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Abstract
The rollout of variable renewable energy (VRE) generators, alongwith the electrification of heating
and transport sectors and the production of synthetic fuels for hard-to-abate industries, is a key
strategy formitigating climate change. Energy infrastructure planningmodelsmust accurately capture
the high spatio-temporal variability of VRE to avoidmisestimating their contribution to the power
generation. Integrated AssessmentModels (IAMs), which operate at a global scale with low spatio-
temporal resolution, often rely on simplifiedVRE representations with predetermined parameters—
potentially leading to suboptimal or infeasible scenarios. To address this limitation, we present the
first study to impose forcedVRE shares in the high-resolution sector-coupled energy systemmodel for
Europe, PyPSA-Eur, for the purpose of IAMparameterization. For a nearly net-zeroCO2-emissions
system that disregards existing energy infrastructure and builds the optimal capacitymix overnight,
we assess the European potential of each technology type across a scenario spacewith varying forced
VRE shares.We derive economic and technical parameters, providing insights applicable tomodels
with lower spatio-temporal resolution.

Introduction

The transition to a sustainable and low-carbon energy future is a global challenge that necessitates wide
considerations of the energy sector and socioeconomic and environmental contexts. Integrated Assessment
Models (IAMs) and Energy SystemModels (ESMs) are key tools often used in studies of future energy scenarios.
IAMs aim to produce a coherent synthesis of all aspects of climate change, providing a link between energy,
economy, climate, and land use. IAMs are particularly good at capturing the trade-offs between energy scenarios
and land-use change and Forestry (LULUCF) at a detaild level to provide feasible estimates of carbon fluxes and
otherGHGemissions, etc [1]. Process-based IAMs examine the cost-effectiveness of scenarios, with an explicit
representation of the change in the global energy and land-use systems linkedwith the economy [2]. Following a
cost-efficiency approach, which utilizes optimization frameworks tominimize system-wide costs of achieving
defined climate targets, they are common tools in assessments of policy decisions. The shortcoming of IAMs is
that they typically operate at a high level of spatial and temporal aggregation, whichmakes them incapable of
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modeling storage or regional balancing using transmission lines. In addition, they also often lack a proper
representation of sector coupling (e.g., direct electrification of heat or EVs and indirect electrification using
power-to-X). For this reason, the endogenous computation of optimal capacities and the estimation of
integration expenses of variable renewable energy generators is challenged inmany IAMs [3–5]. For instance,
somework has shown that IAMs tend to underestimate the supply of variable renewable energy (VRE) sources,
comprised of wind energy and solar PV [6].

Contrary to IAMs, ESMs rely onmore detailed representations of the energy system at regional and local
scale [7–10]. They incorporate a high level of technical and geographical granularity, enablingmore precise
assessments of technological and operational aspects. Yet, their limited geographical scope and representation of
land use can constrain their ability to capture broader global implications, including bilateral trade of
commodities, competition for land and biomass resources, and emissions fromLULUCF and agriculture. Given

Figure 1.Workflow. The steps to derive themetrics of interest in this study. The steps include (I) defining the range of wind and solar
PV shares of the electricity generationmix, (II) solving the scenarios in the sector-coupled energy systemmodel PyPSA-Eur, and (III)
summarizing technical and economic parameters for the defined range. As a potential fourth step (IV), we show the example of
deriving one of four renewable integration constraints in the Integrated AssessmentModel (IAM)MESSAGEix-GLOBIOM. For a
review of the four constraints used inMESSAGEix-GLOBIOM, see SupplementaryNote 1.
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the distinct differences in scope, level of detail, and inclusion of critical system components, integrating the IAM
andESM frameworks holds promise of amore robust assessment of future energy scenarios. Linking IAMswith
ESMs offers the potential to capitalize on the strengths of both: the global outlook of IAMs and the spatial and
technological detail of ESMs. This integration can takemultiple forms. First, prior work has used a backwards (
i.e., IAM-to-ESM) uni-directional soft link to test the feasibility of IAM-optimized capacities [5]. Second,
another approach establishes a bi-directional iterative soft link thatmaps the Lagrangemultipliers between an
IAMandESMuntil reaching equivalent values [11]. In this study, inspired by themodular integration approach
used in the IAMMESSAGEix-GLOBIOM [12], we propose a thirdmethodology. Here, we implement the first
step of a forward uni-directional soft-link inwhich parameters are derived from the ESMand later integrated
into the IAM. This approach avoids increasingmodel complexity and reduces the computational burden
associatedwith bi-directional links [11], while also improving feasibility [5]. Using a sector-coupled energy
systemmodel, we construct a scenariomatrix containing both economic (e.g.,market values) and technical (e.g.,
curtailment) parameters, across awide range of different wind-solar PVmixes.With this scenariomatrix, we
intend to capture key features related to the integration of VRE sources, which need to be accounted for in a
robust energy scenario analysis.

In this paper, we explain the outputs for key technologies included in the energy system,while the complete
data is published for all technologies. Ideally, this dataset can be used acrossmultiplemodeling frameworks as a
first step toward improving the representation of renewable energy integration in IAMs.While themain
contribution of this paper is the provision of the scenariomatrix, we also include an assessment (in
SupplementaryNote 1) of how variable renewable energy is currently represented in the IAMMESSAGEix-
GLOBIOM.

Methods

Weuse PyPSA-Eur, an open networkedmodel of the European sector-coupled energy system [8, 10], tomodel
an almost fully decarbonized European system (5%net CO2 emissions relative to 1990 levels), with a 3-hourly
resolution and a network of 37 nodes. In PyPSA-Eur, an optimization process involves both capacity expansion
and dispatch optimization. The objective is tominimize total system cost while determining optimal energy
allocations in time and space, such as the capacity and generation fromwind energy and solar PV, in addition to
other optimization parameters (see Supplemental Note S2 in [10] for a detailedmathematical description of the
model). For this reason, in a default configuration, the proportion of wind and solar PV generation is a result of
the optimization.Here, we force themodel to deviate from the optimumconfiguration, in order to trace the
impact of integrating renewable energy and collect ourfindings in a scenariomatrix (see figure 1). To achieve
this, wemaintain the 5%CO2 emissions constraint while forcingwind and solar PV separately into the system
(equation (1)). The European aggregate wind and solar PV capacities are specified exogenously, while the
optimization determines the allocation of nodal capacities. The results of PyPSA-Eur are nodal, so that capacity
and dispatch are unique in every node. The temporal aggregation fromhourly to 3-hourly resolutionwould tend
to overestimate the potential of solar PV due to smoothed feed-in profiles and demand peaks.However,
previouswork has shown that the error in total system costs with 3-hourly resolution compared to hourly is
insubstantial [8]. In this document, we show results which have been aggregated on a European level. For the
input time series of available wind energy and solar PV resources, we useweather reanalysis data for 2013, which
is considered an average yearwith regard to its potential yield in solar PV andwind energy [13].

Table 1.Model settings.

Type Overnight optimization

NetCO2 emissions 5% relative to 1990

Capacities Greenfield (except electricity transmission lines). Existing hydropower capacities are not included.
Time resolution 3-hourly

Network resolution 37 nodes

Renewable energy resolution 370 regions

Weather data ERA5 reanalysis of 2013 (tomodel solar PV, we use SARAH-2 irradiance data)
Technology costs Assumptions according to predictions for 2030

Sectors included Electricity, heating, industry, land transport, shipping, and aviation

Transmission Limited tomax. 50%volume expansion of today’s grid. On top of this, cross-borderH2 pipelines can also

be deployed if cost-effective.
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Modeled scenario
Using an overnight greenfield approach, wemodel a European sector-coupled energy systemwith a strong
policy drive formitigation strategies (see table 1 for key assumptions). In this scenario, the system is not allowed
to exceed (on an annual balance) 5%of the 1990 historical CO2 emissions. A direct consequence of this
constraint is a strong push for technologies with lowCO2 emissions. In the results section, we provide a
sensitivity to the chosenCO2 emissions constraint. In addition to the power sector, themodel also encaptures
the decarbonization of the energy consumption in the heating, land transport, shipping, aviation, and industry
(including industrial feedstock) sectors with comprehensive carbonmanagement. Sector-coupling bringsmore
flexibility to the system,mainly from energy storage (e.g., pit thermal energy storage in district heating, H2

storage, and electric vehicle batteries). For electricity storage, we assume Li-ion batteries that can be deployed on
utility (high voltage grid) or residential scale (low voltage). On top of this,H2 producedwith electrolyzers can be
stored underground (salt caverns) and overground (steel tanks)which, if cost-optimal, can be linkedwith fuel
cells to revert it back to electricity, providing an option for long-duration electricity storage (LDES). For all
technologies, we use 2030 cost assumption from the Energy SystemTechnologyData repository v0.5.0 [14] to
limit uncertainties related to technology cost evolution.

We include high-voltage transmission lines equivalent to today’s capacity and allow themodel to expand it
furtherwith amaximumof 50% relative to today’s volume (sumof themultiplication of capacity and length for
all existing transmission lines today). The distribution grid is notmodeled, butwe assume a distribution grid
expansion cost proportional to the deployed low-voltage generation and storage (including EVs). On top of this,
themodel can also deployH2 transmission network. As afinal step, we provide a sensitivity assessment of the
assumptions of electricity transmission expansion andCO2 emissions levels.

Renewable energy share constraint
For a renewable generatorR, we define a constraint such that its available annual resources equals a defined share
of the electricity demand.Here, the difference between the available resources and the generation from
renewable generatorR equals curtailed renewable energy. To avoid the artifact of unintended energy losses8,
usually observed as an unintended storage cycling [15, 16], we do not impose a strict binding target on the
renewable generation. Instead, we define a target on the available renewable resources, g
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jR is the electricity generation share of renewable generatorR, and dn,t is the total electricity demand in node n at
time t.

The available renewable resources can be decomposed into a product of the hourly availability factors
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which reveals that the left-hand side of the equality depends on one decision variable, the nodal capacity Gn
R. The

right-hand side covers the total electricity demand dn,twhich includes both exogenous and endogenous sources.
The exogenous electricity demand is assumed fixed at historical levels, while an additional electricity demand,
i.e., the endogenous demand fromdirect and indirect electrification, is a variable of the optimization. In our
work, the constraint is imposed onwind energy, based on the aggregate of offshore and onshore, and solar PV,
based on the aggregate of rooftop and utility scale. The ratio between offshore and onshore wind, aswell as the
ratio between rooftop and utility-scale solar PV, is determined by the optimization.

Subsequent to the optimization, we calculate the resulting generation share of variable renewable energy
(VRE), while accounting for the curtailment in equation (1), as:

( )
g

g
VRE share% 3n t n t

R

n s t n s t

, ,

, , , ,

å
å

=

where gn,s,t is the electricity produced by technology s in node n at time t.
We intend to encapsulate the full range of renewable integration levels, including extreme cases which

integrate only wind energy or solar PV, or overbuild renewables such that its potential generation ismuch higher

8
In hours with renewable generation potential higher than electricity load, the renewable generation constraint forces the renewable

generator, instead of curtailing energy, tofind alleys of energy losses to fulfill theminimumgeneration requirement.Here, these alleys can be
simultaneous charging and discharging of energy storage whichwould be amodel artifact.
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than the annual electricity demand. Some of themmight be unrealistic, practically infeasible, or suboptimal
scenarios, but they are useful in this study to indicate the penalty needed on the objectivewhen approaching
these extremities.

Renewable energy curtailment
The curtailment of variable renewable energy partially depends on themismatch between the electricity demand
and the renewable generation, the availability of storage (which is limited by the capacity and the filling level) and
the available transmission line capacity.With a high spatio-temporal resolution and amodel of the high-voltage
grid, we can account for these factors. A third aspect that could lead to additional renewable curtailment is the
commitments of other generation sources and their ramping constraints. Since our analysis is based on
aggregate level and not on plant level, our assessment does not include ramping limit and unit commitment
constraints. However, themodel assumes long-termmarket equilibrium (i.e., every asset subject to the
optimization needs to operate such that it exactly recovers its costs), which entails capital intensive power plants
to run at a certain capacity factor. This can cause higher levels of unutilized renewable energy at a forced
integration level of wind and solar PV.

The order atwhich curtailment of different technologies occur is determined by themerit order of curtailment.
Since themodel is built on a costminimization problem, themodelwill always choose the generatorwith the
highestmarginal costs to be curtailedfirst. In reality,wind and solar PVhave zeromarginal costs, but here, we add
marginal costs of 0.01EUR/MWhforwind (bothonshore andoffshore) and0.015 EUR/MWh for solar PV (both
utility and rooftop) to control the order of curtailment. Themarginal costs are small such that they donot affect the
objective of the optimization.

We report Europe-aggregated renewable curtailment relative to the electricity demand:

( ¯ )
( )

g G g

d
curtailed energy % 4n t n t

R
n
R

n t
R

n t n t

, ,
, available

,

, ,

å
å

=
-

Market values andprice smoothing indicators
In this analysis, we developmetrics to describe the economic potential of all types of technologies in the energy
systemmodel. For electricity generation technologies, we use the commonly usedmarket value, while for
storage and transmission, we describe the potential based on their price smoothing.

1.Market value
Themarket value indicates the potential revenue of a generation unit per energy produced. Previouswork

focused on how themarket values of renewable power generators decreases while penetrating the energymarket,
driven by the cannibalization effect (i.e., higher renewable shares decrease themarginal cost of producing
electricity, causing revenues of renewable generators to drop [17]). Other studies showed that this effect can be
avoidedwith the adequate policymeasure, i.e. setting aCO2 tax instead of a renewable capacity target [18]. In our
analysis, we do not track the change ofmarket values when penetrating today’s system. Instead, we consider a
scenario inwhich the system is already close to a full decarbonization, for whichwe alter the renewable share
fromvery low to very high. In that way, wemap themarket values in the range of renewable integration levels at a
constant CO2 emissions level, which is different compared to previous work. Themarket values for generation
technologies are calculated as:

( )
g p

g
Market value 5s

n t n s t n t

n t n s t

, , , ,

, , ,

å
å

=

where pn,t is the locational electricity price, gn,s,t is the generation of every technology s, in every hour t and
location n.

2. Price smoothing potential of storage
For each level of renewable integration, our study intends tomeasure the flexibility required by themodel.

To its core,flexibility is provided by energy storage. Tomeasure the required storage, we report the capacity of
every technology included in themodel. As a supplement to storage capacity, we calculate the potential revenue
of each storage type, determined by the price differences between the purchased and the resold power.We refer
to this as the storage price smoothing (SPS) indicator. For a storage technology s, this is calculated as:
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where pn t,
+ is the price of the purchased power g

n s t, ,
+ , pn t,

- is the price of the resold power g
n s t, ,
- . Here, we normalize

the net revenue by the total deployment∑nGn,s of storage technology s.
3. Price smoothing potential of transmission
Similarly, for transmission, we calculate ametric based on the price differences between two nodes, A andB,

whichwe refer to as the transmission price smoothing potential (TPS) for transmission technology s:

( )
( )

f p p

F
TPS 7s

l t l t t t

l l

, ,
A Bå

å
=

-

where fl,t is the power flowof line l at time t. Here, we normalize the net revenue by the total line capacity∑lFl.

Figure 2.Renewable electricity share and system cost. (a) Share of electricity generation provided bywind energy and solar PV. (b)
Share of electricity generation provided by nuclear power. (c)Total system cost shown as a percentage change from the cost-optimal
combination ofwind and solar PV. (d) Shadowprice of theCO2 emissions constraint. The dashed line indicates combinations of wind
and solar PV inwhich the generation potential is equal to the annual electricity demand (including electrified demands in heating,
industry, and land transport sectors). A cutoff at 150% renewable share is imposed, while data above the cutoff can be found in Source
Data file [23].
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Results

In our analysis, the system is exposed to both a strong policy push towards decarbonization and a support
towards renewable energy technologies proportional to the renewable energy share driven by the constraint in
equation (2). As this constraint defines the available resources and not the generation, thefinal renewable
fraction of the electricity generationmix depends on the level of curtailment. Figure 2(a) indicates a
proportionality between the forced integration level and the resulting generation share until the saturation point
of 100% is reached. At this point, themarginal contribution of additional generators is low.

The stringentpolicyonCO2emissionspushesout carbon-intensivepowergenerators.Under lowVRE integration
levels, this leaves roomfornuclearpower as theprimary substituteofwindand solarPV (figure 2(b)). In thenuclear-
dominant system, the remaining share is providedmainlybybiomass combinedheat andpower (CHP)plants,
supplementedbyOCGTandgasCHP.This is, however, amuchmore expensive solution,which isnoticeable fromthe
total systemcost (figure 2(c)). Compared to theoptimumcombinationofwindand solarPV, it is 25%more expensive.
Thefigure also showshow, forEurope,wind-dominant systemsare less costly than solarPV-dominant systems, in line
withmanypreviouspapers [8, 19–21]. The systemcostof all combinationsofwindandsolarPVshowsa global
minimumat60%windand40%solarPV.Anoval shapeofnear-optimal solutions emergewith similar cost levels but
atwidelydifferentwindandsolarPVcombinations, similar toprevious research [22].At a3%cost increase limit, 15
near-optimalwind-solar combinations emerge, ranging froma4:1 ratioofwindand solarPV toa2:3 ratio.

We also show theCO2 shadowprice (figure 2(d)), highlighting combinations that requiremore policy
measures to reach the stringent CO2 emissions target. TheCO2 shadowprice ranges from350 to 500 EUR/tCO2.

Figure 3.Market values of variable renewable electricity generators. (a), (b)Market values of (a) solar PV and (b)wind energy. (c), (d)
Curtailment of (c)wind energy and (d) solar PV relative to the annual electricity demand. A cutoff at 150% renewable share is
imposed, while data above the cutoff can be found in SourceDatafile [23].
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Here, wind-dominant systems and combinations with solar PV require a lowerCO2 tax compared to the
remaining scenarios.

Figures 3(a) and (b) show themarket values calculated forwind and solar PV.Wind resources generally
exhibit highermarket values than solar PV. This is primarily attributed to their respective generation profiles:
solar PVoutput ismore concentrated and peaks during limited number of hours each day, whereas wind
generation tends to bemore evenly distributed throughout the day, causing a higher yield per capacity [17]. As
previously described, the lowVRE share scenarios entail high proportions of nuclear power. As this is amore
costly option, the electricity price is higher, which drives up the potential revenue streams for renewable
generators.Market values drop proportional to theVRE share due to the cannibalization effect, but does never
reach zero, even at very high integration levels (>100%). This is due to the decarbonization policy push, which
drives the cross-sectoral electrification, and necessitatesmoreVRE generation capacity in the system, in line
with previous studies [18].

WhenVRE shares are below or equal to 100%,we observe curtailment rates of below 5%and 10% forwind
and solar PV (figures 3(c) and d). Over-deployment of VRE (i.e., VRE shares above 100%of the electricity
demand) forces renewable generators to havemuch higher curtailment. In that case, we observe curtailment
rates up to 25%and 30%,making the added value of additional renewable generation lowwhen above 100%
VRE, and for this reason, themarket values of VREdrop dramatically. This explains why these extreme scenarios
are not cost-efficient, as shown infigure 2(c).

Infigure 4, we first show that the optimal storage capacity is not linear proportional to the share of VRE
generation. Instead, it depends largely on themix of wind and solar PV.Our results reveal the typical pattern of

Figure 4. Storage. (a), (c)Discharge power capacity and (b), (d) storage price smoothing (SPS) indicator of battery and long-duration
electricity storage (LDES). The storage capacities are normalized by the cumulative generation capacity of wind and solar PV to explore
the proportionality between the two.Note that we use different scales in each subfigure. A cutoff at 150% renewable share is imposed,
while data above the cutoff can be found in SourceDatafile [23].
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short-duration energy storage and LDES, which is an essential techno-economic aspect of optimal integration of
wind and solar PV. Batteries (short-duration storage) complement large penetrations of solar PV, while LDES is
only favorable inwind-dominant systems, in linewith previous research [24–27]. Second, we evaluate the
economic indicator SPS, for which batteries show lower potential compared to LDES, for the following reason.
The bulk energy associatedwith LDES ismuch larger due to its lower storage energy capacity cost,making the
value per discharge capacity ratiomuch higher.

Infigure 5, we evaluate electricity transmission expansionwithin the range of wind-solar PV combinations.
Every scenario utilizes the option of expanding electricity transmission, and it shows some proportionality to the
integration of VRE generation. In addition, electricity transmission expansion is noticeablymore profitable in
wind-dominant systems, based on the transmission price smoothing (TPS) indicator. Such systems have
stronger benefit of connecting regions to smoothen spatial imbalances in the renewable energy supply.

ForH2 infrastructure (figure 6), we observe distinct behavior between solar- andwind-dominant systems. In
solar-dominant systems, themodel chooses to ramp up capacity ofH2 electrolyzers and transmission.
Conversely, wind-dominant systems have aweakenedH2 grid but a strengthenedH2 storage capacity, compared
to solar-dominant cases. This difference is explained by the the seasonal characteristic of wind and solar PV
production, wherewind is better alignedwith the seasonality of the energy demand. To handle the seasonal
mismatch between solar PVproduction and the energy demand, solar-dominant systems increase the
production ofH2 and synthetic oil (Supplementary figure 7).Wind-dominant systems showmoreH2 storage to
balancewind energy droughts, in line withfigure 4.

When considering the technologymix in the heating supply (figure 7), we observe distinct results across the
scenariomatrix. First, heat pumps (including ground and air source) are themain choice in all combinations,
but is highly impacted by the electricitymix as the share of heat pumps varies from60% to 85%.Generally, an
electricitymixwith high baseload (which is the case at lowVRE scenarios), the system favors a less diverse
heatingmix. In that case, it is primarily coveredwith heat pumps (85%) and biomass (10%). Integratingwind
and solar PV into the powermix invites different participants into the heating supply. In ourmodel, this includes
individual heating units such as resistive heaters and gas boilers (compensated by direct air capture (DAC), see
Supplementary figure 8), and district heating based on combined heat and power (CHP) units fueledwith solid
biomass and gaswith orwithout carbon capture (CC). In solar PV-dominant systems, gas boilers have the
second highest share (16%) on top of heat pumps (68%) and biomass (10%). Forwind-dominant systems, the
resistive heaters has the second highest share (14%), on top of heat pumps (63%), biomass (10%), and gas boilers
(10%). There are different reasons forwhy the system tends to deploymore gas boilers or resistive heaters, but
themain driver is that it needs low-cost capacity to be activated during cold spells that cause low coefficient of
performance of heat pumps. Solid biomass CHPwith carbon capture is favored in solar PV-dominant systems.
Due to the limited biomass potential, biomass is either used inCHPunits or in individual units, depending on
thewind-solar PV combination.

Figure 5.Transmission. (a)The capacity of electricity transmission relative to today’s grid. (b)Transmission price smoothing (TPS)
indicator of electricity transmission.Note that we use different scales in each subfigure. A cutoff at 150% renewable share is imposed,
while data above the cutoff can be found in SourceDatafile [23]. See Supplementary figure 5 forH2 transmission.
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In addition to ourmain results, basedon the assumptions listed in table 1,we include a secondversionof the
dataset atwhichwedonot allow the expansionof the electricity transmission grid.With this version, it is possible to
monitor the system-wide impacts of transmission expansion.Here,we show4%cost reductions drivenby the
(maximum50%) electricity transmission expansion, compared to a case inwhichwedidnot allow the expansionof
today’s grid (figure8, consistentwithother research [8]. The cost reductions occurpredominantly inwind-dominant
systemsbecause the transmission connects better areaswithdifferentwind availability. For that reason, transmission
expansionpushes thenear-optimal space towards higher shares ofwind energy. In Supplementaryfigure 9,we show
thatwith transmisison expansion, lowerCO2 taxes are required to facilitate thedefinedCO2 emissions limit (5%of
1990 levels) at the givenwind and solarPVcombination (i.e., the decarbonizationneeds less policypushbecause it is
more technology-driven). It furthermore eases the curtailmentwith a fewpercentage points of both solar PVand
wind energy, proving amore efficient utilizationof renewable resources. This is partially also helpedby a stronger
potential of long-duration storage in thewind-dominant systems.As an example,with transmission expansion, the
systemachieves 95%power generation fromwindand solar PV (at the extreme casewhen forcing 100%wind energy
and10%solar PV into the system),while this is reduced to91%without it.

While our results are obtained at a specific CO2 emissions level, it is important to address the sensitivity to
this assumption. To do so, we remove the renewable share constraint in equation (2) and replace it with a range
of CO2 emissions levels (from25% to 0% relative to 1990 levels), making the build-out of wind and solar PV a
subject to the optimization. As previously described, using aCO2 target instead of a renewable share target would
lead tomore stablemarket values for renewables, according to literature [18]. Infigure 9, we show the same. This
is consistent with andwithout transmission expansion, and for a third case inwhichwe include the existing

Figure 6.H2 infrastructure. Capacity of (a)H2 electrolyzers, (b)H2 transmission, and (c)H2 storage (including both underground and
steel tank). Note that we use different scales in each subfigure. A cutoff at 150% renewable share is imposed, while data above the cutoff
can be found in SourceDatafile [23].
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hydropower infrastructure of today. The slight increase inmarket values of wind energy occur in parallel with a
reduced level of wind energy curtailment (see Supplementary figure 10–12). To enable themodel to reach a full
variable renewable power supply, today’s capacity of hydropower in Europewas omitted. This choice impacts

Figure 7.Heating supply. (a)-(f)Heating supplymix in percentage for (a) heat pumps, (b) resistive heaters, (c) combined heat and
power (CHP) fueledwith solid biomass with carbon capture (CC), (d) biomass boiler, (e)CHP fueledwith gas, and (f) gas boiler. Note
that we use different scales in each subfigure. A cutoff at 150% renewable share is imposed, while data above the cutoff can be found in
SourceDatafile [23].
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mostly system costs, since themodel finds balancing services elsewhere butwith new investments. As shown in
figure 9, the impact of excluding hydropower onmarket values of wind and solar PV is insignificant.

Discussion

In this paper, we collect and describe key parameters of a sector-coupled European energy system across a
multitude of renewable integration levels. Our study includes an assessment of the required storage and

Figure 8. Impact of transmission expansion. (a) System cost when disallowing an expansion of the electricity transmission grid. (b)
Relative change in system cost when allowing an electricity transmission expansion.

Figure 9.Market values of wind and solar PV at different CO2 emissions levels. This is evaluated for three systems, including the one
used to generate the primary dataset (reference), onewithout transmission expansion (w/o transmission exp.), and a third inwhich
we include today’s capacity of hydropower (w/ hydro). This part of the analysis disregards the renewable energy share constraint used
to generate the primary dataset (equation (2)).
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transmission capacities, themarket values and revenue indicators of power generators, storage facilities, and
transmission lines, as well as the optimal technologymix.Our findings emphasize the importance of accounting
for thewind-solar PVmixwhen considering key integration aspects (including features related sector-coupling,
e.g., heating technologymix,H2 and synthetic gas production, etc.), as they exhibit distinct patterns across the
scenariomatrix.

Our investigation also serves as afirst step in soft-linking ESMs and IAMs. The proceding steps include
parameterizing themetrics reported in this study. Aswe explain in SupplementaryNote 1, the parameterization
inMESSAGEix-GLOBIOM is based onmarginal contributions (e.g., to curtailment) from the increment in the
wind or solar PV integration level. For this towork in a linear optimization framework, themetrics considered
should be convex across the scenariomatrix. This holds for somemetrics, while for others, itmight not,
requiring some convex function approximation. This could induce some error in the parameterization, which
should be carefully assessed. Additionally, we observed a diverse system configuration for heating and power-to-
X technologies across thewind-solar PVmix. Accounting for this variation in the parameterization, or using it as
a benchmark for validation, would enhance the robustness of the soft link.We recommend implementing this
framework initially at a European level, tomatch the geographical domain of this study. For future work, to
succeedwith a global IAManalysis, our scenariomatrices should be adapted to other regions, accounting for
differences inVREpotentials and demand profiles.

Here, wemention some limitations of ourwork. In the heating supply, we assume that generation units can
balance each other, similar to electricity generation units. This is a fair assumption for centralized solutions in
the urban areas with district heatingwhich usually rely on having a second generation type as a back unit. For
individual units, this assumption does often not hold.Moreover, the studywasmotivated bymonitoring the full
range of VRE integration. For this reason, we did not account for the existing generation capacity fleet in Europe,
e.g., reservoir hydropower, but insteadmade use of a greenfield approach Integration costs related to the drop in
production of existing power plants, as theywould need to operate less, is not accounted for in this data set.
Futurework should consider how a proper accounting of the starting capacity fleet impacts the results.
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