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ABSTRACT

District heating and cooling (DHC) systems represent significant flexibility resources for electricity grids, yet
systematic assessment and comparison of their flexibility potential are hindered by the absence of a consis-
tent quantitative framework. This study introduces a comprehensive key performance indicator framework that
integrates demand-side flexibility metrics with storage dynamics and system performance indicators to enable sys-
tematic evaluation and benchmarking of DHC flexibility provision. Applying the framework to a Norwegian case
study across diverse scenarios demonstrates its ability to reveal heating-dominated flexibility patterns and assess
the robustness of indicators under varying policy and climate conditions. The framework shifts the evaluation
paradigm from traditional thermal output metrics to systematic flexibility assessment, enabling decision-makers
to quantify not only whether DHC systems provide flexibility, but how much, under what constraints, and at
what cost. This establishes a methodological foundation for comparing different configurations and developing
flexibility-oriented approaches in DHC planning.

1. Introduction

The large-scale integration of variable renewable energy sources
(VRES), such as solar and wind, increases volatility in electricity mar-
kets [1,2]. These price fluctuations incentivize energy actors to unlock

the flexibility potential across vectors, such as
through price arbitrage [3].

District heating and cooling (DHC) systems are well-positioned to
provide flexibility to the power grid. Their increasing electrification
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through power-to-heat technologies, such as heat pumps (HPs) and elec-
tric boilers, enables them to adjust their electricity consumption in
response to price variations, thereby supporting system balancing and
market integration [4]. However, the actual provision of flexibility from
DHC networks remains limited compared to their technical potential [5].
Several factors contribute to this discrepancy, including operational pri-
orities that focus on ensuring heat supply security, limited economic
incentives for flexibility, and institutional settings that do not yet fully
recognize DHC as an active player in energy markets [6,7].

gas and thermal energy,

Received 6 February 2026; Received in revised form 10 April 2026; Accepted 21 April 2026

Available online 2 May 2026

0306-2619/© 2026 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


http://www.sciencedirect.com/science/journal/0306-2619
https://www.elsevier.com/locate/APEN

$y$


$s$


\begin {equation}ECR_{y, s}^{con, elec} = \frac {\sum \limits _{h \in H} (q_{y, s, h}^{con, elec, var} - q_{y, s, h}^{con, elec, const})}{\sum \limits _{h \in H} q_{y, s, h}^{con, elec, const}} \times 100 \% \quad : \forall \, y, s \label {eq:ecr}\end {equation}


$q_{y, s, h}^{con, elec, var}$


$y$


$s$


$h \in H$


$q_{y, s, h}^{con, elec, const}$


$H = \{1, 2, \ldots , 8760\}$


$y$


$s$


\begin {equation}PLA_{y, s}^{peak, elec} = \frac {q_{y, s}^{peak, elec, var} - q_{y, s}^{peak, elec, const}}{q_{y, s}^{peak, elec, const}} \times 100 \% \quad : \forall \, y, s \label {eq:pla}\end {equation}


$q_{y, s}^{peak, elec, var}$


$y$


$s$


$q_{y, s}^{peak, elec, const}$


$t \in \mathcal {T}^{elec}$


$y$


$s$


\begin {equation}q^{elec, norm}_{y, s} = \frac {\sum _{t \in \mathcal {T}^{elec}} q^{con, elec}_{y, s, t}}{\sum \limits _{y' \leq y} \sum _{t \in \mathcal {T}^{elec}} p^{cap, elec}_{y',t} \times 8760} \quad \forall \, y, s \label {eq:norm_elec}\end {equation}


$\sum _{t \in \mathcal {T}^{elec}} q^{con,elec}_{y,s,t}$


$y$


$s$


$y$


\begin {equation}q^{th, norm}_{y, s} = \frac {\sum _{t \in \mathcal {T}^{elec}} q^{sup, th}_{y, s, t}}{\sum \limits _{{y' \leq y}} \sum _{t \in \mathcal {T}^{elec}} p^{cap, th}_{y', t} \times 8760} \quad \forall \, y, s \label {eq:norm_thermal}\end {equation}


$\sum _{t \in \mathcal {T}^{elec}} q^{sup, th}_{y, s, t}$


$t$


$y$


$s$


$y$


\begin {equation}OFR = \text {Area}\left (\text {ConvexHull}\left \{\left (q^{th, norm}_{y,s}, q^{elec, norm}_{y,s}\right ) \mid \forall \, y, s\right \}\right ) \label {eq:ofr}\end {equation}


$y$


$s$


\begin {equation}TGUR_{y, s} = \frac {\sum _{t \in \mathcal {T}^{elec}} q^{sup, th}_{y, s, t}}{\sum \limits _{y'\leq y} \sum _{t \in \mathcal {T}^{elec}} p^{cap, th}_{y', t} \times 8760} \times 100 \% \quad : \forall \, y, s \label {eq:tgur}\end {equation}


$\sum _{t \in \mathcal {T}^{elec}} q^{sup, th}_{y, s, t}$


$t$


$y$


$s$


$y$


$y$


$s$


\begin {equation}SPR_{y, s} = \frac {\sum \limits _{y'\leq y} \sum _{t \in \mathcal {T}^{sto}} q^{cap, sto}_{y', t}}{\max _{h \in H} \sum _{t} q^{sup, th}_{y, s, h, t}} \quad \forall \, y, s \label {eq:spr}\end {equation}


$\sum _{y'\leq y} \sum _{t \in \mathcal {T}^{sto}} q^{cap,sto}_{y',t}$


$y$


$h$


$y$


$s$


\begin {equation}TSUF_{y, s} = \frac {\sum _{t \in \mathcal {T}^{sto}} \sum \limits _{h \in H} \left \lvert q^{sto}_{y, s, h, t} - q^{sto}_{y, s,h-1, t} \right \rvert }{2 \times \sum _{t \in \mathcal {T}^{sto}} \left (\sum \limits _{y' \leq y} p^{cap, th}_{y', t}\right ) \times 8760} \times 100\% \quad \forall \, y, s \label {eq:tsuf}\end {equation}


$q^{sto}_{y,s,h,t}$


$t$


$h$


$y$


$s$


$h \in H$


$y$


$s$


\begin {equation}LCOT_{s} = \frac {\sum _{y} \sum _{t} \left [ \left (c_{y, t}^{inv} + c_{y, t}^{fix} + \sum \limits _{h \in H} c_{y, s, t, h}^{var} \right ) \times DF_{y} \right ]}{\sum _{y} \sum _{t} \sum \limits _{h \in H} q^{sup, th}_{y, s, t, h} \times DF_{y}} \quad \forall \, s \label {eq:lcot}\end {equation}


$DF_y$


$y$


\begin {equation}DF_{y} = \frac {1}{{(1+r)}^{y-2025}} \label {eq:df}\end {equation}


$c_{y, t}^{inv}$


$t$


$y$


$c_{y, t}^{fix}$


$c_{y, s, t, h}^{var}$


$s$


$q^{sup, th}_{y, s, t, h}$


$DF_y$


$r$


$y$


$s$


\begin {equation}ES_{y,s} = \frac {\sum _{t \in \mathcal {T}^{elec}} q_{y, s, t}^{sup, th}}{\sum \limits _{t \in \mathcal {T}} q_{y, s, t}^{sup, th}} \times 100\% \quad \forall \, y, s \label {eq:es}\end {equation}


$\sum _{t \in \mathcal {T}^{elec}} q_{y, s, t}^{sup, th}$


$t$


$y$


$s$


$\sum \limits _{t \in \mathcal {T}} q_{y, s, t}^{sup, th}$


$y$


$s$


\begin {equation}TCI_{y, s} = \frac {\sum _{t} \sum \limits _{h \in H} q_{y, s, t, h}^{sup, th} \times EF_{t}}{\sum _{t} \sum \limits _{h \in H} q_{y, s, t, h}^{sup, th}} \quad \forall \, y, s \label {eq:tci}\end {equation}


$q_{y, s, t, h}^{sup, th}$


$t$


$y$


$s$


$h$


$EF_{t}$


$\times c^{\text {elec}}_{1,y,h}$


$\times c^{\text {elec}}_{1,y,h}$


$c^{\text {elec}}_{4,y,h}\geq 0$


$\times c^{\text {gas}}_{1,y,h}$


$\times c^{\text {elec}}_{1,y,h}$


$\times \tilde {c}^{\text {inv}}_{1,y}$


$\times c^{\text {CO}_2}_{1,y}$


$\times c^{\text {gas}}_{1,y,h}$


$\times c^{\text {elec}}_{1,y,h}$


$\times c^{\text {gas}}_{1,y,h}$


$c^{\text {CO}_2}_{8,y}=0$


$\times Q^{\text {heat}}_{1,y,h}$


$\times Q^{\text {cool}}_{1,y,h}$


$\times Q^{\text {cool}}_{1,y,h}$


$\times Q^{\text {cool}}_{1,y,h}$


$\times Q^{\text {heat}}_{1,y,h}$


$\times c^{\text {CO}_2}_{1,y}$


$\times \tilde {c}^{\text {inv}}_{1,y}$


$1.42 \times 10^{-2}$


$1.51 \times 10^{-5}$


$88.49 \,\%$


$100.00 \,\%$


$-14.35$


$-16.23$

https://orcid.org/0009-0003-2024-0597
https://orcid.org/0000-0002-8599-6278
https://orcid.org/0000-0003-3350-7134
https://orcid.org/0000-0002-9979-3949
https://orcid.org/0000-0002-8930-7214
mailto:riedl@eeg.tuwien.ac.at
https://doi.org/10.1016/j.apenergy.2026.127973
https://doi.org/10.1016/j.apenergy.2026.127973
http://creativecommons.org/licenses/by/4.0/

L. Riedl, S. Zwickl-Bernhard, L. Kranzl et al.

One underlying reason for the limited utilization of DHC flexibility
lies in the traditional view of DHC systems. Unlike the gas and electricity
sectors, DHC has not undergone European-wide market standardization
or liberalization. Consequently, DHC systems operate in largely unreg-
ulated environments with limited market oversight, where prices tend
to be less transparent and more susceptible to abuses of market power
[8]. These structural characteristics hinder the integration of DHCs into
competitive energy markets and thereby limit their contribution to over-
all system flexibility. Previous studies also underline a considerable gap
between the potential and actual flexibility contributions of DHC sys-
tems. Especially relevant for our case study, Kauko et al. [9] analyzed
the entire Norwegian building stock and demonstrated that large-scale
deployment of district heating with heat pumps, combined with high
efficiency standards, could reduce total electricity demand by 26% and
peak electricity demand by 35%, highlighting untapped opportunities.

One of the main reasons for this unused potential is the lack of a
clear understanding of what kind of flexibility DHC systems can actually
provide to the power system [10]. While existing research has focused
on technical modeling [11-13] or case-specific simulations [14-16], a
consistent methodology to quantify, compare, and benchmark DHC flex-
ibility across different contexts is lacking. This knowledge gap limits
scientific understanding and creates uncertainty for DHC operators, en-
ergy actors and regulators when assessing the role of DHC in future
integrated multi-energy systems.

To address these gaps, we investigate the following research ques-
tions:

1. How can a quantitative framework be designed to systematically
assess and compare the flexibility potential of DHC systems?

2. What flexibility potential does the framework reveal for DHC sys-
tems across temporal horizons and varying scenarios, and which
system characteristics prove robust versus sensitive to external
conditions?

This study aims to enhance understanding of the flexibility potential
and provision of DHC systems by introducing a quantitative key perfor-
mance indicator (KPI) framework to support decision-making in inte-
grated multi-energy systems. We apply the framework to a Norwegian
case study (Trondheim, 2025-2040), quantifying flexibility potential
across scenarios and comparing results to benchmarks from existing
studies. While the case study provides an empirical illustration, the
primary contribution is the transferable methodology for systematic flex-
ibility assessment and comparison of DHC configurations under varying
external conditions. The selected indicators are intended to inform both
operational assessment and planning oriented evaluation of flexibility
provision. This introduces a new dimension of flexibility assessment into
the broader discussion on electricity grid integration and energy system
planning.

2. Relevant literature

The performance assessment of DHC systems has changed from nar-
row technical evaluations to comprehensive, multi-dimensional frame-
works, reflecting the growing complexity of energy system integration.
Earlier studies primarily focused on thermodynamic performance, eval-
uating DHC systems in terms of energy and exergy efficiency [17],
primary energy factors and savings [18], or a combination of these
metrics for specific applications such as biomass-based systems [19].
More recent frameworks adopt multi-dimensional approaches, combin-
ing economic, environmental, and operational indicators to provide a
more comprehensive evaluation. For instance, Ivancic et al. [20] propose
a framework of eleven KPIs covering resource efficiency, environmen-
tal impact, and social aspects, while Millar et al. [21] and Gjoka et al.
[22] assess fifth-generation DHC systems using metrics such as levelized
costs, self-sufficiency rates, and life-cycle emissions. Similarly, Zhang
et al. [23] compare different DHC configurations from technical, eco-
nomic, and environmental perspectives, explicitly accounting for future
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uncertainties. While these studies provide valuable insights into system
performance, quantifiable flexibility metrics remain largely absent from
existing assessment frameworks. Notable exceptions include Guelpa and
Verda [24], who review thermal energy storage (TES) in DHC systems
and its role in flexibility provision, and Du et al. [25], who incorporate
two flexibility-related KPIs into their assessment of district heating sys-
tems integrated with data centers. However, a systematic framework
for evaluating the flexibility potential of DHC systems has yet to be
developed.

In parallel, a substantial body of literature has emerged on flexibility
assessment in energy systems more broadly. Early studies emphasized
the necessity of flexibility in systems with increasing shares of VRES,
examining technical potentials, economic incentives, and market-based
mechanisms [26,27]. Subsequent work has sought to establish com-
prehensive definitions and taxonomies for flexibility resources [28,29],
with recent contributions proposing multi-dimensional characteriza-
tions that consider time, space, resource type, and risk [30]. Several
studies at the power system level have developed metrics for integrating
flexibility considerations into generation planning [31,32], while oth-
ers have proposed indicator frameworks for comparing flexibility across
different countries or systems [33,34]. A consistent finding across these
studies is the absence of a unified definition of flexibility and the re-
quirement for standardized quantification methods that are transferable
across diverse energy system contexts.

Within the broader field of building energy flexibility, most studies
focus on the building scale [35,36], examining load shifting, demand re-
sponse, and the flexibility potential of thermal mass and thermal energy
storage (TES) systems [37]. Several authors have proposed quantifica-
tion methods based on power, energy, and time dimensions [38-40],
while others have developed dynamic approaches that characterize flex-
ibility as a time-varying property rather than a static value [41]. Recent
contributions have also emphasized the need for standardized proce-
dures and baseline-free indicators derived from real-time performance
data [42]. While most studies employ deterministic approaches, Yuan
et al. [43] address uncertainties related to building characteristics and
occupant behavior, although their analysis remains limited to electric
power flexibility. More recent contributions have begun to address the
aggregation of building flexibility at larger scales, proposing frameworks
for building clusters [44], microgrids [45], or multi-energy systems
[46,47]. These approaches are important steps towards assessing system-
level flexibility, introducing concepts such as resource-independent
quantification and distinguishing between direct and indirect metrics
that capture economic or environmental impacts. However, they have
primarily been developed for individual buildings or electricity-centric
systems, rather than for integrated DHC systems.

Recent research on DHC flexibility has systematically explored the
sources and mechanisms through which these systems can provide flex-
ibility services. Research on the supply side has primarily focused on
integrating the electricity and heating sectors through power-to-heat
technologies [48] and combined heat and power plants. In this con-
text, flexibility is defined as the period during which the operation of
a plant can be varied [49]. On the demand side, DH systems can lever-
age TES, the water mass within network pipelines, and the thermal
inertia of connected buildings to decouple heat supply from demand
[50-52]. In an earlier work [10] provides an overview of heating flex-
ibility sources within buildings and potential quantification methods,
while subsequent studies demonstrate the significant load shifting po-
tential of building envelope thermal inertia [53]. The benefits of such
demand-side management strategies are well documented, including
peak shaving, reduced emissions, and increased load factors [50]. While
several authors have proposed indicators based on power, energy, and
ramping ability [48], and others have examined how DH flexibility can
be integrated into electricity markets [5], a systematic quantification of
flexibility potential remains elusive. Moreover, studies that incorporate
stakeholder perspectives reveal that the absence of economic incentives
and inadequate regulatory frameworks pose significant challenges to
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Table 1

Summary of identified research gaps and contributions of this study.
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Research stream

Focus

Key metrics

Identified gap

Contribution of this study

DHC performance

General energy
flexibility

DHC-specific
flexibility

Multi-dimensional assessment
(thermodynamic, economic,
environmental)

Power systems, buildings, and
multi-energy systems

Supply and demand side
mechanisms (TES, inertia,
network)

Levelized costs, exergy ef-
ficiency, primary energy
factors

Load shifting, demand
response, flexibility indices

Power, energy, and ramping
indicators

Flexibility metrics largely
absent; where present,
fragmented rather than
systematic

Electricity-centric; lacks stan-
dardized methods transferable
to DHC contexts

Sources identified but no stan-
dardized quantification for
cross-system comparison

Systematic integration of flex-
ibility indicators into holistic
DHC assessment

Flexibility metrics tailored
to thermal sector coupling in
electrified DHC systems

A framework with context-
adaptable thresholds

that enables cross-system

comparability

realizing this potential in practice, as noted by Ma et al. [6] and Fernqvist
et al. [54].

Table 1 synthesizes the identified research gaps across these three
research streams and highlights the specific contributions and novelty
of this study.

As outlined in Table 1, the existing literature reveals a funda-
mental disconnect between three research streams. DHC performance
assessments have evolved into multidimensional frameworks but neglect
flexibility metrics essential for grid interaction. Flexibility assessments
in energy systems are methodologically robust but remain focused on
electricity-centric or building-level analyses, overlooking DHC-specific
contributions. DHC-specific flexibility studies identify key sources and
mechanisms but lack standardized quantification methods for compar-
ative assessment across systems. Building on these identified gaps, this
study introduces the following three novel contributions:

«+ A comprehensive assessment framework is developed that system-
atically integrates demand-side flexibility indicators with tradi-
tional performance metrics (thermodynamic, economic and envi-
ronmental). This enables a multi-dimensional evaluation of DHC
systems that explicitly accounts for their role in grid interaction.
Methods for quantifying flexibility from the broader energy sys-
tems literature are extended and adapted to capture the specific
characteristics of electrified DHC systems, including thermal stor-
age dynamics and price-responsive operation as indicators of sector
coupling.

A systematic benchmarking structure with context-adaptable
thresholds is introduced. This allows for standardized comparisons
of flexibility provision across different DHC configurations and
scenarios.

3. Method

This section presents the modeling approach used to assess the flex-
ibility potential of DHC systems. The main idea of this study is to
combine energy system modeling with a newly developed KPI frame-
work to quantify how DHC systems can provide flexibility to the power
system. Fig. 1 provides an overview of the proposed methodology, com-
prising three components: the data foundation, the KPI framework with
its flexibility and system performance indicators, and the comparative
assessment approach. The focus of this section lies on the novel aspects
of this study, particularly the composition and application of the KPI
framework, rather than the mathematical details of the underlying op-
timization models. Therefore, a detailed explanation of how each KPI
is calculated and interpreted is provided, as these indicators represent
the core innovation of this paper. In contrast, the description of the sup-
porting models is kept concise, limiting it to aspects directly relevant to
generating the input data required by the KPI framework. Readers seek-
ing deeper insights into the mathematical formulations of the models
should refer to the relevant literature and documentation cited in the
subsequent sections describing the respective models.

The section is structured as follows: Section 3.1 introduces the KPI
framework, starting with a brief description of the input-output relations
of the underlying stochastic optimization model, whose results serve
as the basis for generating the KPIs. This is followed by detailed de-
scriptions of the individual KPIs, including their calculation and main
implications. Finally, Section 3.2 provides an overview of the models
used to apply the framework, as well as the case study examined.

3.1. KPI framework

The proposed framework is intended for grid-coupled, electrified
DHC systems where electricity consumption can be modulated in re-
sponse to grid conditions. It enables systematic assessment of whether
and to what extent such systems can provide flexibility services to the
electricity grid. Its primary focus lies on operational flexibility, capturing
aspects such as the system’s response to price signals and utilization of
available capacities for load adjustment. Investment decisions are cap-
tured indirectly, as the installed technology portfolio influences both the
operational flexibility available and the economic and environmental
performance of the system.

The framework comprises indicators that are either already estab-
lished in the literature or derived from it, as well as newly developed
metrics. Each indicator is introduced with a clear explanation of its cal-
culation method, the required input data, and its relevance to assessing
flexibility provision or overall system efficiency. To ensure a compre-
hensive and targeted analysis, the framework distinguishes between two
groups of indicators. The first group focuses specifically on flexibility as-
pects, capturing various dimensions of operational adaptability, such as
the system’s ability to adjust its electricity consumption based on ex-
ternal price signals or the use of TES capacities. The second category
includes broader performance indicators that extend the analysis to eco-
nomic and environmental aspects, such as the levelized cost of heating
and cooling and CO, emissions. This dual structure enables both a de-
tailed evaluation of flexibility potential and a comprehensive assessment
of the system’s overall performance.

Flexibility indicators focus on electricity-thermal sector coupling,
making them most relevant for systems with substantial power-to-heat
technologies. DHC systems relying on non-electric sources (e.g., deep
geothermal) may score unfavorably on flexibility metrics despite pro-
viding grid-independent stability. These systems should therefore be
evaluated using frameworks emphasizing thermal reliability.

3.1.1. Input-output relations

The district energy stochastic portfolio optimization model (DESPO),
described in Section 3.2.2, integrates demand profiles for heating and
cooling, various cost parameters for investment, operations and main-
tenance, and market-driven electricity and gas prices, as well as envi-
ronmental factors such as solar radiation and temperature. It employs
stochastic optimization to account for uncertainties in areas such as
energy prices, demand patterns, policy measures, and other relevant
parameters.
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Fig. 1. Overview of the methodological approach.

The outputs of DESPO - optimal technology capacities (scenario-
independent), hourly operational data (scenario-dependent), and asso-
ciated system costs — form the quantitative basis of the KPI framework.

3.1.2. Flexibility KPIs

The flexibility indicators are selected to enable consistent assessment
of demand-side flexibility in electrified DHC systems. They address key
questions such as how the system responds to electricity price signals,
what operational flexibility is available within technical constraints, to
what extent TES enables temporal load shifting and how effectively this
potential is utilized. These questions correspond to three complementary
flexibility dimensions, namely price response, operational adaptability,
and storage dynamics.

Indicator selection follows four criteria: the KPIs are (i) derivable
from widely available operational time series and basic system charac-
teristics (from either optimization outputs or measured system data),
(ii) interpretable with a clear physical or economic meaning and a
defined direction of improvement, (iii) non-redundant, capturing dis-
tinct flexibility dimensions rather than overlapping information, and
(iv) robust through paired metrics within each dimension that enable
cross-validation and reduce the risk of misleading conclusions from any
single indicator. To maximize transferability across electrified DHC ap-
plications, the selection deliberately relies on data- and context-agnostic
metrics, avoiding indicators that depend on detailed electricity grid con-
straints or specific market product definitions. Alternative indicators
such as ramp rates or response times were considered but excluded
because they primarily characterize sub-hourly dynamics beyond the
temporal resolution of the underlying optimization model.

Electricity Consumption Response (ECR): This indicator is
adapted from demand response metrics that quantify changes in energy
consumption between peak and off-peak operating conditions [55]. It
measures the relative change in total annual electricity consumption of
the DHC system under variable electricity prices compared to a constant
price baseline. The metric is derived by comparing two optimization
runs for each scenario: one with time-varying electricity prices reflecting
real market conditions, and one with a constant price set to the annual
average. The relative difference in total annual electricity consumption
between these runs reveals the system’s net electricity consumption re-
sponse to price signals. The ECR for year y and scenario s is calculated
using Eq. (1).

con,elec,var __con,elec,const
hezH(qy,x,h V,8,h )
con,elec __ .
ECRY = 5 prTP— x100% :Vy,s 1)
heH s

In this equation, q;"s"}f'“’”“' represents the hourly electricity consump-

tion under variable prices for year y, scenario s, and hour » € H. The
term q;”;’hd eccomst denotes the corresponding consumption under constant
prices for the same conditions. The set H = {1,2,...,8760} indexes all
hours of the year.

A positive ECR indicates that the system consumes more electricity
under variable prices than under the constant price baseline over the
year, for example by increasing the operation of electricity-dependent
technologies during low price periods. Conversely, a negative ECR indi-
cates a net reduction in annual electricity consumption under variable
prices, for instance through switching to non-electric supply options dur-
ing high price periods. Importantly, ECR reflects the net annual energy
volume effect, rather than the temporal redistribution of electricity con-
sumption within the year. Therefore, even when substantial load shifting
occurs, the ECR may remain close to zero if periods of increased and
decreased electricity use offset each other over time. For this reason,
ECR is interpreted alongside indicators that capture operational adapt-
ability and storage utilization. Together, these indicators provide a more
complete picture of flexibility provision. By design, the ECR is an energy-
based metric that quantifies the net change in electricity consumption
in response to price signals. It does not account for the magnitude of
price variations themselves, meaning consumption shifts during high-
and low-price periods are treated equally in terms of energy volume.
However, a price-weighted extension of the ECR, such as integrating
price differentials into the metric, could differentiate scenarios based
on the economic significance of consumption shifts, offering a more nu-
anced perspective on the interplay between energy and price dynamics.
This refinement is proposed as future work.

Peak Load Adjustment (PLA): Adapted from demand response
quantification methods that estimate load reduction potential through
setpoint adjustments relative to baseline consumption [56], this indica-
tor evaluates how the system’s peak electricity demand varies between
variable and constant price conditions. It highlights the system’s ability
to adapt its maximum load in response to price signals, which is particu-
larly relevant for grid stability and demand-side management. The PLA
for year y and scenario s is calculated as:

peak elec,var _ peak,elec,const
PLAPeakelec — 27 chal x100% :Vy,s @
Vss peak,elec,const : ’
¥.s

where q;viak,elec,uar

. . . . kel s
variable prices for year y and scenario s, while g05"“"**“**"" denotes the
peak demand under constant prices for the same conditions.

is the peak electricity demand (in MW) observed under
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A negative PLA signals peak shaving, where the system reduces max-
imum electricity demand by deploying alternative supply technologies
or TES during peak periods. A positive PLA suggests a peak shift or
slight increase due to optimized dispatch. This capability mitigates peak
price exposure and grid congestion, enhancing system resilience during
critical demand phases.

It is important to note that this metric focuses on the magnitude of
peak demand rather than its timing. It compares maximum electricity
demand across the entire year under different price conditions, which
may occur at different hours. A PLA of 0% shows the peak remains
unchanged, but the system may still provide peak-shaving services dur-
ing high-price periods, while experiencing maximum load at a different
time, such as during thermal demand peaks that do not coincide with
price peaks.

Operational Flexibility Range (OFR): The OFR is adapted from the
convex hull approach introduced by Zwickl-Bernhard et al. [57], who vi-
sualize operational flexibility using absolute electricity consumption and
thermal supply values. This indicator extends the method by normaliz-
ing both dimensions relative to cumulative installed capacity to enable
comparison across planning periods with different technology portfo-
lios. For each scenario and year, the total electricity consumption of all
electricity-dependent technologies t € 7¢¢ (e.g., heat pumps, electric
chillers) is plotted against their thermal (heat or cool) energy supply.
Only electricity-dependent technologies are considered, as their opera-
tion directly influences the system’s flexibility in response to electricity
price signals. The resulting scatter plots, created separately for heating
and cooling, comprise 60 data points (15 scenarios and 4 years) and illus-
trate the system’s adaptive operation under varying conditions between
scenarios. To enable fair comparison across years with different installed
capacities, both electricity consumption and thermal supply are normal-
ized relative to the cumulative capacity installed up to each respective
year. The normalized electricity consumption for year y and scenario s
is given by Eq. (3):

z . qwn,elec
elec,norm _ €T elec Ayt

N Vy,s 3)
" T T b7 x 8760
V'<y ’

q

where ¥, retec q;if;glec represents the annual electricity consumption (in

MWh) of all electricity-dependent technologies in year y and scenario s.
The denominator aggregates the cumulative installed electrical capacity
(in MW) of these technologies up to and including year y, multiplied by
8760 hours to convert it to energy units.

Similarly, the normalized thermal supply is defined in Eq. (4):

sup,th
qth,norm — Z’ETEI“' qy,SJ Vy s (4)
- T Tieree b5 x 8760

V' <y

Here, Y, crelec q;f;‘f;’h describes the annual thermal (heat or cooling)

supply of all electricity-dependent technologies ¢ in year y and scenario
s. The denominator reflects the cumulative installed thermal capacity
(in MW) up to year y.

These normalized values are plotted and the convex hull of all data
points is calculated, which defines the operational flexibility envelope.
The area of this polygon serves as the quantitative metric for operational
flexibility:

OFR = Area (ConvexHull { (q'yf‘s*"arm, qf/ff”'"””") [Vy,s }) (5)

A larger OFR value indicates greater operational flexibility, as the
system demonstrates a wider range of electricity consumption levels
for given thermal outputs across different scenarios. This reflects the
system’s ability to adjust technology dispatch in response to varying
conditions. The OFR is dimensionless and ranges from 0 to 1, where
higher values indicate more diverse operational strategies available to
the system.
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Thermal Generation Utilization Rate (TGUR): This indicator is
adapted from capacity utilization metrics that assess the effective use
of individual components such as heat pumps and storage tanks [58].
It evaluates the intensity with which electrical thermal generation tech-
nologies are utilized. It compares the actual annual thermal output with
the theoretical maximum if all technologies operated at full capacity
throughout the year. The TGUR for year y and scenario s is defined in
Eq. (6):

sup,th
ZTET"’“ qy,s,t

th
Y ierete P50 x 8760
Y'<y -

X 100%

TGUR, = Vy,s 6)

where, Y, relec qi"j” ;’h represents the annual thermal output (in MWh)

from all electricity-dependent generation technologies ¢ in year y and
scenario s. The denominator reflects the cumulative installed thermal
capacity (in MW) up to and including year y, multiplied by 8760 hours
to represent the theoretical maximum annual output.

The resulting utilization rate provides critical insights into the sys-
tem’s operational behavior. A high utilization rate approaching 100%
indicates that technologies operate near maximum capacity for most of
the year, characteristic of baseload operation with limited flexibility.
Conversely, a low utilization rate suggests that substantial installed ca-
pacity remains underutilized, indicating greater potential for upward
flexibility.

Storage to Peak Ratio (SPR): This indicator is adapted from metrics
relating to the reduction in peak demand through thermal storage capac-
ity [591, and expresses the relationship between installed thermal energy
storage (TES) capacity and the system’s peak thermal demand. It repre-
sents the theoretical number of hours that fully charged storage could
supply the maximum hourly demand. By quantifying this relationship,
the SPR provides insight into the system’s capacity for temporal load
shifting during critical demand periods. The SPR for year y and scenario
s is calculated as:

cap,sto
Z Zierso 9y 4
V'<y ’
SPR,y=—————— Vs )
> sup,th
maxepr 2, qy s.n

where ¥/ o, ¥erso 4,7 1% represents the cumulative installed storage
energy capacity (in MWh) across all storage technologies up to and
including year y. The denominator identifies the peak hourly thermal
demand (in MW), defined as the maximum thermal supply across all
hours A in year y and scenario s.

The resulting ratio indicates how many hours of peak demand the
TES could theoretically cover if fully charged. A higher SPR indicates
substantial buffering capacity for managing demand peaks and price
volatility, while a lower value suggests that storage plays a limited role
in short-term demand balancing. This metric is particularly relevant for
assessing the system’s ability to decouple thermal supply from electricity
consumption during periods of high electricity prices or grid constraints.

Thermal Storage Utilization Factor (TSUF): This indicator is newly
proposed in this study to quantify how actively TES systems are utilized
by measuring the total charging and discharging activity relative to the
maximum possible throughput. Storage activity is determined by sum-
ming the absolute changes in the state of charge between consecutive
hours across all storage technologies throughout the year. This value is
then normalized by the theoretical maximum throughput, which repre-
sents the total energy that could flow through the storage if it operated
at full capacity in both directions for every hour. The TSUF is expressed
as shown in Eq. (8):

ZIGTW Z
heH

sto _ ,Sto
9y.s.hit ys,h—1,t

TSUF,, = x100% Vy,s ®)

Vit

2% Yo | X ™) x 8760
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where q”" , represents the state of charge (in MWh) of storage technol-
ogytat hour hin year y and scenario s. The numerator sums the absolute
changes in the state of charge between consecutive hours across all stor-
age technologies and all hours » € H. The denominator represents the
maximum possible throughput, calculated as twice the cumulative in-
stalled charging and discharging power capacity (in MW) up to year
v, multiplied by 8760 hours. The factor of 2 accounts for the bidirec-
tional nature of storage, as each unit of capacity can contribute to both
charging and discharging.

A high TSUF value indicates frequent and substantial energy shifting,
demonstrating intensive use of the storage capacity for load balancing
and operational flexibility. Conversely, a low value suggests that the
available storage capacity remains largely idle, indicating untapped flex-
ibility potential. This metric therefore reveals how effectively the storage
infrastructure contributes to the system’s operational flexibility.

3.1.3. System performance and sustainability indicators

To ensure a holistic assessment of DHC systems, flexibility met-
rics are complemented with performance and sustainability indicators
that evaluate economic viability, environmental impact, and operational
efficiency. These metrics serve two key purposes:

First, they enable comparative analysis of system configurations,
revealing the trade-offs between flexibility, cost-effectiveness, and sus-
tainability. This perspective is crucial for stakeholders because it shows
how investments in flexibility, such as storage or electrification, af-
fect long-term economic and environmental outcomes. For example,
flexibility-optimized systems can reduce costs through demand response
or emissions via renewable integration, whereas cost-driven designs may
compromise adaptability.

Second, these indicators provide a context for flexibility by high-
lighting the synergies and conflicts between technical, economic and
environmental performance. High electrification, for instance, increases
flexibility but can lead to higher emissions unless it is coupled with re-
newable energy sources. This analysis provides a balanced framework
for decision-making, aligning DHC systems with climate goals, economic
constraints, and grid stability.

Levelized Cost of Thermal Energy (LCOT): Following the estab-
lished LCOH methodology [60], this indicator evaluates the long-term
economic viability of the DHC system by calculating the average cost
per unit of thermal (heating or cooling) energy supplied over the entire
planning horizon from 2025 to 2040. The metric follows the established
LCOH methodology but extends it to cover both heating and cooling,
hence the term Levelized Cost of Thermal Energy. The LCOT accounts
for all discounted costs, including capital investment, fixed operation
and maintenance, and variable operational costs such as electricity and
fuel expenses. By discounting both costs and energy output, this met-
ric enables fair comparison across different scenarios and technological
configurations. The LCOT for scenario s is calculated as follows:

Zy Zt [( ;IHIL ftx + Z CU‘Zt,h) XDFy]
LCOT, = " Vs ©)]
%% L alx0r,
€H

where the discount factor DF, for every year y is defined as:

1
DF, = (1 4 r)y-205 (10)

In the numerator, c’y"; represents the investment costs (in €) for

technology ¢ in year y, ¢’ '* denotes the annual fixed operation and main-
tenance costs, and c“” o » captures the hourly variable operational costs
for scenario s. The denommator aggregates the total thermal energy sup-
ply q“‘f I’Z (in MWhy,) across all technologies, years, and hours. Both the
numerator and the denominator are discounted using the discount factor

DF,, which depends on the discount rate r.
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The resulting LCOT value, expressed in €/MWh,,,, represents the av-
erage lifetime cost per unit of thermal energy supplied, accounting for
all discounted capital, fixed, and variable costs. This standardized met-
ric facilitates the economic evaluation of the DHC system and enables
benchmarking against alternative configurations or competing energy
supply solutions.

Electrification Share (ES): Newly proposed in this study, this in-
dicator quantifies the degree of electrification in the thermal supply
measuring the share of heat and cooling provided by electricity depen-
dent technologies relative to the total thermal energy supply. The ES for
year y and scenario s is given by Eq. (11).

Z sup,th
ES = teTelec qy,:,r

s sup,th
2 4y
teT

x 100% Vy,s an

Here, ¥, creicc 4,y ‘" represents the annual thermal energy supply
(in MWh) from all electricity-dependent technologies ¢ in year y and

scenario s. The denominator Y, qj"f;’h captures the total annual ther-
rer 7

mal energy supply from all technologies, including both electric and
non-electric options such as gas boilers or waste heat recovery.

A high ES value indicates strong reliance on electricity for thermal
supply, which enhances the system’s ability to provide flexibility services
to the electricity grid and facilitates integration of renewable electric-
ity sources. Conversely, a low share suggests greater dependence on
non-electric technologies, which limits the system’s responsiveness to
electricity price signals but may offer advantages in terms of fuel diver-
sification. This metric is particularly relevant for evaluating the system’s
potential for sector coupling and its alignment with decarbonization
strategies that prioritize electrification of heating and cooling.

Thermal Carbon Intensity (TCI): Based on the established carbon
intensity metric used in DHC benchmarking [20], this indicator relates
the system’s total carbon emissions to the thermal energy supplied to as-
sess the environmental impact of the DHC system. This metric quantifies
the emissions per unit of thermal energy, expressed in kg CO,/MWhy,,
and can be evaluated separately for heating and cooling or as a com-
bined value for the entire system. By normalizing emissions relative to
the energy service provided, the TCI enables fair comparisons across
systems of varying sizes and configurations, while highlighting their en-
vironmental performance. The TCI for year y and scenario s is derived
from the following relationship.

th
¥ Z a4, X EF,

TCly’s— W Vy,s a2
Then Yt
Here, q“‘" ' represents the hourly thermal energy supply (in MWh,;,)

from technology t in year y, scenario s, and hour . Each technology
has an associated emission factor EF, (in kg CO,/MWhy,) that reflects
the carbon intensity of its energy source. For electricity-dependent tech-
nologies, this factor corresponds to the grid emission factor, while for
combustion-based technologies it reflects the fuel-specific emissions (see
Appendix A.2, Table 13).

The resulting TCI value provides a direct measure of the system’s
carbon footprint relative to its thermal output. A low TCI indicates
strong environmental performance with minimal emissions per unit of
energy supplied, demonstrating alignment with decarbonization targets.
Conversely, a higher value signals greater carbon intensity, suggesting
opportunities for emission reduction through fuel switching or increased
electrification with renewable electricity. This metric serves as a key
indicator for tracking progress toward climate goals and informing
technology selection and policy decisions.

Tables 2 and 3 summarize the KPI framework developed in this
analysis, integrating established, adapted, and novel metrics. The flexi-
bility indicators are structured along three complementary dimensions,



L. Riedl, S. Zwickl-Bernhard, L. Kranzl et al.

Applied Energy 416 (2026) 127973

Table 2
Flexibility indicators.

Indicator Purpose Range Ref.

Electricity Consumption Response (ECR) relative change in electricity consumption under variable vs. - (%)? cf. [55]
constant prices; indicates ability for price-responsive dispatch
flexibility

Peak Load Adjustment (PLA) relative change in peak electricity demand under variable - (%) cf. [56]
pricing; assesses peak shaving potential to reduce grid strain

Operational Flexibility Range (OFR) quantifies operational adaptability via convex hull area of nor- 0to1 (-)P cf. [57]
malized electricity vs. thermal supply; larger range indicates
greater flexibility

Thermal Generation Utilization Rate (TGUR) evaluates utilization of thermal generation capacity (0% = 0 to 100 (%) cf. [58]
unused, 100% = full load); low values = limited downward
flexibility; high values = limited upward flexibility

Storage to Peak Ratio (SPR) relates storage energy capacity to peak demand (hours of pos- 0 to 3000 (h)® cf. [59]
sible peak supply if fully charged); indicates capability for
temporal load shifting

Thermal Storage Utilization Factor (TSUF) assesses storage cycling intensity (0% = unused, 100% = max 0 to 100 (%) -
throughput); high values = active load balancing; low values
= underutilized

2 Novel indicator; no direct literature precedent.

b Range based on technical system constraints.

¢ Range based on literature benchmarks.

Table 3
System performance and sustainability indicators.
Indicator Purpose Range Ref.
Levelized Cost of Thermal Energy (LCOT) calculates break-even price per MWh for long-term economic 10 to 288 (€/MWhy, )" [60]

viability; enables cost benchmarking across systems

Electrification Share (ES)

measures share of thermal energy from electricity-dependent

0 to 100 (%)* -

technologies; high share = higher flexibility potential for

sector coupling
Thermal Carbon Intensity (TCI)

quantifies CO, emissions per thermal energy; assesses

30 to 120 (kg CO,/MWh)® [20]

environmental performance and decarbonization progress

2 Range based on technical system constraints.
b Range based on literature benchmarks.

with two indicators addressing each dimension. Price response is as-
sessed through ECR and PLA, capturing changes in aggregate electricity
consumption and peak demand, respectively. Operational adaptability
is characterized by OFR and TGUR, quantifying the breadth of feasi-
ble operating points and the availability of capacity headroom for load
adjustment. Storage dynamics are assessed via SPR and TSUF, distin-
guishing installed storage shifting potential from its actual utilization
in operation. Using paired indicators for each dimension helps reduce
the risk of misleading interpretations based on a single metric. For
example, a system may exhibit limited net consumption change un-
der variable prices while still providing substantial temporal flexibility
through active storage cycling.

Established indicators are adopted from the literature to provide
validated benchmarks, while adapted indicators draw on existing con-
cepts and extend them to the DHC flexibility context. Novel indicators
are introduced to capture previously unmeasured dimensions of system
flexibility. The origin of each indicator is specified at its introduc-
tion in Sections 3.1.2 and 3.1.3. Where available, the tables include
literature-based comparative ranges, with a detailed discussion provided
in Section 5.

The ranges reported in Tables 2 and 3 define benchmark categories
(favorable, acceptable, unfavorable) that serve as interpretive guide-
lines for comparative analysis within a given system. As no established
benchmark ranges exist for DHC flexibility assessment, these thresholds
are approximate and illustrative, intended to support structured com-
parisons rather than absolute evaluations. Threshold values are derived
from three sources: (i) literature benchmarks for established indicators
(LCOT, TCI), where ranges reflect values reported in comparable DHC
studies; (ii) technical bounds implied by the indicator definition (ES,
TSUF, and TGUR are percentage-based and thus constrained to 0-100
%), combined with materiality-oriented thresholds that distinguish

between negligible effects and moderate or intensive activation of
flexibility; and (iii) engineering judgement for indicators without
established empirical benchmarks (ECR, PLA, OFR, SPR), informed by
the expected magnitude of effects and temporal flexibility horizons. For
the latter category, thresholds are set to distinguish orders of magnitude
rather than to define precise cutoffs. Their primary function is to sepa-
rate negligible effects from moderate responses, and moderate responses
from substantial, system-level impacts.

For most indicators, the direction of improvement is intuitive: lower
costs (LCOT), lower emissions (TCI), higher electrification (ES), and
more active storage cycling (TSUF) are favorable. Some indicators
require explicit clarification to avoid misleading interpretation. ECR
thresholds are symmetrical around zero because price-responsive be-
havior is indicated by both positive and negative responses. Flexibility
is determined by the magnitude of the change, not its direction. The
boundaries separate consumption changes attributable to normal opera-
tional variability from those indicating active price-responsive dispatch,
with the outer threshold marking responses that would be considered
substantial in the context of demand-side flexibility activation. PLA
boundaries are asymmetric because peak reduction supports grid stabil-
ity, while peak increases impose system costs. The reduction threshold
reflects a level of peak shaving that would meaningfully contribute to
grid relief, while the increase threshold marks a point beyond which
system operators would likely consider the demand pattern problem-
atic. TGUR is evaluated as favorable in the mid-range, as moderate
utilization preserves capacity reserves for both upward and downward
flexibility; extreme values indicate asymmetric flexibility potential. SPR
thresholds reflect temporal flexibility horizons, distinguishing limited
short-term buffering from substantial multi-hour to multi-day load shift-
ing capability. For OFR, thresholds are informed by the observed case
study results and remain preliminary given the absence of external
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benchmarks for this convex-hull-based metric; the boundaries are scaled
to distinguish negligible operational variation from meaningful disper-
sion across scenarios. These categories primarily serve as visual aids for
cross-scenario comparison and should be adjusted to local conditions
when applying the framework elsewhere. In practice, when applying
the framework to a specific system context, users may need to adjust
threshold values based on local climate conditions, available technol-
ogy portfolios, grid characteristics and prevailing market structures.
For instance, systems in regions with high price volatility or extensive
storage capacity may require broader ranges for price-response indica-
tors, while those in cooling-dominated climates may necessitate adjusted
benchmarks for cooling-related metrics. The framework’s strength lies
in its adaptability: it provides a consistent methodological structure for
comparing DHC configurations within a given context, without impos-
ing fixed performance targets. Future applications of the framework
to diverse case studies will help validate and refine these thresholds,
ultimately enabling more context-sensitive benchmark ranges.

3.2. Concrete implementation/Showcase

The structure of this section is twofold. First, the modeling frame-
work, comprising two distinct models, is described succinctly in
Sections 3.2.1 and 3.2.2. The first model generates electricity price pro-
files at the country level, while the second model uses these hourly
price profiles as input to calculate the cost-optimal energy supply at the
district-level. The two models are soft-linked unidirectionally, with elec-
tricity price profiles being the only data exchanged between them. This
approach treats the DHC system as a price taker, since district-level con-
sumption represents a negligible share of national electricity demand,
making feedback effects on wholesale prices insignificant. The models
are selected for their suitability as data generators within the proposed
framework. GENeSYS-MOD provides scenario-consistent price profiles,
and DESPO captures investment robustness and operational flexibility
across multiple scenarios. These are interchangeable components, and
alternative models or empirical data sources can be used instead, pro-
vided the necessary KPI input variables are available. Next, the empirical
case study is outlined in Section 3.2.3.

3.2.1. Global energy system model (GENeSYS-MOD)

This subsection briefly describes GENeSYS-MOD, which was used to
generate hourly electricity prices at the country level. It is an open-
source, multi-energy carrier, energy system model and is specialized in
investigating long-term pathways for the energy system. It does so by
minimizing the total costs of the energy system over a selected model-
ing period for a specified set of regions. A key strength of this model is
its comprehensive, cross-sectoral approach, covering electricity, build-
ings, industry, and transport while accounting for sector coupling and
inter-regional energy trade. Energy demands are predefined, and the
model makes cost-optimal investment decisions regarding capacity ex-
pansion across different technologies to meet them across all sectors
and time steps. Readers interested in the complete mathematical for-
mulation, are referred to relevant publications [61,62] and the detailed
documentation of GENeSYS-MOD [63,64].

Temporal Resolution and Dispatch Component: The model out-
puts are normally issued for representative periods, where input data is
aggregated into a smaller number of consecutive timeslices to reduce
computational complexity. For this study the power system dispatch
model component of GENeSYS-MOD is employed, as it operates on a
full hourly basis. This provides a high-resolution analysis of the system’s
ability to meet electricity demand in each region and for every hour of
a given year. It takes the output from GENeSYS-MOD, such as power de-
mand, installed capacities, transmission lines, and energy storage, and
optimizes dispatch for minimal costs. While this hourly resolution is a
major advantage for capturing price volatility, one limitation must be
noted: When the installed capacity is insufficient to meet the demand,
the model can use an extremely costly, infeasible technology to provide
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electricity. This ensures that the model always finds a feasible solution,
and highlights potential shortcomings in the GENeSYS-MOD outputs.

For this analysis, hourly electricity prices were derived from the
dual variables of the dispatch model. These prices are used as input
for the DHC model, which is described more thoroughly in the sub-
sequent section. This data was obtained for four different storylines
derived from the European Energy Vision 2060 study [65]. While each
scenario describes a different pathway for decarbonizing the European
energy system, results are presented for one storyline only.

3.2.2. The district energy stochastic portfolio optimization model (DESPO)

The model described in this section is formulated as a two-stage
stochastic mixed-integer linear program, designed to determine the cost-
optimal heating and cooling supply technology portfolio at the district
level. A key strength of this approach is its ability to capture both
long-term investment robustness and short-term operational flexibility
- critical for assessing how DHC systems can contribute to power sys-
tem flexibility. The objective function minimizes the total costs of DHC
supply, integrating investment, fixed and variable costs per technol-
ogy. While the full mathematical formulation—including all constraints
and variables—is available [66], this section focuses on a narrative
description of the model’s key components. Only case study-specific
contributions are explicitly introduced in the main text. For readers in-
terested in more detailed formulation, Zwickl-Bernhard et al. [57] offers
a comprehensive reference.

Heating and Cooling Technology Portfolio: For the purpose of this
study, 13 different technologies are modeled, including 7 heat genera-
tion technologies, 3 cooling generation technologies, and 3 TES systems.
This diverse technology portfolio is another major advantage, as it
allows for a comprehensive evaluation of renewable heat integration op-
tions. The modeling approach incorporates the possibility of investing
in tank TES and ice TES systems. Moreover, a special feature of the ana-
lyzed case study, which will be described in the following section, is its
ability to incorporate seasonal TES in the form of a borehole TES. Since
the focus is on renewable heat sources, particular attention is given to
environmental factors that significantly impact these technologies, such
as solar radiation for solar thermal systems, and temperature profiles for
large-scale HPs. An overview of the complete technology set included
in the model is provided in Appendix A.1 (Table 12). The correspond-
ing evolution of optimal installed capacities across planning periods is
reported in Appendix B.1 (Figs. 3 and 4).

One limitation of this approach is that the stochastic optimiza-
tion’s complexity may pose challenges for stakeholders lacking access
to specialized tools or expertise. Additionally, while Norwegian dis-
trict heating typically employs seawater heat pumps, this study models
air-source heat pump performance characteristics with temperature-
dependent COP profiles as a proxy for large-scale heat pump operation.
This simplification provides conservative efficiency estimates given
seawater’s more stable thermal properties.

Scenarios and Data: The data used in this study consist of infor-
mation for calculating the heating and cooling demand in the analyzed
district and for determining the cost-optimal DHC supply. The heating
and cooling demand profiles used as the main input for the portfolio
optimization were generated using PROFet [67]. As mentioned above
electricity prices were derived from GENeSYS-MOD, while historical
monthly and quarterly natural gas prices have been used and future
prices for annual CO, emissions have been extracted from the European
Parliament emission goals [68]. For this study a time horizon of 15 years
(from 2025 until 2040) is used, divided into five-year planning periods,
which include two expansions of the DHC system in 2030 and 2035.

This study examines 15 distinct scenarios, reflecting variations in
energy demand, prices (e.g., electricity, natural gas), regulatory mea-
sures (e.g., carbon pricing, renewable incentives), and other parameters.
The scenario design builds on the approach by Zwickl-Bernhard et al.
[57]1, who define comparable scenarios for a district energy system in
Washington, D.C., and has been slightly adapted for this study. The



L. Riedl, S. Zwickl-Bernhard, L. Kranzl et al.

Table 4

Overview of the scenario definitions and key parameter variations (analysis horizon until 2040).
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Scenario

Narrative and key parameter variation

Probability (%)

(1) Reference

(2) High Electricity Prices
(3) Low Electricity Prices

(4) Flexible Electricity Market

(5) Energy Price Peaks

(6) Green-Friendly

(7) Low Gas Demand

Baseline assumptions regarding energy and regulatory policies,
as well as economic and other input parameters, until 2040.
This scenario represents the most likely development pathway.
Wholesale and retail electricity prices are 20% higher than
baseline assumptions until 2040 (1.2 xc]ef;fh).

Wholesale and retail electricity prices are 20% lower than in
the reference scenario until 2040 (0.8 Xch;fh)'

Hourly electricity prices are strictly non-negative due to high
flexibility provision by other market participants, such as
batteries (cjf;fh > 0).

Substantial price increases for natural gas (20%) and electric-
ity (10%) occur during 2035-2039 due to high demand and
limited supply (1.2 xalg'a;h; 1.1 xaf}ifh).

Focus on renewable energy sources and carbon pricing. A 20%
reduction in specific investment costs incentivizes clean tech-
nologies, while a 10% increase in carbon prices raises costs for
carbon-emitting technologies (0.8 xc"‘i‘}f; 1.1 xcﬁfz) until 2040.
A 25% increase in carbon prices reduces natural gas demand,
lowering gas prices by 5% and electricity prices by 15% until

15

10

6

2040 (0.95 xc®* ;

(8) Natural Gas Friendly

(9) Cold Winters

0.85 chffh).

Reduced natural gas prices combined with the absence of 3
carbon pricing in 2040 (0.85 xc
Heating demand increases by 10% due to colder-than-average 10

@s . CO, _
Lo gy = O)-

winters in 2040 (1.1 XQ}I‘C;“h).

(10) Hot Summers

Increased cooling demand (10%) due to higher-than-average 10

summer temperatures during the 2030s (1.1 xQ;"}"‘h)

(11) Warm Summers
cool

X0

(12) Moderate Climate

A minor increase in cooling demand (5%) in 2040 (1.05 3

Milder summers and warmer winters reduce heating and 3

cooling demand by 10% each until 2040 (0.9 xQ* ; 0.9

xQi).
(13) Delayed Carbon Price

(14) High Carbon Price

Ly.h?

No carbon pricing until 2035, followed by moderate carbon 2
price increases until 2040.
Carbon prices increase by 25% relative to the reference 10

scenario until 2040 (1.25 xcf?i).

(15) Expiring RES Support

Financial support for renewable energy investment costs 6

expires after 2034 (0.7 Xf'lrf;)-

scenarios and their parameters can be further adjusted when apply-
ing the framework to other contexts. Scenario-specific probabilities are
expert-informed estimates derived from a structured review of district
energy scenarios in the literature [57]. These scenarios are exploratory
in nature, and no formal statistical inference is attempted. Refining prob-
ability estimation methods remains an area for future improvement.
Detailed definitions of all scenarios are provided in Table 4 below. The
model generates separate results for each of the 15 scenarios, primarily
affecting the dispatch of the technologies, depending on their installed
capacities.

3.2.3. Empirical case

The proposed case study of a small district in Trondheim, Norway,
offers a particularly relevant examination of how DHC systems can pro-
vide sustainable heating and cooling solutions. A key strength of this
case study is its empirical grounding and transferability: Nyhavna, a for-
mer industrial harbor currently undergoing redevelopment, has already
been examined in previous research [69], enabling direct comparabil-
ity and validation of our results. Its development will be carried out in
three construction phases, with detailed information on floor areas and
infrastructure expansion available in the aforementioned study.

Nyhavna currently lacks heating or cooling infrastructure and sig-
nificant geothermal resources. Nevertheless, this area presents unique
advantages for flexibility analysis in this context: Trondheim’s existing
DH network passes close by, and Nyhavna has the potential for sea-
sonal TES through a borehole TES system. This system could be charged
primarily by surplus heat from a nearby waste incineration plant, allow-
ing for large-scale summer-to-winter heat storage; a critical feature for

assessing long-term flexibility potential. In addition, a large seawater-
based HP will be installed, further increasing the portfolio of flexibility
assets.

Nyhavna is a particularly well-suited location for this analysis due to
two key factors. First, Norway’s heating sector is highly electrified [16].
This makes it an ideal environment in which to study how DHC systems
can interact with and support the electricity grid. Second, Nyhavna’s
planned development in three phases and its potential for seasonal TES
integration provide a realistic framework to evaluate flexibility provi-
sion over time. The existing literature on Nyhavna further strengthens
the practical relevance and transferability of this study’s findings and
supports the validation of its KPI framework.

Several framework considerations warrant attention. Some flexibil-
ity KPIs represent novel metrics and their categorization thresholds
rely on educated estimates, introducing interpretive subjectivity. The
framework employs hourly temporal resolution, consistent with stan-
dard energy system modeling, which captures consumption flexibility
and load shifting but precludes sub-hourly ancillary services. While
the framework itself is technology- and context-agnostic, its applica-
tion requires adaptation of the technology portfolio to local conditions,
including available resources (e.g., geothermal potential, waste heat),
climate patterns, and grid characteristics. Consequently, indicator mag-
nitudes are inherently case-specific and should not be interpreted as uni-
versal performance targets. When applying the framework, results can
be interpreted along two complementary dimensions: (i) cross-scenario
comparisons within the same system, which highlight the sensitivity
and robustness of flexibility provision under varying external condi-
tions, and (ii) temporal comparisons across planning periods, which
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Flexibility indicators for the base scenario (2030) with benchmark ranges. Black arrows indicate system-wide
indicators, while red and blue arrows show heating- and cooling-specific ranges for subsystem-specific indicators.

System-wide indicators Unit Value Range
N 4 +20 ¥ 45
giii;ﬁ;:slzy(ggﬁ; mption % -14.35 ‘ favorable acceptable | unfavorable
—10 ¥V 45
Peak Load Adjustment % 0 ‘ tvorable | scceptabic DD
(PLA)
Subsystem-specific indicators ~ Unit Heat Cool Range
) L 0.05 Yot @
gss‘g'_“zt‘(‘gﬁgle’“bmty - 142 x1072  1.51 x1077 ‘ favorable | acceptable | unfavorable
' @ 20 0 ¥ 6 80
Thormal Generation, 1952 860 [unt] oo | fov | oo Jumien
200 Yo ¥
Storage to Peak Ratio (SPR) h 2.87 17.06 ‘ favorable | acceptable | unfavorable
N o ¥ 20 ¥
gi?;??l%rg;)ge Utilization ¢, 39.50 9.28 ‘ favorable | acceptable | unfavorable

demonstrate how flexibility evolves alongside system expansion and
technology deployment. The framework’s primary value lies in enabling
these systematic, context-driven comparisons rather than establishing
rigid, absolute benchmarks. To further strengthen the empirical foun-
dation of the proposed benchmark categories, future research should
explore cross-case applications across diverse geographic and regulatory
contexts.

4, Results

This section presents the evaluation of the proposed KPI framework
applied to the DHC system in Nyhavna. Section 4.1 examines the base
scenario (Scenario 1 Reference), representing the most probable devel-
opment pathway, with a detailed assessment of 2030 results followed
by the temporal evolution of selected indicators until 2040. Section 4.2
extends this foundation by comparing KPI outcomes across six repre-
sentative scenarios for 2030, revealing how flexibility provision and
system performance respond to varying energy policies, technological
conditions, and demand patterns.

4.1. Base scenario

4.1.1. 2030

The flexibility indicators in Table 5 reveal that operational flexi-
bility in 2030 is dominated by the heating subsystem, which exhibits
moderate operational flexibility, while cooling contributes negligibly.
This pronounced asymmetry reflects Norway’s climate-driven energy
profile, where heating demand vastly exceeds cooling requirements, a
pattern that persists across subsequent flexibility metrics. Although the
system achieves a 14% reduction in electricity consumption through
price-responsive operation, its failure to reduce peak load is a critical
limitation for grid support.

The system’s electricity use responds moderately to price signals,
achieving an ECR of —14.35%. This reduction occurs through strate-
gic dispatch adjustments that shift load from high-price to low-price
periods, supporting grid balancing through price arbitrage without
compromising thermal supply.

This consumption flexibility, however, does not extend to peak
demand periods, as demonstrated by a PLA of 0% falling into the
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unfavorable range. Peak electricity consumption remains unchanged re-
gardless of price signals, indicating that maximum demand events are
driven by extreme thermal load requirements rather than economic
incentives. The inability to modulate peak loads is a fundamental limita-
tion that prevents the system from providing grid peak shaving services.
This is likely due to a temporal mismatch between thermal demand and
price peaks.

The OFR reveals a significant difference between subsystems, with
heating achieving 1.42 x 1072 (acceptable range) while cooling regis-
ters only 1.51 x 1075 (unfavorable range). Fig. 2 illustrates this contrast
by showing the OFR of the heating and cooling subsystems, based
on normalized electricity consumption and thermal supply, for all
scenario—year combinations.

As Fig. 2(a) shows, the heating subsystem has a broad convex hull,
which indicates a wide operational envelope and a high degree of
flexibility. This reflects the ability of heating technologies to oper-
ate across diverse electricity consumption levels under varying system
conditions. In contrast, Fig. 2(b) demonstrates that the cooling sub-
system operates within a highly constrained band, with data points
tightly clustered along a narrow trajectory. This limited dispersion high-
lights the comparatively minor contribution of cooling to overall system
flexibility.

The TGUR reveals distinct operational characteristics for the heat-
ing and cooling subsystems. Heating operates at 49.52%, which falls
within the favorable range, indicating a balanced utilization that pre-
serves significant flexibility potential for both increased and decreased
dispatch as needed. In contrast, cooling’s TGUR of 8.60% is classified
as unfavorable, reflecting its sporadic operation limited to peak summer
days.

The SPR reveals contrasting buffering capacities, with heating at 2.87
hours and cooling at 17.06 hours. Heating storage demonstrates limited
potential for covering peak demand periods, constraining the system’s
ability to decouple thermal supply from electricity consumption during
critical grid situations. This low ratio reflects insufficient price arbitrage
opportunities when thermal peaks and electricity price peaks are tem-
porally misaligned, limiting economic incentives for storage investment.
Cooling storage exhibits higher flexibility potential, though practical
utilization remains limited in this climate context.
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Fig. 2. Operational flexibility range (OFR) for heating and cooling subsystems, showing normalized electricity consumption versus thermal supply across all scenario—

year combinations.

Table 6

System performance and sustainability indicators for the base scenario (2030). Red and blue arrows show heating-
and cooling-specific ranges for subsystem-specific indicators.

Indicator Unit Heat Cool Range
Vo o
Leveli st of Thermal
Ejl‘(/:igljle?L(é(gEF;) 1erma €/MWhy, 34.49 84.59 ‘ favorable | acceptable | unfavorable
vy 60 20
Electrification Share (ES) % 88.49 100 ‘ favorable acceptable | unfavorable
vV o0 ¥ w0
Thermal 'bon Intensit;
(Tgl‘;l“ Carbon Intensity kg COp/MWhy, 7445  6.35 ‘ favorable | acceptable | unfavorable

The TSUF of 39.50% for heating and 9.28% for cooling confirms dis-
parate storage engagement. Heating storage cycles regularly for load
balancing and price arbitrage, while cooling storage remains largely
dormant throughout the year. This pattern confirms heating storage ac-
tively enables temporal flexibility, whereas cooling infrastructure serves
occasional peak requirements.

The system performance and sustainability indicators in Table 6 re-
veal contrasting performance profiles between subsystems, with heating
achieving economically competitive operation while cooling exhibits el-
evated unit costs despite favorable environmental performance. Both
subsystems demonstrate strong electrification enabling sector coupling,
yet create direct exposure to electricity market volatility and grid carbon
intensity.

Economic performance diverges substantially between subsystems.
Heating achieves 34.49 €/MWhy, (acceptable range), while cooling
reaches 84.59 €/MWhy,, (unfavorable range). Heating demonstrates eco-
nomically viable operation benefiting from high annual utilization that
distributes fixed costs across substantial energy output. The elevated
unit costs for cooling stem from minimal annual demand concentrated in
summer months, forcing fixed infrastructure investments to be recovered
through limited energy delivery.

Both subsystems demonstrate strong electrification, with heating at
88.49% and cooling at 100.00 %, establishing substantial coupling be-
tween thermal and electricity sectors. This high electrification enables
flexibility provision through consumption modulation responsive to grid
conditions and renewable generation patterns. The configuration creates
direct exposure to electricity price volatility, with operational costs and
carbon emissions closely tied to grid conditions.

Carbon emissions reflect technology composition and Norway’s low-
carbon grid, with heating at 74.45 kg CO,/MWhy, (acceptable range)
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and cooling at 6.35kg CO,/MWhy, (favorable range). Heating’s car-
bon footprint combines emissions from waste incineration with grid
electricity consumed by electric technologies. Cooling achieves near-
zero emissions through complete electrification paired with Norway’s
hydropower-dominated grid, demonstrating that full electrification with
clean electricity enables minimal thermal supply emissions.

4.1.2. Temporal evolution by 2040

The temporal evolution of KPIs reflects both system expansion, with
capacity investments in 2030 and 2035 in response to increased thermal
demand resulting from phased district development (see Appendix B.1),
and operational maturation over the planning horizon as reflected in the
temporal KPI trends (Appendix B.2). An analysis of the flexibility indica-
tors in Table 7 demonstrates that heating flexibility undergoes substan-
tial transformation through storage capacity expansion and increased
generation utilization, while cooling exhibits negligible evolution. The
system’s inability to modulate peak electricity loads persists through-
out the entire planning horizon, confirming a fundamental structural
limitation.

The ECR demonstrates non-monotonic evolution, beginning at 5.94%
(unfavorable) in 2025, transitioning to —14.35% (acceptable) in 2030,
then returning to positive values by 2040 (2.91%, unfavorable). This tra-
jectory reveals fundamental shifts in operational strategy. The negative
response in 2030 demonstrates consumption reduction through strategic
technology switching, while the return to positive values reflects matu-
ration toward storage-dominated flexibility provision, where expanded
capacity enables intensified electricity consumption during low-price
periods for subsequent discharge.

The capability for PLA remains fundamentally absent throughout the
planning horizon, with values at 0% in 2025-2030, rising marginally to
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Temporal evolution of flexibility indicators for the base scenario (2025-2040). Horizontal bars show the range from
minimum to maximum values across all years, with tick marks indicating the start year (2025) and triangles the end
year (2040). Black bars represent system-wide indicators; red and blue bars denote heating and cooling subsystems,

respectively.
Indicator Sec. Unit 2025 2030 2035 2040 Range
Electricity £20 +5
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—10 +5
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. s - 200 10
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e ‘ 7 —]
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favorable acceptable unfavorable

0.27% by 2040 (all unfavorable range). This persistent near-zero perfor-
mance confirms that peak electricity demand is structurally constrained
by thermal load requirements, preventing effective modulation regard-
less of technology portfolio evolution or storage capacity expansion.

The TGUR for heating increases from 41.18% (2025) to 54.35%
(2040), reflecting proportional capacity expansion with demand growth
while maintaining consistent reserve margins for operational flexibility.
Cooling utilization remains stable at 8.60-9.54%.

The SPR for heating follows a distinct temporal pattern, decreas-
ing from 3.39 hours (2025) to 2.87 hours (2030) before expanding
significantly to 9.58 hours by 2040. While these values remain in the un-
favorable range, the 2040 expansion approaches the acceptable thresh-
old, indicating progressive investments in temporal flexibility. However,
storage capacity remains insufficient for comprehensive peak coverage.
Cooling storage ratios, in contrast, stabilize within the acceptable range
(15-17 hours), reflecting consistent operational characteristics without
significant trends over time.

The TSUF patterns reveal a persistent challenge where capacity de-
ployment outpaces operational optimization. Heating utilization nearly
doubles from 21.14% in 2025 to 39.50% in 2030, then declines to
24.30% by 2040 despite continued capacity growth. This non-monotonic
pattern indicates that newly installed infrastructure remains partially
idle, as operational strategies lag behind infrastructure deployment.
Cooling storage utilization remains stable near 10%, consistent with
minimal operational engagement.

As shown in Table 8, the system performance and sustainability indi-
cators demonstrate that heating experiences significant decarbonization
through rapid electrification between 2025 and 2030, enabling dra-
matic carbon intensity reductions that subsequently moderate in later
years. Meanwhile, cooling maintains stable, low-carbon performance
throughout the planning horizon.

Heating electrification undergoes substantial transformation during
the initial development period, with ES increasing from 65.11% (fa-
vorable) in 2025 to 88.49% in 2030, then continuing above 95% by
2035-2040 (favorable). This rapid early expansion reflects the strate-
gic prioritization of electric technologies to enhance flexibility provision
and support decarbonization objectives. Cooling remains fully electrified
throughout the period.
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The TCI reduction is most dramatic during the initial phase, with
heating TCI dropping from 190.82kg CO,/MWh (unfavorable) in 2025
to 74.45kg CO,/MWh (acceptable) in 2030, representing a 61% de-
crease. Further reductions to 39.67 kg CO,/MWh (favorable) occur by
2035, though values rise slightly to 42.53 kg CO,/MWh (acceptable) by
2040. This trajectory reflects rapid electrification displacing conven-
tional technologies, followed by stabilization as the system approaches
practical decarbonization limits. This is driven by the evolution of the
installed technology mix (Appendix B.1) and the applied technology-
specific emission factors (Appendix A.2). Cooling emissions remain sta-
ble near 6.4 kg CO,/MWh (favorable) throughout, reflecting consistent
full electrification.

4.2. Cross-scenario comparison for 2030

The stochastic optimization framework enables analysis of system
performance across diverse market, climate, and policy environments,
revealing the operational range and sensitivity of flexibility provision.
Of the 15 scenarios examined, six representative cases are selected for
detailed comparison in 2030: Reference (1), High Electricity Prices (2),
Green-Friendly (6), Cold Winters (9), Hot Summers (10), and High Carbon
Price (14). These scenarios were selected to represent distinct scenario
clusters, covering market-based price variations (2), policy-driven con-
ditions (6, 14), and climate-induced demand shifts (9, 10). Together,
they represent 56% of the probability-weighted scenario space.

The flexibility indicators in Table 9 reveal remarkable stability across
all scenarios. Most indicators exhibit minimal variation despite sub-
stantial differences in market prices, climate conditions, and policy
frameworks. The heating subsystem maintains consistent operational
characteristics, while cooling shows negligible engagement across all
conditions.

The ECR demonstrates modest variation, ranging from —14.35 % in
the reference case to —16.23 % under Hot Summers (10). All scenarios
maintain negative values, confirming that the system consistently re-
duces electricity consumption when exposed to variable price signals.
The slightly more pronounced response in (10) reflects elevated cooling
demand enabling more aggressive load shifting, while High Electricity
Prices (2) intensify economic incentives for consumption reduction.
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Temporal evolution of system performance indicators for the base scenario (2025-2040). Horizontal bars show the range
from minimum to maximum values across all years, with tick marks indicating the start year (2025) and triangles indicating
the end year (2040). Red and blue bars denote heating and cooling subsystems, respectively.

Indicator Sec. Unit 2025 2030 2035 2040 Range

Electrification Share Heat o 65.11 88.49 95.78  95.31 u—|60 20

(ES) Cool 100.00  100.00 100.00 100.00 4 | | ‘
favorable acceptable unfavorable

Thermal Carbon Heat kgCO,,/ 190.82 7445 39.67 42.53 20 100

Intensity (TCI) Cool MWhu 641 635 644  6.46 ‘ N I ‘
favorable acceptable unfavorable

Table 9

Flexibility indicators across selected scenarios (2030). Black whiskers indicate system-wide indicators, while red and blue show
heating- and cooling-specific ranges for subsystem-specific indicators.

(2) (6) (9) (10) (14)
Indicator Sec.  Unit Reference High Green Cold Hot High Range
Price  Friendly Winters Summers Carbon
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Electricity
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Ratio (SPR) Cool 17.06 17.06  17.06 17.06 15.51 17.06 ‘ | I| [ ‘
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Thermal Storage — feat 39.50 4433 3950  39.50 4330  39.50 60 20
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Utilization Factor ¢y, ) 9.28 928 9.8 9.28 1167 928 ‘ | = |

(TSUF)

o

unfavorable
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The narrow range indicates fundamentally stable response mechanisms
regardless of external conditions.

Peak load modulation capability remains universally absent, with
PLA at 0% (unfavorable range) across all scenarios. This persistent
inflexibility confirms that peak demand events are primarily driven
by fixed thermal load requirements rather than economic or policy
incentives. The system’s inability to provide grid peak shaving ser-
vices remains unchanged regardless of price levels, climate extremes,
or regulatory frameworks.

The TGUR displays impressive consistency across various scenarios,
with heating maintaining a steady 49.49%-49.52%, well within the fa-
vorable range. Cooling utilization remains consistently low at around
8.6%, except in the Hot Summers scenario (10), where it rises modestly
to 9.52% due to increased demand. This minimal variation confirms a
balanced capacity configuration that ensures reliable operation while
maintaining substantial reserve margins for flexible grid services under
diverse external conditions.

The SPR remains invariant at 2.87 hours for heating and 17.06 hours
for cooling across all scenarios except Hot Summers (10), where cool-
ing decreases slightly to 15.51 hours. This stability reflects identical
installed storage capacity and similar peak demand profiles across most
scenarios. The reduction of the cooling SPR in (10) reflects the cool-
ing demand increase in this scenario, while storage capacity remains
unchanged, demonstrating how demand shifts alter the SPR even with
fixed infrastructure.

The TSUF exhibits selective sensitivity, responding primarily to
price signals and climate extremes. Heating storage increases from
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baseline 39.50% to 44.33% under High Electricity Prices (2) and 43.30%
during Hot Summers (10), reflecting intensified temporal arbitrage
when economic incentives strengthen. Cooling storage similarly rises
from 9.28% to 11.67% in (10). Green investment support (6), Cold
Winters (9), and emission pricing (14) leave utilization unchanged,
indicating these policy frameworks do not alter optimal dispatch
strategies.

The system performance and sustainability indicators in Table 10 re-
veal contrasting sensitivity to scenarios. Economic performance varies
substantially, with LCOT differing by 15%-24% between investment
support and emission pricing mechanisms, while ES and TCI remain re-
markably stable, demonstrating that flexibility and environmental char-
acteristics are structurally determined rather than policy-responsive.

LCOT exhibits the strongest variation among all indicators, reveal-
ing significant economic sensitivity to policy frameworks. Heating costs
range from 32.31 €/MWhy, (acceptable) under green investment support
(6) to 37.29€/MWhy, (acceptable) with ambitious CO, pricing (14),
representing a 15% variation. Cooling demonstrates even more pro-
nounced sensitivity, ranging from 68.31 €/MWhy;, (acceptable) in (6) to
approximately 84-85€/MWhy;, (unfavorable) in other scenarios, reflect-
ing nearly a 24% variation. This amplified cooling response stems from
low utilization that magnifies the importance, making investment sup-
port particularly effective while other scenarios cluster tightly regardless
of price levels or climate conditions.

ES shows exceptional stability, with heating varying by less
than 0.1 percentage point (88.43-88.49%) and cooling remaining
consistently at 100% across all scenarios. This minimal variation
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System performance and sustainability indicators across selected scenarios (2030). Red and blue whiskers indicate heating- and

cooling-specific ranges for subsystem-specific indicators.

n @ ©®  ©  a
Indicator Sec.  Unit Ref . High  Green Cold Hot High Range
CIETENCe  price Friendly Winters Summers Carbon

Levelized Cost of  pear IMWhy, 240 3503 3231 3393 3461 3729 40 80

Thermal Energy v/ MW hen . H

(LCOT) Cool 84.59 84.74 68.31 84.59 82.70 84.59
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()
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Table 11

Selected indicators with comparable values in existing literature.
Indicator Range in literature Reference
Storage to Peak Ratio (SPR) 2-3260h [69-72]

Levelized Cost of Thermal
Energy (LCOT)

Thermal Carbon Intensity
(TCD

10-288 €/MWhy, [20,71,73-77]

30-120kg CO,/MWh,,  [77-83]

indicates that the system prioritizes electric technologies regardless of
fluctuations in electricity prices, CO, costs, or policy incentives. The
stability reflects Norway’s favorable electrification conditions, partic-
ularly its low-carbon electricity grid, suggesting that further electrifi-
cation gains would require disruptive technological advancements or
fundamental shifts in the regulatory landscape.

TCI demonstrates remarkable stability, clustering between
74.34 and 74.73 kgCO,/MWh,;, for heating and remaining near
6.35kg CO,/MWhy, for cooling across all scenarios. This minimal varia-
tion indicates that current operational and policy levers are insufficient
to drive significant emission reductions beyond those already achieved
through high electrification. Deeper decarbonization would require
fundamental technology shifts or further grid decarbonization.

5. Discussion

This section provides a quantitative comparison of our results with
literature benchmarks for three indicators where reference values were
available: Levelized Cost of Thermal Energy (LCOT), Thermal Carbon
Intensity (TCI), and Storage to Peak Ratio (SPR). Table 11 summarizes
these reference values from comparable studies. Results show that cost
and storage indicators align well with reported ranges, while carbon
intensity demonstrates significant temporal evolution from a transitional
to a low-carbon performance.

The SPR is benchmarked here using derived literature values cal-
culated from reported storage capacities and peak demand data in
comparable studies. For heating, the SPR (2.87-9.58 h) lies at the lower
end of the range reported in the existing literature, suggesting limited
storage capacity relative to peak demand. This is consistent with sys-
tems that rely on short- to medium-term storage rather than seasonal
solutions, even though BTES is included. However, the cooling SPR
(15.47-17.06 h) falls within the intermediate range, reflecting Norway’s
low cooling demand and daily storage needs, which are well below
seasonal benchmarks.

The heating LCOT (32.3-37.3€/MWhy,) aligns with the lower end
of the range found in the literature, confirming the competitive cost
performance of diversified DHC systems. In contrast, the cooling LCOT
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(68.3-84.7 €/MWhy,) is substantially higher, sitting in the mid-range
of the benchmark spectrum. This disparity is driven by low utilization
factors, reflecting the economic realities of providing cooling in low-
demand markets such as Norway.

The TCI for heating shows different benchmark alignment across
time periods. Values in the early years (191 kg CO,/MWhy;,) exceed liter-
ature benchmarks due to transitional reliance on waste incineration. In
later years, the heating TCI (39.7-42.5kg CO,/MWhy,) converges with
low-carbon benchmarks, indicating successful decarbonization. The
cooling TCI (6.35 kg CO,/MWh,—6.46 kg CO,/MWhy,) remains consis-
tently below the values reported in prior studies, reflecting Norway’s
low-carbon grid.

6. Conclusion

DHC systems represent significant yet underutilized flexibility re-
sources for electricity grids. Despite growing recognition of their po-
tential, systematic assessment and comparison of DHC flexibility capa-
bilities have been hindered by the absence of a consistent quantitative
framework. This study addresses this gap by developing and demonstrat-
ing a comprehensive framework that integrates flexibility-focused and
system performance indicators to enable the systematic evaluation of
DHC flexibility provision.

The key contribution of this work lies in shifting the evaluation
paradigm from traditional thermal output metrics to flexibility potential
assessment. By combining demand-side flexibility indicators with stor-
age dynamics and system performance metrics, the framework yields
new insights into the quantifiable flexibility characteristics of DHC
systems and their robustness under varying external conditions. It en-
ables decision-makers to systematically compare DHC configurations
and quantify not only whether a system provides flexibility, but how
much, under what constraints, and at what cost.

Application to a Norwegian case study across 15 scenarios reveals
that heating subsystems dominate flexibility provision (ECR reach-
ing 14%) while cooling contributes negligibly in cold climates, and
demonstrates remarkable robustness of flexibility indicators despite sig-
nificant economic performance variations across policy scenarios (LCOT
15-24%).

The framework is designed for grid-coupled, electrified DHC sys-
tems where demand-side flexibility can be modulated in response to
electricity market signals. While indicator magnitudes are context-
specific due to local climate, resources, and grid characteristics, the
framework enables systematic comparison of configurations within each
setting.

Future research could advance the framework along several direc-
tions. First, a price-weighted variant of the ECR could be developed
by integrating price differentials into the metric, for example hourly
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price deviations from the annual average baseline. This extension would
enable a more nuanced evaluation of flexibility provision by distin-
guishing whether consumption shifts occur during high- or low-price
periods, thereby adding an economic efficiency dimension to the current
energy-volume perspective. Second, incorporating supply-side flexibil-
ity and sub-hourly ancillary services would complement the current
focus on consumption-side flexibility and broaden the framework’s
applicability to a wider range of grid services. Third, investigating
the economic valuation of DHC flexibility relative to other grid as-
sets would support the development of flexibility-oriented regulatory
frameworks. Additionally, applying the framework across diverse geo-
graphic and regulatory contexts would enhance understanding of how
local conditions influence flexibility provision capabilities, providing
an empirical basis for validating and refining the proposed benchmark
categories.
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Overview of heating and cooling technologies and storage systems considered in the analysis.

Generation technology Input Output Short description/key parameter

Electric boiler Electricity Heat Highly dependent on electricity price levels

Gas boiler Natural gas  Heat Generates heat only; no electricity required

Air-source heat pump Electricity Heat Efficiency (COP) varies with ambient temperature

Solar thermal - Heat Output depends on solar irradiation

Combined heat and power (CHP) Natural gas Heat Cogeneration prioritizing heat supply over electricity
Industrial excess heat - Heat Availability relies on facility operation

Waste incineration - Heat Converts municipal waste to thermal energy (heat only)
Absorber with cooling tower Heat Cold Chiller using waste heat from plants

Absorber with heat pump Heat Cold + Heat  Provides cooling while recovering waste heat
Compression chiller with cooling tower  Electricity Cold Compression chiller equipped with a cooling tower
Compression chiller with heat pump Electricity Cold + Heat  Provides cooling while recovering waste heat
Air-cooled chiller Electricity Cold Performance depends on ambient air temperature

Tank thermal energy storage Heat Heat Short-term heat storage

Borehole thermal energy storage Heat Heat Serves as summer buffer for waste incineration excess heat
Ice thermal energy storage Cold Cold Stores cold energy

A.2. Emission factors

Table 13

CO, emission factors used in thermal carbon intensity (TCI) calculations.

Energy carrier

Emission factor [kg CO,/MWh]

Source

Natural gas (combustion) 220
Waste incineration 503
Norwegian electricity grid 20

[84]
[85]
[86]
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B. Supplementary results

B.1. Installed capacities
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Fig. 3. Cumulative installed capacities for heating technologies (2025-2040): (a, left) heat generation and (b, right) heat storage.
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Fig. 4. Cumulative installed capacities for cooling technologies (2025-2040): (a, left) Cool generation and (b, right) Cool storage.
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B.2. Temporal trends of KPIs

See Figs. 5 and 6.
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Fig. 5. Temporal evolution of flexibility-related indicators for the base scenario (2025-2040). Subplots depict electricity consumption response (ECR), peak load
adjustment (PLA), thermal generation utilization rate (TGUR), storage to peak ratio (SPR), and thermal storage utilization factor (TSUF). Black lines denote system-
wide indicators, while red and blue lines represent heating- and cooling-specific values, respectively.
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Fig. 6. Temporal evolution of system performance indicators for the base scenario (2025-2040). The left panel shows the electrification share (ES), while the right
panel presents the thermal carbon intensity (TCI). Red and blue lines indicate heating- and cooling-specific values, respectively.
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Data availability

Data will be made available on request.
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