size with the number of regions reported
in Section 5.3.1. The model-generation effort of REMix therefore grows at approxi-
mately the same rate as the problem it generates, whereas the corresponding exponent
of b = 1.979 for AU indicates that model construction in AnyMOD grows considerably
faster than the size of the resulting optimization problem. This is particularly notable
because RU and AU have comparable mathematical problem sizes before presolve, with
an average deviation of approximately 1% in the number of non-zero coefficients. The dif-
ference in model-construction behavior consequently cannot be attributed to differences
in the size of the generated problem and instead reflects how the respective frameworks
assemble it. In this respect, the near-linear behavior of REMix is what an efficient
model generator would be expected to produce, and the superlinear growth observed for
AnyMOD constitutes the result requiring explanation.

The low fitted exponents of RU should not, however, be read as indicating uniformly
faster execution. RU exhibits the lowest exponent for all three timing measures but
also the highest prefactor, with a = 8.370 for solver time and a = 12.138 for total
runtime. For solver time in particular, the fitted relationships correspond to RU requiring
more time than AU over much of the investigated range, which is consistent with the
measurements reported in Section 5.2.1. The framework-level advantage of REMix in
the present benchmark is therefore concentrated in model generation rather than in
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optimization, and the differences in fitted exponents describe growth rates rather than
absolute performance.

Several factors limit how far these differences can be attributed to the frameworks them-
selves. AnyMOD and REMix differ in their data-processing and model-generation pro-
cedures, programming languages, software architectures, and solver interfaces. Owing
to compatibility constraints, the AnyMOD implementation was executed using Julia
1.7.3 and may therefore not benefit from performance improvements introduced in later
releases, including improvements relevant to compilation latency. The two implementa-
tions additionally used slightly different Gurobi versions and different solver interfaces.
The measured differences consequently reflect the complete framework-specific work-
flows in the software environments available for this benchmark rather than intrinsic
properties of the underlying modeling concepts.

The comparison is also restricted in scope. The graph-based structure used by Any-
MOD is not limited to temporal resolution but forms part of a more general represen-
tation that can support other forms of aggregation and substitution, including varying
spatial resolution and carrier substitution. These capabilities are not exercised in the
present benchmark. The additional model-construction effort associated with this gen-
eral structure can therefore not be assessed solely on the basis of the carrier-specific
temporal-resolution application considered here, and in applications making use of these
capabilities the greater framework-level effort may be accompanied by modeling benefits
outside the scope of this work. For the same reason, the comparison between AU, AV,
and AVC provides the more direct assessment of the effect of carrier-specific temporal
resolution, since these configurations are generated within the same framework, software
environment, and computational setup.

6.6 Limitations and Generalizability

Several measures were taken to make the benchmark representative of relevant character-
istics of applied multi-energy system optimization models. The model includes multiple
interacting energy carriers, a range of conversion, generation, storage, and transmission
technologies, and regional heterogeneity in electricity and heat demand and renewable
generation profiles. Interregional networks are generated using Delaunay triangulation,
while a system-wide CO2 emission limit introduces a global constraint coupling decisions
across regions, carriers, and time steps. These features were intended to avoid evaluating
variable temporal resolution on an overly simplified or homogeneous model. Neverthe-
less, complete generalization from a single benchmark is not possible. Multi-energy
systems differ substantially in carrier composition, technological scope, spatial struc-
ture, temporal characteristics, and purpose. The results should therefore be interpreted
as evidence that the computational benefits observed by Göke [15] can be reproduced
for a different model structure, rather than as universal performance estimates for MES
optimization models.
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A related limitation is that all experiments use one underlying carrier and technol-
ogy configuration, with only the number of regions varied between 2 and 40. The
observed benefits therefore depend on the specific distribution of variables and con-
straints across carriers, technologies, storage options, and conversion processes. Only
two variable-resolution configurations were investigated: AV, with physically motivated
carrier-specific resolutions, and AVC, with substantially coarser resolutions. The ex-
periments consequently do not constitute a systematic sensitivity analysis and cannot
identify generally optimal temporal resolutions for individual carriers. Instead, they
demonstrate the computational and solution effects of the selected configurations within
the investigated benchmark.

Temporal aggregation also introduces an implicit representation of flexibility. Increasing
the duration of a time step removes constraints on intra-period variations and there-
fore implicitly assumes that the corresponding carrier or subsystem can accommodate
these variations. The amount of flexibility introduced in this way is difficult to quan-
tify or control directly. Where flexibility arises from identifiable physical mechanisms,
such as storage, thermal inertia, gas-network linepack, demand response, or conversion-
technology operation, explicit representation through model parameters and constraints
provides greater transparency. Temporal resolution should therefore be understood as
a modeling abstraction rather than as a direct representation or substitute for physical
flexibility. Its appropriateness depends on the temporal characteristics relevant to the
particular research question.

The assessment of changes in the optimization outcome is another limitation. The
present analysis primarily uses the objective value to quantify deviations from the
uniform-resolution AU formulation. The objective value does not, however, characterize
the complete system solution: installed capacities, technology selection, storage deploy-
ment, transmission expansion, and dispatch may differ even when total system costs
remain similar. AU should therefore be regarded as a reference formulation rather than
ground truth, and the results should be interpreted as an assessment of computational
performance and objective-value deviations rather than a comprehensive evaluation of
solution accuracy.

The computational results are additionally dependent on the solver and implementation
used. All experiments employ the Gurobi barrier method with a common parameter-
ization, and different solvers, algorithms, or settings may respond differently to the
structural changes introduced by variable temporal resolution. Furthermore, only the
graph-based implementation available in AnyMOD was evaluated. Alternative imple-
mentations could represent different temporal resolutions differently and may therefore
exhibit different model-construction times, memory requirements, or solver behavior.
The measured computational effects consequently reflect both the underlying temporal-
resolution approach and its specific implementation.

Repeated AnyMOD executions of nominally identical configurations produced different
problem fingerprints and noticeable runtime variation, although the generated models
were found to differ only in the ordering of model elements rather than in their math-
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ematical content. The objective values, model dimensions, coefficients, and underlying
problem data remained unchanged. The differing fingerprints therefore do not indicate
that different optimization problems were generated between runs. Nevertheless, differ-
ences in model ordering may influence the internal matrix representation and subsequent
solver behavior, and thus provide a possible source of the observed runtime variation.
Reporting the median and minimum–maximum range of three independent executions
reduces the influence of individual runtime fluctuations on the presented results. More
generally, the absolute runtime and memory results depend on the software versions,
solver, solver settings, and computing environment used in the experiments. The fitted
scaling relationships should likewise be interpreted only over the investigated range of
2–40 regions and not as estimates of asymptotic computational complexity. Broader
generalization would require benchmarks with different carrier and technology composi-
tions, temporal configurations, solver algorithms, and implementations.

59





7 Conclusion

This work investigated the computational effects of carrier-specific temporal resolution
in multi-energy system optimization models. Building on the graph-based formulation
introduced by Göke [15], the approach was evaluated using a synthetic multi-regional
benchmark model implemented in AnyMOD. Model size was systematically increased
from 2 to 40 regions, and two carrier-specific temporal-resolution configurations were
compared with a uniform hourly reference. A uniform REMix implementation was
additionally used to assess the consistency of the benchmark formulation across modeling
frameworks.

7.1 Research Questions and Main Findings

The first research question asked:
How does carrier-specific temporal resolution affect computational performance and math-
ematical problem size compared with uniform temporal resolution?
The results demonstrate substantial computational benefits from carrier-specific tem-
poral resolution. Compared with the uniform AnyMOD configuration, AV reduces the
number of non-zero matrix coefficients by approximately 50% and peak memory con-
sumption by approximately 33%. Model-build time decreases by approximately 65% on
average. Depending on the presolve setting, total runtime is reduced by approximately
54–57%, while solver time decreases by approximately 40–43%.
These findings reproduce the principal computational benefit reported by Göke [15] for
a different energy-system model. In both studies, carrier-specific temporal resolution
reduces mathematical problem size by approximately 50%. The solver-time reduction is
less pronounced in the present benchmark, however, with approximately 40–43% com-
pared with the 64–75% reduction in barrier solution time reported by Göke. The present
results therefore confirm that substantial problem-size reductions can be achieved beyond
the original application while also showing that the resulting solver-time improvement
depends on the structure of the generated optimization problem.
The relationship between mathematical problem size and computational performance
further supports this distinction. At a given number of regions, AV and AVC generally
require less computational effort than AU while also generating substantially smaller
matrices. When configurations with comparable numbers of non-zero coefficients are
considered, however, the variable-resolution formulations generally require more solver
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and total runtime than AU. Reducing mathematical problem size is therefore an impor-
tant source of the observed computational benefit, but the number of non-zero coeffi-
cients alone is insufficient to predict execution time. The structure and coupling of the
resulting formulation also influence computational performance.
The second research question asked:
How do the computational benefits of carrier-specific temporal resolution change with
increasing model size?

The computational benefits persist as the spatial size of the benchmark increases, but the
different components of execution time exhibit distinct scaling behavior. The clearest
scaling improvement is observed for model construction. Within AnyMOD, the fitted
power-law exponent for model-build time decreases from b = 1.979 for AU to b = 1.748
for AV and b = 1.666 for AVC, indicating weaker growth in model-construction effort as
temporal resolution is reduced.
No corresponding systematic improvement is observed for solver time. AV has a fitted
solver-time exponent of b = 1.665, compared with b = 1.522 for AU, and the relative
solver-time reduction shows no clear trend with increasing number of regions. Carrier-
specific temporal resolution therefore continues to reduce absolute solver time as the
model grows, but its relative solver-time advantage does not systematically increase
with spatial model size.
The total-runtime scaling reflects the combination of these effects. AU and AV exhibit
similar fitted exponents of b = 1.731 and b = 1.716, respectively, while AVC has a
lower exponent of b = 1.596. The stronger scaling improvement in model construction is
therefore only partly transferred to total runtime because no comparable improvement
occurs during optimization. This distinction shows that substantial absolute compu-
tational savings can be achieved even when the overall scaling behavior changes only
moderately.
The third research question asked:
How does the degree of carrier-specific temporal aggregation affect the trade-off between
computational performance and deviations from the uniform-resolution solution?

The comparison between AV and AVC demonstrates that increasingly coarse temporal
aggregation does not necessarily produce an increasingly favorable trade-off. AV pro-
duces objective values approximately 3% below those of AU, whereas the substantially
coarser AVC configuration results in deviations of approximately 18–22%. At the same
time, the additional reduction in mathematical problem size is comparatively small:
the reduction in non-zero coefficients increases only from approximately 50% for AV to
approximately 55% for AVC.
The additional aggregation introduced in AVC also does not translate into a consistent
improvement in runtime. Without presolve, AVC achieves larger average reductions in
solver time and total runtime than AV. Once presolve is enabled, however, this ordering
reverses: AV reduces total runtime by 56.6% and solver time by 39.7% relative to AU,
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compared with reductions of 51.0% and 19.8% for AVC. The largest AVC instances
additionally exhibit numerical difficulties when presolve is disabled. The comparison
therefore shows that further temporal aggregation may reduce mathematical problem
size without producing a corresponding improvement in computational performance.

Taken together, AVC provides only a modest additional reduction in mathematical prob-
lem size relative to AV, does not provide a consistent runtime advantage, and introduces
substantially larger deviations from the uniform-resolution solution. The results there-
fore emphasize that the purpose of carrier-specific temporal resolution is not to maximize
temporal aggregation. Instead, temporal detail should be allocated selectively, retaining
fine resolution where it is important for representing the relevant system behavior and
applying coarser resolution where additional temporal detail contributes comparatively
little to the intended analysis.

7.2 Implications

The results demonstrate the potential of carrier-specific temporal resolution as a model-
reduction approach for multi-energy system optimization. In the investigated bench-
mark, substantial reductions in mathematical problem size, memory requirements, model-
build time, solver time, and total runtime are achieved while retaining hourly resolution
for electricity and applying coarser resolutions to carriers with different temporal char-
acteristics.

Such reductions can be valuable beyond the direct decrease in computation time. Com-
putational resources saved through temporal model reduction may instead be used to
increase other dimensions of model detail, including spatial resolution, technological
scope, scenario coverage, or the modeled time horizon. This becomes particularly rel-
evant as additional energy carriers and sector-coupling technologies are integrated into
MES, since applying the finest required temporal resolution uniformly across all carriers
can introduce substantial computational effort.

At the same time, the results show that the computational benefit of carrier-specific
temporal resolution depends on the structure of the underlying model. The share of the
formulation that remains at fine temporal resolution, the technologies coupling carri-
ers represented at different resolutions, the representation of storage and transmission,
and the resulting matrix structure all influence the realized performance improvement.
The comparison between AV and AVC further demonstrates that additional temporal
aggregation may reduce mathematical problem size without producing a corresponding
improvement in runtime. Carrier-specific temporal resolution should therefore be under-
stood as a model-design choice in which computational savings depend on how temporal
detail is distributed across the system.

The present analysis also distinguishes between the general concept of carrier-specific
temporal resolution and its implementation in AnyMOD. AnyMOD realizes variable
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temporal and spatial resolution through a graph-based representation that provides mod-
eling capabilities extending beyond the temporal-resolution application investigated in
this work. At the same time, the benchmark shows that framework-level model con-
struction can represent a substantial share of total execution time and that its scaling
differs considerably between AnyMOD and REMix. This indicates that the computa-
tional benefit of temporal model reduction is influenced not only by the reduction in
mathematical problem size but also by how the modeling framework constructs the re-
sulting optimization problem. Alternative implementations of carrier-specific temporal
resolution may therefore exhibit different model-construction and runtime behavior.

7.3 Future Work

A central direction for future work is the systematic selection of carrier-specific temporal
resolutions. The present work compares one configuration selected based on carrier-
specific temporal characteristics with one deliberately coarse configuration, but does
not determine an optimal resolution for any carrier. Future research could investigate
methods for identifying the coarsest temporal representation that preserves the model
outputs relevant to a particular application within a predefined tolerance.
Such an analysis should also extend the comparison beyond objective values. Installed
capacities, technology selection, storage requirements, transmission expansion, renew-
able curtailment, and dispatch patterns could be compared across temporal resolutions.
This would provide a stronger basis for determining whether reductions in temporal
detail preserve the conclusions relevant to a particular modeling application.
Further benchmarks could systematically vary carrier and technology composition, the
degree of sector coupling, storage characteristics, and spatial network structure. In
particular, varying network density independently of the number of regions would help
distinguish the effects of increasing spatial size from those of increasing spatial coupling.
These experiments could identify which model characteristics most strongly influence
the computational benefits of carrier-specific temporal resolution.
The relationship between temporal aggregation and explicitly modeled physical flexibil-
ity also warrants further investigation. Coarser temporal resolution removes intra-period
restrictions implicitly, whereas mechanisms such as storage, thermal inertia, gas-network
linepack, demand response, or operational flexibility can be represented explicitly. Com-
paring these approaches could help determine when coarse temporal resolution provides
an adequate abstraction and when the underlying flexibility should instead be modeled
directly.
Finally, the computational analysis could be extended to alternative optimization algo-
rithms and implementations of carrier-specific temporal resolution. The present results
show that solver behavior depends on the structure produced by temporal aggregation
and on its interaction with presolve. Benchmarking alternative solvers and formula-
tions would therefore help distinguish computational effects arising from the general
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concept of carrier-specific temporal resolution from those associated with a particular
implementation or solution method.
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