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Abstract: 
Digital infrastructure is becoming a significant component of Europe’s energy system. The 
expansion of data centres, driven by cloud computing and artificial intelligence, is creating 
concentrated electricity demand and recoverable low-temperature heat. At the same time, 
meeting Europe’s climate and energy targets requires rapid decarbonisation and large-scale 
integration of renewable energy. Here we quantify pan-European energy-system 
configurations for 2050 using the EnergyScope optimisation framework, which co-optimises 
energy supply, conversion, storage, and end-uses under harmonised ICT demand 
assumptions. This study introduces, for the first time, spatially explicit ICT demand and 
workload flexibility into a multi-energy optimisation model through the modelling-to-
generate-alternatives (MGA) approach. Across one hundred scenarios for the EU-27, the 
United Kingdom, and Switzerland, we assess trade-offs between system costs, greenhouse-
gas emissions, renewable curtailment, and regional equity. Results show that data centres 
account for a substantial share of final electricity demand and represent a major source of 
urban waste heat. Coupling data centres to district-heating networks reduces primary energy 
use and emissions, while aligning computing workloads with solar and wind generation 
lowers curtailment and costs. These findings demonstrate that digitalisation exerts tangible 
and spatially uneven effects on the energy transition, underscoring the need to explicitly 
represent data-centre dynamics in decarbonisation planning. 
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1. Introduction 
Climate and environmental goals in Europe require deep cuts in greenhouse gas emissions and rapid growth 
of renewables[1],[2]. Key strategies to achieve this maximum deployment of renewables include the 
introduction of monetary incentives and setting of ambititous national energy targets [3],[4], [5], yet their 
regional co-benefits and externalities remain unevenly distributed.. A significant drop in the capital cost of 
renewables has made them financially attractive, which has so far, driven the growth of renewable energy in 
Europe[6], [7]. This growth of renewables, apart from the intended consequences of reducing greenhouse 



emissions from the electricity mix, also has some unintened consequences. Beneficial consequences include, 
reduction in air pollution[8], decreased dependence on fossil fuels[9], [10], and new economic 
development[11], [12], [13]. While, the burdens include, increased system costs[14], [15], decreased property 
values[16], [17], adverse impact on ecosystem and wildlife[18], [19], with most of these impacts unevenly 
distributed across European regions[20], [21]. 

 

At the same time, digital services are expanding. Cloud computing, artificial intelligence, and streaming 
increase demand for computing and create a new class of large and steady energy users near cities and 
industry [22]. Data centers draw significant electricity and reject low-temperature heat that can be 
recovered[23], [24]. They are continuously active, they draw electricity to sustain digital services while 
releasing low-temperature heat that can serve nearby buildings and industries.This multi-faceted link with the 
urban energy system exemplifies how digital infrastructure and local energy systems can coexist in a mutually 
beneficial exchange. A whole energy system view is needed to assess these interactions[25], [26], [27]. 
Electricity, heat, transport, and industrial services are connected through conversion and storage. Data centers 
sit at this junction. Their electricity demand has both real-time and deferrable components[28], [29].  

 

Data-center electricity demand can be divided into real-time and deferrable components. The temporal 
flexibility of the latter enables alignment with renewable availability, while rejected heat provides a potential 
low-temperature supply to district-heating networks. These real-time loads encompass computing and cooling 
operations that must occur continuously to maintain service reliability such as web hosting, cloud transactions, 
and critical network functions. These processes operate under stringent uptime requirements and cannot be 
delayed without disrupting service quality. In contrast, deferrable loads include computational tasks that can 
be temporally shifted without immediate performance loss, such as data analytics, software updates, or large-
scale AI training, which is growing in proportion. Estimates suggest that proportion of such deferrable 
workloads could be between 30-70% [30], [31], [32]. These flexible tasks can be strategically scheduled to 
align with periods of renewable energy abundance or low grid stress, allowing data centers to act as 
controllable loads that support system balancing and renewable integration[28], [33]. On the other hand, their 
waste heat can supply district heating where temperatures and networks allow it. Thus, the scale and timing 
of workloads and the degree of heat integration shape system outcomes. 

 

A way to understand and investigate such interactions and outcomes would be to model spatially explicit 
scenarios of the information and communication technology (ICT) demands. However, despite the abundance 
of large-scale energy system models, there are very few that have studied the increasing growth of such ICT 
demands in conjunction with a multi-energy system model perspective, focusing on regional impacts and 
renewable penetration. Several studies have focussed on technical and economic aspects of renewable 
capacity, and the transition pathways models that show future outcomes firmly basing on current system 
states[34], [35], [36]. Some studies have focussed on regionally equitable allocation of renewable resources 
with Switzerland or Germany[37], [38], however, the ICT demand in such cases were not explicitly modelled. 
Even fewer studies have modelled the flexibility aspects associated with data centers in a system level, 
considering different generation profiles, however, the cross-sectoral coupling impacts of such data centers 
were not considered when flexibility was prioritised[39], [40], [41]. Consequently, the systemic implications of 
large-scale digitalization remain poorly quantified. While providing interesting insights and great first steps 
towards system possibilities, existing studies do not constitute a integrated spatially explicit techno-economic 
analysis on regional interactions between data centers and the electric and heating grids, by often neglecting 
transmission and storage capacities and renewable curtailment effects. 

 

Here we quantify 2050 outcomes for EU-27 plus the United Kingdom and Switzerland using EnergyScope, a 
top-down, technology-rich optimization model. We extend the EnergyScope optimization model to explicitly 
represent ICT demand and data-centre coupling, generating 100 near-optimal system configurations via 
Modeling-to-Generate-Alternatives (MGA)[42], [43]. The model co-optimizes supply, conversion, storage, and 
end-uses across sectors including the ICT sector. We represent data centers explicitly with performance and 
operational choices. These include power usage effectiveness[44], cooling concepts, options for direct heat 
recovery and heat pumps, and the share of workloads that can shift in time. The scenario set varies by varying 
alignments across different system-level objectives and the degree of temporal alignment between deferrable 
workloads and variable renewables. We examine trade-offs across four objectives: minimizing total system 



costs, minimizing environmental impacts, maximizing renewable electricity generation, and minimizing regional 
inequality. We analyze patterns across these spatially explicit scenarios to highlight trade-offs and report total 
system costs, greenhouse gas emissions, and renewable curtailment, and we map how impacts differ across 
countries with different levels of hyperscale capacity. We show that these aims have often different outcomes 
that cannot be optimised simultaneously, with largely differing implementation pathways as has also been 
shown in the case of the MGA study conducted by Trutnevyte et. al.[45] Minimizing system costs leads to 
regionally concentrated impacts, while minimising regional inequality leads to higher system costs. These 
globals trends across objectives do seem to be consistent with the study on central european energy electricity 
system transition[45], however this analysis focuses on sector coupling with ICT demand integration and 
flexibility pathways, while employment, land use, and particulate emissions remain outside its scope, To our 
knowledge, this is the first pan-European study to embed data-centre flexibility and heat recovery within a 
whole-energy-system optimization framework. 

 

2. Results 

 
2.1. Monte Carlo projection of data demand and implied electricity use 
 
To model the 2050 Europe-wide scenarios that include ICT demand, we first construct a transparent global 
projection of data consumption from 2018 to 2050 and derive the corresponding envelope of data-centre 
electricity use. The model assumes anchored exponential growth, capturing both the slowdown of Moore’s 
law–type efficiency improvements, which raises cooling and power requirements, and the rapid expansion of 
AI-driven computing workloads. Uncertainty is represented multiplicatively to account for the compounding 
effects of efficiency and usage intensity over time, yielding a more realistic range of possible outcomes. A 
linear mapping between data traffic and electricity use is applied but can be substituted for alternative 
conversion functions. Let (A) be the last observed consumption in 2023, equal to 123 zettabytes. For each 
simulation (s), consumption in year (t) evolves as 

𝐷!(𝑡) = 𝐴. exp{𝜇(𝑡 − 𝑡")} . 𝜀#	 (1) 
 
with constant central growth (𝜇) and a multiplicative factor (𝜀#) that represents persistent deviation from the 
central path. To preserve the observation in 2023, every simulated trajectory is shifted to start at (A). We 
simulate one thousand trajectories on annual steps from 2023 to 2050. 
We use a lognormal distribution for (𝜀#) with zero mean on the log scale and a standard deviation (s) of 0.20. 
This preserves positivity and produces right-skewed spreads that widen with time. The choice reflects two 
counteracting empirical forces. First, historical efficiency gains from hardware and cooling have slowed with 
the end of Moore’s-law-like scaling. Second, usage growth from cloud, streaming, the internet of things, and 
the current AI cycle is accelerating. Together, these dynamics make demand projections highly sensitive and 
justify using a probabilistic formulation rather than a single deterministic trajectory.[46] 
Each simulated data-demand path is mapped to electricity use with a constant factor of 4.5 TWh per zettabyte, 
consistent with efficiency factors derived from WEF reports[47].This communication-level factor allows direct 
use of the ensemble as exogenous demand in the energy-system model. Readers who prefer an efficiency 
trajectory that changes over time can substitute their own factor while keeping the same simulated data 
consumption ensemble. 
Figure 1 highlights the accelerating growth and increasing uncertainty of global data demand. The ensemble 
of simulations shows a steep rise driven by the expansion of AI, cloud computing, and connected devices. By 
2050, median data consumption reaches about 1,080 ZB, translating to roughly 4,850 TWh of electricity use. 
The widening spread from around 3,400 to 6,500 TWh, reflects divergent pathways of digitalisation and 
efficiency progress. This growing dispersion motivates the use of an uncertainty envelope for ICT demand in 
subsequent system-optimisation scenarios. 
The specification is intentionally simple. It anchors to the most recent observation, it exposes two interpretable 
parameters that drive the spread of outcomes (the central growth rate and the multiplicative uncertainty), and 
it produces a complete table of inputs that others can reuse or adapt. The modelling choice is consistent with 
usage-driven outlooks that document the growing importance of behavioural and service-level drivers under a 
slowdown of device-level efficiency gains.  
This table provides the complete set of values required to reproduce the projections and to adapt them for 
alternative assumptions about growth in the AI era or efficiency trends after the end of Moore-like scaling.  



Table 1: Input data and assumptions used for the Monte-Carlo simulation 

Item Value Notes and rationale 

Observed years 2018, 2019, 2020, 2021, 2022, 2023 
Input data used for 
anchoring[47],[48]18/05/2026 
17:39:00 

Observed 
consumption in 2023 123 ZB 

Anchor at 2023 for all 
simulated trajectories[47], 
[48] 

Time horizon 2023 to 2050 Annual time step 

Central growth rate, 
(𝜇) 0.08 per year 

Central usage growth 
consistent with strong cloud, 
streaming, IoT and AI 
demand under slower 
hardware-level efficiency 
gains.[46]  

Multiplicative 
spread, (𝜀!) 

Lognormal with (𝜇"#$	= 0), (𝜎"#$	= 0.20) 

Captures persistent deviations 
such as faster adoption or 
slower efficiency; produces 
widening but bounded right-
skewed uncertainty 

Number  of 
simulations 1,000 

Provides stable quantiles for 
plotting and for downstream 
scenario selection 

Electricity 
conversion 4.5 TWh per ZB 

Communication-level factor 
used in this study; can be 
replaced by an efficiency 
trajectory if desired[47] 

Reporting years for 
panel (b) 2030, 2035, 2040, 2045, 2050 Five-year marks for box plots 

 

 
 



Figure 1. Monte Carlo projection of data consumption and induced energy use. a, Data consumption from 
2023 to 2050 in zettabytes. Light blue lines are 1,000 anchored exponential simulations with 8 percent annual 
growth and lognormal multiplicative uncertainty with sigma equal to 0.2. The blue line is the mean trajectory. 
Grey and red dotted lines mark the minimum and maximum simulated paths and the historical observations 
for 2018 to 2023. b, Box and whisker plots of the implied data center energy use at five-year intervals using 
4.5 TWh per zettabyte. Boxes show medians and interquartile ranges. Whiskers and points show the full 
distribution across simulations. 

2.2. Country-level envelopes for data demand and electricity use 
 
We translate the global Monte Carlo ensemble projected to individual countries by scaling each simulated 
trajectory with country shares of European data-centre activity reported for 2022. These shares come from the 
Joint Research Centre assessment by Kamiya and Bertoldi[49]. We assume that, in the absence of strong 
relocation policies, the relative position of the main hubs in Europe remains broadly stable over the horizon 
considered. This assumption reflects the strong path dependence of data-centre siting, driven by pre-existing 
fiber connectivity, corporate clustering, and climatic constraints. The ensemble is then mapped to electricity 
with the factor of 4.5 terawatt-hours per zettabyte like before. Figure 2 displays five-year snapshots from 2030 
to 2050 as a layered band between the minimum, mean, and maximum simulated data-demand paths 
estimated from the global demand projections. For each year, violin plots on the secondary axis show the 
distribution of implied electricity use. In Figure 2, we present six countries because they hold the highest market 
shares in Europe and together represent the bulk of European data-centre activity. 
 
The envelopes differ across countries because they combine the common global uncertainty with each 
country’s market share. Germany has the largest envelope. By 2050, the median data demand is about 35 
zettabytes with an interquartile range (IQR) of about 20 to 58 zettabytes, which translates to a median electricity 
use near 160 terawatt-hours and an IQR of about 90 to 260 terawatt-hours. France follows with a 2050 median 
of about 23 zettabytes and an IQR of about 13 to 38 zettabytes, corresponding to about 103 terawatt-hours 
with an IQR of about 60 to 171 terawatt-hours. The United Kingdom reaches a 2050 median near 14 zettabytes 
and an IQR of about 9 to 24 zettabytes, or about 63 terawatt-hours with an IQR of about 40 to 110 terawatt-
hours. The Netherlands has a similar level, with a 2050 median close to 13 zettabytes and an IQR of about 8 
to 22 zettabytes, or about 60 terawatt-hours with an IQR of about 36 to 100 terawatt-hours. Ireland’s 2050 
median is near 12 zettabytes with an IQR of about 7 to 21 zettabytes, corresponding to about 54 terawatt-
hours with an IQR of about 30 to 95 terawatt-hours. Italy shows a 2050 median near 10 zettabytes with an IQR 
of about 6 to 18 zettabytes, or about 45 terawatt-hours with an IQR of about 27 to 80 terawatt-hours. These 
values reflect both the widening of global demand uncertainty over time and the persistent concentration of 
activity in a few hubs. 
 
The figure highlights two practical points. First, even within the same global demand scenario, national 
outcomes span wide ranges that matter for planning of grid connections, siting, and district-heating links. 
Second, the rank order of countries is largely driven by today’s market shares, which suggests that policy 
choices on siting and interconnection can shift national exposure if they change the geography of European 
data-centre growth. These country-level envelopes provide the spatially disaggregated ICT-demand inputs for 
the EnergyScope-EU optimization, ensuring that modeled electricity and heat demands reflect realistic 
concentration patterns 
 



 
Figure 2. Country-level projections of data demand and data-centre electricity use. Panels a to f show Germany, 
France, the United Kingdom, the Netherlands, Ireland, and Italy. For each country, the coloured band marks the range 
between the maximum and the mean simulated data-demand paths and between the mean and the minimum paths. 
The dashed line indicates the mean path. Violin plots on the right axis show the distribution of implied electricity use 
at five-year intervals using 4.5 terawatt-hours per zettabyte. Country shares used for downscaling are taken from the 
Joint Research Centre report on European data centres for 2022 by Kamiya and Bertoldi. 

 

3. Spatial clustering of data-centre activity and recoverable 
heat: A Switzerland case study 

 
We illustrate the urban clustering of data-centre activity using Switzerland as a case study (Fig. 3). We compile 
point locations and facility counts for 24 Swiss urban areas and distribute the 2050 national data-centre 
capacity across these points in proportion to each city’s share of sites. The national total is set to 2.74 GW of 



installed IT power, obtained from an assumed 9.6 TWh yr⁻¹ of 2050 electricity use and a 40 percent average 
utilization of IT capacity. For each city 𝑖, we compute the share 𝑠$ 	from the observed number of facilities, 
allocate 𝑠$ ⋅ 2.74 GW of IT capacity, and estimate recoverable heat as 
 

𝑄$ = 𝑠$ ⋅ 2.74 GW× 𝑢𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 × 𝜂%&', (2) 
	

 
with utilization equal to 0.40 and heat-recovery efficiency equal to 0.90. We report annual heat in GWh yr⁻¹ 
using 8,760 hours and plot it as a colour scale. Marker size represents the local number of data centres. 
The resulting map shows a clear concentration in the Zurich metropolitan area, which accounts for 38 of 114 
facilities in the dataset and about one-third of national IT capacity. Under the assumptions above, Zurich’s 
recoverable heat potential reaches about 2,880 GWh yr⁻¹ (≈ 330 MWthermal on average). Other notable hubs 
include Lucerne (14 sites; about 1,060 GWh yr⁻¹), Geneva (9 sites; about 680 GWh yr⁻¹), Bern (6 sites; about 
455 GWh yr⁻¹), Basel (5 sites; about 380 GWh yr⁻¹), Lausanne (5 sites; about 380 GWh yr⁻¹), Lugano (7 sites; 
about 530 GWh yr⁻¹) and Zug (7 sites; about 530 GWh yr⁻¹). Smaller clusters appear along the Arc Lémanique 
and in Ticino. These concentrations align with large urban loads and existing district-heating footprints, which 
suggests high technical potential for low-temperature heat integration where return temperatures and network 
capacities are compatible. 
The 2050 Swiss electricity demand for data centres from our Monte Carlo envelope was used to set the national 
scale and was converted to installed capacity with a utilization factor. An assumption here is also that, we 
consider constant siting proportions over time, so current facility counts proxy the 2050 distribution. Thus, the 
results of this extrapolation yields merely an indicative urban heat atlas rather than a siting forecast. The map 
therefore identifies priority districts for thermal coupling and grid interconnection studies, not discrete project 
locations.  
However, such urban clustering of facilities means that recoverable heat from data centers is co-located with 
dense district heating demand. Under the Swiss case study, the resulting heat potentials are concentrated in 
existing heating network areas such as Zurich, Geneva, and the Arc Lémanique, which makes integration 
technically and logistically plausible where return temperatures and network capacities allow such integration. 
We therefore treat data center heat as a valid supply option for urban district heating and use this Swiss 
evidence base to parameterize heat recovery within our 2050 optimization model across Europe, assuming 
similar urban density–network correlations and climate-adjusted temperature profiles derived from Eurostat 
HDD datasets[50]. In the scenarios that follow, data centers are hence modeled as a sector-coupling interface 
between electricity and heat, with recoverable heat streams linked to district heating. 

 
Figure 3. Swiss data-centre clustering and estimated recoverable heat in 2050. 
Bivariate map of 24 urban areas. Circle size shows the local number of data centres while colour shows estimated 



waste heat (GWh yr⁻¹) computed from a national total of 2.74 GW of IT capacity, 40 percent utilization, and 90 
percent heat-recovery efficiency. Basemap: CartoDB Positron; projection: EPSG:3857; scale bar: 50 km. 

4. Modeling-to-generate-alternatives (MGA) with exogenous 
ICT demand 

Within the scope of the multi-energy technology-rich optimisation model used in this study (Energyscope), 
which is extended to the case of the EU27 countries, including Switzerland and UK, we include the ICT demand 
projected in the previous steps, exogenously as an additional end-use demand represented through annual 
totals distributed across representative time slices in 2050. This demand as an additional end-use must be 
met in every country alongside existing electricity, heat, transport, and industrial services. The model also 
proportionately delineates this demand by the use of simple factors, across enterprise-related, cloud 
computing-related and AI-related ICT demands, which will then be met by data centers of different types which 
incur different cost, and have different heat recovery potentials within the system. The model co-optimizes 
generation, conversion, storage, and transmission across EU-27 plus the United Kingdom and Switzerland. 
To explore not only the single cost optimum but a neighborhood of credible designs, we use modeling-to-
generate-alternatives (MGA), with a 20 % optimality slack to explore near-cost-optimal system configurations.. 
MGA is implemented by solving a sequence of optimizations with a small optimality slack relative to the best 
solution and rotating objectives that emphasize different policy aims. This produces a set of 100 near-optimal 
scenarios, from which we highlight four reference solutions: minimum system costs, minimum environmental 
impacts, minimum regional inequality, and maximum renewable electricity. In the figure, these four solutions 
are shown by a star and colored markers, while the shaded boxes summarize the distribution across all MGA 
runs. 
 
Across the 100 solutions, wind shows the widest range and largely sets the spread of total capacity. Wind 
installations vary upto 950 GW, with many solutions around 150 - 400 GW. PV ranges from about 50 to 350 
GW. Hydropower additions are limited: run-of-river and dams remain within about 30 to 90 GW and about 60 
to 150 GW, respectively. Nuclear lies within about 0 to 250 GW. CCGT with CCS appears as firm capacity 
between about 120 and 500 GW. Generation mirrors these patterns: wind output spans about 200 to 1,750 
TWh per year, PV contributes about 50 to 300 TWh per year, while hydropower and nuclear vary in narrower 
bands set by resources and policy. The maximum renewables solution sits near the upper edge for wind and 
PV and approaches the top of the generation ranges. The minimum cost solution is closer to the medians for 
variable renewables and relies more on firm capacity. The minimum regional inequality solution avoids extreme 
concentrations. The minimum environmental impacts solution leans toward higher clean capacity within the 
feasible corridor. 
 
Transmission expansion is required in almost all solutions and clusters in a tight interval of about 29 to 33 GW 
of additional transfer capacity. Storage energy separates scenarios more clearly. Pumped hydro concentrates 
near about 33 to 35 TWh, while power-to-X-to-power reaches about 14 to 17 TWh in high renewable cases. 
Total system costs fall between about 260 and 300 billion euros per year. Generation costs dominate and rise 
in portfolios with very high variable renewables and storage. Transmission and storage are smaller 
components in absolute terms but increase toward the high-renewables corner. The minimum environmental 
impacts solution accepts higher generation and storage spending to cut emissions. Steering toward regional 
equality raises costs modestly by avoiding extreme spatial concentration. 
 
Adding explicit ICT demand shifts the feasible set toward portfolios with greater variable renewable capacity 
and increased storage energy capacity of roughly 10–20 TWh, depending on renewable mix, while keeping 
transmission needs within a narrow band. MGA reveals that several distinct portfolios can meet the same 2050 
obligations at near-equal cost. Choices among them affect where capacity is built, how much firm capacity 
remains, and how far systems move toward high wind and PV. This ensemble view, consistent with earlier 
European MGA studies, highlights robust planning levers: balanced siting and transmission, storage scaled to 
renewable shares, and explicit inclusion of ICT demand in long-term strategies 
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5. Regional distribution of costs, renewables, and emissions 
across MGA scenarios 
After the analysis of MGA results distribution, country-level results across the four objectives (minimum system 
costs, minimum environmental impacts, minimum regional inequality, and maximum renewable electricity) 
were analysed to have greater spatial granularity (Fig. 5a–l). In the cost-minimum case, expenditures 
concentrate in the largest load centres. Germany and France occupy the highest-cost categories on the scale 
and together account for a substantial share of continental spending, while smaller systems such as Ireland, 
Portugal, and the Baltic states lie at the lower end of the scale. Renewable output in this case remains close 
to demand rather than resource extremes: most countries cluster between 100 and 200 TWh yr⁻¹, and only a 
few exceed 200 TWh yr⁻¹. Residual emissions are highest in Germany and Poland, which fall within the upper 
emission quantile, consistent with their large thermal fleets and industrial demand, reflecting the persistence 
of dispatchable fossil capacity despite strong renewable deployment. 
 
Shifting the objective to minimum environmental impact reduces greenhouse-gas totals across almost all 
countries. The largest absolute declines occur in Germany, Poland, Italy, and France, where the maps shift 
down by one to two colour categories relative to the cost minimum, implying emission reductions on the order 
of 20–40%. The spatial pattern of cost remains broadly similar, but investment moves from firm thermal 
capacity to renewables and storage, with more countries reaching the 200–250 TWh yr⁻¹ range of renewable 
output. 
 
Prioritising minimum regional inequality spreads both costs and renewable output more evenly. Expenditures 
decrease in Germany and France and rise in Spain, Sweden, Romania, and Greece, narrowing the implied 
ratio between the highest- and lowest-cost countries from roughly three-to-one under the cost minimum to 
about two-to-one. Regional inequality was measured via normalized dispersion in total system costs across 
countries; future versions could quantify this with explicit metrics such as the Theil or Gini index. Emissions 
likewise flatten, with Central and Eastern European countries moving out of the highest-emission categories. 
However, this configuration increases total system costs relative to the cost-minimization case. 
 
Maximising renewable electricity pushes several systems to the top of the renewable scale. Spain, Sweden, 
and Finland reach 300–400 TWh yr⁻¹, and large demand centres such as Germany, Italy, and France rise to 
200–300 TWh yr⁻¹, roughly a two- to three-fold increase compared with their levels in the cost-minimum case. 
These expansions necessitate proportionally higher storage capacities and lead to increased curtailment 
without additional flexibility sources. The associated cost maps darken by one to two shades across most 
countries, reflecting additional storage and grid requirements, while emissions fall most strongly in countries 
with large residual thermal fleets, notably Germany and Poland. 
 
Taken together, the maps indicate that objective choice changes where Europe builds and operates assets 
even when all scenarios satisfy the same 2050 demands, including the same explicit ICT loads across these 
scenarios. Minimising costs concentrates expenditures and emissions in a few hubs; minimising impacts or 
maximising renewables reduces emissions while increasing spending and shifting investment toward 
resource-rich regions; minimising regional inequality spreads both costs and benefits more evenly at the 
expense of higher totals. These distributional differences show two- to three-fold swings in national renewable 
output, category-level shifts in emissions for Poland and Germany, and a marked narrowing of cross-country 
cost dispersion that are central for planning and for designing mechanisms to share costs fairly as ICT 
demands grow. 



 
  



Figure 5. Country-level outcomes in 2050 across four MGA objectives. Rows show, top to bottom: minimum 
system costs, minimum environmental impacts, minimum regional inequality, and maximum renewable 
electricity. Columns report total system costs (billion euros per year), total renewable electricity production 
(TWh per year), and total greenhouse-gas emissions (Mt CO₂-eq per year). Shading indicates country totals 
under each objective after adding the same exogenous ICT demand and enforcing whole-energy-system 
constraints. 

5. Workload flexibility and curtailment reduction 
While the ICT assets operations were already prelinked to show the effect of sectoral coupling between the 
heat and electricity sectors before, the ICT demands, were maintained almost at a near-constant rate as they 
are today, posing a constant demand to the system. However, given the fact that a growing share of ICT 
demand consists of deferrable workloads., we test whether data centres can act as a flexibility resource by 
shifting a share of computing to hours with high variable renewable output. We construct a workload flexibility 
factor (WFF) between 0 and 1. A value of 0 represents today’s profile in which demand is largely time-inelastic. 
A value of 1 represents the upper bound in which the flexible share of workloads is fully aligned with the hourly 
VRE profile. Intermediate values interpolate linearly between these extremes, maintaining constant annual 
energy demand. The flexible share captures non-time-critical tasks such as batch analytics, training phases of 
AI models, data backup, and other deferred computing. Reported ranges in the literature suggest that about 
30 to 70% of workloads can be deferred in this way[30], [31], [32]. To enable higher output during VRE peaks, 
the installed IT capacity must increase. We therefore co-vary the data centre capacity with WFF and quantify 
how curtailment changes at the European scale. 

 

Figure 6 Panel (a) shows that the VRE curtailment rate declines monotonically as WFF increases. Curtailment 
falls from just over 9 percent at WFF = 0 to about 6.5 percent at WFF = 1, a reduction of around three 
percentage points, which corresponds to a relative decrease of roughly one third, at the European level. Panel 
(b) reports the associated installed IT capacity needed to realise these profiles. Capacity rises steadily from 
tens of gigawatts at WFF = 0 to several hundred gigawatts at WFF = 1. This increase reflects the need to 
process more work in a shorter window around renewable peaks while keeping service levels constant for 
time-critical tasks. 

 

Panel (c) illustrates this mechanism at monthly scale. The light shaded area gives the baseline curtailment 
under inelastic demand. The darker area shows curtailment with flexible workloads. The dashed lines show 
data-centre dispatch with (dark-blue) and without (light-blue) flexibility. Without flexibility, dispatch is fairly flat 
through the year. With flexibility, dispatch peaks in summer months when solar generation is high and drops 
in the other seasons. The reduction in the shaded curtailment area during summer indicates that shifting 
deferrable computing into high-VRE months absorbs a sizeable share of otherwise wasted energy. The 
qualitative result is robust to alternative capacity-scaling rules, although the exact magnitude of curtailment 
reduction depends on the flexible share and the degree of oversizing. 

 

Hence, dynamic workload scheduling emerges as a credible system-level flexibility lever, enabling deeper 
renewable integration without proportionally expanding storage or accepting higher curtailment. These results 
also show that capacity planning for large facilities should jointly consider IT sizing, interconnection with grid, 
co-ordination with other system actors and heat-recovery opportunities, since the same alignment that reduces 
curtailment also concentrates waste heat in periods with high renewable output. In our system scenarios, we 
therefore show that data centres not only as an electricity end-use but also as a flexibility asset whose dispatch 
can be steered toward VRE-rich hours within the bounds of a realistic deferrable share. 



 

Figure 6. Data-centre workload flexibility reduces VRE curtailment. a, Curtailment rate as a function of the 
workload flexibility factor (WFF). Values decrease from just above 9 percent at WFF = 0 to about 6.5 percent 
at WFF = 1. b, Installed IT capacity required to realise the flexible profiles rises with WFF from tens to several 
hundred gigawatts. c, Monthly curtailment for the baseline (light) and flexible case (dark), with data-centre 
dispatch shown as dashed lines. Flexible operation shifts computing into VRE-rich months, lowering curtailment 
while requiring higher peak IT capacity. 

6. Policy to align data-centre flexibility with system needs 
Across Europe, system operators are procuring growing volumes of flexibility services, while many large data-
centre operators are simultaneously developing private microgrids optimised for reliability and low power-
usage-effectiveness (close to 1). This leads to a coordination gap where operators minimise grid-interactive 
capability while transmission and distribution system operators continue to curtail variable renewables and pay 
for balancing capacity that data centres could provide. Evidence from market design indicates that dispatch 
arrangements and remuneration determine utilisation[51]. When the system operator can call flexible capacity 
with availability payments and verified baselines, curtailment falls more than under purely merchant strategies 
that follow price spreads and under-deliver during stressed hours. 

 

Data centres are technically suited to these services. They combine uninterruptible power supplies with fast 
response, controllable cooling loads, on-site generation, uniteruppted power-supply (UPS) and a sizable 
fraction of deferrable computing with reponse times with UPS as fast as tens of milliseconds[52].  Studies of 
production traces and operator surveys place the deferrable share between 30 and 70 percent without 
breaching service levels[30], [31], [32]. In our scenarios, shifting these workloads toward renewable-rich hours 
and exporting low-temperature heat reduces curtailment and fossil peaking and lowers total system costs by 
reducing curtailment. Private optimisation of data center operations based on network traffic and bring-your-
own-power (BYOP) strategies adopted by data center operators tend to under-size interactive capacity to 
preserve reported PUE, which forgoes these system benefits. 

 

A policy framework is therefore required that makes participation routine and remunerated. Planning consent 
for new large facilities should include baseline and telemetry requirements and controllable UPS and HVAC 
capable of frequency response and load shifting providing operational flexibility with protected state-of-charge 
limits and fail-safe rules. Markets should offer standard products that match data-centre capabilities: sub-
second frequency response from UPS, multi-hour intraday shifting from IT and cooling, and day-ahead 



scheduling of deferrable workloads into renewable peaks. Payments should combine availability with pay-as-
performance energy settlement to ensure dispatch when the system needs it. Interconnection agreements for 
sites with on-site generation or storage should specify import and export flexibility windows, enable frequency 
response, and apply locational signals that reward operation during regional renewable peaks. Such 
mechanisms would align with the design principles of existing European balancing and capacity markets under 
the Clean Energy Package[53]. In urban areas, participation should be coupled to heat-recovery feasibility so 
that low-temperature heat and flexible demand are co-optimised. For very large sites, a modest and rising 
obligation to offer a share of peak load as flexible capacity, with automatic opt-out when service levels are at 
risk, would ensure system-wide energy and cost  benefits while preserving ICT supply reliability. Together, these 
measures align private incentives with public goals and convert existing UPS, thermal capacity, and deferrable 
compute into a coordinated resource that reduces curtailment potential up to 9% of the overall VRE generation. 

 

7. Methods and Assumptions 
7.1. Methods: 

The analysis builds upon the EnergyScope optimization framework[37], [54] a linear techno-economic model 
that determines cost-optimal configurations of national energy systems under under a set of representative 
hourly time slices capturing typical seasonal and diurnal variations. Each country 𝑟 ∈ 	𝑅	 is modelled as an 
autonomous energy system with its own technologies, resources, and end-use demands 𝐸𝑈𝐷((𝑟, 𝑡) for each 
energy carrier 𝑐, technology i, and time slice 𝑡. The objective is to minimize the total annualized system cost 

min𝑪𝒕𝒐𝒕 =Q𝑪𝒊𝒏𝒗(𝑟) + 𝑪𝒎𝒂𝒊𝒏𝒕(𝑟) + 𝑪𝒐𝒑(𝑟)		
1∈3

(3) 

where the investment (𝑪𝒊𝒏𝒗), maintenance (𝑪𝒎𝒂𝒊𝒏𝒕), and operational (𝑪𝒐𝒑) costs are computed as: 

𝑪𝒊𝒏𝒗(𝑟) =Q𝑐$45(𝑖) ⋅ 𝑭(𝑟, 𝑖)
$

⋅ 𝜏(𝑖) (4) 

𝑪𝒎𝒂𝒊𝒏𝒕(𝑟) =Q𝑐67$48(𝑖)
$

⋅ 𝑭(𝑟, 𝑖) ⋅
1
𝑛	

(5) 

𝑪𝒐𝒑(𝑟) =QQ𝑐9:(𝑗, 𝑡)
8

⋅ 𝑭𝒕(𝑟, 𝑗, 𝑡) ⋅ 𝑡9:(𝑡)
;

(6) 

All techno-economic parameters (𝑐$45(𝑖), 𝑐67$48(𝑖), 𝑐9:(𝑗)), efficiencies 𝜂(𝑖), and availabilities follow the 
standard EnergyScope database. 

Energy balances ensure that, for each carrier c, the total domestic production, storage discharge, and imports 
𝑭𝒕<(𝑟, 𝑗, 𝑡) equal the final energy demand 𝐸𝑈𝐷(𝑟, 𝑡), storage charging, and exports 𝑭𝒕=(𝑟, 𝑗, 𝑡): 

𝑬𝑼𝑫(𝑟, 𝑡) =Q𝜂(𝑖)
$

⋅ 𝑭𝒕(𝑟, 𝑖, 𝑡) +Q𝑭𝒕<(𝑟, 𝑗, 𝑡) − 𝑭𝒕=(𝑟, 𝑗, 𝑡)
;

+Q𝑭𝒕<(𝑟, 𝑠𝑡𝑜, 𝑡) − 𝑭𝒕=(𝑟, 𝑠𝑡𝑜, 𝑡)
#89

	 (7)
 

The Digital Heatwaves extension introduces three model enhancements within this existing structure. First, an 
ICT electricity end-use 𝑬𝑼𝑫(𝑖, 𝑟, 𝑡) is added to the electricity balance exogenously, where i represents the type 
of ICT demand such as enterprise-level ICT demand, AI-type ICT demand and cloud-computing type ICT 
demand. The demand was disaggregated to these types to maintain granularity across the technological 
parameters used to meet these demands. Data center as a technology unit for each type, was modelled based 
using cost parameters based on a cost calculater from Schneider electric[55]. The data centers would in turn 
pose an electricity demand that will have to be met by the system. Second, a recoverable-heat stream is 



integrated into the district-heating balance that takes into account the integration of data centers in urban 
districts. The heat-recovery efficiency was set at 0.9 with recoverable heat temporally coinciding with ICT 
electricity demand, given their continuous operation profiles[56]. Third, a workload-flexibility factor 𝜙(𝑟) 
modifies the temporal distribution of ICT demand by ensuring that annual ICT workloads 𝑊>?@(𝑟) is conserved 
while allowing time-shifting within predefined limits. Flexibility was operationalized by redistributing hourly ICT 
loads using the normalized workload profiles detailed in Table S7, ensuring that total annual demand remains 
invariant. To explore alternative near-optimal energy configurations, we apply a Modelling-to-Generate-
Alternatives (MGA) approach. After identifying the cost-optimal solution 𝑥∗ that minimizes the total system cost 
𝐶(𝑥), the optimization is repeated under a relaxed cost constraint (within a 20 % cost slack, ε = 0.2), allowing 
exploration of the feasible space of “good” solutions whose cost remains close to the optimum: 

Minimize/Maximize  𝐶(𝑥)
s.t. 𝐶(𝑥) ≤ (1 + 𝜀) 𝐶(𝑥∗),

𝑥 ∈ Ω,
		 (8) 

where Ω denotes all techno-economic and energy balance constraints. The slack parameter is set to 20% in 
this study similar to the MGA analysis carried out in Trutnevyte et. al.[45], however it must be noted that the 
choice of slack is also region-specific as has been shown by Fossas et. al.[57] By successively minimizing or 
maximizing for the selected objectives the MGA framework reveals the diversity of system configurations that 
achieve comparable performance yet embody distinct technological or spatial strategies. This formulation 
allows assessing how digitalization, flexibility, and heat recovery affect the resilience and efficiency of 
European energy systems in 2050. 

7.2 Input data & assumptions 

The methodology is applied the EnergyScope-EU model. The harmonized dataset covering all EU Member 
States, the United Kingdom, and Switzerland, derived from the detailed European compilation of Meyer 
(2021)[58] and Multi-cell model developed at University of Liège. Each country is represented as an 
autonomous energy system characterized by its own end-use demands, renewable potentials, and technology 
stocks. Final energy demands 𝐸𝑈𝐷((𝑟, 𝑡) are disaggregated into households, services, industry, and transport, 
with sectoral shares and growth trajectories taken from the European Calculator (EUCalc) model[59] and 
Eurostat population and GDP projections[50]. 

Monthly profiles for heating and lighting follow climatic indicators (heating-degree days and daylight duration), 
ensuring consistent temporal allocation across regions (refer Table S5 and S6). Renewable-energy capacities 
and potentials are based on the JRC ENSPRESO[60], Hydropower[61], and GeoElec databases[62], 
complemented by Eurostat[50] sources. Solar, wind, and hydro capacity factors are derived from historical 
monthly generation statistics and assumed geography-dependent but time-invariant. Biomass and waste 
potentials scale proportionally with population. 

Table 2: Key input categories and data sources used in the EnergyScope-EU model 

Input  Description Main sources Resolution 

Final energy 
demand 

Sectoral end-uses (HH, 
Services, Industry, 
Transport) 

EUCalc (2018) [59] 
Eurostat (2015–2050) 

[50]18/05/2026 17:39:00 

Annual → 
representative 
time slices 

Technology 
database 𝑐%&' , 𝑐()%&* , 𝜂, 𝑐+, …. 

EnergyScope-EU (Meyer 
2020) [58], JRC-
SETIS[63], IEA[64] 

18/05/2026 17:39:00  

Country-
specific 

Renewable 
potentials 

Solar, wind, hydro, 
geothermal, biomass 

ENSPRESO [60], JRC 
Hydropower [61], 
GeoElec[62], EU Biomass 
Atlas[65]  

Geographic / 
country level 



Emission 
factors & 
fuel prices 

Fossil and renewable 
energy carriers 

PRIMES 2020[66], 
ENTSO-E[66]18/05/2026 
17:39:00 

Annual, by 
carrier 

Climatic data Heating & cooling degree 
days, daylight hours 

ERA5[67], Eurostat 
Climate Indicators[68]  Monthly 

Cross-border 
topology 

Country adjacencies and 
ferry links 

ENTSO-E[66], Google 
Maps API[69]  

Static  
(2015–2050) 

 

 
 

Figure 7. Overview of the modeling workflow, data, outputs, modeled regions (EU-27+UK+CH), and 
technology set in EnergyScope-EU with MGA. 
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