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Abstract

This paper introduces a multi-stage stochastic optimization framework based on Stochastic Dual Dynamic
Programming (SDDP) to plan long-term District Heating and Cooling (DHC) systems under deep climate
uncertainty. Integrating Shared Socioeconomic Pathways (SSPs) with uncertain CO2 prices and thermal
demands, the framework provides adaptive investment strategies until 2100. Applied to a Belgian case,
results project a fundamental shift from heating to cooling, with heat losses declining by up to —57% =+ 34%
and heat gains increasing by up to +291% +25% by 2100 across scenarios. The model consistently converges
to robust, electrified configurations dominated by Air-Source Heat Pump (ASHP) and Ground-Source heat
pump (GSHP) supported by seasonal Borehole Thermal Energy Storage (BTES), with Natural Gas boiler
(NG) relegated to marginal backup roles. While transition mechanisms differ, driven by warming in high-
emission pathways and by carbon pricing in mitigation pathways, system costs and emissions converge across
scenarios. This work demonstrates that electrified DHC systems with seasonal storage offer a cost-effective,
resilient strategy for temperate climates under deep uncertainty, though outcomes are sensitive to regional
climate and demand profiles.
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BTES Borehole Thermal Energy Storage
CDD Cooling Degree Day

COP Coefficient Of Performance

DHC District Heating and Cooling

GCM Global Circulation Model

GSHP Ground-Source heat pump

HDD Heating Degree Day

JuDGE Julia Decomposition for Generalized Expansion
LP Linear Programming

NG Natural Gas boiler

OPEX Operating Expenses

RCM Regional Climate Model

RCP Representative Concentration Pathway
RHS Right Hand Side

SDDP Stochastic Dual Dynamic Programming
SSP Shared Socio-economic Pathways

SRES Special Report on Emissions Scenarios

VDD Variable Degree Day

Nomenclature

Sets
Symbol Description

T set of available technologies

D set of representative days

H set of hours composing representative days

Ly integer set {1,..., L; + 1} representing the number of stages left for technology t before retirement



Indices

Symbol Description

t technology index where t € T

d representative day index where d € D

h hour index where h € H

l remaining lifetime stage index where [ € L
w scenario index

Decision Variables

Symbol Unit Description

Ty kW installed capacity of technology ¢ with remaining lifetime [

Tt L4+1 kW newly installed capacity of technology ¢

Yt,d,h kW thermal power output of technology ¢ during day d at hour h

yﬁ dh kW heating power output of technology ¢ during day d at hour h

Yt d.n kW cooling power output of technology ¢ during day d at hour h

Tan °C indoor temperature of buildings during day d at hour h

ATCZ h °C deviation below minimum comfort temperature during day d at hour h

ATg ), °C deviation above maximum comfort temperature during day d at hour h
Parameters
Temperature

Symbol Unit Description

Tout,d,h °C outdoor temperature during day d at hour h

Tmax,an C maximum desired indoor temperature during day d at hour h
Tmin,d,h °C minimum desired indoor temperature during day d at hour h
T S}“lppm . C temperature of supplied heat during day d

TS pply,d °C temperature of supplied cold during day d

Building Characteristics

Symbol Unit Description

Ua.n kW /°C heat transfer coefficient (wall losses, ventilation) during day d at hour h

Qd,n kW heat gains/losses independent from temperature (solar, internal) during day d at hour h
1 kWh/°C thermal inertia of buildings



Technology Characteristics

Symbol Unit Description

L; stages standard lifetime of technology ¢

c €/kW cost vector for newly installed capacity

C kWh/kW  scalar linking BTES capacity and peak power

Operational Costs (Tensor u)

Symbol Unit Description

Ut d,h €/kWh operational cost of running technology ¢ during day d at hour h

ag(w) days/decade average number of actual days represented by typical day d in scenario w
Bt.d,n - conversion factor (COP,n) for technology ¢ during day d at hour h

i (w) € /kWh cost of primary resource for technology ¢ in scenario w (including CO5 tax)

Comfort Penalty (Tensor p)
Symbol Unit Description

Dd,h €/°C  cost of not meeting temperature requirements during day d at hour h
Yunmet,d,, €/°C  penalty for thermal discomfort during day d at hour h

Functions
Symbol Description

V({x.’l}fzpw) value function representing total cost for a given capacity, state and scenario

Vnext({x.J}lL:‘El) expected value function for next stages

Notation

Superscripts

Symbol Description

()" heating-related variables

()¢ cooling-related variables

(-)new newly installed capacity
Subscripts

Symbol Description

(+)out outdoor conditions

(*)min minimum value

()max maximum value

(*)nom nominal

(-)supply ~ Supply temperature
(‘)unmet ~ unmet demand or comfort



Operators
Symbol Description
dot product or placeholder for all indices

Frobenius inner product

1. Introduction

Climate change is reshaping energy demand in buildings. Rising temperatures reduce heating needs in
colder climates while driving up cooling demand worldwide [1]. These shifts have far-reaching implications for
energy systems, infrastructure investments, and climate mitigation goals, since buildings account for around
30% of global final energy use and more than a quarter of energy-related CO5 emissions [2]. Anticipating how
heating and cooling requirements will evolve is therefore a critical challenge for researchers, policymakers,
and investors.

Most existing studies address this challenge by projecting how heating and cooling demand respond to
alternative climate scenarios [3]. These projections highlight consistent qualitative patterns—declining heat-
ing and rising cooling—but differ widely in their quantitative results [4]. Divergence stems from differences in
spatial scope, climate scenarios, downscaling methods, and demand modeling approaches [5-7]. The result is
a fragmented knowledge base, rich in descriptive insights but difficult to translate into actionable investment
strategies.

What is largely missing in this literature is an active perspective: rather than passively describing
how demand may shift, one must ask how today’s investment decisions can prepare buildings and energy
systems for multiple possible futures. Long-lived infrastructure must be robust to deep uncertainty in climate
trajectories, socio-economic conditions, and technology adoption. Without frameworks that explicitly link
demand projections to adaptive investment planning, stakeholders risk either under-preparing for rising
cooling needs or over-investing in solutions that later prove unnecessary.

This article proposes such a framework. We present a method to design investment strategies for district
heating and cooling systems that minimize combined operational and investment costs while adapting to
uncertain climate-driven demand shifts. To explicitly manage this long-term uncertainty, we employ a
capacity expansion model formulated using Julia Decomposition for Generalized Expansion (JuDGE) |[8].
This approach leverages SDDP to identify flexible investment strategies that are cost-effective not just for a
single forecast, but through different Shared Socio-economic Pathwayss (SSPs). Our climate uncertainty is
quantitatively captured through an ensemble of downscaled climate projections, combining multiple Global
Circulation Models (GCMs) with a Regional Climate Model (RCM), and is integrated with assumptions on
evolving comfort standards to shape future energy demand.

The remainder of the paper is organized as follows. Section 2 reviews existing studies on capacity expan-



sion and climate change impacts on heating and cooling demand, emphasizing methodological choices across
spatial scales, climate scenarios, and modeling approaches. Section 3 presents the methodological framework,
detailing the stochastic multi-stage programming formulation. Section 4 introduces the case study, describing
the location, projected climatic conditions, load characterization, and technology set. Section 5 reports the
results, including demand evolution, operational patterns, and optimal investment decisions under different
climate scenarios. Section 6 discusses the implications of these results, compares them to existing work, and
outlines possible methodological extensions. Finally, Section 7 concludes by summarizing the main findings

and highlighting future research directions.

2. Literature review

Our literature review is organized into two main areas. First, we examine recent research on district
heating expansion under uncertainty and multi-stage investment frameworks (Section 2.1). Second, we review
studies on the evolution of heating and cooling demand under climate change (Section 2.2). Together, these
sections highlight a gap in the existing literature, which our work addresses by linking these two research
streams to enable long-term planning for long-lifetime assets such as BTES under deep climate uncertainty

(Section 2.3).

2.1. District heating network capacity expansion

Capacity expansion for district heating has been studied from multiple perspectives. The most similar
work to ours was conducted by Kok et al. [9], who used the package SDDP.jl developed by Dowson and
Kapelevich [10]. Leveraging a Markov-chain structure, they performed an SDDP to optimize investment
decisions every ten years until 2050, taking into account uncertain operational scenarios. The Markov chain
incorporated random evolution in demand and uncertain energy prices, making the algorithm robust to both
demand variation and price volatility. More recently, Siddique et al. [11] applied a multistage stochastic
optimization framework with risk aversion to the dispatch of large-scale heat-pump-based district heating
systems, demonstrating how sequential uncertainty resolution and CVaR-based risk treatment materially
affect operational decisions under volatile electricity prices and renewable generation.

Zwickl-Bernhard et al. [12] conducted a two-stage linear programming optimization to meet the energy
demand of a district in Washington, D.C. As a first step, they used URBANopt, a framework built on
OpenStudio® and EnergyPlus that enabled urban-scale analyses through quasi-dynamic co-simulation. This
step provided the area’s heating, ventilation, and air-conditioning demand profiles. In the second step, they
implemented a two-stage stochastic optimization model, where investment decisions were made in the first
stage and energy price volatility was represented in the second stage. Similar methodologies were applied

by Shen et al. [13] and Chen et al. [14].



Dziuvé and Lekavicius [15] examined investment options in wastewater heat pump capacity and Power-
to-Hs waste heat solutions under uncertainty in electricity, biofuel, natural gas, and COs prices, as well as
heat demand variability. Using the simulation tool EnergyPro, they performed Monte Carlo simulations to
identify the best-performing system design and to assess its impact on several technical indicators. Their
analysis considered uncertainties projected through 2030.

Grecu et al. [16] investigated the decarbonization of a district heating network in Poland under uncertainty
in energy prices (electricity, biomass, and biomethane) and potential waste heat cessation. They used the
simulation tool TESCA, providing as input the system’s heat supply technologies and their capacities, annual
residential heat demand, energy carrier prices (electricity, biomass, biomethane, and waste heat), and the
temperature levels of ambient and waste heat sources.

Petkov et al. [17] optimized multi-energy systems and envelope retrofits using a deterministic multi-
stage optimization framework. They considered 30-year planning horizons with multiple investment periods,
allowing the system to adapt as its environment evolved. They performed a multi-objective optimization to
minimize CO2 emissions and costs simultaneously.

Fiorentini et al. [18] optimized a district heating and cooling system incorporating borehole thermal
energy storage, showing that optimal BTES sizing and operation depend strongly on boundary conditions

such as COq pricing and the availability of cooling-driven waste heat.

2.2. Heating and cooling demand evolution

This section reviews how climate change affects heating and cooling demand in buildings, with a focus on
methodological approaches. A study-by-study mapping of scope, scenarios, climate models, horizons, and
demand models is provided in Table 1. Time horizons follow the common bins used in the field (2040s, 2050s,
2060s, 2070s, 2080s, 2090s, and 2100s); where relevant, we distinguish between mid-century and late-century
results. Although authors make different choices along four interrelated dimensions—spatial scope, scenario
framework, climate data and downscaling, and demand models—they converge on the qualitative finding
that heating demand decreases and cooling demand increases under warming. The magnitude of change,
however, varies widely, and these methodological choices explain much of the divergence.

Global analyses emphasize broad patterns and large-scale uncertainty. Staffell et al. [1] reconstructed
demand using MERRA-2 reanalysis data and a Building Adjusted Internal Temperature (BAIT) model,
showing that indoor temperature adjustments could deliver substantial energy savings, but also that cooling
demand is rising sharply worldwide. Deroubaix et al. [19] combined Heating Degree Day (HDD) and Cooling
Degree Day (CDD) with thirty CMIP6 GCMs under two Representative Concentration Pathways (RCPs):
RCP 4.5 and 8.5 scenarios; for Paris alone, projected increases in cooling demand ranged from a modest
+2% to an extreme +348%, demonstrating the magnitude of climate-model uncertainty. Mastrucci et al.

[4] used a global building stock model, coupling SSP-RCP scenarios with a Variable Degree Day (VDD)



approach, and showed how assumptions on socio-economic development affect emissions as much as climate
trajectories. Earlier, Labriet et al. [20] stressed the feedback loop between global emissions, climate change,
and space-conditioning demand, albeit with limited quantitative detail.

At the continental scale, authors rely on ensembles of RCMs to better capture spatial variability. In
Europe, Larsen et al. [21] used five RCMs under RCP 2.6, 4.5, and 8.5, combined with HDD/CDD metrics,
to project heating reductions of 9-15% and cooling increases of up to 130% by 2050. Spinoni et al. [22], using
the same RCM ensemble but extending to 2100, found even sharper changes, emphasizing the role of time
horizon in amplifying impacts. Despite differences in magnitude, both studies converge on the finding that
heating decreases and cooling increases, though the magnitude depends strongly on the climate scenario.

National-scale analyses typically combine climate projections with more detailed demand models. In
Germany, Olonscheck et al. [23] applied Special Report on Emissions Scenarios (SRES) A1B and A2 scenarios
with a single RCM to estimate HDD/CDD-based energy demand, highlighting the moderating influence of
policy and demographic factors. In Switzerland, Wehrli et al. [24] used the CH2018 climate ensemble with
the dynamic IDA-ICE simulation tool, showing that the choice of reference year shifts results significantly.
Also in Switzerland, Mutschler et al. [6] applied 68 CH2018 projections under RCP 2.6, 4.5, and 8.5 with
HDD/CDD metrics, and concluded that cooling device uptake can outweigh the direct climate signal. For
Belgium, Elnagar et al. [3] combined GCM outputs with a single RCM to simulate SSP-RCP pairs, using
an analytical building model; they found mid- to late-century heating demand reductions of 13-22% and
cooling increases of 61-123% by 2090. In China, Xiong et al. [5] employed DeST building simulations with
SSP-RCP combinations, finding surging cooling demand in southern provinces but modest changes in the
north. In Portugal, Andrade et al. [25] used seven RCMs under RCP 4.5 and 8.5 to map spatial patterns of
HDD/CDD changes, revealing strong intra-country contrasts. Together, these national studies illustrate how
choice of scenario framework (SRES vs. RCP vs. SSP-RCP), climate data (ensembles vs. single models),
and demand models (degree days vs. building simulations vs. analytical balances) produces different levels
of uncertainty.

Regional analyses often use synthetic archetypes to compare climates across areas. Walch et al. [26]
evaluated shallow geothermal systems in Vaud and Geneva (Switzerland), linking RCP 2.6, 4.5, and 8.5
scenarios to HDD/CDD demand estimates, and showing that increasing cooling demand stresses seasonal
balancing and limits geothermal potential unless complemented by district heating networks. Ziemele et al.
[27] quantified how global warming and building renovation jointly reduce heat demand and alter required
district heating capacity, illustrating that climate change affects not only energy consumption but also
long-term infrastructure adequacy. Inter-regional comparisons highlight climatic diversity: Ahmed et al.
[28] simulated a common archetype in Valladolid, Cairo, Brasilia, Juneau, and Warsaw using EnergyPlus,

revealing minimal change in Alaska but dramatic cooling surges in Cairo. Tomrukcu and Ashrafian [29]



used EnergyPlus to compare Izmir and Istanbul under multiple RCPs, with stronger growth in the warmer
city. Guarino et al. [30] relied on CESM1(CAMS5) GCM projections under RCPs 2.6, 4.5, 6.0, and 8.5,
also with EnergyPlus, to contrast Palermo and Copenhagen, finding large absolute increases in southern
Europe but steeper relative increases in northern Europe. Similarly, Cellura et al. [7] applied 24 GCMs with
TRNSYS across 16 Mediterranean locations, while Rodrigues and Fernandes [31] used SRES A2 scenarios,
CCWorldWeatherGen downscaling, and the EPSAP plus EnergyPlus combination to test overheating in
southern Europe. Across these studies, the combination of archetype-based building simulation and diverse
climate inputs shows how methodological choices interact with geography to shape outcomes.

Local studies provide the most detailed but also the most heterogeneous results, since they depend
heavily on building archetype, weather generator, and demand model. In Slovenia, Vidrih and Medved
[32] tested multiple heating and cooling techniques with TRNSYS under SRESs A2 and B2, using four
GCMs. In India, Thapa et al. [33] simulated a concrete multi-family building in the Himalayas using De-
signBuilder /EnergyPlus and CCWorldWeatherGen, showing disproportionate cooling increases due to poor
thermal inertia. In Tehran, Aram et al. [34] combined CCWorldWeatherGen with DesignBuilder /EnergyPlus
and an NSGA-II optimization to show that passive retrofits can partially offset climate-driven increases. In
Sweden, Hosseini et al. [35] used five GCMs under RCPs with a degree-day approach and the Urban Weather
Generator, emphasizing the role of extreme events. In Poland, Bazazzadeh et al. [36] simulated ASHRAE
90.1 archetypes with EnergyPlus and CCWorldWeatherGen, while in Milan, P. Tootkaboni et al. [37] used
EnergyPlus with 14 GCMs processed through WeatherShift. In Spain, Rey-Hernandez et al. [38] simulated
buildings with DesignBuilder/EnergyPlus and CCWorldWeatherGen to link demand to renewable integra-
tion. In Cameroon, Nematchoua et al. [39] applied HDD/CDD under SRESs A1B, A2, and B1 with 14 GCMs,
finding cooling increases dominate. Finally, Summa et al. [40] used TRNSYS with ERA-Interim/UrbClim
data to simulate a nearly-zero energy building in Rome, showing that efficiency gains only partly offset
rising cooling loads. These local case studies underscore that weather generator choice (CCWorldWeath-
erGen, WeatherShift, UWG, UrbClim), simulation platform (EnergyPlus, TRNSYS, DesignBuilder, DeST,
IDA-ICE), and building archetype assumptions drive as much variation as the climate scenario itself.

Scenario frameworks have evolved alongside these applications. Early national and local studies often
used the SRESs, which described divergent socio-economic futures without explicit climate policies [23, 39].
From 2005 onward, these were replaced by RCPs, and most recent continental and global studies combine
SSPs with RCPs [4, 5].

The climatic inputs to these scenarios come from different classes of models. GCMs provide large-scale
projections and are common in global studies, often in large ensembles; for example, Deroubaix et al. [19]
used thirty CMIP6 GCMs to illustrate the scale of uncertainty. By contrast, smaller-scale studies often select

a subset of GCMs or downscale them with RCMs, as in European continental work [21, 25| and national



assessments based on the CH2018 ensemble [24]. Local studies frequently rely on weather generators to
produce hourly weather files for building simulations: CCWorldWeatherGen [31, 33, 36, 38], WeatherShift
[37], the Urban Weather Generator (UWG) [35], and ERA-Interim/UrbClim [40]. Results depend strongly
on the chosen generator and downscaling chain.

Finally, the way energy demand is modeled varies systematically with scope and data availability. Degree-
day methods remain the most widely used for large-scale work because of their simplicity and scalability,
but they tend to exaggerate linear trends in response to warming. By contrast, building energy simulation
dominates local and case-study analyses—most commonly EnergyPlus and TRNSYS, alongside IDA-ICE
and DeST—often coupled with design-generation or optimization tools such as EPSAP [31] and NSGA-

IT [34]. These models capture non-linearities and extreme events, but their results are highly sensitive to

assumptions about building design and operation.

ground, particularly suited to national assessments [3].

Stock models and analytical balances offer a middle

Table 1: Study-by-study mapping of scope, scenarios, climate models, horizons, and demand models.

Study Scope Scenario(s) Climate model(s) Horizon Demand model
Staffell (2023) [1] Global Historical MERRA-2 reanalysis 1980— BAIT / DD-like
2022
Deroubaix (2021) [19] Global RCP4.5, 8.5 30 CMIP6 GCMs 2040s HDD/CDD
Mastrucei (2021) [4] Global SSP1-2.6, 2-4.5, GCM ensemble 2050s VDD
3-7.0
Labriet (2015) [20] Global - - - -
Larsen (2020) [21] Continental RCP2.6, 4.5, 8.5 5 RCMs 2050s HDD/CDD
Spinoni (2018) [22] Continental RCP4.5, 8.5 5 RCMs 2100s HDD/CDD
Olonscheck (2011) [23] National SRESs A1B, A2 1 RCM 2060s HDD/CDD
Wehrli (2024) [24] National RCP2.6, 8.5 CH2018 ensemble 2070s IDA-ICE
Elnagar (2023) (3] National SSP-RCP pairs GCM + 1 RCM 2100s Analytical
Xiong (2023) [5] National SSP1-2.6, 2-4.5, - 2100s DeST
3-7.0, 5-8.5
Andrade (2021) [25] National RCP4.5, 8.5 7 RCMs 2070s HDD/CDD
Mutschler (2021) [6] National RCP2.6, 4.5, 8.5 68 proj. (CH2018) 2060s HDD/CDD
Walch (2022) [26] Regional RCP2.6, 4.5, 8.5 . 2050s GSHP /system
Ahmed (2025) [28] Inter-regional - - 2080s EnergyPlus
Tomrukcu (2024) [29] Inter-regional RCP2.6, 4.5, 8.5 - 2080s EnergyPlus
Guarino (2022) [30] Inter-regional RCP2.6, 4.5, 6.0, 8.5 CESM1(CAMS5) 2090s EnergyPlus
Cellura (2018) [7] Inter-regional RCP2.6, 4.5, 6.0, 8.5 24 GCMs 2090s TRNSYS
Rodrigues (2020) [31] Inter-regional SRES A2 - 2050s EPSAP + Ener-
gyPlus
Vidrih (2008) [32] Local SRESs A2, B2 4 GCMs 2050s TRNSYS
Thapa (2023) [33] Local SRES A2 CCWorldWeatherGen 2080s DesignBuilder /
EP
Aram (2022) [34] Local SRES A2 CCWorldWeatherGen 2080s DB/EP; NSGA-II
Hosseini (2022) [35] Local RCP2.6, 4.5, 8.5 5 GCMs 2100s Degree-days
Bazazzadeh (2021) [36] Local SRES A2 CCWorldWeatherGen 2080s EnergyPlus

(ASHRAE 90.1)
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Table 1 (continued)

Study Scope Scenario(s) Climate model(s) Horiz. Demand model

Tootkaboni (2021) [37] Local RCP2.6, 4.5, 8.5 WeatherShift™ (14  2100s EnergyPlus
GCMs) (TABULA)

Rey-Hernandez (2018) [38] Local - CCWorldWeatherGen 2080s DesignBuilder /

EP

Nematchoua (2015) [39] Local SRESs A1B, A2, Bl 14 GCMs 2070s HDD/CDD

Summa (2020) [40] Local RCP4.5, 8.5 ERA- 2050s TRNSYS (nZEB)
Interim/UrbClim

2.3. Research Gap and Contribution

Across scales, existing climate-related studies consistently find that heating demand decreases and cool-
ing demand increases under climate change. Yet their quantitative results diverge substantially, reflecting
differences in spatial scope, scenario frameworks, climate data, downscaling choices, and demand models.
In parallel, capacity expansion studies often rely on discrete scenarios that assume demand increases or
decreases by a fixed percentage, but these studies typically do not model the explicit, dynamic impact of
climate change on demand. The literature thus offers a fragmented picture. It either maps demand trajec-
tories without proposing actionable strategies, or it proposes strategies while ignoring the critical influence
of climate change. Crucially, no study addresses how long-lived building and energy-system investments can
adapt under such deep uncertainty rooted in climate-driven demand shifts. Instead, authors have passively
projected demand changes without exploring how to actively design cost-effective, climate-resilient systems.
This article fills that gap by proposing an investment planning framework that accounts for scenario uncer-
tainty and identifies strategies that minimize combined operational and investment costs while remaining

adaptive to future needs.

3. Methodology

This section introduces the methodological framework employed to address the investment strategies
for building energy systems that minimize combined operational and investment costs while adapting to
uncertain climate-driven demand shifts (Section 3.1). Specifically, this section provides the formulation of
the stochastic multi-stage programming model, including the implementation of the SDDP algorithm for
solving this class of problems and the scenario structures. Section 3.2 applies this framework to our specific

problem and introduces the notation, variable definitions, and demand representations.

3.1. Stochastic multi-stage programming

Stochastic multi-stage programming is used to solve Linear Programming (LP) optimization problems
constituted of T" optimization stages where initial variables must be optimized given v; possible scenarios

and the availability of next-stage variables and parameters. We denote the uncertain parameters for each
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Figure 1: A representation of our problem: each stage represents a decade, and each branch represents a different SSP impacting
ambient temperatures and carbon prices evolution. The uncertainty lies between stages 0 and 1, as an SSP is sampled with

probability 0.25. Afterwards, each SSP is modelled using the usual deterministic multi-stage modelling.

scenario wy;,t € 1,...,T,1 € 1,...,v;. Inter-stage constraints create a relation between stages, making the
decision process more complex and increasing the problem’s complexity, but the resulting solution is also
statistically optimal and takes into account uncertainty [41].

An elegant formulation for a T-stage problem is provided by Philpott and Guan [42]. We adapted it to

explicitly separate the investment variables # and the operational variables y in the following:

LP,: W = glllﬂ ety +uiyr + Va(z1) (1)
st. Az + By =b (2)
Z1, Y1 >0 (3)

LPy : Vi(wi—1,wi) = min cf o+ uf Yy + Veyr(a) (4)
sit. Ay + By =wy — D11 (5)
0y >0 (6)

where Vi(zi—1) = E[Vi(z—1)] = 215 puiVi(@i—1,wy) for all ¢ € 2,...,T and Vryq = 0 where py; is the
transition probability from the current state to state ¢ at stage t.

Several solvers can be used to address this type of problem. In this study, we use the SDDP algorithm
through the JuDGE.jl package developed by Baucke et al. [8]. The problem structure is shown in Fig. 1,
where each branch represents an SSP—that is, a scenario ¢;—and each decade corresponds to an optimization

stage.
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3.2. Subproblem definition

It is important to highlight the different time scales at which we optimize investment and operation.
Typically, our optimization horizon is 80 years. As mentioned, each decade is represented by a node, where

a subproblem is solved. Each node uses typical days to represent the operations during a given decade.

Typical days. To capture the intraday dynamics and reduce the problem size, we use representative periods
with the TSAM package [43-45]. In our case, we choose to select 16 representative days which will represent
the weather throughout the century, SSP and GCM!: instead of optimizing 365 days x 80 years x 6 GCM x
4 SSP = 7eb days, we optimize 16 representative days of operations whose weight depends on the expected
number of occurences (inter-model frequency) they have for each stage (decade) and state (SSP). Per decade,
this represents a complexity reduction by a factor of 1368 (from 10 years and 6 models to 16 days). Additional

information is available in Appendix B.

3.2.1. Sets and variables

To simplify our notations, we will consider here only the subproblem-specific variables x and y and drop
the indices related to stages and scenarios. Similarly, we change the meaning of w as a stage-state index for
an uncertain parameter. In our work, it will serve to highlight the parameters that are scenario-dependent.
To do so, we consider four different sets: T refers to the set of available technologies, D refers to a set of
representative days, and H is the set of hours composing these representative days. In addition, we define
an integer set for each technology £; = {1, ..., Ly + 1}Vt € T representing the number of stages left for every
technology before it retires, where L; is the standard lifetime of a technologies t € T (expressed in number
of stages) and the integer L; + 1 indicates that the capacity is being installed, yet not operational.

For each subproblem, z;; denotes the installed capacity of technology ¢ with remaining lifetime | € £;.?
During typical day d at time h, y: 4., represents the thermal power output of technology ¢ and T}; j, represent

the indoor temperature of the buildings.?

1There are two reasons to keep the same representative days across scenarios and decades: (1) it ensures fair comparison
can be done when comparing operation. (2) it allows the use of more advanced techniques (adaptive oracles and bounding

techniques)
2In particular, JuDGE.jl allows putting a delay and a lifetime (expressed in stages) to install new capacities and how long

they will be usable. Again, to simplify notation, we assume that the investment variables z of Egs. (1), (2), (4) and (5) indicate
how much capacity is currently available, depending on the required stages for installation and their estimated lifetime, and we

use z;°V to denote the newly installed capacity.
3Note that there is no variable y for the BTES technology, as the thermal output of the latter depends on the capacity of

the GSHP.
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3.2.2. Parameters
In addition to the investment cost vector ¢, the model utilises the following parameters, defined for each
typical day d € D and typical hour h € H.
Temperatures (°C)
® Tiut,a,n: outdoor temperature.
® Thax,d,n: maximum desired indoor temperature.

® Tiin,a,»: minimum desired indoor temperature.

S

T}Lpply,di heat supply temperature.

o IS pply.a: cold supply temperature.

Heat Gains and Losses
o Uy temperature-dependent gain/loss coefficient (kW/°C), accounting for envelope and ventilation
losses.

o Q4 n: temperature-independent gain/loss (kW), from solar and internal sources.

Cost Tensors Two core cost tensors, u (operational) and p (unmet comfort), are defined as follows.

Tensor u — Operational Costs. The element u; g5, represents the cost of operating technology ¢ during typical

day d at hour h. It is computed as:

Ut dn(w) = W Y(t,d,h) € T xD x H (7)

where
e a,(w) is the average number of actual days represented by typical day d in scenario w,

® 5 4. is the conversion factor (e.g., Coefficient Of Performance (COP)) from primary resource to useful

heat or cold,

e 7 (w) is the scenario-dependent cost of the primary resource (including CO4 taxes).

Tensor p — Unmet Comfort Penalties. Similarly, the element pg; denotes the cost of deviating from the

desired temperature bounds during typical day d at hour h*. It is defined as the product:

pd,h(w) = ad(w) * Yunmet,d,h (8)

where Yunmet,a,» 1S the penalty per degree of unmet comfort (¢/°C). In this study, a fixed penalty of

1M€/°C - h is applied, effectively enforcing strict comfort requirements.

4We refer to Appendix C for more details on the values of 8 and ~.
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3.2.3. Objective function

The objective function of the subproblem, therefore, becomes® 6:

V({z.}i,w) = min €T L4 + ouw iy + piAT 4+ Vel (9)
Z. L+1,Y N—_—— N—— N—— N———

newly installed capacity  operational cost thermal discomfort next stages expected value

3.2.4. Constraints

Indoor temperature requirements. The main constraint of our model relies on the definition of the comfort
interval: we assume an indoor comfort interval ([Tiin,d,h, Tmax.d,5]) for temperature in our model. We assume
this interval is [15°C, 25 °C] if h € [8,20] and [9 °C, 30 °C] otherwise (assuming the buildings are unoccupied).
Accordingly, we define the variables AT; »n and ATy, as being the deviations from the interval, which lead

to penalties.”

Tan+ ATih >Tinin,d,h V(d,h) € D xH (10)

Td,h — ATih STmax,d,h V(d, h) €ceDxH (11)

Thermal balance. The thermal balance constraints compute the evolution of the indoor temperature depend-
ing on the system operations (heating or cooling) and exogenous factors (heat gains/losses). This formulation
makes the building behave like a thermal storage whose temperature can be adapted to reduce costs while

keeping in the comfort zone.

I (Taper =Tan) = Y Ytan — D ian +Ush- Towan —Tan) +Qapn  V(d,h) € DxH (12)
1 teT teT .
buildings temperature change ——— —_——— gains/losses

heating power  cooling power

Heating and cooling supply temperatures are computed daily:

Tsl:lpply,d = m}?'X(Tmin,d,h + max(Tmin’d’h — Tout,d,h» 0))+5 Vd € D (13)
scupply’d = mhin<Tmax,d,h - maX<Tout7d,h - Tmax,d7h7 O)) -5 vVd € D (14)

5The reader will notice how the vector x is shifted at each stage, leading to a technology pipeline where technology ages

through stages.
6The operator - : - is a tensor contraction or (Frobenius) inner product. In other words, u : y is equivalent to

Ut d,h " Yt,d,h
(t,d,h)ET XDxXH

7Since these quantities are minimized, they will always be zero except when Ty,n deviates from [Tin,d,hs Tmax,d,h)-
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Installed capacity x and thermal output y. The constraints on the maximal capacity are noted leveraging
the thermal conversion factor ;45 and the nominal conversion factor Bpom (nominal COP, efficiency) of
a technology ¢ on day and time d, h. Leveraging the conversion factor allows considering the limitation in

compressor power in heat pumps when temperature gap widens between the heat sink and the sources.

Z Tt
Bodh g ZieLLeHl) W(t,d,h) € T x D x H (15)
Bran Brom
——
operational input nominal input

Geothermal balancing. In practice, a BTES system requires balancing over each subproblem. This means
that as much heat has to be sent in as extracted, taking into account the active system contribution to the
thermal energy balance. We denote ygm an and Ygo, 45 as the heat and cold generated due to the borehole

storage. With Bgeo,q4,n denoting the active system’s COP, the balancing constraint becomes:

h c
) no BPeeodn =1 _ 3 ¢ Bgeoantl 16
ad(w)ygeo,d,h h - ad(w)ygeo,d,h c ( )
(d,R)EDXH geo,d,h (d,h)EDXH geo,d,h
heat extracted from the ground heat injected in the ground

Geothermal energy limit. In order to limit the soil variations in temperature, we limit the amount of heat
that can be injected into the ground by linking the installed capacity to the maximal amount of energy

stored in the ground with a parameter C' (see Appendix D.2 for more details).

h ﬁgeo d,h 1
§ O‘d((“‘})y,cgeo,d,h h <C- § ITBTES,I (17)
(d,h)EDXH geo,d;h leL\{L,+1}
heat extracted from the ground thermal capacity

3.2.5. Full Subproblem formulation

Leveraging Eqs. (9) to (12) and (15) to (17) we can write the subproblem as:

min ¢z 41+ uw) Yy +p i AT + Ve ({2015

T.,L4+1,Y
I (Taptr — Tan) = Zyﬁd,h - Z Yean T Udn (Tous,an — Tan) + Qan V(d,h) €D x H
teT teT
Tan + AT}y > Toindn V(d,h) €D x H
Td,h — ATdCA’h < Tmax,d,h V(d7 h) eEDxH
Yrn o 2AELA Lo ! V(t,d,h) € T x D x H
/Gt,d,h o Bnom I
\ Bieo.dn — 1 . Beo.an T 1
Y a(@)geoan "5 = ) W)Yo an e —
(d,h)EDXH geo,d,h (d,h)EDXxH geo,d,h
) Bheo d,h 1
Z ad(w)y;eo,d,hgﬁi, <C- Z TBTES,!
(d,h)eDxH geo,d,h leL\{L,+1}
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It is interesting to note at this stage that the only uncertainty in each subproblem translates into an
uncertain cost parameter (and an uncertain coefficient for the borehole balancing and limits). Indeed, due to
the typical demand days, we could remove the uncertain demand from the Right Hand Side (RHS) term and
put it as an uncertain number of times a typical demand would need to be satisfied. Similarly, the uncertain

CO; tax impacts the objective function, but not the constraints themselves.

4. Case study

This section introduces the case study used to apply and evaluate the proposed methodology. We first
describe the location and climate projections that define the boundary conditions of the problem (Section 4.1).
Then, we present the building load profiles (Section 4.2) and the set of technologies considered in the analysis

(Section 4.3), along with their investment and operational characteristics.

4.1. Location

The case study focuses on Brussels, Belgium (4.3755° E, 50.8620° N) and is located on a campus under ren-
ovation of the Vrije Universiteit Brussel. As detailed in Appendix A, the buildings are currently undergoing
a change in use, significant retrofitting, and the installation of a brand new DHC system. These concurrent
transformations make data-driven methods challenging for this site. The campus network is shown in Fig. 2a,
connecting multiple buildings. (see details in Appendix A) Currently, an ASHP feeds the district heating
and cooling network, which operates at low temperatures (<60°C), leading to negligible thermal losses. The
same distribution infrastructure is used year-round, alternating between supplying heating in the winter and
cooling in the summer to the building’s active induction beams.

To assess projected temperature changes, we used the RCM MARwvS3.1/4, which is driven by six GCMs:
CMCC-CM2-SR5, EC-Earth3-Veg, IPSL-CM6A-LR, MIROC6, MPI-ESM1-2-HR, and NorESM2-MM. Weather
projections were obtained for four shared socioeconomic pathways (SSPs)—SSP1-2.6, SSP2-4.5, SSP3-7.0,
and SSP5-8.5—covering the period 2015-2100. The resulting temperature projections for Brussels are shown
in Fig. 2b (yearly averaged) and in Fig. 3 (daily average).

4.2. Thermal gains, losses and inertia

The building is subject to various heat gains and losses and has a defined inertia that impacts its
thermodynamics. We consider in this article the thermal exchanges with the exterior through envelope
and ventilation, the thermal gains due to solar radiation and internal loads and the thermal inertia of the
building. The details on the building topology and afferent assumptions are provided in Appendix A. The

quantified losses are available in Appendix E.
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Climate Models Mean Temperature Projections
by SSP Scenario in Brussels
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(a) Representation of the campus’ district heating and 2020 2030 2040 2050 2060 2070 2080 2090 2100
cooling network. The temperature of the network is Year
adapted such that heating and cooling are delivered al-
ternatively, depending on the season. Supplied build- (b) projected yearly averaged outdoor temperature. The solid line repre-
ings are in orange. BTES drilling area is represented sents the inter-model mean, and the shaded area, the dispersion of values
in green. Inspired by Anyoji Beltrando Architectes Ur- across models. The annotation on the right represents the difference be-
banistes et al. [46] tween the mean projected temperature in 2020 and 2100.

Figure 2: Characteristics of the case studying Brussels (4.3755°E, 50.8620°N): system lay-out and weather conditions’ projection.

4.3. Technologies

The investment costs are derived from Prognos AG et al. [47] and their costs are extrapolated for the
end of the century (see method in Appendix D.1). The final costs are visible on Fig. 4.

All investments are subject to a one-decade delay between the investment decision and the availability
of the corresponding capacity. All technologies have a technical lifetime of two decades, except for borehole

systems, which have a lifetime of five decades.®

The operational cost u required for the thermal power
(heating and cooling) is the product of factors «, 8,7 (as detailed in Section 3.1). More details on the
computation of 8 and v and the influence of the carbon tax are provided in Appendix C.

The optimization starts in 2020 with all heating and cooling demand covered by ASHP capacity. This

initial system operates until 2030, when it reaches end-of-life and requires replacement. The model then

determines optimal subsequent investments and operations from this starting condition.

8To prevent a bias against technologies with long lifespans that are installed near the end of the simulation period, we use
a "sandwich cost" method. This ensures that the model fairly values their full lifetime benefits, even beyond the model’s time

horizon.
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Temperature Distributions by Decade and SSP - SAM-§PM Temperature Distributions by Decade and SSP - 8PM-8AM
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Figure 3: Distribution of the daily-averaged temperature forecast for different decades and ssp. The vertical line indicates the

bounds of the indoor comfort interval.
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Technology Investment Costs: Historical Data and Projections
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Figure 4: Technology investment cost trajectories. Circles denote historical data points (2010-2023); squares indicate decadal
extrapolations (2025-2095). Solid lines show fitted hyperbolic decay curves, capturing technology learning rates and asymptotic

cost floors.

5. Results

This section presents the results obtained from applying the proposed methodology to the case study.
We first analyze the evolution of heating and cooling demand under different climate scenarios (Section 5.1).
We then introduce our objective function decomposition into CAPEX, OPEX and COs costs in Section 5.2.
Then, we discuss the resulting optimal technology mix and its evolution across decades and SSPs (Sec-
tion 5.3), followed by the optimal operational patterns and cost structures that emerge from the model

(Section 5.4).

5.1. FEvolution of heat gains and losses

Figure 5 illustrates how daily aggregated heat gains and losses needs evolve throughout decades and under
the four SSP scenarios. In the 2020s, the heat losses are around 1890 MWh (mainly in winter), while the
heat gains remains small, around 715 MWh (mainly in summer). These values reflect the current climate of
Brussels, where winters still dominate the thermal balance and cooling demand is almost negligible, despite
internal and solar gains. As temperatures rise, however, the relationship between heat gains and losses
gradually reverses. Heat losses decreases steadily in all scenarios, falling to about 1730 MWh (—4% + 23%)
under SSP1-2.6, 1478 MWh (—20% + 25%) under SSP2-4.5, 1003 MWh (—49% £ 27%) under SSP3-7.0, and
845 MWh (—57% =+ 34%) under SSP5-8.5 by the 2090s. Even under moderate warming (SSP2), heating
needs drop by roughly one-fifth, and under severe warming they are effectively halved (SSP3 and SSP5).
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Evolution of Daily Net Energy Balance SSP Scenario
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Figure 5: Evolution of net energy balances across SSP scenarios. For each decade, daily energy balances are computed (gains
minus losses), then separated into positive (net gains, left) and negative balances (net losses, right). The plots show how the

yearly aggregated values evolve under different climate pathways.

This steady decline reflects both shorter heating seasons and smaller temperature differences between indoor
and outdoor conditions during winter months.

Cooling demand follows the opposite trend. Starting from about 715 MWh in the 2020s, it rises to
approximately 991 MWh (444% =+ 26%) for SSP1-2.6, 1330 MWh (+70% =+ 26%) for SSP2-4.5, 2020 MWh
(+198% =+ 27%) for SSP3-7.0, and 2791 MWh (+291% =+ 25%) for SSP5-8.5 by the end of the century.
The increase is nearly exponential beyond mid-century, when warming accelerates, and extreme summer
conditions become more frequent. In lower-emission scenarios, the rise in cooling demand remains moderate

because temperature peaks stay within current comfort thresholds for most of the year.

5.2. Objective function

The objective function represents the system’s expected total cost, calculated as the average across all
scenarios shown in Fig. 6. Results indicate that the objective function decreases as climate change intensifies,
with periodic asset renewal every twenty years. The CO2 tax has a minimal impact on overall costs, while
investment accounts for more than 50% across scenarios — a proportion that remains relatively stable. The

rest of the total costs are attributed to primary resource expenditures (electricity and gas).

5.3. Optimal design

Figure 7 illustrates the evolution of installed capacities across the four SSPs. The system exhibits
consistent investment patterns across scenarios, reflecting that the use of identical typical days for each

decade and SSP enables coverage of similar extreme conditions, despite changes in their frequency.
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Objective Function Decomposition per SSP and Decade (Expected Value: 22.44 M€)
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Figure 6: Decomposition of the total discounted objective function across SSPs, decades, and cost categories, explicitly including

discounted operational expenditures (OPEX) alongside investment costs and CO2 taxes.

Evolution of the installed capacity per SSP
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Figure 7: Installed capacities as a function of time and SSP. Power values are reported in equivalent thermal power at the

nominal operating point (Tous = 7°C, T =35°C).
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GSHP reaches saturation rapidly as the most efficient technology, while ASHP maintains a fixed size
dictated by cooling peaks. NG capacity initially expands in the second decade as a cost-effective heating
solution under harsh winter conditions, then gradually declines in all scenarios.

BTESs saturate at a level constrained by the available drilling power capacity under the given assumptions
(see Appendix D.2). In practice, this implies that further expansion would require either a larger drilling
area or increased borehole depth.

The only design variable that shows substantial variation is NG capacity, which declines progressively
due to: (1) rising CO5 taxes and electricity decarbonisation in low-emission scenarios, and (2) milder winters
in high-emission scenarios.

By the end of the century, the combined nominal capacity exceeds 3750 MW.?

5.4. Optimal operations
Evolution of yearly consumed energy
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Figure 8: Annual heating and cooling supplied by technology across SSPs and decades. Heating demand decreases as warming
intensifies, while cooling grows from marginal to dominant in severe scenarios. Results for 2020 correspond to the initialised

system, where heating and cooling are fully met by ASHP.

Energy. Figure 8 presents the annual energy supplied by each technology over time and across SSPs. Al-

though design choices are similar across scenarios, operation is strongly influenced by changing climatic condi-

9Nominal conditions correspond to Touy = 7°C and Ts};pply

caution, as the limiting factor for heat-pump assets is typically the primary input (electrical power) rather than the thermal

= 35°C. The thermal capacities must be interpreted with

output, and extreme operating conditions reduce effective capacity.
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tions and operating costs. Heating and cooling demands remain stable in the mitigation scenario (SSP1-2.6),
but gradually shift toward greater cooling as climate change intensifies, resulting in a cooling-dominated sys-
tem in severe warming pathways (SSP5-8.5).

Heating is primarily supplied by GSHP or NG in early decades, with ASHP playing a minor role. This
is due to similar operating conditions, making gas much more competitive than electricity (carbon-intensive
electricity mix, low carbon prices) and the relative similarity in climate at that stage. By the end of the

century, the pattern diverges:

e In mitigation scenarios, rising CO2 taxes progressively reduce NG use; heating is first met by GSHP

until saturation, then by ASHP, with NG reserved only for peaking during extreme cold periods.

e In high-emission scenarios, NG acts as a secondary technology, covering most heating needs not met

by saturated GSHP capacity.

Cooling is initially shared equally between ASHP and GSHP. Across all scenarios, GSHP is used until
saturation, after which ASHP serves as the flexible secondary technology—its installed capacity remains
fixed, but its operating frequency increases with demand.

Interpreting these results is challenging due to the asymmetric shift in demands: heating decreases by 55 %
in high-emission scenarios, while cooling increases by over 289 %. This transformation of the heating—cooling
balance fundamentally alters the optimal technology mix, favouring flexible cooling solutions and seasonal

heat-storage systems as warming intensifies.

Operational Expenditures. Figure 9 shows the evolution of annualized Operating Expenses (OPEX) across
decades and SSPs. Total OPEX remains relatively stable across scenarios, but its composition shifts funda-

mentally with changes in the energy mix and in heating and cooling demand.
Evolution of yearly operational expenditure
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Figure 9: Evolution of annual operational expenditures by source and end-use (heating/cooling) across SSPs.
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In the early decades (2030s), heating dominates demand, and cooling is marginal. By the end of the cen-
tury, outcomes diverge: in mitigation scenarios (SSP1-2.6), heating still drives most costs (75.1 %), whereas
in severe warming pathways (SSP5-8.5) cooling becomes the dominant cost component (68.8 %).

NG use declines rapidly around 2050 in SSP1-2.6, due to a carbon-neutral electricity grid and high carbon
prices. However, it remains substantial in higher-emission scenarios, where it competes with GSHP for the
remaining heating load. In mitigation scenarios, electricity-based heat production accounts for more than
93% of OPEX, highlighting how high electricity prices can limit full electrification in other pathways.'°
In higher-emission scenarios, heating continues to rely on NG until progressively milder winters reduce its

necessity.

COg Emissions. Figure 10 shows the evolution of the carbon emissions of the system over time. Since
the electricity grid reaches carbon neutrality by 2050, all operational CO5 emissions stem from marginal
natural-gas use. Results show that COs emissions decline over time, driven either by rising carbon prices
or by shrinking heating demand. Nevertheless, the system does not fully decarbonize due to the retained
gas boiler for peak loads: despite the technical feasibility of electric boilers, the large energy-cost differential

prevents their adoption under optimality conditions, even under high COs prices.
Evolution of yearly CO2 emissions
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Figure 10: Evolution of the carbon emissions across SSP and decades, decomposed based on their origin.

6. Discussion

The discussion is organized into three parts. Section 6.1 explains how the model behaves and why certain

patterns—such as the shift toward electrification and greater use of thermal storage—emerge across climate

10Although OPEX appears stable across scenarios, the investment cost of a NG boiler is roughly one-tenth that of an ASHP
and one-twentieth that of a GSHP.
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scenarios. Section 6.2 compares these findings with results from previous studies, showing where they align
and where they differ. Section 6.3 then considers what these results mean for future district heating and
cooling planning, notes the main limitations of the current approach, and suggests directions for further

research.

6.1. Interpretation

Across all SSPs, the model consistently converges toward electrified configurations dominated by ASHP
and GSHP-BTES systems, with only marginal supplemental use of NG. This leads to similar levels of emis-
sions and similar operating system costs across all SSPs. Three primary mechanisms drive this convergence.

First, in warmer pathways (SSP3-7.0 and SSP5-8.5), the increasing frequency of warmer temperatures
leads to a dominant need for cooling, reaching ~ 3 GWh/yr in SSP5-8.5 compared to < 1GWh/yr in
SSP1-2.6. Cooling eventually becomes the leading source of operational costs, representing 68.8% of OPEX
in SSP5-8.5 versus 24.8% in SSP1-2.6. Under the assumption of a carbon-neutral electricity grid by the
century’s end, cooling would be entirely decarbonized.

Second, the declining frequency of extreme cold days alters the cost-benefit equilibrium for peak heating
capacity. As these events become rarer, the economic justification for investing in low-cost NG backup boilers
diminishes. In carbon-constrained pathways (SSP1), high carbon prices further disincentivize NG, while in
high-emission pathways (SSP5), the reduced need for backup heating makes it redundant. The required
ASHP and GSHP capacity, already sized to meet peak cooling demand, can cover these infrequent heating
peaks, even at a higher operational cost per event. However, even under mitigation scenarios, complete
electrification is not achieved. Before the 2050s, this is due to relatively low carbon taxes and a still carbon-
intensive grid. Later in the century, a marginal reliance on NG persists despite high carbon taxes, driven
by the high cost of electricity and the low investment cost of an NG boiler. Notably, an electric-resistance
boiler was available but remained unused throughout the study, indicating a clear cost preference for NG for
this residual peaking role.

Third, BTES effectiveness increases across all SSPs as the seasonal temperature amplitude narrows. The
rising frequency of warm days provides more excess summer heat for storage, improving winter utilization.
This benefit is constrained only by the available drilling capacity and the finite energy suitable for inter-
seasonal transfer. In practice, the carbon tax also incentivizes greater use of GSHP as a renewable, efficient
heating technology.

In conclusion, this study demonstrates that future energy system configurations are profoundly shaped by
climate change, and that today’s socioeconomic choices—embodied in the SSPs—fundamentally determine
their operational profile. Despite converging on similar system costs, carbon emissions, and technological
designs (tailored to cope with extreme events), the resulting energy balance varies strongly across pathways.

To achieve complete decarbonization, our findings suggest that policy measures such as banning new NG

26



boiler installations or significantly increasing the cost of natural gas/decreasing the cost of electricity would be
effective. Implementing nex taxes or bans would raise system operational costs by less than 20%, indicating
a relatively modest economic trade-off for achieving full electrification and eliminating residual fossil fuel

use.

6.2. Comparison with eristing studies

The results confirm the pattern consistently reported in the literature: heating demand decreases and
cooling demand increases under all climate scenarios. In Belgium, Elnagar et al. [3] projected a heating-
demand reduction of 13-22% and a cooling-demand increase of 61-123% by the 2090s, using a detailed
building-stock model that accounts for occupancy, internal gains, and ventilation. Our projections show
the same qualitative trends but a wider quantitative range: heating demand declines between —4% =+ 23%
(SSP1-2.6) and —57% =+ 34% (SSP5-8.5), while cooling demand rises by +44% + 26% to +291% + 25%.
This larger spread reflects our explicit treatment of structural uncertainty across multiple climate and policy
pathways, rather than reliance on a single representative climate model.

Methodologically, the two studies differ in scope. Elnagar et al. [3] analyzed energy demand at the
building and stock level, focusing on end-use dynamics. In contrast, our work links those climate-driven
demand shifts to system-level investment and operation. By representing several long-term pathways of
temperature and carbon-price evolution within a multi-stage planning framework, the model captures how
district-scale technology choices and costs evolve across plausible futures. It therefore complements building-

scale studies by translating projected demand changes into concrete system design and cost outcomes.

6.3. Limitations, and future work

Several methodological limitations qualify these conclusions. The model relies on linear programming
and the use of typical days to represent temporal variability. This approach allows tractable optimization

but under-represents short-term dynamics and extreme events.

From multi-stage to multi-horizons. In practice, the framework could be improved in both accuracy and
speed through multi-horizon programming, which decouples the investment and operational subproblems.
Such a formulation enables advanced decomposition algorithms, including adaptive oracles as introduced
by Mazzi et al. [48] and Zhang et al. [49], and specialized bounding techniques such as those developed by
Bayraksan et al. [50]. Improved convergence would also allow the inclusion of multiple operational scenarios
per period, capturing the inter-model variability within each SSP, and facilitate the use of typical days

instead of typical hours to represent more complex load profiles.
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From one region to multi-region analysis. The case study reflects a temperate, heating-dominated climate.
Results should therefore not be generalized without caution. In practice, our findings show that climate
change does not impact significantly the cost stack for this specific case significantly because warmer temper-
atures reduce significantly heating requirements, improve the BTES balancing, and the overall performances
of the ASHP and GSHP. However, this outcome does not hold in regions where cooling demand dominates
or where loads are already balanced. In those contexts, higher ambient temperatures would likely increase

electricity use and reduce system efficiency.

Enabling recourse in climate decision. Our use of four deterministic SSP branches, rather than a full multi-
stage Markov chain, simplifies a core challenge of adaptive planning. While this choice limits the modeling
of later-stage recourse between scenarios, it is justified by the physics of climate inertia—emissions pathways
diverge into distinct, long-lived climatic states that cannot be seamlessly bridged mid-century. Moreover,
integrated models currently lack dynamically branching scenarios for both climate and socioeconomic vari-
ables (e.g., carbon prices), which would be needed to represent such transitions. While multi-stage stochastic
methods (e.g., using Markov chains to model evolving demand) exist, such as the district heating network
adaptive planning by Kok et al. [9], these are not directly applicable to long-term climate uncertainty, as they
do not address the specific physical irreversibility of warming trajectories. Our approach, therefore, focuses
on the most decision-relevant uncertainty: ensuring first-stage infrastructure decisions are robust across the
entire range of plausible, yet persistent, long-term futures, maintaining the relevance of our climate-motivated

study.

Modelling of BTES for combined heating and cooling. Accurately modelling a storage system that serves both
heating and cooling remains challenging. A physically detailed representation would require a multi-zone
model that captures the BTES thermodynamics and adapts to varying supply temperatures, as explored in
Wirtz et al. [51] and Hachez et al. [52]. However, the approach by Wirtz et al. [51] relies on a large number of
integer variables to achieve physical fidelity; in addition to the computational burden, this approach is also
unsuitable for storage sizing. This makes it unsuitable for our framework, which requires faster solutions
and must also accommodate design optimisation. The alternative formulation by Hachez et al. [52] neglects
inter-layer thermal losses, a key feature for any advanced BTES model. Consequently, we retain our simplified
representation—which imposes limits on power and total energy transfer—and acknowledge this as an open

research gap.

Thermal inertia as a source of flexibility. As renewable penetration grows and Belgium progresses toward
Net-Zero, the assumption of constant electricity prices becomes increasingly inadequate. Although elec-
tricity tariffs in Belgium currently follow a monohorary structure (fixed within the contract period), this

framework is being politically contested, and pending electricity-market reforms are expected to create more
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space for flexibility aggregators. Consequently, capturing the seasonal and intra-day variability of electricity
prices—shaped by the evolving energy system—is gaining importance. A natural next step would be to
integrate electricity-market dynamics into our thermal framework, leveraging campus thermal inertia and
existing assets as flexibility resources. This could be complemented by adding new renewable capacity (e.g.,

waste- or biomass-fuelled CHP, PV panels) and exposing the system to a more volatile electricity market.

Sensitivity and Robustness Analysis. While this study provides a robust framework for sizing century-long
infrastructure across divergent climate futures, a natural and valuable extension would be a comprehensive
sensitivity and robustness analysis for non-climate related parameters, as done by Chaudhry et al. [53].
Future work could systematically vary key social, technical and economic parameters—such as unmet demand
penalty, building insulation, ASHP /GSHP performance, BTES capacity and available power, and primary
energy and carbon price trajectories—to quantify their individual and combined influence on the results.
In particular, more flexible temperature requirements via a lower unmet demand penalty would provide
interesting insights into the end-user flexibility’s value.

Future work should extend the framework to a multi-horizon formulation that allows for adaptive invest-
ment decisions, integrate electricity system feedback and dynamic pricing, and test the methodology under
contrasting climatic and load conditions. It should also include a purely simulation algorithm to include
non-linear phenomenon, such as heat diffusion processes in BTES and practical considerations of a DHC,
such as hydraulic simulations. Including demand-side flexibility, hybrid systems, and more detailed temporal

representations would also further improve the realism and robustness of the results.

7. Conclusion

This paper introduced a multi-stage stochastic optimization framework to plan DHC systems under
climate uncertainty. Using the SDDP algorithm, the model links uncertain climate evolution and COq
price trajectories to adaptive investment and operational strategies. This approach provides a century-scale
perspective on how DHC systems can transition cost-effectively toward low-carbon configurations while
remaining resilient across multiple socioeconomic pathways.

Applied to the Brussels campus case study, the analysis reveals two dominant trends: declining heat losses
and rapidly growing heat gains. By 2100, heating needs fall by between —4.0% + 23% under the sustainable
pathway SSP1-2.6 and —57% + 34% under the fossil-fueled development pathway SSP5-8.5. Over the same
period, cooling demand increases by +44%+26% and +291%=+25%, respectively. These shifts fundamentally
reshape the optimal technology mix. Across all scenarios, ASHP and GSHP-BTES become the backbone
of the system, backed up by a NG. BTES enables seasonal balancing by storing excess summer heat for
winter use, effectively providing efficient heating and cooling. Although NG boilers are installed to ensure

reliability, their role is marginal and limited to short winter peaks.
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The model shows that the mechanisms driving system transformation differ across scenarios, but converge
toward similar electrified outcomes. In high-emission pathways (SSP3-7.0 and SSP5-8.5), rising temperatures
improve the seasonal COP of heat pumps and reduce the frequency of extreme cold days, lowering the
economic benefit of maintaining NG backup capacity. In mitigation pathways (SSP1-2.6 and SSP2-4.5),
electrification is primarily driven by carbon pricing, which outweighs the short-term cost advantage of NG
despite colder winter conditions relative to warmer scenarios. Across all pathways, OPEX stabilizes until
the end of the century as improved heat pump efficiency and effective inter-seasonal storage for heating are
counter-balanced by new cooling needs.

Overall, the results indicate that, in temperate and heating-dominated climates such as Belgium, electri-
fied DHC systems with seasonal storage offer a robust, low-cost strategy under climate uncertainty. However,
these conclusions should not be generalized to cooling-dominated regions, where rising temperatures could
increase total electricity use and reduce overall system efficiency. Future work should extend this framework
to multi-horizon adaptive planning, integrate feedback from electricity markets and dynamic pricing, and

apply the model to contrasting climatic and demand contexts to assess its broader validity.
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Figure A.11: Buildings and their period of construction [55]

Appendix A. Site description

Our case study takes place in Brussels, Belgium. As part of its urban plans, the city of Brussels agreed to
let the former Ixelles Barracks become a new neighborhood. In the following sections, we detail the phases

of the renovation project, the objectives of this renovation plan, and the impact on our study. [54]

Past and future of the site. The site transformation follows a multi-phase trajectory:

0. Military Site (1906-2019): The original “Ixelles Gendarmerie School," a closed-off military complex.

During this period, the site was built gradually as depicted on Figure A.11

1. Transitional Occupations (2019-2030): First See-U, then UR Square, which temporarily activate

the site with public, cultural, and innovative initiatives during renovation.

2. Permanent Urban Development (2030+): The definitive “Usquare.brussels" phase, guided by a
Master Development Plan to create a permanent mixed-use neighborhood—the subject of this district

heating case study.
Project goals. The renovation is guided by key sustainability and community objectives:

e Social Mix & Openness: Create an "open, mixed, university and international" district with public

amenities and a new 2,000 m? park.
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e Innovation Hub: Integrate academic research and public facilities like a FabLab.
e Heritage & Sustainable Reuse: Preserve historic architecture as a framework for low-carbon uses.

e Sustainability & Livability: Economize resources and ensure high quality of life.
Implications for the case study. The implications for the case study are fourfold.

e Physics-driven model Due to the ongoing renovation and fundamental change in effectuation, there
is no access to relevant historical data. The long-term, multi-decade planning horizon under future
climate conditions further precludes classical out-of-sample validation. As a result, we must rely on
a physics-driven approach for demand estimation, and the credibility of our results depends on the
internal consistency of the model, the use of physically and economically grounded assumptions, and

the robustness of the solution under the prescribed uncertainty structure.

e Retrofit Due to the ongoing renovation, the envelope of the buildings will be additionally insulated.
This retrofit leads us to assume a conductance of U = 1.5 W/m?K instead of the currently observed

level.

e District heating and cooling The current centralized planning allows and includes the construction
of a district heating and cooling network to control the heating and cooling supply. The layout will
leverage two loops (one cold and one hot loop) in each trench (4 pipes) and supply the building on
the main site. The insulation level for the pipes is such that the maximal losses are 0.37 W/mK
[56]. The network will constitute approximately 700 m of trench [46], leading to losses approximating

1.036 kW /K.

e Borehole Thermal Energy storage The planner wants to leverage the large empty spaces to drill
boreholes in the area on three distinct locations. The borehole would be placed in a hexagonal dispo-
sition with a distance of 5 meters between each drill hole. The maximal number of boreholes is, for

each field (7x2) + (14x2) + (10x9).

Appendix B. Timeserie aggregation

Typical days were constructed using TSAM aggregator. We used 16 design days, focusing on having
representative temperature data, and averaging the related irradiance for every design day. the representative
solar gains and temperature can be seen in Fig. B.13 and Fig. B.12.

We also put an emphasis on capturing extreme events and aggregating similar days according to the

worst case for the cluster with the lowest and highest temperatures.
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Figure B.12: Representation of temperature for every typical day. The first and last typical days are represented by their
most extreme scenarios to enhance the robustness of the system and avoid smoothing out (solid black lines). The gray bands
represent the distribution of the temperature for the days effectively represented by the black curve. The red and blue lines

represent the supply temperature for heating and cooling, respectively, under these conditions.
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Figure B.13: Representation of the solar gains per square meter of glass, compared to the total irradiance on a horizontal

surface per square meter. The gray bands represent the distribution of the irradiance values that are assumed to lead to the

representative solar gains.
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Appendix C. Operations modelling

Calculation of Supply Temperatures. The heating supply temperature T and cooling supply temperature

supply
T3 pp1y are computed based on time-dependent temperature thresholds and outdoor conditions. First, each
hour is categorized as day (8-20 h) or night, with different minimum /maximum temperature limits (T,

Timax) and building parameters. For each day, T, is determined as the maximum of Ty, +max (0, Tynin —

bupply

Toutdoor) across all hours, plus a 5°C margin. Similarly, T is calculated as the minimum of T, —

supply
max (0, Toutdoor — Tmax) for each day. These daily extremes ensure the supply temperatures meet the most

demanding heating and cooling requirements while accounting for diurnal operational variations.

Assets conversion ability. For both heat pumps and natural boiler, we assume the regression performed in

Appendix D.2 to hold. We compute the conversion factor from primary input to heating output as:

T ink + 5K
COPh( sinks Tsource) = ah T S_ T 1 o (Cl)
c c Teink + 5K
cop ( sink ,Tsource) —a Tsink — Tsource + b° -1 (02)
nNGiboiler(Tsink) NG bOllerTsm bNG_boiler (C?))
ME_boiler = 1.0 (C.4)

For the geothermal system, we consider a constant temperature in the subsoil equal to 10°C. For the

conversion factor, we have:

h .
Basup,q,, = min(CO supply,ds Loutdoor,d,h); 8)

h . b
BGSHP,d,h = min(COP™(T,

(COPM(Ty,

BRSHP,d,h = min(COP*(T, outdoor,d,h» Tscupply,d)7 8)
( (Tehpply.a-
(

(C
(C

10°C), 15) (C.7
Bésmp.a = min(COP¢(10°C, ), 15) (C
(C

supply d
C _ h
ﬁNG_boiler,d,h = WNG_boiler(Tsupply,d)

C
BE boiler,d,n = ME_boiler (C.10

Cost of primary resources. Based on the supplier tariff shown in Table C.2, we assumed the following cost

for the primary resources:

Celectricity — 268 €/MWh (C].l)
Cgas = 51 €/MWh (C.12)
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Table C.2: Current electricity and gas price decomposition tariffs from TotalEnergies, Jan 2026

Electricity (c€ /kWh) Gas (c€ /kWh)
Energy
Energy price 11.76 | Consumption 4.10
Green energy contribution — Brussels 2.23

Transmission and distribution

Distribution costs 9.39 Distribution costs — variable term | 0.76
Transport 2.14 Transport 0.16
Taxes

Energy contribution 0.19 Energy contribution 0.10
Federal excise duty (consumption-based) 1.14 | Federal excise duty 0.07
Total 26.85 | Total 5.19

Table C.3: Evolution of Electricity Generation Mix in Belgium (TWh) by Bureau fédéral du Plan [57]. The carbon intensity
was computed assuming marginal emissions for Coal (820gC0O2/kWhe), Natural Gas (490 gCO2/kWhe), and Oil Products
(650 gC0O2/kWhe). The rest of the mix is considered carbon neutral, and we assume carbon capture by 2050.

Generation Type 2005 2030 2050

Gross Electricity Production (TWh/yr) 85.7 87.8 129.4

Nuclear Energy 47.6 16.2 0.0
Renewable Energy Sources 3.0 492 85.9
Hydropower (excluding pumped storage) 2.5 2.9 0.8
Wind Energy 0.2 0.5 0.5
Solar Photovoltaic 0.3 347 66.9
Biomass + Waste 0.0 11.1 17.5
Geothermal 0.0 0.0 0.2
Coal 8.2 0.0 0.0
Natural Gas 25.1 225 43.5
Oil Products & Derived Gases 1.7 0.0 0.0
Carbon intensity (gCO2/kWh) 235 154 0¢

®Assumed carbon capture
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The operational costs depend on both the primary resource prices and a carbon tax reflecting the policy
assumptions of each SSP. We apply different carbon intensities to the primary energy carriers: values
computed in Table C.3 for electricity and a constant 200 kgco,/MWh for natural gas. The resulting carbon
cost term v, which contributes to the total operational cost u, therefore varies by scenario w and stage t,
ie,v=7(w,t).

The evolution of the carbon tax over the century for each SSP (shown in Fig. C.14) is adapted from Riahi
et al. [58]. This source provides explicit carbon price pathways for SSP1-2.6 and SSP2-4.5. For SSP3-7.0,
where no direct estimate is available, the price is conservatively approximated as half of the value given
for SSP3-6.0 in the same reference. For SSP5-8.5, a carbon price of zero is assumed. This is consistent
with Riahi et al. [58]’s characterization of SSP5-8.5 as a baseline scenario reflecting historically implemented
policies, where significant carbon taxation was absent. As this scenario assumes no new climate mitigation

efforts, a zero carbon price is maintained in our projections through 2100.

Cost of unmet demand. The unmet-demand penalty reflects the strictness with which demand must be
satisfied under all operational conditions. In this study, we set tynmet = 1 ME/MWh. This choice effectively
enforces demand satisfaction at all times and, as a result, leads to the systematic installation of peak NG

boilers across most investment stages.

Carbon price evolution over 2005-2100.
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Figure C.14: Carbon price evolution over the century depending on the SSP, adapted from [58]. The carbon price for SSP3-7.0
was derived by taking half of the carbon price for SSP3-6.0 from Riahi et al. [58], and for SSP5-8.5, we take the carbon price

would be zero.
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Appendix D. Technology description

The technologies are detailed here, with their costs and operational characteristics. We assume most

assets have a lifetime of 20 years (two stages), and the BTES has a lifetime of 50 years (five stages).

Appendiz D.1. Technology Cost Projections
To model the evolution of energy technology investment costs over the planning horizon, we employ a
hyperbolic decay function calibrated to the catalog data. The cost C; of a given technology in year t is

expressed as:

A
t—to
where C', represents the asymptotic minimum cost (EUR/kW), A is a scaling parameter (EUR-year/kW),

Cy = Cu + (D.1)

and tg is a year offset. Parameters are fitted via nonlinear least-squares optimization using from Prognos
AG et al. [47] for each technology category (ASHP, NG boiler, PV, etc.). Future costs are then extrapolated
through 2095.

Technology Investment Costs: Historical Data and Projections
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Figure D.15: Technology investment cost trajectories. Circles denote historical data points from Prognos AG et al. [47]; squares
indicate decadal extrapolations (2025-2095). Solid lines show fitted hyperbolic decay curves, capturing technology learning

rates and asymptotic cost floors.

The resulting projections (Fig. D.15) exhibit characteristic learning curves: steeper initial declines for
emerging technologies (e.g., hybrid heat pump) versus flatter trajectories for mature assets (e.g., natural gas
boilers). The hybrid heat pump is dominated by the ASHP + NG boiler combination, which leads us to rule

it out.
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To account for the long-term nature of infrastructure investments while operating within a finite planning
horizon, our model applies a salvage value approach. This method accounts for investments made during the
modeling period while cropping their remaining useful life and any end-of-life costs beyond the 2100 horizon
(the remaining value of the assets at the end of the simulation period - called salvage value). By doing so, we
ensure that cost comparisons between different technology pathways remain consistent and avoid distortions

from post-horizon residual values or disposal costs.

Appendixz D.2. Technology performance
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Figure D.16: Measured and fitted performance curves for a reversible heat pump. Scattered points represent manufacturer
data, while solid lines show the fitted semi-empirical model. Fitting was performed using nonlinear least-squares optimization

on manufacturer data across varying supply and outdoor temperatures.

Heat Pump Efficiency Analysis. The performance curves were fitted using a semi-empirical thermodynamic

model derived from the Carnot efficiency principle. The heating COP and cooling EER are calculated from:

Ty +278.15

COPhreating = Oh 77— D.2
heating ahTthc#*bh ( )

Ty +278.15
S T 3

where T}, and T, are hot and cold side temperatures in °C. The fitted parameters are ap, = 0.6815,
by, = 17.1753 for heating and a. = 0.7656, b, = 5.0000 for cooling. These coefficients account for real-world
irreversibilities and system losses relative to the ideal Carnot cycle. The model effectively captures the
characteristic performance degradation with increasing temperature lift (7j, — 7..). The original data for the

heat pump is taken from Carrier [59].
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Boiler Efficiency Analysis. The efficiency variation of a boiler at part-load (30%) and full-load (100%)
conditions was analyzed across supply temperatures from 40°C to 80°C. Figure D.17 presents the experimental
data points alongside a linear regression for the full-load condition. The analysis reveals a strong negative
correlation between supply temperature and efficiency, particularly at full load, where the relationship shows
high predictability. This behavior indicates that higher supply temperatures reduce boiler efficiency, which

should be considered in system optimization. The original data is from Viessmann [60].
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Figure D.17: Boiler efficiency versus supply temperature at 30% and 100% load conditions. Scatter points show experimental
measurements, with the dashed line representing the linear regression for full-load operation. The regression equation and R?

value are provided in the figure.

BTES. The borehole thermal energy storage system consists of 134 vertical boreholes, each 100m deep,
distributed over an area of 4350 m? and drilled through sand and quartz layers. The total subsurface volume
affected by the borehole field is approximately 435000m?®. Each borehole provides an average thermal
power of 6kW, resulting in a total installed capacity of 804kW. The surrounding subsurface material
has a volumetric heat capacity of 2.3 MJm 2 K~!, giving the system a total thermal storage capacity of
approximately 1 TJK !, equivalent to 277 MWhK . This corresponds to a specific storage capacity of
344 kW h kW' K~! per borehole. To maintain the annual ground temperature variation within an acceptable
range of +/-2.5°C (a 5K interval), the annual heat injection into the storage is limited to 1.72 MW h per
kW of installed capacity. In the model, this is implemented as a constraint where the total injected heat in

kW h must not exceed C' = 1720 times the installed thermal power in kW.

Nominal Load Efficiency Assumption. In energy systems, equipment efficiency typically changes when op-
erating below its rated (nominal) capacity—a phenomenon known as part-load performance degradation for

ASHP. On the contrary, this efficiency improves for NG, as one can observe in Fig. D.17, thanks to im-
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proved heat recuperation. However, for the long-term capacity planning model in this study, we assume all
assets operate at their nominal (100%) power output and corresponding rated efficiency. This simplification
is justified on two grounds. First, explicitly modeling the non-linear part-load curve would require integer
variables, making the large-scale stochastic optimization problem computationally intractable. [61] Second,
the assumption remains relevant at the system scale: modern equipment increasingly uses variable-speed
drives that maintain high efficiency across a wide operating range, and systems in practice are composed
of multiple modular units, allowing aggregate demand to be met by operating individual units near their
optimal nominal point. Therefore, nominal efficiency provides a representative and computationally essential

metric for infrastructure sizing under uncertainty.

Appendix E. Heat gains and losses

An overview of the heat gains and losses are visible on Fig. E.18 and Fig. E.19. We assume that those

heat gains and losses impact the thermal inertia of the building 7 = 24 MW hK™!

Wall losses. The wall losses have probably the most significant influence on the building indoor temperature.
The combined envelope of the buildings amount to 40.000m? with an average thermal conductance of
Uwal = 2.0 W/m? K and a total conductance of Uy, = 80 kW /K, exposed to the evolution of climate. The
evolution of the yearly mean temperature is given at Fig. 2b. We provide, in addition, the inter-model

distributions of the daily-averaged diurnal and nocturnal temperature per decade and SSP in Fig. 3.

Ventilation losses. The ventilation losses also dependent on temperature; the volume of air is estimated to
96 000 m?, and the air renewal rate is set at 0.7 ACH during the day and 0.1 ACH during the night. The c,
of air is estimated to 1.2kJ/m3 K, leading to Uyent.day = 25.6 kW /K and Uyent night = 3.2 kW /K.

Solar gains. Solar gains were computed using hourly climate projections from multiple GCMs via the down-
ward shortwave radiation. For each timestamp, the Sun’s elevation angle was calculated using astronomical
formulas adjusted for the site, day of year, and solar time. The effective solar gain penetrating the buildings’
vertical wall was then derived by weighting the incident radiation considering the sun’s angle relative to

the surface, assuming the total glazing area 4 x 10°m? and that only half of it was exposed to the sun.

Qsolar = Isolar - Sglazen/Q-

Internal gains. The internal gains are assumed to be proportional to the living area, estimated to 35x 103 m2.
The specific gains are quantified as gint.day = 30 W/m? during the day and gint night = 5 W/m?, leading to
internal gains of Qint,day = 1050 kW and Qing.day = 175 kW.

42



Evolution of Building Energy Gains
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Figure E.18: Heat gains evolution per energy type

Network losses. The grid also has losses which needs to be accounted for when computing the losses. In
practice, the planned insulation for the pipes is meant to bring the pipes losses to a maximum of upipe =
0.37W/mK and we count 700 m of trench filled with 4 pipes each time (2 for cooling, 2 for heating), which
means the heat and cold losses are brought to Upipe = 518 W/K for each use (heating and cooling). Given

the relative insignificance of this number in comparison to the other, we will neglect them.!!.
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