
                                     D3.7 Report on decarbonisation in the power sector 
 

PU Page 1  Version 11 
 

“This project has received funding from the European Union’s Horizon 2020 research and innovation 
programme under the Grant Agreement No 730403“ 

 

 
      

 
 

Grant agreement no. 730403 
 

INNOPATHS 
 

Innovation pathways, strategies and policies for the 
Low-Carbon Transition in Europe 

 
 

H2020-SC5-2016-2017/H2020-SC5-2016-OneStageB 
 

D3.7 Report on 
decarbonisation in the 

power sector 

Work Package:  3 
 
Due date of deliverable:  Month 36, November 2019 
 
Actual submission date:   20/01/2020 
 
Start date of project:   December, 01 2016   Duration: 48 months 
 
Lead beneficiary for this deliverable: PIK 
 
Contributors: CMCC, E3M, UCL 
 
Authors: Robert Pietzcker (PIK), Sebastian Osorio (PIK), Renato Rodrigues (PIK), 
James Price (UCL), Ilkka Keppo (UCL), Lara Aleluia Reis (CMCC), Marco Marni 
(CMCC), Simone Prato (CMCC), Massimo Tavoni (CMCC), Samuel Carrara (CMCC), 
Maria Kannavou (E3M), Pantelis Capros (E3M), Stavroula Evagelopoulou (E3M) 
 
 
  



 
Disclaimer 
 
The content of this deliverable does not reflect the official opinion of the European 
Union. Responsibility for the information and views expressed herein lies entirely 
with the author(s). 
  

Project co-funded by the European Commission within the H2020 Programme (2014-2020) 
Dissemination Level 

PU Public x 

  



                                     D3.7 Report on decarbonisation in the power sector 
 

PU Page 3  Version 11 
 

“This project has received funding from the European Union’s Horizon 2020 research and innovation 
programme under the Grant Agreement No 730403“ 

 

 
Table of contents 

 
 

Version log ................................................................................................................... 6 
Definitions and acronyms .............................................................................................. 6 
A. Executive Summary .............................................................................................. 7 

A.1 Overview of the research and motivation ......................................................... 7 
A.2 Summary of the contributing studies................................................................ 7 

A.2.1 Impact of tighter EU-ETS targets on decarbonization of the EU power 
sector (Study 1) ..................................................................................................... 7 
A.2.2 Developing highRES-Europe and using it to improve the representation 
of VRE integration in ETM-UCL (Study 2) ........................................................... 8 
A.2.3 Modeling system integration of variable renewable energies for long-
term climate objectives: the role of electric grid and storage (Study 3) .................. 9 
A.2.4 Assessing flexibility needs in power systems with high renewable 
penetration (Study 4) ............................................................................................. 9 

A.3 Model developments ....................................................................................... 9 
Study 1: Impact of tighter EU-ETS targets on decarbonization of the EU power sector 
(PIK)........................................................................................................................... 11 

1. Introduction ................................................................................................... 11 
2. Model and scenario assumptions ................................................................... 11 

2.1. Sensitivity studies ..................................................................................... 12 
3. Results .......................................................................................................... 13 

3.1. Effects of increasing the target stringency ................................................. 13 
3.2. Impact of higher electricity demand on power sector transformation ......... 17 
3.3. What if transmission expansion does not go as planned? ........................... 19 
3.4. Decarbonizing electricity under restricted technology choice – CCS and 
nuclear ................................................................................................................ 23 
3.5. The impact of accounting negative emissions ............................................ 24 

4. Conclusion .................................................................................................... 26 
References .............................................................................................................. 27 

Study 2: Developing highRES-Europe and using it to improve the representation of 
VRE integration in ETM-UCL (UCL) ......................................................................... 29 

Introduction ............................................................................................................ 29 
Development of highRES-Europe ........................................................................... 30 

Overview ............................................................................................................ 30 
Wind and solar PV .............................................................................................. 31 
Hydropower ........................................................................................................ 33 

VRE parameterisation in ETM-UCL ....................................................................... 33 
Model description................................................................................................ 33 
VRE parameterisation ......................................................................................... 34 
Results and discussion ......................................................................................... 40 

Study 3: Modeling system integration of variable renewable energies for long-term 
climate objectives: the role of electric grid and storage (CMCC) ................................. 45 

Pre-existing VRE integration modelling .................................................................. 45 
Capacity Constraint Equation .............................................................................. 46 
VRE Curtailment ................................................................................................ 47 



Flexibility Constraint Equation ............................................................................ 49 
Pre-existing Electric Grid Formulation ................................................................ 53 
Pre-existing Electric Storage Formulation ............................................................ 54 

New Interpretation of VRE Flexibility Coefficient .................................................. 55 
Behind the Calculation of VRE Marginal Flexibility Coefficients ..................... 56 

New Electric Grid Modeling ................................................................................... 57 
Better Definition of Installed Grid Capacity ...................................................... 58 
Distinction between Transmission and Distribution Lines ................................... 58 
Grid Losses ......................................................................................................... 61 

New Electric Storage Formulation ........................................................................... 61 
Short-Term Storage ............................................................................................. 62 
Seasonal Storage ................................................................................................. 66 
Effect of New Formulation on Pre-Existing Equations ......................................... 67 

Policy analysis ........................................................................................................ 70 
Policy impact on Electricity Generation .............................................................. 84 
Policy impact on Grid and Storage .................................................................... 86 
Policy impact on GHG Emissions and Economy ............................................... 92 
Policy impact and technology substitution: towards 100% renewable scenarios ...... 93 

Impact of Storage and Grid modeling on VRE System Integration ........................... 97 
Impact of Storage presence ................................................................................. 97 
Impact on VRE and Electricity LCOE................................................................. 97 
Interdependence of electricity storage and grid ................................................ 100 
Impact of flexibility and firm capacity constraints ............................................. 101 

Sensitivity analyses............................................................................................... 102 
Sensitivity on Grid parameters .......................................................................... 102 
Sensitivity on Storage parameters...................................................................... 103 
Sensitivity on CAES and battery technologies ................................................. 105 
Fraction of VREs Non-Curtailed as Input to Short-Term Storage ....................... 107 

Comparison with previous WITCH modelling ...................................................... 111 
Comparison with other Models ............................................................................. 114 

ADVANCE IAMs ............................................................................................ 115 
SWITCH China ................................................................................................ 119 

Bibliography ......................................................................................................... 123 
Study 4: Assessing flexibility needs in power systems with high renewable penetration 
(E3M) ....................................................................................................................... 126 
1. Introduction ....................................................................................................... 126 
2. Definition of Flexibility in power ...................................................................... 127 

2.1. Literature review ......................................................................................... 127 
2.2. Definition of flexibility ................................................................................ 128 

3. Methodology for quantifying flexibility ............................................................. 133 
3.1. Existing approaches for measuring flexibility .............................................. 133 
3.2. Measuring short-term flexibility .................................................................. 134 
3.3. Measuring multi-hour (medium-term) flexibility ......................................... 137 
3.4. Measuring long-term flexibility ................................................................... 141 

4. Modelling approach........................................................................................... 145 
4.1. Context of the study and stylized scenarios .................................................. 145 
4.2. Model specifications.................................................................................... 146 

5. Results .............................................................................................................. 147 
5.1. Outlook of electricity demand and supply .................................................... 147 
5.2. Flexibility needs .......................................................................................... 150 



                                     D3.7 Report on decarbonisation in the power sector 
 

PU Page 5  Version 11 
 

“This project has received funding from the European Union’s Horizon 2020 research and innovation 
programme under the Grant Agreement No 730403“ 

 

5.3. Investment expenditures and power system costs ......................................... 163 
6. Discussion and conclusions ............................................................................... 166 
Acknowledegments ................................................................................................... 172 
References ................................................................................................................ 172 

 



 

 

Version log 
Version Date Released by  Nature of Change 

1 27/08/2019 R Pietzcker (PIK) First outline 

2  30/09/2019 L. Aleluia (CMCC) Added work performed by CMC 

3 11/10/2019 E. Verdolini Reviewed work performed by CMCC 

4 22/11/2019 P. Fragkos (E3M) Added abstract for E3M contribution 

5 08/11/2019 J. Price (UCL) Added contribution by UCL 

6 11/11/2019 S. Osorio (PIK) Added contribution by PIK 

7 11/11/2019 R Pietzcker (PIK) Reviewed contribution PIK & UCL 

8 19/11/2019 R Pietzcker (PIK) Added summaries 

9 22/11/2019 S. Osorio (PIK) Commented on draft version 

10 30/11/2019 R Pietzcker (PIK) Final draft version 

11 20/01/2020 R Rodrigues (PIK) Final version with added contribution by 
E3M 

12 24/01/2020 P. Fragkos (E3M) Minor changes to study 4 

 
 

Definitions and acronyms  
Acronyms Definitions 

EU-ETS EU Emissions Trading System 

IAM Integrated Assessment Model 

RLDC Residual Load Duration Curves 

VRE Variable Renewable Energies 

WITCH Model World Induced Technical Change Hybrid Model 

 
 
 
  



 

 

A. Executive Summary 

A.1 Overview of the research and motivation 
 
The INNOPATHS project is using an intensive process of stakeholder engagement and 
co-design in order to inform the development of technologically-detailed decarbonisation 
pathways for Europe out to 2050. Building on the stakeholder-developed narratives, 
state-of-the-art energy-economy-models will develop quantitative scenarios leading 
towards low-carbon transformation pathways. Sector-specific tasks focus on improving 
the model representations of the dynamics of the respective sectors, including technology 
parameterization, demand evolution and enrichment of representation of sector-specific 
policies.  
 
This document presents a series of research papers which provide insights regarding how 
the power sector can drastically reduce carbon dioxide emissions until 2050, and which 
analyse how different flexibility options like transmission grid expansion, storage and 
hydrogen electrolysis can facilitate the integration of high shares of variable renewable 
energies.  
   
Within the research activities of this task, the modelling teams improved the 
representation of flexibility options in the power sector as well as the representation of 
sector policies. In particular, PIK substantially improved their LIMES-EU power sector 
model and developed a representation of the EU-ETS including the market stability 
reserve (MSR). UCL developed the highRES-Europe model, a full-EU-coverage power 
sector model with high temporal resolution. Both UCL and WITCH included new 
simplified representations of variable renewable energy integration challenges and 
solutions in their energy system/integrated assessment models ETM-UCL and WITCH. 
E3M used and enhanced the PRIMES-IEM model. 
 
The model enhancements allowed the modelling teams to delve into key research 
questions related to the power sector decarbonisation.  The focus of the research activities 
lies on the following dimensions: 
 

A.2 Summary of the contributing studies 

A.2.1 Impact of tighter EU-ETS targets on decarbonization of the EU 
power sector (Study 1) 

The European Green Deal with the proposal to tighten the 2050 emission target to net zero 
has substantial implications for the power sector. Should the EU decide to aim for zero 
emissions in 2050, an updated of the EU-ETS targets for 2030 will be necessary. In this 
study we explore what such a tightening of the EU-ETS targets would mean for the power 
sector: how would technology deployment change, what would be the resulting CO2 prices 
and CO2 emissions, and how would electricity prices and total system costs be impacted?  
We furthermore analyse how our results depend on three key variables: the increase of 



 

 

electricity demand due to sector coupling, a potential delay in expanding transmission 
grids, and potential unavailability of CCS and/or nuclear power.  

We find that tightening the target speeds up the transformation, with renewables 
contributing half the generation already in 2025, coal almost completely phase-out by 
2040, and zero emissions reached by 2050. As a result, cumulated power sector emissions 
from 2020-2055 would decrease by 40%, from 16GtCO2 to 9.5GtCO2. Carbon prices 
within the EU-ETS would more than double, increasing to 55 EUR/tCO2 in 2030 and 90 
EUR/tCO2 in 2040.  However, total discounted system costs would only increase by 3%, 
and the maximum observed increase in electricity costs would be below 1 ct/kWh. 

Increased electricity demand from sector coupling would not fundamentally change the 
picture – it would mostly lead to a longer reliance on gas, limited deployment of hydrogen 
and a larger expansion of wind and solar in combination with batteries. In case transmission 
expansion should go slower than expected, costs would increase by 3%, and the technology 
mix would shift towards more PV, hydrogen and batteries. 

Finally, we find that not using fossil CCS or nuclear power has no relevant effect on 
decarbonization costs, CO2 prices or emissions for the EU. The only technology whose 
unavailability has a noticeable impact is BECCS – not using BECCS would increase 
cumulated power sector emissions by roughly 2% and thereby require stronger 
decarbonization in the industry sector. At the same time, electricity prices are only 
marginally affected even if BECCS is unavailable – they increase by less than 1%. This 
illustrates that the negative emissions from BECCS can facilitate the achievement of deep 
decarbonization targets, but they are not a sine qua non for power sector decarbonization.  

In summary, tightening the EU ETS target for 2030 to -63% compared to 2005 would lead 
to a substantial reduction of power sector emissions – minus 40 % – at limited additional 
costs – roughly 3 percent increase of total system costs. 

 

A.2.2 Developing highRES-Europe and using it to improve the 
representation of VRE integration in ETM-UCL (Study 2) 

Long-term energy system models typically have low spatial and temporal resolution 
because they must span long time horizons while remaining computationally tractable. As 
a result, such models struggle to capture the detail necessary to adequately represent the 
variable renewable energy sources (VRES) wind and solar. Given the important role that 
wind and solar are expected to play going forward, we here use a high spatial and temporal 
resolution electricity system model (highRES-Europe) to improve the representation of 
VREs in a long running planning model, the European Times Model at UCL (ETM-UCL). 
The aim here is to encode various aspects of the higher resolution model into the lower 
resolution one thereby adding greater fidelity to the decarbonisation pathways produced by 
ETM-UCL. 

 



 

 

A.2.3 Modeling system integration of variable renewable energies 
for long-term climate objectives: the role of electric grid and 
storage (Study 3) 

There is a shared opinion that Variable Renewable Energy (VRE) sources, mainly wind 
turbines and solar photovoltaics (PV), will play a key role in order to meet the Paris 
Agreement. However, the variable and uncertain nature of VREs supply, especially at high 
shares in the electricity mix, introduces multiple challenges for modern energy systems. 
Working with the World Induced Technical Change Hybrid (WITCH) energy-economy-
climate model, we aimed at evaluating the long-term contribution of VREs in climate 
constrained scenarios. We achieve this goal by introducing in the model a more accurate 
representation of both electric grid and electricity storage technologies. We provide an 
extensive literature review, designed analytic formulations of the studied dynamics and 
implemented them in the WITCH Integrated Assessment Model (IAM), and run a set of 
policy scenarios verifying the robustness of our results through a set of sensitivity analyses 
and comparisons with other models.  

A.2.4 Assessing flexibility needs in power systems with high 
renewable penetration (Study 4) 

The purpose of the current research is to model and assess the flexibility needs and supply 
of decarbonised power systems with high shares of variable renewables. We will quantify 
sensitivity analysis cases on the basis of model-based projections of the European power 
system evolution to 2050 in the context of stylised carbon-neutral configurations. The 
configurations correspond to stylised scenarios that include different assumptions 
regarding deployment of clean energy technologies, electrification of demand and the 
availability of synthetic fuels deriving from power-to-X facilities. Also, the analysis will 
compare flexibility needs among alternative low-carbon scenarios, which achieve a 
different decarbonisation ambition of the energy system 

 

A.3 Model developments  
In the course of the INNOPATHS project, four energy models have been improved. 
We would like to underline that the project has been an opportunity to strengthen the 
ties between modelling teams, share ideas and approaches. In the following, we detail 
the model improvements carried out during the project: 
 
• The power sector model LIMES-EU has been enriched by new policy 

representations (developed detailed EU-ETS representation including MSR 
cancellations), adding technology detail (hydrogen electrolysis, different vintages 
of thermal power plants, revenues for heat generation from combined heat and 
power plants), updating technology parameterization to 2015/2020 values 
(existing capacities, net transfer capacities of transmission grid, current peak to 
average demand ratios), sectorial coverage (added a simplified representation of 
EU industry emissions and decarbonisation options via a marginal abatement cost 
curve), temporal detail (increased granularity of the demand/wind/solar-clustered 



 

 

time steps from 48 to 80). It is a power sector/EU-ETS model that simultaneously 
determines cost-minimizing investment and dispatch decisions for generation, 
storage and transmission technologies under EU and national climate policies. 

• The highRES-Europe model with full EU coverage has been developed from the 
Great Britain-coverage model highRES. The model makes capacity investments 
(based on annualised costs) and operational decisions so that supply matches 
demand in every hour of the year (8760 time steps). To integrate renewables into 
the system we model natural gas open cycle turbines (NGOCGT) for fast and 
flexible response, electricity storage in the form of grid scale Redox Flow 
batteries (RFB) and pumped hydro and reinforcement of the cross border 
transmission system. 

• The energy system model ETM-UCL has been enriched by representations of a) 
curtailment, b) capacity value of wind and solar, c) battery storage requirements 
and d) transmission system reinforcement due to wind and solar deployment 
based on the a large number of sensitivity runs with highRES-Europe. ETM-UCL 
is a technology rich, bottom-up, cost optimising model of the European energy 
system. Furthermore, the resource potentials in ETM-UCL have been updated 
based on spatiotemporally detailed weather driven time series and capacity 
potentials developed for highRES-Europe. 

• The IAM WITCH model has been improved by updating the representation of a) 
marginal flexibility coefficients, b) improved grid cost calculation with a 
separation of transmission and grid capacity, c) split of storage into short-term and 
seasonal storage, and d) capacity constraints.  



 

 

Study 1: Impact of tighter EU-ETS targets on decarbonization of the EU 
power sector (PIK) 

Status of the study: Will be submitted for review in scientific journal after the 
submission of the deliverable 

Authors: Sebastian Osorio, Robert Pietzcker 
 
 
1. Introduction 
While current targets of 40% reduction in 2030 and 80-95% reduction in 2050 are in line 
with the 2°C targets established in Paris, recent scientific evidence showed that climate 
damages under this path  would still be significant and further efforts would be needed to 
keep global warming under 1.5°C. Accordingly, the EU has called for further actions, 
namely to achieve climate neutrality by 2050 at the latest, as stated in the "European Green 
Deal" unveiled by EU Commission President, Ursula von der Leyen. In December 2019 
all EU leaders, except Poland, agreed to the 2050 carbon neutrality deal1. The European 
Green Deal also calls for increasing the EU emission reduction target already in 2030 from 
40% to 50-55% (von der Leyen, 2019), which requires a tightening of the EU emissions 
trading system (EU-ETS) and EU effort sharing decision (EU-ESD) targets. 
In this study we explore what such a tightening of the EU-ETS targets would mean for the 
power sector: how would technology deployment change, what would the resulting carbon 
prices and emissions be, and how would electricity prices and total system costs be 
impacted?   
We furthermore explore how our results depend on three key variables: the increase of 
electricity demand due to sector coupling, potential restrictions in expanding transmission 
grids, and potential unavailability of CCS or nuclear power. Sector coupling is expected to 
play a key role in deep decarbonization pathways, mostly via direct electrification of the 
transport and heating sectors, but potentially also through the production of e-fuels. This 
would lead to increasing electricity demand, thereby increasing the decarbonization 
pressure within the EU-ETS, as the direct emissions from transport and heating are 
regulated in the EU-ESD and thus outside the EU-ETS. Concerning transmission grid 
expansion, the last decade has shown substantial delays in the realization of grid expansion 
projects, e.g. in Germany due to local protests, and it is possible that future deployments 
will face similar opposition. Finally, public acceptance issues for CCS and nuclear, cost 
overruns for nuclear and missing technology readiness for CCS make it possible that these 
technologies will not be available for the decarbonization of the power sector. 
 
2. Model and scenario assumptions 
In this study we analyse the interaction between the level of climate target ambition and 
the expected larger sector coupling under different transmission expansion pathways. More 
precisely, we perform a scenario analysis based on three variables: the emission reduction 
target, the electricity demand and the investments in transmission capacity. As we focus 
on the electricity sector, we model the target through the emission cap, which is in turn 

                                                
1 https://www.dw.com/en/eu-leaders-agree-to-2050-carbon-neutrality-deal-without-poland/a-51651459 



 

 

calculated trough the linear reduction factor (LRF2). As a reference case (REF scenario 
family), we assume that the EU ETS cap will decrease at a LRF of 2.2% (currently only 
fixed until 2030) from 2020 onward. This implies an emission reduction of 85% by 2050 
with respect to 2005 values, with the EU ETS running until 2057. In our ambitious scenario 
family (AMB), we assume that the EU pushes for a faster decarbonization, setting up a 
target of 55% emission reduction by 2030 vs 1990. Based on the current ETS-ESD split, 
we translate this aggregate target into a ~63% emission reduction for the EU ETS compared 
to 2005, i.e., a LRF of 4.26% (AMB scenario family). Assuming that the LRF remains 
constant, the last EU allowances (EUA) would be allocated and auctioned already by 2040.  
We assume in both scenario families that 3.3 GtCO2 EUA3 will be cancelled until 2030 by 
the market stability reserve (MSR4) and that heating-related emissions account for 11% of 
the cap. This results in an emission budget (for electricity and industry) of respectively 
32.8 and 17.8 GtCO2 for the reference and ambitious cases during the 2018-2057 period5. 
We also assume that CCS is available for deployment yet some constraints apply, e.g., no 
large-scale CCS before 2030 and limited expansion between 2030 and 2040. 
 

2.1. Sensitivity studies 
For each level of ambition, i.e., scenario family, we analyse two alternatives: default vs. 
high demand, and default (unrestricted) vs. limited transmission expansion. In the high 
demand scenario we assume that demand grows linearly until 2050 to 150% of the 2050 
demand in the default scenarios, i.e., final electricity demand is 6300 TWh in 2050 
compared to 4200 TWh in the base demand scenarios. In the unrestricted transmission 
expansion scenarios, we assume that investments in transmission capacity are bounded by 
the expected NTCs from the Mid-term Adequacy Forecast (MAF) 2019 (ENTSO-E, 2019) 
and the 10-year network development plan (TYNDP) 2018 (ENTSO-E, 2017)  until 2030, 
but is unrestricted afterward. In the limited transmission expansion scenarios we assume 
that transmission expansion remains constant to 2020 values, as stated in the MAF 2018 
(ENTSO-E, 2018). See Table 1 for a summary of the scenarios evaluated, where X equals 
family scenario name (REF or AMB). We define two core scenarios, one with the current 
target (REF_defD_defT) and one with the more ambitious target (AMB_defD_defT), 
assuming in both default demand and unrestricted transmission expansion. 

Table 1. Scenarios evaluated. 

 Electricity demand 
Default High 

Transmission 
expansion 

Limited X_defD_limT X_hiD_limT 
default 
(unrestricted) 

X_defD_defT X_hiD_defT 

                                                
2 The LRF is the rate at which the EU ETS cap decreases each year. It was 1.74% for the 2013-2020 period, 
equaling 38 MtCO2. It is set at 2.2% for the 2021-2030 period.  
3 From these, 1.55 GtCO2 correspond to certificates backloaded and non-auctioned before 2020 (European 
Commission, 2016), i.e., only 1.75 GtCO2 are actually subtracted from our cap.  
4 The EU decided to reform the ETS in 2015, the MSR being one of the main elements of this reform (it was 
amended in 2018). The MSR is aimed at strengthening the EU ETS by absorbing the surplus of certificates, 
blamed to be one of the main reasons for the low ETS prices seen until 2018 (van Renssen, 2018). Likewise, 
when scarcity arises it is set to release certificates to the market. 
5 This including an initial total number of allowances in circulation – TNAC- of 1.7 GtCO2 (EEA, 2019). 



 

 

 
3. Results 
 

3.1. Effects of increasing the target stringency 
We analyse the impact of increasing the climate mitigation ambition on the power sector 
(assuming unrestricted transmission expansion). Our results show that even under the 
current target, the electricity sector changes fundamentally over the next decades, with 
renewable energy sources (RES) supplying more than half the electricity in 2030, and 90% 
in 2050. Tightening the target speeds up the transformation, with renewables contributing 
half the generation already in 2025, and zero emissions reached by 2050. In the following, 
we discuss the impacts on technology deployment, emissions and costs.  
 

3.1.1. Technology investment and dispatch 
Figure 1 shows the evolution of the generation mix in the EU ETS between 2020 and 2050 
in the two scenarios with default demand and unrestricted transmission expansion. The 
main impacts of the ambitious target are a faster expansion of wind and solar power, a 
faster phase-out of coal, and in the long-term a deployment of bioenergy with CCS 
(BECCS). When the ETS target is tightened, wind and solar increase strongly in the short-
to-medium-term: RES share in generation increases from 30% in 2015 to 58% in 2030 for 
REF, and 63% in AMB, vRES accounting for respectively 70% and 80% of that. As a result, 
fossil-based generation decreases more rapidly in AMB, and thus reliance on fossil fuels 
decreases substantially by 2030: both lignite and hard coal-based generation are lowered 
in AMB (70 and 93 TWh) to about half of that in REF (180 and 168 TWh). Gas-based 
generation remains roughly the same in both scenarios in 2030 (~400 TWh), highlighting 
the fuel switch between coal and gas under increasing carbon prices.  
In both scenarios RES increase further until 2050, leading to a share of ~90%. The 
ambitious target leads to 40 TWh/yr of BECCS in 2050 in AMB. Fossil-based generation 
coupled with CCS is also present from 2035 onwards in both scenarios. Although this is 
higher in AMB than in REF, fossil with CCS remains marginal by 2050 in both scenarios 
(<70 TWh/yr). The picture is different for non-CCS fossil. While in REF there is coal-
based generation (without CCS) until 2050 (56 TWh/yr), this is almost completely phased 
out already by 2040 in AMB (<20 TWh/yr). Gas-based generation in REF is always above 
230 TWh/yr, reaching a share around 10% of gross demand before 2050. In AMB, its share 
in gross demand is progressively squeezed and remains on average 3 points below REF 
after 2030, reaching a minimum of 2% in 2050. Nuclear decreases in both scenarios from 
887 TWh in 2020 to 82 TWh/yr in 2050 due to the decommissioning of old capacity, and 
commissioning of only plants currently under construction6, i.e.,  no new investments, due 
to the high costs of building new nuclear power plants in Europe. 

                                                
6 Olkiluoto 3 (1600 MW, Finland) in 2020; Flamanville 3 (1750 MW, France), Mochovce 3 & 4 (471 MW 
each, Slovakia) and Hinkley Point C (1750 MW, UK) in 2025. The years correspond to those in LIMES-EU, 
and are based on commissioning dates provided by the (World Nuclear Association, 2019). 



 

 

    

  
Figure 1. Generation-mix in (a) REF and (b) AMB (assuming default demand and default transmission expansion) 

between 2020 and 2050 in the EU ETS. 

Figure 2 show the differences in capacity and generation between AMB and REF to 
illustrate more explicitly the impact of an ambitious target. A tighter cap leads to overall 
less fossil-based installed capacity and more wind. The differences in installed capacity 
(mainly additions) are very similar in 2030 and 2040, while the composition of changes in 
technologies differs in 2050. In 2030 and 2040, additional decommissioning amount to less 
than 50 GW, all of these gas- and coal-fired plants. Capacity additions in those years are 
carried out mainly in wind and solar. In 2050, a more ambitious target yields less 
investments (or additional decommissioning) not only in non-CCS fossil-based 
technologies but also in batteries and solar. In addition to wind power, there are more 
investments in hydrogen-based technologies, gas CCS and BECCS. The lower investments 
in PV in 2050 obey to the need of balancing the load (amid the continuous and large 
investments in wind energy).  
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Figure 2. Difference in (a) capacity- and (b) generation-mix between AMB and REF in the EU ETS. 

 
The changes in the generation-mix largely coincide with those of the capacity-mix, except 
for the drop in gas without CCS in 2040. There are 7 GW installed and 94 TWh generated 
less in AMB than in REF. Such generation volume is more than three times the potential 
generation of 7 GW, assuming a load factor of 50%. This implies that the load factor of 
non-CCS gas-fired plants is decreasing and their generation is increasingly constrained in 
AMB despite the need for balancing load.  
 

3.1.2. Impacts on emissions and emissions pricing 
The more ambitious target results –as expected- in substantially lower emissions. The 
resulting 2020-2055 cumulated emissions from electricity generation are 16.0 GtCO2 and 
9.5 GtCO2 in REF and AMB, respectively7. To achieve deeper decarbonization, higher 
carbon prices are required: these are in AMB more than twice as high as those in REF, 
reaching 149 EUR/tCO2 in 2050.  

                                                
7 Note that these volumes represent 49% (REF) and 53% (AMB) of the total ETS emission budget for 
electricity and industry combined. This implies that under a more stringent EU ETS cap, the industry sector 
needs to decarbonise more with respect to the power sector. 
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Figure 3. Emissions (continuous lines) and carbon prices (dotted lines) in REF and AMB. 

Additional emission reductions in AMB mainly come from three sources: lower coal use 
between 2020 and 2040, lower gas use between 2030 and 2050, and deployment of BECCS 
from 2045 on. Tightening the ambition pulls forward the phase-out of coal by roughly ten 
years: in 2030, EU-wide coal generation decreases to 349 TWh in REF, slightly more than 
half the 2015 amount of 720 TWh, and it is once more halved to 163 TWh in the ambitious 
scenario. This leads to an almost complete phase-out (less than 5% share) by 2030 (even 
accounting for CCS plants). Similarly, gas use is depressed after 2030 in AMB, leading to 
a much stronger decline than in REF. 
Finally, at carbon prices above 100 EUR/tCO2, the model invests into the deployment of 
BECCS (2045). Although the electricity generation from this technology is not a large 
contribution (1% of gross demand in 2050), it has a role in the deep decarbonization 
scenario as it is the only technology in the LIMES-EU model able to provide negative 
emissions. BECCS provides 22 MtCO2/yr of negative emissions in 2050, which brings 
total electricity sector emissions down to zero, thereby freeing up allowances for the hard-
to-decarbonize parts of the industry sector. 
 

3.1.3. Impacts on electricity costs 
Increasing the stringency of the climate target leads to a limited increase of full generation 
costs8 by around 6% (0.4 ct/kWh) averaged over 2025-2050, with the maximum increase 
observed in 2025 at 0.7 ct/kWh (see Figure 4). This increase can be explained by the need 
to shut down fossil power plants before the end of their lifetime, and the earlier scale-up of 
wind and solar power in 2020-2030.  

                                                
8 Full generation costs cover investment, fuel, operation and maintenance, CO2 certificates as well as 
additional investments needed to ensure capacity adequacy.  
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Figure 4.  Full electricity generation costs are on average 6% higher with an ambitious EU-ETS target compared to 

the reference case. 

 
3.2. Impact of higher electricity demand on power sector 

transformation 
As mentioned above, sector coupling, based mainly on further electrification of the heating 
and transport sectors, is expected to play a key role in the transition pathway to a low- (or 
even net zero) emission economy. However, higher electricity demand poses additional 
pressure on the electricity sector by means of additional required investments.  
There does not seem to be a strong interaction between demand and cap stringency, as the 
features of each high demand scenario are very similar to those of its corresponding default 
demand scenario. The shares of RES when demand increases are very similar to those of 
the corresponding default demand scenarios. Such similarity means that the increase of 
demand leads to an increase of investments in RES: in 2030 in the reference (more 
ambitious) case additional 250 (240) TWh/yr are generated from wind onshore, and 110 
(150) TWh/yr from PV. At the same time, the higher electricity demand creates an 
incentive to keep more fossil-based generation. When demand is higher, gas-based 
generation in 2030 is 600-630 TWh and thus remains higher than the 2015 level of 500 
TWh, instead of decreasing to ~400 TWh/yr as in the default demand scenarios. Coal 
generation is not strongly influenced by the increase in electricity demand, it remains 
respectively at ~350 and ~165 TWh/yr in the reference case and the more ambitious 
scenarios. There is thus an overall increase of electricity consumption of 560 TWh/yr in 
2030, of which roughly two thirds are supplied by additional variable renewable energies 
(vRES) and the remaining third by gas-fired plants.  
RES increase further in 2050, reaching shares around 90% of gross demand, which is 
covered in at least 77% by vRES. The higher demand has an impact on the technology 
choice. While in default demand scenarios, shares in gross demand of PV and wind onshore 
are respectively, ~36% and ~38%, these are ~42% and ~36% in the high demand scenarios. 
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PV and wind onshore thus increase between 2030 and 2050 by ~300% and ~135%, 
respectively, in high demand scenarios, compared to ~180% and ~115%, respectively, in 
the default demand scenarios. This implies that if electrification requirements are high, PV 
appears to have an advantage over wind. 
The higher vRES share in 2050 has an impact on hydrogen and batteries due to the rising 
load balance requirements. Going from default to high demand scenarios increases 
electricity demand in 2050 by 50%, but generation from batteries and hydrogen increase 
further by roughly 90% (100%) and 330% (170%), respectively, in the reference (more 
ambitious) scenario. Such remarkable increase of hydrogen-based generation allows this 
technology to reach 5% (8%) share in gross demand in the high demand reference (more 
ambitious) scenario, while remaining marginal in the default demand scenarios.  
 

  

Figure 5. Generation-mix in the EU ETS in 2030 and 2050 for the scenarios with default and high demand (assuming 
unrestricted transmission expansion) in the EU ETS. The share of renewables is calculated as the share of renewable 

generation in final energy. 
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To sum up, the additional 2100 TWh/yr of electricity consumption in 2050 is supplied 
roughly 90% by vRES, and 9% by hydrogen. As a result of the overall higher fossil-based 
generation in the high demand scenarios, cumulative emissions from the electricity sector 
are 18.2 (10.2) GtCO2, i.e., 14% (8%) higher when the cap is less (more) stringent than in 
the corresponding default demand scenarios. This implies that deeper decarbonization is 
undertaken in the industry sector covered by the EU ETS when electricity demand is 
higher. 
 

3.3. What if transmission expansion does not go as planned? 
As Figure 6 shows, transmission capacity in 2030 and 2050 across scenarios with 
unrestricted transmission expansion is respectively ~50% and >300% higher than that of 
limited transmission expansion (i.e., 2020 capacity in all scenarios). The cap stringency 
does not appear to have a significant impact on transmission investment decisions. This 
implies that deeper decarbonization can be achieved (at slightly higher costs – see Figure 
7) relying on national (less efficient) RES potentials. The level of demand does have a 
small impact on transmission expansion by 2050 when transmission is unrestricted: further 
expansion is carried out, aggregated transmission capacity being ~13% higher when 
demand is high.  

 
Figure 6. Aggregate transmission capacity at the EU ETS level in 2030 and 2050. 

 
Limited expansion leads to more expensive decarbonization because of technology lock-
ins. This effect is two-fold: (i) fossil-based generation in countries where such technologies 
are dominant remains more competitive due to the limitation to import (cleaner) electricity; 
(ii) countries with high RES potential are discouraged to invest further because demand 
remains limited as export potential is constrained. Hence, transmission expansion allows 
for a more efficient use of resource endowments, e.g., investing in RES with high 
availability and transporting them instead of relying on local RES with low availability 
factors. Figure 7 shows the total discounted power sector costs aggregated from 2020 to 
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2050 in REF and AMB with default demand, highlighting the additional costs posed by 
limited transmission. The total costs in REF amount to 7993 billion EUR and 8210 billion 
EUR in AMB. In both REF and AMB, limited transmission expansion increases total system 
costs by ~3%, roughly the same cost increase that comes from tightening the target9. This 
means that putting strong political will behind realizing the optimal transmission 
extensions could completely offset the additional costs from tightening the emission target. 
Put differently, not managing the transmission expansion would make tightening the 
emission cap twice as expensive as it would be with well-managed transmission expansion. 
 

  
Figure 7. Total discounted cost of the electricity sector 2020-2050 in REF and AMB (assuming default demand), with 

the impact of low transmission in the EU ETS. 

 
Despite the limited impact of restricted transmission expansion on costs, this has an impact 
on the technology choice in the long-term. As the gross of transmission investments occur 
between 2030 and 2050, some differences in the generation-mix appear, these being more 
marked when demand is high. As Figure 8 shows, with limited transmission expansion it 
becomes more difficult to accommodate large shares of wind output, thus encouraging 
generation from non CCS gas (only in REF), hydrogen, PV and batteries. The additions in 
PV does not offset entirely the drop in wind output, i.e., vRES generation is always lower 
when transmission expansion is limited. Restricted transmission expansion also limits 
imports from non-EU ETS members and PSP operation. 

                                                
9 The relative differences between the total costs in default demand scenarios hold also for the high demand 
scenarios, the total costs of high demand REF being 10022 billion EUR. 
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Figure 8. Change in generation when going from unrestricted to limited transmission scenarios in 2050 in the EU ETS. 

 
Transmission and technologies deployment at the national-level 
The impact of transmission expansion on the generation-mix is not evenly distributed 
across countries. The analysis of the spatial dimension is necessary to assess the potential 
distributional impacts and provide insights about how to allocate resources more efficiently 
under a scenario of limited transmission. To illustrate such changes we compare the two 
ambitious scenarios with (assuming default demand). Figure 9 shows the differences in 
gross demand shares of solar, wind, batteries and hydrogen generation between scenarios 
with limited and default transmission expansion, i.e., AMB_defD_limT and 
AMB_defD_defT. To make it clear, a positive value implies that the share of the technology 
in gross demand is higher in the scenario with limited transmission expansion than in the 
one with default transmission expansion. 
Lower transmission expansion leads to more solar generation except in southern countries 
like Spain, Italy and Greece, i.e., those with best resource quality. Wind share decreases in 
most of the countries where solar share increase. Like for solar, wind decreases in countries 
with largest resource endowment such as Norway, Austria, UK and Ireland. These four 
countries account for almost 90% of the reduction in wind output. Hence, due to 
transmission constraints vRES expansion thus occur in countries with low resource quality, 
e.g., solar in northern countries. 
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Figure 9. Impact of transmission grid expansion on the generation-mix. Color legend indicates the change in 

generation share between AMB_hD_lT and AMB_hD_hT of selected technologies in 2050. 

To fill the gap caused by the overall reduction of vRES, generation from batteries and 
hydrogen increases. Batteries share increase in countries where vRES increase, and 
decrease (or remained unchanged) in countries where vRES decrease. Most of the countries 
in which vRES increase are those in which PV increases (except for Ireland and Estonia). 
Overall batteries output increases despite the overall vRES drop, which indicates a need to 
cope with PV’s sharp ramping output. This highlights a higher complementarity between 
batteries and PV than between batteries and wind. Such complementarity is explained by 
the higher intra-day variation of PV output, which allows batteries to profit from larger 
surpluses that serve as (cheap) storage infeed. The increase in batteries output share also 
highlights the competition between storage and transmission grid regarding the integration 
of large(r) shares of vRES. Hydrogen increases almost across all EU members, appearing 
to further covering the drop in vRES, i.e., the role played by gas in REF. 
 



 

 

3.4. Decarbonizing electricity under restricted technology choice – 
CCS and nuclear 

Most climate change scenarios use negative emissions technologies to draw CO2 from the 
atmosphere; of these, some form of BECCS is fundamental to achieving the 1.5 °C goal as 
articulated by the 2015 Paris COP agreement (Consoli, 2019). However, is it also important 
for decarbonizing the power sector? 
In the scenarios evaluated by the European Commission (2018) achieving even only 80% 
emission reduction at the EU level, BECCS is deployed, and those aiming at net zero 
emissions by 2050 have a relevant use of negative emissions (up to 600 MtCO2/yr are 
captured by BECCS and air direct capture by 2050). However, to the date there are no 
large-scale power plants (even fossil-based) with integrated CCS in Europe10. In the EC 
scenarios, nuclear power also plays a role, despite the increasingly difficult outlook for 
nuclear expansion in the EU: Nuclear power faces not only increasing opposition in the 
form of moratoriums to new plants and phase-out plans, but also costs overruns11 and 
abandoning of projects under development.  We thus evaluate the impact that reduced 
availability of CCS and/or nuclear power would have on the decarbonization pathways by 
running five additional scenario variants of the REF and AMB scenario in which individual 
technologies cannot be deployed by the model after 2020: no fossil CCS, no BECCS, no 
CCS at all (neither fossil nor biomass-based), no new nuclear (all constructions to be 
commissioned in 2025 are stopped, and no additional ones are allowed), and no nuclear 
nor CCS power plants. We focus on power sector emissions, carbon prices and electricity 
prices of the two core scenarios (i.e., REF and AMB with default demand and unrestricted 
transmission expansion). 
The impossibility to deploy CCS or new nuclear plants, either because of technological or 
political reasons, would have little impact in the REF scenario (less than 1% change in any 
of the variables of interest), as investments in CCS technologies are negligible even if CCS 
is allowed (3 GW of hard coal CCS and 3 GW of lignite CCS is installed in 2050), and no 
new nuclear plants are deemed cost-efficient after 2025.  
In the AMB scenario, however, the picture changes somewhat. There is still no impact from 
not having fossil CCS power or nuclear power – at the currently expected costs and 
parameters, these technologies do not seem relevant for a low-carbon power system. 
However, the negative emissions from BECCS matter to a certain extent: Not using 
BECCS would increase carbon prices by 3% in the EU-ETS due to missing negative 
emissions, but it would have little impact on electricity prices, as they would increase by 
less than 1%. Increase of cumulated emissions in the electricity sector remains moderate 
(up to 2%). 

                                                
10 The only project in Europe, Caledonia Clean Energy, a gas power plant in UK, is at an early development 
stage and is expected to start operating in the 2020s (Global CCS Institute, 2018). The European Commission 
(2017) reported that all assessments of carbon capture, transport and storage projects (29 from seven 
countries) turned out to be economically infeasible. In countries like Germany there is also strong public 
opposition toward CCS (Jungjohann and Morris, 2014). Recently, five German federal states have prepared 
decisions or have passed laws limiting or banning underground storage of CO2 (European Commission, 
2017). 
11 “Costs Rise Again for U.K. Hinkley Point Nuclear Project”, available at 
https://www.bloomberg.com/news/articles/2019-09-25/edf-raises-cost-of-flagship-u-k-nuclear-project-
warns-of-delay 



 

 

 
Figure 10. Impact of unavailability of CCS and/or new nuclear power plants on cumulative emissions from power 

sector (left axis), carbon prices in 2050 and average electricity prices (right axis) in the EU ETS in the more ambitious 
AMB scenario (assuming default demand and unrestricted transmission expansion). 

 
The results above show that under default assumptions, BECCS availability has little 
impact on emissions and prices. However, BECCS deployment depends on the amount of 
negative emissions that these plants are able to provide. So far there is no clear regulation 
for accounting negative emissions from BECCS in the EU ETS (Torvanger, 2019) and the 
treatment of biomass in the ‘2019 Refinement to the 2006 IPCC Guidelines for National 
Greenhouse Gas Inventories’ did not change substantially with respect to the 2006 
guidelines. Accounting for the carbon intensity of BECCS is not straightforward, as we 
elaborate in the next section. 
 

3.5. The impact of accounting negative emissions 
 Owing to carbon emissions associated with the initial land use change and the subsequent 
emissions from treating and transporting the biomass as well as emissions from incomplete 
capture in the power plant, the actual amount of emissions removed through a BECCS 
plant can actually vary in sign depending on the choices made throughout the supply chain, 
making BECCS either a negative or a positive emissions technology (Fajardy and Dowell, 
2017). For instance, according to their estimations, total carbon intensity would vary 
between -1100 and +1000 gCO2/kWhel for short rotation cropping willow burned for power 
generation – mostly due to indirect land use changes and processing emissions.  
In all the scenarios above we consider an emission factor of -551 gCO2/kWhel for BECCS. 
This is computed assuming an emission factor of 100 tCO2/TJ for biomass (Gomez et al., 
2006), a net plant efficiency of 30%, a capture rate of 90% and an offset factor of 50%12. 
                                                
12 Different estimations about the negative emissions potential are found in literature. For instance, Fajardy 
and Dowell (2017) estimate this between 46% and 62% of the carbon intensity, depending on whether LUC 
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It is clear that the supply chain emissions cannot be entirely accounted in our study because 
some of these emissions (e.g., transport of biomass, included in the ES) are already 
accounted in the EU ETS or ESD. However, others like the land use change (LUC) and 
indirect land use change (ILUC) should be accounted. Given the uncertainty of the offset 
factor, we evaluate values between 0 and 75% in our sensitivity analysis, i.e., we consider 
variations of our two core scenarios (REF and AMB with default demand and unrestricted 
transmission expansion) featuring an emission factor between -275 and -1100 gCO2/kWhel. 
As in the previous section, we focus on power sector emissions, carbon prices and 
electricity prices. 
BECCS emission factor has no impact at all on REF. Given the low carbon prices, 
investments in BECCS are not triggered even when the (absolute) emission factor is 
highest. The impact on the more ambitious scenario is relevant. Figure 11 shows that 
smaller (absolute) BECCS emission factors than our default value of -551g/kWh lead to 
negligible changes in any of the three variables of interest, which is explained by the 
already limited investments in BECCS in AMB. A higher (absolute) BECCS emission 
factor however has an impact on emissions and carbon prices. As BECCS turn more 
profitable, lower carbon prices are required to achieve deep decarbonisation of the EU ETS. 
Cumulative emissions and carbon prices when the (absolute) emission factor is highest 
(1102 gCO2/kWhel) are respectively 14% and 20% lower than in the default AMB scenario. 

 
Figure 11. Impact of the BECCS emission factor on power sector emissions (left axis), carbon prices and electricity 

prices (right axis) in the more ambitious scenario (assuming a default demand and unrestricted transmission 
expansion) in the EU ETS.  

Lower emissions in the power sector are possible due to the higher investments in BECCS. 
These reach up to 39 GW in 2050, compared to the 9 GW installed in the default AMB. If 
BECCS offsets 1102 gCO2/kWh, BECCS generation in 2050 increases by 150 TWh, 
displacing fossil CCS (30 TWh gas) and vRES (49 TWh solar and 59 TWh wind) (see 

                                                
and ILUC are accounted. Heck et al. (2018) estimate also negative emissions potentials accounting for ~50% 
of the total captured by BECCS. 
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Figure 12). Despite the increase of non-CCS fossil generation (95 TWh gas and 13 TWh 
coal), the volume of negative emissions still allows reducing the overall emissions. In 2050 
negative emissions account for -210 MtCO2, overall power emissions reaching -143 
MtCO2. 

 
Figure 12. Change in generation in 2050 between BECCS emission factor scenarios and default AMB scenario (-551 

gCO2/kWh) in the EU ETS. 

 
4. Conclusion 
In this study we explore what tightening the EU climate target from 40% to 55% reduction 
in 2030 – which we translate into a tightening of the EU-ETS target from -43% to -63% in 
2030 – would mean for the power sector. We find that tightening the target speeds up the 
transformation, with renewables contributing half the generation already in 2025, coal 
almost completely phase-out by 2040, and zero emissions reached by 2050. As a result, 
cumulated power sector emissions from 2020-2055 would decrease by 40%, from 
16GtCO2 to 9.5GtCO2. Carbon prices within the EU-ETS would more than double, 
increasing to 55 EUR/tCO2 in 2030 and 90 EUR/tCO2 in 2040.  However, total discounted 
system costs would only increase by 3%, and the maximum observed increase in electricity 
costs would be below 1 ct/kWh. 
Increased electricity demand from sector coupling would not fundamentally change the 
picture – it would mostly lead to a longer reliance on gas, limited deployment of hydrogen 
and a larger expansion of wind and solar in combination with batteries. In case transmission 
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expansion should go slower than expected, costs would increase by 3%, and the technology 
mix would shift towards more PV, hydrogen and batteries.  
Finally, we analyse the impact of limited deployability of fossil CCS, BECCS, or nuclear 
technologies, either due to public acceptance issues or due to technological barriers in the 
up-scaling and deployment of this technology. We find that not using fossil CCS or nuclear 
power has no relevant effect on decarbonization costs, CO2 prices or emissions for the EU. 
The only technology whose unavailability has a noticeable impact is BECCS – not using 
BECCS would increase cumulated power sector emissions by roughly 2% and thereby 
require stronger decarbonization in the industry sector. At the same time, electricity prices 
are only marginally affected even if BECCS is unavailable – they increase by less than 1%. 
This illustrates that the negative emissions from BECCS can facilitate the achievement of 
deep decarbonization targets, but they are not a sine qua non for power sector 
decarbonization. Refraining from using fossil-based CCS has no discernible effect on 
carbon emissions and prices. It thus seems sensible to focus CCS-related research and 
demonstration projects on BECCS and CCS for industry process emissions. For BECCS, 
a crucial parameter determining the extent to which BECCS could provide negative 
emissions is the aggregated supply-chain emission intensity. It is thus necessary to ensure 
the sustainability of BECCS by limiting the impacts of direct and indirect land use change 
as well as emissions from processing and transporting. 
In summary, tightening the EU ETS target for 2030 to -63% compared to 2005 would lead 
to a substantial reduction of power sector emissions – minus 40 % – at limited additional 
costs – roughly 3 percent increase of total system costs. 
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Study 2: Developing highRES-Europe and using it to improve the 
representation of VRE integration in ETM-UCL (UCL) 

Authors: James Price and Ilkka Keppo 
 

Introduction 
 

The decarbonisation of power production is key to achieving the Paris Agreement goal of 
limiting global mean surface temperature rise to well below 2°C, particularly so given the drive 
to electricity transport and heat. Variable renewable energy (VRE) sources such as solar 
photovoltaics (PV) and wind have seen rapid cost reductions in recent decades bringing them 
into cost parity with base load fossil generation (IRENA, 2018). Even today, in Europe significant 
VRE penetrations are no longer limited to less populous countries with combined wind and solar 
shares reaching 23% and 17% of total electricity generation in 2017 for Germany and Great 
Britain (GB) respectively13. Therefore, it is highly likely that VREs are likely to feature 
prominently in future low/net-zero carbon energy systems. 
 As the production of VREs is driven by weather it can vary rapidly in time and space and 
so requires a modelling approach that captures this spatiotemporal variability to understand the 
impact of significant VRE shares on the power system. Therefore, today’s power system models 
typically have relatively high temporal resolutions (~ 1 hour) and break the spatial area the 
model represents down into multiple balancing zones. Indeed, such detailed model resolution is 
no longer limited to dispatch alone with a number of recent studies employing models which 
have a high spatiotemporal resolution and which simultaneously make infrastructure planning 
and operational decisions for a “snapshot” year in the future (Gils et al., 2017; MacDonald et al., 
2016; Zeyringer et al., 2018). However, these models do not track the evolution of the system 
over time. 
 Long-term planning models have frequently been applied to develop scenarios of the 
evolution of the whole energy system across multiple decades which can then help provide 
insights that feed into policy formation. These models typically have low spatial and temporal 
resolution because they must span such long time horizons while remaining computationally 
tractable. As a result, such models struggle to capture the detail necessary to adequately 
represent VREs. Given the important role that wind and solar are expected to play going 
forward, a number of studies have sought to address this research question and Collins et al. 
(2018) provides a comprehensive review of such efforts. Of the methodologies discussed by that 
review, here we opt for a so-called direct integration route whereby a high spatial and temporal 
resolution electricity system model (highRES-Europe) is used to improve the representation of 
VREs in a long running planning model, the European Times Model at UCL (ETM-UCL). The aim 
here is to encode various aspects of the higher resolution model into the lower resolution one 
thereby adding greater fidelity to the decarbonisation pathways produced by ETM-UCL. 
 This study is structured as follows: in section 2 we describe the development of highRES-
Europe, in section 3 we introduce ETM-UCL and detail the efforts to improve the representation 
of VREs within that model and in section 4 we briefly summarise our findings. 
 
 

                                                
13 https://docstore.entsoe.eu/Documents/Publications/Statistics/Factsheet/entsoe_sfs_2017.pdf 



 

 

Development of highRES-Europe 
 

Overview 
 
 The concept underpinning highRES-Europe is based on the highRES model, which has 
featured in a number of recent publications (Moore et al., 2018; Price et al., 2018; Zeyringer et 
al., 2018). highRES is a cost minimising, high spatial and temporal resolution model of Great 
Britain's (GB) electricity system written in the General Algebraic Modelling System (GAMS) 
language. It makes capacity investments (based on annualised costs) and operational decisions 
so that supply matches demand in every hour of the year (8760 time steps), in each of 20 zones 
that spatially represent Great Britain at least cost. Here we take the basic formulation of 
highRES (as described in detail in Zeyringer et al. (2018)) and extend it to have the same country 
coverage as ETM-UCL, i.e. the 28 countries in the European Union as well as Switzerland, 
Norway and Iceland. As shown in Fig. 1, each country is represented as a node with the existing 
cross border transmission network connecting each node together, the transfer capacity of each 
link being an endogenous decision made during optimisation. 
 

 



 

 

Fig. 1 Map showing the countries covered by highRES-Europe and the cross border transmission network 
represented in the model. 

In a similar vein to the GB version of the model, highRES-Europe simultaneously makes 
endogenous planning and dispatch decisions for generation and storage at a zonal (country) 
level. In terms of generation, it models solar PV (with ground and roof mounted being 
considered as one technology), on and off shore wind, run-of-river and reservoir hydropower, 
nuclear and natural gas combined cycle turbines with CCS (NGCCS). To integrate renewables into 
the system we model natural gas open cycle turbines (NGOCGT) for fast and flexible response, 
electricity storage in the form of grid scale Redox Flow batteries (RFB) and pumped hydro and 
reinforcement of the cross border transmission system. Country level pumped hydro capacities 
are fixed to those in 2015 under the assumption that the capacity potential for this technology 
has been largely exploited. Currently, within country transmission is not modelled and so each 
nation is represented as a copper plate.  
 

Wind and solar PV 
 

Time series of capacity factors 
 
 A core aim of our modelling approach is a good representation of variable renewables 
and so we use 0.25° by 0.25° (20km by 28km) spatially gridded historical weather data that 
covers the entire study area to derive hourly time series of renewable capacity factors: 
 

• For wind, we use the state-of-the-art climate reanalysis ERA514 from the European 
Centre for Medium Range Weather Forecasting which provides historical data from 
1979 to present. Crucially, ERA5 contains 100m wind speeds, a marked improvement 
from the previous generation of climate reanalyses as the data requires only limited 
interpolation to wind turbine hub height. To do this we use the wind profile power law 
with its exponent derived using the 10 and 100m wind speeds available in the data set. 
The wind speed at hub height is then fed through an archetypal onshore and offshore 
wind turbine power curve to produce capacity factors for each hour at each grid point. 

• For solar PV, we use CMSAF SARAH215 satellite irradiance data which are available from 
1983-2017. We pass these data through a simplified model of a crystalline Silicon panel 
from Huld et al. (2010), taking into account the impact of air temperature on 
performance of the system.  

 
Finally, for both wind and solar PV, country level hourly average capacity factors are derived 
from all grid points within each nation. 
 

                                                
14 https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era5 
15 www.cmsaf.eu 



 

 

Installed capacity potentials 
 
 To ensure the investment decisions that the model makes around wind and solar are 
technically feasible, we develop high resolution capacity potentials for each country: 
  

• For onshore wind we start with the 250m resolution CORINE16 
land cover raster dataset from 2012 and exclude continuous 
and discontinuous urban fabric, industrial and commercial units, 
road and rail, ports, airports, construction sites, green urban 
areas and sports and leisure facilities from capacity deployment. 
In addition, these tiles are buffered around out to 1km and this 
area also excluded from development. On top of this we 
remove water courses, water bodies, coastal lagoons and 
estuaries and broad leaf, coniferous and mixed forests. To 
ensure VREs are not built on protected areas such as national 
parks we draw on the Natura 200017 and CDDA databases18. 
Finally, we remove all areas with slopes greater than 15 degrees 
and altitudes above 2,000m based on EU-DEM v1.119, a high 
resolution digital elevation model covering the whole of Europe.  

• For offshore wind, we start with each countries Exclusive 
Economic Zone and remove all parts of these polygons which 
are deeper than 65m based on bathymetry data from 
Weatherall et al. (2015). This depth is chosen because it is the 
approximate depth of the deepest offshore wind site allocated 
in the UK’s Crown Estate 3rd round of offshore wind 
development locations. 

• For solar PV, we start with the land area available for onshore 
wind development (as the two technologies do not interfere 
with one another) and additionally add-in a country level 
assessment of the usable roof top area for PV from Defaix et al. 
(2012). 

 
The result of this process is a high spatial resolution assessment of the total available area for 
VRE deployment in each country. This area is then converted to a capacity potential assuming 
solar PV, onshore wind and offshore wind have installed capacity densities 40, 3 and 5 MW/km2 
(see Price et al. (2018) for the rationale behind these figures). 
 

                                                
16 https://land.copernicus.eu/pan-european/corine-land-cover 
17 https://ec.europa.eu/environment/nature/natura2000/index_en.htm 
18 https://www.eea.europa.eu/data-and-maps/data/nationally-designated-areas-national-cdda-14 
19 https://land.copernicus.eu/imagery-in-situ/eu-dem/eu-dem-v1.1 



 

 

Hydropower 
 
 Today hydropower plays a key role in the European electricity system and so we have 
augmented the base highRES formulation to include a more detailed representation of run-of-
river (RoR) and reservoir hydropower. Again we draw on the climate reanalysis ERA5 to obtain 
input weather data. To convert this runoff data into energy inflow time series we follow the 
methodology of Hörsch et al. (2018) by weighting each grid point in each country by its height 
above sea level (derived using EU-DEM v1.1) and normalise the hourly data so that cumulative 
hydro energy inflow matches country level annual hydro generation statistics from the EIA20. All 
grid cells in a country are aggregated together before the time series is normalised. Due to a 
paucity of publically available data, energy inflow is then shared out to each form of 
hydropower using their installed power capacities in each country in 2015. This then provides a 
physically driven estimate of water flows across the year. Getting reliable data for hydropower 
capacities proved challenging and we drew on a variety of sources: ENTSO-E Power statistics21 
and Transparency Platform22, the Joint Research Centre’s Hydropower database23 and liaising 
with Transmission System Operators where necessary. 
 Here we do not permit the model to make endogenous investments into hydropower 
capacity under the assumption that today the potential is close to fully exploited. We therefore 
fix both RoR and reservoir power capacities in each country to those in 2015. The energy storage 
capacities of reservoir hydropower are also fixed and based on country level cumulative figures 
from (Schlachtberger et al., 2018). The formulation used to model this form of generation is very 
similar to that used to model electricity storage (which was detailed in Zeyringer et al. (2018)) 
except that natural water inflows are the only form of energy flowing in and the reservoir is 
allowed to spill energy (water) as necessary. Additionally, the reservoir level is assumed to start 
the modelling period at 80% full and it must also finish at this level. Finally, RoR generation is 
modelled as a variable renewable like wind and solar PV with an hourly capacity factor governed 
by the flow of water.  
 

VRE parameterisation in ETM-UCL 
 

Model description 
 

ETM-UCL is a technology rich, bottom-up, cost optimising model of the European energy 
system. It aggregates the continents countries in to 11 regions, each with their own energy 
system and covers resource extraction of primary energy sources, their conversion and 
ultimately end-use energy service demand provision. These demands are exogenously 
prescribed at the regional level based on a range of drivers such as GDP and population. The 
model’s time horizon spans 2010 to 2050, in 5 year intervals. Individual years are represented 
with 6 time slices, three seasonal (with autumn and spring treated together) and two diurnal 
(day and night).  

                                                
20 http://tinyurl.com/EIA-hydro-gen-EU-2000-2014 
21 https://www.entsoe.eu/data/power-stats/ 
22 https://transparency.entsoe.eu/ 
23 https://github.com/energy-modelling-toolkit/hydro-power-database/ 



 

 

The aim of the model is to ensure supply matches demand across the energy systems of 
all regions and all time-steps simultaneously while minimising total discounted system cost and 
subject to all specified constraints. For further details on the model see the documentation24. 

VRE parameterisation 
 
 

 
Fig. 2 Installed capacity for a 50% wind and 10% solar share in annual generation from highRES-Europe. Pie chart size 
does not reflect the absolute amount of capacity in each country. The thickest transmission link is 50 GW and the 
thicknesses scale linearly to zero with capacity below that. VRFB4 = Vanadium Redox Flow Battery with a 4 hour 
discharge duration. 

highRES-Europe model runs 
 

As touched upon earlier, in this study we use our newly developed higher resolution 
model to improve the representation of VREs in our lower resolution, but much longer time 
horizon, model. To do this we have run highRES-Europe over a broad parameter space of wind 
and solar PV shares (including curtailment) in total annual electricity generation for the whole of 
Europe. We span 0 to 100% for each technology in 10% steps leading to 66 model runs. In these 

                                                
24 https://www.ucl.ac.uk/energy-models/models/etm-ucl 



 

 

runs we use country level historical electricity demand for 2013 from ENTSO-E and assume a 
carbon price of 250 USD2010/tCO2. This is the average price of carbon between 2020-2050 for 
all scenarios25 in the IPCC’s Special Report on 1.5°C database that achieve a target of 2°C (to 
within +/- 0.1 of a degree) in 2100. An example of the results from these runs is shown in Fig. 2. 
 

Curtailment 
 
 The curtailment of electricity from VRE production occurs when it cannot be either 
used, e.g. because generation on the system exceeds demand or transmission bottlenecks 
prevent it from being able to reach a location where it could meet demand, or stored. This 
“excess” electricity is then wasted. Curtailment can be mitigated by a variety of methods such as 
the spatial diversification of VRE deployment (spreading plants out to take advantage of 
different weather conditions in different locations at the same time), electricity storage and the 
reinforcement of intra and inter country transmission. As VRE penetration across Europe is rising 
and will very likely continue to do so, it is in turn highly likely that curtailment will become a 
growing problem. The low temporal resolution of ETM-UCL means that curtailment is not 
represented and so in this section we implement a similar parameterisation to that developed 
by Johnson et al. (2017) within the TIMES code (their approach being based on residual load 
duration curves from Ueckerdt et al. (2017)). 
 

 
Fig. 3 Curtailment against VRE share (left panel) and the stepwise approximation used to represent these data in ETM-
UCL (right panel). These curtailment figures are those consistent with the cross border transmission and battery 
deployment that highRES makes. 

 
 To begin we examine the typical shares of wind and solar deployed in ETM-UCL and thus 
select highRES-Europe runs with wind shares between 40% and 90% of total VRE generation. We 
                                                
25 https://data.ene.iiasa.ac.at/iamc-1.5c-explorer 



 

 

then plot curtailment at the European level as a fraction of total electricity generation against 
combined VRE share, as shown in Fig. 3 (left panel). These data are then approximated by a 
stepwise supply curve with five VRE share bands of 0-30%, 30-60%, 60-80%, 80-90% and > 90% 
(right panel of the same figure). Next we add the following constraints to the TIMES code: 
 

𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,𝑠𝑠
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠  = 𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,𝑠𝑠

𝑉𝑉𝑉𝑉𝑉𝑉 × 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑠𝑠 (1) 

𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,1𝑉𝑉𝑉𝑉𝑉𝑉  ≤  𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡𝑇𝑇𝑇𝑇𝑡𝑡  × 0.3  (2) 

𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,1
𝑉𝑉𝑉𝑉𝑉𝑉 + 𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,2

𝑉𝑉𝑉𝑉𝑉𝑉  ≤  𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡𝑇𝑇𝑇𝑇𝑡𝑡  × 0.6   (3) 

𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,1𝑉𝑉𝑉𝑉𝑉𝑉 +  𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,2
𝑉𝑉𝑉𝑉𝑉𝑉 + 𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,3

𝑉𝑉𝑉𝑉𝑉𝑉  ≤  𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡𝑇𝑇𝑇𝑇𝑡𝑡  × 0.8   (4) 

𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,1
𝑉𝑉𝑉𝑉𝑉𝑉 + 𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,2

𝑉𝑉𝑉𝑉𝑉𝑉 + 𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,3
𝑉𝑉𝑉𝑉𝑉𝑉 + 𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,4

𝑉𝑉𝑉𝑉𝑉𝑉 ≤  𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡𝑇𝑇𝑇𝑇𝑡𝑡  × 0.9   (5) 

𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,1
𝑉𝑉𝑉𝑉𝑉𝑉 + 𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,2𝑉𝑉𝑉𝑉𝑉𝑉 + 𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,3𝑉𝑉𝑉𝑉𝑉𝑉 + 𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,4𝑉𝑉𝑉𝑉𝑉𝑉+ 𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,5𝑉𝑉𝑉𝑉𝑉𝑉  ≤  𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡𝑇𝑇𝑇𝑇𝑡𝑡   (6) 

�𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,𝑠𝑠
𝑉𝑉𝑉𝑉𝑉𝑉

𝑠𝑠

 =  𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡
𝑇𝑇𝑇𝑇𝑡𝑡,𝑉𝑉𝑉𝑉𝑉𝑉 (7) 

 
where: 
 

• t and s are the milestone years and VRE share bands in the model respectively. 

• 𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,𝑠𝑠
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 is the amount of electricity that is curtailed in each share band. 

• 𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,𝑠𝑠
𝑉𝑉𝑉𝑉𝑉𝑉 is the VRE generation in each share band. 

• 𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡𝑇𝑇𝑇𝑇𝑡𝑡  is the total amount of electricity generated in each time step. 

• 𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡
𝑇𝑇𝑇𝑇𝑡𝑡,𝑉𝑉𝑉𝑉𝑉𝑉 is the total amount of VRE generation in each time step. 

• 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑠𝑠  is the curtailment in each share band. 

 
Essentially this formulation applies a progressively more aggressive penalty term to the 
deployment of VREs as their share of electricity generation rises. Curtailed electricity may either 
be wasted or go on to create hydrogen, via electrolysis, for use in that model period. At present, 
ETM-UCL does not model hydrogen storage. 
 

Capacity value 
 
 The capacity value of a technology refers to the fraction of its nameplate capacity that 
can support system adequacy, i.e. assist in meeting peak load and meet contingency events, and 
this fraction is often termed firm capacity. The TIMES framework already provides a peak 
equation and ETM-UCL assumes a reserve margin of 30%, i.e. the firm capacity requirement is 
30% greater than demand in the peak period. The capacity value of dispatchable generation 
tends to be close to one while that of wind and solar PV depends on the alignment between 
peak demand and the generation profile of each VRE. Furthermore, the capacity value of VREs 
tends to reduce as their shares grow because, for instance, the generation profiles of all wind 



 

 

farms in a region are likely to be positively correlated. Although with sufficient spatial coverage 
this correlation can certainly reduce and is the essence behind the need to spatially diversify 
VRE deployment. 
 Here we assess how the capacity value of wind and solar deteriorates using the highRES-
Europe output. To do this we again develop a supply curve representation of how the capacity 
value of each technology evolves with its share in Europe wide annual generation. The 
formulation used here is: 
 

𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,1
𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊  ≤  𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡𝑇𝑇𝑇𝑇𝑡𝑡  × 0.2  (8) 

𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,1
𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 + 𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,2

𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊  ≤  𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡𝑇𝑇𝑇𝑇𝑡𝑡  × 0.5   (9) 

𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,1
𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 + 𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,2

𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊  + 𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,3𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊  ≤  𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡𝑇𝑇𝑇𝑇𝑡𝑡    (10) 

�𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,𝑠𝑠
𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊

𝑠𝑠

 =  𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡
𝑇𝑇𝑇𝑇𝑡𝑡,𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊  (11) 

  

𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,1𝑆𝑆𝑇𝑇𝑠𝑠𝑆𝑆𝑠𝑠  ≤  𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡𝑇𝑇𝑇𝑇𝑡𝑡  × 0.2  (12) 

𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,1
𝑆𝑆𝑇𝑇𝑠𝑠𝑆𝑆𝑠𝑠 + 𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,2

𝑆𝑆𝑇𝑇𝑠𝑠𝑆𝑆𝑠𝑠  ≤  𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡𝑇𝑇𝑇𝑇𝑡𝑡  × 0.5   (13) 

𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,1
𝑆𝑆𝑇𝑇𝑠𝑠𝑆𝑆𝑠𝑠 + 𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,2

𝑆𝑆𝑇𝑇𝑠𝑠𝑆𝑆𝑠𝑠  + 𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,3𝑆𝑆𝑇𝑇𝑠𝑠𝑆𝑆𝑠𝑠  ≤  𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡𝑇𝑇𝑇𝑇𝑡𝑡    (14) 

�𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,𝑠𝑠𝑆𝑆𝑇𝑇𝑠𝑠𝑆𝑆𝑠𝑠
𝑠𝑠

 =  𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡
𝑇𝑇𝑇𝑇𝑡𝑡,𝑆𝑆𝑇𝑇𝑠𝑠𝑆𝑆𝑠𝑠  (15) 

 
where the terms are the same as equations (2)-(7) just with the index wind and solar being 
substituted for VRE. Here the share steps are 0-20%, 20-50% and >50%. This leads to the step 
wise approximation presented in Fig. 4 (right column). From the left column we can see how the 
capacity value of wind and solar generally decrease with increasing share, with the former 
technology offering much more firm capacity than the latter. This is to be expected as solar 
output is not well aligned with the annual peak in demand, i.e. the early evening in winter, in 
countries in central and northern Europe. To allow this formulation to function we implement 
three new wind and solar PV technologies in ETM-UCL with the capacity value of each step. 
 
 



 

 

 
Fig. 4 Capacity value against technology share in annual generation (left column) and the resulting stepwise 
approximation (right column). 

 

Battery storage requirement 
 
 The use of battery storage is seen as a key method to aid the integration of VREs into 
the power system going forward. Indeed, even today grid scale batteries are being used to 
provide security of supply. Once more, the low temporal resolution of model’s like ETM-UCL 
means they tend to under value the role of batteries as VRE shares rise. Here we use the results 
of highRES-Europe, which allows endogenous battery investment, to understand how the need 
for batteries changes as a function of VRE share. 
 Initially, we regress the ratio of total installed capacity of RFB to the total installed VRE 
capacity against wind share and solar PV share simultaneously. From this planar fit we find a 
much stronger relationship between the share of solar PV in total generation and this “storage 
share” than for wind, i.e. the slope coefficient for solar PV is 0.43 compared to -0.09 for wind. 
We therefore make the simplifying assumption that storage share only correlates with solar PV 
share and develop a stepwise approximation as shown in Fig. 4. Wind capacity is assumed to 
require storage at a constant fraction of 0.04.  



 

 

 
Fig. 5 The ratio of storage capacity to VRE capacity as a function of solar PV share (left panel) and the stepwise 
approxmiation (right panel) 

 
Here the formulation relies on the capacity value supply curve for solar PV and the following 
equation: 
 

𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 × 0.04 + �(𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡,𝑠𝑠
𝑆𝑆𝑇𝑇𝑠𝑠𝑆𝑆𝑠𝑠  × 𝑆𝑆𝐶𝐶𝑆𝑆𝐶𝐶𝑆𝑆_𝐶𝐶𝐶𝐶𝐶𝐶𝑠𝑠) 

𝑠𝑠

≤  𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡𝑆𝑆𝑡𝑡𝑇𝑇𝑠𝑠𝑆𝑆  (16) 

 
where Store_pars contains the stepwise coefficients and CapWind, CapSolar and CapStore are the 
installed capacities of wind, solar PV and battery storage in each milestone year respectively. 
 
 

Transmission system reinforcement 
 
 An important route to cost effective VRE integration is the spatial diversification of its 
deployment, facilitated by transmission line reinforcement. This allows the system to leverage 
the fact that weather conditions often differ between sites at the same time which can act to 
reduce the overall variability of VRE generation. During optimisation, VRE deployment in 
highRES-Europe benefits from this spatial diversification as it represents 31 countries over a 
wide geographical area and can endogenously invest in cross border transmission. Here we have 
sought to capture a reduced form representation of that by requiring ETM-UCL to deploy extra 
transmission capacity as system wide VRE share increases. To do that we have produced a 
simple parameterisation of total transmission capacity between ETM-UCL’s 11 regions to total 
VRE capacity against VRE share. The formulation used to implement this is:  
 



 

 

𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡𝑉𝑉𝑉𝑉𝑉𝑉 ×  0.23 ≤  𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡𝑇𝑇𝑠𝑠𝑆𝑆𝑊𝑊𝑠𝑠  (17) 

 

Regional capacity factors and potentials 
 

To further improve the modelling of VREs within ETM-UCL, we have leveraged the 
spatiotemporally detailed weather driven time series and capacity potentials developed for 
highRES-Europe. Regarding the former, we use 10 years’ worth of wind and solar PV time series 
to compute average capacity factors for each of the six time slices and 11 regions modelled in 
ETM-UCL. This provides an empirically grounded basis to the technology specific capacity 
factors. Furthermore, we have aggregated the country level capacity potentials to provide a 
regional assessment of the technical limit on installed capacity for each VRE. 
 

Results and discussion 
 

In this section we use a decarbonisation scenario which mandates an 80% reduction of 
GHG emissions from all 11 European regions combined by 2050. We run this “min80” scenario 
both with and without the augmentations described above and discuss their impact on VRE 
deployment in ETM-UCL. 
 



 

 

 
Fig. 6 ETM-UCL installed power capacity without (left panel) and with (right panel) VRE integration augmentations 

 
 
Firstly, in Fig. 7 we plot the installed power capacity for all 11 ETM-UCL regions 

combined without (left panel) and with (right panel) the VRE integration code described here. 
Immediately it is apparent that capacity deployment is similar in both, which is itself a key 
finding. That is, even when accounting for curtailment, a declining capacity value with increased 
penetration and the need for batteries and transmission to be deployed to support their 
integration, VREs are still a highly cost effective source of electricity generation going forward. 
The main difference here is that batteries are deployed earlier, with 17 GW installed in 2020, 
and then growing steadily out to a 2050 capacity of 165 GW. In the previous version of the code, 
batteries were not deployed until 2040. 
 



 

 

 
Fig. 7 Total inter-regional transmission capacity without considering the improved VRE integration formulation (left 
panel) and with it (right panel). 

Moving on to inter-region transmission, in Fig. 8 we plot the total inter-regional 
transmission capacity again without the new VRE code improvements (left panel) and with them 
(right panel). Here we see that in the latter this capacity grows faster in absolute terms over the 
model’s time horizon and by 2050 is in excess of double that installed when not including the 
new formulation. From the highRES-Europe runs we find that this level of transmission is 
required to support the integration of VREs into the system by limiting output variability and 
reducing curtailment. 

Finally, we look at how the curtailed output of VREs is being used by ETM-UCL. To this 
end, in Fig. 9 we plot the total volume of hydrogen produced in TIMES as a function of model 
period. Here we see that in the standard formulation of the model, hydrogen is produced by 
reforming natural gas and coal gasification initially which then transitions to natural gas with 
CCS and biomass gasification. However, in the updated model electrolysis, which is based 
entirely on the curtailed electricity produced by VREs, is used to create hydrogen from 2035 
onwards. From this period until the end of the model horizon, total hydrogen production 
increases and electrolysis serves to substitute in for natural with CCS. By 2050, the production of 
hydrogen is near doubled compared with the standard model formulation, indicating a 
prominent role for electrolysis coupled to VRE generation going forward. 

 
 

 
 
 

 

 



 

 

 
 
 
 

 
Fig. 8 Total Europe wide hydrogen production without (left panel) and with (right panel) the code improvements 
described here. 
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Study 3: Modeling system integration of variable renewable energies for 
long-term climate objectives: the role of electric grid and storage 
(CMCC) 

The results of this study were developed by researchers at CMCC with the help of two 
Master students, Marco Marni and Simone Prato, who were supervised by Professor 
Massimo Tavoni of CMCC and Dr. Samuel Carrara. The results described here are also 
contained in the part of the Master thesis of these students.. As a result of this work, the 
two students were awarded the Master title by the School of industrial and information 
engineering of POLITECNICO DI MILANO. The full version of the thesis is available at 
(https://www.politesi.polimi.it/bitstream/10589/137580/1/2017_12_Marni_Prato.pdf).  

 

WITCH Model Advancement 

 
This study aims at explaining the advancement in the representation of VRE technologies 
integration within the WITCH model reached through our contribution. The study is 
structured as follows. Firstly, the pre-existing VRE integration formulation in WITCH is 
described, since it constituted the starting point of the research work.  Then, a new 
interpretation of the flexibility coefficient curves of VRE technologies is introduced. After 
that, a new formulation of the electric grid in WITCH is described. Finally, a new 
formulation of short-term and seasonal electricity storage in WITCH is presented. 
 
Pre-existing VRE integration modelling 
 
Within the general effort of the IAMs development teams towards a complete modelling of 
the VRE integration characteristics, some pre-existing, already implemented features were 
present in the WITCH model at the beginning of the research work. 
 
In particular, the pre-existing WITCH model advancements can be divided in two 
subsequent development steps: 
 
• The first one belonged to the first wave of IAMs models improvements and included the 
implementation of the system integration features. 
 
• The second one, followed the latest progress in the VRE system integration modelling, 
allowed by the development of the RLDCs and presented in [1]. Modifications have been 
implemented along three main directions, aims at improving model features: the capacity constraint 
equation, the definition of the VRE curtailment concept and the flexibility constraint equation. 
 
In the following Sections, the outcomes of the above mentioned second step of development 
are explained in detail. The reason for this explanation is that having a clear understanding 
of the pre-existing formulations is necessary to comprehend how they interact with and 

https://www.politesi.polimi.it/bitstream/10589/137580/1/2017_12_Marni_Prato.pdf


 

 

compare to the model advancements we introduced. 
 
Capacity Constraint Equation 
Starting from the capacity constraint equation, some updates have been implemented from 
the findings of RLDCs-based work described in [1]. As regards this study, it is based on the 
previous development of the RLDCs. In particular, typical RLDCs have been derived for 
each region and for different shares of VRE generation (and for each share RLDCs for 
different mix of PV and wind plants) [2]. From the specific RLDCs, some parameters have 
been calculated in order to characterize the peculiarities of each region in terms of coupling 
between potential VREs generation and local load. These parameters are described in the 
following. 
 
First of all, as regards the firm capacity requirement, which represents the capacity required 
to meet the peak load as a multiple of the annual average load, it is expected that it will 
vary across regions and over time as electricity demand changes with development. The 
evolution of firm capacity requirement over time for the different regions is calculated using 
a method proposed by [3]: approximating the ratio between the annual peak load and the 
annual average load from the projected shares of residential and industrial electricity 
demands and adding a margin of 20% to cover contingency events. So, with this new 
formulation, firm_req has become a function of regions and time. 
 
Moreover, the RLDCs for the different regions have been used to quantify how the Capacity 
Values (CVs) of PV and wind power plants change with increasing generation shares of 
these technologies [1]. The capacity value of a technology is defined as its contribution to 
the firm capacity requirement and so its ability to cover the peak load.  The capacity value 
of the single VRE technology is calculated as the fraction  of the technology capacity that 
contributes  to covering  peak load.  To express CV as a function of VRE share, it has been 
derived from several different RLDCs, featuring an increasing VRE share. The overall 
analytic formulation of the capacity constraint equation identifies unique capacity values 
for the single VRE technology (jel|VRE) in the different regions as a function of its 
generation share (before considering curtailment): 
 
CV(jel|VRE, t, n)=f(SHARE_EL_BC(jel|VRE, t, n)).  
 
Therefore, the main improvement with respect to the previous implementation is the 
complete differentiation across regions, based on the regional RLDCs. 
 

 



 

 

 
In Fig.1 it is visible how the capacity value of wind and PV technologies decreases with an 
increasing generation share of these technologies. It is worth highlighting how the capacity 
value of PV technology starts at a much higher level than the wind one at low generation 
shares, but then it presents a much steeper decrease. This is due to the fact that solar PV 
generation is well-aligned with peak load at low VRE deployment, but provides very little 
capacity value beyond a 30% share, while the behaviour of wind plants is more uniform. 
 
 

 

Figure 1:  Average capacity value of VRE technologies as a function of their generation share before curtailment for the case of USA 
[1]. 
 
 

VRE Curtailment 
 
Since VRE generation is intermittent and non-dispatchable, a wide deployment of these 
energy sources may mean a significant curtailment, especially when coupled with inflexible 
base load generation. Curtailment represents potentially useful electricity produced by VRE 
technologies that is actually wasted, because this generation would occur in period of not 
high enough load. 
One important feature of the RLDCs is the ability to represent the curtailed generation at the 
different shares of generation by VRE technologies. Curtailment can be defined as the 
amount of negative residual load, or VRE oversupply, in a given RLDC. A negative residual 
load indicates that VRE generation alone exceeds electricity demand. The average total 
curtailment is split into two different components: 
 
• SHORT-TERM CURTAILMENT: the portion that can be addressed with short- 
term (<24 h) storage and is due to the daily mismatch between VRE production and 
electricity demand. 
 
• SEASONAL CURTAILMENT: the portion that can be handled with seasonal 
storage and is caused by the seasonal mismatch of high VRE production and high electric 
load. The portion of seasonal curtailment has been calculated in [1] in the following way. 
The authors used two estimates of curtailment (developed by Denholm & Hand [4]), 
respectively with no storage and with 24 hours of storage for the Electricity Reliability 
Council of Texas (ERCOT) region, in the USA. Starting from these estimates, they 
quantified the seasonal fraction of total curtailment for each VRE share as the fraction of 
total curtailment that is still present in the Denholm & Hand system with 24 hours of 



 

 

storage. Therefore, in this perspective, seasonal curtailment is deadened simply as the fraction 
that cannot be handled with short-term storage. A limitation of this formulation is that, for 
lack of regional data, the split between short-term and seasonal curtailments, found by 
Denholm & Hand specifically for the ERCOT region and for a 70/30 wind/solar mix, has 
been applied for all the world regions and for all the possible wind/solar mixes. 
The resulting seasonal fraction of total curtailment for all the regions increases from 15% 
at 50% VRE share to 35% at 100% VRE share. 
 
In the MESSAGE model, total curtailment is defined from the regional RLDCs as a 
function of the VRE generation share before curtailment in that region. It is modeled equal 
to zero until a certain VRE share around 40-50 % (specific of the region) and then increases 
with the generation share [1]. In Fig.2 the behaviour of the total curtailment (sum of short-
term and seasonal) is shown for the USA case. In MESSAGE this curve is approximated with 
a stepwise function presenting growing uniform values in 10% wide VREs shares bins [1]. 
 

 
Figure 2: Average total curtailment as a function of the VRE share before curtailment in MESSAGE, for the USA case [1]. 
 
 
 
In the WITCH model, a similar representation of curtailment has been implemented, with 
the difference of using a second degree function, starting from VRE share equal to zero. The 
reason behind this choice is twofold: the first one is the numerical structure of the model, 
which does not allow an easy representation of discontinuous functions or functions with 
discontinuous first derivative, as the one used in MESSAGE; the second one is related to 
the fact that considering curtailment equal to zero up to VRE shares around 40-50% appears 
unrealistic and not able to represent what is actually happening is systems with lower VRE 
shares [5]. In Fig.3 the behaviour of WITCH short- term and seasonal curtailment is shown 
for the USA case. 
 



 

 

                          
 
Figure 3: Short-term and seasonal curtailment representation in WITCH as a function of the VRE share before curtailment for 
the USA. 
 
 

VREs generation Q_EL after considering curtailment is calculated in the WITCH model as 
the difference between production before curtailment Q_EL_BC and the curtailed fraction 
of generation Q_EL_CURT(defined for all j_vre technology).: 
 
Where Q_EL_CURT are the curtailed fractions (short-term and seasonal). 
 
Flexibility Constraint Equation 
As regards the flexibility constraint equation, the development of the WITCH model has 
followed three main guidelines set by the recent improvements in the MESSAGE model 
[1]: 
 
• The differentiation of the load flexibility coefficient among the different regions 
• Improved representation of flexible operation in thermo-electric power plants 
• Better definition of flexibility coefficients for VRE technologies 
 
Flexibility Coefficient of Load 
The flexibility coefficient of load represents the flexible fraction of total generation that 
must be supplied to meet fluctuations and uncertainty in demand. It is derived, for each 
region, from the load duration curve with no VRE deployment and so, not being influenced 
by the supply system structure, it represents the need for flexibility proper of the load [1]. 
Table 1 provides the values of the flexibility coefficient of load for the 13 regions of the 
WITCH model. In particular, for all the regions except india and sasia, its absolute value 
has increased with respect to the previous formulation (it was -0.1 for all the regions). 
 
  



 

 

 
 

 cajaz china easia india kosau laca mena 
FC load -0.17 -0.13 

neweuro oldeuro 
-0.13 
sasia 

-0.05 
ssa 

-0.17 
te 

-0.18 
usa 

-0.18 

FC load -0.20 -0.20 -0.05 -0.12 -0.20 -0.19  

 
Table 1: Flexibility coefficient of load for the 13 regions of the WITCH model [1]. 
 
 

Flexible Operation of Thermolelectric Power Plants 
 
Most thermo-electric power plant technologies can be managed to provide some operating 
reserve to the system. However, entering a flexible operation mode can cause significant 
impacts on O&M costs, efficiency and capacity factor [6], [7]. In the MESSAGE model the 
representation of thermo-electric power plants has been updated to take into account two 
different modes of operation: baseload and flexible [1]. In this formulation the flexible 
operation provides a fraction of generation as operating reserve, but comes with 
penalization in terms of higher O&M costs, lower efficiency and lower capacity factor. 
 
Since in WITCH, due to its numerical structure, a continuous representation is needed, the 
MESSAGE approach has been partially modified to be integrated within the model. In 
WITCH, the annual generation of a particular technology jel is defined by the following 
equation: 
 

Q EL(jel, t, n)≤K_EL(jel, t, n)×CF(jel)×yearly_hours 
Where K El is the installed full nameplate capacity of the technology in that year.  The 
capacity factor is defined as the typical maximum achievable capacity factor for each 
technology. Thus, the model is able to optimize the actual generation between zero and the 
maximum possible value, given the installed capacity. The representation of the flexible 
operation of thermo-electric power plants is introduced adding the following equation: 
 
 

Q_EL(jel, t, n) =K EL(jel, t, n)×CF_REAL(jel)×yearly hours 
 
Where CF REAL(jel) is defined as the actual capacity factor of the particular technology 
jel at the period t, resulting from the optimized solution. Starting from the definition of this 
new variable, the ratio between CF_REAL(jel) and the maximum achievable capacity factor 
CF(jel) is used to derive the impacts of the operation mode on O&M costs, thermal 
efficiency and flexibility coefficient of the thermoelectric power plants. 
 
The implemented formulation is the following. The 40% of the maximum achievable 
capacity factor CF(jel) is set as the minimum load at which usually thermoelectric power 
plants are able to work [6]. In WITCH there is a further approximation of reality, because 
the model considers the overall installed capacity of a particular technology in each 
region, and there is not a representation of each single power plant. At the minimum load, 
the increase of O&M costs is derived from [1] and the thermal efficiency reduction is 
determined from [6]. Besides introducing the latter two forms of penalization, the flexible 



 

 

operation mode has the positive effect of increasing the Flexibility Coefficient (FC) of the 
technology. The FC increment for the different thermo-electric technologies derived from 
[1] is set in correspondence of the minimum load. Then, the actual variation of these three 
parameters (O&M increase, efficiency reduction and FC increment) is described as a linear 
function of the ratio between CF_REAL(jel) and the maximum achievable capacity factor 
CF(jel). In particular, the variation are set equal to zero when CF_REAL(jel) =CF(jel) and 
so their ratio is 1 and equal to the above mentioned values (derived from literature) when 
the ratio is equal to 40%. 
 
We analyzed the impact of this new formulation and we got some interesting insights. 
Without the definition of CF_REAL, the optimization results were such that in some time 
steps some installed capacity of non-VRE technologies was not producing at full capacity 
factor, or even not producing at all. This could be explained by the fact that the optimal 
solution included installing some non-VRE capacity at a certain point to meet the demand 
or satisfy the capacity or flexibility constraint equations and then, when more favorable 
ways of meeting the objective were reached, the capacity was just exploited less, because 
there were not associated penalties. 
 
With the new formulation, including CF_REAL, the results are different to what may be 
expected. The model never exploits non-VRE capacity at lower capacity factor than the 
maximum possible one, because it appears that the higher O&M costs, lower efficiency and 
lost production are not economically justified by the possible higher flexibility coefficient2. 
This behaviour is explicable through its perfect foresight characteristics, so that the model 
is able to optimize the amount of non-VRE installed capacity to avoid that in the subsequent 
time steps is used at lower capacity factor than the maximum possible. The general impact 
on the energy system is a moderate change in the overall generation of non-VRE 
technologies, together with a decrease in their installed capacity with respect to the case 
with the old formulation, because the installed capacity is used always at the highest 
capacity factor. 
 
VRE Flexibility Coefficient 
 
In the last updates of MESSAGE model, a series of RLDCs for the different regions with 
increasing VRE shares has been used to estimate how the flexible fraction of non-VRE 
generation varies with increasing VRE deployment [1]. The flexibility coefficient of VRE 
technologies is defined as the additional amount of generation by flexible non-VRE 
technologies (in kWh) required for 1 additional kWh produced by VRE rep- resents. This 
formulation is used in the flexibility constraint equation. It stands for the supplementary 
flexibility required by the system due to an extra kWh of VRE production. 
In MESSAGE it is defined the marginal variation of the VRE flexibility coefficients 
(Marginal flexibility coefficients MFCs) that assumes different values in three different 
ranges of VRE generation shares. 
 
 

VRE share BC Marginal VRE FC 
0 - 15% -0.03 
15 - 50% -0.39 
>50% 0.29 



 

 

 
Table 2: Marginal  Flexibility Coefficients of VRE  technologies  for different ranges of VRE  shares before  curtailment for USA 
[1]. 
 
 

These values have been implemented in WITCH by our co-supervisor Samuel Carrara, with 
a continuous formulation in full coherence with the MESSAGE formulation. In particular, 
the VRE flexibility coefficient corresponding to a particular share of VRE has been defined 
as the weighted mean of the marginal VRE flexibility coefficients derived from [1]. The 
following example aims at clarifying the formulation. 
 
Let’s consider USA VRE MFCs from table 2 and an overall generation of 100 TWh. With 
a VRE share before curtailment of 10%, the VRE flexibility coefficient to be used in the 
flexibility constraint equation is just equal to: 

 
In correspondence of a VRE share of 30%, instead, it is equal to: 

 
This negative value means that, with a VRE share of 30%, for each TWh produced  by VRE 
technologies there is the need for 0.204 TWh generated by non-VRE flexible power plants. 
Finally, with a 100% VRE share, instead, it is: 
 
 
 (15%×(−0.03)  +  35%×(−0.39) + 50%×(0.29)(×100TWh = 0.003 

100%×100TWh 
 
This operation has been repeated for all VRE shares between 0 and 120% and the resulting 
values have been then interpolated with a 3rd degree polynomial curve, ensuring 
compatibility with the numerical structure of the WITCH model. Increasing the polynomial 
degree of the fitting function would increase both fit accuracy and model complexity. 
Given this trade-off, a third-order polynomial has been considered a good choice. In the 
graph of Fig. 4 the two curves for the USA case can be seen: the dotted one representing 
the original values calculated from the MFC values and the solid one being the derived 3rd 
degree polynomial curve. 



 

 

 

Figure 4: VRE Flexibility Coefficient curve derived from marginal VRE flexibility coefficient values in [1] for the USA case. 
 
 
Our work started from these flexibility coefficient curves and we tried to give them a more 
technical interpretation to explain the obtained behaviour. The results of our analysis and 
the consequent effect on the curves implementation within the WITCH model are explained 
in detail in the following Sections. 
 
To conclude, the formulation of the flexibility constraint equation resulting from the 
updates described in this section is the following: 

 
 
Where, FC_load is now different across regions; FC_non_VRE is a function of the actual 
capacity factor of the non-VRE technology jel: FC_non_VRE(jel|non  VRE) 
=f(CF_REAL(jel)); FC_V_RE is a function of the VRE share before curtailment 
FC_VRE(jel|VRE) =f(SHARE_EL_VRE_BC(t, n)), as shown in Fig.4. 
 
Pre-existing Electric Grid Formulation 
 
In its pre-existing WITCH formulation electric grid capacity K_EL_GRID was expressed 
in TW − equivalent and was linearly proportional to the installed generation capacity. 
Moreover, the equation to calculate the installed electric grid capacity featured two 
additional grid stock requirements, specifically defined for VRE technologies. The first one 
represents the additional grid required to connect solar and wind plants located far from load 
centers or shores. In this sense, it should be remembered that, in WITCH, solar and wind 
plants are differentiated by distance from load centers (”near”, ”intermediate” and ”far” 



 

 

plants) with additional transmission costs transm_cost (following equation) defined 
accordingly. The second one represented an early attempt to take into consideration the grid 
pooling effect, by considering the necessity of building a wider grid interconnection for the 
integration of VREs (curtailment reduction, dispatchability increase, etc.) [8]. The latter 
term was defined for each VRE technology and increased exponentially with the generation 
share SHARE_EL of the single VRE with an exponent b equal to 1.55 [9]. Therefore, the 
equation to calculate the installed grid capacity from installed generation capacity had the 
following shape: 
 

 
Where K EL(jel, t, n) =Σdistance K EL D(jel, t, n, distance) ¥ jel VRE. 
The adopted grid investment cost grid_cost was equal to 400$05/kW and had been obtained 
averaging costs over lengths and capacities of transmission lines [8]. 
 
The second equation modeling the electric grid was the capital stock equation. This 
equation, for every region and time step, accounted for the aging and the consequent 
retirement of the existing grid capacity and the capacity addition due to the yearly 
investments in grid. 
 
The main weaknesses of this formulation were the lack of a distinction between trans- 
mission and distribution lines, the absence of a representation of thermal losses on the lines 
and the coarse description of the grid pooling effect. Our work has been directed towards 
solving these issues. 
 
Pre-existing Electric Storage Formulation 
 
In its pre-existing formulation, electric storage was not an actual generation technology, but 
more a “dummy” technology the model can invest on since it positively contributes to 
capacity and flexibility equation. Storage had no associated input and output electricity 
and so it was not characterized by a round- trip efficiency. Storage stood just as an 
alternative way of providing the capacity and flexibility needed by the power system. Its 
investment cost was characterized by an exponential decay between 6000$05/kW in 2005 
and 550$05/kW: 

 inv coststorage = max(inv  coststorage(t= 1)×t  −0.8; 550) 
 With t representing a five years timestep and t= 1 set at 2005. The associated O&M costs 
were null. 
 



 

 

The installed storage capacity was able to provide a contribution within the capacity constraint 
equation through a Capacity Coefficient (CC) equal to 0.85. Moreover, it was involved in 
flexibility constraint equation assuming 2000 yearly full production hours, to obtain the fictitious 
TWh generated by the storage, with a flexibility coefficient FC equal to 1. Thus, investing in 
storage capacity represented just a measure to install high capacities of VRE, characterized 
by a low contribution to meeting the peak load and by a negative flexibility coefficient. 
 
However, this previous formulation had some clear limitations due to the insufficient 
description of the operation of storage technologies. In particular, the absence of an electricity 
input from the other generation technologies and of an electricity output to the grid, associated 
to an efficiency loss, represented the main weakness. The development of a more detailed 
formulation of electric storage in WITCH has been at the core of our work. 
 
New Interpretation of VRE Flexibility Coefficient 
 
Our analysis of flexibility coefficient for VRE technologies started from the curves de- scribed 
previously. The shape of these curve led us to make some reflection upon the technical and 
physical meaning behind them. Our investigation has been focused on two particular aspects: 
 
 
• First of all, looking at the MFC values from [1], it could be noticed that for some regions 
the value in the first VRE shares range is positive, apparently meaning that VRE could provide 
flexibility. The  involved  regions  are mena, neweuro,oldeuro and ssa. Looking at the data 
about the electricity generation mix between 2005 and 2015 for these regions from IEA 
Statistics [10], it has been possible to highlight that these regions are currently characterized 
by a high share of generation provided by non-VRE flexible generation. This in contrast with 
other regions, whose electricity mix is dominated by baseload technologies. Thus, since the 
RLDCs from which these values have been derived are built for the current electricity mix of 
the different regions, it could be concluded that the positive value of the coefficient at low 
VRE shares (0-15%) comes from the higher available flexibility of the power system. 
Therefore this means that it is or has been possible to install low shares of VRE without 
increasing the production from non-VRE flexible power plants. To allow a better 
understanding of this statement, it is reminded that the VRE flexibility coefficient represents 
the additional required non-VRE flexible technologies generation for each extra TWh of VRE 
production. 
 
• The second point is linked to the fact that, for all the regions, the marginal flexibility 
coefficient for VRE becomes positive in the third VRE deployment bin. 
This leads to an increase in the VRE flexibility coefficient that starts becoming less negative 
from the beginning of the third bin (corresponding to a VRE share of 50%) and going on with 
increasing VRE share, as it could be clearly seen in Fig. 4. This behaviour is the result of how 
the VRE MFCs have been calculated in [1]. We had the possibility, thanks of a direct contact 
with the authors of this study, to analyze in detail the calculations behind those values and this 
allowed us to reach a broader understanding of this issue. 
 



 

 

Behind the Calculation of VRE Marginal Flexibility Coefficients 
 
The VRE MFC in a certain range of VRE shares has been calculated as the average marginal 
increase of non-VRE flexible generators production per 1 kWh growth in VRE generation. 
Thus, what happens is that through the first and the second bins the growth of VRE production 
goes together with a higher generation from non-VRE flexible power plants, to the detriment 
of baseload plants generation. But with the beginning of the third VRE shares bin, a further 
increase in VRE production must imply also an absolute decrease of non-VRE flexible 
generation. This simply because the sum of the production shares of all the technologies is 
100% and to have a further increase of VRE share, the share of flexible generators have to 
decrease too. Nonetheless, this should not mean that the VRE, alone, are capable of requiring 
less flexibility, because the need for flexibility is intrinsically dependent on the nature of the 
VRE technologies and on their reliance on an intermittent natural energy source. To conclude, 
we think that the shape of the curve resulting from VRE MFCs (Fig. 4) could not represent 
the flexibility coefficients of VRE technologies alone, but there should be another 
contribution that allows the VRE technologies to ask for less flexibility at high shares. A 
personal communication with Nils Johnson, the corresponding author of [1], clarified that, in 
the MESSAGE model, the contribution of grid upgrades to the integration of VREs is not 
explicitly modeled, but it is intrinsically included in the existing formulation. Thus, we 
concluded that a contribution related to the “smartening” and pooling of the grid is the one that 
allows the VREs to require less flexibility per unit of electricity generated, i.e. their flexibility 
coefficient becomes less negative. This contribution becomes significant at VREs shares 
higher than 50% (that corresponds to the third MESSAGE deployment bin) because higher 
VREs shares are not likely to be achieved without the above mentioned interventions on the 
grid.  
 
Flexibility Coefficient Curve as Sum of Two Contributions 
 
Our solution to this issue is that the VRE flexibility coefficients curve in Fig. 4 is the results 
of the sum of two different contributions: 
 

• A curve representing the flexibility coefficient proper of VRE technologies, as they are 
installed and interact with the rest of the power system. This contribution has been modeled 
as a 3rd degree polynomial curve function of the VRE share before curtailment5 that behaves 
as the overall FC curve in the first two VRE shares bins and then remains constant at the value 
assumed in correspondence of the beginning of the third bin. 
 

• A curve representing the contribution of grid pooling, that stands for the whole set of 
technology options into which investments could be made in order to increase the electric grid 
connection and reliability and allow high shares of VRE generation. This contribution has 
been modeled as a 2rd degree positive polynomial curve function of the VRE share before 
curtailment, starting from a value of 0 with a null VRE share and then increase reaching 
significant values at the beginning of the third VRE shares bin. To find this curve, a difference 
between the curve interpolated from the original MFCs values and the curve of VRE alone FC 
above mentioned has been performed.  Then,  the obtained values have been interpolated with 
a 2rd degree positive polynomial curve, starting from the origin and reaching the actual value 



 

 

for a VRE share of 100%. The effect of grid pooling is represented with the grid pooling 
coefficient POOLING that assumes the values of the curve. 
 
In Fig. 5 the curves representing the two different contributions and the overall resulting FC 
curve could be seen for the USA case. 
In Fig. 6, instead, it could be seen a comparison between the 3rd degree polynomial curve of 
the overall VRE FC that we implemented in WITCH and that results from the sum of the two 
above mentioned contributions, and the VRE FC 3rd degree polynomial curve derived from 
the original MFCs values and also visible in Fig. 4. The comparison highlights that the 
implemented curves constitute a good approximation of the originally interpolated ones.  
 
New Electric Grid Modeling 
 
Our work on the electric grid modeling in WITCH has proceeded along four directions: 
 

 
 
Figure 5: VRE alone FC 3rd degree polynomial curve, grid pooling coefficient 2rd degree polynomial curve and overall VRE FC 
curve resulting from the sum of the other two  curves, all function of the VRE share before curtailment, for  the USA case. 
 

 
Figure 6: Comparison between the overall VRE FC 3rd degree polynomial curve implemented in WITCH and 3rd degree 
polynomial curve interpolated from the original MFCs values taken from Johnson et al. [1]. 
 

• Better definition of installed grid capacity. 
• Distinction between two different types of electric grid: transmission and distribution lines, 

characterized by different extensions and investment costs. 



 

 

• Refinement  of the grid pooling modeling. 
• Introduction of losses on electric grid lines to differentiate between electricity input to the grid 

and the output to the demand. 
 
Better Definition of Installed Grid Capacity 
 
Installed grid capacity is still considered linearly proportional to the installed generation 
capacity. Nevertheless, we introduced the conversion factor grid requirement grid_req 
expressed as km of installed grid per TeraWatt (TW) of installed generation capacity, to 
translate the installed grid capacity into km, instead of TW. The reason behind this choice is 
that the km are a measurement unit we found broadly used in the related literature and with 
respect to which it is much easier to derive literature data on the grid investment costs. 
 
Distinction between Transmission and Distribution Lines 
 
We decided to introduce just a general distinction among transmission and distribution lines, 
because a more detailed differentiation, based on the different lines voltages, would have been 
outside the scope of an IAM as the WITCH model. Moreover, the representation of grid has 
to be based on strong approximations in a model without a detailed geographical 
representation of load locations and grid extensions. 
 
The distinction among transmission and distribution lines pursues the objective of 
highlighting the specific investments required in the two different types of grid, based on the 
fact that different types of VRE technologies (depending on the distance from load centers) 
and of storage technologies ask for different types of grid.  
The differentiation between the two type of lines has been implemented through some specific 
parameters, assuming different values for transmission and distribution lines. The differences 
can be summed up as in the following: 
 
• Different lifetime: 60 years for transmission and 50 years for distribution lines. This 
corresponds in WITCH to a yearly depreciation rate δ_grid(see Chapter 2) of 0.024 for 
transmission and 0.027 for distribution lines. 
 
• Distinct grid requirement: different values have been used for different region. For 
transmission lines, the ranges of values is between around 200 000  and  70 0000km/T W. While for 
distribution lines the ranges of values is between around 4mln and 14mln km/TW. The higher 
values for distribution lines are due to the fact that these are usually much shorter than 
transmission line, but the distribution grid is much more widespread. 
 
• Different grid investment costs:  around 700 000 $2005/km for transmission lines and 25 

000 $2005/km for distribution lines. 
 
• All non-VRE generation technologies requires both transmission and distribution 
lines, while for VRE technologies we applied some distinctions based on distance from load 
centers. Solar and wind capacity with intermediate or far distance necessitates both 
transmission and distribution since the electricity they produce need to be firstly transmitted 



 

 

to the load centers and then distributed. Besides, for far VRE plants markup is set by 
multiplying the transmission grid requirement by a factor of 4 (assumed as the ratio between 
mean distance of “far” VRE plants and “average” VRE plants), to consider the additional grid 
needed to connect solar and wind plants very far from the load centers, often characterized by 
geo- graphical obstacles and difficulties. On the other hand, solar and wind capacity 
characterized by near distance (<50 km) requires just distribution line because they are close 
to the electricity consumption points and they can also represent VRE capacity at the 
residential level. 
 
• About storage capacity, we assumed that PHES and CAES technologies just require 
transmission lines because they are usually used as centralized electric storage systems 
connected to the high voltage lines. Conversely we assumed that batteries and fuel cells only 
need distribution lines because they are widely thought as distributed electric storage systems. 
 
As a result, we wrote the following equations describing the electric grid. The capital stock 
equation has the same shape as in the pre-existing formulation but now it is differentiated for 
the two grid types (the exponent 5 is related to the WITCH time steps length that is 5 years). 
The following second equation represents the definition of installed transmission grid capacity 
from installed generation and storage capacity, while the following third equation is the 
analogous for distribution grid capacity. In the following last two equations the new 
formulation of the installed capacities K_STOR and K_ FUEL_CELL of electric storage 
technologies (in TW) is introduced. 
 



 

 

Refinement of the Grid Pooling modelling 
 
In introducing a way to represent the concept of grid smartening and pooling (for simplicity, 
in the following it will be referred to as just “pooling”), our objective has not been to represent 
it in a detailed way: we are aware that developing the grid in order to reach a higher integration 
of VRE technologies, by reducing volatility and increasing dispatchability, requires a wide 
set of solutions. Here we aim at explaining how this has been translated into the WITCH 
model. First of all, it should be pointed out that we decided to represent grid pooling as 
additional investments, that are required to upgrade the existing grid or build more 
connections. Therefore, there is not an installed capacity associated to pooling. Because of 
the variegate nature of the actual grid smartening and pooling solutions, in our view, 
representing only its economic values is a good approximation in a model like the WITCH 
one. 
 
This additional amount of investments that need to be performed in order to implement grid 
pooling and integrate VRE into the grid has been considered proportional to the sum of the 
investments I_GRID in transmission and distribution lines. The rationale behind it is that the 
more transmission and distribution lines are built, the more investments will be require to 
smarten and connect them at international level. So, it works as an investments markup. In 
particular, the factor of proportionality is the variable POOLING that is represented by the 
2nd degree positive polynomial curve function of the VRE share before curtailment. Thus, 
the variable POOLING grows quadratically with the VRE share before curtailment (Fig.7 for 
the USA case). In table 3 the values assumed for the different regions in correspondence of 
VRE shares before curtailment equal to 30%, 50% and 100% could be seen. 
 
 

 
Figure 7: POOLING quadratic behaviour as a function of SHARE_EL_VRE_BC for the USA case. 
 
 
Therefore, the investments in pooling are defined as follows: 



 

 

Where POOLING=f(SHARE_EL_VRE_BC(t,n)) and the “pooling requirement” 
coefficient pooling_req has a default value of 1. It has been defined to perform a 
sensitivity analysis on the link between investments in pooling and the overall 
investments in grid. 
 

 
Polynom coefficient 

POOLING 
cajaz china easia india kosau laca mena 

30% 0.042 0.033 0.032 0.046 0.042 0.033 0.010 
50% 0.117 0.093 0.088 0.127 0.117 0.092 0.028 
100% 0.467 0.372 0.353 0.509 0.467 0.369 0.111 
 neweuro oldeuro sasia ssa te usa  
30% 0.029 0.015 0.046 0.014 0.015 0.026  
50% 0.080 0.043 0.127 0.038 0.040 0.071  
100% 0.322 0.171 0.509 0.151 0.162 0.285  

 

Table 3: POOLING values in correspondence of three different VRE share BC for all the WITCH regions. 
 
 

Grid Losses 
 
The lack of a description of thermal losses on electric lines can be considered a 
weakness of the previous formulation of the electric grid, because these losses 
constitute a non- negligible fraction of the electricity generation all around the world 
[11]. Introducing them allows to add the distinction between the electricity generated 
that is the input into the electric grid and the electricity that can actually be 
consumed. 
To understand our modeling choice, it is useful to recall the broader scope of the 
WITCH model, that is to get the overall generation by the energy sector and convert 
it into its economic value, that will enter the utility function together with capital 
and labor. This conversion is done through the energy factor productivity, a 
parameter that translates the TWh of electricity produced into its monetary value 
in $05. Therefore, we decided to represent the grid thermal losses just as a portion 
of the economic value of electricity that is lost. This is done by subtracting the 
portion transm_distrib_loss×Q EL, that is lost on the grid lines, from the calculation 
of the monetary value of electricity Q. 
 
The parameter transm_distrib_loss has distinct values for developed, developing and 
underdeveloped regions and decreases linearly over time. 
 
New Electric Storage Formulation 
 
Our objective, in modeling electric storage in the WITCH model, has been introducing 
a new formulation that allows to represent the general operation of storage, in terms 
of input (charge) and output (discharge) electricity and related losses, due to non- 
unitary round-trip efficiency. However, we are aware that this formulation must include 
some strong assumptions and approximations, due to the impossibility of representing 
the actual charge-discharge cycles and geographical locations of storage 
technologies, because of the high temporal and geographical aggregation of WITCH. 



 

 

Thus, in doing the needed assumptions, we always tried to rely on our engineering 
and technical background, along with solid literature references, in order to guarantee 
the technical consistence of the model formulation and of the consequent results.  
 
More precisely, about our electric storage modeling choices, we decided to model two 
different types of storage with different input sources and uses: 
• Short-Term Storage: it represents the storage technologies used for daily 
shifting of electricity generation to meet peak load, that does not happen in 
coincidence with high VRE production, or to exploit daily differences in electricity 
prices.  In our formulation it can receive electricity input from three different types of 
sources: non-VRE power plants, VRE short-term curtailment and non-curtailed VRE 
generation. 
 
• Seasonal Storage: it stands for the set of technologies used to implement a 
shifting of generation between different seasons. It could be particularly exploited in 
regions where there is a decoupling of high electricity demand and high VRE 
generation among different seasons. In our formulation, it can receive input from just 
one source: VRE seasonal curtailment. 
 
Short-Term Storage 
 
The choices we made in terms of short-term storage technologies to be modeled are presented. In 
particular, we selected Li-ion batteries, adiabatic CAES and PHES for several reasons, among 
which commercial maturity and future perspectives of these technologies. These technologies 
have been introduced in the WITCH model through some characteristic parameters. 
 
As regards the installed capacity, the storage technologies have been considered from both the 
dimensions that characterize storage: the power conversion system and the energy reservoir. 
Accordingly, two different capacities have been defined for short- term storage 
technologies:K_STOR that is the installed power capacity (in TW) and K_STOR_RES that is the 
installed energy capacity (in TWh). For each technology, we considered an investment cost per 
unit of TW installed for the power conversion system and an investment cost per unit of TWh 
installed for the energy reservoir. Thus, the overall investment cost in short-term storage I_STOR 
includes both the investment in power and energy capacities. 
 
Lacking the possibility to model the ratio installed storage TWh/TW as based on optimization of 
charge-discharge cycles (due to temporal and geographical aggregation of the WITCH model), we 
fixed the ratio between installed K_STOR and K_STOR RES of each technology through the 
parameter avg_EtoP_ratio (average energy-to-power ratio). The value chosen for this parameter 
is based on historical data for PHES, while it has been derived from the assumed 
avg_disch_hcycle (average discharging hours per cycle) for CAES and LiB. The following 
equation defines the link between the two installed capacities of storage technologies: 
 
K_STOR_RES(j_stor, t, n) =avg_EtoP_ratio(j_stor)×K_STOR(j_stor, t, n)  
 
Regarding the overall investment cost, it has been derived through the sum of the two distinct 
cost components, for the power and energy capacity of the technology. It has been expressed in 



 

 

terms of installed power by converting the cost in TWh through the avg_EtoP_ratio specific of 
each technology. Moreover, for LiB and CAES, the overall capital cost decreases with growing 
cumulative installed power capacity, through Learning by Doing, and therefore it is a function of 
time. 
 
Consequently, for each short-term storage technology j_stor, a capital stock equation has been 
defined: 

 
 
The short-term storage technologies can receive electricity as input from three different 
sources: non-VRE thermal power plants, VRE short-term curtailment and non- curtailed VRE 
generation. The first two ones can supply a fraction of installed storage capacity called 
K_STOR_CURT, while the latter can supply the second fraction of storage capacity called 
K_STOR_PEAK. Thus, the overall installed capacity of each short-term storage technology 
j_stor and the overall yearly investments in it are defined as follows: 
 
K_STOR(j_stor, t, n) =K_STOR_CURT(j_stor, t, n) +K_STOR_PEAK(j_stor, t, n)  
 
I_STOR(j_stor, t, n) =I STOR CURT(j stor, t, n) +I_STOR_PEAK(j_stor, t, n)  
 
Non-VRE Technologies Input to Storage 
 
All non-VRE plants can feed electricity into short-term storage K_STOR_CURT capacity, 
except for the hydro and CSP. Our research objective was to study the effect of storage 
technologies on VRE integration, so the contribution of non-VRE technologies could have 
represented an interference with what we aimed at observing. Thus, we decided to fix the 
contribution of non-VRE technologies to storage to the initial starting level. For PHES, we 
did so by fixing the share of non-VRE plants generation that feeds PHES to the initial 2015 
value.  While for CAES and LiB, we fixed the upper bound of the input to the initial 2015 
value (the small initial installed capacity of CAES and LiB has been modeled as fed just by 
non-VRE power plants, for simplicity). 
 
Despite the fact we considered the non-VRE power plants contribution just as an interference 
and we decided to apply the above mentioned restrictions, we decided to model their role 
mainly for two reasons: 
 
To define the electricity input to the initial installed capacity of PHES in the years between 
2005 and 2015. We thought that considering the initial PHES capacity just fed by non-VRE 
generation plants represents a conservative and realistic assumption (in the perspective of 
considering the effect of storage on VRE integration) because what happens in the real electric 
systems is that PHES plants usually store electricity when its price is low and this is usually 
related to base- load plants production during hours of low demand, and they resell it when 
price rises. Moreover, also the initial installed capacities of CAES and LiB are considered just 



 

 

to be fed by non-VRE power plants. However, these initial capacities are much smaller than 
the PHES one, so this assumption has a negligible impact on the results. 
 
To allow a possible future study of the potential impact of deploying storage technologies for 
non-VRE power plants, by letting them free to feed their production to storage. 
 
The input electricity to storage from the jel non-VRE technologies Q_EL_STORED has been 
defined by dividing the overall generation Q_EL of the jel technology in a stored and a non-
stored fractions: 
 
Q_ELnon−VRE(jel, t, n) = ∑j_stor Q_EL_STORED(jel, j_stor, t, n) 

+Q_EL_NON_STORED(jel, t, n) 
 
The losses in storage technologies related to non-VRE input are considered by subtracting the 
value of losses from the non-VRE jel technologies overall generation entering in the 
calculation of the monetary value of energy. 
 
Short-Term VRE Curtailment Input to Storage 
 
The energy input to storage technologies from short-term VRE curtailment has been defined 
through the following equation that, instead of the input, involves the output from storage:  
 

This equation is defined for each VRE technology j_vre. Q_OUT_STOR_CURT is the 
output electricity from the single storage technology that derives from short-term VRE 
curtailment. It is divided by the round-trip efficiency of each storage technology ηstor to obtain 
the electricity input. Then, the sum of the inputs in each storage technology from a particular 
VRE technology has to be lower or equal than the short-term curtailed fraction of generation 
of VRE technology. 
 
Finally the following equation links each j_stor technology electricity output with its installed 
capacity K_STOR_CURT. This relationship is ruled by the parameter full_prod_hours that 
stands for the annual full production hours during which the j_stor technology  can produce. 
Using the equal sign, we assume that the storage is always used at its full potential. In our 
view, since there is not the possibility to model the optimization of actual charging-
discharging cycles, this represents a good approximation. In the equation the two sources of 
electricity for the K_STOR_CURT capacity can be seen in terms of electricity outputs: the 
non-VRE stored production Q_EL_STORED, translated into the output from the j_stor 
technology through its round-trip efficiency, and the Q_OUT_STOR_CURT. 
 



 

 

 
Non-Curtailed VRE Generation Input to Storage 
 
 
The development of the model has proceeded step by step. First of all, we implemented the 
input to storage from VREs short-term curtailment and we had a look at the results. Keeping in 
mind that curtailment is a quadratic function of the VRE share BC and that the capacity value 
CV of wind and solar plants decreases with the VRE share BC (Fig. 1), we found out that 
considering just the short-term curtailment as input to storage hinders the installation of VREs. 
This because meeting the firm capacity and flexibility requirements turn out to be the most 
binding constraint in VREs integration in the WITCH model. Nevertheless, the storage 
capacity that can be installed just using as input the short-term curtailment results to be in 
sufficient to balance the need for flexibility and capacity, due to a higher overall generation 
or to a reduction of non-VRE flexible power plants production. 
 
As a consequence, to allow the VREs to exploit more the storage technologies and so foster 
their integration, counterbalancing their low capacity value, we decided to model  a  second  
source  of  electricity  input to storage. This is defined as a fraction of the non-curtailed VREs 
generation going as input to the storage capacity K_STOR_PEAK. An upper bound on the 
exploitable portion is set through the parameter fraction_vre_stored, and the default value we 
chose for this parameter is 20%. The reason for this choice lies in the temporally and spatially 
refined model for the scheduling and operation of a wind farm with storage in a market 
configuration, presented in [12]. This model can also be applied to different regions, VRE 
and storage technologies [12]. The simulations conducted with the model show that, using 
real data from the Norwegian region, about 18% of wind generation is stored and then 
discharged to follow the market scheduling and ensure reliable supply. The figure has then 
been rounded to 20% for simplicity. The limitations of the research from which we derived 
this assumption impose further analyses to understand its impact and its robustness. We 
therefore performed a broad sensitivity analysis on its value to get in- sights on its influence 
on the installation of storage capacity and on VREs generation.  
Because of how the VREs generation is defined in the model (distinction between cur- tailed 
and non-curtailed fractions), in order to define properly this electricity input to storage and its 
contribution to the overall VREs production, entering in the calculation of the monetary value 
of energy, we had to define a proper short-term storage capacity K_STOR_PEAK. The 
following equation defines the link between this storage capacity and the fraction of non-
curtailed VRE generation that could be fed into it. 



 

 

 
 
Seasonal Storage 
 
Seasonal storage can receive electricity input just from one source: seasonal curtailment of VRE 
generation. In particular, it is worth recalling that seasonal curtailment is a quadratic function 
of VRE share BC. 
 
We have modeled seasonal storage with the production and further consumption of hydrogen. 
The reason behind this choice is that hydrogen can be considered a good solution in terms of 
long-term storable and dispatchable energy carrier and because the implemented technologies 
are already in their commercial phase. In particular, hydrogen is produced through a generic 
electrolyzer technology that is fed by the electricity input from seasonal VRE curtailment. 
Then, hydrogen is stored and transported and we considered the economic impact of this 
operations through an overall storage and transport cost per unit of kWh of hydrogen 
produced. Finally, hydrogen represents the fuel input into a generic fuel cell technology 
modeled as a Polymeric Electrolyte Membrane Fuel Cell (PEMFC). 
 
Hydrogen Production 
First of all, the maximum hydrogen production Q_ELH2 in terms of TWh in each time step 
and in each region is defined by the seasonal curtailed fraction of VREs generation reduced 
through the assumed efficiency of the electrolyzer technology. 
 

Q_ELH2(j_vre, t, n)≤Q_EN_Cseasonal(j_vre, t, n)×η electrolyzer 
 
After that, in the following equation the hydrogen production is linked to the installed 
electrolyzer capacity K_ELH2 (in TW). In particular, the hydrogen production has to be lower 
than the product between the electrolyzer installed capacity and an average number of annual 
operating hours, that is directly related to an average number of full production hours 
(avg_CF(j_vre)×yearly_hours) of the single j_vre. In particular, the annual operating hours 
that the electrolyzer can dedicate to the input from a particular j_vre is derived from the average 
number of full production hours of this j_vre multi- plied by the share of the overall VREs 
seasonal curtailment represented by this specific j_vre technology. We are aware that this is an 
approximation, but in our opinion it is a consistent way to define the real annual operating 
hours of the electrolyzer technology and from it derive the installed capacity K_ELH2 through 
the hydrogen production Q_ELH2(j_vre, t, n). The reason behind this modeling choice is that 
the installed electrolyzer capacity should not be derived from its hydrogen production through 
some annual operating hours defined a priori. On the contrary, the electrolyzer can work just 
in the hours when there is available electricity from VREs seasonal curtailment. 
 
The last equation is the capital stock equation that links installed capacity and investments for 



 

 

the electrolyzer technology: 

Fuel Cells Capacity and Generation 
 
 
The first equation modeling the fuel cell technology links its electricity generation 
Q_FUEL_CELL to the available amount of exploitable energy in terms of TWh of hydrogen 
Q_ELH2 through the efficiency of the fuel cell. 
 

Q FUEL CELL(j_vre, t, n) =Q_ELH2(j_vre, t, n)×η fuel cell 
 
The second equation expresses the relationship between the fuel cell technology annual 
generation Q_FUEL_CELL and its installed capacity K_FUEL_CELL in TW, through the 
parameter full_prod_hoursfuel_cell indicating the annual full production hours that characterize 
fuel cell technology operation. 
 

Q FUEL CELL(j_vre, t, n)≤K_FUEL_CELL(t, n)×full_prod_hoursfuel_cell 
 
Finally, the last equation is the capital stock equation for the fuel cell technology in the usual 
form. 
K_FUEL_CELL(t+1, n) =K_FUEL_CELL(t, n)×(1−δ_fuel_cell)5 

+ 5× I_FUEL_CELL(t, n)/INV_COST_FUEL_CELL 
 
 
Effect of New Formulation on Pre-Existing Equations 
 
The effects of the new formulation of electric storage is particularly visible on three pre-
existing equations in WITCH: 
 
• The definition of VREs generation Q_EL after considering curtailment 
 
• The capacity constraint equation 
 
• The flexibility constraint equation 
 
 
Definition of VREs Generation After Curtailment 
The VREs generation after considering curtailment, Q_EL, is the one that enters in the 
calculation of the monetary value of energy, to consider its effect on the utility function. Thus, 
the positive effect of the additional contributions of short-term and seasonal curtailment 
fractions that are stored and then produced have to be taken into consideration. Along with 
the negative effect of the losses related to the non- curtailed portion of VRE generation that 
is stored. The resulting equation has the following aspect (defined ∀ j_vre technology): 



 

 

 
Capacity Constraint Equation 
 
The new formulation of the capacity constraint equation presents differences in the definition 
of termes referring to capacities of storage technologies. First of all, there is the contribution 
of installed capacity of every short-term storage technology K_STOR, each multiplied by its 
capacity coefficient CC stor(j_stor) (1 for PHES and CAES, 0.8 for LiB). Then, the component 
related to the installed fuel cell technology capacity K_FUEL_CELL is visible with a 
capacity coefficient CCfuel_cell of 1. Again, the positive contributions of generation plants and 
storage technologies have to be greater or equal than the product of firm requirement and 
annual average load for each time step and region. 

 
Where: 

 
The LOSS is subtracted from the overall electricity generation Q_EL_TOT(t, n) to consider 
the losses in storage related to input from non-VRE technologies. 
 
Flexibility Constraint Equation 
The flexibility equation is the one that presents the addition of the highest number of terms. 
Firstly, we can focus on the first term between square brackets, that is multiplied by FC_VRE. 
Here, the overall generation of a single VRE technology after considering curtailment Q_EL 
has to be reduced by the fractions that are actually produced by short-term storage 
technologies, the first and second term, and by fuel cell technology, the third one. This 
because in the calculation of the Q_EL of the j_vre technology, these terms were included to 
have the right value entering the calculation of the monetary value of energy. 



 

 

Then, the second term between square brackets, that is all multiplied by FC stor represents the 
contribution of short-term storage technologies. For each short-term storage technology j_ stor, 
all the three storage outputs (each one related to a different input source) are multiplied by the 
proper flexibility coefficient FC stor (0.75 for PHES and CAES, 1 for LiB). The last new term  
is the one related to the fuel cell technology: its annual generation multiplied by a flexibility 
coefficient FC fuel_cell equal to 0.9. Finally, the term related to the flexibility requirement of 
load appears. 



 

 

Results and robustness analysis 

 
In this chapter the results of our analysis will be presented. Firstly, a policy analysis is carried 
out to see the role of VREs together with the one of electric storage and grid in different 
climate change mitigation policies. In particular, some scenarios with a significant push 
towards VREs installation are assessed to study the impact of electric storage and grid in this 
sense. Then, a comparison of WITCH results with the old editions of the model is performed 
to understand better the effect of our new formulation on the WITCH model itself. After that, 
a deeper look at the impact of storage and grid modeling on VRE system integration is taken. 
Then, several sensitivity analyses are carried out to identify the main parameters that drive 
the installation of storage and grid. Finally, a comparison of the WITCH results with the ones 
of other IAMs and other more detailed models is presented. 
 
Policy analysis 
In this chapter, we present the results of model runs with the new features discussed p, under 
different climate policy assumptions. These results should not be seen as an attempt to predict 
accurately transformations and configurations of future energy systems. As a matter of fact, 
they come from an optimization process, whose outcome is the welfare-maximizing 
organization of the energy sector, influenced by the external economic stimuli we select in the 
form of policy scenarios. Therefore, they should be rather seen as an economically-optimal 
scenario that can be used to inform policy-makers on how to allocate resources and stimulate 
the diffusion of low-carbon energy technologies if emission targets are to be met. 
 
As regards the climate policies represented in the results, we investigate three scenarios: 
• Business as usual (BAU): no effort is put in place to mitigate climate change, so no 
carbon mitigation policy is implemented. 
• Carbon Tax (CTAX): there is a global effort to mitigate climate change, yet there is 
no precise target about the maximum end-of-the-century temperature increase allowed. A 
carbon tax on CO2 emissions is established, starting in 2020 from 30$/tCO2 and growing 
as shown in figure 8 reaching a value of around 460$/tonCO2 in 2100.





 

 

 
 

 
 
Figure 8: Carbon tax and carbon tax for 2 degrees: growth in time. 
 
• Carbon Tax for meeting the 2 degrees objective (CTAX2DEG): not only is a global price 
on emissions set, but it is also designed (see fig. 8) to limit the temperature increase with respect 
to pre-industrial era to 2°C by the end of the 21st century. This is the minimum objective set 
by the Paris Agreement, even though the aim is staying “well below” this threshold, keeping 
temperature increase as close as possible to 1.5°C [13]. 
 
Policy impact on Electricity Generation 
 
As we can see in figure 9, representing global electricity generation over time by technology 
class, the policy scenario adopted has a strong impact on the global energy mix. For  the sake 
of clarity,  this graph represents VRE electricity supply after it has been stored,  so a fraction 
of the VRE generation (both the curtailed part that is recovered via storage and the non-
curtailed part that is stored at moments of low demand) has been lost due to the non-unitary 
storage efficiency. 
Electricity generation technologies have been grouped into seven macro categories or classes, 
described in table 4. 
As regards the total electricity generation, it is similar among the three different policy 
scenarios. In particular, it is a bit higher in the CTAX2DEG and a bit lower in the CTAX with 
respect to the BAU scenario. 
Considering the BAU scenario, the first observation is that energy production increases in 
time, approximately a five-fold increase between 2015 and 2100. Fossil fuels plus nuclear 
power plants represent the majority of electricity production throughout the century, even 
though their weight in the overall mix gradually decreases in time (from 62% in 2015 to 54.1% 
in 2050 and 53.1% in 2100). VRE generation represents a non- negligible share of total 
generation, growing in time from 9.5% in 2020 to 18.5% in 2050 and 24% in 2100. 



 

 

Table 4: Generation technologies included in each macro category. 

 

Figure 9: Electricity generation (after storage) by technology type in BAU, CTAX and CTAX2DEG policy scenarios.



 

 

The CTAX scenario witnesses a progressive phase-out of coal and gas power plants from 2020 
on, and they end up representing just 5.5% of the energy mix already in 2050 being replaced 
by CCS plants, that become the dominant technology (40% in 2050 and approximately 
constant share until the end of the century). VRE technologies grow more rapidly than in BAU 
(25% in 2050) and represent more than one third of total generation by the end of the century 
(37% approximately). 
Finally, the CTAX2DEG scenario boosts both VREs and CCS with a faster carbon tax growth, 
accelerating the phase-out of fossil-based plants (4.2% in 2050 and less than 1% in 2080) and 
favouring VREs over CCS throughout the century, reversing the trend seen in the CTAX 
scenario: VRE represent 29.1% of total generation versus 37.8% for CCS in 2050, while the 
situation is inverted in 2100, with a significant 51.0% of wind and PV plants (after curtailment 
and storage losses) versus 29.8% for CCS. 
As regards local VRE generation, figure 10 shows VRE production in all the 13 regions 
modeled by WITCH at the end of the 21st century: the regions with higher VRE generation 
are china, mena, oldeuro, usa and india, and it is shown how this is related to storage 
technology diffusion. 
 
 

 
Figure 10: Regional electricity generation by technology type in BAU, CTAX and CTAX2DEG policy scenarios in 2100. 
 
 
Policy impact on Grid and Storage 
 
This Subsection investigates how the above mentioned climate policies impact on investments 
in electric grid and electricity storage capacity. Grid investments are affected



 

 

by the different policy scenarios, that in turn influence the electricity mix and the corresponding 
need for investments in transmission and distribution lines, plus grid pooling. Figure 11 shows 
yearly grid investments (in T$/year ), distinguished by type for BAU, CTAX and 
CTAX2DEG scenarios. 
The two main trends that stand out observing the graph are: 1) grid investments in- crease in 
time in all the scenarios and they double (BAU and CTAX) or even treble (CTAX2DEG) from 
2015 to 2100; 2) grid investment change remarkably across scenarios, and increase with 
increasing value of carbon tax. More precisely, investments in transmission grid decrease from 
BAU to CTAX and CTAX2DEG, while investments in distribution grid and pooling behave 
the other way around, with a remarkable growth for pooling investments, going from 4.8 

bln$/year in CTAX to 17,3 bln$/year in CTAX2DEG for the period 2095-2100, reflecting the 
VRE share increase from the former scenario to the latter (36% vs 51% in 2100). 
The increase in distribution grid investments with respect to the CTAX case and the stagnation 
of transmission grid investments indicate that most of the installed VRE capacity in the 
CTAX2DEG policy scenario is of the near type, as it does not require transmission grid 
investments but only distribution, so it is clearly favored by this modeling choice.  
 
 

 
Figure 11: Yearly investments in grid and pooling [T$/year] in BAU, CTAX and CTAX2DEG policy scenarios. 
 

 
 

On the other hand, since the unitary cost per km of transmission lines is much higher, though 
the investments are of comparable orders of magnitude, the installed capacity in kilometers is 
strongly unbalanced. Figure 12 shows that the global length of distribution lines is larger than 
that of transmission by a factor of 33 for BAU (7.9 million km of transmission versus 263 
million km for distribution in 2100) up to a factor of 60 for CTAX2DEG (6.98 million 
km versus 422.3 million km in 2100).  These shares are in line with data from the European  



 

 

 

 
Figure 12: Installed grid length [km] for transmission and distribution grid in BAU, CTAX and CTAX2DEG policy scenarios. 
 
Union, indicating that today transmission lines represent 3% of the total power line distance 
[14], exactly the same value found for global installed grid length in 2100 for the BAU 
scenario: a 97/3 ratio in favour of distribution lines.  This figure is reduced to 2.3% in the 
CTAX scenario and to 1.7% in CTAX2DEG, but these seem reasonable values for two main 
reasons: first, Europe is a developed region and presents abundant interconnections between 
the different countries, this means the transmission line (requiring long-term investments and 
international coordination for management) is more developed there than in most developing 
countries, so the 97/3 ratio is probably an overestimation of the global average. Second, the 
diffusion of VRE technologies and decentralized generation may require more distribution 
lines and less transmission, especially if decentralized technologies such as residential PV will 
be predominant. This will further drive down the above mentioned 97/3 ratio. Moreover, IEA 
indicates that global transmission and distribution length will grow up to 93 million km in 2035 
[14], and WITCH indicates 93.2 (BAU), 91.7 (CTAX) and 92.2 km (CTAX2DEG), which 
seems a very good approximation. 
 
Moving to storage analysis, figure 13 shows the evolution in time of short-term storage installed 
energy capacity, divided by technology and subject to the three different pol- icy scenarios. 
The first thing to observe is that storage capacity grows with increasing carbon tax and with 
the share of VRE generation. If before 2050 the capacity share of PHES and CAES dominates, 
batteries become widespread in the three scenarios after 2050, reaching PHES capacity in 
CTAX scenario, overtaking PHES and almost reaching CAES in CTAX2DEG. In presence of 
a carbon tax, CAES is the most in- stalled technology in 2100 (10.7 TWh in CTAX, 14.3 
TWh in CTAX2DEG ), followed 



 

 

 
 
Figure 13: Global short-term storage installed energy capacity [TWh] by technology type in BAU, CTAX and 
CTAX2DEG policy scenarios in 2100. 
 
 
by batteries (6.9 TWh in CTAX,  13.8  TWh  in  CTAX2DEG)  and  PHES  (6.0  TWh in 
CTAX, 4.9 TWh in CTAX2DEG) that is a more interesting option in BAU and progressively 
loses share when carbon tax increases. This trends depend on two main reasons: first, while 
Batteries and CAES are subject to learning-by-doing , that allows a cost decrease with 
increasing installed capacity, PHES is considered already a mature technology and cannot 
experience cost decrease: this may undermine its competitiveness with respect to other storage 
technologies in the long run. Second, PHES capacity expansion is constrained by traditional 
hydro, which has in turn strict exogenous limitations on its growth, i.e. imposed a priori in 
the model, and this is found to be binding for some regions. 
The picture radically changes if we look at installed power capacity [TW] (figure 14): batteries 
represent by far the majority of the storage mix in all scenarios (around 7.2 TW in 2100 for 
CTAX2DEG policy), followed by  CAES (1.8 TW) and PHES (0.5  TW). This is due to the 
fact that batteries have a much lower  energy-to-power ratio (2 hours), versus 7.8 hours for 
CAES and 9.8 hours for PHES), so, according to our modeling , batteries require a much 
larger installed power capacity compared to the other technologies if they are to store the 
same amount of energy. 
Global yearly investments in short-term storage experience a considerable growth in time, 
particularly in presence of a carbon tax: in the 2°C scenario, they raise from 14.4 billion$in 
2020 to 57.1 bln$in 2050, up to 203 bln$at the end of the century: the latter value has the same 
investments in transmission plus grid smartening and pooling. 
As regards seasonal storage, that is to say electrolysers and fuel cells, the installed capacity of 
the latter is much lower than the short-term technologies, reaching, in 2100, 



 

 

 
 
Figure 14: Global storage installed power capacity [TW] by technology type in BAU, CTAX and CTAX2DEG policy scenarios. 
 
 
49 GW with CTAX policy and almost 127 GW with CTAX2DEG, while the installed capacity 
is negligible in the BAU scenario (see figure 15). This is due,first, to the fact that hydrogen 
production from VRE can exploit just the seasonal curtailment, while short-term storage can 
be charged also by a fraction of non-curtailed VRE generation . Second, hydrogen production 
requires investments in two devices, electrolyser and fuel cell, and this may economically 
penalize seasonal storage with respect to short-term one. 
 

 
Figure 15 Global fuel cells installed capacity [TW] in CTAX and CTAX2DEG policy scenarios. 
 

To understand the rationale behind low fuel cell installed capacity, it is useful to examinate 
the destination of short-term and seasonal curtailment, i.e. the proportion between the amount 
of curtailed VRE output that is stored and converted into useful energy and the amount that is 
just wasted and is not injected into the grid. Figure 16 shows the total amount of seasonal and 
short-term curtailment available in the three scenarios and depicts in blue the amount actually 
stored, while in red the wasted fraction. This graph underlines two important facts:first, 
seasonal curtailment is always lower than short-term curtailment at same VRE share, and this 
limits the diffusion of hydrogen storage with respect to other short-term storage options. 



 

 

 
 
Figure 16: Seasonal and short-term curtailment destination in time for BAU, CTAX and CTAX2DEG policy scenarios. Stored 
curtailment in blue, wasted curtailment in red. 
 
Second, if short-term curtailment is totally stored and converted into useful electric energy, on 
the opposite seasonal curtailment is never stored before 2050, while after 2050 just a fraction 
of it (approximately half) is converted into hydrogen only in CTAX and CTAX2DEG 
scenarios. This means that the most significant obstacle to diffusion of hydrogen storage is its 
high investment costs and not the limits to the storable resource. Moreover, modeling an energy 
input to hydrogen storage from non-curtailed VRE production would be useless, because if 
seasonal storage does not manage to saturate all the available curtailment, which comes “for 
free” as energy that would be otherwise wasted, for sure it will not store VRE generation, as 
this would also bring about an energy loss due to non-unitary efficiency of electrolysers and 
fuel cells. 
 
Finally, observing regional storage installed capacity is instrumental in capturing the 
dynamics that regulate choice among different storage technologies and increase of installed 
capacity with VRE share. Figure 17 shows regional installed energy capacity of short-term 
storage in 2100, divided by technology type. It has to be compared with figure 10, showing 
regional generation mix: regions with higher VRE shares in their energy mix also show large 
storage capacity, they are china, mena, oldeuro, usa and india. The only exception is 
represented by laca, taking advantage of its high hydro potential to install a considerable 
amount of PHES, the highest amount all over the world. 
As regards the share of single short-term storage technologies, it is visible that, among the 
regions with the highest storage capacity, oldeuro and usa install more batteries in the 
CTAX2DEG scenario, china is more balanced between CAES and batteries, while mena 
prefers CAES. 



 

 

The reason probably lies in the amount of firm capacity available in the three regions, and in 
the respective capacity factors of batteries (0.8) and CAES (1). Looking at figure 10, we can 
see that while china and usa feature considerable amounts of firm capacity (namely CCS and 
hydro for china, CCS and nuclear for usa), in mena just a small share of traditional biomass 
and CSP is present, while the rest of the demand is satisfied by VRE generation. This latter 
are strongly penalized in the capacity constraint equation, so their presence requires capacity 
backup: this is guaranteed by the installation of large amounts of CAES, which has a higher 
capacity factor and therefore can contribute more effectively to meeting this requirement. 
Moreover, the higher share of batteries in oldeuro and usa is due to the fact that these two 
regions have lower VRE shares (around 70%) in 2100 with respect to china (80%) and mena 
(94%), hence higher non-VRE firm capacity, and can avoid high shares of CAES for the above 
explained reasons. 
 

 
Figure 17: Regional storage installed energy capacity by technology type in BAU, CTAX and CTAX2DEG policy scenarios in 
2100. 
 
 

Policy impact on GHG Emissions and Economy 
 
Introducing a price for carbon dioxide emissions entails not only a shift in the electricity mix, 
but also a significant reduction in GHG emissions if the price is high enough. It is indeed 
interesting to look at global GHG emissions in CO 2-equivalent per year across the three 
different scenarios, in figure 18. While in BAU scenario emissions peak just around 2085, 
when growing prices for fossil fuels make investing in renewables a competitive option, in 
CTAX and CTAX2DEG emissions decrease already in 2020 and the decrease proceeds at 
different rates, depending on the value of the carbon tax: the more stringent the tax, the faster 
the emission decrease. The 2°C scenarios, in particular, imposes zero global GHG emissions 
by the end of the century. 



 

 

 

 
Figure 18: Global equivalentCO 2 emissions [Gton] in BAU, CTAX and CTAX2DEG policy scenarios. 
 
Assessing the cost of climate policies is a non-trivial task, and a metric often used to do so is 
the undiscounted Gross Domestic Product (GDP) loss with respect to the BAU scenario, taken 
as a reference. As visible in figure 19, CTAX policy entails an undiscounted GDP loss of about 
4 percentage points by the end of the century, while CTAX2DEG impact on economic growth 
is more than double, at 9.8 percentage point by the end of the century. 
 

 
Figure 19: Undiscounted GDP loss with respect to BAU scenario for CTAX and CTAX2DEG policies. 
 
 
 

Policy impact and technology substitution: towards 100% renewable scenarios 
 
The scope of this part is understanding how the model behaves when very high shares of VRE 
generation are reached (above 60%) and 100% renewable electricity scenarios are 
approached. The attention will be focused, in particular, on grid investments and storage 
installed capacity, as they are the object of our modeling work. 
Global VRE generation share (after storage and curtailment) does not go beyond 51%, even 
in presence of a high carbon tax, since the model considers other low carbon technologies 
such as nuclear, hydro and above all CCS more convenient to cover the remaining share (see 
fig.9). The solution to overcome this barrier and reach high VRE shares is forcing the model 
not to install any CCS and nuclear after 2015, depicting a “Technology substitution” scenario 



 

 

in which these two technologies, for a number of reasons (related to profitability, safety or 
public opinion issues), are disregarded all over the world and receive no further investments. 
Figure 20 represents the new electricity mix under the same policy conditions presented at the 
beginning of the chapter, named CTAX-NOCCS and CTAX2DEG_NOCCS to distinguish 
them from the case where investments can also benefit nuclear and CCS technologies (CTAX 
and CTAX2DEG). As visible, the lack of other low carbon technological options redirects 
investments towards wind and solar, that together account respectively for 63.0% 
(CTAX_NOCCS) and 83.5% (CTAX2DEG_NOCCS) of total electricity supply after storage 
in 2100. This demonstrates that the model can achieve very high shares of VRE in the 
electricity mix when adequately stimulated from the economical and technological point of 
view. Moreover, gas is never completely phased-out in the CTAX_NOCCS scenario and 
represents the only relevant fossil-based technology after 2060, with hydro and other 
renewables completing the picture. 
 
The CTAX2DEG_NOCCS scenario, instead, entails just a very small share of gas generation 
after 2060, as it is replaced by wind and solar. Nuclear plants represent a small share (around 
2%, decreasing in time) even when no further investments are allowed, because of their non-
negligible initial installed capacity and their long lifetime, that entails a very slow depreciation 
of their capital4. Most importantly, it is shown that a practically 100% renewables scenario 
can be achieved in CTAX2DEG_NOCCS. 
These changes in the electricity mix deeply affect investments in grid, as visible in figure 21: 
if no major changes are noticeable in the CTAX scenario, in the 2°C scenario overall 
investments increase if no new nuclear and CCS are allowed, especially because both pooling 
and distribution are linked to the amount of installed VRE capacity, that increases 
considerably with respect to the case without nuclear and CCS. 
 
To understand why also transmission investments grow, it is necessary to compare also the 
installed energy capacity of short term storage (figure 22). It can be noticed that, while in 
CTAX just a small additional investment in batteries (to the detriment of PHES) in necessary 
to accommodate the larger share of renewables in absence of CCS and nuclear, in the 
CTAX2DEG scenario CAES is subject to massive investments and its installed capacity 
witnesses almost a four-fold increase (from 14 to 52 TWh) in the Technological Substitution 
case. This in mainly due to the fact that VRE technologies, especially when their share is high, 
are not able to provide firm capacity and require some other technology, with high capacity 
coefficient, to cover peak demand. The model finds installing CAES capacity as the most 
convenient option, as it has the highest capacity coefficient together with 



 

 

 
 
Figure 20: Electricity generation (after storage) by technology type in CTAX and CTAX2DEG policy scenarios, with and without 
the possibility to invest in nuclear and CCS. 
 

 
Figure 21: Investments in electric grid divided by type in CTAX and CTAX2DEG policy scenarios, with and without the 
possibility to invest in nuclear and CCS. 
 
 
 

PHES (both 1) and its cost is subject to learning: the more it is installed, the more it becomes 
economically attractive. 



 

 

 
 

 
 
Figure 22: Short-term storage technologies installed capacities in CTAX and CTAX2DEG policy scenarios, without the possibility 
to invest in nuclear and CCS. 
 
Since CAES capacity requires investments in transmission grid, an increase in them is 
noticeable with respect to the base CTAX2DEG case. Moreover, it is shown that storage, with 
the ability of satisfying the peak demand (high capacity coefficient), is pivotal for achieving 
a 100% renewable scenario as CTAX2DEG_NOCCS. Finally, it is interesting to observe the 
economic impact of installing large shares of VRE technologies instead of CCS and nuclear 
plants.  To do this, we compute the GDP loss of the two  “Technological substitution” 
scenarios with respect to the BAU  scenario  of the base case. The undiscounted GDP loss 
for the CTAX_NOCCS is around 4.9 
 
 

 
Figure 23: Undiscounted GDP loss of CTAX NOCCS and CTAX2DEG NOCCS scenarios with respect to BAU of the base case.



 

 

percentage points, almost one point more than the base CTAX, while a much larger difference 
arise with the 2°C target: 16% undiscounted GDP loss, 6 points more than the corresponding 
base case. This indicated that, at same temperature increase target, achieving the target with a 
100% renewable scenario has a more negative impact on global economic growth than doing 
it also with other non-renewable options, such as CCS and nuclear technologies. 
 
Impact of Storage and Grid modeling on VRE System Integration 
 
Impact of Storage presence 
 
To start, it is worth having a look at the general impact that the presence of storage have on 
the VREs deployment. In Fig. 24 it can be seen the electricity generation mix in 2030, 2050 
and 2100 for the CTAX and CTAX2DEG scenario with and without the possibility of 
installing storage. It is clearly visible that, without the installation of storage capacity, it is not 
possible to reach high shares of VRE generation in 2100. In fact, while with the possibility of 
installing the storage world VRE shares (after curtailment) of 37% and 51% are respectively 
reached in the CTAX and in the CTAX2DEG scenarios, in the case without the storage the 
role of VREs is strongly affected (19% in CTAX and 20% in CTAX2DEG shares). In 
particular, as it is better highlighted in Figure 25, in the scenarios without the installation of 
storage, world VRE shares just below the 20% are reached in 2100. Moreover, it is evident 
that, even with an higher carbon tax (CTAX2DEG) to meet the stricter climate action 
objective, the deployment of VREs does not increase sensibly. This makes clear that, even 
with a stronger economic stimulus towards carbon free technologies, without storage, a higher 
VRE share cannot be achieved. Going back to Fig. 24, an other interesting aspect that can be 
noticed is that, in the case without storage, in the CTAX scenario the VRE generation 
reduction is counterbalanced by an increment of the shares of other technologies (CCS and 
other renewables). On the other hand, in the CTAX2DEG scenario this increase  is not enough 
to offset the decrease of VRE production and a significant decrease of the overall generation 
takes place. In particular, in the case without storage, in 2100 the world VRE generation 
decreases by 19% from 106’000 TWh to 86’000 TWh. This has an effect on the economic 
output since, as it is shown in Figure 26, the world GDP losses associated to the two different 
carbon tax growth paths are bigger in the case without storage, especially in the CTAX2DEG 
scenario. More specifically, in this latter scenario the world undiscounted GDP losses in 2100 
increase from 9.8% in the case with storage to 10.4% in the one without storage. This 0.6% 
increment represents an additional world undiscounted GDP loss of around 1.8 T$with respect 
to the BAU scenario. 
 
Impact on VRE and Electricity LCOE 
 
In this section, the effect of the storage and pooling-related VRE integration costs are 
evaluated in terms of Levelized Cost of Electricity (LCOE). In figures 27 and 28 the PV and 
Wind Onshore LCOE trend over time can be seen for the CTAX2DEG 
 



 

 

 
 
Figure 24: Comparison of the electricity generation mix in some relevant years between the cases with and without storage 
technologies in the model. 
 
 

 

Figure 25 Comparison of the world VRE share (after curtailment) over the years between the cases with and without storage 
technologies in the model. 
 
 
 

scenario. The results for two WITCH regions (oldeuro and usa) are shown. The first curve 
(only-VRE) represents the LCOE evaluated according to the usual definition, taking into 
account all the technology related costs (capital and O&M in the case of VREs). It decreases 
over time thanks to the reduction of the capital costs of the technologies via learning effect. 
The second curve (w/ Storage and Pooling) includes the contribution of the investments in 
storage technologies and grid pooling. These costs have been allocated to the MWh produced 
by the VRE assuming that they are incurred to integrate VREs. The costs are attributed to the 
different VREs based on the single VREs shares. The storage technologies capital costs have 
been depreciated through the depreciation rate deriving from their specific lifetime. On the 
other hand, investments in pooling, that are not  
 

associated to a capital stock that depreciates in time, have been discounted together with VREs 
capital costs. Moreover, also storage O&M have been considered as incurred annually. In 
figures 27 and 28 the effect of these additional costs can be seen. In particular, for oldeuro 
both PV and wind onshore LCOE increments vary between 1 $/MWh in 2050 and 3$/MWh 
in 2100. Before 2050 the increment is lower than 1 $/MWh. With respect to the only-VRE 



 

 

value this means an increment of 1.5% in 2050 and 7% in 2100 for the PV. Whereas the wind 
plants experience a larger percentage increase: 4% in 2050 and 17% in 2100. For usa the 
percentage increments are similar for PV and a bit lower for wind plants (2% in 2050 and 
14% in 2100). 
 

 
 
Figure 26: Comparison of the world undiscounted GDP losses in the CTAX and CTAX2DEG scenarios (with respect to the BAU 
scenario) between the cases with and without storage technologies in the model. 
 
 
The third curve (w/ System Integration Constraints) represents the value assumed by the VREs 
LCOE if also the shadow costs related to the flexibility and capacity constraint equations are 
taken into account. These shadow costs are derived from the “marginal” values of the two 
equations, defined as the the variation that the objective value would experience in 
correspondence of a unitary variation of the constraint. Since these two equations are binding 
the optimal solution, they entail a limitation  of the objective function. Since the VRE 
technologies provide a negative (flexibility coefficient) or limited (capacity value) 
contribution to these equations, a corresponding cost can be associated to their penetration in 
the electricity mix: this cost should be intended as the consequence of additional flexibility 
and firm capacity requirement introduced by VRE diffusion. The definition of the new LCOE, 
including these integration cost components, comes from previous work made on the WITCH 
model [8]. In particular, the LCOE contributions from the flexibility and the capacity 
constraints are computed as the ratio between the marginal of the constraint equation and the 
marginal of the final good consumption equation. The ratio is then multiplied by the relevant 
flexibility coefficient for the flexibility constraint. Whereas, it is multiplied by the 
complementary of the relevant capacity value and divided by the yearly hours (in order to 
obtain values in dollars per watt-hour) for the capacity constraint. From the two figures, it can 
be noticed that the effect of these contributions is strong and, especially, after 2060 it grows 
steeply doubling the value of the LCOE with respect to the two previous formulations. In 
particular, for oldeuro the percentage increment with respect to the only-VRE case is 20% in 
2050 and 120% in 2100 for the PV. While for the wind plants it is 45% in 2050 and almost 
300% in 2100. This means that the integration of VREs has a significant effect in terms of 
stress put on the energy system. 



 

 

 

Figure 27: PV LCOE [$/MWh] trend in CTAX2DEG scenario in oldeuro and usa regions. Three different definitions: “only VRE” 
includes only the technology related costs, “w/ Storage and Pooling” involves the addition of the costs related to storage 
technologies and grid pooling, “w/ System Integration Constraints” takes into account also the effect of the shadow cost of the 
constraint equations. 
 
 

 

Figure 28: Wind Onshore LCOE [$/MWh] trend in CTAX2DEG scenario in oldeuro and usa regions. Three different definitions: 
“only VRE” includes only the technology related costs, “w/ Storage and Pooling” involves the addition of the costs related to 
storage technologies and grid pooling, “w/ System Integration Constraints” takes into account also the effect of the shadow cost 
of the constraint equations. 
 

Interdependence of electricity storage and grid 
 
Existing studies that aim at establishing the cost-optimal configuration of electric power systems 
to achieve low carbon scenarios give contradictory indications about the interdependence 
between electricity storage and grid [15], [16]. Some claim that the two complement each 
other, meaning that the installation of a unit of storage requires also an addition of grid 
capacity. Others present them as substitutes, meaning that installing storage reduces to some 
extent the need for further grid, and vice versa. Many of the phenomena that literature 
identifies as key drivers of the two behaviours [15] are either indirectly represented in WITCH 
(correlation between load and VRE generation, via RLDC) or not represented at all (frequency 
and timing of transmission congestion, exact location of storage).  
Nevertheless, this analysis aims at identifying, if any, signals of interdependence be- tween 
these two components of the power system, which may be of interest in view of further 
studies. Figure 29 represents investments in electric grid (by grid type) and short-term stor- 
age technologies in the three main policy scenarios (BAU, CTAX, CTAX2DEG). They are 
not in the same scale, as investments in storage are approximately one order of magnitude 



 

 

lower than grid investments. It has therefore been necessary to multiply the former by 10 to 
visualize all the investments on the same graph. As a consequence, the sum of the investments 
shown in the bar plot does not have an economic sense. The purpose of the figure is instead 
identifying growth trends in investments and correlations among them. In particular, the BAU 
scenario shows no correlation between grid and storage investments, whereas in CTAX and, 
more clearly, in CTAX2DEG distribution and overall storage investments grow together. This 
suggests the existence of a complementarity between the two. Further analyses on installed 
capacities (here not reported for lack of space), both at world and regional level, highlight that 
a positive correlation between battery plus CAES installation and distribution grid does exist, 
while no relations with transmission have been found. 
 

Figure 29: Global investments in transmission and distribution grid and short-term storage technologies (the latter multiplied by 
10). 
 
 
 

Impact of flexibility and firm capacity constraints 
 
This section aims at understanding if flexibility and capacity constraints actually have an 
impact on the model solution and, if yes, its variation over time. A useful instrument to evaluate 
the impact of a constraint in a constrained optimization problem, like the one represented in 
WITCH, is the “marginal” value of that constraint. This is defined as the rate of change of the 
constrained optimum with respect to the constraint (and mathematically equal to the derivative 
of the objective function with respect to the constraint, evaluated in the optimum point). This 
quantity describes how the optimal value increases or decreases due to a one-unit change in 
the constraint: if the “marginal” value is zero, it means the constraint is not influencing the 
optimal solution, it is not binding. 
Considering the “marginal” values of flexibility and capacity constraints (not shown here for 
a matter of space availability), some interesting trends emerge. As regards BAU, initially 
capacity constraint is very binding in all regions, but its “marginal” value decreases in time 
(even though it is always not null until 2100). The flexibility constraint is instead either very 
low and decreasing in time or non-binding. 
Concerning CTAX, similar trends are observed. The main differences are slightly lower 
marginals for the capacity constraint, which goes to zero after the first half of the century in 
many regions, and much higher values for flexibility marginals, meaning this constraint is 



 

 

more relevant, even if decreasing in time. 
Finally, as regards CTAX2DEG, the observed marginals for capacity constraints are very 
similar to those in CTAX scenario, but more regions show null marginals towards the end of 
the century. On the contrary, the flexibility constraint becomes more stringent than in 
CTAX2DEG and, interestingly, its marginals increase in time, with the highest values reached 
in 2100. To sum up, the capacity constraint always decreases in time (most likely because also 
the firm requirement does the same). Moreover, increasing the carbon tax progressively raises 
the importance of the flexibility requirement, to the point that in the 2°C scenario its influence 
on the objective function increases in time. 
 
Sensitivity analyses 
 
In this session we investigate the impact on the results of some important parameters, 
describing cost and performance of grid and storage technologies. This is aimed, on the one 
hand, at checking the robustness of the assumptions made in this study, where the choice of 
parameters is presented and motivated. On the other hand, at identifying the parameters whose 
variation is pivotal for the development and the diffusion of some technologies, especially as 
regards electricity storage. 
The last part of this section is devoted to a sensitivity analysis on the amount of VRE non-
curtailed production that can be stored by short-term storage technologies, as this constitutes 
the fundamental assumptions behind the diffusion of storage and VRE sources. 
 
Sensitivity on Grid parameters 
 
The parameters chosen for this sensitivity analysis are: grid cost [T$/km] (both trans- mission 
and distribution), grid requirement [km/TW] (both transmission and distribution) and pooling 
investments. What is interesting to evaluate is their impact on average yearly investments in 
grid (transmission, distribution and pooling) in the 2015-2100 period. The goal is to 
understand how much the existing assumptions affect the results and the effect of their 
potential inaccuracy. Table 5 shows the values used in the sensitivity and the way to visualize 
them in  the graph. Figure 30 shows the results of the analysis. The results show that the impact 
of grid cost and grid requirement on average grid investments is much higher than that of 
pooling requirement: changing the first two by plus or minus 25% entails an increase/decrease 
of investments of 20−23%, while a ±25% in pooling investment requirement affect global 
investments by just 1%. However, in the case of the sensitivity on the grid cost these 
lower/higher average investments are not reflected in a significant change in the installed grid 
capacity: variations are lower than 3%. On the other hand, in the case of the sensitivity on the 
grid requirement the different average investments lead to a variation in the installed grid 
capacity. But this percentage variation is very close to the 25% of the grid requirement 
parameter (grid capacity increases/decreases by around 22%). Thus, we can conclude that in 
both the cases the change in grid investments and capacity is related almost exclusively to the 
variation of the grid parameters values and not to a modification in the overall generation 
capacity. This means that the overall generation capacity is inelastic to variations up to 25% 
of grid cost and requirement. 



 

 

Table 5: Legend for sensitivity analysis on grid parameters. 
 
 
 

 
Figure 30: Sensitivity analysis on average 2015-2100 investments in grid [T$/year], for CTAX (red) and CTAX2DEG (blue) 
scenarios: effect of the main parameters. Horizontal lines represent the results with the parameters default values. 
 
Sensitivity on Storage parameters 
 
The short-term storage parameters that will be subject to sensitivity are: capacity coefficient, 
flexibility coefficient, floor cost, learning rate, storage cost and storage efficiency (the last 
three just for CAES and batteries). The parameters used in the sensitivity analysis are listed 
in table 6. 
An important observation has to be done before further sensitivity analyses are dis- cussed. 
The charts that follow are not intended to represent the relative impact of varying each 
parameter with respect to the other ones, because the percentage variation of each parameter 
compared to the default value is not the same across parameters. In some cases, such as with 
CAES efficiency, it would not make sense to have it de- crease with respect to the default 
value (as happens with costs), that already comes from a conservative assumption. 
Furthermore, it is our opinion that, when data from literature are available, such as in the case 
of costs (the min, mid and max values come from [17]) and efficiency, it is sensible to use the 
ranges of variation suggested by the literature rather than imposing some undocumented 
relative variations, to keep the analogy with other parameters. The following charts are indeed 
aimed at condensing a considerable amount of information in just one image (mainly for 
reasons of space) and, when reasonable, compare the effect of varying different parameters 
on the same variable of interest. 
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Table 6: Legend for sensitivity analysis on storage parameters. 
 
 
Figure 31 shows how sensitivity on the above mentioned parameters influences VRE share of 
generation before curtailment in 2100. Looking at the effect of capacity and flexibility 
coefficients, we can see that their decrease has a relevant negative impact on share, especially 
in the CTAX2DEG scenario. This indicates that, especially at high shares of wind and solar, 
short-term storage plays a pivotal role in balancing the need for firm capacity and flexible 
generation of VRE sources: if storage contribution decreases (since coefficients are lowered), 
the model does not find convenient to install VRE and shifts towards other, more flexible, low-
carbon options such as CCS and other renewables. In particular, we notice that, in the 2°C 
scenario, cutting the flexibility coefficient of 0.50 implies a loss of 25 percentage points in 
VRE share of generation: a much larger loss compared to cutting the capacity coefficient of 
the same quantity in the same policy scenario. 
This is probably due to the fact that, while capacity coefficient of VRE sources is low but still 
positive, their flexibility coefficient is instead negative. The model is not able to satisfy the 
flexibility constraint maintaining the same VRE share as in the default case because it needs 
to install other generation technologies, more flexible. 
The impact of a floor cost decrease is relevant especially in the CTAX scenario, meaning that 
with lower carbon tax the competitiveness of storage with respect to other technologies (which 
triggers the installation of more VRE capacity) strongly depends on how much its costs are 
reduced, while higher carbon taxes (CTAX2DEG) increase its competitiveness, 
notwithstanding the minimum cost achievable. As regards the learning rate, while an increase 
has just a minor effect or VRE share, a decrease reasonably drives the share down, as it slows 
down the storage cost reduction. Increasing and decreasing storage costs (using min and max 
values from [18]) entails the opposite trend for VRE share (it grows when cost go down and 
vice versa). Finally storage efficiency, overall, has a very small influence, apart from the 
“high” efficiency case in CTAX2DEG, where share before curtailment is reduced: this 
happens because higher storage efficiency means lower storage losses, hence the net VRE 
generation after curtailment increases. Then the net VRE generation remains constant with 
respect to the default case. 
Figure 32 shows the effect of the same parameters discussed above on average storage installed 
capacity between 2015 and 2100: the effect of the single parameters is similar to what observed 
for VRE share before curtailment, since what happens at storage in- stalled capacity is directly 
reflected on VRE diffusion. This proves the complementary nature of these two technologies. 



 

 

 

 
Figure 31: Sensitivity analysis on 2100 VRE generation share before curtailment, for CTAX (red) and CTAX2DEG (blue) 
scenarios: effect of the storage main parameters. Horizontal lines represent the results with the parameters default values. 
 

Sensitivity on CAES and battery technologies 
 
Since these two technologies have not reached full commercial maturity (A-CAES is actually 
at an earlier stage than batteries), it is interesting to see how technological breakthroughs, 
design choices and cost decrease may affect their future deployment. In particular, we study the 
influence of Energy-to-Power ratio EtoP, Round Trip efficiency (RTE) and Full Production 
Hours (FPH), assuming the values described in tables 7 and 8. Results for these analyses are 
obtained running the model with just one modification at time (e.g. one run just changing 
CAES RTE to 0.6, one run just changing battery EtoP Ratio to 4). As regards floor costs, 
instead, they are varied together for the two technologies, to investigate if they would favour 
one over the other. 
 

 
 
Figure 32: Sensitivity analysis on average 2015-2100 storage installed power capacity [TW], for CTAX (red) and CTAX2DEG 
(blue) scenarios: effect of the storage main parameters. Horizontal lines represent the results with the arameters default values. 
 
 
 



 

 

 
 
 
Table 7:  Legend for sensitivity analysis on CAES parameters. 

 
Table 8:  Legend for sensitivity analysis on battery  parameters. 

 
 

The main finding for the analysis on CAES is its strong positive correlation with its efficiency: 
the more it increases, the more capacity is installed. As regards FPH, an increase entails the 
need for lower power capacity installed, as more energy can be stored and discharged during 
the year at same nominal power. A decrease in FPH leads to the opposite. 
Batteries, on the other side, show the same behaviour concerning the effect of Efficiency (with 
a lower impact, as the default value, 0.85, is already high) and FPH. An interesting finding, 
when comparing the two technologies, derives from the effect of Floor Cost: a decrease of the 
minimum cost achievable by the two technologies penalizes CAES, as batteries have a higher 
learning rate and are able to reach the minimum cost by 2050, while CAES costs decrease more 
slowly, undermining its competitiveness with respect to batteries. EtoP ratio deserves a 
separate discussion, as its effect on storage power capacity strongly depends on the 
assumptions made about the kind of variables used in learning equation. As a matter of fact, 
considering learning equation as a function of cumulative power capacity, increasing EtoP 
ratio is seen just as an extra cost by the model, as it entails higher investments on energy 
capacity with no benefits in return (these results are not presented in any of the figures, for 
reasons of space). Instead, 
 
 

 



 

 

Figure 33: Sensitivity analysis on average 2015-2100 CAES installed capacity [TW], for CTAX (red) and CTAX2DEG (blue) 
scenarios: effect of the storage main parameters. Horizontal lines represent the effect of default values. 
 
 

 
Figure 34: Sensitivity analysis on average 2015-2100 battery installed capacity [TW], for CTAX (red) and CTAX2DEG (blue) 
scenarios: effect of the storage main parameters. Horizontal lines represent the effect of default values. 
 
if we consider learning equation as a function of cumulative energy capacity (keeping the 
same learning parameters as done in [19] for batteries and [20] for A-CAES), increasing EtoP 
ratio has a double effect: first, it increases energy investments per unit of power (negative 
effect), but it also increases the cumulative energy capacity  in learning equation, driving down 
storage costs more rapidly at same installed power capacity (positive effect). This is visible 
looking at figure 33 and 34, where we present the results of this second configuration, the 
one with energy-based learning (while in the rest of the runs power-based learning is the 
default option). The 5-fold and 10-fold increase in CAES EtoP Ratio has a positive effect on 
its diffusion, as costs are reduced more rapidly, while the 1.5 and 2-fold increase experienced 
by batteries is not enough to make them more economically attractive, and their higher energy 
cost limit their diffusion. This dynamics highlight a limitation of our storage modeling, typical 
of IAMs with high temporal aggregation [21], concerning the impossibility to fully represent 
benefits of a larger energy storage capacity.  
For the sake of completeness, it must be said that also a sensitivity analysis on PHES full 
production hours has been performed, considering the min, mid and max values. The observed 
results are very similar: global power capacity remains very close to 500 GW, the value 
obtained in the mid case, in the CTAX2DEG scenario, decreasing to 477 GW in the max case. 
This suggests that the influence of Full Production Hours on PHES deployment is minor. 
 
Fraction of VREs Non-Curtailed as Input to Short-Term Storage 
 
In this chapter we present quantitative analyses and qualitative reflections regarding the choice 
of the value for the parameter fraction_vre_stored. This parameter represents the maximum 
fraction of non-curtailed VRE generation that the model can store in short-term storage 
capacity K_STOR_PEAK in order to shift the VRE production in time and meet the peak 
load. We described the reasons behind our choice of 20%. Here, we want to show some results 
on the effect of the chosen value and of its variation. 
First, it is interesting to have a look at how much of this allowed fraction of storable generation 



 

 

is actually used. In figure 35, the amount of non-curtailed VRE production that is stored in the 
CTAX scenario can be seen. In the graph, the black lines on each bar stand for the default 
value of 20% of generation. It can be highlighted that, after 2040, the allowed storable fraction 
of VREs production is mostly used and, after 2080, it is completely used. Therefore, it is worth 
analyzing how this storable fraction of VRE generation is exploited with lower or highers 
values of fraction_vre_stored, from 5% to 50%. As visible in figure 36, for values lower than 
20% the storable amount of non-curtailed VRE generation is saturated well before. The 
saturation factor reaches 1 already in 2050 for both CTAX and CTAX2DEG scenarios. On the 
contrary, full saturation is never reached with values of 30% and 50%. 
This qualitatively indicates that the 20% value is neither too binding (as it is not saturated 
before 2080) nor too loose (as for 30% and 50% values, never exploited fully), so the empirical 
evidence seems to confirm that this value represents a balanced choice in terms of influence 
on storage input from VRE generation. 
Further insights about the impact of this parameter on the electricity mix are given by figure 
37 and 38, representing global electricity generation and short-term storage installed capacity 
as functions of the chosen fraction_vre_stored. Looking at them together allows a better 
understanding of the investment decision dynamics in WITCH, in relation to the parameter of 
interest. 
The two graphs underline the fact that a small fraction_vre_stored value (5% and 10%) 
depresses both the overall energy generation and the share of VRE in the mix. 
 

 
 

Figure 35: Destination of the world non-curtailed VRE generation along the years. The non stored portion meets directly the 
demand, while the stored one is fed to the storage capacity K_STOR_PEAK. 



 

 

 

 
Figure 36: Saturation level of the storable fraction of VRE non-curtailed generation for five different values of the allowed storable 
fraction. 
This is probably due to the fact that the amount of storage that can be installed per unit of 
VRE capacity is too small to compensate for the request of flexibility and firm capacity new 
VRE brings about. 
At the same time, such a small storage requirement does not allow learning-induced cost 
reductions, hence CAES and batteries do not reach competitiveness compared to PHES, that 
is the dominant storage technology at the beginning. These two dynamics trigger a negative 
feedback loop in the investment choices, so that the model finds optimal to reduce overall 
generation to respect the flexibility and capacity constraints and relies on other low carbon 
technologies than VREs, able to contribute more in the two equations. At fraction_vre_stored 
equal to 30% and 50% we see that storage 



 

 

 

 
Figure 37: Global electricity generation [TWh/year] by technology type in CTAX2DEG scenario, as a function of 
fraction_vre_stored value. 
 
 
installed capacity almost doubles and almost only CAES is chosen. Our explanation of this 
behaviour is that, maintaining the same VRE generation, the amount of storage that can be 
installed increases, and when high amount of storage are allowed the optimal choice is CAES: 
it is able to reach its floor cost (while this does not happen with 20%) and becomes more 
competitive than batteries, and has a higher capacity factor to compensate for the increasing 
firm capacity request of VREs. When the parameter is at 50%, the model tends to install such 
a high quantity of storage per unit of VRE generation that this undermines the economical 
competitiveness of VRE themselves, and other renewables, such as traditional biomass and 
BECCS, are preferred. 
Therefore, the 20% value appears ex post as a good trade-off between too low values, that 
would prevent VREs and storage from spreading (since wind and solar lack firm capacity 
support) and too high values, that would represent an economical burden for VREs rather than 
a technology enabler. Moreover, it ensures a balance between the three short-term storage 
technologies in terms of competitiveness and installed capacity, while lower values restrict the 
choice to the only already existing capacity, PHES, and higher values would enhance only 
CAES. In particular, the discontinuity from a balanced storage mix to a CAES-dominated 
scenario lies in the range between 20% and 30%, which makes this interval of values a critical 
area in the space of possible solutions, that would require further investigation. 
 



 

 

 
 
Figure 38: Global short-term storage installed capacity by type in CTAX2DEG scenario, as a function of 
fraction_vre_stored value. 
 
 

Comparison with previous WITCH modelling 
 
As described previously , our work started from some pre-existing implementations of VRE 
integration characteristics. In our opinion, highlighting how the results obtained with the our 
new formulation differ from the ones of the previous WITCH versions is relevant, as it shows 
the impact on the model results in terms of VRE technologies integration. Thus, we decided 
to devote this section to such a comparison. In order to do so, we selected four main WITCH 
model versions to be compared. These versions represent how the model has evolved in time, 
incorporating a more accurate representations of VRE system integration at each step, starting 
from the MASTER edition to conclude with our final version, +STORAGE. The main 
characteristics of each edition are summed up below: 
 
• MASTER: This was the model edition on which our thesis co-supervisor Samuel 
Carrara started working to implement the new VRE integration features. In particular, it was 
the edition of the model considered in the ADVANCE project [18].  To sum up: the flexibility 
and capacity constraint equation were already implemented, but just in their first form; the 
old formulation of the grid was in place; storage was intended just as a “dummy” technology 
that provides positive contribution in the flexibility and capacity constraint equations; VRE 
curtailment was not represented. 
• SYST_INT: This was the model edition from which our work started. The updates 
with respect to the MASTER edition in particular, the new formulation of VRE curtailment 
and VRE capacity values based on RLDCs were introduced; the first implementation of the 
RLDCs based VRE flexibility coefficient was included and the flexible operation of non-VRE 
power plants was represented. 



 

 

• +GRID: This edition is the result of the first part of our work.  It includes the new 
interpretation of VRE flexibility coefficients. In this edition storage was still implemented as 
in the old formulation. 
• +STORAGE: This edition is the final outcome of our work. With respect to +GRID 
edition the new formulation of short-term and seasonal storage technologies have been 
inserted. 
 
The comparison among the different WITCH model editions will be focused on some key 
aspects: the electricity generation mix, the generation plants installed capacity mix, the 
installed storage capacity and the investments in grid. Most of these comparisons are made on 
two different scenarios (with and without the inclusion of nuclear and CCS power plants) and 
on three different policies (BAU, CTAX and CTAX2DEG). Thus, in each graph the results 
for 24 cases (2 scenarios x 3 policies x 4 WITCH model editions) can be seen. The three 
different columns of graphs boxes correspond to the policies, while the two rows of boxes 
correspond to the two scenarios (nukeccs ON and nukeccs Off, indicating respectively the 
scenarios with and without the installation of new nuclear and ccs power plants). 
First of all, in Fig. 39 the global electricity generation mix in 2100 is shown. Focusing our 
attention on the results for the MASTER and SYST_INT editions, it is  clear how the effect 
of the implemented VRE integration features is a reduction of VRE technologies generation. 
In the BAU and CTAX (nukeccs ON) cases this is balanced by an increased generation of the 
other technologies. While in the CTAX2DEG (nukeccs ON), and CTAX_NOCCS and 
CTAX2DEGX_NOCCS (without investments in nuclear and CCS), this corresponds to an 
inflection of the overall generation, respectively because the more stringent climate change 
objective has to be meet and because the CCS technologies are not available. 
Then, we can focus our attention on the comparison between the SYST_INT and +GRID 
editions. In all the cases, the VRE generation increases, with the production of the other 
technologies staying almost constant. This is due to the introduction of the new grid 
formulation, in particular to the differentiation between distribution and transmission lines, 
and to the fact that WITCH models two  different types of PV (“near” and “far” from the load 
centre) and three different types of onshore wind (“near”, “intermediate” and “far”). In the 
previous formulation, all the VRE capacity required the same associated installed capacity of 
grid, with an additional markup based on the classification by distance of solar and wind power 
plants. This representation was not able to completely capture the fact that near PV and wind 
capacities, especially PV at residential and commercial level, require a lower absolute amount 
of grid capacity since they usually need just distribution capacities or local interconnections 
for stand-alone systems. The differentiation we introduced between transmission and 
distribution lines allows to represent better this lower grid capacity requirement by near VRE 
plants, so this promotes their installation. The overall result is an important increase in the 
VRE electricity generation. In the mean- time, the absolute generation of the other technologies 
remains almost constant. Thus, an increment of the overall generation can be seen. 
 
Finally, we could compare the two steps of our work: +GRID and +STORAGE. It can be 
easily seen that, in all the cases, VRE generation is considerably reduced with the overall 
production of other technologies remaining almost constant. This corresponds to a decrease of 
the overall generation and, in particular, to an important inflection of the VRE share. From 
the shown results, it can be concluded that including the new, more detailed description of 
storage (with the associated efficiency losses) hinders VRE deployment with respect to the 



 

 

previous implementation (MASTER and SYST INT cases). It is worth noting that this happens 
even if, between 2015 and 2100, the cost for the “dummy” storage technology was higher than 
in our representation. Thus, adding the key features of storage technologies related to the input 
and output of electricity strongly offsets this lower average cost. 
 

 
Figure 39: Electricity generation (after storage) by technology type in 2100 for the comparison between WITCH model editions. 
 
Looking more specifically at the effect of the new storage formulation on its installation, in 
Fig. 40 the overall installed capacities of storage in all the different cases can be seen (for 
+STORAGE it is the sum of the installed capacities of all the short term storage technologies 
and of fuel cells). It is worth highlighting that in the model editions with the old formulation, 
a much higher capacity of storage was installed even in the BAU scenarios. A great difference 
can be seen also in the CTAX with nuclear and CCS technologies activated. The reason is that 
in the previous editions, even if on average the cost of storage was lower, it did not entail 
losses and it was provided with a higher flexibility coefficient. On the other hand, when the 
growth of the CTAX is faster to meet the 2°C objective, storage becomes a more favorable 
option and the installed capacity in +GRID is approximately as large as in previous editions. 
The overall installed capacity of storage for all the comparison cases can be seen as part of the 
installed generation capacities mix. 



 

 

 

 
Figure 40: Installed overall storage capacity along the years for the comparison between WITCH model editions. 
 

To conclude, it is interesting to have a look at the overall investments in grid in the different 
model editions. In Fig. 41 the comparison between the four considered model editions for the 
CTAX and CTAX2DEG with nuclear and CCS technologies activated can be seen. It is clear 
how the new formulation implies lower total investments in grid after 2060, even if, the total 
installed generation capacity is higher in the +GRID edition in both CTAX and CTAX2DEG 
and it is at the same level for the +STORAGE one in the CTAX2DEG  case (while it  is lower 
in the CTAX one). As we mentioned above, this is related to the fact that on average the grid 
cost is more favourable for VRE technologies because “near” ones just need distribution. In 
fact, the increment of installed capacity happens in this type of VRE capacities. 
Moreover, it can be noticed that in the CTAX2DEG the investments in grid for the 
+STORAGE edition is higher than the ones for +GRID. The reason is that, in this case, a 
significant amount of storage capacity is installed in both the editions, but while with the 
previous formulation of grid a grid capacity installation relative to storage was not considered, 
with the latest version also storage capacities require grid capacity and so investments. 
 
Comparison with other Models 
 

The aim of this section is comparing WITCH results, especially those concerning VRE 
sources, electric grid and storage, with other models. The models chosen for the comparison 

are of two types. The first ones belong to the same model class   



 

 

 
 
Figure 41: Overall yearly investments in grid for the comparison between WITCH model editions. 
 
 

Of WITCH, sharing features, modeling choices and objectives, as the case of ADVANCE 
IAMs [18]. The second ones feature a more refined representation of the power sector on a 
spatial and temporal basis (as the case of EUCAD [22] and SWITCH [23]) and can be 
instrumental to validate the accuracy of our assumptions and results. 
 
ADVANCE IAMs 
 
The ADVANCE modeling framework, is a set of 6 models (AIM, IMAGE, MESSAGE, 
POLES, REMIND and WITCH itself) that share similar features in terms of temporal and 
spatial aggregation, objective function, ac- curacy in the representation of the energy sector 
and scope [18].  
Over the last years, the six modeling teams have performed a joint effort aimed at  a better 
representation of challenges and dynamics introduced by the system integration of VRE 
sources in energy systems [18], [8], [1]. In particular, POLES is the only other ADVANCE 
IAM to represent endogenous investments in short-term storage with technological 
differentiation, featuring exactly the same technologies modeled in our work (PHES, A-CAES, 
battery) plus seasonal hydrogen storage [20]. POLES introduces a more refined representation 
of the correlation between VRE production and load: its investment are based on 
combinatorial RLDCs formed from 54 days: 2 seasons×3 demand levels (high/med/low)×3 
solar levels (high/med/low)×3 wind levels (high/med/low). Moreover, it couples its long term 
investment planning model with European Union Commitment and Dispatch model 
(EUCAD) [21], that features hourly resolution and the different VRE-load matching 
conditions of 12 representative days throughout the year [20]. This allows POLES to 
incorporate, in its long-term investments decision, the typical short-term dynamics that 
characterize VRE integration and short-term storage. Therefore, POLES results on VRE share 
and storage are taken as a benchmark in this comparison, especially those for EU countries. 
 
All the results shown below are obtained running the same policy scenario on all the six IAMs: 
a carbon tax starting from 30$05/tCO2 in 2020 and increasing of 5% a year (called CTAX30) 



 

 

 

Figure 42: Global VRE share of electricity generation before curtailment (if modeled) in a CTAX30 policy scenario for the six 
ADVANCE IAMs. Source: ADVANCE database and own data. 
 
 

 
Figure 43: EU VRE share of electricity generation before curtailment (if modeled) in a CTAX30 policy scenario for the six 
ADVANCE IAMs. Source: ADVANCE database and own data. 
 

Figure 42 represents the VRE share of electricity generation before curtailment.  We choose 
to present VRE production before curtailment because curtailed energy is treated differently 
(wasted or recovered) across different models, and this makes any comparison of generation 
after curtailment hardly reliable. We can see that the new WITCH version and POLES follow 
very similar paths until 2040, then they diverge 
 



 

 

 
 
Figure 44: Global, total investments in grid in [bln$/year] CTAX2DEG scenario, as a function of fraction_vre_stored 
value. Source: ADVANCE database and own data. 
 
 
 

towards the middle of the century but end up featuring similar shares in 2100: 52% for POLES, 
49% for WITCH. This suggests that the following results on storage can be compared not 
only in absolute sense, but also in view of analogous VRE investment and generation choices 
for the two models. Considering also other models, we can see that the values we obtained lie 
closer to the lower bound of the interval defined by AIM (36%) than to the upper bound, 
represented by MESSAGE (85%). Moreover, looking at old WITCH results the previous 
version seems to compare even better to POLES than the new one. Nevertheless, it should be 
said that old WITCH version does not feature curtailment explicitly, so the VRE share it 
provides is, most likely, underestimated, and hard to be compared with the other models in 
the graph. 
Looking only at figure 43, representing the VRE share in EU countries (where investment 
decisions are supported by EUCAD), we can see that new WITCH and POLES show similar 
results especially in the second half of the 21st century, at high shares.  In this case, new WITCH 
results compare to POLES better than old WITCH version after 2060. 
As regards global grid investments (figure 44), a comparison with POLES is not possible as 
no grid is represented in this model, nevertheless WITCH values compare very well with 
results from IMAGE and MESSAGE (both featuring differentiation between transmission and 
distribution lines and investments in pooling [18]). The results we obtain are also comparable 
with the old WITCH implementation, that tends to over- estimate investments in the last two 
decades. 
Finally, as regards global short-term storage installed capacity in GW (figure 45), we can see 
that POLES and new WITCH follow very similar trajectories, with just a slight deviation 
between 2050 and 2090, when also VRE shares diverge. The same reasoning applies to storage 
capacity installed in the 27 EU countries (figure 46, that is chosen because of the temporally 
and spatially detailed EUCAD dispatch model). In particular, the two trajectories are coupled 
until 2050, very similar until 2090 and slightly more divergent, yet comparable, in 2100. This 
important finding appears to corroborate and validate the results obtained in our new WITCH 
version, and the importance of this finding increases if we consider that WITCH does not 
feature any coupling with dispatch models. So its investment decisions are only based on the 



 

 

stylized representation of VRE integration challenges, grid and storage investments. If we 
examine data from the old WITCH version, we can note that storage capacity is systematically 
underestimated in the first half of the century and then overestimated in the second half. This 
might be due to the fact that the only function of storage in the old implementation was 
providing flexibility and capacity (no input from VREs or efficiency loss was modeled) and 
its initial cost was very high yet decreasing exponentially in time. The model therefore found 
storage a convenient option to help VRE integration just after a certain cost threshold, reached 
around 2050, and after that threshold storage was installed in very high quantities because no 
negative effects on generation (such as efficiency losses) were associated to its installation.  
 
Compared to the starting point of our modeling work, in 2100 WITCH now features a slightly 
lower amount of VRE generation (49% share vs. 56% with previous modeling) but also a 
lower need for storage capacity (green vs. dark blue line in figure 46): for EU countries circa 
738 GW of short term storage, growing to 746 GW if we consider also seasonal storage (fuel 
cells) versus the previously installed 1094 GW of generic storage technology.  
To conclude, looking at the evolution of the WITCH model itself, we can summarize the effect 
of a better representation of VREs system integration dynamics on VREs installation and 
share. Firstly, the upgrade from a pre-MASTER model configuration, with no capacity and 
flexibility constraint, simplified grid representation and just cost markups on VREs to 
represent storage and curtailment, to the one we called MASTER, determined a substantial 
increase in VRE share (as it is described in [18], that performs a comparison between 
ADVANCE IAMs versions with and without VREs system integration). On the contrary, the 
more accurate representation of electric grid and storage for VREs integration that we 
introduced has the effect of reducing the overall share of wind and solar generation, since it 
takes better into account the associated challenges, but also of decreasing the storage capacity 
needed. 
 

 
 
Figure 45: Global short-term storage installed capacity by type in CTAX2DEG scenario, as a function of 
fraction_vre_stored_value. Source: ADVANCE database and own data. 



 

 

 

 
Figure 46: EU short-term storage installed capacity by type in CTAX2DEG scenario,  as a function of 
fraction_vre_stored_value. Source: ADVANCE database and own data. 
 
 
SWITCH China 
 
SWITCH (Solar and Wind energy Integrated with Transmission and Conventional sources) is 
a linear programming model used to investigate the least cost energy system design to meet 
specific performance and environmental objectives [23]. It has been developed by the 
Renewable & Appropriate Energy Laboratory (RAEL) at the University of California, 
Berkeley. Its objective function is to minimize the cost of producing and transporting 
electricity through the construction and retirement of several power generation plants, storage 
technologies, and transmission grid options between the present day and future target dates 
according to projected demand. In particular, as regards the grid, SWITCH optimizes both its 
long-term investments and its short-term operation through the optimization of the hourly 
generation and transmission dispatch. As regards SWITCH temporal dimension, for each 
month of the year, two characterizing days are considered: the peak and median load days. For 
each day six characterizing hours are included. Concerning the geospatial definition of the 
Chinese power sector in the study, the mainland China is divided into 31 load areas connected 
by transmission lines. Thanks to its high temporal and spatial resolution, its prediction about 
the development of the investment in grid projects can be considered a reliable term of 
comparison. 
 
As a consequence, we performed an evaluation of the consistence of our results about grid 
related investments through a SWITCH based study. We chose to use the SWITCH model as 
term of comparison because the co-supervisor of our thesis Samuel Carrara is at the moment 
developing his research at the University of California, Berkeley. To conduct our analysis, we 
referred to an article about a SWITCH study of the Chinese power system [24] and its 
supplementary material. Thanks to the help of our co-supervisor, we contacted directly the 
authors of the article. They provided us with the full set of the results data that are not fully 
available  in the article. The aim    of this study was to investigate different possible paths for 



 

 

decarbonizing the Chinese power sector in the 2015-2055 time span. In particular, we focused 
our attention on the SWITCH-China IPCC scenario that involves an overall power sector 
carbon emission target of 80% below the 1990 level baseline in 2050, as proposed in the 2°C 
scenario suggested by the IPCC. We chose this scenario because it is the one that sees the 
highest installation of VREs capacity and our objective in the comparison was specifically 
testing the behaviour of our formulation with high shares of VREs. The SWITCH results 
include the extension planning of the transmission lines between China load areas and the 
related investments. On the other hand, the distribution related investments are represented 
just in an approximated way. The distribution network in each area is built to serve the peak 
load of 2010. In the future, the peak load is assumed to be a liner function of the demand, and 
so are the related investments. Finally, the results include also the electricity production mix 
and the generation and storage technologies installed capacities in each timestep. 
In Figure 47 a comparison of the overall annual grid investments in transmission and 
distribution as a function of the VRE share between WITCH and SWITCH results can be seen. 
Three different WITCH scenarios are represented. The WITCH CTAX100 into which a 
constant carbon tax of 100$2011/tonCO2 is applied from 2020. It is shown because in this 
scenario the Chinese power sector CO2 emissions approximately follow the assumption of the 
SWITCH IPCC scenario. But, since a carbon tax of 100 $/tonCO2 is not enough in an 
integrated assessment model like WITCH to significantly transform the generation mix, only 
a VRE share of 36% can be reached. 
Therefore, to investigate the WITCH results behaviour with higher shares of VREs, also 
the CTAX and CTAX2DEG scenarios are displayed. It could be noticed that the trend of 
overall grid investment as a function of the VRE share is similar. The SWITCH IPCC and the 
WITCH CTAX2DEG curves are partially diverging at VRE shares higher than 60%. Due to 
the limited amount of data available from the SWITCH-China study, it has not been possible 
to compare better the behaviour at VRE shares higher than 60%. 
However, the order of magnitude of the investments is similar. They increase from 18 bln$/yr 
at a 16% VRE share to 99 bln$/yr at a 66% VRE for the SWITCH IPCC scenario. While, they 
grow from 55 bln$/yr at a 13% VRE share to 175 bln$/yr at a 73% VRE for the WITCH 
CTAX2DEG scenario. The higher WITCH values can be explained by the fact that the 
distribution related costs are described in more detail than for SWITCH, in which they just 
grow linearly with the demand. Moreover, the larger difference at higher share of renewable 
can be attributed to the grid pooling additional investments required in WITCH, that at the 
distribution level cannot be captured by SWITCH due to its not detailed formulation. Finally, 
it should be highlighted that, while in the SWITCH IPCC scenario the 66% VRE share is 
reached already in 2050, in the CTAX2DEG the highest share is obtained only in 2100. 



 

 

 

Figure 47: Comparison of total investments in grid trend as a function of the VRE share (after curtailment for WITCH) for China 
between the SWITCH IPCC Scenario [24] and three WITCH scenarios. 
 

In Figure 48 we also included a comparison between the two models of the behaviour of the 
ratio between the installed capacity of storage technologies and of VREs, both in GW. The 
graph highlights that the general trend with growing VRE share is similar for the SWITCH 
IPCC and the CTAX2DEG scenarios. On the contrary, the behaviour of the WITCH CTAX100 
and CTAX, at shares lower than 40%, appear to be really different. This could be explained 
by the fact that when in WITCH the carbon tax is not high enough (CTAX100 and CTAX 
before reaching 30% share), it does not foster the installation of high shares of VREs. The 
model, however, tries to push in this direction installing more storage capacity per unit of 
VRE capacity.  
The higher capacity installation of storage in WITCH with respect to SWITCH can be 
explained focusing what is the function of storage technologies in SWITCH. In SWITCH, 
electric storage contributes to meeting the load and providing operating re- serve and capacity 
reserve margin. Thus, it can store VREs production in order to shift it and meet the load. On 
the other hand, storage cannot exploit VREs curtailment that is just wasted [24]. Therefore, 
the installed capacity K_STOR_CURT that can store the VREs curtailment7 in WITCH is 
missing in SWITCH. As a consequence, it probably makes more sense to compare only the 
K_STOR_PEAK storage capacity installed in WITCH to supply the peak load with the 
SWITCH storage capacity. In Figure 49, this second curve WITCH “CTAX2DEG (Only 
K_STOR_PEAK)” is represented for the CTAX2DEG scenario. We are here considering just 
the SWITCH IPCC and the WITCH CTAX2DEG scenarios because in the latter one the 
highest VREs share is reached. It can be noted that the gap between the SWITCH and WITCH 
curves   has been reduced considering just the storage capacity type that is modeled also in 
SWITCH. Moreover, a further observation can be added. In SWITCH, another dispatchable 
technology whose main aim is providing operating reserve is represented: the combustion gas 
turbine (CGT). The CGT, on the contrary, is missing in WITCH. Thus, it could be stated that 
a portion of the operating reserve required with growing VREs share in SWITCH is provided 
by the CGT instead that by storage. To validate this conclusion, in Fig. 49 a fourth curve 
representing the behaviour of the ratio be- tween the sum of storage and CGT capacities and 



 

 

VREs one in SWITCH can be seen “SWITCH IPCC (Storage + CGT)”. This ratio starts at 
much higher values than the WITCH storage one at low VREs shares. But this can be 
explained considering that in 2015 a certain capacity of CGT was already installed in China 
[25] and at low VREs shares CGT is however a cleaner solution than coal power plants. Then, 
at high VREs shares it can be noticed how the WITCH CTAX2DEG (OnlyK STOR PEAK) 
and SWITCH IPCC (Storage + CGT) curves converge, meaning that the storage capacity 
K_STOR_PEAK is well representing the overall dispatchable capacity requirement per unit 
of installed VREs capacity.  
To conclude, other differences between WITCH and SWITCH that can clarify why there is a 
gap between the installed storage capacity in the two models and why the CGT is partially 
preferred in SWITCH are the following. The storage capacity shown in Fig. 48 for SWITCH 
belongs just to NaS batteries with a round-trip efficiency of 76.7%. Moreover, in SWITCH 
the capacity of Pumped Hydro is maintained constant at the initial value, while CAES is not 
considered in the results at our disposal. Thus, modeling the use of LiB with higher efficiency 
may make the battery technology more convenient because it would entail lower losses. 
Besides, the possibility of PHES future projects (since it presents still a big potential in China) 
and the introduction also of the CAES choice should be taken into account because they may 
foster the installation of storage capacity. 
 

 
 

Figure 48: Comparison of the trend of the ratio between the installed capacity of storage in GW and the installed capacity of VRE 
in GW as a function of the VRE share (after curtailment for WITCH) for China between the SWITCH IPCC Scenario [24] and 
three WITCH scenarios. 



 

 

 

 

Figure 49: Comparison of the trend of the ratio between the installed capacity of storage in GW and the installed capacity of VRE 
in GW as a function of the VRE share (after curtailment for WITCH) for China. The comparison is made between the SWITCH 
IPCC scenario [24] with and without considering the installed capacity of CGT, and the WITCH CTAX2DEG scenario counting 
the overall storage capacity and only the K_STOR_PEAK one. 
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ABSTRACT 
The purpose of this study is to assess the flexibility needs and supply of decarbonised power 
systems with high shares of variable renewables in the EU. We quantify sensitivity analysis 
cases on the basis of model-based projections of the European power system evolution to 
2050 in the context of stylised low-emission pathways and configurations. The configurations 
correspond to stylised scenarios that include different assumptions regarding the deployment 
of clean energy technologies (mostly variable RES), electrification of energy demand and the 
availability of synthetic fuels and hydrogen deriving from power-to-X facilities. The study 
presents a typology of flexibility services, differentiated by the timeframe of system control 
and explores their linkage to different types of renewables. The results of the study show that 
a diversified portfolio of flexible resources can provide flexibility across all timescales cost-
efficiently in the context of high uptake of variable RES. The use of interconnectors in EU 
countries is of great importance, as it allows the exploitation of the complementary patterns 
of wind and load across the EU countries while enabling the cross-border sharing of balancing 
resources. Furthermore, the contribution of chemical storage (through hydrogen and synthetic 
fuels) and storage coupling play a vital role, in order to harness the seasonal variations of net 
load and enable the large and cost-efficient deployment of variable renewables to the power 
system. 
Keywords: flexibility, power-to-X, energy storage, power sector restructuring, zero-carbon 
economy, renewable integration 

1. Introduction 
The current focus of the EU energy and climate policy is on how to implement the transition 
towards a zero-emissions economy by 2050 [1]. Achieving this transition requires a 
significant transformation of power generation, as it is currently among the most carbon-
intensive sectors. The various policy packages and roadmaps communicated by the EU so far 
foresee a central role of electricity within the transition towards a carbon-neutral energy 
system. Early decarbonisation of the power generation would allow electricity, as an energy 
vector, to assist on the decarbonisation of the final energy demand sectors, such as heating 
and mobility, which otherwise are inflexible to reduce emissions. Given that nuclear and 
carbon capture and storage (CCS) have a limited potential, due to policy implementation 
constraints, the renewables, notably wind and solar, are the main options for achieving 
decarbonisation of power generation. However, solar and wind are non-dispatchable variable 
sources, and thus, require reserve resources to provide balancing of their foreseeable or 
unforeseeable periodical variation. Flexibility is a general term that is used to describe such 
balancing reserve resources. A power system with high amounts of variable renewables can 
be reliable if it is sufficiently resilient, and for this, the system needs flexible resources.  
Over the last years, the rapid penetration of renewable energy sources (RES), replacing the 
fossil fuel-based generation, has been one of the main backbones, along with the ETS, of the 
EU effort towards reducing the carbon intensity of the power sector, in order to meet the 2020 



 

 

and 2030 GHG emission reduction goals [2]. In the years to come, the deployment of RES is 
expected to intensify, as the EU is aiming towards a low- and zero-carbon economy. Thus, 
one important challenge of the power sector’s restructuring is the effective incorporation of 
high shares of variable renewables in the system operation. However, as the output of 
renewables is affected by prevailing weather conditions, integrating high shares of RES poses 
questions regarding the power system’s reliability. 
The purpose of the current research is to model and discuss the flexibility needs and supply 
of decarbonised power systems with high shares of variable renewables. We quantify 
sensitivity analysis cases on the basis of model-based projections of the European power 
system evolution to 2050 in the context of stylised carbon-neutral configurations. The 
configurations correspond to stylised scenarios that include different assumptions regarding 
the deployment of clean energy technologies, electrification of demand and the availability 
of synthetic fuels deriving from power-to-X facilities.  
Part of this research is to present a typology of flexibility services and their linkage to 
renewables and the timeframe of system control, as well as to model the simultaneous 
optimisation of the use of flexibility providers in the context of the multi-country 
interconnected pan-European system. The results of this study provide a quantification of the 
categories of flexibility demand and supply by EU regions with respect to the flexibility origin 
and the providers, by 2050. We have used a model version based on PRIMES Electricity 
modelling toolbox, modified and expanded within INNOPATHS project to research on 
flexibility more thoroughly than the standard model was doing. The enhanced model version 
has unique features in terms of comprehensive and high-resolution modelling of the European 
power system, considering in a detailed way the technical characteristics of power and heat 
plants and several storage technologies (i.e. storage from Power-to-X facilities, batteries, 
hydro pumping etc.). 
The remainder of this study is structured as follows: Section 2 focuses on the definition and 
the understanding of the flexibility concept. Section 3 introduces appropriate metrics for 
quantifying the multi-hour (or medium-term) flexibility demand and supply in a power 
system and the modelling approach used for simulating the needs for short-term flexibility. 
Section 4 describes the modelling approach by discussing the context of the study and the 
main features of the PRIMES Electricity modelling toolbox. Section 5 discusses the results 
of the model-based assessment, while section 6 highlights the conclusions of the research. 

2. Definition of Flexibility in power 
2.1. Literature review 

The rapidly increasing investments in wind farms and solar PV installations posed 
methodological challenges regarding the reliability of the power system, as the non-
dispatchable nature of the renewables affects the system’s resilience. Flexibility is a term 
frequently used in the literature during the past decades, but to date, there is no commonly 
accepted definition of the term, as it embodies a multitude of concepts, some of which may 
be complementary or even overlapping with the concept of ancillary services and load-
following service.  
The term “flexibility”, from a system planning perspective, was firstly introduced by NERC 
[3] as “the ability of the bulk power system to deal with the additional variability and 
uncertainty introduced into power system operations on all time scales (seconds, minutes, 
hours)”, and similarly by the IEA [4] as “the ability to operate reliably with significant shares 



 

 

of variable renewable electricity”. Following a similar perspective, Lannoye et al. [5] defined 
flexibility as “the ability of a system to deploy its resources to respond to changes in the net 
load, where the net load is defined as the remaining system load not served by variable 
generation” and Bouffard and Ortega-Vazquez [6] as “the potential for capacity to be 
deployed within a certain timeframe”. 
The emerging challenge of the power system’s reliance, due to the increasing share of 
installed renewable capacity, pushed system operators to focus on “operational flexibility” 
and set off discussions regarding whether the emergence of a new type of system reserve is 
needed. System operators in the USA, such as CAISO [7] and MISO [8], proposed the design 
and implementation of markets for ensuring that an adequate level of flexible generation 
capacity exists to manage the volatile changes of the net load resulting from the variable RES 
generation. A new product for the flexibility ramping was introduced by CAISO [7], the so-
called “flexiramp” and the need for a concrete definition of this service emerged. Hobbs and 
Wang in [9] define this flexible ramping product as “capacity in a given scheduling interval 
whose dispatch in later intervals could be changed if the system’s net load ramps up or down 
differently than forecasted”. In an attempt to elaborate on the concept of flexibility, the 
authors differentiate flexibility and traditional reserve services in a twofold way; a unit 
withholds capacity in one interval in order to provide flexible service in later intervals, while 
reserves are held in the same interval. Also, the withheld capacity for flexibility is dispatched 
to provide energy in the later interval, while traditional reserves are used only in case of an 
occurring contingency. A similar definition for flexibility is proposed by Ulbig and 
Andersson in [10], where they expand the concept of flexibility, so as to cover also the 
disturbances from outages apart from the ones caused by load and RES generation forecasting 
errors. Bucher et al. in [11], using the same definition of flexibility, introduce the term 
"exportable flexibility" to describe the flexibility exchanges between two control areas 
(power systems) through the use of interconnections. 
In fact, the power system has always had the need to be flexible, as uncertainty and volatility 
are inherent features of the systems. The need for pre-dispatching of generating units implies 
uncertainty due to the possibility of unplanned shut-down or partial unavailability of 
conventional units. In addition, electricity demand levels vary across different timeframes 
(daily, weekly and by season) due to the different consumption patterns of each type of 
consumer. This results in an inherent variability, as the electricity generation (in the absence 
of large-scale storage capacity) must meet the variable demand levels at all times. 

2.2. Definition of flexibility 
In the present paper, we define flexibility in power systems as the ability to respond to both 
predictable and unpredictable changes in electricity demand and supply in a way that meets 
adequately some pre-determined reliability standards and avoids curtailments of either load 
or variable renewable generation. Similar definitions of flexibility have also been proposed 
by other authors, as Ma et al in [12], emphasizing the reasonable cost for providing flexibility 
and discussing the value of this service to the system and by Ela et al. in [13], who additionally 
introduce the concept of providing flexibility from a collection of system resources.  
In order to define properly flexibility, we use the technical distinction between the terms 
“variability” and “uncertainty”, which represent two different categories of variation, each 
one having a different source, as discussed by Van Belle in [14]. Variability refers to the 
predictable variations of load and generation in a specific timeframe, which are driven by 
consumer habits and meteorological conditions, while uncertainty refers to the degree of 



 

 

precision with which the levels of load demand and the availability of generation are being 
forecasted, i.e. the level of load and RES forecasting errors. Fig.1 aims to illustrates the 
different meaning of variability and uncertainty, using as an example the day-ahead forecast 
and the actual (real-time) measurement of the hourly generation of wind turbines within a 
day; while wind generation entails variability due to the fluctuations of the wind pattern 
between consecutive hours, it also entails uncertainty as the level of wind generation cannot 
be perfectly forecasted. 

 
Figure 13: Forecast (WIND_DA) and real-time (WIND_RT) measurement of wind generation within a day 

Variability and uncertainty have been inherent features of the power systems, as discussed 
earlier, and are currently being addressed by the load-following operation of plants and the 
procurement of ancillary services.  
Figure 2 shows the whisker diagram26 of the daily curve of electricity demand, PV and wind 
generation per season, in the interconnected power system of Greece. Observing the curve of 
electricity demand and the production of electricity from PV, a diurnal and seasonal variation 
is evident. Within the day it is reasonable and expected (predictable to a certain degree) that 
electricity demand is lower during evening/night and early morning hours, while demand in 
the morning increases due to the start of business hours. Electricity demand peaks in the 
afternoon and early evening hours due to the increase of residential loads. Each country has 
its own demand profile, which is driven by consumers’ habits, socio-economic conditions 
(i.e. industrial demand) and climate conditions.  
As shown in Figure 2, the shape of the daily curve varies also between seasons apart from the 
hour-to-hour variations. In winter, autumn and spring the daily peak occurs in the afternoon, 
while in summer the peak hour occurs at noon. During the summer season, the shift of the 
peak towards noon hours is driven by the use of air conditioners (cooling), especially from 
12 pm to 15 pm due to the high temperatures in Greece. Moreover, during summer due to the 
shift of the sunset time, the use of electricity for lighting purposes during the afternoon hours 
is reduced. 

                                                
26 In these charts the observations for each unit hour are divided into 3 quartiles, the minimum and maximum 
observations. The rectangle represents the intermediate 50% of the observed values (values with a frequency 
between 25% -75%), the intermediate line captures the median and X the mean of the observation. The whiskers 
represent the maximum and minimum observation values within a logical frame, defined as the distance of 1.5 
times of the width of the rectangle. Any observation points outside this range are considered outliers and are 
represented by red dots. 



 

 

 
Figure 14: Range of hourly load, solar and wind generation levels across seasons; Source: own calculations 



 

 

As the magnitude of variability and uncertainty is expected to increase in a system with high 
amounts of variable renewables (vRES), we may identify three sorts of variation: 

I) Short-term variation, which is largely unpredictable and takes place in short or very 
short time intervals – within an hour -, mostly due to meteorological changes of stochastic 
nature, load variations and unexpected outages of power plants or interconnectors; 

II) Multi-hour variation, which can be largely predictable and relates either to the 
meteorological periodicity of renewables sources, as for example solar PV generation 
pattern or the periodic variation of demand within a day. 

III) Long-term (or extreme event) variation, which may be partly unpredictable and relates 
to extreme meteorological events, as for example an unusual lack of renewable resources 
over a long period, or cycles of wind pattern every few days or to the predictable 
variations of load (e.g. industrial activity, working day versus weekends, seasonality of 
electricity consumption) and planned outages or outages of unusual extent (e.g. reduced 
thermal and nuclear capacity due to a heatwave, limited water availability due to drought). 

Flexibility adequacy of a power system is the ability to address all types of variations in an 
effective manner. Coping with each type of variation requires a different type of flexible 
reserves, depending on the timeframe. 

I) The short-term flexibility requires resources that are able to address uncertainties, 
materialising between the day-ahead and real-time schedule. The increasing penetration of 
variable RES is expected to create greater uncertainty, posing the need for procuring sufficient 
reserves, in order to address real-time imbalances, as variable RES production may be 
different than forecasted. Increasing the level of existing ancillary services as in European 
systems or introducing new flexible products, as done in the U.S. are ways of addressing these 
uncertainties, while the discussion on the most efficient design of an electricity market with 
high shares of variable RES is still on-going. 

II) The multi-hour flexibility requires power resources able to perform a heavy cyclic operation 
with high ramp rates and frequent start-ups and shut-downs; 

III)  The long-term (or extreme event) flexibility requires system reserves that are seldom active 
and are the last recourse of the system, such as replacement reserves, chemical or other long-
term seasonal storage. In power systems with very high penetration of variable RES 
generation, the need for resources providing seasonal storage will emerge, in order to address 
the seasonal patterns of load and RES-based production. 

The enablers of each type of flexibility differ in their key technical and economic 
characteristics. Table 1 summarises the main features of flexibility enables and Table 2 
classifies them according to the timeframe.  
Table 2: Summary of features of flexibility providing options 

Flexibility 
providing 
technology 

System 
Services 

Cost 
features Advantages Drawbacks Readiness 

Conventional 
steam turbine 
plants 

Replacement 
reserve 

Limited load 
following 

Depend on 
fuel costs 
and carbon 
prices 

Main energy generators if 
competitive in the merit 
order 

Cold reserve for old plants 

Slow ramping (depends on 
technology) 

No possibility of frequent 
shutdowns 

Mature 

Gas turbines, 
ICEs etc. 

Secondary 
reserve 

Fast ramping 
Replacement 

reserve 

High 
variable 
cost and 
low capital 
cost 

Versatile 
Last-resort facility 

Expensive, out of the merit 
order 

Not suitable for private 
investment 

Mature 



 

 

Combined 
Cycle Gas 
Turbines 
(CCGT) 

Secondary 
reserve 

Fast ramping 

Very 
efficient 
and low 
levelized 
cost 

Competitive in the merit 
order 

Provides both system 
services and commercial 
energy 

Frequent cycling 
High maintenance cost if 

stressed to reduce the 
length of cycling 
operation 

Mature 

Hydropower 
with a Dam 

System 
reserves 

Peak load 
shaving 

Zero 
variable 
costs, few 
remaining 
sites for 
new 
investments 
in the EU 
 

Peak shaving reduces 
flexibility needs 

Competitive in the merit 
order 

Limited water availability 
Limited ramping due to 

water limitations 
Requires a yearly 

operation planning 

Mature 
Limited 
potential 
for new 
plants 

Hydro-
pumping Load shifting 

Low 
variable 
cost and 
high capital 
cost 
 

Lowers flexibility needs 
and eases the operation 
of inflexible plants 

Water and capacity 
limitations 

Unlikely to be invested on 
a purely private basis 

Mature 
Limited 
potential 
for new 
plants 

Intercon-
nections 

All system 
reserves 

Depend on 
system 
costs in 
adjacent 
markets 

Versatile 
Quick response 
Derived by market forces 

Limitations when 
variations are 
synchronous in the 
connected areas 

 

Mature 
Limited 
potential 
for new 
lines 

Batteries, 
flywheels, 
CAES and 
similar 

Load shifting 
High 
investment 
cost 

Lowers flexibility needs 
and eases the operation 
of inflexible plants  

Close to generation and 
distribution 

Expensive but learning 
potential 

Mostly daily storage cycle 
(except CAES which 
may provide also 
seasonal storage) 

No mature business model 

Not fully 
mature 

Chemical 
storage 
(Power-to-
hydrogen and 
Power-to-
fuels) 

Load shifting High costs 

Lowers flexibility needs 
and eases the operation 
of inflexible plants  

Versatile storage 
Maximises use of 

renewables 

Expensive but learning 
potential 

Must be at a large-scale to 
achieve low costs 

Cost heavily depends on 
electricity prices used by 
electrolysers 

Not fully 
mature 

Demand 
response Load shifting Varying 

cost 

Versatile 
Lowers flexibility needs 

and eases the operation 
of inflexible plants  

Large-scale deployment 
depends on institutional 
factors and ITC 
technologies 

Not fully 
mature 
except for 
industry 

 
Table 3: Categorisation of flexibility resources based on the activation timeframe 

Type I 
Short-term 

(minutes to hour) 

Type II 
Medium-term 

(multi-hour or multi-
day) 

Type III 
Long-term 

 

CCGT, GT 
Hydropower plants with a 

dam, 
Interconnectors 

Batteries, Pumped storage, 
flywheels 

Demand response 

(directly) 
CCGT 

Hydro plants with a dam, 
Interconnectors 
Indirectly by: 

Batteries, pumped storage, 
Demand response 

Power plants in cold 
reserve 

Peak Devices 
Chemical Storage 

 



 

 

3. Methodology for quantifying flexibility 
3.1. Existing approaches for measuring flexibility 

The broad definition of “flexibility” implies large difficulty of assessing and quantifying in a 
precise way the flexibility needs of a power system. Several authors propose a variety of 
methodologies to calculate flexibility, based on their definition of the term. Kondziella and 
Bruckner [15], Villar et al. in [16] and Wang and Hodge [17], performed comprehensive 
literature reviews comparing the different approaches and flexibility metrics used in the 
literature.  
The existing approaches for measuring flexibility can be divided into two main categories 
depending on the perspective from which the system is examined. The first category is to 
examine the flexibility dimension from a long-term system planning perspective. These 
approaches use usually stochastic metrics to measure the probability that a system’s available 
resources will appear inadequate to meet a predefined reliability criterion.  
Lannoye et al. [18] proposed the use of probabilistic indices to measure flexibility, based on 
the traditional LOLP (Loss of Load Probability) methodology, which has been used for years 
in capacity adequacy studies. The authors propose the use of the Effective Ramping 
Capability (ERC) metric, analogous to the traditional Effective Load Carrying Capacity 
(ELCC) metric, as a tool to quantify the capability of each plant to contribute to the ramping 
needs of a power system in a given direction over a different timescale. Applying the 
convolution methodology for the upward and downward variations of the net load, the authors 
calculate the Insufficient Ramping Resource Probability (IRRP), analogous to the traditional 
“Loss of Load Probability-LOLP, measuring the ramping resilience of the system.  
From a similar perspective, that is the adequacy of the system, Ma et al in [13] and [19] 
develop a simple flexibility index based on dividing the maximum ramping capability of a 
power plant by its nominal capacity and use these indexes, so as to calculate a system-wide 
flexibility index as a capacity-weighted average. The authors mention that this is an “offline” 
evaluation metric, thus it does not consider the dispatching schedule of the system and the 
technical constraints of plants related to the cyclic operation. Thus, this index fails to 
incorporate the contribution of other resources (e.g. demand response, storage systems) with 
energy constraints to the system flexibility.  
The second category of approaches examines flexibility from the system’s operational 
planning perspective, considering the real-time dispatching schedule of power plants and how 
the flexibility needs can be adequately covered in an optimal way considering both the system 
and plant-related constraints. Makarov et al. [20] proposed a very interesting approach, using 
three indices to measure flexibility at each time interval, the load level π (MW), the ramp rate 
ρ (MW / min), and the duration of the ramping δ (min). For each combination of the three 
indices, the authors apply the “swinging window” algorithm and measure a three-dimensional 
space (box), where any point (triad) outside the box represents the probability that the reserve 
requirements cannot be met. Ulbig and Andersson [21], based on the idea of Makarov et al., 
redesign the three parameters, which characterize flexibility, replacing the ramp rate ρ (MW 
/ min) with energy e (MWh), in order to incorporate the energy limitations to which certain 
units (such as energy storage units) are subject. The authors calculate a flexibility index for 
each individual resource via the use of the so-called “flexibility trinity”, namely the power 
ramp rate, power capacity and energy capability; by aggregating the individual indices 
together via the Minkowski sum, the authors calculate an overall flexibility index for the 
power system. 



 

 

A similar approach is followed by Nosair and Bouffard [22], [23], [24], who use similar 
indicators to calculate flexibility of the power system, emphasizing that flexibility should be 
viewed from the perspective of energy rather than power. The authors also note that the 
available flexibility, which can be covered at a subsequent or previous time interval, is 
constrained by the three parameters that create the shape of an envelope. Each of these 
envelopes includes different levels of flexibility, which can be covered by available sources. 

3.2. Measuring short-term flexibility 
Short-term flexibility describes the ramping needs for handling the deviations (upwards or 
downwards) between the day-ahead market schedule (DAM) and Real-Time (RT) dispatch 
of the system over a timeframe from few minutes up to an hour. These imbalances can be 
induced by the occurrence of meteorological forecasting errors (i.e. for wind or PV electricity 
generation), unpredictable fluctuations of load and system resource outages.  
Deviations may also occur because the scheduling derived from a pure energy-only market27 
may not be optimal when including the technical restrictions of plant operation and the 
various system reserves. Another driver of the short-term flexibility needs is due to the fact 
that the DAM schedule operates on an hourly basis and may underestimate the ramping needs 
occurring in real-time over a finer timescale. Thus, the resources committed in the DAM 
schedule may not be sufficient to address real-time imbalances.  Figure 2 shows that the real 
ramping needs of a system, e.g. Germany, can be much higher than the needs calculated on 
an hourly basis. 
In the European power systems, the short-term variations are currently addressed either by 
intra-day markets and\or spinning reserves, (FRR - Frequency Restoration Reserves), 
especially in power systems where no intra-day market exists. In this case, spinning reserves 
are used to perform intraday adjustments according to more accurate forecasts and real-time 
load and RES measurements, as ENTSO-E mentions in [25]. Nevertheless, in the context of 
a system with high amounts of variable renewables, the requirements for short-term flexibility 
can significantly exceed the amounts of reserves that transmission system operators consider 
conventionally, leading to the need for a continuous re-dimensioning of the system reserve 
requirements.  
On the contrary, many ISOs in the U.S.A. do not allow the use of spinning reserves for dealing 
with forecast errors, thus system operators, such as CAISO and MISO, have introduced new 
flexible ramping products to deal with the uncertainties realised before the Real-Time 
dispatch. A key feature of the flexible ramping reserves is that flexible capacity is withheld 
in a previous interval, designated to cover unexpected variations of net load level in 
subsequent time intervals, while conventional ancillary services are reserved for the same 
time interval and usually are activated after a contingency occurs. 

                                                
27 We use the term “pure energy-only” market to contrast with markets co-optimising plant- and system-related 
technical constraints. The deviations are not an inherent feature of energy-only markets, but are due to 
imperfections. In a well-functioning day ahead market, despite being an energy-only market, participants may 
well pre-empt technical constraints and reserves, and submit bids reducing their exposure to additional costs 
from deviations. 



 

 

 
Figure 15: Example of ramping needs on an hourly and 15min timescale; Source: own calculations 

In the current study, we assume that the need for short-term flexibility is addressed by system 
reserves, mostly spinning, able to take over in case of deviations between the day-ahead 
forecast and the real-time schedule. The supply of system reserves is determined 
simultaneously with the decisions regarding the capacity expansion of the power system and 
the dispatching of resources (i.e. power plants, interconnectors). In this way, the optimal mix 
of resources is determined by the PRIMES-Electricity model, i.e. power plants and storage 
technologies, in order to meet energy demand and at the same time cover the uncertainty of 
variable renewable generation and load. We consider eligible resources to provide reserves 
those being committed in the dispatching schedule and those, i.e. peak devices, which even 
if they have not been dispatched, they have quick response time and do not present severe 
technical limitations (e.g. minimum up and down times).  
The co-optimisation of energy and reserves in the dispatching simulation model can be 
described as follows. Suppose a power system i with resources g, providing power output q 
for every hour h. Each plant may contribute to different types of ancillary services a, either 
upwards rup or downwards rdn. The operating level of each plant is limited by the installed 
capacity K, the hourly availability factor AF and the technical minimum operating level M. 
The maximum ramping capacity R and the minimum up Mup and down times Mdn pose 
additional constraints to the operation of plants. Binary variables are used to simulate the 
choice regarding the start-up su or shut down sd of a power plant and its operating status u.  
Equations (1) - (8) describe the set of plant-related technical constraints in our modelling, i.e. 
technical maximum and minimum generation level (1)-(2), maximum ramping rates (3) – (4), 



 

 

minimum up and down times (5)-(6) and the logical constraints for commitment states (7)-
(8). Energy storage plants have additional constraints related to the duration of the charge-
discharge cycle and energy limitations, but these are not shown below for simplicity. 

qi,g,h + � ri,g,a,h
up

α

≤ ui,g,,h ⋅ Ki,g ⋅ AFi,g,h, ∀i, g, h ∈ H (1) 

qi,g,h −� ri,g,a,h
dn

α

≥ ui,g,h ⋅ Mi,g, ∀i, g, h ∈ H (2) 

qi,g,h − qi,g,h−1 ≤ ui,g,h−1 ⋅ Ri,g + sui,g,h ⋅ Ki,n ⋅ AFi,g,h ∀i, g, h ∈ H (3) 

qi,g,h−1 − qi,g,h ≤ ui,n,g−1 ⋅ Ri,g + sdi,g,h ⋅ Ki,n ⋅ AFi,g,h ∀i, g, h ∈ H (4) 

� sdi,g,hh

hh∈��h−Mi,n
dn≤hh�∩(hh≤h)�

≤ 1 − ui,g,h, ∀i, g, h ∈ H (5) 

� sui,n,h ≤ ui,n,h

hh∈��h−Mi,n
up≤hh�∩(hh≤h)�

, ∀i, g, h ∈ H (6) 

ui,n,h − ui,n,h−1 = sui,n,h − sdi,n,h , ∀i, g, h ∈ H (7) 

sui,n,h + sdi,n,h ≤ 1, ∀i, g, h ∈ H (8) 

 
The model determines the optimal schedule of plants and flows over interconnections, 
maximising the social surplus (sum of consumer and producer surplus), shown in (9). while 
satisfying the system - and plant-related constraints. Qi,h denotes the hourly demand for 
electricity, di,h the non-increasing demand function, which depends on prices. bi,g,h and 
bri,g,α,h

up , bri,g,α,h
dn  reflect the bids of producers, concerning the supply of energy, upward and 

downward reserve respectively, expressed as non-decreasing.  For simplicity, the penalty 
costs related to possible curtailment of load, variable renewable generation and possible 
failure to meet the requirements for ancillary services and short-term flexibility are not shown 
below. Each power system i is part of a network and exchanges energy σ and ancillary 
services with neighbouring countries. The modelling of cross border flows over 
interconnectors follows the DC linearized power flow approach, but the full set of equations 
is not shown below for simplicity. A detailed presentation of the modelling can be found in 
[26]. 
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The market-clearing conditions reflect the energy demand Qi,h to be met in (10) and the 
ancillary services requirements, denoted by RDi,a,h

up , RDi,a,h
dn  in (11) - (12) used to cover the 

needs for short-term flexibility requirements. 
Qi,h = σi,h + ��qi,n,h�

n

 ∀i, h ∈ H (10) 
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≥ RDi,a,h
up , ∀i, h ∈ H (11) 

� ri,n,a,h
dn

n

≥ RDi,a,h
dn , ∀i, h ∈ H (12) 

 
3.3. Measuring multi-hour (medium-term) flexibility 

Multi-hour flexibility encompasses the upward and downward variability on a multi-hour 
timescale within a day. For analysis purposes, we assume that the forecasting of the multi-
hour variation of the generation by variable RES is perfect, as the effect of forecasting errors 
is addressed by short-term flexibility. Even if these variations are predictable, the system still 
needs to schedule adequate resources (including demand response and flows over 
interconnectors) to meet the net load changes in a reliable way, avoiding excessive 
curtailment of RES or demand. 
Multi-hour flexibility can be defined as the variations, occurring in a time interval ∆h =
1 hour. The origins of these variations are the volatile generation of variable renewable and 
the counter-intuitive variations of power generation from dispatchable generation sources and 
flows over interconnectors, due to technical reasons.  
Suppose a power system with an hourly load Lh, calculated as the sum of electricity demand 
of different electricity consumers and transmission and distribution losses. Electricity demand 
can be met by generating units n, which provide an hourly output level Qn,h. Some of these 
units are dispatchable plants d, e.g. thermal or nuclear power plants, hydro plants with a dam, 
while others reflect must-run generation plants, e.g. variable renewables, district heating 
plants etc. and are denoted by nd. The net load represents the residual demand, after 
subtracting the generation from vRES and other must-run generation28 from electricity 
demand – as shown in (22), that dispatchable plants must cover. On this basis, (23) measures 
the multi-hour flexibility needs driven by the variability of variable renewable 
generation, MFDi,h

NL. 

                                                
28 Must-run generation represents mainly the electricity generation from RES and cogeneration (CHP) plants, 
which provide heat to district heating networks or industrial onsite CHP plants, which provide steam to an 
industry. The power generation level of these plants is mainly driven by the heat/steam requirements rather than 
the level of electricity demand. 



 

 

NLh = Lh − � Qn,h
n∈nd

  ∀h (22) 

MFDNL,h = |NLh − NLh−Δh|  ∀h (23) 
 
Although the dispatchable generation is mainly seen as a flexibility supplier, this is not always 
the case. Power plants do not always supply the system with flexibility, but also create in 
some cases additional needs for flexibility due to their technical limitations (e.g. technical 
minimum operating levels, ramping rates, minimum up and down times, contribution to 
reserve requirements). These limitations, either plant- or system-related (reserve 
requirements), impose certain restrictions and may change the dispatching schedule of a plant 
in a counterintuitive manner.  
For example, let us consider a simple power system, which has two conventional – thermal- 
units A, B and significant penetration of PV. Figure 4 illustrates the system’s dispatching 
schedule for a typical day, where we observe the “duck-curve” effect due to the significant 
PV penetration. We observe that net load drops sharply in the morning (7-10) due to increased 
production of PV; the plants are therefore called upon to gradually reduce their electricity 
production, following the movement of the net load. At these times Unit B significantly 
reduces its output, thereby providing flexibility to the system; however, at the same time the 
production of Unit A appears to increase, forcing Unit B to reduce its output even further.  
In a pure energy-only market the merit plant (e.g. unit B) would decrease its operating level, 
following the changes of the net load. In reality, the dispatching schedule is the result of a 
unit commitment algorithm, respecting the plant- and system-related technical restrictions 
(i.e. technical minimum, ramping rates, minimum up and down times, reserve requirements) 
and affecting the output levels of power plants. Thus, in some cases, dispatchable sources 
(e.g. unit A) may alter their output level opposite to the direction of the net load movement. 
The justification of this example could be as follows; unit A increases its generation level to 
provide downward reserve as the operating level of unit B reaches the technical minimum 
level, thus cannot provide downward reserve to the system. Then unit B will have to ramp 
down, even more, to compensate for unit A increasing its operating level. 

 
Figure 16: Example of flexibility provision (unit B) and adverse ramping (unit A); Source: own calculations 

At these times, the generation of power plants is considered to be part of the flexibility 
demand, as shown in (24), while at times when power plants change their output level to the 



 

 

same direction with the net load movement, their generation becomes part of the flexibility 
supply, as shown in (25). 

MFDn∈d,h

= ��Qn,h − Qn,h−Δh�, if �Qn,h − Qn,h−Δh� ∗ (NLh − NLh−Δh) < 0
0,   else

 

∀h, n (24) 

MFSn∈d,h

= ��Qn,h − Qn,h−Δh�, if �Qn,h − Qn,h−Δh� ∗ (NLh − NLh−Δh) > 0 
0, else

  

∀h, n (25) 

 
The same classification in flexibility demand and supply also applies to variations of flows 
over power interconnectors. Grid-related technical restrictions, such as interconnector 
capacities and the Kirchhoff’s laws, block the flow of electricity on the transmission lines and 
may result in interconnection flows, which vary at the opposite direction of the net load 
movement. The hourly level of net imports NLh, calculated as the difference between 
electricity imports and exports in a system, may provide flexibility, as shown in (26) or create 
additional needs for flexibility, as shown in (27). 

MFDΝΙ,h = �|ΝΙh − ΝΙh−Δh|, if (ΝΙh − ΝΙh−Δh) ∗ (NLh − NLh−Δh) < 0
0,   else    ∀h (26) 

MFSΝΙ,h
= �|ΝΙh − ΝΙh−Δh|, if (ΝΙh − ΝΙh−Δh) ∗ (NLh − NLh−Δh) > 0 

0, else  

∀h (27) 

 
Dispatchable resources, such as conventional units and electricity exchanges between power 
systems, provide multi-hour flexibility to the system by adjusting their hourly output 
according to the direction and the magnitude of the net load movement. Energy storage 
technologies and demand response mechanisms (e.g. interruptible load, controlled charging 
of EVs) play a vital role in increasing the flexibility of the system. The contribution of these 
resources is twofold; firstly, these technologies can smooth out the fluctuations of the net load 
curve, reducing the cyclical operation of conventional units by shifting load from peak to off-
peak times. Secondly, these resources allow for greater penetration of variable-generation 
RES, by storing the surplus RES generation, which would have to be curtailed for technical 
reasons, and injecting it into the system at later times, such as is shown in Figure 5.  



 

 

 
Figure 17: Illustrative example of the provision of multi-hour flexibility from storage technologies; Source: own 

calculations 

Following the same classification in flexibility demand and supply as above, storage plants 
may create additional needs for flexibility, Eq. (26)-(27) or provide flexibility to the system, 
Equations (28)-(29) by adjusting the amounts of electricity extracted (EXs,h) from the system 
(charging phase) and electricity injected (INs,h) into the system (discharging phase). 
MFDs,h

IN =

��ΙNs,h − ΙNs,h−Δh�, if �ΙNs,h − ΙNs,h−Δh� ∗ (NLh − NLh−Δh) > 0
0,   else

   

∀h (26) 

MFDs,h
EX =

��EXs,h − EXs,h−Δh�, if �EXs,h − EXs,h−Δh� ∗ (NLh − NLh−Δh) < 0
0,   else

   

∀h (27) 

MFSs,h
IN = ��ΙNs,h − ΙNs,h−Δh�, if �ΙNs,h − ΙNs,h−Δh� ∗ (NLh − NLh−Δh) < 0 

0, else
 
∀h (28) 

MFSs,h
EX

= ��EXs,h − EXs,h−Δh�, if �EXs,h − EXs,h−Δh� ∗ (NLh − NLh−Δh) > 0 
0, else

 

∀h (29) 

 
Consequently, the level of total flexibility needs is the sum of flexibility demand of different 
origins, as shown in (30) 

MFD =  �  (MFDNL,h + �MFDn,h 
n

+ MFDNI,h + �MFDs,h
IN + MFDs,h

EX

s

) 
h

  (30) 

The total amount of flexibility supply is the aggregation of the individual flexibility supplied 
by each type of resource. 

MFS =  �  (�MFSn,h 
n

+ MFSNI,h + �MFSs,h
IN + MFSs,h

EX

s

) 
h

  (31) 



 

 

3.4. Measuring long-term flexibility 
Long-term flexibility is related to covering the mismatches between electricity demand and 
supply over a longer timeframe, induced by the weekly and seasonal fluctuations of the 
electricity demand level and the production from variable RES generation.  
Electricity demand levels vary intra-annually depending on a combination of different factors. 
Each country shows different levels of demand across seasons depending mostly on the 
climatic conditions, the structure of the economy, the consumers’ habits and the type of end-
use applications using electricity in buildings, industries, services and transport. Currently, 
the electricity demand appears to be higher during winter months in the vast majority29 of the 
European countries mainly due to electricity used for heating purposes.  
As shown in Figure 6, the electricity consumption levels in countries such as France and 
Sweden differ significantly between winter and summer. Electricity demand in winter appears 
to be notably higher than in summer in these countries due to the use of electricity for heating 
purposes and the absence of electricity demand for cooling purposes, among others. Germany 
and Spain show a smaller gap between winter and summer electricity consumption, while 
summer demand in Greece and Italy exceeds winter levels due to electricity used for cooling 
purposes (air-conditioners) and other reasons (e.g. touristic season). 

 
Figure 18: Seasonal pattern of electricity consumption across EU countries; Source: own calculations 

Apart from the seasonal variability, the pattern of electricity consumption shows high 
variations across days, mostly between working days and weekends. Electricity demand 
during weekends appears to be notably lower than in working days. From an operational 
perspective, moving from a working day to a weekend requires reducing the production from 
dispatchable power plants, in order to meet the decreased demand. In systems with a high 
contribution of variable RES in the power mix, balancing the inter-weekly variations of 
demand adds complexity to the dispatching, as the output of variable RES cannot be fully 
controlled. Therefore, the use of flexible resources with the ability to provide weekly (and 
seasonal) balance becomes essential for the system’s resilience. 

                                                
29 Italy, Greece, Malta and Cyprus appear to have slightly higher electricity demand during summer months due 
to increased use of electricity for cooling purposes (air conditions), while in terms of power capacity the yearly 
peak lies clearly in summer months. 



 

 

 
Figure 19: Electricity consumption patterns in Germany; Source: own calculations 

 
Figure 20: Electricity consumption patterns in Sweden; Source: own calculations 

In the years to come, measures promoting the electrification of end-use applications both in 
mobility and heating and cooling uses are expected to be implemented. While the 
electrification of transport is not expected to change significantly the seasonal pattern of 
electricity consumption30, a strong shift towards the use of electricity for heating\cooling 

                                                
30 To the authors’ knowledge, the impact of the mobility electrification on the seasonal characteristic of 
electricity consumption has not been widely discussed in the literature.  Electricity consumption of EVs is 
affected by the travel distance and travel duration (time), the later influenced significantly by the traffic 
congestion. During summer the use of private cars for inter-urban trips may increase, as summer is considered 
a vacation period for most EU counties; this also may lead to less traffic congestion for intra-urban trips and 
thus lower electric consumption. We assume that the activity of transport does not present any significant 
electricity consumption seasonality. 



 

 

purposes could lead to an even greater variation of the electricity demand levels across 
seasons, especially in Northern EU countries (with cold climate). In Southern countries, 
cooling is already electrified and thus the potential uptake of heat pumps may smooth the 
seasonal variation of electricity demand in buildings. For countries like Italy and Greece, the 
electrification of heating could help close the seasonal variation between winter and summer, 
but for the majority of EU countries, the gap will be widened, thus posing additional 
challenges for the efficient system operation. Moreover, electrifying heating, especially in 
households, could also help to limit the consumption gap between working days and 
weekends. For example, Fig. 8 shows the average daily curve in Sweden for working days 
and weekend, where already electricity is widely used for heating purposes; comparing Fig. 
8 to Fig. 9, one observes that the gap between demand levels in working days and weekends 
is more pronounced in Germany than in Sweden. On average, electricity demand in weekend 
days is 16% lower than in working days in Germany, while in Sweden the difference drops 
to 9%. 
The second driver inducing weekly and seasonal variability lies in the seasonal patterns of 
variable RES generation. The average production of variable RES varies by week and season 
due to weather and meteorological conditions. Wind turbines usually achieve higher 
utilisation factors during winter and autumn, while PV generation peaks during summer and 
spring, as shown in Fig. 9.  

 
Figure 21: Seasonal pattern of wind and PV generation in EU28; Source: own calculations 

Even if seasonal variability of wind and solar PV appears to be complementary, balancing the 
generation of variable renewable resources on a multi-day basis is more complex due to wind 
generation patterns. Wind generation does not have a diurnal profile (like solar PV), but 
depends on weather regimes lasting from days to weeks, which are not country-specific but 
affect larger geographical areas. Figure 10 presents the daily average utilisation factor of the 
onshore wind generation in EU28 for the year 2015. The pattern of wind generation usually 
follows multi-day cycles, lasting from a few days up to a week or two. A prolonged period of 
low wind during winter, when solar PV achieves lower utilisation factors, combined with 
high demand levels (i.e. due to heating needs) could pose severe challenges to a power system, 
relying strongly on variable renewable generation. Such cases in the EU system even today 
raise concern from the system’s adequacy perspective, as Elia discusses in [27]. 



 

 

 
Figure 22: Example of multi-day variability of wind onshore in the EU28: Source: own calculations 

A fundamental characteristic of the power system is that (in the absence of large-scale storage 
capacity) electricity demand must be met by electricity supply at all timeframes, ranging from 
seconds\minutes, to days, weeks and seasons. Therefore, the power system should cover the 
potential mismatch of demand and supply at all timeframes. In order to effectively achieve 
the transition to systems with very high penetration of renewables, the available resources 
must be able to provide the required flexibility in a longer timeframe both upwards and 
downwards, in order to cover the multi-day and seasonal variability of load and volatile RES 
generation.  
Meeting this type of variability requires system resources, which can provide the required 
long-term flexibility. For measuring long-term flexibility needs, we compare the seasonal-
average and annual-average level of net load. In case the average net load of a season is higher 
than the annual average level, system needs upwards long-term flexibility, meaning an 
increase of the electricity supply. On the opposite, the decrease of electricity generation (or 
the need to increase demand by storing the excess electricity) is required during a season with 
lower net load, compared to the average annual. Equation 30 presents the long-term flexibility 
needs LFDs, calculated for each season s, given the net load NLh for each hour of the year h 
as follows: 

LFDs =
∑ NLhh∈s
∑ hh∈s

−
∑ NLhh
∑ hh

 ∀s (30) 

 
Figure 11 presents a graphical example of the needs for long-term flexibility in a power 
system located in a Southern country. During winter and summer months, net load is 
increased, compared to spring and autumn, mostly due to the variations of the demand. In 
case of a scenario assuming intense electrification of heating and significant penetration of 
solar PV, the seasonal variations of net load could change as following; increased 
electrification of heating will drive increased electricity demand during winter, while the 
penetration of solar PV will lower the net load levels during summer. 



 

 

 
Figure 23: Illustrative example of long-term flexibility needs 

The need for upward flexibility during winter reflects the need for additional electricity 
supply; this could be met by increased generation from dispatchable plants. On the contrary, 
downward flexibility represent the ability of the system to reduce the operating levels of 
electricity supply, without the risk of overgeneration and avoiding significant amount of 
renewable curtailment. These risks can be averted by the participation of system resources 
(energy storage facilities), which would increase the demand levels by storing the excess 
energy. In this way, it is possible to smooth the seasonal fluctuations due to the variable 
production of RES, the different profiles of electricity demand or other resources subject to 
seasonal constraints, i.e. the production levels of hydropower plants is affected by the 
seasonality of water inflows. 

4. Modelling approach 
4.1. Context of the study and stylized scenarios 

The case study assumes that the EU implements ambitious energy and climate policies to 
drastically reduce GHG emissions as low as required, in order to contribute to the global Paris 
Agreement goal to limit average temperature increase to well below 2o C relative to pre-
industrial levels and make every effort to limit the increase to 1.5C. There are several ways 
to reduce GHG emissions and achieve deep decarbonisation and climate-neutrality, i.e. 
through upscale of variable RES, electrification of end-uses, energy efficiency improvements, 
and investment in new clean fuels (hydrogen, advanced biofuels or clean e-fuels). Each low-
carbon transition pathways faces uncertainties regarding the economic and commercial 
maturity of different technologies.  Increased mitigation effort and ambitious climate policies 
are required in order for the EU energy system to be transformed into a low-carbon paradigm. 
Each decarbonisation pathway can be achieved by the effective implementation of certain 
policy options. The different policy options can be classified into two categories, the “no-
regret options” and “disruptive changes” namely, as proposed by Capros et al. in [28]. “No-
regret options” reflect policies and technological options that either are already being 
implemented in EU countries or their implementation is part of the 2030 climate and energy 
policy package. “No-regret” options include ambitious energy efficiency in end-use sectors, 
RES expansion in the power sector, electrification of mobility and heating uses and the 



 

 

deployment of advances biofuels. The policy options of the “disruptive changes” category 
induce significant changes to the structure and operation of the energy systems and energy 
markets for both consumers and suppliers and introduces new practises and new business 
models (e.g. sharing of vehicles, circular economy, secondary materials production via 
recycling).  
The power sector already experiences drastic changes due to the high uptake and decreasing 
costs of renewables that substitute fossils, while coal-phase out policies are currently 
implemented, or soon-to-be, in various EU countries. Therefore, policies promoting a 
significant penetration of renewables and their effective integration to the power system 
operation, are considered as “No-regret options”, being an essential part of the EU 
decarbonisation strategy. On the other hand, policies targeting the full decarbonisation of end-
uses and eliminate the unabated emissions are part of the “disruptive changes”.  
In the current study, we analyse two contrasting energy system configurations, which are 
based on different decarbonization pathways for drastically reducing the carbon footprint of 
the EU energy system. The first scenario, “Electrification”, reflects a pathway of intense 
electrification of end-uses, assuming that novel electricity-based technologies will reach 
commercial maturity (coupled with significant cost and performance improvement) and will 
be widely applied in end-use sectors (i.e. electric vehicles, heat pumps in buildings and 
industries). Electrifying most of the end-uses results in an increase in electricity demand and 
thus poses high investment requirements for power plants, electricity storage and 
transmission and distribution grids.  
The second scenario, “E-fuels”, explores a pathway, where synthetic fuels, such as synthetic 
gas, synthetic liquids, hydrogen etc., replace the use of fossil fuels in mobility, heating and 
industrial applications. These fuels will be produced using RES-based electricity and do not 
induce any disruptive changes to the system, as the current infrastructure, appliances and 
equipment could be maintained. While electricity demand from end-use sectors is kept at low 
levels due to efficiency measures, significant amounts of electricity are required to produce 
synthetic fuels. These two scenarios are selected, in order to assess how the different long-
term decarbonisation pathways interact with the power sector needs, focusing on the 
flexibility dimension. 

4.2. Model specifications 
For this exercise, we have used an enhanced model version, based on PRIMES Electricity 
modelling toolbox [29]. This enhanced model version includes a capacity expansion and unit 
commitment (UC) modelling. The UC modelling allows for a detailed representation of the 
technical operation of plants and system requirements (ancillary services), using MIP (Mixed 
Integer Programming) techniques. The model approach used is a fully integrated simulation 
over the European interconnected system using flow-based allocation. Regarding the plants’ 
capacities, the model keeps track of the vintages and determines endogenously new 
investments. 
The transition towards a system with high RES deployment drives increasing needs for 
balancing and storage; thus, the enhanced version of the model includes a variety of storage 
technologies, such as different types of batteries, power-to-X etc. In order to capture the trade-
offs of using different energy forms, the model provides a conjoint simulation of electricity, 
distributed heat and industrial steam, along with the production of hydrogen and synthetic 
fuels. Electricity tariffs by sector are calculated endogenously using Boiteux-Ramsey pricing 
for energy and Regulated Asset Basis pricing for the grid services. 



 

 

PRIMES-Electricity model covers all EU 28 Member States individually and also represents 
Norway, Switzerland and the Western Balkan countries, to account for electricity exchanges 
between the EU and neighbouring countries. The assumptions regarding the interconnections 
within each country and across the countries change over time, reflecting an exogenously 
assumed grid investment plan. Existing power capacity of transmission lines and new 
investments reflect the ENTSO-E data and the TYNDP 2017 [30]. The technical 
characteristics of transmission lines (thermal limits and admittance factors) use statistics 
collected from TSOs.  
The modelling horizon covers the period from 2015 up to 2070 with a 5-year time step and 
the optimisation is performed intertemporally, assuming perfect foresight. The model 
considers several days per annum in the simulation, which vary according to the type of 
season, type of day (e.g. working day vs. weekend) and the availability of renewable 
resources, with each day having 24 hours. The model covers more than 150 different 
technologies for investments and includes a detailed database for the existing plant fleet in 
the base year. Each plant uses one or more (co-blending) fuels as input for power\heat 
generation from a range of 25 different fuels, including e-fuels, hydrogen.  

5. Results 
5.1. Outlook of electricity demand and supply 

The projection of the energy system follows a decarbonisation pathway, leading to a 
85%reduction of CO2 emissions in the period 1990-2050 in both energy demand and supply 
sectors. The strong reduction in the use of fossil fuels in the end-use sectors is be achieved 
through the electrification of various energy uses in the “Electrification scenario” and the use 
of RES-based synthetic fuels in the “E-fuels” scenarios. 
Fig.12 illustrates the projection of electricity demand in EU28, split by consumption sector 
for both scenarios (Electrification and E-fuels). It is apparent that electricity demand for the 
end-use sectors (i.e. industry, domestic and transport) increases from current levels in the 
Electrification scenario. Nevertheless, the rate of the increase in electricity demand remains 
within reasonable levels, compared to the E-fuels scenario, as electric appliances and 
equipment (e.g. EVs) are more efficient, compared to technologies using combustible fuels. 
In the E-fuels scenario, the total amount of electricity demand increases mostly due to the 
additional amounts of electricity required to produce synthetic fuels and hydrogen, which are 
distributed to the consumers. Looking at the own-consumption in both scenarios, the decrease 
of solids-fired generation results in decreased needs for self-consumption of power plants. 
However, the deployment of energy storage technologies, used in order to balance the 
variable RES generation, leads to an increase of own consumption especially in the period 
after 2030. Summarising, Fig. 12 reveals high increases in EU electricity demand, as the total 
size of the EU28 electricity demand in 2050 in the E-fuels and Electrification scenario 
increases by more than 140% and 70% respectively, relative to 2015 levels. 



 

 

 
Figure 24: Electricity demand across scenarios for each sector of consumption in EU28; Source: PRIMES projections 

Electricity demand can be met by generation sources and net imports. Currently EU28 is 
typically a net importer of electricity, but electricity net imports account for only 0.6% of the 
gross electricity supply. The projection assumes that the level of net imports in EU28, 
presented in Fig.13, gradually decreases until 2030 and in the long-term the net imports of 
EU28 are close to zero. 

 
Figure 25: Net imports at EU28 level; Source: PRIMES projections 

Fig.14 presents the evolution of the power generation mix for both scenarios. The increase in 
electricity demand, which is becoming more pronounced after 2030, is covered mainly by the 
significant deployment of variable RES. The generation of solids-fired plants decreases 
significantly due to the increasing ETS prices and after 2035 only a few CCS solids-fired 
plants remain operational in the decarbonisation context. Power generation from dispatchable 
renewables, which includes hydropower plants with a dam and biomass-fired plants, shows a 
slight increase over the projection period. The potential for deploying large hydropower 
plants has already been exploited to the majority of EU28 countries, thus any additional 
investments are limited. Generation from biomass-fired plants after 2030 increases by a factor 



 

 

of three, compared to the 2015 levels. However, a further increase in biomass-based 
generation is blocked by limitations concerning the feedstock potential. 

 
Figure 26: Mix of power generation across the two scenarios; Source PRIMES projections 

As mentioned above, the renewable energy sources in power sector, show significant growth 
in both scenarios, led by the increasing penetration of variable RES. Fig. 15 provides the split 
of variable renewable generation in EU28 per resource type. The significant increase of 
variable RES generation stems mainly from the increasing deployment of wind and solar PV, 
while the shares of other types of variable RES, i.e. solar-thermal, geothermal, tidal etc., 
remain relatively low. Already in 2015, wind turbines are widely used in several EU28 
countries and wind generation accounts for 50% of the variable RES generation. Especially 
after 2030, wind generation dominates the variable RES mix also due to the development of 
wind offshore capacities, facilitated by cost reduction and the assumed DC super-grid 
connected the North Sea.  

 
Figure 27: Split of variable renewable generation in EU28; Source: PRIMES projections 

The widespread penetration of variable RES leads to increasing needs of balancing and 
storage. To this end, a very significant deployment of storage facilities is required to support 



 

 

the uptake of the increasing variable RES penetration. The model results, present in Fig.16, 
show that the installed capacity of batteries in 2050 becomes four to seven times higher than 
2030 levels. The storage mix of 2050 varies between the two scenarios due to the different 
decarbonisation pathways followed. In the “E-fuels” scenario, the production of synthetic 
fuels assists the decarbonisation of the end-use sectors, while at the same time allowing to 
maximise the deployment of variable RES through the use of Power-to-X facilities providing 
storage services in the power system. In the “Electrification” scenario, the decarbonisation of 
demand sectors relies on the intense electrification of end-use applications rather than the use 
of synthetic fuels. Therefore, in the “Electrification” scenario, battery capacities are 
massively deployed, replacing the lack of widespread deployment of power-to-X capacities. 

 
Figure 28: Capacity of storage technologies in EU28; Source: PRIMES projections 

5.2. Flexibility needs 
5.2.1. Short-term flexibility 

Short-term flexibility needs relate to the uncertainty regarding the electricity load and the 
variable RES generation levels. Demand for electricity and the availability of wind and solar 
PV generation are subject to forecasting errors, which results in deviations between the 
dispatching schedule determined a day before and the operation of the system in real time. 
Power plants and other resources provide ancillary services to the system by immediately 
adapting their production level according to the TSO signals, in order to balance electricity 
supply and demand over short time frames ranging from a few seconds to several minutes.  
Figure 17 illustrates the evolution of the short-term flexibility supply provided by each type 
of resource at the EU28 level. The model results show that in the period 2025-2030 gas plants 
and dispatchable RES cover the majority of the short-term flexibility needs of the system. 
Gas-fired plants, CCGTs and peak devices, due to their high ramping rates are able to respond 
to the unpredictable variations of the net load. CCGTs must be dispatched to provide short-
term flexibility, opposite to peak devices, which can be activated within a few minutes to 
provide upwards flexibility. However, as peak devices are dispatched only a few hours per 
annum due to their high variable costs, their contribution to downward flexibility is limited. 



 

 

 
Figure 29: Short-term flexibility supply per resource type in % at EU28 level; Source: PRIMES results 

Dispatchable RES, mostly large hydro plants with a dam, are also valuable sources for 
providing short-term flexibility, able to ramp upwards or downwards very fast; also, these 
plants are not subject to technical limitations, such as minimum up and down times and 
technical minimum operating levels. Although the operation of hydro plants is subject to 
energy limitations due to the water availability levels and the storage capacity of the reservoir, 
they are well-equipped to cover the short-term fluctuations of the net load. The same applies 
also to pumped storage plants, but with an additional limitation related to the charge-discharge 
cycle. More specifically, these plants can supply the system with short-term flexibility, either 
upward or downward, provided that they have previously stored energy and\or they are online 
at that time. Concluding, the contribution of pumped storage plants to short-term flexibility 
supply, although notable, is limited by the low operating hours and also the exploitation of 
available sites for new investments. 
Solids-fired plants are considered as rather inflexible plants due to low ramping rates and high 
technical minimum operating levels. Nevertheless, these plants are able to provide short-term 
flexibility, but to lower levels than gas plants and dispatchable RES. In the long-term, solids-
fired plants cease to exist due to high ETS prices and the implementation of coal phase-out 
policies in the decarbonisation context.  
Nuclear power plants are also considered as inflexible plants due to their technical 
characteristics. In reality, newly built nuclear reactors have more advanced characteristics, 
which may support the use of nuclear plants for frequency control and load-following 
operation. The main driver limiting the contribution of nuclear plants to the total supply of 
short-term flexibility, is more related to the merit order rather than technical issues. Nuclear 
plants have low variable costs; thus, the most cost-efficient choice from a system’s 
perspective is to use the full capacity of nuclear plants for providing energy, rather than 
withholding a part of nuclear capacity for reserve purposes. Therefore, nuclear plants operate 
mainly in baseload mode and their contributions to short-term flexibility is lower compared 
to mid-merit plants, such as gas-fired ones. 



 

 

It must be noted that the use of interconnectors is very important, as it allows the cost-efficient 
sharing of balancing and flexibility resources between the interconnected electricity system 
of Europe. This is not illustrated in Figure 17, as the figure presents the sum of short-term 
flexibility supply across the individual EU28 countries. Short-term flexibility is exchanged 
through the use of interconnectors, but as EU28 is considered as a closed system, the short-
term flexibility supply from cross-border flows sums to zero. 
Looking at 2050, gas-fired power plants and dispatchable RES continue to provide significant 
short-term flexibility services to the system along with new flexible resources. While in 2025 
and 2030 gas plants, mostly CCGTs, along with dispatchable RES dominate the short-term 
flexibility supply, in 2050 their shares decrease in both scenarios and more notably in the 
“Electrification” one. CCGTs must be already dispatched, in order provide either upward 
flexibility by an incremental change of their output level or downward flexibility by 
decreasing their generation. Due to the significant deployment of variable RES and the high 
ETS prices, the operating hours of gas plants are projected to declineand so does their 
contribution to short-term flexibility supply. In the “E-fuels” scenario, gas plants are being 
dispatched more, using a mix of natural gas and RES-based hydrogen among others, and as 
they operate at higher load levels, compared to the “Electrification” scenario, their share of 
short-term flexibility supply increases.  
The changes of the power generation mix in 2050 affects also the resource mix providing 
short-term flexibility. The transition towards a decarbonised power system with significant 
amounts of RES requires innovating changes in the balancing markets. Already several 
European countries, e.g. Germany, Italy, and most recently the UK, changed the design of the 
balancing markets, in order to include new participants, such as battery storage systems. Up 
to now utility large-scale battery storage systems are mostly used to provide frequency 
regulation. With the increasing penetration of variable RES and the uptake of smart systems, 
decentralised resources, such as behind-the-meter batteries (BTM), would be able to provide 
services for reserves purposes through aggregators (virtual power plants). Already in 
California, the system operator (CAISO) allows distributed resources to participate to 
ancillary services market [31]. 
In 2050, the model results show that storage plants, mostly batteries, cover more than one-
third of the short-term flexibility needs in both scenarios. While batteries can be used for 
providing short-term flexibility on a very short-time scale for several seconds, using batteries 
for longer periods within the hour encounters issues related to their energy limitations. The 
optimal mix from a system perspective is to use batteries for coping with the very short-
fluctuations, which have very fast response, and then have as back-up other resources to take 
over the short-fluctuation of several minutes, such as gas-fired plants or dispatchable RES. 
Variable renewables provide also short-term flexibility to the system, in the sense that their 
generation can be curtailed when downward flexibility requirements are not met by other 
resources. The widespread use of variable RES curtailment for balancing purposes has a 
negative impact on the financial viability of investments in renewable energy sources and on 
CO2 emissions and therefore is not a cost-effective source of flexibility (and should be 
avoided). Hence, the contribution of variable renewables to short-term flexibility is very 
limited. 

5.2.2. Multi-hour flexibility 



 

 

The concept of multi-hour flexibility relates to the variations of the net load on a multi-hour 
timescale within a day in both upward and downward directions. These variations are induced 
by the variability of electricity demand and the variable renewable generation patterns.  
In a pre-renewable era, the main source of variability in power systems within a day was the 
variations of demand levels. The deployment of variable renewables and the dispatched-as-
available nature of their generation changes drastically the curve of the residual demand, 
which must be met by the residual resources of the system (e.g. dispatchable plants, storage 
facilities etc.). Especially the penetration of solar PV, whose generation presents a diurnal 
cycle, reshapes significantly the daily residual load curve.  
Fig. 18 illustrates the change of the net load curve assuming increasing penetration of solar 
PV. Initially, the system required the ramp-up of units and\or additional start-ups of units 
during early morning hours, in order to meet the morning peak (see point 2 in the figure). 
During noon hours, and especially during night hours, when demand drops at lower levels, 
some power plants were required to decrease their generation and operate at partial-load 
levels. Nevertheless, these plants were kept online, in order to accommodate the daily peaks 
taking place at later time intervals (point 1) mostly during afternoon hours.  
This dispatching profile has changed due to the generation profile of solar PV, which present 
a peak during noon hours, creating thus a valley in the net load in the mid-day. This change 
of the residual demand shape, named as “duck curve” by the Californian TSO [32], entails 
two additional requirements for the system; firstly, it creates increasing needs for downward 
and upward ramping to accommodate the starting and the end of PV generation (point 3 in 
the figure). Secondly, it induces the increasing risk of overgeneration during noon hours, 
when solar PV generation peaks (point 1 in the figure) and dispatchable plants operate close 
to their technical minimum levels.  

 
Figure 30: Illustrative example of multi-hour flexibility requirements induced by solar PV; Source: own calculation 

Unlike solar PV, the generation of wind turbines does not have a single diurnal profile, as its 
shape may differ significantly across different days. In some days wind generation may follow 
a monotonously ascending or descending trend within the day. Other days wind generation 
patterns may appear to be complementary or correlated to the PV ones, while in other cases 
wind generation may present a sudden drop or increase during the day. To this end, deploying 
a combination of wind turbines and solar PV plants could decrease the multi-hour variability 
in some cases, as discussed by Grams et al. [33] and Jerez et al. [34] among others. 
Fig. 19 depicts the effect of wind and solar PV penetration to multi-hour flexibility needs in 
EU28, the later expressed as a percentage of the net load. The electricity generation of 
variable RES increases significantly across the projection period as PV and wind are projected 
to cover over 65% of the total demand for electricity in 2050 in the decarbonisation scenarios. 



 

 

Multi-hour flexibility needs are found to increase exponentially to the share of variable RES, 
as shown in the upper part of Fig. 15. In 2050, multi-hour flexibility needs become four times 
higher, compared to current levels. In the lower part of the same figure, we illustrate the 
relation between the multi-hour flexibility needs and each variable RES technology. The 
results corroborate the view that the penetration of solar PV is a strong driver for the 
increasing flexibility needs within a day due to the diurnal periodicity of PV-based generation. 

 
Figure 31: Multi-hour flexibility needs, induced by the variability of vRES generation; Source: Primes results 

The ratio of annual multi-hour flexibility needs to the net load, as shown in Fig. 19, reflects 
the average variation of the net load. In other words, a level of 10% multi-hour flexibility 
needs could be interpreted as the need to have stand-by or committed a pool of dispatchable 
resources, able to adjust its generation upwards or downwards by 10% on average between 
two consecutive hours. This metric does not reflect the “worst case”31 scenario during 
extreme events32, which would be the focus of a flexibility adequacy study; but this lies 
beyond the scope of this study. Nevertheless, this metric aims to illustrate the structural 

                                                
31 Nevertheless, it was found that during extreme events within a year the multi-hour flexible capacity, in order 
to accommodate high shares of wind and solar generation, reaches more than 50% of the yearly peak net load. 
32 Extreme events can be considered consecutive hours, when there is a sudden decrease of wind generation 
during afternoon hours, when solar PV generation decreases and at the same time load tends to peak load levels 
are high (risk of load cut); or during noon, when generation from solar PV peak, with significant increase of 
wind and solar PV generation combined with low load levels (overgeneration risk). 



 

 

changes that the power system is undergoing and the impacts on flexibility. The increasing 
variable RES generation leads to the significant decrease of net load, hence less conventional 
capacity is being dispatched. While the share of conventional capacity decreases, these plants 
have to provide greater flexibility by adjusting constantly their output level to accommodate 
the increasing variable RES generation.  
Today’s power systems achieve the balancing of load and variable RES mostly via the load-
following operation of mid-merit plants, e.g. CCGTs, along with the charge-discharge cycles 
of pumped-storage facilities. As mentioned in section 3.3, the variability of load and RES 
generation is not the only driver of flexibility. The dispatching of inflexible power plants, i.e. 
solids-fired plants and nuclear plants, and counter-intuitive flows due to grid issues, along 
with the need to meet the reserve requirements of the system may create additional needs for 
flexibility.  
Fig. 20 decomposes the multi-hour flexibility needs per origin for the years 2025, 2030 and 
2050. The results of the two contrasting decarbonisation scenarios are presented, as discussed 
in section 4.1. The results show that the variation of the net load is the main driver of 
flexibility needs on a multi-hour basis, especially in the long-term when the share of variable 
RES increases significantly. Inflexible plants, i.e. nuclear and solids-fired plants, which are 
being dispatched as base-load plants due to their low variable costs, do not operate in a load-
following manner; thus, these plants create additional variation, which the remaining 
resources must cover. Solids-fired generation is projected to decrease over the projection 
period, as these plants are not competitive due to the rising ETS prices. Therefore, the 
additional flexibility needs stemming from the operating schedule of solids-fired plants 
reduces in 2030 compared to 2025, while in 2050 become negligible.  
Gas-fired plants, mostly CCGTs, are providing load-following and ramping services, as they 
exhibit a cyclic dispatching schedule with frequent start-ups. Moreover, they provide 
ancillary services to the system, either by withholding a part of their capacity to be used as 
upwards reserve or by operating above their technical minimum in order to provide 
downwards reserve. Therefore, their operation may present variations in the opposite 
direction of the net load movement, as discussed in section 3.3, but to a lesser extent than the 
variations owing to the generation profile of inflexible plants.  

 
Figure 32: Decomposition of multi-hour flexibility needs per origin in %, at EU28 level; Source: Primes results 

The flows over interconnectors are subject to technical restrictions. These restrictions are as 
follows; the two Kirchhoff’s laws, applicable to AC interconnectors; restrictive NTC values, 



 

 

applicable to (pairs of) neighbouring countries, which limit the level of cross-border 
exchanges; and the maximum capacity of interconnectors for both AC and DC transmission 
lines. These technical limitations may result in loop flows in several cases, creating thus hour-
to-hour variations on the opposite direction of the net load movement. It must be noted that 
the contribution of cross-border flows to flexibility at the EU28 level is calculated as the sum 
of the national flexibility needs, meaning a separate calculation for each country. Therefore, 
in case a country “exports” flexibility to a neighbouring one, this is accounted as additional 
flexibility requirements for the first country, while for the second as flexibility supply.  
The use of interconnectors for cross-balancing is proven to be an important flexibility 
resource to the system due to the complementary pattern of wind and load across the EU 
countries, as mentioned in [33]. The drop of additional flexibility needs due to the pattern of 
cross-border flows mainly in 2030, compared to 2025, is attributed to the assumed grid 
reinforcements and the removal of restrictive NTC values due to the implementation of the 
EU Internal Electricity Market.  
Focusing on the long-term, the additional decrease of flexibility needs originated by 
interconnector flows is also driven by the decreased wholesale price differentials across the 
EU electricity markets. Price differentials are currently the main driver for cross-border 
electricity trade. These differentials are due to the different power generation mix deployed 
in each country. In 2050, apart from countries with significant nuclear capacity, the power 
supply mix is more or less similar across the EU28. The results of the simulations show a 
decreasing trend of the energy exchanges, measured as the sum of national net imports per 
annum, while the volume of cross-border trade, measured as the sum of hourly flows over 
interconnectors, appears to increase. This result means the following. Moving towards a zero-
emission electricity system, where each country has a similar power mix based on the use of 
variable RES, the nature of cross-border electricity exchanges changes drastically. EU 
electricity trade is not primarily based on the exchange of energy between countries but 
becomes more related to the exchange of balancing services due to the complementarity of 
load profile and wind generation between countries. 
Dispatchable RES, mostly hydro plants with a dam, are mainly smoothing the net load curve, 
acting as “peak-shaving” plants in all decarbonisation scenarios. As a result, their contribution 
to the creation of additional flexibility requirements was found to be negligible.  
An important conclusion drawn from the results is that heading towards higher shares of 
variable RES, the bulk power mix becomes more flexible. It is a reasonable outcome, 
considering the increased needs for balancing, which stem from the significantly high 
renewable penetration. In 2050, the net load variations are responsible for at least 75% of the 
multi-hour flexibility. In other words, along with the increasing penetration of variable RES, 
the system deploys more resources able to operate in a net-load following manner. Comparing 
the two scenarios, the E-fuels scenario deploys additional variable RES plants, in order to 
meet the additional electricity demand for producing synthetic fuels. Therefore, the 
contribution of the net load to the multi-hour flexibility appears to be higher by 3 pp., 
compared to the Electrification scenario; thus, the share of flexibility needs, which are 
induced by the variation of cross-border flows along with the nuclear and gas-fired 
generation, is lower in the “E-fuels” scenario. 
The multi-hour flexibility requirements discussed above are met by a pool of different 
resources. Fig.21 presents the contribution of each resource type in percentage terms to 
meeting the flexibility requirements at EU28 level. Dispatchable RES, flows over 
interconnectors, gas-fired plants and storage facilities are the main providers of flexibility 



 

 

needs in a multi-hour scale. Each flexibility resource is subject to certain restrictions for 
providing flexibility services. For example, measuring flexibility possibilities of thermal 
power plants considers technical unit-level operating parameters, such as ramping rates, 
minimum power output, minimum up and down time and reserve capabilities. Hydro and 
storage plants are subject to energy constraints, apart from capacity limitations.  The 
flexibility provided by interconnectors is affected by a combination of factors, such as the 
technical limitations of the power grid, the capacity mix of each country and the non-
simultaneity of load and renewable generation levels.  
Apart from the technical restrictions, the mix of resources, providing multi-hour flexibility, 
is the outcome of an optimisation, meaning that the optimal mix is determined by considering 
also the cost-competitiveness of each resource. To this end, storage facilities become 
indispensable providers of multi-hour flexibility in 2050 for a number of reasons mentioned 
as follows. Gas-fired generation becomes less competitive in 2050 due to high ETS price, 
although these plants co-blend biogas and hydrogen along with natural gas. Concerning 
dispatchable RES, the potential for large hydro plants with a dam has already been exploited, 
while feedstock limitations do not allow for a large-scale expansion of biomass power plants.  
As mentioned before, flows over interconnectors towards 2050 tend to be used more for the 
exchange of balancing services between countries rather than energy purposes. Thus, they 
may provide balancing at times of complementary renewable (mostly wind) generation across 
different countries, but even so, this could happen at certain times of the year.  

 
Figure 33: Decomposition of multi-hour flexibility supply per type in %, at EU28 level; Source: Primes results 

Focusing on 2050, the flexibility resource mix, deployed to cover the multi-hour flexibility 
needs (Fig. 31), appears to be somehow similar in both cases. The most notable difference is 
the increase by 3 pp. of the flexibility supply, provided by storage plants in the E-fuels 
scenarios compared to the Electrification one. Having a closer look at the results shown in 
Fig. 22, one observes that in reality, the two contrasting scenarios deploy a different storage 
mix, in order to cover the multi-hour flexibility requirements of the system.  
Fig. 22 illustrates the split of flexibility supply per storage technology. Apart from the 
“conventional” storage technologies33, such as PHS and batteries, the system deploys power-
                                                
33 This study does not consider as a mature option, the power-to-Heat storage technology, in terms of the 
potential of storing energy in the district heating systems on a daily basis. Re-assessing the costs and benefits of 
this storage technology and improving the modelling of this option is ongoing research. 



 

 

to-X technologies providing the so-called “chemical storage”. We introduce two different 
services, which power-to-X facilities may provide to the system, namely the direct and 
indirect chemical storage. In general, power-to-X technologies use as input electricity, in 
order to produce synthetic fuels, i.e. hydrogen via electrolysis, synthetic gas via methanation 
of hydrogen etc. Power-to-X technologies may also act as storage facilities by storing excess 
electricity at times of overgeneration in the form of synthetic fuels. These synthetic fuels 
could then be used as fuels consumed directly by the end-use sectors, e.g. industry, transport 
etc., or could be blended along with natural gas within the gas pipelines, enabling thus the 
sector coupling. Moreover, synthetic fuels can be used as an input fuel to power plants, e.g. 
CCGTs co-blending natural gas and synthetic gas. 
Throughout this study, the term “direct chemical storage” refers to the adjustment of the 
electricity demand levels, used to produce synthetic fuels only for the power sector. On the 
other hand, “indirect chemical storage” describes the adjustment of electricity demand, used 
to produce synthetic fuels for the end-use sectors. While with the direct chemical storage 
facility, the power system deploys a resource, which can adjust both the demand and supply34 
of electricity levels, the indirect chemical storage service acts only as a demand-response 
mechanism.  
Figure 22 shows that in 2030 multi-hour flexibility supply by batteries increases significantly. 
The decreasing trend of battery costs and the increasing needs for flexibility of the electricity 
system are the main driver of this sharp increase. Moving towards 2050, the results show an 
increasing trend of flexibility provided by batteries. Flexibility supplied by pumped hydro 
storage plants (PHS) increases less intensely due to higher capital costs, compared to batteries 
and limitations regarding the potential sites for new investments in most EU countries. 
Nevertheless, the parallel increase of both conventional storage technologies (i.e. batteries 
and PHS) corroborates the view that no storage technology outperforms the others in all 
technical characteristics. On the contrary, the results of the model-based optimisation, 
considering also the deployment of chemical storage to both scenarios, suggests the 
deployment of diverse storage technologies, operating in a complementary way.  

 
Figure 34: Decomposition of multi-hour flexibility supply per storage type in EU28; Source: Primes results 

                                                
34 It must be noted that the flexibility supply from gas-fired plants using synthetic fuels as input fuel, is accounted 
to the “Gas plants” category shown in the figures and not to the “Direct chemical storage” one. 



 

 

Focusing on 2050, the results reveal that the sector coupling, which is enabled via the use of 
synthetic fuels in the end-use sectors, provides significant benefits to the power sector. Unlike 
other technologies, such as PHS, which have significant capital costs, the decision on 
investing to a power-to-X plant is affected more from the variable costs, e.g. electricity prices, 
as it is less capital intensive. Power-to-X facilities in the E-fuels scenario are deployed, in 
order to produce synthetic fuels for the end-use sectors. There are two options for determining 
the size of the power-to-X investment. The first is to invest in a power-to-X facility, whose 
maximum capacity matches the average demand (as energy-intensive industries currently do). 
In this way, the operating hours of the facility are maximised and the size of the capacity 
remains at the lowest possible levels – provided it meets demand -, leading to lower 
investment costs per unit of product output (i.e. MWh of synthetic fuel). The facility, if 
working on a close-to-full-time basis, would ideally require a power resource with a base-
load generation profile. Thus, the power-to-X facility would have to purchase energy from a 
diversified power generation portfolio (i.e. virtual power plant) consisting of variable 
renewables combined with some type of balancing resources. This would induce an increase 
in the variable cost component per unit of output, as the cost of the energy, provided by the 
diversified portfolio, will be higher compared to the case of purchasing energy only from 
variable renewable sources. 
The second strategy is to deploy an oversized capacity, with respect to the demand, of power-
to-X technology, which will be able to use the surplus of renewable energy when available. 
This option may entail higher investment costs, but it leads to the minimization of variable 
costs, as renewable-based electricity in 2050 is by far the most competitive technology of 
power generation (in terms of LCOE- Levelised Cost of Electricity). Especially at times when 
there is a surplus of renewable energy, which would otherwise have to be curtailed, the value 
of electricity drops significantly. 
Looking at Fig. 22, one may observe that indirect chemical storage provides one-fourth of the 
multi-hour flexibility supply among storage plants. This stems from the fact that the profile 
of electricity demand, used to produce synthetic fuels for the demand sectors, follows the net 
load movement, rather than being base-load. To this end, the model-based results show that 
the most cost-effective option is to invest in “oversized” power-to-X facilities, which can 
provide flexibility to the system and also help to accommodate higher shares of variable RES.  
The large-scale deployment of power-to-X facilities due to the achieved economies of scale 
promotes the use of direct chemical storage. Following the reasoning explained above, the 
optimisation results reveal that since power-to-X facilities are being deployed to meet the 
demand for synthetic fuels from the end-use sector, an additional increase of the power-to-X 
capacity, so as to produce additional fuels for power plants, appears to be competitive. 
Therefore, in the E-fuels scenario, the share of flexibility supply from direct chemical storage 
to the flexibility supply of the total storage fleet becomes more than six times higher, 
compared to the Electrification scenario. The increased supply of multi-hour flexibility from 
both types of chemical storage in percentage terms and in TWh comes to the detriment of 
batteries and PHS. While chemical storage has the additional ability to provide long-term 
flexibility, which is discussed in the next section, pumped storage plants and batteries provide 
significant short-term flexibility. 

5.2.3. Long-term flexibility 

The levels of load and variable renewable generation present fluctuations in a weekly and 
seasonal timeframe, as discussed in section 3.4. In the majority of EU countries, the demand 



 

 

for electricity is higher during winter months mostly due to electricity used for heating 
purposes. On the opposite, in a few Southern countries electricity consumption peaks in 
summer due to the increased use of electricity for cooling purposes along with the socio-
economic characteristic of the demand (i.e. touristic season). The seasonal profile of variable 
renewable generation is different for each RES technology. Wind turbines achieve higher 
utilisation factors during winter months, while the generation of solar PV peaks during 
summer. 
In the previous section, we analysed that the increasing penetration of variable RES changes 
the shape of the residual electricity demand within the day. Another challenge emerging from 
the rising share of RES-based generation regards the accommodation of the net load 
variability in a longer time-frame, i.e. on a weekly and seasonal basis. These long-term 
flexibility needs can be met by a pool of flexible resources, able to manage the fluctuation of 
the residual demand on a weekly or seasonal timeframe by adjusting accordingly their 
electricity supply or demand levels. 
The results presented in this section focus on the long-term flexibility needs on a seasonal 
timeframe35. Fig. 23 presents the seasonal average load and variable RES generation in EU28 
by columns, while the annual average net load is depicted with rhombus. It must be noted that 
the electricity load levels for producing synthetic fuels to be used by demand sectors are 
considered as an electricity consumer36, thus they are part of electricity demand. On the 
contrary, the electricity demand used to produce synthetic fuels for use within the power 
sector is considered as a type of storage, thus it is not accounted in the load levels presented 
in Fig. 23. 

 
Figure 35: Seasonal average demand and variable RES generation at EU28 level, source: PRIMES results 

As expected, electricity load levels in EU28 are higher during winter months, but so does 
variable renewable generation, mostly due to the seasonal part of wind-based generation. In 
                                                
35 It must be noted that long-term flexibility needs on a weekly (multi-day) timeframe are not to be ignored, 
although the current study does not address this issue explicitly. Extreme events of having a prolonged period 
of low wind generation levels over large geographical areas could result to a lack of generation resources that 
cross-border trade may not be able to manage. In such cases, the need for seasonal storage becomes essential. 
36 From a modelling perspective, the model takes as input the demand for synthetic fuels. Along with electricity 
and heat\heat the model determines the optimal capacity expansion and operation of power system, in order to 
meet demand for electricity, heat and synthetic fuels. The model co-optimise the distribution of synthetic fuel 
production across the year along with the operation of the power system subject to several constraints. 



 

 

2025 and 2030 the seasonal fluctuations of variable RES generation may seem less notable 
due to lower shares of variable RES in the power generation mix, but moving towards 2050 
the gap of average RES generation between winter and summer is apparent. This result owes 
to the deployment of wind turbines and the seasonal pattern of wind-based generation, i.e. 
higher utilisation factors during winter. Wind-based generation in 2025 and 2030 covers 20% 
and 27% of the electricity demand respectively, but moving towards 2050 wind generation 
covers above half of the electricity demand.  
The seasonal variations of load and variable RES generation affect the level of residual 
demand across seasons. Fig. 24 depicts the seasonal variations of the net load, with respect to 
the annual average level. The average net load of a season may be above or below the annual 
average level. In the first case, dispatchable plants must increase their generation above the 
annual average levels. In the case when the seasonal average net load appears to be lower 
than the annual average, dispatchable resources must either decrease their generation or 
increase their consumption (in case of storage plants). In this way, we aim to illustrate the 
needs for long-term flexibility, which differ across seasons and years in both size and 
direction.  

 
Figure 36: Seasonal variations of the net load; Source: PRIMES results 

In 2025 and 2030, the levels of net load appear to be higher during winter months due to 
higher electricity demand for heating purposes, while in 2050 peak net load is shifted in 
summer. In 2025 and 2030 conventional units operate at higher load levels during winter, in 
order to meet the increased net load, which is a common practice in today’s power system. 
Moving towards 2050 the level of the net load becomes higher during summer in both 
scenarios. As the penetration of wind turbines increases significantly, net load during winter 
decreases due to the higher utilisation factors of wind. The model results in Fig. 24 show that 
in the “Electrification scenario” the gap between winter and summer net load levels decreases 
in 2050, compared to the 2025 and 2030 levels. This is mainly due to the increased generation 
of wind turbines during winter months, offsetting the impact of strong electrification on the 
shape of the seasonal load.  



 

 

In the E-fuels scenario, the net load during winter appears to be much lower, compared to 
summer levels. In 2050, above one-third of the total electricity consumption relates to the 
production of synthetic fuels for the end-use sectors. The electricity demand for synthetic fuel 
production can be shifted at times of renewable energy surplus, mostly in winter, allowing 
for seasonal storage. The amounts of hydrogen and synthetic fuels produced can be stored if 
blended into the gas infrastructure/pipeline system.  
Fig. 25 illustrates the impact of direct chemical storage, reflecting the electricity consumed 
to produce synthetic fuels for power plants, on the seasonal fluctuations of the residual load. 
In both scenarios, direct chemical storage is used in 2050, in order to cover the mismatches 
between load and variable renewable generation. As mentioned before, generation from wind 
turbines peaks during winter, leading to a surplus of renewable energy. This excess generation 
is consumed by power-to-X facilities, in order to be stored in the form of synthetic fuels, i.e. 
hydrogen and synthetic gas. During summer, and to a lesser extent in autumn, these synthetic 
fuels are used in gas plants, in order to provide electricity to the system and cover the high 
net load of these seasons. 

 
Figure 37: Contribution of direct chemical storage to seasonal storage in EU28, Source: PRIMES results 

The contribution of direct chemical storage to meet any seasonal unbalances between 
renewable generation and electricity demand becomes more essential in the Electrification 
scenario. While in the E-fuels scenarios, synthetic fuels are being used by the end-use sectors 
and thus may provide long-term flexibility to the power system, in the Electrification scenario 
there is no such possibility. In the Electrification pathway, the EU power system does not 
have any alternatives to accommodate the seasonal fluctuations of the net load, as batteries 
and pumped-storage plants cannot store energy on a long-term timeframe.  
Even if the seasonal flexibility needs in the Electrification pathway do not appear to be 
challenging, in the absence of direct chemical storage and limited thermal plants in 
decarbonisation context, a challenge emerges. In the case of a prolonged period of low wind 
days across countries, the EU system will face a significant lack of electricity supply. As 
different wind patterns appear across EU regions, interconnectors would be able to provide 
electricity up to a certain extent, but mainly in terms of balancing rather than energy. An 
alternative option would be to invest in large storage facilities (e.g. batteries, PHS and others). 



 

 

This option would entail significant costs to the system, as these facilities would have to be 
kept always charged and not used for daily balancing purposes, in order to be ready to supply 
energy in case of an extreme event.  
On the other hand, the power system described in the E-fuels scenario has additional resources 
to provide seasonal balance via the use of chemical storage. The part of electricity demand 
used for the production of synthetical fuels for the end-use sectors can be very flexible, 
providing indirect chemical storage. The time of production for these fuels, hence the 
electricity demand can be scheduled according to the load and variable renewable generation. 
In case of excess renewable generation, the electricity surplus can be converted to synthetic 
gas (or hydrogen) and to be injected in the gas pipelines, in order to be stored. In the case of 
low wind generation over consecutive days, the production of synthetic fuels could be stopped 
and thus lower significantly the demand levels.  
Direct chemical storage can provide the same service to the system. This type of storage 
reflects the case of a power-to-X facility producing fuels for power plants, which has the 
additional benefit of being able to provide electricity supply apart from managing its own 
demand levels. In case of lack of energy over a prolonged period, gas plants or other 
dispatchable plants using synthetic fuels could start-up, in order to cover the demand levels.  
A challenge related to the E-fuels pathway is that significant amounts of electricity supply 
are required to produce synthetic fuels on a large scale. The size of such a system is projected 
to become double compared to the size of the EU power system in 2030. In such a large-scale 
power system many technical and economic challenges could arise, i.e. related to stresses in 
renewable potentials or required reinforcements in the power grid. Additionally, this system 
would require increasing needs for investments in generation and balancing resources, which 
entail significant costs, which are analysed in the next section  

5.3. Investment expenditures and power system costs 
The transition towards a low-carbon energy system involves the significant transformation of 
both energy supply and demand sectors. Power sector plays a vital role in the decarbonisation 
effort, as it can provide carbon-free electricity and boost the decarbonisation of the end-use 
sectors, which have limited emission abatement options.  
In both decarbonisation pathways explored in this study, the penetration of variable 
renewables is the backbone of the power sector decarbonisation; but in order to harness the 
variability and uncertainty of renewable energy, the system needs flexible resources coping 
with the fluctuations across all timeframes. Therefore, the model determines the optimal mix 
of balancing resources to support the uptake of renewable generation.  
The transition of the power sector in the long-term requires significant expenditures in both 
pathways. Figure 26 illustrates the investment expenditures in the supply side for the periods 
2016-2030 and 2031-2050. The model results show that in the long-term (2031-2050) 
investment expenditures are projected to become two to three times higher than the 
investment expenditures required to achieve the 2030 targets (as set out in the EC Climate 
and Energy package and the 2030 policies for GHG emission reduction, RES share increase 
and energy efficiency improvements). The grid reinforcements required to support the wide 
deployment of renewables entail high investment expenditures, which represent around 50% 
of the total investment expenditures in the power sector in the 2031-2050 period. 



 

 

 
Figure 38: Investment expenditures in the power sector; Source: PRIMES results 

The left diagram in Fig. 27 presents the annual system costs for power generation, while the 
right figure presents the projection of the average cost of electricity generation and provides 
a split between the capital (CAPEX) and operational (OPEX) component of the generation 
cost. A first conclusion is that although significant amounts of investment expenditures are 
required for the transformation of the power sector, the average generation cost of electricity 
generation follows a decreasing trend implying the affordability of the decarbonisation effort, 
mostly due to reduced costs for the purchase of fossil fuels. 
Regarding the decomposition of the total cost to different components, the model results 
reveal a strong shift from OPEX to CAPEX, as the power mix in 2050 is dominated by capital-
intensive resources mostly renewables and storage technologies covering the flexibility needs 
of the system. In the Electrification scenario, the capital cost component of the average 
generation costs is higher by 3pp., compared to the E-fuels scenario, mostly due to the 
different mix of flexible resources. The E-fuels scenario uses power-to-X technology, in order 
to cover a part of the flexibility needs mostly in multi-hour and long-term timeframe, while 
the Electrification scenario deploys mostly batteries and pumped storage plants. The 
provision of flexibility via the use of direct chemical storage (power-to-X) is less capital-
intensive than using batteries and PHS, as it includes the use of synthetic fuels, which entails 
higher operational costs due to significant fuel costs. Looking at the average cost of electricity 
generation in total, this was found to be comparable across the two decarbonisation scenarios 
in 2050. 



 

 

 
Figure 39: Annual system costs for power generation (left) and average cost of electricity generation (right); Source: 

PRIMES results 

The increasing penetration of variable renewables in the power system has already affected 
the wholesale prices in the European electricity markets. Electricity prices in the wholesale 
markets are set by marginal costs of power producers and are affected also by other factors, 
i.e. degree of market competition etc. The increasing penetration of variable renewables, 
which have zero marginal costs, leads to a decrease in wholesale prices. Especially at hours 
with significant variable RES generation, wholesale prices might be even negative (e.g. the 
case of Germany as discussed in [35]), reflecting among others the willingness of generators 
to keep large and inflexible power plants operating above their technical minimum levels; 
thus, avoid significant costs attributed to a shut-down and a subsequent start-up. On the other 
hand, the penetration of variable renewables has resulted in an increase in wholesale prices 
during hours when there is a scarcity of available ramping resources. Thus, the impact of 
variable RES penetration on the wholesale market volatility and wholesale electricity prices 
is currently a subject of intense research. Findings in [36] reveal that in some cases the 
penetration of wind may decrease the intra-day volatility of wholesale prices, but increase the 
weekly volatility.  

Although an increasing RES penetration may lead to increased price volatility, the significant 
deployment of energy storage technologies and demand response mechanisms may have a 
smoothing effect in the volatility of the wholesale electricity price. The demand curve of a 
system with significant storage capacity and load-shifting mechanisms will be very different 
compared to today. As the system deploys various storage types, which provide flexibility 
services in multiple timeframes, price volatility is expected to decrease in all timeframes, (e.g. 
intra-day, weekly, seasonal) although not to the same extent. Up to now, the main source of 
revenues for storage plants was the price arbitrage from hours of different load levels with 
differential prices. The reduced price volatility could hamper new investment in storage plants 
from a pure private basis as their revenues would be less secure. Given the importance of 
these technologies for the transition to a decarbonised power system, we argue that the 
contribution of storage facilities to meet the system’s need for flexibility should be evaluated 
and remunerated through the design of cost-efficient mechanisms procuring flexible 
supplying resources.   



 

 

6. Discussion and conclusions 
To achieve the ambitious EU climate and energy targets set by the European Commission for 
2030 and 2050, the EU power system will have to accommodate high shares of renewable 
energy sources that are not dispatchable. To deal with the variability of these renewable 
energy sources and to respect system reliability standards, recourse to storage and flexibility 
providing resources is imperative.  

Flexibility resources allows the power systems to react to both predictable and unpredictable 
changes in electricity demand and generation in a way that meets reliability standards 
adequately and avoids curtailments of load or variable renewables. There is certainty that the 
volume of flexibility resources increases nonlinearly with the share of variable renewables in 
the system. The model-based sensitivity analysis using the PRIMES-IEM model have 
quantified this nonlinear relationship. Detailed flexibility assessment is crucial for a cost-
effective planning of the power system. Variability and uncertainty have long been inherent 
features of the power systems37; however, the rapid upscale of non-dispatchable generating 
units that are characterised by significant uncertainty and variability poses additional 
challenges for the power system operation. Inadequate system flexibility may require a 
number of planning-level decisions in order to rectify any potential deficit. If the required 
flexibility will not be forthcoming, despite the efforts of policy makers, system planners and 
operators, flexibility limitations will have negative impacts on emissions targets due to the 
potential vRES curtailment, as well as negative economic impacts if demand shedding is 
required (or additional power generation capacities are built). Thus, a deep understanding of 
the potential risks associated with system flexibility is important for the medium and the long-
term energy system modelling and planning in order to ensure that systems are optimally 
planned and operated cost-efficiently with high levels of variable RES. Furthermore, with 
significant volumes of variable generation installed at the distribution level, distribution 
system planning methods may also need to incorporate flexibility considerations. 

The approach of the present research formally defines and measures system demand for 
flexibility services. Flexibility classifies according to the timeframe in short, medium and 
long-term, all three shown to increase significantly with the rise of variable renewables in the 
system. The research showed and quantified that short-term fluctuations mainly of wind drive 
short-term flexibility requirements. Fast ramping generation and storage resources qualify for 
offering short-term flexibility. Medium-term, i.e. over multi-hour and multi-day time 
frameworks, flexibility arises from the periodicity of sunshine and the wind speed variation 
patterns. Cyclical operation of generation plants, where applicable, and storage can cope with 
medium-term flexibility. Long-term flexibility has seasonal features and relate to renewable 
resource availability by season. Chemical storage is best suited for seasonal flexibility, i.e. 
storage of fuels, such as hydrogen or methane, used to produce electricity when renewables 
are less available, and originating from electricity when renewables are abundant. The 
flexibility providers are not only at the side of generation or storage but also rely on demand 
response and electricity trade cross-border. Both can be very valuable, as shown in the model 

                                                
37 e.g. as a result of the possibility of unplanned shut-down or partial unavailability of conventional units and 
the temporal variations in electricity consumption. However, as demand changes were largely predictable and 
the variation was slow, traditional power systems with limited variable renewables rarely faced flexibility 
problems. 



 

 

results, to meet flexibility requirements at least cost, especially for short and medium-term 
fluctuations.  

Planning and using flexible thermal power plants, storage technologies, demand response, 
cross border flows and dispatchable RES is a complex issue depending not only on perfect 
anticipation of dynamic changes but also on the future availability and success of new 
technologies, notably for storage technologies and the chemical storage based on power-to-
X. The research in this study has modelled system operation in time slices to optimise at the 
same time electricity system operation, storage use, sectoral coupling (power and gas) and 
cross-border flows. The results confirm that the planning needs to couple electricity grids 
with the gas (and heat) grids to reach operability standards and to efficiently get flexibility 
through conversion and storage of energy which can then be used to generate clean gas 
(power-to-X) or electricity. The modelled scenarios have also shown that storing hydrogen 
and methane at storage infrastructure located in gas distribution systems can provide 
additional flexibility services to the power system, notably for large-scale seasonal storage of 
electricity indirectly (chemical), which is of great economic value in the future under very 
high RES shares in the power generation. 

In this context, the current study provides a categorisation of versatile temporal impacts of 
high integration of variable renewables along with a classification of resources with the 
capability of enhancing flexibility in future decarbonised power systems. The analysis and 
discussion are complemented by a detailed model-based assessment of the European 
electricity system transformation in the low-carbon context and its impacts on flexibility 
requirements and supply. The decarbonisation prospects involve high penetration rates of 
variable generation resources in the power production mix in almost all EU countries. The 
modelling handles all EU countries individually and their cross-border linkages 
simultaneously. We used a model version based on PRIMES Electricity modelling toolbox 
(PRIMES-IEM), modified, expanded and enhanced to improve the research on power system 
flexibility, incorporating unique features in terms of comprehensive and high-resolution 
modelling of the European power system by country, considering in a detailed way the 
technical characteristics of power and heat plants and several storage technologies (i.e. 
storage from Power-to-X facilities, batteries, hydro pumping etc.). The methodology and 
results presented in the study aim to inform long-term power system planning by increasing 
awareness and understanding of the operational challenges associated with variable 
generation. 

The fluctuations considered include: i) the largely unpredictable variations in very short time 
intervals (e.g. reduction of PV generation due to clouds, wind gusts influencing wind-based 
generation), ii) the largely predictable daily multi-hour variability, for example due to solar 
diurnal cycle, iii) the variability over a few days due to meteorological conditions (e.g. wind 
regimes or weekday/weekend  demand patterns), and iv) the seasonal variability of solar PV, 
wind and electricity consumption (which may lead to multiple days with weak availability of 
RES combined with a high load). The model represents mathematically the providers of 
flexibility services and handles investment and operation as variables solved simultaneously 
with the rest of the variables of the power system. Technical possibilities, stepwise linearized 
cost-potential curves and learning-by-doing are exogenous assumptions. The model includes 
open-cycle gas plants, CCGTs, interconnectors, batteries, pumped storage, demand 



 

 

response38 and hydropower plants with a dam. The model co-optimises energy and services 
provision. Cyclical operation of resources and constraints use binary variables and thus mixed 
integer programming techniques are necessary to solve the model. Power flow formulation 
represents Kirchhoff’s law, which together with interconnection capacities and Net Transfer 
Capacity policy limitations restrict cross border flows. The model solving simultaneously 
control areas and cross border flows essentially simulates a flow-based allocation of 
interconnection capacities in the sense of deriving from market-based dispatching schedules. 
The results show that sharing balancing and flexibility resources within the internal market is 
a great source of cost-efficiency provided that flow-based allocation works and is not 
restricted artificially. 

The framework for assessing short-term, multi-hour and seasonal flexibility requirements is 
applied in the context of the low-carbon transition of the European power system. Two 
contrasting energy system decarbonisation scenarios are analysed that achieve the 80% 
reduction target in domestic EU-28 GHG emissions by 2050 relative to 1990 levels based on 
different technological options and system configurations. The “Electrification” scenario 
assumes the extensive electrification of all energy end-uses through the cost improvement 
and commercial upscale of technologies like electric vehicles and heat pumps. In contrast, in 
the “E-fuels” scenario, hydrogen and clean synthetic fuels (produced through power-to-X and 
RES-based electricity) replace the use of fossil fuels in mobility, heating and industrial 
applications. The two contrasting low-emission scenarios are selected in order to assess how 
the different long-term decarbonisation pathways interact with the power sector flexibility 
and to explore the flexibility impacts of different technological and policy options to reduce 
emissions. In both low-carbon transition scenarios, electricity production in the EU-28 
increases massively relative to current levels, driven by the electrification of heating and 
mobility end-uses and the penetration of electric vehicles and heat pumps. The increase is 
even higher in the scenario assuming large-scale deployment of hydrogen and synthetic fuels, 
as their production requires high amounts of electricity. In both decarbonisation scenarios, 
variable RES expand significantly and cover about 65%-70% of total EU-28 electricity 
generation in 2050. This in turn leads to increasing needs for balancing and storage, which is 
covered by a combination of storage facilities, mostly batteries and synthetic fuels (power-
to-X). 

Wind and solar PV generation and electricity demand are subject to forecasting errors, which 
results in deviations between the dispatching schedule determined a day before and the system 
operation in real time. Power plants and other resources provide ancillary services to the 
system by immediately adapting their production level according to the TSO signals, in order 
to balance electricity supply and demand over short time frames ranging from a few seconds 
to several minutes. Most of the short-term flexibility requirements by 2030 are covered by 
gas-fired plants, CCGTs, peak devices and dispatchable RES, which are able to respond to 
unpredictable variations of the net load39 due to their high ramping rates. In contrast, solids-
fired and nuclear power plants are considered as inflexible plants due to their technical 
characteristics (i.e. low ramping rates and high technical minimum operating levels). In the 

                                                
38 The study heavily focuses on the supply-side flexibility options and not on demand response. 
39 The net load represents the remaining system load not served by variable renewable generation and other 
must-run generation (i.e. industrial onsite CHP plants). 



 

 

longer-term, storage plants, mostly batteries in the “Electrification scenario”, also provide 
short-term flexibility to the power system; while in the “E-fuels scenario” gas plants are being 
dispatched more, using a mix of natural gas and RES-based hydrogen among others, and 
contribute to the short-term flexibility supply. The optimal mix from a system perspective is 
to use batteries for coping with the very short-term fluctuations, and use other resources (such 
as gas-fired plants or dispatchable RES) as a back-up to handle the short-fluctuations of 
several minutes. While in principle variable renewables can also provide short-term flexibility 
to the system, the RES curtailment has negative impacts both on the financial viability of 
investments in renewable energy sources and on CO2 emissions and therefore is not a cost-
effective source of flexibility and should be avoided. 

The multi-hour flexibility relates to net load variations on a multi-hour timescale within a 
day, induced by the variability of electricity demand and the variable renewable generation 
patterns. The dispatched-as-available nature of variable renewables generation changes 
drastically the net residual load curve, which must be met by dispatchable plants and storage 
facilities. The penetration of solar PV, whose generation presents a diurnal cycle with a peak 
in noon hours, reshapes the daily residual load curve creating a valley in the net load (the so-
called “duck curve”) and poses additional challenges to the system: it increases the needs for 
downward and upward ramping to accommodate PV generation patterns and increases the 
risk of over-generation (and thus curtailment) in hours when solar PV generation peaks and 
dispatchable plants operate close to their technical minimum levels. Unlike PV, wind-based 
generation does not have a single diurnal profile, as its shape may differ significantly across 
days, while wind generation patterns may be correlated to solar PV. In the study, multi-hour 
flexibility needs are found to increase exponentially to the share of variable RES, while the 
variation of net load is the main driver of multi-hour flexibility requirements, especially in 
the long-term when the share of variable RES is very high. Additional variation is created by 
inflexible plants (i.e. nuclear and solids-fired) that do not operate in a load-following manner. 

The flows over electricity interconnectors being subject to technical restrictions, i.e. two 
Kirchhoff’s laws, restrictive NTC values between neighbouring countries (that limit cross-
border exchanges) and capacity of AC and DC transmission lines, lead to loop flows in the 
short-term. But the reinforcement of the systems and interconnections thanks to the 10-years 
plan of ENTSOE and the implementation of the latest electricity directive which relaxes 
restrictive NTCs considerably, can eliminate loop flows and increase the degree of market 
coupling in the entire EU already before but mainly after 2030. In addition, as the system 
transition progresses, the power supply mix becomes increasingly similar across EU countries 
(i.e. with variable and dispatchable renewable sources providing more than 70% of electricity 
requirements and gas-based generation providing fast ramping) and thus price differentials 
and the resulting energy exchanges among countries reduce. The nature of cross-border 
electricity exchanges also changes drastically and trade becomes more related to the exchange 
of balancing and flexibility services (rather than energy) due to the complementarity of load 
profile and wind generation across the EU countries, as mentioned in [33]. Base-load trade 
flows based on exporting nuclear electricity also reduce in the future as the share of nuclear 
stagnates and slightly decreases in the scenarios.  

As ETS prices increase in the long-term, gas-fired generation becomes less competitive and 
storage facilities become indispensable to provide flexibility in the long-term, as dispatchable 



 

 

RES cannot further increase given that their potential is close to be exhausted in most EU 
countries. The two decarbonisation scenarios use a different mix of storage technologies to 
cover the multi-hour flexibility requirements of the system. The chemical storage through 
power-to-X technologies is massively deployed in the “E-fuels” scenario. The multi-hour 
flexibility provided by batteries increases significantly by 2030 and 2050, driven by the 
anticipation of fast decrease in battery costs. However, the dispatchability limitations and the 
non-versatility of storage cycles cannot allow batteries to offer universal solution to 
flexibility. Flexibility supplied by pumped hydro storage plants is employed but it is subject 
to limitations related to site availability in most EU countries. The model-based assessment 
suggests that the deployment of diverse storage technologies, operating in a complementary 
way and providing flexibility in different timescales is the cost-optimal solution (i.e. pumped 
storage plants and batteries provide short-term flexibility, while chemical storage can also 
provide long-term flexibility). Flows over interconnectors are increasingly used to provide 
balancing at times of complementary renewable (mostly wind) generation across different 
countries.  

Sector coupling, enabled by power-to-X technologies and the production of synthetic fuels, 
has a great potential as a versatile flexibility provider in the power sector. However, the 
economic competitiveness of power-to-X technologies heavily depends on the future 
learning-by-doing potential and mostly on the cost of electricity used as a feedstock for 
producing hydrogen and synthetic methane. To this respect, the model-based projections are 
uncertain and sensitivity analysis has been extensively carried out. Reasonable assumptions 
regarding industrial production at large scale of electrolysers and methanation plants are not 
enough to drive costs down. Electricity costs are of crucial importance. This further depends 
on market conditions that will prevail in the future. Under well-functioning market conditions 
throughout the internal market, large-scale power-to-X may use electricity priced very low 
when renewables are abundant and may had to be curtailed in the absence of power-to-X. In 
this case, power-to-X becomes very competitive.   

The size of the power-to-X investment can be determined based on two rules: either the 
maximum capacity matches the average projected demand for synthetic fuels or the power-
to-X capacity is higher than demand, enabling the use of the surplus of renewable energy 
when available. The second option entails high investment costs but low variable costs, as 
renewable-based electricity in 2050 is by far the most competitive power generation 
technology. The quantitative assessment shows that investing in “oversized” power-to-X 
facilities is the most cost-effective option in the low-carbon transition context. This succeeds 
to combine provision of flexibility to the power system and at the same time deployment of 
variable RES at a large-scale. In the “E-fuels scenario”, the achievement of economies of 
scale of power-to-X installations allow producing synthetic fuels not only for power system 
flexibility through chemical storage but also to meet the demand for synthetic fuels greening 
gas distribution to final energy consumers, while at the same time producing clean fuels for 
fast ramping gas power plants. The increased competitiveness of chemical in the provision 
supply of multi-hour flexibility services limits the scope of developing large-scale batteries 
at a system level. In contrast, the absence of demand for synthetic fuels in final energy 
consumption limits the scope of power-to-X and increases the need for large-scale batteries, 
as in the “Electrification scenario”. 



 

 

As mentioned, load and variable renewable generation present fluctuations also over weekly 
and seasonal timeframes, which increase with electrification of heat and the large use of 
variable RES. In most EU countries electricity demand is high during winter, increasingly 
driven by the use of electricity for heating40. Also, wind resources are large during winter, 
while solar resources are high during summer. Moving towards 2050, wind-based generation 
is projected to be considerably higher than solar PV and thus variable RES generation is 
higher during winter (mostly driven by seasonal patterns of wind generation). The converse 
is projected for the southern European countries. Thus, the seasonal variations of load and 
variable RES generation affect the level of residual demand across seasons and require 
different patterns for the use of flexibility resources.  

The projections show excess of wind generation at winter times despite the increased use of 
electricity for heating. Power-to-X facilities use excess wind energy to produce and store 
synthetic fuels and hydrogen. During summer, and to a lesser extent in autumn, the stored 
synthetic fuels generate electricity to cover net load without recourse to fossil fuels. We call 
this direct chemical storage. The contribution of direct chemical storage41 to meet seasonal 
imbalances between load and renewable generation is essential in the “Electrification 
scenario”. In contrast, the marketing of hydrogen and synthetic fuels to end-users in the E-
fuels scenario allows using large-scale storage of synthetic fuels and schedule production at 
times of abundance of renewables more flexibly than usual electricity storage technologies. 
In this way, the power system smooths out net load perfectly and has less needs of direct 
chemical storage. We term indirect chemical storage of electricity the sectoral coupling 
between electricity and end-use demand of synthetic gas. 

The results confirm that the power system in the “E-fuels” scenario has large resources to 
meet seasonal balance and flexibility via the use of chemical storage. The timing of 
production of synthetic fuels (hence the required electricity production) can be scheduled 
according to the variable renewable generation and load patterns. In case of excess renewable 
generation, the electricity surplus can be converted to synthetic gas (or hydrogen) and be 
injected in the gas pipelines and underground gas storage facilities. In the event of low wind 
generation over consecutive days, the production of synthetic fuels could be stopped allowing 
the system to cope with the reduced electricity demand effectively. The “E-fuels” pathway 
requires significant amounts of electricity supply to produce synthetic fuels on a large-scale; 
this may pose additional technical and economic challenges, i.e. related to stresses in 
renewable potentials, increasing investment needs for generation and balancing resources or 
required reinforcements in the power grid. However, the operation of the power system is 
greatly facilitated by the sectoral coupling. 

The power sector transformation requires significant investment expenditures in both 
scenarios, especially in the long-term. Investment in power plants and the grid reinforcements 
required to support the wide deployment of variable renewables entail high investment 
expenditures, while investment is also directed for the production of synthetic fuels and 
hydrogen. The low-carbon transition results in a strong shift of electricity generation costs 
from OPEX to CAPEX as the power mix in the long-term is dominated by capital-intensive 
                                                
40 In a few Southern countries, electricity consumption peaks in summer due to the increased use of 
electricity for cooling purposes and the touristic season 
41 Direct chemical storage reflects the case of a power-to-X facility producing fuels for power plants 



 

 

resources (i.e. renewables and storage facilities). However, the average electricity production 
cost does not increase from current levels, implying the affordability of the decarbonisation 
effort. The “E-fuels” scenario is less capital-intensive than “Electrification” as it deploys 
lower amounts of capital-intensive batteries and pumped storage plants and uses power-to-X 
facilities to cover part of long-term flexibility needs. 

The increasing penetration of variable renewables drives wholesale prices of the European 
electricity markets downwards. The increase in variable renewables, which have zero 
marginal costs, especially at hours with significant RES generation leads to a large reduction 
of wholesale electricity prices (e.g. negative prices in Germany). This reflects among others 
the willingness of generators to keep inflexible plants operating above their technical 
minimum levels to avoid high shut-down and start-up costs. Overall, the penetration of 
variable renewables radically changes wholesale markets, i.e. by increasing their weekly price 
volatility. However, in the longer-term the deployment of storage technologies and demand 
response mechanisms is shown, through the model results, to exert a smoothing effect limiting 
the volatility of wholesale electricity prices over all timeframes (e.g. intra-day, weekly, 
seasonal). The reduced price volatility could weaken new investment in storage plants when 
they rely on revenues from the price arbitrage. However, when such investments are seen as 
part of integrated supply portfolios, their economics are fully proven. Regulatory and market 
design approaches ensuring storage investment at a large-scale are not yet evident; further 
research is necessary to consolidate recommendations. Given the importance of storage 
technologies for the transition to a decarbonised power system, efficient mechanisms 
procuring flexible supplying resources in all timeframes (e.g. short-term, multi-hour, 
seasonal) should be designed and implemented both at national and European levels. 
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