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ABSTRACT

The rapid expansion of cloud services has significantly increased the global energy footprint of data centers,
which now account for approximately 2-3 % of global electricity consumption, a figure projected to rise to
somewhere between 10 % and 51 % by 2030. While technological advances such as liquid cooling and high-
temperature waste heat streams offer opportunities for improved energy efficiency, the integration of data
centers into broader urban energy systems remains limited. This study investigates how data centers can tran-
sition from passive energy consumers to active prosumers through advanced heat recovery and flexible demand
strategies. In this study, five system-level scenarios are modelled, varying by grid connectivity, renewable energy
integration, and workload flexibility. Further, two distinct heat recovery approaches are compared: a legacy
strategy that dynamically chooses between direct thermal reuse and electricity generation via an Organic
Rankine Cycle (ORC), and an “exergy-aware” strategy that enforces continuous ORC operation and cascades the
rejected heat from the condenser into a secondary heat pump. Using a multi-objective Mixed-Integer Linear
Programming framework, the study reveals the trade-offs between data self-sufficiency and renewable energy
utilization in an urban district case study comprising the EPFL campus in Lausanne. The results show that flexible
computing workloads and integration with district heating networks can significantly enhance the buffering
potential of data centers for variable renewable energy by up to 28 % in certain cases thereby reducing
renewable curtailment, and support more efficient heat-electricity coupling by showing potential to supply up to
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40 % of the heat demand of the campus. This work positions data centers as critical enablers of sustainable urban
energy systems and offers a transferable modeling framework for their systemic integration.

Symbols

Abbreviations

ASHP Air Source Heat Pump

BAU Business As Usual

BIPV Building-integrated Photo Voltaics

CAPEX Capital Expenditure

CCT Centrale de Chauffe par Thermopompe

COP Coefficient of Performance

DC Data Center

DHN District Heating Network

DHW Domestic Hot Water

ENTSO-E European Network of Transmission System Operators for Electricity

GHG Greenhouse Gas

GSHP Ground Source Heat Pump

GWP Global Warming Potential

ICT Information and Communication Technology

MILP Mixed-Integer Linear Programming

MST Minimum Spanning Tree

ORC Organic Rankine Cycle

OPEX Operating Expenditure

PV Photovoltaic

PUE Power Usage Effectiveness

REHO Renewable Energy Hub Optimizer

RCP Research Computing Platform (context-specific cluster at EPFL)

TES Thermal Energy Storage

TOTEX Total Expenditure

Symbols

Cop Operating cost (OPEX) (CHF/kWh)

Ceap Capital expenditure (CAPEX), including initial investments and
replacements over the system’s lifetime (CHF/kW)

p?\;y Retail tariff for purchasing energy carrier s from the grid at time t
(CHF/kWh)

peell Feed-in tariff for selling energy carrier s back to the grid at time t
(CHF/kWh)

En Energy imported from the grid for carrier s at time step 7 (kWh)

E Energy exported to the grid for carrier s at time step 7 (kWh)

se.s Set of energy carriers (e.g., electricity, gas)

1€ Set of time steps (e.g., hourly intervals over a year)

Yu Binary variable indicating whether unit u is installed

Xy Installed capacity of unit u

ciixed Fixed cost of installing unit u (CHF)

o Variable (per-kW) cost of installing unit u (CHF/kW)

P Replacement cost for unit u (CHF)

Ry Number of times unit u must be replaced within the project horizon

r Discount (interest) rate used for annualizing investments

N Unit lifetime (in years)

a Capital recovery factor for annualizing investment costs

e Constraint threshold applied to one of the objectives during Pareto
analysis

4 Set of all candidate energy units
Frequency of occurrence of each typical/representative days of the
year

GWP,, Operational global warming potential (kgCO2-eq.)

GWPonst Global warming potential of construction (kgCO»-eq.)

GWPyo¢ Total global warming potential (kgCO2-eq.)

el Emission factor representing the GWP per kWh of electricity
consumed at time t (kgCO2-eq./kWh of produced electricity)

g" Emission factor representing the GWP per kWh of natural gas
consumed at time ¢ (kgCO2-eq./kWh)

H Natural gas imported from the grid at time step 7 (kWh)

Ly Lifetime of a unit (years)

GwPed Fixed impact factor for GWP (kgCOz-eq.)

GWP,™ Variable impact factor for GWP (kgCOz-eq./kW of installed
capacity)

NgT Round-trip efficiency of pumped hydro storage, assumed to be 70
%

COPyp e (t) Coefficient of performance of the ORC condenser source heat pump
system at hour t

COP ke (t) Coefficient of performance of the lake source heat pump system at

hour t

(continued on next column)

(continued)
Eorc(t) Electricity produced from the ORC at hour t (kWh)
Quirect (t) Direct heat supplied by the DC to the DHN at hour t (kWh)
Quppc(t) Heat supplied by the heat pump linked to the data center through

the condenser of the ORC (secondary heat pump) at hour ¢t (kWh)
Carnot factor of the building heat demand at temperature T, time t,
with reference temperature of 25 °C

Diemand (T’ t)

Enppc(t) Electricity consumed by the heat pump linked to the data center
through the condenser of the ORC (secondary heat pump) at hour t
(kWh)

Qg Total annual net heat that could be supplied by the data center
(kWh)

Qpemand SH+DHW Annual net heat demand of the buildings for space heating and

domestic hot water (kWh)
u Self Sufficiency of data

Sin—house Data processing that is handled locally by the on-campus data
center (kWh), considered in energy equivalence

Seloud Data processing that is outsourced, i.e., Data import (kWh),
considered in energy equivalence.

Epy Electricity produced by the PV installations (kWh)

Eexport Electricity export to the grid by the PV installations (kWh)

Self-consumption of the electricity produced by the PV installations

1. Introduction

The rapid advancement of cloud computing and the increasing reli-
ance on data-intensive services have led to an unprecedented rise in the
number and scale of data centers worldwide. These centers now play a
pivotal role in the global economy, driving everything from e-commerce
to scientific research. However, this expansion comes with significant
energy costs and freshwater consumption that is required for cooling.
Global server instances have climbed by 647 %, storage capacity has
increased by 2500 %, and network traffic has surged by 1000 % in the
past ten years [1]. While the total number of data centers is decreasing
(from about 8.6 million in 2015 to 7.2 million in 2021) [2], the number
of newly established hyperscale data centers (with typically 5000 or
more servers that are typically used for cloud services among others) is
increasing at a very quick pace. 700 of these sizable facilities were
operational at the end of 2021, and an average of 16 new ones are added
each quarter [3,4]. The public spending on cloud services was estimated
at $396 and $482 billions in 2021 and 2022 respectively [5]. There is a
recognizable efficiency gain from moving IT workloads to public cloud
services, where computing resources, such as servers, storage, data-
bases, and applications, are hosted by third-party providers and can be
accessed over the internet. Some studies contend that this is the main
reason why data center electricity consumption has plateaued over the
past years, rising from 193.7 TWh in 2010 to 205.2 TWh in 2018 [1].
However, the result is still an increase in energy demand [6], from to-
day’s share of 1-2 % to up to an estimated 51 % of the world’s electricity
use by 2030 according to some studies [7-9]. This dramatic rise in the
power consumption from data centers highlights the need for more
sustainable and energy-efficient approaches to their operation, partic-
ularly in the context of their cooling systems, which often consume vast
amounts of electricity and freshwater.

Unlike the electricity demands of residential and tertiary sector
buildings, which fluctuate with diurnal and seasonal variations driven
by occupancy, space conditioning, and lighting, data centers exhibit a
near-constant energy requirement. This has prompted large-scale
agreements for dedicated power supplies, such as Amazon Web Ser-
vices’ procurement of up to 960 MW from the Susquehanna nuclear
power plant and Microsoft’s 20-year power purchase agreement to
revive the dormant Three Mile Island Unit 1 reactor [10]. While these
agreements underscore the growing demand for reliable, emissions-free
power sources, they also highlight the challenges associated with
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reviving nuclear infrastructure, namely, significant capital investment,
regulatory approvals, and historical safety concerns [10]. This aside, a
study conducted by the Idaho National laboratory, shows that as a
source of power, using small modular reactors for data centers offers a
cost-effective way to power the data centers as compared to the fully-
renewable counterparts due to lower projected capital costs. However,
this study did not consider the effects of systemic integration or work-
load flexibility options with data centers [11]. Beyond electricity con-
sumption, data centers also have a significant impact on water usage,
particularly due to cooling needs. As the demand for thermal manage-
ment grows with data processing, innovative cooling strategies are
required, which opens new opportunities for waste heat recovery, such
as the integration of data centers into district heating networks (DHNs).
By harnessing thermal energy from industrial processes, waste in-
cinerators, and existing power plants, coupled with thermal energy
storage (TES) solutions, it is possible to improve the overall efficiency of
urban energy systems and mitigate electricity demand for heating and
cooling applications. Cooling can be provided through adsorption and
absorption chillers that utilize the waste heat generated in those pro-
cesses. This study proposes the application of such waste heat integra-
tion strategies to data centers, which can themselves become sources of
recoverable heat. These measures can help offset grid burden and enable
carbon-neutral energy pathways without the financial and operational
complexities associated with reactivating nuclear facilities.

An unprecedented issue faces traditional air cooling, which has been
the cornerstone of data center thermal management. It can no longer
efficiently manage the rising heat generated by the ever-increasing
power densities of modern IT equipment. Liquid cooling can be used
to replace air as the primary cooling medium, as air-based systems
become less effective and more costly at higher loads. In conventional
configurations, water is often circulated near the server racks to absorb
heat from the air going through them, but this process is inherently
limited in its ability to recover higher-grade thermal energy. This is still
not efficient as the next generation microprocessors surpass heat fluxes
of 100 W/cm? where air can only remove about 37 W/cm? of the heat
[12]. The decision to adopt liquid cooling is supported by a strong
theoretical foundation which, regardless of the specific liquid cooling
technology selected, it consistently outperforms air cooling in terms of
energy efficiency. As the amount of heat that needs to be evacuated
increases with a constrained area for heat transfer, a higher heat transfer
rate can only be achieved with a higher temperature difference, which
typically equates to higher energy spending or the use of fluids and
techniques to improve the overall heat transfer coefficient of the fluid
used for the heat transfer, which is where the inherent advantage of
liquid-cooling technologies lie [13]. Among newer technologies, micro-
fluidic chip cooling has emerged as a promising solution to improve
cooling performance, while also addressing the challenge of underutil-
ized waste heat recovery. This constitutes a paradigm shift: cooling is no
longer just about keeping server temperatures to acceptable values, but
also about unlocking value from waste heat, which can be reintegrated
into urban energy systems. However, this transition is not without
challenges, including increased infrastructure complexity, higher
upfront costs, and the need for compatibility with existing systems
[14,15].

In urban areas, where energy demand is steadily growing, data
centers have the potential to evolve from passive energy consumers to
active participants in energy production, or “prosumers” [16]. This shift
requires a rethinking of waste heat management, from simple dissipa-
tion to strategic utilization. Rather than rejecting this thermal energy
into the environment, it can be repurposed for heating or electricity
generation, reducing the net energy consumption of both the data cen-
ters and the surrounding infrastructure.

In this study, we consider the case of the campus of Ecole Poly-
technique Fédérale de Lausanne (EPFL), located near Lake Geneva (Lac
Léman) in Lausanne, Switzerland as a case study. The campus hosts its
own data center and is currently planning to add a new 2 MW data
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center facility adjacent to its heating plant, which supplies a district
heating network powered by heat pumps [17]. This work is developed in
the framework of the ‘HeatingBits’ project funded by Solutions for
Sustainability Initiative (S4S) [18]. The racks in the new data center will
be liquid-cooled, enabling access to higher-grade waste heat compared
to traditional air-cooled systems. Therefore, we analyze the dual role of
data centers as both electricity consumers and heat producers within the
urban systems. The methodology followed in this study involves char-
acterizing the campus building stock along with the data center to es-
timate their electrical and thermal energy demands, modeling energy
generation and storage technologies capable of meeting these demands,
and conducting a scenario analysis to quantify the impact of the data
center on the overall energy performance of the campus energy system
including thermal energy storage which plays a critical role in enabling
the integration of waste heat into urban energy systems. Since the
availability of waste heat from data centers may not always align with
heating demand, storage becomes essential to shift thermal energy
across time. In this work, we consider the district heating network
(DHN) not only as a distribution system but also as a thermal energy
storage buffer, enabling the campus to absorb and utilize excess heat
when needed, thereby enhancing flexibility and reducing reliance on
external energy sources.

The paper is structured as follows: Section 2 presents the literature
review on waste heat utilization in data centers. Section 3 introduces the
modeling tool and outlines the scenario definitions considered in this
study. Section 4 presents and discusses the results, and finally, Section 5
provides concluding remarks, including future directions and outlook.

2. Literature review

Data centers operate continuously with a stable base load, though
demand fluctuations can lead to load peaks. It must be ensured at all
times that the data center’s processors are sufficiently cooled to guar-
antee smooth operation. According to a study of VanGeet, Lintner, and
Tschudi [19] the two main methods used for cooling of the processors
are air and liquid cooling. In air cooling systems cool air circulates
through the data center to absorb heat from processors. In contrast,
liquid cooling systems use liquids to directly absorb heat, offering higher
efficiency and better suitability for high-performance computing.

Depending on the system design, the waste heat from the data center
can be recovered from the exhaust air, the circulating water or the
coolants used, for example [20]. Despite its potential, the relatively low
temperature of this waste heat presents a challenge for effective reuse.
Numerous studies have investigated strategies for recovering and uti-
lizing this low-grade thermal energy. One of the main applications of
this waste heat is heating nearby buildings, though lower temperature of
waste heat remains a significant challenge, leading to further research
on potential solutions.

Tervo, Syri, and Hiltunen [21] conducted a study of a 21 MW data
center planned in Finland where waste heat of the data center could be
recovered and used directly in the DHN. A 36 % reduction in CO:
emissions within the district heating network (DHN) can be achieved by
decreasing the reliance on biomass and peat as energy sources.
Furthermore, the production cost of the district heating network could
be reduced by 19 %. Another study examined the recovery of waste heat
for a CO2 Ground Source Heat Pump (GSHP) which supplies waste heat
to nearby buildings. This approach incorporates a seasonal thermal
energy storage strategy, where excess heat is stored in soil during non-
heating periods and retrieved when needed. Compared to conven-
tional systems, this COz-based GSHP demonstrates significantly
improved performance, achieving up to 3.87 times higher exergy effi-
ciency while consuming only half the electrical power [22]. A 2021
study on using trans-critical CO2 heat pumps for recovering the waste
heat from the data center’s IT room cooling water, offers a 18.2-28.9 %
increase in the COP, while reducing the investment costs by up to 10.2
%. [23]
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Another study compares district heating and organic Rankine cycle
(ORC) systems for recovering waste heat from immersion-cooled data
centers. It evaluates system performance under varying local conditions,
including electricity prices, heating demand, and carbon costs. District
heating is recommended in regions with high heat demand and low
infrastructure costs, while ORC systems are more suitable where elec-
tricity is expensive and heating needs are low. Although chillers and
heat pumps can enhance ORC efficiency, their added power consump-
tion often reduces overall energy savings [24].

While these studies offer valuable insights into system performance,
they often neglect the temporal mismatch between the steady heat
output of data centers and the fluctuating heating demand of buildings.
Seasonal variations further limit the usability of waste heat during
warmer periods [25,26]. Although the economic feasibility of waste
heat utilization has been widely studied, there is limited research on
optimizing its use during non-heating periods or improving coordination
between heat supply and demand. To address this gap, a 2022 study
proposed a multi-mode operational strategy for combined cooling and
power (CCP) systems. This approach involves switching between power
generation using Organic Rankine or Kalina cycles and cooling through
vapor compression, ejector expansion, or absorption refrigeration cy-
cles, depending on seasonal and operational conditions. The study
showed that a hybrid configuration combining an ORC with an ab-
sorption refrigeration cycle could achieve a maximum energy efficiency
of 58.13 %, demonstrating its potential for year-round waste heat re-
covery. [27].

To enhance the year-round utilization of waste heat recent studies
are analyzing Carnot batteries as heat recovery methods. One study
proposed a liquid-cooled data center that combines a heat pump and an
organic Rankine cycle. This approach enables both thermal storage and
flexible energy conversion, achieving round-trip efficiencies of up to 83
% and even exceeding 100 % under favorable conditions, making it a
promising solution for balancing heat recovery with fluctuating energy
demands [28]. Another study explored the integration of a Carnot bat-
tery with a data center powered by a photovoltaic system, thereby
enhancing the use of renewable energy. The system achieved a round-
trip efficiency of 43 % and proved economically viable, with a
payback period as short as 4 years under favorable electricity pricing
conditions [29].

Building on these earlier approaches, several recent studies explore
comparable technical pathways. Wang et al., provides design and per-
formance guidance for high-temperature heat pumps that directly
couple data center waste heat with district heating networks [30], while
Corigliano et al., reviews Organic Rankine Cycle integration for digital
infrastructure, focusing on fluid selection and system layouts [31]. At
the optimization level, Zhu et al., demonstrates MILP-based co-dispatch
of ORCs with thermal and electrical storage [32], and Chen et al., [33]
formulates a multi-heat-pump recovery chain with embedded thermal
storage for data centers. Complementing these, Takci et al., quantifies

Table 1
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the systemic value of workload flexibility as a controllable resource
[34]. Together, these studies underscore a growing recognition of data
centers as active energy nodes. Our work advances this line of inquiry by
co-optimizing an exergy-aware ORC-HP cascade with hourly workload
flexibility and district-thermal buffering in a single MILP, while mapping
the CAPEX-OPEX trade-space and reporting GWP for each Pareto
solution.

While the reviewed studies offer valuable insights into various ap-
proaches for recovering waste heat from data centers, a comparative
perspective is essential to understand their systemic relevance and
practical applicability. To this end, Table 1 provides a structured
assessment of the selected studies across five key dimensions that are
central to this study’s objectives: systemic integration, the presence and
type of storage, seasonal adaptability, the role of data centers as
renewable energy buffers, and the degree of heat-electricity intercon-
nection. These characteristics are not only indicative of the technolog-
ical maturity and flexibility of each approach, but also critical for
evaluating their potential contribution to resilient, low-carbon energy
systems.

3. Methodology
3.1. Optimization framework

The Renewable Energy Hub Optimizer (REHO) is an open-source
decision support tool designed for planning sustainable urban energy
systems, developed by the Industrial Process and Energy Systems Engi-
neering (IPESE) group from EPFL (Switzerland) [35]. REHO optimizes
both the design and operation of energy capacities, considering multiple
objectives such as economic, environmental, and efficiency goals. Its
MILP framework adapts to various scales (building and district levels),
accounts for different end-use demands, integrates multiple energy
sources, and incorporates diverse energy generation and storage tech-
nologies, enabling informed decisions for renewable energy deployment
in urban areas. Energy hubs or energy communities, where buildings can
exchange energy and share equipment, enhance self-consumption of
local resources by integrating distributed energy sources and supplying
multiple services to consumers. These communities also promote energy
efficiency and support high levels of renewable energy integration in
urban environments, while minimizing the need for additional infra-
structure and equipment upgrades.

The model considers various energy demands, including thermal
comfort (space heating and cooling), domestic hot water (DHW), do-
mestic electricity, and mobility needs. While domestic electricity, DHW,
and mobility demands are pre-processed using standardized profiles
based on regulations or measurements, thermal comfort demand is
handled directly within the model based on hourly solar irradiation and
ambient air temperature data. This approach allows the incorporation of
the energy management system’s control strategy and the potential for

Comparative assessment of recent data center waste heat recovery studies across five key aspects.

Key Focus Reference Systemic Integration Storage Seasonality DCs as Renewable Heat-Electricity
Energy Buffers Interconnection
Direct heat supply [21] Heating Integration x x x x
GSHP + seasonal [22] Heating Integration Thermal storage Via storage x Through heat pump
thermal storage
ORC -+ district heating [24] Heating and electricity x x x ORC electricity
integration generation
ORC + cooling modes [27] Heating integration x x x ORC electricity
generation
Carnot battery [28] Cooling and electricity Thermal storage Via storage x Carnot battery
integration
Carnot battery + [29] Combination of electricity and Thermal storage Via storage PV integration Carnot battery
PV heating system
Full integration of DC This Heating and electricity Thermal storage and Via storage and PV integration ORC electricity

waste heat Study integration

battery storage

ORC generation
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thermal renovations of buildings. Heating and cooling needs are influ-
enced by several factors, such as heat loss through the building enve-
lope, the building’s heat capacity, and heat gains from occupants,
appliances, and solar radiation. Additionally, thermal comfort demand
depends on the target room temperatures, the nominal supply and re-
turn temperatures of the heat distribution system, and its control strat-
egy. Energy conversion technologies like heat pumps, electric heaters,
fuel cells, gas boilers, and air conditioners can meet heating and cooling
requirements, or it can be sourced directly from district heating systems.
Energy can also be stored in devices like batteries or water tanks, or
through the building’s thermal inertia. Photovoltaic panels serve as
renewable energy sources, while the building’s energy system is con-
nected to the district’s energy distribution infrastructure, including the
electrical and natural gas grids. Fig. 1 shows the different steps involved
in the modeling of an urban energy hub.

The use of hourly time steps in typical representative annual profiles
results in 8760 data points per year, which, when combined with the
complexity of the MILP formulation, creates computational challenges
that make the model difficult to track and solve. To address this, it is
necessary to reduce the size of the dataset representing both the energy
demand of the renewable energy hub and the corresponding weather
conditions such as the hourly ambient air temperature and solar
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irradiation data. One commonly used approach involves aggregating
time series data into a limited number of representative periods, such as
typical days or weeks, which are assigned a frequency of occurrence to
reflect their distribution over the entire year.

There are many methodologies used for clustering time series data,
ranging from advanced techniques such as k-means and Gaussian
Mixture Models to simpler approaches based on averaging, which group
time steps by chosen criteria (e.g. season, month, working/weekend
day). In REHO, the k-medoids clustering algorithm is employed typically
with temperature and irradiation profiles of the whole year from the
specific geographical location of the urban energy system. REHO applies
a Dantzig-Wolfe decomposition to solve the joint design—operation
problem. The master problem represents the community level, coordi-
nating investments and shared constraints such as transformer limits
and energy exchanges, while one subproblem per building resolves the
detailed hourly operation across typical periods. This decomposition
approximates the full compact formulation, which would otherwise
require solving all building operations simultaneously, with signifi-
cantly higher computational burden. The approach reduces complexity
to nearly linear growth with the number of buildings while maintaining
consistency in the main objectives at both the building and system
levels. Because dispatch and capacity sizing are solved in the same
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optimization loop, operational variability, including intra-day curtail-
ment and flexibility requirements, directly informs technology selection.
Intra-day storage resources are represented explicitly through district-
level batteries on the electrical side and the thermal buffer of the dis-
trict heating network in this study.

Aside from this, in this study, ICT is treated as an additional end-use
demand alongside electricity, space heating, and domestic hot water. To
enhance the temporal granularity of representative days, data center
workloads were incorporated into the clustering process for typical day
selection. For the EPFL case study, the data demand profile was aligned
with that of the campus RCP cluster, which serves as a reliable proxy for
overall data usage. Furthermore, spot electricity prices from ENTSO-E
and the carbon intensity of grid electricity were integrated into the
analysis to assess the role of renewable infrastructure in the energy
system [36,37]. Therefore, in this study, typical days were identified by
analyzing relevant attributes for the study such as global solar irradia-
tion, ambient temperature, carbon intensity and electricity purchase
price and the load of the data centers. For the attributes mentioned
earlier and after careful consideration of different numbers of clusters, a
total of 14 typical days was chosen as the most representative of the
whole year. In addition, 2 extreme hours, representing severe summer
and winter conditions, were included to ensure that the system config-
uration can handle peak stress scenarios. It should be noted that these
extreme hours do not influence the system’s typical operation but rather
verify the system’s robustness under exceptional conditions.

3.2. Energy generation and storage technologies

A multi-objective optimization problem was formulated to explore
the trade-offs between operational expenses (OPEX) and capital ex-
penses (CAPEX), for all scenarios with two heat recovery strategies. The
overall global warming potential of the system configuration was
computed during optimization.

Top = o0 (P2ER —pst ) 0 W
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Table 2 shows the most important technologies with their relevant
characteristics utilized in modeling the system.

Table 2
Details of Important technologies utilized.
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3.3. Waste heat recovery strategies

To explore the potential of data centers in integrated energy systems,
this study examines two distinct strategies for reusing the waste heat
produced by a liquid-cooled data center. Both strategies assume a con-
stant outlet temperature of 75 °C from DC (as has been observed from
the pilot-scale demonstrations at EPFL) [44,45] and are applied
consistently across all system configurations to ensure comparability.
This assumption is based on the fact that the proposed data centers in the
campus will use micro-fluidic cooling systems, that rise the potential
heat recovery temperature from 21 °C in typical air-cooled systems to
about 75 °C. This temperature is assumed to be the same across all data
workloads.

The first strategy, referred to as Legacy Heat Recovery, models a
hybrid system in which waste heat can be used either for space heating
and domestic hot water or to drive an ORC that generates electricity. For
each time step, the MILP model dynamically optimizes system operation
to meet heating and electricity demands. For instance, in wintertime
when thermal demand is present, the model may prioritize direct heat
injection into the district heating network; while in summertime, it may
divert heat to the ORC to generate electricity. This approach reflects a
demand-responsive system that maximizes flexibility without enforcing
year-round use of the waste heat stream.

The second strategy, Exergy-Aware Heat Recovery, enforces
continuous ORC operation regardless of campus thermal demand. This
ensures that waste heat is always used to generate electricity. The re-
sidual thermal energy rejected from the ORC condenser can be repur-
posed as a high-grade heat source for the district-level heat pump,
improving its coefficient of performance. This cascading approach en-
sures that the full exergy content of the waste heat is exploited,
achieving higher overall system efficiency at the cost of increased sys-
tem complexity and infrastructure demands. Section A.2 in the Sup-
plementary Material, visualizes both heat recovery strategies, whereas
Table 3 presents main features for them.

3.4. System scenarios

Building on the heat recovery strategies, five system scenarios are
considered for high levels of technological integration, operational
flexibility, and energy autonomy. These scenarios vary in three key
dimensions:

e Electric grid connectivity (connected or off-grid),

e District-level PV integration (presence or absence of local renewable
electricity),

e Computational workload flexibility (fixed or flexible workloads). A
detailed discussion of workload flexibility and the underlying
assumption of this study is provided in Section 4.2.

Each scenario has two possible heat recovery strategies, resulting in
total nine scenarios, as Scenario 1 has no waste heat recovery, which
termed as the Business-as-Usual (BAU). This serves as the baseline
configuration in which the EPFL campus uses a lake-sourced district heat
pump for heating, and the data center operates independently, rejecting

Technology Layer in Layer out N [years] cfixed [CHF] ¢ [CHF] GWP™* [kgCO2eq] GWP,"" [kgCO2eq] Ref
Data Center Electricity Data/Heat 4 100,000 6000 0 4288 [38]
District- and building-level heat pump Heat/Electricity Heat 20 17,500 300 1500 15 [39]
ORC* Heat Electricity/Heat ~ 20 17,500 300 1500 15 [39]
PV - Electricity 30 10,000 1300 200 1000 [40]
District-level battery Electricity Electricity 15 50,000 200 10,000 50 [41]
Electrical heater SH Electricity Heat 20 1000 50 100 5 [42]
Electrical heater DHW Electricity Heat 20 2000 50 200 5 [43]

" Proxy for ORC cost, based on component similarity with heat pumps.
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Table 3
Overview of waste heat recovery strategies.

Aspect Legacy Heat Recovery Exergy-Aware Heat Recovery
Use of waste heat Allowed Not allowed

for direct

heating

Enhances heat No. A secondary heat Yes. A secondary heat pump utilizes

pump efficiency ~ pump is not waste heat from ORC condenser, to
considered achieve higher COP
Strategy Dynamic decision ORC is constrained to work at all
flexibility making on ORC hours of data center operation
operation
Table 4

Summary of Scenario definitions.

Scenario  Name Grid PV Workload Heat
Connection  Integration  Flexibility Recovery
Strategy
S1 BAU v x x None
S2 DC with v v x Legacy or
fixed Exergy-
workloads, Aware
connection
to grid and
PV farms
S3 DC with v v v Legacy or
flexible Exergy-
workloads, Aware
connection
to grid and
PV farms
S4 DC with % v x Legacy or
fixed Exergy-
workloads, Aware
connection
to PV farms
S5 DC with x v v Legacy or
flexible Exergy-
workloads, Aware
connection
to PV farms

all waste heat. Scenario 2, Grid-Connected with Fixed Workload, adds
district-level photovoltaic (PV) generation to the grid-connected system
while maintaining a fixed data processing schedule. Scenario 3, Grid-
Connected with Flexible Workload, retains the grid connection and PV
generation but allows for time-shifting of computational tasks to better
align with renewable electricity availability and waste heat recovery

1 1
COPy(t) COPp(t)
total __

87260 Eoge(t) — QHP,DC(t)<

t=1
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from data centers, a heat ratio was introduced as a key performance
indicator. While established flexibility metrics such as ramping capa-
bility, load shiftability, and temporal mismatch indices offer valuable
tools for assessing system responsiveness [46], our focus in this study is
on a metric that compares the exergetic performance of the heat re-
covery strategies. This reflects our primary interest in evaluating ther-
modynamic quality rather than providing a comprehensive
quantification of operational flexibility. This heat ratio defined in this
study, quantifies how much of the data center’s waste heat can effec-
tively be utilized to produce useful output in terms of energy services. It
is calculated as the ratio between the exergetic value of the useful out-
puts to the exergetic value of the heat input from the data center. The
total exergetic value of the outputs, shown in the numerator Eq. (8),
captures the combined contribution of different recovery pathways over
all hours of the year, based on time-dependent Carnot factors calculated
with reference to a temperature of 25 °C.

Specifically, it includes the electricity recovered through the Organic
Rankine Cycle Eogrc(t), which is has an exergetic value of 1. The sec-
ondary heat pump that extracts condenser of the ORC to the required
temperature level, while producing this heat at a higher COP still re-
quires additional electricity. The heat produced by this heat pump is
effectively replacing the heat that would otherwise be supplied by the
lake source heat pump, that would be operating at a lower COP. Hence,
only the relative difference in electric consumption of a heat pump using
lake as the source and ORC condenser as the source was deducted from
as the effective consumption of the secondary heat pump. The remaining
heat terms, Quppc(t) and Qgirect(t) are accounted for their exergetic
importance considering a time varying Carnot factor that takes into
account the temperature of the supply temperature required by the
buildings at time t, since this value effectively captures the useful
component of the heat that is used to supply this particular energy
service. Throughout, the Heat Ratio is evaluated on a net basis in which
the ORC term denotes net electrical output at the unit terminals, heat
terms are expressed as exergy via the time-varying Carnot factor, the
secondary heat pump is debited by its incremental electricity con-
sumption, and residual auxiliary loads are accounted for in the system
power balance to ensure fair comparison and proper interpretation of
system-level efficiency.

Exergetic value of the outputs
Exergetic value of the heat input from the data center

)

Heat ratio =

> + @demand(T7 t)» (Qdirect(t)

(3

_ +Qupc (t))
> [@pc(T,1).Qoc(t) ]

t=1

opportunities. Scenario 4, Off-Grid with Fixed Workload, explores full
electrical autonomy by powering the data center solely with PV gener-
ation; any excess data demand is outsourced, and no flexibility is
introduced in workload scheduling. Finally, Scenario 5, Off-Grid with
Flexible Workload, combines off-grid operation, PV generation, flexible
workload management, and waste heat recovery, representing the most
integrated and autonomous system configuration designed to maximize
resource efficiency. An overview of the different scenarios is given in
Table 4 and a schematic of the setup in Fig. 2.

To evaluate the relative merit of different heat recovery methods

3.5. Data self-sufficiency and PV self-consumption

To analyze the efficiency of integrating larger PV capacities as
renewable energy supply for different sizes of the data center, two
different metrics are defined.

Data Self-sufficiency: This term is introduced to estimate how much of
the data processing is handled locally by the on-campus data center
(Sin—house) and how much is outsourced (S¢ouq). This metric calculates
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Fig. 2. A schematic view of the infrastructure available at the EPFL campus showing the possible waste heat utilization pathways from the data center.

the percentage of data processed in-house compared to the total data
processed (both in-house and outsourced). It is computed using the Eq.

9):

_ 5in—house (9)
5in—house + §cloud

PV self-consumption: This term is introduced to measure how much
electricity produced by the PV is used in the data center. This metric
calculates the percentage of PV energy that is used directly by the data
center, excluding the energy exported to the network. It is computed
using Eq. (10). Here, Epy is the electricity produced by PV, whereas
Eexport is the electricity export to the grid.

,B _ EPV ;:Eexport (10)
PV

3.6. Case study description: EPFL campus

To model the current infrastructure of EPFL, the current and pro-
posed infrastructure plans on data centers at EPFL were utilized. The
campus currently hosts data centers that are about 4 MW in size, with
plans to extend this installed capacity by 4 MW. The campus also has
shared facilities with Université de Lausanne (UNIL) located next to
EPFL and has servers hosted outside of EPFL. Hence, the data workload
profiles, obtained from RCP clusters, which is one of the campus data
center clusters, was utilized and was scaled up to a 10 MW size. These
profiles were then made to be an end-use demand that will have to be
met at EPFL, by either processing them in EPFL’s own data centers (in-
house) or by outsourcing these data processing to cloud servers. During
the course of this study, this aspect of using cloud data centers, will be
referred to as data import to maintain a coherence in terminology across
the different resources considered in the study. While the demand

profile considered might be an overestimation of the actual data demand
of EPFL, this was done to err in the side of caution, as ICT demand of
EPFL, with the growth of large language models, is expected to grow and
this demand profile would still be a valid assumption in this case. In
modeling the data center of EPFL, a PUE of 1.3 was assumed. PUE is a
metric that measures the energy efficiency of a data center, defined as
the ratio of total facility energy to the energy used by IT equipment. This
defines the amount of electricity needed to process one unit of data
within the campus data center. Almost 95 % of the electricity consumed
by the data center is assumed to be dissipated as heat that is recoverable
with 5 % assumed to be lost to the cooling system of the server rooms
hosting the data center [47]. The campus has an extensive DHN char-
acterized by two different heat supply levels depending on the buildings’

Table 5
Campus energy and data demands across the typical days considered.
Typical Frequency of Space Domestic Hot ICT
day d typical days of Heating water demand demand
Type d per year demand (MWh/day) (MWh/day)
(MWh/day)

1 29 132.41 2.15 69.68

2 28 165.71 2.61 61.96

3 27 203.44 2.46 69.68

4 18 172.38 2.46 72.51

5 23 147.07 2.15 58.84

6 4 145.88 2.46 75.64

7 29 131.55 1.16 66.35

8 39 76.01 2.76 51.31

9 18 102.59 1.05 70.71
10 39 29.34 2.76 65.90
11 24 0 2.16 70.91
12 38 0 1.05 61.96
13 25 27.87 2.46 61.68
14 24 0 1.25 61.63
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construction period. Newer buildings require heat at a lower tempera-
ture (at about 40-45 °C), while older buildings require higher temper-
ature supply (at about 65-70 °C). However, in this study, it was assumed
to be a single network for simplicity and has been discussed in detail in
Section 4.1. This DHN is connected to the heat pumps of the campus and
will be used to supply both the space heating and domestic hot water
demands of the campus buildings. Table 5 shows the summary of the
space heating, domestic hot water and ICT demands of the campus
across the 14 representative days and the frequency in which they
appear in a given year.

4. Results and discussions
4.1. Role of the DHN as intra-day thermal storage buffers

Complementarily to the waste heat recovery strategies proposed in
Section 3.2, we propose to explore the buffer potential for TES within the
DHN itself. This operation can benefit, on the one hand, from the direct
waste heat recovery from the DC, and on the other hand, from dynamic
heat pump operation strategies.

As a first approach, it was decided to model a single DHN for the
entire EPFL campus with a maximum supply temperature of 70 °C. This
temperature was selected, first, to ensure compliance with public health
guidelines, which recommend storing water between 60 and 70 °C for
thermal disinfection (for example, from Legionella bacteria), and sec-
ond, because it enables lower distribution losses, ensuring sufficient
temperature levels at the end-users’ point of use, while also avoiding
oversized infrastructure. Given the geographical distribution of EPFL’s
buildings, data center and heat pump across the campus, as well as the
buildings’ heating demands, the optimal network layout was estimated
using the Minimum Spanning Network (MSP) algorithm [48]. This
allowed for a precise estimation of the direction of the pipes, along with
their lengths and diameters. An open street map view of the campus can
be seen in Fig. 3(a), where the building CCT marks the location of the
data center and the heat pumps. The line thickness correlates with pipe
diameter, which was estimated for the said supply temperature and
heating demands as explained in the supplementary material section.
From the lengths and diameters of the different pipes in the DHN, the
overall volume of water stored in the network was estimated to be about
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781 m? offering a storage buffer potential of up to 18.2 MWh within a
temperature difference of 20 °C. This information was then used to
assess the role of DHN as thermal buffers with a simple formulation of
the charged and discharged energy, as well as thermal losses, within the
pipeline as depicted in Fig. 3(b). In this way, charging is represented by
an increase in the temperature of the water inside the pipes. It should be
noted that representing the DHN as a zero-dimensional (0-D) thermal
buffer is appropriate for the planning scale of our MILP, where the
primary decisions are technology selection and hourly co-dispatch (PV,
ORC and HP cascades, battery, workload shifting, DHN buffering). Fine-
grained network physics such as transport delays, mixing/stratification,
and distributed heat losses mainly affect hydraulic operation and sub-
hourly transients, which are beyond the scope of this study. Although
this abstraction can modestly misrepresent rapid temperature propa-
gation or short-cycling constraints, it preserves the first-order energy
balance that determines the trade-offs analyzed here. As a natural
extension, the planning model could be coupled with a transient DHN
solver to assess detailed operational behavior for selected Pareto
solutions.

The simulation results illustrate how the MILP model effectively le-
verages the DHN as an intra-day thermal storage system in response to
dynamic electricity prices. Fig. 4 shows this trend for typical days in the
winter and summer. The translucent red bands show the regions in-
crease in electricity prices and a corresponding discharging trend while
the translucent green bands show the opposite trend. In wintertime, the
DHN is charged predominantly during low-tariff hours in the early
morning (0-6 h), with stored heat discharged around hour 9, coinciding
with peak electricity prices. Similar charging behavior can also be
noticed between hours 10-14, when the tariffs are at a local minimum.
This behavior suggests the model prioritizes avoiding high-cost elec-
tricity imports or expensive heat generation technologies during peak
hours, thereby minimizing operational expenditure. By contrast, in
summertime, a more complex pattern emerges due to the presence of
two daily price peaks. The DHN discharges during the morning price
increase (5-7 h) and recharges during the mid-day price trough (11-13
h), reflecting cost-optimal operation. The evening storage reduction
corresponds to the second price peak, indicating strategic discharging.

Overall, the model demonstrates consistent behavior, adapting to
seasonal electricity price signals by optimizing thermal energy storage

(b)

Qcharging,losses (t) Qdischarging,losses (t)

Qin {t)
Tin (t)

_ - Qout (t)

Tout=Tsto (V)

Qself-discharging,losses (t)

Fig. 3. (a) Estimated DHN layout of EPFL campus; (b) TES buffer modeling.



S.S. Ravi et al.

-~
L

Grid Electricity Tariffs [CHF/kWh]: Summer

(b)

Applied Energy 402 (2026) 127049

Grid Electricity Tariffs [CHF/kWh]: Winter

=0.25 =025
Z 2
£ 020 £ 020
g S
% 0.15 % 0.15 \m
E E
g 2 0.5
= 0.05 = 0.0:
= =
5 5 0.00 . : ) ,
c 000 5 10 15 20 © 5 10 15 20
Time [hours] Time [hours]
(C) DHN as thermal energy storage buffer: Summer (d) 16 DHN as thermal energy storage buffer: Winter 15
16 100
14 — Storage Charge (MWh) 14 — Storage Charg:: (MWh)
=== Temperature (°C) 90 —---Temperature (°C) _
) @)
g 12 1 8 s
1
S 10 F80 g E
Yy g
S l70 8 g
= 0 g :
S = =
F60
41
2 ; - , , 50
2 3 10 5 0 0 5 10 5 2

Time [hours]

Time [hours]

Fig. 4. Intra-day thermal storage buffer in the DHN characterized by charging and discharging profiles with a proportionate increase or decrease in the DHN

temperature respectively in line with electricity tariffs in a given day.

operation to flatten cost profiles and enhance system efficiency. The
response to dynamic electricity prices, which characterizes this optimal
operation strategy, highlights the need for effective forecasting of not
only day-ahead market prices of grid electricity, but also day-ahead
weather conditions, which directly influence the buildings’ heating
demand. This possibility of using the DHNs as a buffer was then allowed
for the subsequent scenarios discussed in this study.

4.2. Workload flexibility in data centers

The workloads used in this study were derived from real-time op-
erations of the RCP data center clusters at EPFL, providing a good
approximation for the campus ICT demands. These power profiles
reflect energy consumption associated with processing specific data in-
stances over defined time intervals. However, not all data processing is
time critical. With the growing adoption of large language models

Normalized Load Shifting vs Irradiation (Week 26)

1.0
—— Original DC Load (Normalized)
—— Shifted DC Load (Normalized)
Irradiation (Normalized)
0.8
EXE
s
o
3
N
© |
£
£ |
= 0.4 |
0.2 4 |
0.0

31‘25 31‘50 31‘75

3260

32'2 5 32’50 32‘75

Hour of Year

Fig. 5. Original and shifted workload profiles of the data center alongside the corresponding solar irradiation profiles for a given week of the year. Each profile is
normalized to its maximum value over the entire year to allow for direct comparison.
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Fig. 6. Pareto results for the “Business as usual” scenario S1, plotted as a function of in-house data processing.

(LLMs), it has become increasingly common for data centers to shift non-
urgent workloads to periods of lower server traffic. The extent to which
workloads can be shifted depends on the nature of the data being pro-
cessed. Due to limited access to detailed information on workload
composition in data centers worldwide, values from the literature were
used to give a range of shiftable load, from 30 % to 70 % of the total
workload at any given time interval [34,49,50].

To evaluate the potential benefits of flexible workloads, a conser-
vative estimate of 30 % shiftable load was assumed, with a shifting
horizon of 24 h covering the entire representative day. This implies that
while the total daily workload remains constant, its distribution within
the day can be adjusted to better align with PV production and time-
varying electricity purchase prices. To model this, an objective func-
tion was defined to minimize the sum of squared hourly differences
between the normalized shifted data center load and the normalized
solar irradiance profile:

Minimize o = an
t:

u 2
(Se—1I)
=1
where:
e T is the total number of time steps (e.g., hours in a year),
e S, is the normalized shifted load at time ¢t,
e I; is the normalized irradiance at time t.
A flowchart outlining the process of load shifting in line with PV
generation can be found in the Supplementary Material. Fig. 5 shows an

example of a representative week where the workload has been shifted
based on the irradiation profile.

4.3. Scenario analysis

Multi-objective optimization (MOO) analyses were conducted for

11

each of the five scenarios to explore trade-offs between economic ob-
jectives. In REHO, the e-constraint method constructs the Pareto front by
selecting one objective as the primary target and constraining the other
with progressively tighter bounds. More explanation on the methodol-
ogy can be found in [51,52]. In our case, CAPEX was chosen as the
primary optimization objective, while OPEX was progressively bounded
by € values linearly distributed between upper and lower limits. The
upper limit is the OPEX value obtained for the minimum CAPEX, while
the lower limit corresponds to the optimal OPEX. The number of inter-
mediate steps was controlled by the parameter that selects the number of
pareto points chosen during the optimization, yielding a set of non-
dominated solutions spanning the entire frontier. For each solution,
the associated Global Warming Potential (GWP) was also calculated,
enabling a three-dimensional assessment of trade-offs. The representa-
tive solutions discussed in the results were manually selected from this
set for discussion in the subsequent sections.

To ensure consistent comparison across scenarios, all results are
normalized by the building’s energy reference area (ERA) and expressed
in CHF or kg CO2 per m? per year. This allows data, heat, and electricity
demands to be evaluated on a common basis, independent of building
size or configuration. Detailed results for the off-grid scenarios are
provided in the supplementary material to maintain clarity in the main
discussion. It must also be noted that the metrics selected for comparison
in this study were primarily chosen to align with the scope and structure
of the urban energy system model. A comparison of economic indicators
has not been carried out, as this would require the definition of a
consistent economic framework across all system scenarios or a pre-
selection of certain scenarios for this reason. An economic assessment
has hence been deemed to be outside the methodological focus of this
work. Instead, the study prioritizes technical and systemic performance
metrics discussed before to draw robust and comparable insights.
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Fig. 7. Composite curves for typical winter (a, b) and summer (c, d) hours comparing direct (a, ¢) and exergy-aware (b, d) heat recovery strategies. Curves are plotted
using Carnot factors to visualize exergy destruction (red area). The exergy-aware strategy, involving ORC and heat pumps, shows improved thermal matching and
reduced exergy destruction compared to direct heat use, particularly in summer. (For interpretation of the references to colour in this figure legend, the reader is

referred to the web version of this article.)

4.3.1. S1: Business-as-usual (BAU)

The business-as-usual scenario, attempts at meeting the demands of
the system on the electricity and thermal energy sides, without any form
of meaningful heat recovery, as is the case today. The multi-objective
optimization first minimized CAPEX and OPEX independently, thereby
identifying the extreme points that determine the bounds of the Pareto
front. Subsequently, a series of optimizations were performed in which
CAPEX was minimized while progressively imposing an upper bound
(e-constraint) on OPEX.

Fig. 6 illustrates the results of the multi-objective optimization. The
solution at 0 MJel/m%RA in-house data processing (left-most point) cor-
responds to the minimum CAPEX, and the solution at 250 MJel/m%RA in-
house data processing corresponds to minimum OPEX. Electricity
import, electricity export, and data imports are associated with OPEX,
while investments in data center, PV panels, heat pump, and district-
level battery are associated with CAPEX. CAPEX minimization results
in a huge import of both electricity and data, while OPEX minimization
results in installation of maximum size of data center that is needed to
in-house process all data of EPFL. In the baseline scenario (without a
data center) operational costs are highest, with around 10 CHF/m?/year
for electricity and 30 CHF/m?/year for data, as all services are imported.

12

Installing a data center initially leads to a noticeable reduction in total
costs by lowering data import needs and improving energy efficiency.
The minimum TOTEX, representing the sum of CAPEX and OPEX, was
reached around 245 MJe/mgga of in-house data processing, indicating
the benefit of allowing for a very small flexibility margin between data
outsourcing and in-house processing. Fig. 6 also presents the GWP
emissions for the different Pareto solutions, where high OPEX leads to
larger emission values. Hence, GWP for the overall system progressively
reduces with the reduction in the amount of imported data. It is inter-
esting to note that the minimum GWP is reached for the same minimum
TOTEX point. (See Fig. 6.)

4.3.2. Exergy destruction across the heat recovery strategies

Before analyzing the full-year performance of the two heat recovery
strategies, a targeted heat integration assessment was conducted for
representative hours during a typical winter and summer day. Com-
posite curves were constructed for each strategy to evaluate thermal
match quality and exergy efficiency as shown in Fig. 7. In the winter
scenario, the curves reveal a significant temperature mismatch when
waste heat from the data center is directly transferred to the district
heating network (DHN), indicating limited thermodynamic
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Fig. 9. Pareto results for Scenario S3. DC with flexible workloads, connection to grid and PV farms, and heat recovery.

compatibility. In contrast, the exergy-aware strategy which first con-
verts the waste heat to electricity via an Organic Rankine Cycle (ORC)
and subsequently uses this electricity to drive heat pumps exhibits a
smaller temperature gap, signifying improved thermal integration. In
this configuration, building heat supply is met through a combination of
a lake-sourced primary heat pump and a secondary heat pump that re-
covers low-grade heat from the ORC condenser. Importantly, the area

between the hot and cold composite curves, plotted against Carnot
factors rather than absolute temperatures, serves as a visual and quan-
titative indicator of exergy destruction. This area is notably larger in the
direct use strategy, particularly during summer, when heat demand
occurs at very low temperatures, thereby exacerbating exergy losses.
These insights underscore the thermodynamic advantages of the exergy-
aware strategy, especially under conditions of low-temperature demand.
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4.3.3. S2: DC with fixed workloads, connection to grid and PV farms

In this scenario, district-level PV panels are modelled to enhance the
supply of renewable electricity. A summary of the scenarios’ assump-
tions was given in Table 4. As illustrated in the Pareto front between
CAPEX and OPEX in Fig. 8, the highest total annual costs are observed in
the case without a data center, reaching 50 CHF/m?/year. In this case,
data import dominates the cost breakdown, contributing approximately
35 CHF/m?/year. As the data center size increases, the reliance on
external data import decreases, leading to a significant reduction in both
capital and operational expenditures. In fact, increasing the in-house
processing of data leads to a noticeable increase in the size of the
district-level PV systems, a decrease in the imported electricity, and an
increase in the amount of electricity exported to the grid. This is because
of the data workload demand profiles that are typically not synchro-
nized with the PV availability.

The optimal total annual cost is observed again high in-house data
processing of up to 250 MJe/mZga. Interestingly, the GWP is lowest at
the same point, falling below 50 kg CO2/m?/year, highlighting a strong
interest of this solution in terms of both financial and environmental
performances. It can also be noted that the overall GWP of the system
starts to climb towards higher sizes of data center, as the PV installation
reaches its maximum installable size. Additionally, the heat ratio for the
exergy-aware heat recovery strategy can be seen to reach around 0.6,
indicating a relatively effective use of heat rejected by the data center as
opposed to a heat ratio of 0.4 in the legacy heat recovery strategy. In
general, the heat ratio increases with increasing amount of heat recovery
in terms of electricity generation, since this will have the highest exer-
getic value. The heat recovery ratio in the exergy heat recovery strategy
appears to be relatively constant, since ratio of the exergetic value of the
output generated to the input is determined by the configuration of the
system, which is fixed a-priori in this strategy.
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4.3.4. S3: DC with flexible workloads, connection to grid and PV farms

In scenario S3, the shifted workloads were implemented in REHO,
and the corresponding results are shown in Fig. 9. As the system tries to
meet the shifted ICT demand with PV generation, it significantly over-
sizes the data center, reaching up to twice the size compared to previous
fixed-demand scenarios. This means that as the emphasis on reduction of
operation expenses increases, an increase in renewable integration is
preferred which leads to configurations that require data centers that are
bigger than the base size of 10 MW that is considered across this study.
The electrical grid continues to play a crucial role, enabling in-house
data processing during hours of low or no PV generation, resulting in
very low levels of data imports.

The GWP profile of the overall system in both heat recovery strate-
gies initially shows a progressive decline. However, as the size of the
data center continues to increase, the embodied emissions from its
construction begin to have a more noticeable impact on the system’s
total GWP. Another important observation related to electricity exports,
is that when considering the similar data center capacities configura-
tions between the fixed and the flexible workloads, despite an increased
installed capacity of the PV in the flexible workload scenario, a higher
self-consumption of the generated renewable electricity and reduced
curtailment, improving overall energy utilization is observed.

The optimal total annual cost, defined as the sum of CAPEX and
OPEX, is achieved at 160 MJe/mgra of in-house data processing.
Interestingly, this point also corresponds to the lowest GWP, suggesting
a strong alignment between economic and environmental objectives.
While heat ratio trends across the two strategies remain similar to that as
in Scenario S2, it must be noted that the costs of the data center have
increased significantly in this scenario due to the oversizing to meet the
peaks of data demand.

The optimization results also reveal a distinct cost pattern: A higher
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Fig. 10. Sankey diagrams showing the system configurations across the two heat recovery strategies in the grid-connected scenarios S2 (a, b) and S3 (c, d).
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total system costs occur at both ends of the in-house data processing
range, corresponding to minimum OPEX and minimum CAPEX. Initially,
costs are driven by high levels of data and electricity imports. At the
upper end, costs rise due to the extensive deployment of technologies,
including PV panels, district-level PV systems, district batteries, heat
pumps, and the data center itself. At about 160 MJ./ m%RA in-house data
processing, a sharp increase in the deployment of these technologies is
observed, leading to significantly higher system costs.

4.4. Energy flow analysis for scenarios S2 and S3

Analyzing energy flows is important to understand how energy is
converted, distributed and recovered within the system. It helps to
identify inefficiencies, quantify the impact of different operating stra-
tegies and assess the effectiveness of energy recovery measures. In the
context of scenarios S2 and S3, such an analysis provides valuable in-
sights into how flexible workloads and heat recovery strategies affect
overall system performance and energy consumption.

The Sankey diagrams shown in Fig. 10(a)-(d), illustrate the energy
flows for Scenarios S2 and S3. These scenarios have connections to grid,
installed PV farms, two heat recovery strategies, and fixed (Scenario S2)
and flexible (Scenario S3) workloads. In the legacy heat recovery
strategy, the excess heat from the data center is supplied directly to the
DHN and ORC. In contrast, the exergy-aware heat recovery strategy uses
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excess heat solely for the ORC, with the ORC condenser supplying heat
to the DHN heat pump. These diagrams are presented for 80 % of the
total data processing needed to be in-house at 200 MJel/m%RA, which
roughly represent the current operational strategies of the campus of
EPFL.

Two main observations emerge from the exergy-aware heat recovery
strategy across both scenarios:

o It enables the ORC to generate approximately three times more
electricity than in the legacy heat recovery strategy, as all the excess
heat from the data center is directed to the ORC.

o It supplies more heat to the DHN using the data center’s heat pump,
whereas the legacy strategy delivers heat directly from the data
center to the DHN, resulting in a lower overall heat supply contri-
bution of the data centers to the buildings.

As a result, the legacy strategy relies more heavily on district-level
heat pumps to meet heating demand. It is important to note that while
the exergy-aware strategy uses the data center’s heat pump, which re-
quires electricity, the legacy strategy does not require additional elec-
tricity for heat delivery from the data center. Nevertheless, the exergy-
aware strategy is more thermodynamically efficient, as it better aligns
heat use with its exergy content, maximizing the value extracted from
the available waste heat.
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When comparing the fixed and flexible workload scenarios, the data
center in the shifted case shows a lower annual electricity demand
(approximately 1500 MWh less). This reduction is due to a portion of the
workload being outsourced to cloud-based servers, which reduces local
electricity consumption. Additionally, electricity exports are lower
despite increased PV generation, due to higher self-consumption: the
shifted demand profile allows for greater direct use of PV electricity
instead of importing from or exporting to the grid. The alignment be-
tween demand and PV production also reduces battery charging needs,
as more energy can be used in real time, further enhancing system ef-
ficiency. This behavior exemplifies the “information battery” concept, in
which data centers act as buffers for renewable energy, storing excess
generation in the form of processed data instead of physical energy [53].

However, in the shifted workload scenario, the data center also
supplies less heat, both to the DHN and to the ORC for power generation.
This reduction is due to the lower electricity demand and reduced
operating hours of the data center, resulting in decreased heat output.
Consequently, a greater share of the heat demand (around 4000 MWh
annually) is met by heat pumps at the building level. The final heating
demand remains largely unchanged, with only minor variations attrib-
uted to differences in typical day profiles derived from the clustering
process.

4.5. Role of flexible workloads on data self-sufficiency and PV self-
consumption

To evaluate the impact of flexible workloads on system performance,
the share of data processed locally (Data self-sufficiency) and the pro-
portion of PV electricity used directly on-site (PV self-consumption) are
analyzed. These values illustrate how workload flexibility can reduce
reliance on external cloud services and increase the utilization of locally
generated solar energy. Fig. 11 presents the PV and data center capac-
ities, as well as PV self-consumption, across different levels of data self-
sufficiency for Scenarios S2, S3, S4 and S5.

General trends in the Pareto fronts of Scenarios S4 and S5 show that,
due to the absence of a grid connection, the data centers operate solely
on PV electricity, which limits their operational hours. As a result, a
significant share of data must be outsourced to cloud services, leading to
higher GHG emissions and relatively high system costs, mainly due to
expensive data imports and reduced heat recovery potential. These dy-
namics are illustrated in more detail in the supplementary figures pro-
vided in the appendix.

Fig. 11 (a) illustrates the grid-connected scenario with fixed work-
loads S2. As the size of the data center increases, the installed PV ca-
pacity grows nearly linearly. However, due to the temporal mismatch
between the fixed load and the PV generation profiles, PV self-
consumption is limited to around 70 %, resulting in higher electricity
exports to the grid. Data center size increases with data self-sufficiency
and can reach up to 100 % data self-sufficiency, as the grid ensures
continuous electricity availability. In Fig. 11 (c), the off-grid scenario
with fixed workloads S4 is presented. Here, a similarly linear increase in
PV capacity is observed. PV self-consumption reaches up to 90 %, as the
absence of a grid connection limits the possibility of exporting excess
electricity. Nevertheless, data self-sufficiency remains constrained and
peaks at approximately 45 %, due to the lack of external power supply.

Fig. 11(b) shows the grid-connected scenario with flexible workloads
S3. In this case, load shifting significantly improves the temporal
alignment between PV generation and demand, leading to higher PV
self-consumption, up to 90 %, and a more efficient use of the installed PV
capacity. The installed capacity is considerably higher than in the fixed
workload case, as more solar energy can be utilized effectively. Data
center size increases with data self-sufficiency and reaches 100 % data
self-sufficiency, supported by the grid as a reliable energy source as was
observed in the other grid-connected scenario. Fig. 11(d) depicts the off-
grid scenario with flexible workloads S5, which exhibits the highest PV
self-consumption and the largest increase in installed PV capacity -

16

Applied Energy 402 (2026) 127049

approximately five to ten times more than in fixed-load scenarios. The
flexibility in workload scheduling allows for better utilization of solar
peaks and reduces curtailment. As a result, data self-sufficiency in-
creases significantly and reaches up to 60 %, the highest among off-grid
configurations.

Across all scenarios, increasing the size of the data center leads to
higher PV self-consumption and greater data self-sufficiency. Flexible
workload strategies consistently outperform fixed ones, particularly in
off-grid settings, by enabling more efficient use of locally generated solar
energy. While grid-connected scenarios can achieve full data self-
sufficiency due to the availability of external electricity, off-grid sce-
narios benefit substantially from flexibility, which raises self-sufficiency
from 45 % to 60 %. These findings underscore the critical role of
workload flexibility in enhancing energy autonomy, reducing reliance
on external cloud services, and maximizing the integration of renewable
energy in data center operations.

Understanding the relationship between installed PV panels and data
center capacity is critical to optimizing energy efficiency and sustain-
ability, as it helps determine how much capacity is needed to power data
centers. To determine how much PV capacity is needed per unit of data
center capacity, the installed PV capacity is multiplied by the self-
consumption rate and divided by the data center capacity. In the fixed
workload scenario, 8-9 units of PV per unit of data center capacity are
required. In the flexible workload scenario, this ratio decreases from 7.8
to 5.2 as the data center size increases. This shows that flexibility re-
duces the PV capacity needed to meet energy demands, improving
overall system efficiency.

5. Conclusions and future outlook

This study analyzed several scenarios to assess the role of data cen-
ters as energy prosumers in urban energy districts. Two heat recovery
strategies were compared: (i) a direct deployment of waste heat into the
DHN of EPFL campus, and (ii) a novel exergy-aware approach, which
involves an ORC to convert data center waste heat into electricity and a
secondary heat pump to recover rejected heat from the ORC condenser
benefitting from a higher COP. The potential of data centers as renew-
able energy bulffers, by exploiting data demand flexibility to mitigate PV
curtailment, was also explored. Furthermore, the DHN was examined for
its role as a thermal energy storage buffer, contributing to a holistic
understanding of the energy system. Some of the key findings of this
study are summarized as follows:

1. The heat ratio, introduced as a KPI to compare heat recovery stra-
tegies shows that the heat recovery ratio in the exergy heat recovery
strategy appears to be relatively constant due to a fixed system
configuration and shows up to 60 % of heat rejected from the data
centers can be used to meet an energy service.

2. The introduction of soft and hard constraints on district-level PV
electricity use revealed that data centers can act as buffers for
intermittent renewables under both flexible and fixed workload
profiles improving self-consumption of PV up to 90 % in the flexible
cases. Interestingly, the model favored oversizing the data center to
reduce operational expenditure, especially in scenarios with flexible
loads. This was consistent across both grid-connected and off-grid
configurations.

3. In off-grid scenarios with flexible workloads, a portion of the data
demand must still be outsourced to cloud servers, despite the over-
sized local data center which only achieves up to 60 % data sulf-
sufficiency. While seemingly less attractive, this configuration sup-
ports sustainability goals and could become viable with geographic
coordination and high renewable availability. This strategy enables
greater PV penetration and greener data processing at the cost of
higher capital investment.

4. The DHN demonstrated an untapped potential as a short-term ther-
mal buffer by allowing a buffer potential of 18.2 MWh. By
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connecting more data centers to the DHN, it is possible to optimize
system operation for multiple objectives, including total annual cost
and GWP, while enabling flexible data center operation that aligns
with peak heating demands.

5. The analysis of PV integration and workload flexibility highlighted
the potential of data centers as active prosumers. Larger data centers
exhibited higher PV self-consumption and data self-sufficiency,
especially when paired with flexible workloads. In off-grid sce-
narios, data self-sufficiency increased from 45 % (fixed) to 60 %
(flexible workloads), while PV self-consumption remained high in
both cases (up to 90 %). Moreover, flexible workloads also reduced
the required PV capacity per unit of data center capacity from around
8-9 units in fixed workload scenarios to 5.2 units, indicating more
efficient use of renewable resources.

This study applied simplifying assumptions for workload flexibility,
as the nature of data instances and their associated energy consumption
is typically confidential for privacy and security reasons.

5.1. Policy implications

This study assessed the systemic role of data centers as thermal and
digital prosumers within urban energy systems. By modeling multiple
heat recovery configurations, ranging from no heat recovery to exergy-
aware ORC-HP systems, and their integration into a university campus
district, we demonstrated the dual potential of data centers to: (1)
deliver dispatchable low-carbon heat, and (2) act as buffers for surplus
renewable electricity through flexible ICT loads. Key insights are as
follows:

e Exergy-aware heat recovery (e.g., ORC + HP) achieves up to 60 %
higher heat recovery rates and significant GHG savings compared to
legacy cooling systems, particularly in solar-intensive regions with
DHNs. These benefits are increased with lower supply temperature
requirements, highlighting the relevance of low-temperature DHNs
in new or renovated urban energy systems.

ICT load flexibility enables better alignment with PV production and
cooling needs, improving self-sufficiency and reducing curtailment.
Emissions from data outsourcing are non-negligible. We assumed an
emission factor of 1.6 kgCO2/kWh of imported data, underscoring
the need for transparent accounting of digital infrastructure’s carbon
footprint.

These findings have clear implications for urban energy planning:

1. Urban integration: Treat data centers as active nodes in energy
planning, especially in cities with district heating or ambitions for
zero-carbon infrastructure. Urban masterplans should exploit ther-
mal synergies between data centers and nearby buildings to boost
energy and land-use efficiency.

2. Policy coordination: Require transparency from data center oper-
ators, regarding their infrastructure, energy sourcing, and workload
distribution, to enable accurate and consistent tracking and quanti-
fication of GHG emissions, particularly in Scope 3 emissions ac-
counting for digital services. The information can be used to guide
more informed planning, incentivize local data processing or tax
high-emission cloud imports to internalize environmental costs.

3. Zoning and permitting: Encourage co-location of data centers near
thermal loads (e.g. urban districts) and promote designs that allow
for modular thermal coupling and reversible cooling-heating
systems.

4. Flexibility markets: Integrate digital flexibility into grid balancing
and demand-response strategies. This requires effective coordination
between Transmission System Operators (TSOs), Distribution System
Operators (DSOs), data center operators, and renewable infrastruc-
ture managers.
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