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A B S T R A C T

Fifth-generation district heating and cooling (5GDHC) networks offer high energy efficiency, bidirectional 
thermal flows, and seamless integration of renewables and waste heat. However, their decentralized nature 
creates complex interactions between consumers and providers, particularly under fixed-price contracts.

This study evaluates how business models, pricing strategies, and regulatory measures affect such interactions 
in a real-world 5GDHC system in Hassel, Germany. A traditional energy system optimization model is extended 
into a discretized Stackelberg pricing game, capturing strategic price-setting by the provider and cost-minimizing 
behavior of 51 consumers. Unlike previous work that addresses technical design, stakeholder behavior, or policy 
separately, this approach integrates strategic interaction and regulation to quantify incentive misalignments, 
welfare losses, and emissions.

Results indicate that constant-price contracts can increase system-wide annualized costs by 8–18% relative to 
the social welfare optimum, measured using a new incentive alignment suboptimality metric. Combining CO2 
taxes (100 €/t) with investment subsidies (25%) effectively reduces both welfare losses and emissions, offering 
scalable insights for policy and utility design of future-ready district energy markets.

Introduction

The decarbonization of the residential sector is a key milestone on 
the path toward a climate-neutral energy system, as stipulated by in
ternational agreements such as the Kyoto Protocol [1] and the Paris 
Climate Agreement [2] to stay well below 2 ◦C of global warming. Yet, 
the heating sector is shaped by fragmented decision-making: energy 
consumption and investment choices are typically made by individual 
households, influenced by prices, regulations, and behavioral factors. 
This reality contrasts with the assumptions of many energy system 
models, which often neglect actor-specific objectives and constraints, 
which have been shown to play a crucial role in shaping energy system 
outcomes [3].

At the same time, the increasing complexity of modern energy 

systems, driven by higher shares of variable renewable energy, sector 
coupling, and emerging technologies, requires advanced planning tools, 
such as cost-minimizing bottom-up energy system models [4]. These 
models have proven effective for energy transition studies at local [5–9], 
regional [10], national [11–13] and international scales [14,15]. How
ever, they often assume central planning which minimizes total system 
costs, without considering the interaction of diverse stakeholders with 
conflicting incentives.

To address this gap, this study proposes a multi-agent modeling 
approach based on a real-world 5th-generation district heating and 
cooling (5GDHC) system currently under development in Hassel, Ger
many. For that purpose, a traditional energy system optimization model 
is transformed into a discretized Stackelberg pricing game to reflect the 
hierarchical interaction between a price-setting energy provider and 
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price-taking consumers. In this setting, the energy consumers are rep
resented as decision-making agents that minimize their respective total 
annualized costs in response to the energy provider’s price signals, while 
the energy provider constitutes an additional agent optimizing its own 
system under the constraint of satisfying all aggregated consumer de
mands. Furthermore, this work assesses the role of regulatory in
terventions, namely CO2 taxes and investment subsidies, in improving 
incentive alignment and reducing emissions.

Thereby, the following research questions are addressed: 

1. How do multi-agent energy system models differ from traditional 
central-planner models in terms of cost, self-consumption, and co
ordination efficiency?

2. What impact do fixed-price contracts have on consumer investment 
behavior, system costs, and CO2 emissions? Can regulatory in
struments like price ceilings improve outcomes?

3. How can regulation align incentives between decentralized actors? 
Which combinations of taxes and subsidies are most effective in 
reducing welfare losses and emissions?

The novelty of this study lies in integrating strategic interaction and 
regulation within a multi-agent optimization framework for a real-world 
5GDHC district. Unlike existing studies that focus on optimal technical 
design, stakeholder interaction, or policy analysis separately, this work 
combines a discretized Stackelberg pricing game with regulatory 
modeling to quantify incentive misalignments between stakeholders, as 
well as associated welfare losses and emission outcomes in decentralized 
heating systems.

State of the art

The following section reviews the current state of the art in opti
mizing 5GDHC networks, modeling diverging stakeholder interests in 
energy systems and markets, and representing regulatory frameworks in 
Subsections 2.1 – 2.3, respectively, highlighting that while advanced 
mathematical approaches exist for each of these areas individually, their 
combined optimization has rarely been addressed.

Fifth-generation district heating and cooling (5GDHC)

Heating accounts for a major share of energy demand in the resi
dential sector. With the growing share of variable renewable energy 
sources, system flexibility becomes essential. Simultaneously, advanced 
storage [8,16,17] and heating technologies are driven by rapid tech
nological learning [18]. Therefore, they are indispensable for the tran
sition to greenhouse gas neutrality [19] and for limiting future heating 
and electricity costs [20].

For district heating, a clear trend toward lower network temperature 
levels can be observed [21]. While first- to third-generation systems 
typically operate at >70 ◦C and are predominantly fossil-fueled [22], the 
emerging fifth-generation district heating and cooling (5GDHC) systems 
operate between 5 ◦C and 40 ◦C [6]. According to Buffa et al. [23], these 
networks are defined as: 

• Operating at temperatures too low for direct space heating
• Covering heating and cooling demands simultaneously using shared 

pipelines

These low-temperature systems offer a range of advantages. They 
allow the integration of various low-grade heat sources [21], such as 
waste heat from data centers [24] and, in particular, from buildings, 
significantly improving overall system efficiency [19,25].

The advantages of using lower temperatures for district heating are 
manifold: lower temperature levels enable the integration of more po
tential technologies as heat sources or sinks. Among these is waste heat 
from data centers [24], and, predominantly, from buildings, which is a 

key to higher system efficiencies [19,25]. Low temperature networks 
also allow for simultaneous heating and cooling by obtaining the 
necessary temperature levels by heat pumps or compression chillers on 
the respective demand side. The most important advantages of fifth- 
generation district heating and cooling networks according to Wirtz 
[26] are a single low-cost network for heating and cooling, low heat 
losses without the necessity of insolation, direct use of low-grade waste 
heat including ambient-temperature heat sources such as air and rivers, 
and high flexibility with user-specific temperature levels.

In the literature, 5GDHC systems are referred to using a variety of 
terms, reflecting slightly different emphases in scope and design. These 
include “bidirectional low-temperature networks” [5,21,27–33], “ther
mal source networks” [34–39], “cold district heating networks” [40,41], 
“anergy grids” [42–44], “balanced energy networks” [45], and “low- 
temperature district heating and cooling” [46–50]. Despite termino
logical variation, they share the already stated features. Because “fifth- 
generation district heating and cooling (5GDHC)” is the most frequently 
used label in recent peer-reviewed literature [6,22,23,30,51–77], it is 
adopted throughout this study. An overview of terminology and recent 
publication trends is provided in Table 4 in Appendix A.1.

Diverging stakeholder interests

Most bottom-up, optimization-based energy system models aim to 
minimize total system costs from a central planning perspective. They do 
not represent different market participants or the contractual structures 
that govern their interactions. As such, they neglect the objectives and 
behavioral responses of market participants based on their individual 
costs and revenues.

In reality, however, many energy-related interactions resemble 
Stackelberg competition [78]. In such hierarchical settings, a first 
mover, which is typically an energy provider with price- or quantity- 
setting power, maximizes its own objective by anticipating how other 
actors (e.g., consumers) will respond to its decisions [79]. This naturally 
leads to bilevel optimization problems, where the upper-level problem 
(the leader’s objective) is constrained by the optimal response of the 
lower-level problem(s) (the followers’ behavior) [78].

If the lower-level problems are convex and fulfill Slater’s regularity 
condition, they can be reformulated using the Karush-Kuhn-Tucker 
(KKT) conditions. In that case, KKT conditions provide necessary and 
sufficient conditions for optimality. By embedding the KKT conditions of 
the lower-level problems into the upper-level problem, the bilevel 
problem can be converted into a single-level one [78,80]. However, 
because the KKT formulation includes complementarity constraints, the 
resulting single-level problem becomes bilinear. To make the model 
solvable with standard mixed-integer programming tools, these bilinear 
constraints are often reformulated using big-M transformations [81], 
resulting in a mixed-integer linear program (MILP).

In practice, these models, also referred to as mathematical programs 
with equilibrium constraints (MPECs), are rare in energy system 
modeling [78]. This is often due to either non-convexity or complexity 
of the lower-level problems, or a modeling focus on system-wide optima, 
rather than decision-making f market participants.

Most of the few bilevel energy system models found in the literature 
focus on unit commitment or market modeling rather than capacity 
expansion, as shown in Table 1.

The examples in Table 1 either involve only one lower-level problem, 
or do not solve the bilevel model via KKT-based transformation. In 
contrast, district heating systems include few providers but dozens of 
individual consumers, each with individual objective functions. 
Embedding KKT conditions for every consumer into the provider’s 
upper-level problem would generate a large number of bilinear or big-M 
constraints, significantly increasing computational complexity.

Therefore, the bilevel problem is decomposed by pre-solving con
sumer responses to a discrete set of possible contract inputs instead. This 
leads to a discretized Stackelberg model, which is computationally 
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tractable and better suited to the regulatory and strategic context of 
fifth-generation district heating and cooling systems. The implementa
tion is detailed in Section 3.2.

Legal regulations

Legal regulations are a key driver of the energy transition. However, 
they vary widely across countries and are subject to frequent updates so 
that investments will likely face regulatory changes during their eco
nomic lifetimes [91]. Both factors hinder generally applicable modeling 
approaches. Yet, regulation is essential for aligning incentives among 
market participants and a prerequisite to transform the energy system 
into an efficient and sustainable one [92].

In Europe, for example, current legal debates focus on whether to 
extend third-party access rights, which are already applied to gas and 
electricity grids, to district heating networks, and under what conditions 
grid operators may be exempted [93]. Similarly, energy communities 
envisioning a joint district energy production and consumption is 
envisioned by the EU [94] but the implementation varies across member 
states [95,96]. This reflects a broader need to integrate legal dimensions 
into energy system modeling, especially in district energy systems.

Several studies have embedded regulatory mechanisms into 

residential energy system models. These include subsidies, taxes, grid 
tariffs, CO2 restrictions, and feed-in remuneration schemes. Table 2
summarizes key examples from the literature.

Recently, the authors of this study investigated the impact of regu
lations on the transition of the German residential heating sector in a 
series of journal articles [104], conference presentations [105,106] and 
posters [107,108]. They conclude that the current German regulation 
could impede the concept of energy communities [107] and the transi
tion of the heating sector itself [104].

Although regulatory modeling approaches differ significantly across 
countries, time periods, and technology scopes, most can be broadly 
categorized into capital expenditure (CAPEX) and operational expen
diture (OPEX) schemes. CAPEX schemes typically include investment 
subsidies for clean technologies, while OPEX schemes affect commodity 
flows, either through penalties such as CO2 taxes or incentives like feed- 
in tariffs for renewable energy. Accordingly, this study considers basic 
investment subsidies, CO2 taxes on heat and electricity, and feed-in 
remuneration, as detailed in Subsection 3.3.

Methodology

The following subsections introduce the case study as a traditional 

Table 1 
Excerpt of literature on bilevel energy system models relevant to this study.

Author Year Reference Application case Upper level Lower level Type Bilevel solution approach

Li et al. 2019 [82] Energy hub bidding for 
electricity and heating

Electricity and heating 
market bidding

Market clearing and 
contracting

Dispatch KKT-based MPEC

Li et al. 2017 [83] Coupled electricity and 
gas dispatch with P2G 
and G2P

Electricity dispatch with 
coal and wind

Allocation of a natural gas 
system

Dispatch KKT-based MPEC

Hu et al. 2016 [84] Economic energy 
dispatch under wind 
power uncertainty

Fuel and emission cost 
minimization

Minimization of the 
interval reduction of wind 
power output

Dispatch Teaching–learning algorithm

Ju et al. 2016 [85] Virtual power plant 
optimization

Income maximization of 
the virtual power plant

Operation cost 
minimization of a day- 
ahead schedule

Dispatch Serial evaluation (non-KKT)

Škugor and 
Deur

2016 [86] EV fleet charging for 
delivery services

Final State-of-Charge 
(SoC) optimization of 
individual EVs

Aggregate charging power 
is optimization

Dispatch NSGA (upper level) +
dynamic programming (lower 
level)

Feijoo and Das 2015 [87] Emissions control in a 
microgrid

Microgrid operation Linear electricity dispatch Dispatch KKT-based MPEC

Liu and Li 2015 [88] Electric power dispatch 
and load control

Electricity generation and 
dispatch

Load control optimization Dispatch Non-dominated sorted genetic 
algorithm (NSGA-II)

Valinejad and 
Barforoushi

2015 [89] Generation capacity 
expansion

Investor’s profit 
maximization

Market clearing and social 
welfare optimization

Capacity 
expansion

KKT-based MPEC

Jenabi et al. 2013 [90] Transmission and 
generation expansion 
planning

Transmission operator 
investment planning

Market clearing with 
multiple rival generation 
firms

Capacity 
expansion

KKT-based MPEC

Table 2 
Excerpt of studies considering regulation schemes in the residential energy sector.

Author Year Reference Application case Country Bilevel solution approach

Pina et al. 2021 [91] Hospital in Campinas Brazil Power exchange tariffs, commodity subsidies and 
surcharges, renewable investment subsidies, CO2 bans

Benalcazar et al. 2020 [97] Microgrid of a village with 90 households Subtropical region, 
not specified

Cost and subsidy variations for RES (wind, PV) and 
distributed generation technologies

Pinto et al. 2020 [98] Single and multi-family homes in Zaragoza Spain Self-consumption laws, feed-in tariffs
González- 

Mahecha et al.
2018 [99] Municipal building system with PV, micro wind 

turbines, and battery storage in Lisbon
Portugal Pricing schemes for feed-in tariffs

Renaldi et al. 2017 [100] Residential heating system including heat pumps and 
thermal storage

UK Operational heat pump subsidies via Renewable Heat 
Incentive (RHI)

Schütz et al. 2017 [101] Residential buildings Germany PV feed-in limits (EEG), PV investment subsidies (KfW), 
remuneration for feed-in and self-consumption from 
CHPs (KWKG)

Harb et al. 2016 [102] Heating systems in residential buildings for single- 
and multi-family houses, apartment buildings and a 
heating network

Germany Above-market PV feed-in remuneration, gas tax 
exemptions for CHP

Lozano et al. 2010 [103] CCHP system for 5000 apartments Spain Minimum self-consumption quotas for electricity from 
CHP
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central-planner optimization model and describe how this model can be 
transformed into a discretized multi-agent one from both a theoretical 
and practical point of view. Finally, Subsection 3.3 describes how to 
consider different regulation schemes in both the central-planner and 
multi-agent models.

Case study and input data

This study focuses on one of four district energy systems being 
developed as part of the TransUrban.NRW project, an initiative aimed at 
demonstrating highly efficient renewable energy solutions in the resi
dential sector of North Rhine-Westphalia, Germany [109]. The case 
modeled here refers to the “Stadtteilpark Hassel” in Gelsenkirchen, a 
district that integrates a fifth-generation district heating and cooling 
(5GDHC) network, thermal and electrical storage systems, and wide
spread rooftop photovoltaic (PV) installations. The buildings comply 
with modern insulation and heating standards, making the district a 
forward-looking example of future residential energy infrastructure. The 
layout includes 5 buildings, the consumer locations, and a centralized 
energy provider at location 36, as detailed in Fig. 1.

Fig. 2 outlines the modeled system structure. The energy provider 
and the 51 consumers are each equipped with its own set of techno
logical options. Consumer energy demands include electricity, space 
heating (via radiators or floor heating), domestic hot water, and cooling. 
Each consumer can either purchase commodities from the provider or 
meet part of their demand autonomously. Heating options include three 
heat pumps: (1) a water-to-water heat pump that upgrades 5GDHC 
network heat from 35 ◦C to 55 ◦C to supply radiators and hot water, i.e., 
it uses water from the 5GDHC network to heat domestic hot water or 
water for radiator heating to 55 ◦C; (2) an air-to-water heat pump; and 
(3) a geothermal heat pump. The latter two use ambient air or ground 
temperature to feed heat into the 5GDHC network for use in floor 
heating or by the water-to-water unit. Thermal storage is available to 
buffer domestic hot water demand. Consumers can also install PV sys
tems and batteries, allowing for local electricity generation and storage, 
and may sell surplus electricity to the provider.

On the provider side, technology options include ground-mounted 
PV and battery storage, air-to-water and geothermal heat pumps for 
feeding the 5GDHC network, and a compression chiller for meeting 
cooling demand. The provider may also purchase and sell electricity via 
the public grid, and import high-temperature district heat from a 
neighboring network, for which consumers incur additional costs. Ac
cess to this high-temperature district heating network, shown in red, was 

included as a purely comparative benchmark motivated by discussions 
with the industry partner, allowing the proposed 5GDHC concept, rep
resented by orange and blue lines, to be evaluated against conventional 
district heating under identical boundary conditions. The high- 
temperature option is therefore not considered part of the baseline or 
recommended 5GDHC system design; instead, it is included to explore 
under which price configurations conventional district heating may 
become economically preferable to the 5GDHC network for specific heat 
demands, such as domestic hot water. Additional infrastructure costs 
associated with pipeline access are considered, while detailed hydraulic 
design aspects, including pipe diameter sizing, are intentionally 
excluded, as the focus of this work lies on techno-economic and 
incentive-related trade-offs rather than on detailed engineering design.

For simplicity, the 5GDHC network is modeled as two separate sub- 
cycles: one for low-temperature heating (~35 ◦C) and one for low- 
temperature cooling (~0 ◦C). Temperatures are not modeled explic
itly; they are only used to calculate time-varying COPs of the heat pumps 
and the compression chiller over the course of a year as described in 
Appendix A.4. The model focuses solely on heat flows in kW exchanged 
between consumers and the energy provider within each subsystem. 
This approach reduces computational complexity and facilitates sepa
ration into consumer- and provider-side subsystems, avoiding highly 
interdependent constraints. While this simplification neglects heat los
ses along the line and limits the model’s ability to capture how con
sumers’ actions affect network temperatures, heat pump and 
compression chiller efficiencies, it facilitates model separation while still 
capturing basic network behavior.

Component costs are listed in Table 5 in Appendix A.2. An internal 
interest rate of 2% is assumed for consumers, consistent with the Eu
ropean Central Bank’s medium-term inflation target [110], while the 
provider applies 8.5%, reflecting an average corporate weighted average 
cost of capital (WACC) across industries according to a current study by 
KPMG [111]. Although energy-sector WACC values are typically lower 
(5.2–7.4%) and technology-sector values higher (8.3–10.0%), the mean 
value was selected to represent the emerging and innovation-driven 
nature of 5GDHC investments. Since the 5GDHC network is modeled 
implicitly, infrastructure costs and losses are excluded. Two CO2 ac
counting flows are tracked: one between consumers and the provider, 
and another between the provider and the external grids for electricity 
and high-temperature heat. These flows are calculated using emission 
factors and can be taxed accordingly. For electricity and high- 
temperature heat (HTH), emission factors of 390 g/kWh and 190 g/ 
kWh were assumed, respectively, based on average values from recent 

Fig. 1. Building locations in the residential district in Hassel and the location of the energy provider (location 36).
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years in Germany [112,113]. For low-temperature heat (LTH) and 
cooling, emission factors are set to zero, as these are generated by CO2- 
neutral heat pumps and compression chillers.

Each of the 51 consumer sites considers individual demand profiles 
and their simulation approach is described in detail in Appendix A.3. 
They include domestic hot water, space heating, cooling, electricity, and 
rooftop PV capacity factor time series for a potential on-site energy 
supply.

The initial formulation assumes central planning minimizing the 
total annualized system cost across all 51 energy consumers and the 
provider simultaneously. It also includes binary decisions, such as the 

choice between floor and radiator heating. All models—including cen
tral planning as well as the separate consumer and provider models 
presented in the following subsection—are formulated as mixed-integer 
linear programs (MILPs). They are implemented using the Python-based 
energy system modeling framework ETHOS.FINE [12,114] and solved 
with Gurobi.

To reduce computational complexity, temporal aggregation tech
niques [115–118] were applied. Specifically, ten typical days [117]
were selected using a clustering algorithm that preserves the value 
distributions of the original time series [116], and keeps aggregation- 
induced distortion minimal. Other techniques, such as heuristic 

Fig. 2. Component options for the 51 consumers and the energy provider.

Fig. 3. Transformation from a central-planning into a discretized multi-agent energy system model.
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fixation [119] or budget cutting [120], could also reduce complexity, 
particularly for binary decision variables. The decomposition into 
separate consumer and provider models is addressed in the following 
section.

Model separation and contract modeling

As introduced in Subsection 2.2, traditional bottom-up energy sys
tem models typically follow a central planning perspective. These 
models minimize a single objective function, usually total annualized 
cost or CO2 emissions, across the entire system. In the context of this case 
study, this would imply that the energy provider and all consumers act 
in perfect coordination to jointly minimize the sum of their annualized 
costs, each applying their respective internal interest rates.

The left column of Fig. 3 illustrates this centralized model structure, 
in which x represents a vector of energy flows between the provider and 
consumers. p would denote a corresponding price vector although 
traditional models do not typically include explicit pricing. Instead, only 
commodity flows are optimized to minimize total system costs. Where 
dispatch models are used, market-clearing prices may be inferred ex post 
via shadow prices, but they are not part of the optimization variables.

However, if the energy provider possesses price-setting power, the 
model structure changes fundamentally. As shown in the center column 
of Fig. 3, the provider acts as a leader, setting price parameters to 
minimize its total annualized costs, reduced by the revenues from the 
consumers. Consumers, by contrast, act as price-takers: they treat the 
offered prices as fixed inputs and respond by adjusting their energy 
procurement strategies to minimize their own costs. This introduces a 
hierarchical interaction between the provider and consumers, a classic 
Stackelberg pricing game. According to Subsection 2.2, this results in a 
bilevel optimization problem that is difficult to solve directly, especially 
in systems with many heterogeneous consumers.

To maintain tractability, a discretized Stackelberg modeling 
approach is adopted, inspired by the method used by Sinha et al. [121]. 
This is illustrated in the right column of Fig. 3. The key idea is to replace 
the lower-level (consumer) optimization problems with a discrete 
mapping function Ψ(p) that links each price vector p to the consumer 
reactions, represented by the demand vector x. This mapping is 

constructed by solving the consumer optimization models ex ante for a 
set of predefined price constellations. Importantly, the mapping function 
Ψ(p) is neither continuous nor continuously differentiable in general. As 
a result, the upper-level provider optimization problem becomes non- 
convex and may exhibit multiple local optima.

In theory, the discrete Stackelberg game is then solved iteratively as 
follows: 

1. Fix a price vector p
2. Solve all consumer models to obtain their demand responses
3. Aggregate demands and calculate revenues based on p
4. Optimize the provider model given these inputs
5. Iterate over alternative price vectors to improve profits for the 

provider

In practice, each of the 51 consumer subsystems illustrated in Fig. 4
is first solved for a fixed set of price combinations. For the present 
model, five prices could be varied: High-temperature heat (HTH), low- 
temperature heat (LTH), cooling, electricity, and electricity feed-in 
tariffs. However, due to the exponential growth in scenario space, and 
the central importance of LTH and electricity prices in consumer cost 
structures, the following analysis focuses on just these two dimensions, 
denoted p1 and p2 in Fig. 4.

Once the aggregated energy demands from all consumers x = Ψ(p)
have been computed for a given price vector, they are passed to the 
provider model, together with the corresponding price vector p, illus
trated in Fig. 5. The resulting commodity-specific revenues, obtained by 
multiplying prices and quantities, define the provider’s income, which is 
analyzed in detail in Subsection 4.1. The provider model then seeks to 
minimize system costs for providing the demanded energy and outputs 
the realizable profit for the given price vector, constituting a pointwise 
solution to the Stackelberg pricing game. The full mathematical 
formulation of both the consumer and provider models, as well as the 
mapping-based decomposition approach, is provided in Appendix A.4.

Regulation modeling

As discussed in Subsection 2.3, regulatory frameworks vary 

Fig. 4. The consumers’ subsystems.
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significantly across countries and jurisdictions, making it challenging to 
model them generically. Nevertheless, to assess the fundamental effects 
of regulation on system outcomes, this study considers two widely 
applied policy instruments: 

• An investment subsidy of 25% for carbon–neutral technologies
• A CO2 tax of 100 €/t

These instruments are applied selectively to the provider, the con
sumers, or both. Fig. 6 visualizes the affected system components. The 

two instruments, each applicable independently to either party, can be 
freely combined, resulting in 16 regulatory constellations, summarized 
in Table 3. The scenarios range from a fully unregulated baseline (no 
subsidy, no tax), shown in the upper left cell of Table 3, to a fully 
regulated case where both parties are subject to both instruments (“Both 
for Both”), shown in the lower right cell of Table 3. For completeness, all 
other combinations are tested as well — for example, Run 7 describes 
the case in which the consumers receive a 25% investment subsidy on 
their components but are exempt from paying a CO2 tax on their elec
tricity and high-temperature heat (HTH) demand, while the energy 

Fig. 5. The provider’s subsystem.

Fig. 6. System components subject to regulation measures. Red- and green-shaded technologies indicate investment subsidies for consumers and the provider, 
respectively. Violet and orange denote CO2 taxation applied to the consumers’ and provider’s CO2 balance, respectively. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the web version of this article.)
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provider does not receive any investment subsidy and must pay a CO2 
tax of 100 €/tCO2 for all imported electricity and HTH. In our model, 
double-counting of the CO2 tax is possible, e.g., under the “Both for 
Both” constellation the consumer pays CO2 tax on all electricity and 
HTH they request from the provider, and the provider in turn pays CO2 
tax on the electricity and HTH they import from upstream grids. In case 
of HTH, this is effectively doubling the CO2 tax because the provider has 
no own generation technologies in place. While this does not perfectly 
reflect all current legal frameworks, which, in practice aim to avoid 
“double taxation” of the same emissions, the simplification was chosen 
in order to ensure consistent and comparable analysis across all con
stellations in this study.

While the investment subsidy is implemented as a direct rebate on 
component CAPEX, the carbon emission tax is modeled by introducing 
CO2 as an additional commodity. This commodity is linked to other 
energy streams, as illustrated by the green lines in Fig. 6, and is priced 
through an additional term in the objective function. A detailed 
description of the regulatory modeling is provided in Appendix A.4.

The regulation schemes are implemented in both the central plan
ning and the multi-agent/Stackelberg models described in the previous 
subsections. They allow us to analyze how different policy designs in
fluence technology adoption, emissions, costs, and the alignment of 
decentralized decisions with system-wide optima. The outcomes of this 
analysis are presented in Subsection 4.2.

Results

This section presents the results for different contract price config
urations between the energy provider and consumers, focusing on in
vestment decisions, commodity use and stakeholder profits for different 
CO2 tax and subsidization schemes.

Impact of contract structures

As described in Subsection 3.1, the demand profiles for each con
sumer were individually simulated, resulting in consumer-specific, cost- 
optimal technology setups that vary according to the selected electricity 
and low-temperature heat (LTH) prices. This variation is illustrated in 
Fig. 7, which displays the cost-optimal investment decisions of all con
sumers for a price of 30 ct/kWh for electricity and 10 ct/kWh for LTH. 
The selected prices represent the median of the price ranges investigated 
in the remainder of this work and are used to illustratively demonstrate 
how different price constellations lead to heterogeneous, consumer- 
specific system outcomes.

Notably, single-family and terraced houses in the western part of the 
district (locations 0–35 in Fig. 1) benefit from relatively large roof areas, 
enabling them to install PV panels to reduce electricity purchases and 
sell excess electricity. In contrast, electricity purchasing forms a larger 
share of total expenditures for apartment blocks in the eastern district 
(locations 36–51). Although apartment buildings also install PV, they 
tend to consume most of their own generation due to high demand and 
limited rooftop area per capita.

Differences also emerge in thermal energy supply. Smaller apartment 
blocks in the center use a mix of HTH for domestic hot water and LTH for 
space heating, similar to single-family and terraced homes. Larger 
apartment blocks in the east tend to avoid HTH, instead meeting their 
thermal needs with water–water heat pumps powered by LTH. These 
buildings are also large enough to cost-effectively invest in geothermal 
heat pumps. Across all buildings, battery sizes are closely correlated 
with PV capacity, aiming to increase self-consumption and benefit from 
the spread between the electricity purchase price (30 ct/kWh) and the 
feed-in tariff (6.38 ct/kWh). A detailed overview of the respective 
commodity costs and annualized expenditures for own system compo
nents for each consumer is provided in Appendix A.5.

Despite the unique configurations of each consumer, the district can 
be grouped into three distinct building types: single-family and terraced 

Table 3 
Regulation constellations obtained by cross-combining CO2 taxes and subsidies 
for the consumers and provider.

Consumer No Subsidy Subsidy (¡25% on 
Invest)

Provider No CO2 

Tax
CO2 Tax 
(100 €/t)

No CO2 

Tax
CO2 Tax 
(100 €/t)

No Subsidy No CO2 

Tax
Baseline Run 2 Run 3 Run 4

​ CO2 Tax Run 5 CO2 Tax 
Both

Run 7 Run 8

Subsidy ​ ​ ​ ​ ​
(¡25% on 

Invest)
No CO2 

Tax
Run 9 Run 10 Subsidy 

Both
Run 12

​ CO2 Tax Run 13 Run 14 Run 15 Both for 
Both

Fig. 7. Total annualized costs by technology for each consumer for 30 ct/kWh for electricity and 10 ct/kWh for low-temperature heat. The size of each pie chart 
reflects the magnitude of total annualized energy costs for the respective building. The segments indicate which share of these costs is spent on different technologies 
or commodities. Revenues from selling electricity to the provider are represented by the white circle at the center of each pie chart.

M. Hoffmann et al.                                                                                                                                                                                                                             Energy Conversion and Management: X 30 (2026) 101819 

8 



homes, medium-sized apartment blocks, and large apartment blocks. For 
clarity and brevity, the following analysis focuses on three representa
tive buildings: location 0 (a large single-family house), location 40 (a 
medium-sized apartment block), and location 51 (a large apartment 
block). Terraced houses at locations 3–35 are excluded from further 
analysis because their investment response is limited: they switch from 
LTH to HTH when LTH prices exceed 16.5 ct/kWh, and their technology 
choices are not sensitive to electricity prices. As discussed in Appendix 
A.6, their lower energy demands compared to single-family houses do 
not justify more complex system configurations involving multiple heat 
pumps. Fig. 8 depicts the price-sensitive system configurations for the 
three representative buildings across a price plane spanning 20 to 40 ct/ 
kWh for electricity and 0 to 20 ct/kWh for LTH.

At location 0, the cost-optimal design changes substantially across 
the price range. For low LTH prices, the building uses LTH for both space 
heating and domestic hot water. A water–water heat pump raises the 
LTH temperature to 55 ◦C for domestic hot water. As LTH prices increase 
and electricity remains relatively cheap, LTH is replaced by an air–water 
heat pump. At higher electricity prices, the air–water heat pump is 
retained for space heating, while HTH is used for domestic hot water. 
For moderate LTH and high electricity prices, the optimal solution in
volves using HTH for domestic hot water and LTH for space heating. 
While location 40 follows a similar logic, location 51 exhibits an addi
tional configuration involving a geothermal heat pump. Though more 
expensive, this option is more efficient than an air–water heat pump and 
becomes viable under specific combinations of moderate to high elec
tricity and LTH prices.

To understand the implications for the energy provider, Fig. 9 shows 
annual cash flows for LTH, electricity, HTH, and PV feed-in from the 
representative buildings. Each cash flow is computed as the product of 
the respective commodity price and annual demand. PV feed-in cash 
flows are negative for the provider, as they represent a cost and a cor
responding revenue stream for consumers. Cash flows for cooling are 
omitted, as consumers cannot meet cooling demand themselves, making 
it perfectly inelastic and linear in price.

Fig. 9a shows that annual LTH revenues increase steadily with price 
until reaching tipping points where demand drops abruptly due to 
consumer switching. For example, at location 0, LTH demand collapses 

when the price exceeds roughly 6 ct/kWh. These tipping points corre
spond to non-continuous shifts in the consumer reaction function Ψ(p), 
which reflects the substitution of LTH by heat pumps or HTH. This 
behavior is consistent with empirical findings on energy demand elas
ticities [122]. Across all three locations, LTH is gradually replaced as its 
price rises. Initially used for both domestic hot water and space heating, 
LTH is limited to floor heating at medium prices and often eliminated 
entirely at higher prices. At location 51, a specific configuration emerges 
in which LTH is used in combination with a geothermal heat pump to 
supply space heating.

Fig. 9b demonstrates that electricity revenues depend on both elec
tricity and LTH prices. This interdependence arises because the adoption 
of heat pumps, driven by LTH prices, influences electricity demand. 
Higher LTH prices lead to complex technology combinations, particu
larly in location 51, where the optimal system can include no heat 
pumps or a full set of air–water, water–water, and geothermal heat 
pumps, depending on price conditions. For the provider, these transi
tions create discontinuous revenue surfaces with multiple local optima.

Fig. 9c presents cash flows for HTH, which was assumed to have a 
fixed price. Despite this, the cash flow varies significantly due to price- 
driven changes in consumer behavior. Depending on LTH and electricity 
prices, HTH may not be used at all, may be used solely for domestic hot 
water, or may cover both thermal needs. The third case, HTH for both 
uses, is only viable at moderate to high price levels, such as electricity 
prices of 40 ct/kWh and LTH prices of 20 ct/kWh for location 0.

Fig. 9d depicts feed-in cash flows, which are defined as negative costs 
for the consumers and exhibit a pattern similar to the ones for electricity 
demand. These consumer revenues decrease with higher electricity 
prices, as consumers increase self-consumption. Feed-in also drops when 
heat pumps are used, as PV generation is redirected to supply heating. 
This relationship further illustrates how electricity and thermal tech
nologies interact and influence energy flows in non-obvious ways.

Although the building-level cash flows are highly sensitive to price 
and exhibit discontinuities, aggregated results across the full district 
yield smoother functions. Fig. 10 presents these aggregate outcomes. 
The left panel shows total consumer profits, which decrease mono
tonically with price. Even when consumers shift technologies in 
response to price changes, these shifts only limit profit decreases; they 

Fig. 8. Price-sensitivity of the total annualized costs by technology for the buildings at locations 0 (large single-family house), 40 (medium-sized apartment block), 
and 51 (large apartment block). The size of each pie chart reflects the magnitude of total annualized energy costs for the respective building, with the upper-right pie 
chart normalized to the same size across all subfigures. The segments indicate which share of these costs is spent on different technologies or commodities. Revenues 
from selling electricity to the provider are represented by the white circle at the center of each pie chart.
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cannot increase total profits. The center panel shows provider profits, 
which initially rise with LTH and electricity prices but decline beyond 
LTH prices of around 16.5 ct/kWh. This decline results from reduced 
LTH demand as consumers substitute heat pumps or HTH, which un
dercuts the provider’s revenue.

As mentioned in Subsection 3.2, constant prices misalign incentives 
of the consumers and the provider, causing additional system costs. 
Accordingly, a price constellation can also be assessed by the additional 

costs it causes compared to the macroeconomic optimum, as defined in 
Eq. (1): 

Ω =

∑
consumers(costs − revenues) + costsprovider − revenuesprovider

costsmacro − revenuesmacro
− 1

(1) 

This metric, the incentive alignment suboptimality, is shown in the 
right panel of Fig. 10. The results indicate that for LTH prices below 

Fig. 9. The annual cash flows for LTH, electricity, HTH and electricity feed-in depending on the chosen price constellation at locations 0, 40, and 51.
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approximately 6 ct/kWh, consumer and provider behavior aligns well 
with the centralized optimum, and the suboptimality remains at addi
tional costs of at least 8.8%. However, for LTH prices above 16.5 ct/ 
kWh, the deviation increases to values of up to 14%, highlighting the 
growing misalignment of incentives. These findings demonstrate that 
uncoordinated price-setting can lead to economically inefficient out
comes and indicate a potential role for regulatory interventions, such as 
price ceilings, to prevent excessive cost increases.

In summary, Fig. 10 shows that price structures strongly influence 
consumer costs, provider profits, and systemic efficiency. While well- 
chosen prices can lead to relatively efficient outcomes, poor alignment 
between stakeholder incentives can cause significant welfare losses. 
These results underscore the importance of regulatory design in shaping 
efficient and sustainable energy contracting environments.

Efficiency of the regulation schemes

This subsection analyzes the impact of the regulatory measures 
introduced in Subsection 3.3 on three key performance indicators: the 
deviation from the social welfare optimum, system-wide CO2 emissions, 
and the financial balance of the regulation schemes themselves. These 
effects are assessed across the 16 regulatory constellations presented in 
Table 3, which result from the cross-combination of CO2 taxation and 
investment subsidies for the energy provider and the consumers.

Fig. 11 illustrates the incentive alignment suboptimality for each 
configuration. The upper left cell represents the baseline case without 
any form of taxation or subsidization. Notably, the lowest deviation 
from the social welfare optimum is not achieved in this unregulated 
scenario, but rather in the constellation found in row 3, column 2, where 
the provider receives a 25% investment subsidy, and consumers face a 
CO2 tax of 100 €/t. This result highlights that a well-designed regulatory 
scheme can help align decentralized decisions with macroeconomic ef
ficiency, even in the presence of fixed commodity pricing.

A likely explanation for this outcome lies in the differing internal 
interest rates: the provider operates with a significantly higher internal 
rate (8.5%) than consumers (2%). Consequently, the annualized in
vestment costs weigh more heavily in the provider's decision-making, 
making it more responsive to upfront cost reductions through sub
sidies. On the other hand, consumers react more strongly to CO2 taxation 
than to subsidies. This can be attributed to their lower investment dis
counting, and to their ability to replace carbon-intensive HTH with low- 
emission LTH using water–water heat pumps, which is directly incen
tivized by CO2 tax and a flexibility not available to the provider.

Fig. 12 presents the CO2 emissions for the same regulatory configu
rations. Unlike the incentive alignment results, the most effective 
emission reduction occurs under the configurations in row 4, columns 3 

and 4, where both consumers and the provider receive investment 
subsidies, and the provider is subject to CO2 taxation. However, 
comparing these results to Fig. 11 reveals that the case in row 4, column 
3, although favorable from an emissions standpoint, leads to a consid
erable deviation from the social welfare optimum. Therefore, the more 
balanced and preferable configuration appears in row 4, column 4, 
where all stakeholders are subject to both subsidization and taxation.

This dual-instrument approach, which incentivizes clean investment 
via subsidies and penalizes emissions through taxes, proves particularly 
effective. Yet, even under this configuration, some price constellations 
still lead to higher emissions due to persistent reliance on HTH. Thus, 
efficient price signals remain essential: effective regulation must be 
paired with economically rational pricing strategies to fully realize its 
decarbonization potential.

In addition to environmental and efficiency considerations, regula
tion also affects financial flows. Most real-world regulatory schemes 
involve a third-party actor, such as the state, that collects taxes and 
disburses subsidies. A well-balanced scheme minimizes the financial 
burden on any single party. To assess this aspect, Fig. 13 shows the total 
annualized costs and revenues in the central planning model under each 
regulatory configuration.

It becomes evident that configurations involving only taxation (row 
2, column 2) or only subsidization (row 3, column 3) result in the largest 
deviations from the baseline in terms of total system costs. This is 
visually represented by the distance between the red dashed lines in 
Fig. 18. By contrast, the configurations previously identified as favor
able, row 3, column 2 (from a welfare perspective) and row 4, column 4 
(from an emissions perspective), result in relatively small cost de
viations. Both schemes combine taxation and subsidization, leading to 
financially balanced outcomes for the regulator where state income from 
CO2 taxes could offset the cost of technology support.

In summary, the two regulation schemes that perform best in terms 
of either incentive alignment or CO2 reduction share a common feature: 
they employ a combined regulatory approach that includes both in
vestment subsidies and CO2 taxation. These combinations not only 
produce desirable environmental and macroeconomic outcomes but also 
offer fiscal neutrality, making them attractive from a policy imple
mentation standpoint. A key insight from this analysis is that well- 
balanced, mixed regulatory instruments can enhance both system per
formance and political feasibility.

Discussion

The results provide clear answers on the initially stated questions, 
which are discussed in a political context in the following section. 
Furthermore, limitations of the current modeling approach are assessed 

Fig. 10. Total annual profits of the consumers, energy provider, and the incentive alignment suboptimality, i.e. the cost-surplus of the multi-agent model compared 
to the central-planner model, as defined in Eq. (1).
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to derive fields for future research.

Answer to the research questions

1 How do multi-agent energy system models differ from traditional 
central-planner models in terms of cost, self-consumption, and coordi
nation efficiency?

Multi-agent models reveal efficiency losses of 8–18% compared to 
central planning due to non-aligned incentives and price barriers. Cen
tral planning achieves higher self-consumption and cost efficiency by 
coordinating investment and operation across agents. Traditional 
models that neglect stakeholder behavior may underestimate system 
costs and overstate emission savings.

2 What impact do fixed-price contracts have on consumer investment 
behavior, system costs, and CO2 emissions? Can regulatory instruments 
like price ceilings improve outcomes?

Fixed-price contracts, especially those exceeding 16.5 ct/kWh for 
low-temperature heat, cause consumers to shift to CO2-intensive high- 

temperature sources. Such misalignments emerge from the gap be
tween system-optimal marginal costs and contractually agreed tariffs. 
Introducing price ceilings or time-variable tariffs can counteract these 
distortions, aligning individual decisions with socially beneficial out
comes. This also supports emerging German legislation promoting time- 
variable and marginal cost-reflective pricing [123].

3 How can regulation align incentives between decentralized actors? 
Which combinations of taxes and subsidies are most effective in 
reducing welfare losses and emissions?

4 Regulatory measures such as CO2 taxes and investment subsidies 
not only shift optimal system configurations (primary effect) but also 
influence the degree of incentive alignment between agents (secondary 
effect). In this study, a regulation scheme combining a 100 €/t CO2 tax 
for consumers with a 25% investment subsidy for the provider reduced 
the incentive misalignment from 8.8% to 7.3%, while also cutting 
emissions and preserving cost neutrality for the regulator. These find
ings suggest that balanced schemes combining sticks and carrots 
outperform single-measure policies.

Fig. 11. The incentive alignment suboptimalities depending on CO2 taxes and subsidies for climate-friendly technologies.
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Political implications

This study highlights a fundamental challenge in decentralized en
ergy systems: the misalignment of incentives between energy consumers 
and providers under fixed-price contracts. Constant price structures, 
though simple to implement, fail to reflect marginal costs and system- 
wide efficiency, leading to distorted investment signals.

The findings resonate with ongoing regulatory debates across 
Europe. For example, Art. 24(4b) of the EU directive RED III [124]
mandates third-party access to district heating networks for renewable 
heat providers. While beneficial for decarbonization, this can create 
conflicts if pricing and infrastructure access are not aligned.

Similarly, Germany’s Energy Industry Act (§14a, §41a EnWG) [123]
introduces dynamic tariffs and grid-optimized appliance control, but 
German models for “citizen energy companies” (Bürger
energiegesellschaften) lack provisions for grid-based energy sharing 
[125,126], an essential condition for energy communities as envisioned 

in the EU directives RED II Art. 22 and IMED Art. 16 [94,127].
Countries like Switzerland have taken more proactive steps: legal 

frameworks such as ZEV (Zusammenschluss zum Eigenverbrauch, Art. 
17 & 18, EnG) [128] and LEG (Lokale Elektrizitätsgemeinschaft, Art. 
17d, StromVG) [129] already enable shared infrastructure and coordi
nated dispatch.

Our model results, together with these examples, suggest that 
legislation could facilitate coordinated price signals, infrastructure 
sharing, and fair access, supported by digital infrastructure such as 
smart meters, which is consistent with previous work highlighting the 
importance of aligning economic incentives with system-level efficiency 
in energy systems [130]. In this context, regulatory schemes combining 
CO2 taxes with investment subsidies emerge as potentially effective in
struments to both shift behavior and balance public budgets. However, 
these policy implications should be interpreted as indicative rather than 
prescriptive, as they are derived from a stylized modeling framework 
that does not fully capture real-world institutional, behavioral, and 

Fig. 12. CO2 emissions depending on CO2 taxes and subsidies for climate-friendly technologies.
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market complexities.

Methodological limitations and future work

The discretized Stackelberg model applied here offers a computa
tionally tractable alternative to traditional bilevel formulations. By pre- 
solving consumer responses to discrete price vectors, this study sidesteps 
the complexity of KKT-based transformations often found in MPECs 

[78,80,81]. This makes the model scalable to full district representations 
with dozens of agents. However, this approach also imposes limitations. 
The discretization restricts price-setting to a predefined grid, possibly 
missing locally optimal configurations as well as a potential global op
timum outside of the investigated price combinations. Additionally, the 
discretization effort increases exponentially with the number of price 
vectors considered. In this study, the analysis was restricted to two price 
vectors—electricity and low-temperature heat—each varied over a 20 

Fig. 13. Annualized costs and revenues of the macro model depending on CO2 taxes and subsidies for climate-friendly technologies.
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ct/kWh range with a step size of 0.5 ct/kWh, resulting in 412 = 1,681 
separate optimizations per building and regulatory setting. Extending 
the approach to a third price vector with the same range and resolution 
would increase the computational demand to 413 = 68,921 optimiza
tions. Consequently, the proposed methodology is feasible only for a 
limited number of commodity prices.

The proposed method of separating the stakeholders’ subsystems 
also relies on a number of simplifying technical assumptions such as not 
modeling infrastructure costs, explicit temperature levels, or heat losses 
in the high- and low-temperature networks. While these simplifications 
improve computational tractability and allow separation into consumer- 
and provider-side subsystems, they may limit the model’s ability to fully 
capture interactions between network design, consumer behavior, and 
system efficiency. In particular, fixed temperature levels and separate 
low-temperature and cooling loops were assumed, which precludes 
adaptive control of network temperatures and mass flows as imple
mented in real bidirectional 5GDHC systems and may bias efficiency- 
related results. While temperature-dependent coefficients of perfor
mance (COPs) are accounted for at the component level as described in 
Appendix A.4, the absence of a fully coupled thermo-hydraulic network 
model limits the comparability of the presented results with state-of-the- 
art, physics-driven district heating and cooling simulations.

Apart from that, the model assumes single-period, overnight in
vestments and therefore simplifies investment timing which is crucial 
for modeling system evolution of national [131] but also 5GDHC sys
tems [64] over time and accounting for technological progress [18]. 
Behavioral drivers, such as environmental preferences or co-investment 
with electric vehicles, are not yet represented in the model but may be 
crucial to reflect consumer decision-making in real life.

Furthermore, the model uses a single weather year and hourly res
olution. While this keeps run times manageable, the simulation of higher 
temporal granularity is often necessary for components like inverters or 
storage systems [132–135].

Moreover, emerging technologies such as bidirectional EV charging 
or seasonal storage, and new energy sources such as data center waste 
heat were beyond the current model scope but could be considered in 
future work.

Conclusion

This study highlights the critical role of pricing strategies and regu
latory design in aligning stakeholder incentives and optimizing the 
performance of decentralized fifth-generation district heating and 
cooling (5GDHC) systems. By using a discretized Stackelberg pricing 
game to model the interactions between one price-setting energy pro
vider and 51 price-taking consumers in a real-world residential district 
currently built and operated in Hassel, Germany, as part of the Tran
sUrban.NRW project, this study quantifies both economic inefficiencies 
and emission outcomes under various contractual and regulatory 
constellations.

The results reveal that investment decisions of consumers become 
increasingly complex as electricity becomes cheaper and heating more 
expensive, often leading to the deployment of multiple heat pumps 
operating at different temperature levels. This behavior is highly sen
sitive to price signals and illustrates the dependency of efficient system 
layouts on future price trends.

Importantly, pricing low-temperature heat above 16.5 ct/kWh leads 
to a substantial shift toward high-temperature district heating (HTH), 
which is both costlier and more carbon-intensive. This shift contributes 
to a misalignment with the social welfare optimum and suggests that 
price ceilings could help to prevent economically and ecologically sub
optimal outcomes. Conversely, pricing low-temperature heat around 6 
ct/kWh minimizes the deviation from the social welfare optimum but is 

not the profit-optimal choice for the energy provider, highlighting a 
central regulatory dilemma: achieving macroeconomic efficiency while 
maintaining provider viability.

This work introduces and applies the incentive alignment sub
optimality metric to quantify the economic inefficiencies resulting from 
fixed-price interactions. Even in best-case scenarios, static contracts 
without additional regulation lead to welfare losses of at least 8.8%, 
which rise to 14% if low-temperature heat is priced above 16.5 ct/kWh. 
These results provide indicative evidence supporting dynamic pricing 
schemes, ideally based on marginal costs, as promoted by §41a EnWG in 
Germany, and in line with EU RED II and IMED directives, as well as 
Swiss EnG and StromVG frameworks that enable energy communities 
and dynamic, shared energy use.

Regulation appears to be a key lever for mitigating coordination 
failures. A CO2 tax of 100 €/t imposed on consumers combined with a 
25% investment subsidy for providers can reduce the system misalign
ment from 8.8% to 7.3% while maintaining financial neutrality for the 
regulator. This configuration is associated with low LTH pricing, facil
itates provider profitability, and improves coordination across actors. 
For emission reduction, the most effective scheme involves imposing 
both CO2 taxes and investment subsidies on both consumers and pro
viders, balancing financial flows and achieving significant CO2 
mitigation.

In summary, the findings emphasize that dynamic, marginal-cost- 
reflective pricing, liberalized energy sharing within communities, and 
“carrot-and-stick” regulation combining subsidies and taxation may 
contribute to unlocking the full potential of 5GDHC systems. These 
measures are associated with lower system costs and emissions and may 
improve the alignment of stakeholder incentives with the social welfare 
optimum, which is important for achieving a resilient, decarbonized 
heat sector. However, these findings should be interpreted with caution, 
as they are derived from a stylized modeling framework. Real-world 
outcomes may differ due to institutional constraints, behavioral het
erogeneity, and market dynamics not fully captured in the model.
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Appendix 

A.1. Table of 5GDHC terminologies

Table 4 
Different terms for low-temperature heating and cooling networks used in the literature.

Publication Term

Year Reference 5th 
generation 
heating and 
cooling

Bidirectional 
low 
temperature 
networks

(Ultra-) low temperature 
district heating and 
cooling

Thermal 
source 
networks

Anergy grids or 
anergy 
networks

Cold district 
heating 
networks

Balanced energy 
heating 
networks

Chicherin et al. 2025 [51] ​ ​ ​ ​ ​ ​

Gjoka 2025 [52] ​ ​ ​ ​ ​ ​

Hachez et al. 2025 [53] ​ ​ ​ ​ ​ ​

Boussaid et al. 2024 [54] ​ ​ ​ ​ ​ ​

Chaudry et al. 2024 [55] ​ ​ ​ ​ ​ ​

Halilovic et al. 2024 [56] ​ ​ ​ ​ ​ ​

Soleimani et al. 2024 [56] ​ ​ ​ ​ ​ ​

Zhang et al. 2024 [57] ​ ​ ​ ​ ​

Abugabbara 
et al.

2023 [58] ​ ​ ​ ​ ​ ​

Bu et al. 2023 [59] ​ ​ ​ ​ ​

Buonomano 
et al.

2023 [60] ​ ​ ​ ​ ​ ​

Qin et al. 2023 [61] ​ ​ ​ ​ ​

Qin et al. 2023 [62] ​ ​ ​ ​ ​

Wirtz 2023 [63] ​ ​ ​ ​ ​ ​

Wirtz et al. 2023 [64] ​ ​ ​ ​ ​ ​

Wirtz et al. 2023 [65] ​ ​ ​ ​ ​ ​

Zhang et al. 2023 [66] ​ ​ ​ ​ ​

Calise et al. 2022 [67] ​ ​ ​ ​ ​ ​

Meibodi and 
Loveridge

2022 [68] ​ ​ ​ ​ ​ ​

(continued on next page)
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Table 4 (continued )

Publication Term

Year Reference 5th 
generation 
heating and 
cooling 

Bidirectional 
low 
temperature 
networks 

(Ultra-) low temperature 
district heating and 
cooling 

Thermal 
source 
networks 

Anergy grids or 
anergy 
networks 

Cold district 
heating 
networks 

Balanced energy 
heating 
networks

Bilardo et al. 2021 [30] ​ ​ ​ ​ ​ ​

Edtmayer et al. 2021 [69] ​ ​ ​ ​ ​ ​

Hering et al. 2021 [70] ​ ​ ​ ​ ​ ​

Lund et al. 2021 [71] ​ ​ ​ ​ ​ ​

Reiners et al. 2021 [72] ​ ​ ​ ​ ​ ​

Wirtz et al. 2021 [73] ​ ​ ​ ​ ​ ​

Abugabbara 2020 [74] ​ ​ ​ ​ ​ ​

Buffa et al. 2020 [75] ​ ​ ​ ​ ​ ​

Revesz et al. 2020 [76] ​ ​ ​ ​ ​ ​

Wirtz et al. 2020 [6] ​ ​ ​ ​ ​ ​

Buffa et al. 2019 [23] ​ ​ ​ ​ ​

Boesten et al. 2019 [22] ​ ​ ​ ​ ​ ​

von Rhein et al. 2019 [77] ​ ​ ​ ​ ​ ​

Abugabbara 
et al.

2024 [27] ​ ​ ​ ​ ​ ​

Dibos et al. 2024 [28] ​ ​ ​ ​ ​

Zhou et al. 2023 [29] ​ ​ ​ ​ ​

Bilardo et al. 2021 [30] ​ ​ ​ ​ ​ ​

Wirtz et al. 2020 [21] ​ ​ ​ ​ ​ ​

Wirtz et al. 2019 [5] ​ ​ ​ ​ ​ ​

Zarin Pass et al. 2018 [31] ​ ​ ​ ​ ​ ​

Bünning et al. 2018 [32] ​ ​ ​ ​ ​ ​

Quirosa et al. 2023 [46] ​ ​ ​ ​ ​ ​

Quirosa et al. 2022 [47] ​ ​ ​ ​ ​ ​

Sommer et al. 2020 [48] ​ ​ ​ ​ ​ ​

Sommer et al. 2019 [49] ​ ​ ​ ​ ​ ​

(continued on next page)
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Table 4 (continued )

Publication Term

Year Reference 5th 
generation 
heating and 
cooling 

Bidirectional 
low 
temperature 
networks 

(Ultra-) low temperature 
district heating and 
cooling 

Thermal 
source 
networks 

Anergy grids or 
anergy 
networks 

Cold district 
heating 
networks 

Balanced energy 
heating 
networks

Ruesch and 
Haller

2017 [50] ​ ​ ​ ​ ​ ​

Lagoeiro et al. 2026 [34] ​ ​ ​ ​ ​ ​

Etemad et al. 2025 [35] ​ ​ ​ ​ ​ ​

Etemad et al. 2025 [36] ​ ​ ​ ​ ​ ​

Müller et al. 2025 [37] ​ ​ ​ ​ ​ ​

Lund et al. 2024 [39] ​ ​ ​ ​ ​ ​

Belfiore et al. 2021 [42] ​ ​ ​ ​ ​ ​

Gabrielli et al. 2020 [43] ​ ​ ​ ​ ​ ​

Zach et al. 2019 [44] ​ ​ ​ ​ ​ ​

Pellegrini and 
Bianchini

2018 [40] ​ ​ ​ ​ ​ ​

Stubler et al. 2014 [41] ​ ​ ​ ​ ​ ​

Song et al. 2019 [45] ​ ​ ​ ​ ​ ​

A.2. Table of costs

Table 5 
Cost parameters for the model.

Capex Opex Lifetime Source

Components Fixed Capacity-Specific Fixed + Capacity-Specific

PV Rooftop — — 769.00 €/kWp 1.00 % Inv./a 20 a [136]
Inverter — — 75.00 €/kWp — — 20 a [137]
Battery — — 301.00 €/kWhp — — 15 a [136]
Heat Pump (Air/Water) 4,230.00 € 504.90 €/kWth 1.50 % Inv./a 20 a [138]
Heat Pump (Geothermal) 2,201.11 € 1,801.27 €/kWth 1.50 % Inv./a 20 a [138]
Compression Chiller 4,230.00 € 504.90 €/kWth 1.50 % Inv./a 20 a [138]
Thermal Storage — — 90.00 €/kWhth 0.01 % Inv./a 25 a [139]

A.3. Individual consumer data

Heating and cooling demands were simulated using the open-source tool TEASER [140], while domestic hot water demand profiles were generated 
using DHWcalc [141]. For all weather-related simulations, the year 2015 from the German Weather Service (DWD) for Gelsenkirchen-Hassel was used 
[142]. Electricity demand and PV capacity factor profiles were produced with the open-source tool tsib [143], which builds on the probabilistic CREST 
model [144]. Required input data included building age, area, location, number of apartments, and household size, based on internal project 
documentation [109]. All time series are modeled with hourly resolution to balance detail and computational tractability [133].

The demand profiles for all buildings are shown in Figure 14. Profiles vary in amplitude depending on building type: single-family homes and 
terraced houses (locations 0–35) versus apartment buildings (locations 37–51). Environmental factors (e.g., temperature, solar radiation) drive the 
correlation in heating, cooling, and PV profiles across buildings, whereas electricity and hot water demands are shaped by occupant behavior and 
therefore less correlated. 
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Fig. 14. Daily mean value profiles for the four demand and one capacity factor time series for all single- and multi-family houses.

M. Hoffmann et al.                                                                                                                                                                                                                             Energy Conversion and Management: X 30 (2026) 101819 

19 



A.4. Model formulation

The following subsections provides a more detailed formulation of the bottom-up energy system model introduced in Subsection 3.1, its 
decomposition into the provider and multiple consumers introduced in Subsection 3.2 and the implementation of regulation schemes introduced in 
Subsection 3.3.

Basic bottom-up energy system model.
First, optimization-based bottom-up energy system models such as ETHOS.FINE [12,114] generally comprise certain components such as com

modity sinks, sources, transmission units, storage components, conversion units and energy hubs. Here, commodities may refer to energy carriers such 
as electricity, heat, natural gas or hydrogen, but also to mass flows such as CO2. An overview of these components is provided in Figure 15. Here, the 
model comprises two regions which are connected by a transmission unit for the “blue” commodity, which may, e.g., refer to electricity. The “red” 
commodity, which may refer to heat, is locally produced and consumed in Region 2 by converting the blue commodity into the red one. Here, the 
conversion unit may refer to an electric heater or a heat pump.

Fig. 15. Basic concept of the system components in energy system frameworks such as ETHOS.FINE [12,114] taken from Hoffmann et al. [145].

The overall optimization problem is formulated in Eqs. (2)–(16) and is a modified version of the model presented by Hoffmann et al. [145]. Similar 
model descriptions can be found in the literature, e.g., as published by [146] and [12].

Eq. (2) describes the objective function to minimize the total costs of the annualized capacity investment costs ccap
c,r xcap

c,r , annualized binary in
vestment costs ccap,bin

c,r xcap,bin
c,r (if a component is built or not) and the operation costs cop

c,r,tx
op
c,r,t for all components c, regions r and time steps t. Eqs. (3)– 

(7) must hold for every commodity g ∈ G, region r ∈ R and time step t ∈ T. Eq. (3) maintains the flow conservation at each energy hub for each 
commodity, region and time step, i.e. the sum of flows from all components emitting this commodity must equal the sum of flows to all components 
consuming it, which is represented by c ∈ Mg. Eqs. (4) and (5) state that the energy flows are positive for energy sources and negative for energy sinks. 
Eq. (6) states that for conversion units, the flow of a commodity depends on a conversion factor γ. These may be positive or negative for different 
commodities associated with the same conversion unit, e.g. a heat pump would consume electricity (negative conversion factor) for producing heat 
(positive conversion factor). Eq. (7) states that the net flow for transmission units starting in a Region r and ending in another Region ŕ  equals the flow 
from ŕ  to r minus the flow from r to ŕ .

Eqs. (8)–(16) are defined for each region r ∈ R and time step t ∈ T. Here, Eq. (8) states that each operation rate xop
c,r,t must be positive. Further, Eq. 

(9) states that it must not be larger than the capacity of the installed unit times the operation rate θ times the duration of the respective discrete time 
step Δt, e.g. a PV system with 5 kW installed capacity and a capacity factor of 0.5 in an hourly time step may not produce more than 2.5 kWh of 
electricity in the respective time step. Eqs. (10)–(12) address storage units. Eq. (10) states that the state of charge of a storage in the next time period 
equals the current state of charge plus inflows times the charging efficiency minus outflows divided by the discharge efficiency. Here, a self-discharge 
rate for the state of charge may also be set in front of the state of charge of the current period. Eqs. (11) and (12) state that the state of charge of storage 
components must be positive and smaller than the respective capacity. Eqs. (13)–(16) address the transmission units. Here, Eq. (13) states that the 
operation in either direction must be non-negative. Eqs. (14) and (15) state that the net flows in either direction are capped by the capacity of the 
transmission line times the time step length Δt. Eq. (16) states that the sum of flows should also be smaller than the installed capacity. This equation 
must not be interpreted physically, but is just a cut in the optimization model which avoids infinitely high operation rates in either direction with a 
finite net flow, i.e. it only contributes to the numeric stability of the energy system model. Eq. (17) states that energy components may not surpass a 
certain capacity given by the respective potential. This constraint may be defined for all components, but does not need to, and refers to e.g. limited 
roof area for PV panels. Lastly, the Eqs. (18) and (19) make up the set of BigM constraints and the corresponding variable domain constraints defining 
that if a component’s capacity is larger than zero, it is built and accordingly, the binary investment costs are added to the objective function. These 
variables allow for an affine modeling of cost curves and thereby economies of scale in a simplified manner, but turn the LP into an MILP. For that 
reason, they may also be ignored if the cost curves are approximately linear. 
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min

(
∑

c

∑

r

(

ccap
c,r xcap

c,r + ccap,bin
c,r xcap,bin

c,r +
∑

t
cop

c,r,tx
op
c,r,t

))

(2) 

s.t.

∀g ∈ G, r ∈ R, t ∈ T :

∑

c∈Mg fc,g,r,t = 0 (3) 

fc,g,r,t = xop
c,r,t∀ c ∈ Msource ∩ Mg (4) 

fc,g,r,t = − xop
c,r,t∀ c ∈ Msink ∩ Mg (5) 

fc,g,r,t = γc,g,r,tx
op
c,r,t∀ c ∈ Mconversion ∩ Mg (6) 

fc,g,r,t = xop
c,(ŕ ,r),t − xop

c,(r,ŕ ),t∀ c ∈ Mtransmission ∩ Mg (7) 

∀r ∈ R, t ∈ T :

xop
c,r,t ≥ 0∀ c ∈ Msource ∪ Msink ∪ Mconversion (8) 

xop
c,r,t ≤ θc,r,txcap

c,r Δt∀ c ∈ Msource ∪ Msink ∪ Mconversion (9) 

xSOC
c,r,t+1 =

(
1 − ηop,sd

c,r,t

)
xSOC

c,r,t + ηch
c,r,tx

op,ch
c,r,t −

xop,dis
c,r,t

ηdis
c,r,t

∀ c ∈ Mstore (10) 

xSOC
c,r,t ≥ 0∀ c ∈ Mstore (11) 

xSOC
c,r,t ≤ xcap

c,r ∀ c ∈ Mstore (12) 

xop
c,(r,ŕ ),t ≥ 0∀ c ∈ Mtransmission, ŕ∈ R\{r} (13) 

− xcap
c,r Δt ≤ xop

c,(ŕ ,r),t − xop
c,(r,ŕ ),t∀ c ∈ Mtransmission, ŕ∈ R\{r} (14) 

xcap
c,r Δt ≥ xop

c,(ŕ ,r),t − xop
c,(r,ŕ ),t∀ c ∈ Mtransmission, ŕ∈ R\{r} (15) 

xcap
c,r Δt ≥ xop

c,(ŕ ,r),t + xop
c,(r,ŕ ),t∀ c ∈ Mtransmission, ŕ∈ R\{r} (16) 

xcap
c,r ≤ xpot

c,r ∀ c ∈ Msource ∪ Msink ∪ Mconv ∪ Mtrans (17) 

xcap
c,r ≤ Mxcap,bin

c,r ∀ c ∈ Msource ∪ Msink ∪ Mconv ∪ Mtrans (18) 

xcap,bin
c,r ∈ {0,1}∀ c ∈ Msource ∪ Msink ∪ Mconv ∪ Mtrans (19) 

Model decomposition into multiple stakeholders
The central-planner model as stated above can be divided into the subsystems of the energy providers and the consumers so that each component 

(irrespectively whether these are sources, sinks, conversion units or transmission lines) of the original model is assigned to exactly one of the 
stakeholders, i.e. the following must hold: 

Mtype
provider ∪

i∈{1,⋯51}
Mtype

consumer,i = Mtype (20) 

Mtype
provider ∩ Mtype

consumer,i = ∅∀ i ∈ {1,⋯51} (21) 

Mtype
consumer,i ∩ Mtype

consumer,j = ∅∀ i, j ∈ {1,⋯51}, i ∕= j (22) 

with type ∈ {source, sink, conversion, transmission} (23) 

As the energy consumers are now separated from the energy provider, the commodity flows from the energy provider to the consumers or vice versa 
have to be respected by means of auxiliary source- and sink pairs, i.e. every flow from the provider to a consumer becomes a source in the consumer 
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model and a sink in the provider model. In case of a reversed flow (e.g., electricity feed-in from the consumer) an auxiliary sink is needed in the 
consumer model and a source in the provider model. For that reason, Eq. (3) is adapted as follows in all the consumer models: 
∑

c∈Mg
consumer,i

fc,g,r,t + fBoughtByConsumer,g,r,t + fSoldByConsumer,g,r,t = 0 ∀g ∈ G, r ∈ R, t ∈ T (24) 

Here, the commodity flow bought by the consumer is defined to be positive, whereas the one sold by the consumer is defined negative. For the 
operation rates of the corresponding source and sink, which are defined as positive thus holds: 

fBoughtByConsumer,g,r,t = xop
auxConSource,g,r,t (25) 

fSoldByConsumer,g,r,t = − xop
auxConSink,g,r,t (26) 

The respective objective function is complemented by the expenditures for buying the commodities from the provider and by the revenues from 
feeding in commodities to the provider, i.e.: 

min

(
∑

c∈Mconsumer,i

∑

r

(

ccap
c,r xcap

c,r + ccap,bin
c,r xcap,bin

c,r +
∑

t
cop

c,r,tx
op
c,r,t

)

+
∑

g

∑

r

∑

t
pgx

op
auxConSource,g,r,t − pgxop

auxConSink,g,r,t

)

(27) 

Here, pg denotes the price for which the commodity g is offered by the provider and pg is the price for which the commodity g can be fed in to the 
provider. The equations for the energy provider are analogous, i.e.: 
∑

c∈Mg
consumer,i

fc,g,r,t + fBoughtByProvider,g,r,t + fSoldByProvider,g,r,t = 0∀g ∈ G, r ∈ R, t ∈ T (28) 

fBoughtByProvider,g,r,t = xop
auxProvSource,g,r,t (29) 

fSoldByProv,g,r,t = − xop
auxProvSink,g,r,t (30) 

min

⎛

⎝
∑

c∈Mprovider

∑

r

(

ccap
c,r xcap

c,r + ccap,bin
c,r xcap,bin

c,r +
∑

t
cop

c,r,tx
op
c,r,t

)

+
∑

g

∑

r

∑

t
pgx

op
auxProvSource,g,r,t − pgxop

auxProvSink,g,r,t

⎞

⎠ (31) 

The prices pg and pg trigger the behavior of the consumers and thereby the operation of the auxiliary sources and sinks, i.e. what they buy from the 
provider and when. As the energy provider has to provider what is sold by the consumers, and has to buy what is fed in by the consumers, the following 
holds: 

xop
auxProvSource,g,r,t =

∑

i∈{1,⋯,51}
xop,consumer,i

auxConSink,g,r,t (32) 

xop
auxProvSink,g,r,t =

∑

i∈{1,⋯,51}
xop,consumer,i

auxConSource,g,r,t (33) 

Plugging these relationships into the objective function of the provider yields: 

min

⎛

⎝
∑

c∈Mprovider

∑

r

(

ccap
c,r xcap

c,r + ccap,bin
c,r xcap,bin

c,r +
∑

t
cop

c,r,tx
op
c,r,t

)

+
∑

g

∑

r

∑

t
pg

∑

i∈{1,⋯,51}
xop,consumer,i

auxConSink,g,r,t − pg

∑

i∈{1,⋯,51}
xop,consumer,i

auxConSource,g,r,t

⎞

⎠ (34) 

And summing over all consumers yields for the cumulative consumer objective: 

min

(
∑

i∈{1,⋯,51}

∑

c∈Mconsumer,i

∑

r

(

ccap
c,r xcap

c,r + ccap,bin
c,r xcap,bin

c,r +
∑

t
cop

c,r,tx
op
c,r,t

)

+
∑

g

∑

r

∑

t
pg

∑

i∈{1,⋯,51}
xop,consumer,i

auxConSource,g,r,t − pg

∑

i∈{1,⋯,51}
xop,consumer,i

auxConSink,g,r,t

)

(35) 

Adding up the objective functions in Eqs. (41) and (42) yields given the telescopic sum of auxiliary sinks and sources: 

min

⎛

⎝
∑

c∈Mprovider

∑

r

(

ccap
c,r xcap

c,r + ccap,bin
c,r xcap,bin

c,r +
∑

t
cop

c,r,tx
op
c,r,t

)

+
∑

i∈{1,⋯,51}

∑

c∈Mconsumer,i

∑

r

(

ccap
c,r xcap

c,r + ccap,bin
c,r xcap,bin

c,r +
∑

t
cop

c,r,tx
op
c,r,t

)⎞

⎠

= min

(
∑

c

∑

r

(

ccap
c,r xcap

c,r + ccap,bin
c,r xcap,bin

c,r +
∑

t
cop

c,r,tx
op
c,r,t

))

(36) 

because of Eq. (20). Accordingly, the sum of objective functions over all the consumers and the energy provider in the decomposed model equals the 
objective function of the central planning model. Therefore, all additional costs in the decomposed models arise from non-aligned incentives. Finally, 
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it must be mentioned that the terms used in this extended analysis refer to the simplified ones in Fig. 3, i.e. the simplified model discussed in Subsection 
3.2 is indeed a simplified version notation of the model discussed in this section. 

F(p, x)=∧
∑

c∈Mprovider

∑

r

(

ccap
c,r xcap

c,r + ccap,bin
c,r xcap,bin

c,r +
∑

t
cop

c,r,tx
op
c,r,t

)

+
∑

g

∑

r

∑

t
pg

∑

i∈{1,⋯,51}
xop,consumer,i

auxConSink,g,r,t − pg

∑

i∈{1,⋯,51}
xop,consumer,i

auxConSource,g,r,t (37) 

f(p, x)=∧
∑

i∈{1,⋯,51}

∑

c∈Mconsumer,i

∑

r

(

ccap
c,r xcap

c,r + ccap,bin
c,r xcap,bin

c,r +
∑

t
cop

c,r,tx
op
c,r,t

)

+
∑

g

∑

r

∑

t
pg

∑

i∈{1,⋯,51}
xop,consumer,i

auxConSource,g,r,t − pg

∑

i∈{1,⋯,51}
xop,consumer,i

auxConSink,g,r,t

(38) 

Implementation of temperature-variable COPs
When modelling the local heating and cooling systems in the different buildings, the efficiency depends on the temperature of the 5GDHC grid. 

Concisely, the coefficient of performance (COP) of the heat pumps and the compression chiller depend on the temperature differences between the 
cold and the warm side and were therefore modelled depending on the temperature levels of the heating or cooling networks and the ambient or 
ground temperature multiplied by a grading factor as percentage of the respective Carnot efficiency, i.e. with TC being the temperature of the cool and 
TH being temperature of the hot side of the Rankine cycle in Kelvin (c.f. [8]): 

COPHeat Pump = ηgrade
TH

TH − TC
(39) 

COPCompression Chiller = ηgrade
TC

TH − TC
(40) 

Here, the grading factors for the air–water and water-water heat pumps as well as the compression chiller were assumed to be 40%, whereas they were 
assumed to be 55% for the geothermal heat pumps in accordance with the assumptions in the documentation of the oemof modelling framework 
[147,148]. The COPs were capped at a value of 7 in case of too small temperature differences in order to properly capture pressure-loss induced 
efficiency losses even at small temperature differences [6].

Figure 16 depicts the resulting graphs of the daily averaged COPs for all heat pumps and the compression chiller of the model. Here, it can be seen 
that the COPs of the water-water heat pump and the compression chiller are constant due to the assumption of constant, i.e. time-independent 
temperature differences between the district heating, the low-temperature and the cooling networks as well as the ground temperature, whereas 
the COP of the air–water heat pump and the compression chiller vary throughout the year due to the varying ambient air temperature. Apart from that, 
it can be seen that the system COP of the air–water heat pump is worst during its main utilization time in winter, whereas the opposite holds for the 
compression chiller with its main utilization period and respective COP minimum during summer.

In order to improve the coefficient of performance of both, the air–water heat pump and the compression chiller, the temperature levels in the low- 
temperature and cooling network could be adapted to the ambient temperature and the mass flow could be adapted accordingly. In fact, this adaption 
takes place in the actual bidirectional network in Hassel in order to lower the provider’s electricity demand for operating these units, but cannot be 
modelled in the current version of ETHOS.FINE appropriately due to the bilinear relationship between energy flow, mass flow and temperature 
difference between the hot and the cold side.

Fig. 16. Yearly coefficients of perffx3ormance for the heat pumps and the compression chiller.
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Implementation of regulation measures
The regulations, in particular, subsidies and CO2 taxes, can be added to the system stated above. For investment subsidies that only affect the cost 

vector for capacity investments, i.e. the first part of Eq. (2), a discount rate dc,r ∈ [0,1] may be added as follows: 

min

(
∑

c

∑

r

(
(
1 − dc,r

)(
ccap

c,r xcap
c,r + ccap,bin

c,r xcap,bin
c,r

)
+
∑

t
cop

c,r,tx
op
c,r,t

))

(41) 

This discount rate is defined for each component and refers to a price release for investment costs, i.e. a discount rate of dc,r = 0.25 would refer to a 
discount of 25% for component c in Region r. In contrast to that, the modelling of CO2 taxes is more complicated. For that, an energy source is 
transformed into a conversion unit emitting both, energy and CO2, i.e., Eq. (4) is replaced by two conversion equations as the one in Eq. (6), i.e.: 

fc,g,r,t = γc,g,r,tx
op
c,r,t, ∀ r ∈ R, t ∈ T (42) 

fc,CO2 ,r,t = γc,CO2 ,r,tx
op
c,r,t∀ r ∈ R, t ∈ T (43) 

Additionally, for the original commodity g holds: 

γc,g,r,t = 1 ∀ r ∈ R, t ∈ T (44) 

The conversion factor for CO2, however, may depend on the specific energy carrier that is provided, e.g. coal has a higher CO2 emission factor in 
kg/kWh than natural gas. In order to preserve feasibility, the CO2 flow balance must be maintained with additional CO2 hubs and CO2 sinks: 
∑

c∈{CO2}
fc,CO2 ,r,t = 0r ∈ R, t ∈ T (45) 

fc,CO2 ,r,t = γc,CO2 ,r,tx
op
c,r,t∀ r ∈ R, t ∈ T, c ∈ Mconversion ∩ {CO2} (46) 

fCO2 − Sink,CO2 ,r,t = − xop
CO2 ,r,t∀ r ∈ R, t ∈ T (47) 

Here, Eq. (45) refers to the CO2 flow balance, Eq. (46) states that positive CO2 flows stem from the system components delivering energy carriers 
with CO2 emissions and Eq. (47) states that the CO2 has to disappear in a CO2 sink in order to maintain the flow balance. This CO2 sink does not have to 
contain a capacity, but may only have an operation rate. Finally, the CO2 tax may be added to the objective function by multiplying it with the CO2 
costs and summing these emission costs over all regions and time steps as stated in Eq. (48): 

min

(
∑

c

∑

r

(

ccap
c,r xcap

c,r + ccap,bin
c,r xcap,bin

c,r +
∑

t
cop

c,r,tx
op
c,r,t

))

+
∑

r

∑

t
cop

CO2 ,r,tx
op
CO2 ,r,t (48) 

As shown, subsidies and CO2 taxes analyzed in Subsection 4.2, can be directly integrated into an existing energy system model. The consideration 
of schemes in the regulation decomposed stakeholder models is analogous.

A.5. Total annualized costs per consumer

Table 6 reports the cost-optimal consumer expenditures for cooling, low-temperature heat, district heat and electricity as well as the annualized 
costs for own system components for a price constellation of 30 ct/kWh for electricity and 10 ct/kWh for low-temperature heat corresponding to Fig. 7.
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Table 6 
Consumer results for 30 ct/kWh for electricity and 10 ct/kWh for low-temperature heat.

Cooling Low-tempe- 
rature heat

District 
heating

Electricity from 
provider

Electricity to 
provider

Heat pump 
air water

Heat pump 
geothermal

Heat pump 
water water

Thermal 
storage

Photovoltaic 
southeast

Photovoltaic 
northwest

Battery Sum

Abs. % Abs. % Abs. % Abs. % Abs. % Abs. % Abs. % Abs. % Abs. % Abs. % Abs. % Abs. % Abs. %

loc_0 126 3% 741 20% 874 23% 1164 31% − 334 − 9% 0 0% 0 0% 0 0% 105 3% 421 11% 421 11% 261 7% 3779 100%
loc_1 70 4% 400 23% 404 23% 488 28% − 133 − 8% 0 0% 0 0% 0 0% 48 3% 210 12% 142 8% 133 8% 1761 100%
loc_2 70 4% 400 23% 402 23% 513 29% − 128 − 7% 0 0% 0 0% 0 0% 48 3% 210 12% 124 7% 137 8% 1776 100%
loc_3 126 3% 741 19% 874 23% 1167 31% − 335 − 9% 0 0% 0 0% 0 0% 125 3% 421 11% 421 11% 260 7% 3800 100%
loc_4 58 4% 328 21% 352 23% 481 31% − 163 − 10% 0 0% 0 0% 0 0% 48 3% 316 20% 0 0% 133 9% 1554 100%
loc_5 58 4% 328 21% 356 23% 456 30% − 157 − 10% 0 0% 0 0% 0 0% 45 3% 316 20% 0 0% 139 9% 1541 100%
loc_6 58 4% 328 21% 352 23% 455 29% − 156 − 10% 0 0% 0 0% 0 0% 45 3% 316 20% 0 0% 149 10% 1545 100%
loc_7 58 4% 328 20% 354 22% 482 30% − 188 − 12% 0 0% 0 0% 0 0% 48 3% 210 13% 210 13% 124 8% 1626 100%
loc_8 58 4% 328 20% 351 21% 488 30% − 190 − 12% 0 0% 0 0% 0 0% 58 4% 210 13% 210 13% 119 7% 1632 100%
loc_9 58 4% 328 20% 346 21% 470 29% − 185 − 12% 0 0% 0 0% 0 0% 46 3% 210 13% 210 13% 130 8% 1612 100%
loc_10 58 4% 328 21% 360 23% 369 23% − 354 –22% 0 0% 0 0% 0 0% 47 3% 316 20% 316 20% 138 9% 1576 100%
loc_11 58 4% 328 21% 353 23% 366 23% − 354 –23% 0 0% 0 0% 0 0% 48 3% 316 20% 316 20% 134 9% 1564 100%
loc_12 58 4% 328 21% 350 22% 386 24% − 358 –23% 0 0% 0 0% 0 0% 53 3% 316 20% 316 20% 138 9% 1586 100%
loc_13 58 4% 328 21% 349 22% 386 24% − 358 –23% 0 0% 0 0% 0 0% 51 3% 316 20% 316 20% 138 9% 1583 100%
loc_14 58 4% 328 21% 352 23% 451 29% − 155 − 10% 0 0% 0 0% 0 0% 55 4% 316 20% 0 0% 156 10% 1561 100%
loc_15 58 4% 328 21% 348 22% 451 29% − 155 − 10% 0 0% 0 0% 0 0% 48 3% 316 20% 0 0% 156 10% 1549 100%
loc_16 58 4% 328 21% 349 22% 397 25% − 360 –23% 0 0% 0 0% 0 0% 50 3% 316 20% 316 20% 143 9% 1595 100%
loc_17 58 4% 328 21% 352 22% 374 24% − 355 –22% 0 0% 0 0% 0 0% 55 3% 316 20% 316 20% 140 9% 1583 100%
loc_18 58 4% 328 21% 344 22% 391 25% − 360 –23% 0 0% 0 0% 0 0% 50 3% 316 20% 316 20% 130 8% 1572 100%
loc_19 58 4% 328 21% 348 22% 371 24% − 354 –23% 0 0% 0 0% 0 0% 50 3% 316 20% 316 20% 140 9% 1571 100%
loc_20 58 4% 328 20% 350 22% 369 23% − 354 –22% 0 0% 0 0% 0 0% 80 5% 316 20% 316 20% 138 9% 1600 100%
loc_21 58 4% 328 21% 347 22% 361 23% − 353 –23% 0 0% 0 0% 0 0% 51 3% 316 20% 316 20% 137 9% 1560 100%
loc_22 58 4% 328 20% 351 21% 475 29% − 186 − 11% 0 0% 0 0% 0 0% 50 3% 210 13% 210 13% 136 8% 1633 100%
loc_23 58 4% 328 20% 345 21% 488 30% − 190 − 12% 0 0% 0 0% 0 0% 61 4% 210 13% 210 13% 119 7% 1629 100%
loc_24 58 4% 328 20% 357 22% 474 29% − 186 − 12% 0 0% 0 0% 0 0% 45 3% 210 13% 210 13% 124 8% 1620 100%
loc_25 58 4% 328 21% 346 22% 470 30% − 161 − 10% 0 0% 0 0% 0 0% 46 3% 316 20% 2 0% 144 9% 1549 100%
loc_26 58 4% 328 21% 358 23% 451 29% − 165 − 11% 0 0% 0 0% 0 0% 45 3% 316 20% 15 1% 149 10% 1555 100%
loc_27 58 4% 328 21% 350 22% 463 29% − 158 − 10% 0 0% 0 0% 0 0% 79 5% 316 20% 0 0% 150 9% 1585 100%
loc_28 58 4% 328 21% 348 22% 481 31% − 163 − 11% 0 0% 0 0% 0 0% 49 3% 316 20% 0 0% 133 9% 1550 100%
loc_29 70 4% 400 23% 403 23% 496 28% − 122 − 7% 0 0% 0 0% 0 0% 47 3% 210 12% 120 7% 134 8% 1759 100%
loc_30 70 4% 400 23% 410 23% 481 27% − 125 − 7% 0 0% 0 0% 0 0% 52 3% 210 12% 131 7% 143 8% 1772 100%
loc_31 90 4% 521 26% 489 24% 493 24% − 190 − 9% 0 0% 0 0% 0 0% 82 4% 210 10% 210 10% 130 6% 2035 100%
loc_32 90 4% 521 26% 487 24% 467 23% − 185 − 9% 0 0% 0 0% 0 0% 81 4% 210 10% 210 10% 128 6% 2010 100%
loc_33 90 4% 521 25% 492 24% 500 24% − 193 − 9% 0 0% 0 0% 0 0% 133 6% 210 10% 210 10% 109 5% 2072 100%
loc_34 58 4% 328 21% 346 22% 397 25% − 360 –23% 0 0% 0 0% 0 0% 49 3% 316 20% 316 20% 143 9% 1592 100%
loc_35 58 4% 328 21% 350 22% 397 25% − 360 –23% 0 0% 0 0% 0 0% 52 3% 316 20% 316 20% 143 9% 1599 100%
loc_37 220 3% 1341 20% 1268 19% 2402 37% –223 − 3% 0 0% 0 0% 0 0% 197 3% 837 13% 0 0% 502 8% 6544 100%
loc_38 221 3% 1340 20% 1278 19% 2404 36% –223 − 3% 0 0% 0 0% 0 0% 222 3% 837 13% 0 0% 520 8% 6600 100%
loc_39 311 3% 1927 19% 1853 19% 4415 44% − 118 − 1% 0 0% 0 0% 0 0% 174 2% 837 8% 0 0% 591 6% 9991 100%
loc_40 220 3% 1341 20% 1269 19% 2411 37% − 224 − 3% 0 0% 0 0% 0 0% 187 3% 837 13% 0 0% 523 8% 6565 100%
loc_41 311 3% 1927 19% 1857 19% 4431 44% − 121 − 1% 0 0% 0 0% 0 0% 176 2% 837 8% 0 0% 593 6% 10,011 100%
loc_42 220 3% 1341 20% 1277 19% 2415 37% − 225 − 3% 0 0% 0 0% 0 0% 195 3% 837 13% 0 0% 516 8% 6577 100%
loc_43 311 3% 1927 19% 1850 19% 4430 44% − 122 − 1% 0 0% 0 0% 0 0% 174 2% 837 8% 0 0% 576 6% 9983 100%
loc_44 221 3% 1341 20% 1315 20% 2404 36% –222 − 3% 0 0% 0 0% 0 0% 154 2% 837 13% 0 0% 546 8% 6597 100%
loc_45 221 3% 1340 20% 1279 20% 2408 37% − 224 − 3% 0 0% 0 0% 0 0% 167 3% 837 13% 0 0% 521 8% 6548 100%
loc_46 1132 6% 1169 6% 0 0% 12,758 68% − 91 0% 0 0% 1919 10% 610 3% 184 1% 837 4% 0 0% 134 1% 18,652 100%
loc_47 990 3% 1891 7% 0 0% 22,333 77% –23 0% 0 0% 1919 7% 793 3% 339 1% 837 3% 0 0% 0 0% 29,080 100%
loc_48 220 3% 1341 20% 1283 20% 2411 37% − 225 − 3% 0 0% 0 0% 0 0% 204 3% 837 13% 0 0% 506 8% 6578 100%
loc_49 221 3% 1341 20% 1285 19% 2425 37% − 227 − 3% 0 0% 0 0% 0 0% 189 3% 837 13% 0 0% 522 8% 6592 100%
loc_50 465 4% 830 7% 0 0% 8950 71% − 100 − 1% 563 4% 0 0% 531 4% 173 1% 837 7% 0 0% 283 2% 12,533 100%
loc_51 820 3% 1180 5% 0 0% 17,801 76% − 46 0% 0 0% 1919 8% 689 3% 293 1% 837 4% 0 0% 26 0% 23,519 100%
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A.6. Analysis for the terraced houses

Fig. 17 depicts the cost-dependent decisions of the consumer at location10, a semi-detached house. The design decisions of this house are in line 
with the majority of the semi-detached and terraced houses. Here, it can be seen that the cost-optimal layout relies on high-temperature district heat 
for domestic hot water and low-temperature heat for floor heating from the 5GDHC network for low-temperature heat prices up to15 ct/kWh and 
completely on high-temperature district heat for both, domestic hot water and radiator heating at prices of 20 ct/kWh for low-temperature heat. In 
particular, this means that the cost-optimal solution for the consumer at location 10 never comprises a heat pump of any kind due to his small energy 
demands and the relatively high offset costs of heat pumps, i.e. their economies of scale.

Fig. 17. Price-sensitivity of investment decisions for the building at location 10.

Analogously to the pie charts in Fig. 17, the cash flows for low-temperature heat and electricity increase monotonously for rising respective prices 
as shown in Fig. 18. Yet, the cash flow for low-temperature heat completely breaks down for prices beyond 16 ct/kWh as it is exchanged for high- 
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temperature district heating for higher prices. Besides, it can be observed that the absolute cash flow for electricity fed into the grid from photovoltaics 
is decreasing for rising electricity prices, which emphasizes that the self-consumption rate is increased in order to save costs from electricity purchase.

Fig. 18. Cash flows by commodity depending on the price constellation of electricity and low temperature heat for the building at location 10.

Data availability

Data will be made available on request.
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die Wärmewende: Wirtschaftliche potentiale für erneuerbare Nahwärmenetze, in 
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[113] Hakenes, J. Fernwärme: Technik, Nutzung, Kosten und Alternativen. 2022 [cited 
September 20, 2022]; Available from: https://www.co2online.de/modernisieren- 
und-bauen/heizung/fernwaerme/.

[114] Klütz T, et al. ETHOS.FINE: A framework for integrated energy system 
assessment. Journal of Open Source Software 2025;10(105):6274. https://doi. 
org/10.21105/joss.06274.

[115] Hoffmann MAC. Temporal aggregation methods for energy system modeling. 
Jülich: RWTH Aachen University; 2022. DOI: https://doi.org/10.18154/RWTH- 
2023-06886.

[116] Hoffmann M, Kotzur L, Stolten D. The Pareto-optimal temporal aggregation of 
energy system models. Appl Energy 2022;315:119029. https://doi.org/10.1016/ 
j.apenergy.2022.119029.

[117] Hoffmann M, et al. Typical periods or typical time steps? A multi-model analysis 
to determine the optimal temporal aggregation for energy system models. Appl 
Energy 2021;304:117825. https://doi.org/10.1016/j.apenergy.2021.117825.

[118] Hoffmann M, et al. A review on time series aggregation methods for energy 
system models. Energies 2020;13(3):641. https://doi.org/10.3390/en13030641.

[119] Kannengießer T, et al. Reducing computational load for mixed integer linear 
programming: an example for a district and an island energy system. Energies 
2019;12(14):2825. https://doi.org/10.3390/en12142825.

[120] Singh B, et al. Budget-cut: introduction to a budget based cutting-plane algorithm 
for capacity expansion models. Optim Lett 2022;16(5):1373–91. https://doi.org/ 
10.1007/s11590-021-01826-w.

[121] Sinha A, et al. Bilevel optimization based on iterative approximation of multiple 
mappings. J Heuristics 2020;26(2):151–85. https://doi.org/10.1007/s10732- 
019-09426-9.

[122] Priesmann J, Praktiknjo A. Estimating short- and long-run price and income 
elasticities of final energy demand as a function of household income. Energ 
Policy 2025;207:114850. https://doi.org/10.1016/j.enpol.2025.114850.

[123] Deutscher Bundestag, Gesetz über die Elektrizitäts- und Gasversorgung 
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Landwirtschaft sowie im Lebensmittelhandel. 2016.

[137] Mayer, J.N., et al., Current and future cost of photovoltaics. Long-term Scenarios 
for Market Development, System Prices LCOE of Utility-Scale PV Systems. 2015.

[138] Wolf. Preisliste Heizsysteme. 2016 [cited June 11, 2021]; Available from: https 
://www.ck-heiztechnik.de/media/kataloge/wolf/Wolf-Preisliste-Heizsysteme-03 
-2016.pdf.

[139] Lindberg KB, et al. Cost-optimal energy system design in zero energy buildings 
with resulting grid impact: a case study of a german multi-family house. Energ 
Buildings 2016;127:830–45. https://doi.org/10.1016/j.enbuild.2016.05.063.

[140] Remmen P, et al. TEASER: an open tool for urban energy modelling of building 
stocks. J Build Perform Simul 2018;11(1):84–98. https://doi.org/10.1080/ 
19401493.2017.1283539.

[141] Jordan, U. and K. Vajen. DHWcalc: Program to generate domestic hot water 
profiles with statistical means for user defined conditions. in Proceedings of the 
ISES Solar World Congress, Orlando, FL, USA. 2005.

[142] Deutscher Wetterdienst, TRY - Testreferenzjahre. 2022.
[143] Kotzur, L., Future Grid Load of the Residential Building Sector, in Schriften des 

Forschungszentrums Jülich Reihe Energie & Umwelt / Energy & Environment. 
2018, RWTH Aachen: Jülich. p. xxi, 213 S. DOI: https://doi.org/10.181 
54/RWTH-2018-231872.

[144] McKenna E, Thomson M. High-resolution stochastic integrated thermal–electrical 
domestic demand model. Appl Energy 2016;165:445–61. https://doi.org/ 
10.1016/j.apenergy.2015.12.089.

[145] Hoffmann M, et al. A review of mixed-integer linear formulations for framework- 
based energy system models. Adv Appl Energy 2024;16:100190. https://doi.org/ 
10.1016/j.adapen.2024.100190.

[146] Samsatli S, Samsatli NJ. A general spatio-temporal model of energy systems with 
a detailed account of transport and storage. Comput Chem Eng 2015;80:155–76. 
https://doi.org/10.1016/j.compchemeng.2015.05.019.

[147] oemof Developer Team. oemof.thermal Documentation: Compression heat pump 
and chiller. 2019 [cited 07.07.2022, 2022]; Available from: https://oemof-ther 
mal.readthedocs.io/en/latest/compression_heat_pumps_and_chillers.html.

[148] Hilpert S, et al. The Open Energy Modelling Framework (oemof)-a new approach 
to facilitate open science in energy system modelling. Energ Strat Rev 2018;22: 
16–25.

M. Hoffmann et al.                                                                                                                                                                                                                             Energy Conversion and Management: X 30 (2026) 101819 

30 

https://doi.org/10.1016/j.enpol.2019.06.027
https://doi.org/10.1016/j.enpol.2019.06.027
https://doi.org/10.1016/j.adapen.2025.100217
https://doi.org/10.1016/j.adapen.2025.100217
https://doi.org/10.1016/j.enbuild.2024.114411
https://doi.org/10.1016/j.enbuild.2024.114411
https://doi.org/10.1016/j.rser.2023.113792
https://doi.org/10.1016/j.enconman.2025.119857
https://doi.org/10.1016/j.renene.2025.124551
https://doi.org/10.1016/j.renene.2025.124551
https://www.ck-heiztechnik.de/media/kataloge/wolf/Wolf-Preisliste-Heizsysteme-03-2016.pdf
https://www.ck-heiztechnik.de/media/kataloge/wolf/Wolf-Preisliste-Heizsysteme-03-2016.pdf
https://www.ck-heiztechnik.de/media/kataloge/wolf/Wolf-Preisliste-Heizsysteme-03-2016.pdf
https://doi.org/10.1016/j.enbuild.2016.05.063
https://doi.org/10.1080/19401493.2017.1283539
https://doi.org/10.1080/19401493.2017.1283539
https://doi.org/10.18154/RWTH-2018-231872
https://doi.org/10.18154/RWTH-2018-231872
https://doi.org/10.1016/j.apenergy.2015.12.089
https://doi.org/10.1016/j.apenergy.2015.12.089
https://doi.org/10.1016/j.adapen.2024.100190
https://doi.org/10.1016/j.adapen.2024.100190
https://doi.org/10.1016/j.compchemeng.2015.05.019
https://oemof-thermal.readthedocs.io/en/latest/compression_heat_pumps_and_chillers.html
https://oemof-thermal.readthedocs.io/en/latest/compression_heat_pumps_and_chillers.html
http://refhub.elsevier.com/S2590-1745(26)00302-8/h0725
http://refhub.elsevier.com/S2590-1745(26)00302-8/h0725
http://refhub.elsevier.com/S2590-1745(26)00302-8/h0725

