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Abstract 
National demand for electricity follows a regular and predictable daily pattern.  This pattern is set 

to change due to efficiency improvements, de-industrialisation and electrification of heat and 

transport.  These changes are independent of renewable infeed and are not well understood: 

contemporary studies assume that electricity load curves will retain their current shape, scaling 

equally in all hours.  Changes to this shape will profoundly affect the electricity industry: increasing 

the requirements for flexible and peaking capacity, and reducing asset utilisation and profitability.   

This paper explores the evolution of load curves to 2050 in Germany and Britain: two countries 

undergoing radically different energy transformations.  It reviews recent developments in Europe’s 

electricity demand, and introduces two models for synthesising future hourly load curves: eLOAD 

and DESSTinEE.  Both models are applied to a decarbonisation scenario for 2050, and consistently 

show peak loads increasing by about 23% points above the change in annual demand, to 103 GW 

in Germany and 92 GW in Britain.  Sensitivities around electrification show that a million extra heat 

pumps or electric vehicles add up to 1.5 GW to peak demand.  

The structure and shape of the future load curves are analysed, and impacts on the national 

electricity systems are drawn. 
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1 Motivation and Aims 
The electricity sector is a capital intensive business with long planning and operation periods of 

several decades. In order to meet long-term strategies and targets for a secure, affordable and low 

carbon energy system, the right investment decisions have to be taken imminently in terms of 

electricity generation capacity, grid infrastructure, and system flexibility. Energy system modelling 

serves as basis for making strategic and investment decisions; however, the majority of models 

focus on the supply and demand of electricity only in terms of annual consumption.  This neglects 

the features of electricity which make it a unique and challenging commodity to trade: the need to 

balance supply and demand over extremely short timescales, limited options for storage, 

inflexibility in the quantity demanded at any given time, and almost no communications between 

supplier and the majority of consumers (flat-rate pricing and infrequent metering of consumption). 

The predictable and repetitive pattern of hourly electricity demand is fundamental to the current 

design of our power systems.  However, most studies which project the future of this demand 

neglect the evolution of the hourly electricity consumption pattern (also referred to as system load 

curve) and simply scale a historic load curve according to an assumed future electricity demand.  

This is seen in both academic reports [1]–[6], and studies by system operators and government 

departments [7]–[11], which are directly shaping national energy policies. 

Many of the broad roadmaps and pathways to 2050 further simplify the hourly pattern of electricity 

demand, considering only the annual level of consumption or dividing the year into a limited 

number of time slices (e.g. [12]–[15]).  The nature of energy systems models such as MARKAL, 

TIMES, MESSAGE or PRIMES means they cannot represent the intricacies of electricity sector 

transformation [16].  Hourly unit commitment of power stations is simulated under specific 

framework conditions, such as emission or energy demand reduction targets to better understand 

which investments are required. 

In the future the diffusion of new as well as the phase-out of existing technologies may imply 

substantial transformation of the load curve. These changes may have important implications, for 

example greater need for managing peaks (storage, demand-side management, interconnection, 

peaking capacity) and of troughs (curtailment of excess renewable energy). Hence, it is crucial to 

integrate this issue in the context of energy-system modeling. 

This study aims to explore the extent to which future electricity load curves will be transformed by 

structural changes on the demand side, drawing out simple relationships that can be easily 

implemented in future research, and highlighting the importance that these often-overlooked 

changes will have on the future electricity supply system. 

This paper begins by analysing the current composition and past changes in national load curves, 

highlighting the influence of technology shifts and temperature.  It then reviews current efforts in 

projecting future load curves and introduces two state of the art models: eLOAD and DESSTinEE.  

These models are then used to project load curves for Germany and Britain in 2050, using a 
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scenario to achieve 80% decarbonisation.  The key features of these load curves are analysed, 

including sensitivities to future investment in electric heat pumps and battery electric vehicles.  

Finally, the wider implications of these changes are discussed, including the impacts on system 

flexibility, peak capacity requirements and asset utilisation. 

2 Composition of Today’s Load Curves 
In this paper, the term “load curve” is used to mean the annual 8,760 hour time-series of demand, 

and “load profile” is used for the repetitive 24-hour distribution of load from a given sector or 

appliance. 

2.1 Background 
Load curves in major European countries changed dramatically as new technologies came into 

usage, existing ones further penetrated the market and old ones were phased out.  Figures 1–3 

look at the three largest economies (Great Britain1, Germany and France) to highlight some of the 

major trends seen in the past.  

  

Figure 1: Evolution of load in Great Britain, 1991–2013 (left), and in Germany, 2006–2013 (right).  

Data from [17], [18]. 

Figure 1 shows that over the course of twenty years British peak and minimum load did not evolve 

in the same manner as overall annual electricity demand (average load).  Germany has also 

experienced an uneven evolution of load, although these trends cannot be observed over such a 

long time frame due to lack of data.  Figure 2 shows also that load did not evolve equally across all 

hours of the day in Germany and the UK, due to changes in the technology mix of electricity 

                                                 
1
 Note the distinction between Great Britain and the United Kingdom. When considering annual energy demand 

the whole United Kingdom is considered, whereas for hourly electricity load Great Britain is considered.  The latter 

is made up of England, Wales and Scotland only, as Northern Ireland is served by a different electricity grid.   
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consuming processes and appliances.  The rise of computers and other electronic devices with 

stand-by modes altered the balance of morning, evening and night-time demand, implying a load 

shift from midday hours into these periods.2  

(a)

 

(b)

 

Figure 2: Change in mean daily load distribution on summer Wednesdays in Germany (left)  

and throughout the entire year for the UK (right). Each year’s load profile is normalised against  

the daily minimum to highlight changes in shape, and the evolution of annual demand over  

this period is shown to the right.  Data from [17], [18]. 

This argument is backed by the rising temperature-sensitive peak load in France over the past ten 

years, shown in Figure 3.  The significant growth of electric heating systems resulted in the 

sensitivity of peak load increasing by 50% over the last decade, from a 1.7 GW increase per degree 

centigrade drop in temperature in 2003/04 to a 2.6 GW increase in 2011/12.  This has contributed 

towards peak load in France increasing from 85 to 100 GW during this period, driven by the 

adoption of both heat pumps and conventional resistance heaters (both ~150,000 per year) [19]. 

 

                                                 
2
 Solar PV panels have the same effect of reducing apparent demand during daylight hours; however, this demand 

data is not affected by renewable outputs, and their effect would only become visible from the mid-2000s as 

opposed to the late 1990s. 
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Figure 3: The temperature sensitivity of peak load in France, in 2003 and 2012. Data from [20], [21]. 

This development should serve as an important warning to other countries which are planning a 

large transition to electric heating.  In particular, the UK has ambitious plans3 for heat pumps to 

deliver a third of all heat by 2030, which will have a profound impact on peak load and may prove 

problematic given the current worries around capacity shortage.  Whilst there is no official target 

for heat pump uptake in Germany, new installations have increased strongly in recent years [19], 

which could introduce similar problems with peak load at a time when large amounts of nuclear 

capacity are being retired. 

In February 2012, France was hit by an exceptional cold wave lasting for about 13 days with 

temperatures averaging –4 °C, compared to the norm of 5 °C for that time of the year.  Due to the 

elevated degree of electrified space heating French electricity consumption set a new record of 

102.1 GW, exceeding the previous peak from December 2010 by more than 5 GW and the peak of 

10 years before by 22.4 GW [22].  Around 9 % of French electricity consumption during the cold 

wave was covered by electricity imports from neighbouring countries.  Contrary to France’s usual 

role as a net electricity exporting country, it had to import up to 9 GW (whereof up to 3 GW were 

provided by Germany and 2 GW by the UK), pushing French electricity transfer capacities to their 

limits [22].  If France’s neighbouring countries follow the same path of electrifying heat, then these 

imports may not be available during such a cold spell in the future, potentially leading to power 

outages across Europe. 

 

                                                 
3
 Based on the 4

th
 Carbon Budget: 6.8 million homes plus around 60% of commercial and industrial heat demand 

[64]. 
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2.2 Measures for Defining Load Curves 
To get a complete representation of national electricity demand, load curves are defined here to 

measure the active power absorbed by all consumers on the network, including those served by 

autoproducers (e.g. industrial demand met by on-site generation) and small distribution-connected 

renewables.  This is equivalent to the total net generation of electricity (gross generation minus 

power station self-consumption), including network losses, excluding consumption for pumped 

storage. 

Historic hourly load curve data were sourced from Entso-E [18] and National Grid [17], and 

autoproducer load (which is invisible to system operators) was estimated and added back using 

Entso-E monthly statistics [18].4 

Several measures can be used to evaluate and define national load curves, a selection of which are 

given in Table 1, following [23].   

In Table 1: 

 Lt is the hourly mean load (measured in GW) at time t; 

 Δt is the duration of load remaining within specific boundaries, relative to the maximum 

load 

 rr is the ramp rate between adjacent time periods (i.e. ∂L / ∂t); 

 rrf is the ramp rate factor, defined as the mean absolute change in load relative to the 

maximum load; 

 ΔL is the unbroken series of load change in a single direction (i.e. the extent from a local 

minima to maxima); 

 T is temperature (measured in °C); and 

 tpeak is a definition of which time periods contain the peak load – taken to be 18:00 and 

19:00 on weekdays. 

 Temperature sensitivity is represented by the negative differential of load with respect to 

temperature, as it is conventional to think of demand rising as more heating is required, 

which is as T falls.  This can be thought of as the average slope of the data on the left side 

of Figure 3, for temperatures below 15°C. 

 

                                                 
4
 We used the assumption that autoproducers run baseload to primarily serve heavy industry and CHP, so for each 

month, the constant power output from autoproducers was estimated and added on to the load curves.  In Britain 

the 4.6 GW fleet [88] was calculated to serve on average 2.2 GW during summer and 2.8 GW in winter; and in 

Germany, the 10.0 GW fleet [89] produced 7.0 GW and 9.0 GW respectively. 
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In 2010 DE GB 

Load duration curve 

Total demand [TWh] D 547 340 

Minimum load [GW] min(L) 40.2 21.1 

Maximum load [GW] max(L) 88.3 61.4 

Min/max load ratio min(L) / max(L) 45.5 % 34.4 % 

Capacity factor mean(L) / max(L) 70.7 % 63.1 % 

Stable load 
situations 

Mean duration of maximum 
load [h] 

mean(∆t90%-100%) 4.09 2.70 

mean(∆t70%-100%) 15.8 8.95 

Total number of hours with 
maximum load [h] 

∑(∆t90%-100%) 286 192 

∑(∆t70%-100%) 4733 2511 

Load change 
between 
consecutive hours 

Ramp rate factor mean(|rr |)/max(L) 1.97 % 2.66 % 

Mean ramp rate [GW] 
mean(rr |rr>0) 1.96 1.88 

mean(rr |rr<0) ‒1.57 ‒1.44 

Maximum load change 
[GW] 

max(rr |rr>0) 9.91 7.90 

min(rr |rr<0) ‒6.82 ‒5.35 

Continuous load 
change sequences 

Maximum load change 
[GW] 

max(∆Lpos) 29.0 24.6 

max(∆Lneg) ‒26.4 ‒25.2 

Nb. of load alternations naltern 1,800 1,920 

Temperature 
sensitivity 

Mean temperature 
sensitivity [GW/°C] 

–mean(∂L/∂T |T<15) 0.49 0.81 

Peak temperature  
sensitivity [GW/°C] 

–mean(∂L/∂T |T<15,tpeak) 0.60 1.14 

Table 1: Evaluation criteria for historic German and British load curves. 

Table 1 contains the assessment of the German and the British load curve from the year 2010.  The 

same criteria are calculated for the 2050 load curves later in the results section.   

German demand in 2010 equaled nearly 550 TWh, with the hourly load ranging between 40.2 and 

88.3 GW,5  compared with 340 TWh in Britain.  While Britain’s annual demand is 62% that of 

Germany’s, the hourly load ranges from 52% of the German minimum to 70% of the German 

maximum load.  This more pronounced load variance is confirmed by the British capacity factor 

being 10% lower than Germany’s. The capacity factor is an indicator for the average usage (and 

hence the profitability) of installed power plants. More detailed insights about the share of base, 

mid-merit and peak load may be gained by plotting the load duration curve (see, for instance, 

Figure 11).  

The length of peak load situations and the ramp rate factor assist in identifying the technical 

requirements for peak load capacity and generation flexibility. The 8.8 GW of German capacity 

which meets the top ten percent of load is expected to run for an average of 4 hours per plant 

start, and for a total of 286 hours per year.  In Britain, peak loads are shorter and “spikier”, so the 

                                                 
5
 One should note that the present analysis is based on mean hourly data.  Maximum and minimum load may 

actually have exceeded the outlined figures for fractions of an hour. 
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top ten percent (4.1 GW) runs for just 192 hours per year, in blocks of 2.7 hours per start. British 

power stations must therefore recoup their fixed costs (e.g. capital) from fewer running hours, 

potentially giving rise to higher price spikes during peak times.6 

With regard to the hourly load alternation, in absolute terms the British ramp rates are slightly 

smaller (1.66 cf. 1.77 GW per hour), however this represents a greater proportion of capacity 

changing output (2.7% cf. 2.0%).  The same trend is seen with the maximum ramp rates, which 

required 10.8% of British, and 9.5% of German capacity to change output over one hour; and with 

the maximum continuous load changes.  

British demand is 40% more sensitive to temperature than German, with peak evening load rising 

by over 1 GW for every degree that temperature falls.  This mirrors the share of electric heating in 

both countries, 10% in the UK households and 4% of Germany’s [24][25]; and the relative 

inefficiency of the British housing stock, which means a greater percentage of energy is used for 

space heating.  However, both countries pale in comparison to France, where peak temperature 

sensitivity is 2.6 GW/°C (based on the slope in Figure 3). 

3 Modelling Techniques 

3.1 State of the Art 
As mentioned beforehand, the majority of studies apply simple scaling of a historic load curve 

according to an annual demand projection in order to estimate the future load. This approach is 

inadequate in the context of long-term energy system modelling where new technologies 

penetrating and existing ones leaving the market may imply significant change to the future load 

shape. 

An important number of publications deal with individual aspects of hourly load projection. Most 

of the studies focus on the load curve projection of single sectors or consumers [26]–[33]. Others 

limit themselves on regional load curves [34]. Further works address single characteristics of the 

future system load, such as the load duration curve [35]–[37] or system peak load [9], [38]–[40]. 

However, when it comes to the continuous hourly projection of national system load curves over 

the duration of an entire year, to the extent known, there are only three types of approaches 

currently described in literature:  

The first type equals a trend-extrapolation of the historic evolution of load shape transformation. 

Filik et al. assess historic load curves regarding their daily, weekly and seasonally occurring 

periodicity [41]. The resulting insights are integrated in a load curve trend-extrapolation, 

                                                 
6
 Holding other factors constant (fuel prices and having no market for capacity), some peaking generators would 

lose money and close down in the long-run, causing peak prices to rise due to greater reliance on demand side 

response. 
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considering assumptions about the overall annual demand evolution. Macro-economic effects, 

technological innovations or temperature related impacts on the load curve are not taken into 

account, as this assumes that past technology shifts will continue unaltered into the future. 

Sotiropoulos further develops this approach in [42] by running a regression analysis based on 

hourly German load data from 2006–2011, integrating economic trends, public holidays and 

vacation, unpredictable events and population growth. The market penetration of new 

technologies is not explicitly taken into account. 

A specific focus on individual appliances or events is set on in the second group.  Koreneff et al. 

assess the evolution of future load curves considering the extensive diffusion of electric vehicles 

and heat pumps [43]. Their consumption pattern is represented by hourly synthetic load profiles. 

The degree of load curve transformation primarily depends on the respective annual electricity 

demand. A potential load curve transformation related to changes in electricity demand in other 

sectors and the impact of the outdoor temperature are not taken into account.  

The third group extends the use of representative load profiles to the full composition of the future 

load curve. Hainoun and Pina et al. determine user specific load profiles of representative customer 

groups, within the industry, tertiary and residential sector, based on empirical data [44], [45]. These 

profiles are scaled according to an annual electricity demand projection and put together in order 

to generate the overall load curve. As the diffusion of new technologies is not explicitly taken into 

account, Andersen et al. [46] apply the same approach but set a particular focus on the impact of 

the increasing market penetration of electric vehicles and heat pumps.  Gobmaier et al. carry out a 

regression analysis on historic load measurements considering typical days, temperature and day 

light [47]. Generated load profiles are further adjusted according to future changes in consumer 

behaviour, such as adjusted working times or opening hours in the commercial sector. 

All these approaches come with the common drawback of neglecting stochastic outliers and 

characteristic irregularities.  The two models used in this paper (eLOAD and DESSTinEE) take two 

different approaches of incorporating the anomalies based around partial decomposition. 

3.2 eLOAD Model Description 
The eLOAD (electricity LOad curve ADjustment) model7 projects the long-term evolution of hourly 

electricity load curves at national level for all EU27 countries up to 2050.  eLOAD consists of two 

modules.  The first addresses load curve transformations due to structural changes on the demand 

side and the introduction of new appliances (such as electric vehicles), while the second module 

addresses active changes due to demand response (DR) activities [48].  

The first module combines the approach of [44] for specific and particularly relevant applications 

and the option of scaling; giving a partial decomposition approach (PDA, cf. Figure 4).  Technology-

                                                 
7
 Further information about the model is available from http://www.forecast-model.eu/forecast-

en/content/methodology.php 

http://www.forecast-model.eu/forecast-en/content/methodology.php
http://www.forecast-model.eu/forecast-en/content/methodology.php
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specific annual demand projections are provided by the bottom-up simulation model FORECAST7 

and used to identify all “relevant applications” that feature a significant increase or decrease in 

electricity consumption over the projection horizon.  eLOAD uses appliance-specific hourly load 

profiles from field surveys, simulation models and official data bases, which are assembled as in 

[49] to generate load curves for all relevant appliances for the base year, according to the 

respective annual demand in the base year.  The residual load curve (from all other applications not 

explicitly modelled) is deduced from the historic metered load curve, and then the appliance-

specific and residual load curves are scaled for all projection years according to the evolution of 

annual demand.  Reassembling these scaled load curves gives the total national load curve of the 

projection year. 

 

Figure 4: Overview of the calculation procedure of the Partial Decomposition Approach, showing an example for 

two appliances (night storage heater and heat pumps) over a 48 hours load curve excerpt. 

 

To select “relevant applications” we calculate the change in annual demand between base and 

projection year for each application and express it relative to the total national demand in the 

projection year.  If this ratio exceeds a certain threshold (the selection criterion, taken here to be 

1%), the application is labelled as relevant.  Depending on the individual scenario this can be 

translated into about 30 relevant applications covering approximately 80% of the total change in 

demand between base and projection year (see Figure 5).  Sensitivity calculations prove that 

selecting a higher number of relevant applications has only a marginal impact on the projected 

shape of the load curve. 
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Figure 5: Relation between selection criterion, number of relevant applications and cumulated  

share of change in demand (for an exemplary scenario). 

 

The main advantage of partial decomposition is that it properly takes into consideration structural 

changes in overall annual demand by explicitly modelling the main drivers for load curve 

transformation while preserving stochastic outliers and characteristic irregularities from historic 

load curves. Limiting the number of required load profiles by selecting only the most relevant 

applications minimizes research effort for data collection and susceptibility.  Using the results from 

the FORECAST model entails the benefit of integrating the assets of bottom-up demand simulation 

modelling, that is the appropriate representation of a large variety of appliances, the diffusion of 

new technologies, the evolution of techno-economic characteristics, macro-economic drivers and 

political measures. 

The second module of eLOAD, dealing with DR modelling, aims to to smooth the net load, which is 

defined as the system load less the generation of renewable energy sources.  A smoothed net load 

ensures efficient use of existing electricity generation and grid infrastructure, increased operational 

security as well as a reduced need for investments in new electricity generation and transportation 

assets [50], [51]. 

For appliances that are suitable for demand response the related load curves, techno-economic 

parameters and restrictions (e.g. load availability, storage capacities, activation costs) are taken into 

account in the framework of a mixed-integer optimization which determines the least-cost 

scheduling of the appliances’ load from a consumer perspective. That is, based on a day-ahead 

price/net-load signal8 the appliances’ load is scheduled from hours of high prices to hours of low 

prices. 

 

                                                 
8
 Empirical data shows a linear relationship between net load and wholesale prices, which serves as a basis to 

estimate future hourly wholesale prices based on the projected net load evolution. 

0%

20%

40%

60%

80%

100%

0%

5%

10%

15%

20%

25%

1 5 25 125

C
u

m
u

la
te

d
 s

h
a

re
 o

f 
c

h
a

n
g

e
s

 

S
e

le
c

ti
o

n
 c

ri
te

ri
o

n
 

Number of relevant applications 

Selection criterion

Cumulative share of
changes



12 

3.3 DESSTinEE Model Description 
DESSTinEE (Demand for Energy Services, Supply and Transmission in EuropE) is a model of the 

European energy sector in 2050, going from demand for energy services through to the hourly 

profiles of demand and generation of electricity.  It is used to test assumptions about the technical 

requirements for energy transport (particularly for electricity), and the economic challenges around 

developing the necessary infrastructure for this.  The DESSTinEE model is implemented in Microsoft 

Excel and VBA.9 It includes forty countries in Europe and North Africa, considering 10 forms of 

primary and secondary energy.  Energy demand and supply in each country is modelled in three 

stages: 

1. macroeconomic projection of demand for energy services and modal shares, giving final 

demand for each energy vector in 2050; 

2. synthesis of hourly electricity demand profiles for 2050; and 

3. simulation of the least-cost dispatch and transmission of electricity across the continent. 

The annual energy projection begins with a calibration to the energy system of each country in 

2010, an example of the UK is shown in Figure 6.  The 2050 energy system is then projected 

‘backwards’, reading from right to left in the figure.  Following Deng, each country’s demand for 

energy services (such as the distance people travel or the value added by industry) is projected to 

2050 using macroeconomic relationships with population, income, energy prices and sector-

specific details [52].  These service demands are then allocated to final energy demands using 

inputs on the technology mix and efficiencies in 2050, and then translated into primary energy 

requirements for each fuel. 

DESSTinEE is a simulation model for exploring future energy system transition pathways (similar to 

DECC’s 2050 calculators [53]) rather than an optimisation model that is used to find the least-cost 

path to reducing carbon emissions (such as MARKAL or TIMES).  Such normative scenarios can 

however be used by DESSTinEE as a source of input parameters.  The IEA’s Energy Technology 

Perspectives [12], IIASA’s Global Energy Assessment [13], and European Commission’s Low Carbon 

Economy 2050 Roadmap [14] are currently implemented and, where necessary, extended with 

country-specific information to account for differences in the current national energy systems and 

expected trajectories. 

 

                                                 
9
 The model is available from sites.google.com/site/2050desstinee. 

https://sites.google.com/site/2050desstinee
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Figure 6: Historic snapshot of the UK energy system in 2010, used for calibrating the DESSTinEE model, showing 

the flow of modelling logic for (1) annual projections and (2) hourly load curve synthesis. 

The synthesis of hourly demand profiles uses a similar, but simpler, approach to eLOAD.  Each 

country’s load curve is decomposed into major economic sectors (residential, commercial, 

agriculture, industrial, road and rail), with built sectors being split further into space heating, water 

heating, cooling, and all other appliances.  Daily profiles (24 periods) are specified for each sector 

and end-use, with summer/winter and weekday/weekend variants to account for differences in 

human and economic activity.  The model generates annual profiles (8,760 periods) for each sector, 

scaling space heating demands by the number of heating degree days (HDD) experienced.  

Stochastic variation is added to each profile to mimic the natural variability of human behaviour, 

and the sector profiles are summed to give the national load profile. 

To preserve the unique and anomalous features of historic load curves, the residuals between 

actual and simulated load of the year 2010 are calculated, then scaled up and applied to the 2050 

profiles.  Figure 7 shows an example of the model’s ability to replicate historic load curves from 

2010.  When validating the simulated load curves for 2010, the residuals for both Britain and 

Germany were normally distributed with a standard deviation of 7% (±2.6 and ±4.3 GW 

respectively).  The correlation between the simulated load curve (before residuals were applied) 

and historic data was 0.96 for Britain and 0.91 for Germany. 

 



14 

 

Figure 7: Validation of the DESSTinEE model, showing two weeks of historic demand in 2010 in Germany and 

Britain against the model’s simulation before residuals are added back. 

 

The final stage of the DESSTinEE model is to simulate the electricity sector of each country, 

calculating the least-cost dispatch for a specified mix of power stations and transmission across a 

constrained network.  This functionality is not used in this paper. 

4 Scenarios for Future Load Curve Projection 
This section introduces the scenario used for projecting hourly electricity load curves to 2050.  To 

briefly summarise, this study: 

 Looks at two countries which are undergoing different energy sector transformations; 

 Focusses on a core decarbonisation scenario, with sensitivities around the electrification of 

heat and transport; 

 Uses two independent models to understand the influence of different calculation methods. 

4.1 Case Studies: Germany and Great Britain 
Germany and the UK are interesting to study as they are both going through quite different 

revolutions and facing divergent future prospects, while aiming at the same time for a 

transformation towards a more sustainable national energy system. In particular, the stark contrast 

between national visions for the electricity has drawn interest, ranging from a 25% reduction in 

Germany to a doubling in Britain [54].  

The German economy is still characterized by a strong presence of energy intensive industry, 

whereas the UK has undertaken an important shift towards the service sector10.  Furthermore, 

Germany faces a declining birth rate and a decrease in population whereas the UK has one of the 

                                                 
10

 Manufacturing contributes 20% of German GDP and 10% of UK GDP [90]. 
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highest birth rates in the EU and strong immigration. Finally, both countries have designed a long 

term pathway towards a sustainable energy future: Germany’s Energiewende and Britain’s Carbon 

Budgets, which will both be very demanding on the electricity sector.  Germany seeks to limit 

electricity consumption through extensive energy efficiency measures, whereas the UK seeks to 

expand it by shifting transport and heating into the electricity sector. 

In order to represent these trends and objectives, we base our load curve calculations on an energy 

demand projection provided by the Energy Systems Analysis Agency (ESA2) [55]. The underlying 

explorative scenario assesses the impact of ambitious shares of renewable electricity generation, a 

broad diffusion of energy saving technologies as well as the comprehensive penetration of new 

technologies such as heat pumps and electric vehicles. The analysis concludes that energy 

efficiency and renewables could deliver a 90% emission reduction of the European power sector, 

compared to 1990. 

The penetration of new technologies in particular is subject to uncertainty.  We therefore analyse a 

set of sensitivity cases around the diffusion of heat pumps and electric vehicles, and their usage 

profiles (the use of heat storage and altered patterns of vehicle charging).  

4.2 Assumed Evolution of Annual Electricity Demand 

4.2.1 Drivers of Demand 

Annual electricity demand in the two countries was projected from the 2010 baseline to 2050 using 

both the FORECAST and DESSTinEE models.  These projections were disaggregated at the 

appliance- or sector-level, and used as an input for the subsequent load curve synthesis.  This 

annual demand projection was initially conducted using FORECAST as part of the preparations of 

the ESA2 report [55].  DESSTinEE was set up to use these FORECAST parameters so that the two 

models could be comparable. 

The key socio-economic drivers for annual demand (e.g. fuel prices, population and income 

growth) are based on a breakdown of the assumptions made in the EU Energy Roadmap 2050 [56], 

as summarised in Table 2. 

The countries’ population projections move in different directions, and the gradual shift towards 

smaller household sizes means the housing stock is assumed to grow slightly relative to 

population.  The UK economy grows to exceed Germany’s by the mid-2030s and its population by 

the 2040s, while the standard of living continues growing at a similar rate in both countries, 

following the long-term historic trend.  The resulting GDP projections give broad agreement with 

those from financial institutions [57], [58] and other energy systems models [59], [60]. 

Following the European Commission [56], we assume that fuel prices continue increasing until 

2030, after which concerted global climate action reduces demand for fossil fuels, and thus their 

prices.  Prices in 2050 end up 10‒17 % above 2010 prices: €3.00/GJ for coal, €10.40/GJ for oil, 

€6.90/GJ for gas and €346/tCO2 (in 2008 Euros). 
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Three of the technical drivers for the total demand of electricity are energy efficiency and the 

electrification of heat and transport.  We assume relatively strong improvements in efficiency, 

particularly in the thermal performance of the housing stock.  By 2050, German houses require 

two-fifths as much delivered heat per m² of floor space as today, implying that all new homes are 

built to PassivHaus standards (15 kWh/m²/yr), and the existing stock is extensively retrofitted with 

insulation, ventilation and smart control systems.  The reduction is slightly lower in the UK (55% of 

2010 levels) despite a greater proportion of new-build, due to technical and cultural difficulties in 

introducing these technologies [61]–[63]. 

  Germany  UK 

  2010 

value 

Annual 

growth 

2050 

value 
 

2010 

value 

Annual 

growth 

2050 

value 

Macro economy:         

    Population  82.1m ‒0.3% 72.1m  62.0m 0.5% 74.5m 

    National GDP [€2008 bn] 2,280 1.1% 3,530  1,880 2.0% 4,130 

    GDP per capita [€2008] 27,770 1.4% 49,060  30,370 1.5% 55,400 

         

Residential heating:         

    Housing Stock  38.4m 0.0% 38.4m  27.0 0.7% 36.2m 

    Share of useful heat 

    provided by electricity 
 3.9% 4.3% 21.3%  9.4% 4.7% 59.0% 

    Electric heat pumps*  0.4m 7.8% 7.5m  0.0m 21.6% 19.2m 

    Other electric heating
†
  1.1m ‒5.3% 0.1m  2.5m ‒0.4% 2.1m 

    Specific heat demand [kWh / m² / yr] 132 ‒2.3% 51  132 ‒1.5% 73 

         

e-Mobility:         

    Electric vehicles
Δ
  0.0m 19.2% 23.4m  0.0m 19.8% 14.7m 

    Share of passenger fleet  0.0% 20.1% 60.1%  0.0% 18.5% 41.1% 

    Annual utilisation [p-km / yr] 14,300 0.2% 15,730  12,700 0.2% 14,000 

Table 2: Main economic and technical assumptions from the FORECAST model, 

 showing the historic and future values with compound annual growth rates. 
*
 The efficiency of heat pumps is temperature dependent, and is outlined in Section 4.3. 

†
 Some households use electricity for additional as opposed to their main heat source, so the share  

of households with electric heating is greater than the share of heat delivered by electricity.  
Δ
 Electric vehicles (whether battery electric or plug-in hybrid operating in electric mode) have a  

specific consumption of 0.20 kWh/km in 2010, improving by 0.3% per year to 0.18 kWh/km in 2050. 

The uptake of heat pumps in the UK is based on the CCC’s 4th Carbon Budget [64], which projected 

that 7 million homes and 60% of non-residential buildings would use heat pumps by 2030.  The 

CCC’s central projection has since been lowered to 4 million homes [63], but this increases to 8.5 

million homes if technical lifetimes reach 20 years, and hybrid heat pumps (i.e. heat pumps installed 

with a gas boiler backup) are included.  Extrapolating these numbers to 2050 gives 19.2 million 
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residential heat pumps. Germany has not stated a specific target for the diffusion of heat pumps; 

however, more than half of today’s newly constructed buildings rely on a heat pump system [65]. 

This trend is continued into the future, implying that by 2050 heat pumps cover 21% of the useful 

residential heat demand. 

The uptake of electric vehicles in the UK is also based on the CCC projection for 60% of new 

vehicles to be electric (either EV or PHEV) from the 2020s onwards [63], leading to a total of 14.7 m 

electric vehicles on the road in 2050. The German government pursues the target of having one 

million electric vehicles on German streets by 2020 and up to 6 million by 2030 [66], [67]. Under the 

given scenario, this number is assumed to rise up to 23.4 m vehicles by 2050. 

4.2.2 Demand Projections to 2050 

Figure 8 shows the future evolution of demand as calculated by the two models, set against historic 

growth and projections made by other institutions.  These results are not intended to be an 

accurate forecast of the future. Rather they explore one potential scenario with an ambitious 

transition towards decarbonised energy systems. 

FORECAST provides results for each year to 2050, whereas DESSTinEE produces a single snapshot 

for 2050.  The projections from FORECAST and DESSTinEE are very similar, showing the importance 

of using common assumptions relative to using different calculation methods.  The end results 

differ by 2‒3% because of using different calibration, growth models for economic sectors and 

disaggregation levels. In particular, technology diffusion is endogenously calculated by FORECAST, 

but exogenously specified within DESSTinEE.   

 

 

a: [12] IEA: 4 Degrees 

b: [13] GEA: Efficiency 

c: [60] EC: Reference 

d: [68] Prognos: RefScen 

e: [68] Prognos: ScenIA 

f: [69] DECC: Core MARKAL 

g: [70] DECC: Reference Pathway 
 

Figure 8: Annual electricity consumption in Germany and Britain over the last 40 years, and projected over the 

next 40 years using the FORECAST and DESSTinEE models. The projected 2050 electricity demand from other 

studies are shown at the right of the chart, labelled a–f. 

 

DE   

UK 

a 

b 

c 

d 

e 

a 

b 

c 

f 

g 

0

100

200

300

400

500

600

700

1950 1970 1990 2010 2030 2050 2070 2090

A
n

n
u

a
l 

e
le

c
tr

ic
it

y
 d

e
m

a
n

d
 (

T
W

h
) 

Historic demand (DE, UK) 
 

FORECAST model (DE, UK) 
 

DESSTinEE model (DE, UK) 
 

Other 2050 projections (DE, UK) 



18 

These results can be put into context by comparing them with the 2050 electricity demands 

projected in other studies.  As shown in Figure 8, the ESA2 projection sits at the lower end, because 

it assumes that a greater contribution to decarbonisation comes from energy efficiency measures. 

Our projections for both countries are around 38% lower than the IEA 4 Degrees Scenario, and 46% 

below their 2 Degrees Scenario (not shown).  The German result is closest to the Energiekonzept 

Reference Scenario [68], and remains similar to the European Commission’s Reference Scenario 

[60], which models the development of the EU energy system under current trends and adopted 

policies11.  The UK result agrees with both the EC’s Reference and DECC’s Core Decarbonisation 

scenario to within ±10% [69]. 

A notable feature in Figure 8 is the turn-around in German electricity demand, which decreases by 

4% from 2010 to 2050.  This is partly due to its falling population; however, the main drivers for this 

result are a strong commitment to energy saving across all sectors (in line with the German 

government’s aims to reduce electricity demand by 25% until 2050).  The decrease is not as strong 

as anticipated by the German government because of the increased electrification in the heating 

and transport sector (to ensure decarbonisation), which wipes out energy savings in other sectors.12   

Whereas the German government plans for decreasing consumption, the UK government expects 

electricity demand to expand rapidly in coming decades.  Electricity has been placed at the centre 

of its climate change strategy, as it is perceived to be the cheapest sector to rapidly decarbonise.  

With the power sector largely carbon-neutral by 2030, heat and transport are rapidly electrified,  

leading government to speak of electricity demand doubling between 2010 and 2050 [71]. The 

scenario used here assumes this will be offset by large efficiency improvements, to yield an 18% 

increase over 2010 levels. 

4.2.3 Sectoral Breakdown of Demand 

A key assumption common to both results is that economic growth and energy demand will 

continue to decouple in the future due to the accelerated uptake of energy efficiency measures.  

Historic demand has been strongly linked with GDP, as seen by the downturns during the early 

1980s recession, the German reunification in 1990, and the recent recession in 2009.   

This decoupling can be seen in Table 3, as the energy intensity of the two economies declines by 

2.3% and 0.7% per year.  All sectors other than transport fall in Germany and rise more slowly than 

GDP in the UK, driven by the diffusion of efficient lighting and electric devices.  However, the 

increase in electric heating and personal transport means that electricity consumption per capita 

                                                 
11

 It includes policies and measures adopted in the Member States by April 2012 as well as policies, measures and 

legislative provisions (including on binding targets) adopted by or agreed in the first half of 2012 at EU level, 

including the Energy Efficiency Directive. 

12
 A recent study carried out on behalf of the German Ministry for the Environment states that the planned 25% 

reduction may not comprise new electricity consuming end-uses such as electric vehicles, heat pumps or electricity 

based methane production (also referred to as power-to-gas) [91]. 
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continues to increase, bringing the overall demand change to 0.2% annual decrease in Germany 

and 0.5% increase in the UK. 

  Germany  UK 

  2010 

value 

Annual 

growth 

2050 

value 

 2010 

value 

Annual 

growth 

2050 

value 

Total electricity demand [TWh] 547 ‒0.2% 512  340 0.5% 423 

- Industry [TWh] 230 ‒0.1% 224  102 0.6% 130 

- Commercial & others [TWh] 161 ‒1.4% 91  112 0.0% 114 

- Residential [TWh] 139 ‒0.5% 115  122 0.2% 134 

- Transport [TWh] 16 4.1% 83  4 6.2% 44 

         

Demand per capita* [kWh / year] 2,160 0.6% 2,740  2,210 0.2% 2,400 

Electricity intensity
†
 [Wh / € GDP] 188 ‒2.3% 75  87 ‒0.7% 64.4 

Table 3: Electricity demand evolution of selected sectors and related indicators, 

showing the historic and future values with compound annual growth rates. 
*
 ‘Personal’ consumption from the residential and transport sectors divided by population. 

†
 ‘Economic’ consumption from the commercial and industrial sectors divided by GDP. 

4.3 Assumed Appliance Load Profiles 
Both eLOAD and DESSTinEE make use of synthetic load profiles, describing the hourly load of 

individual sectors and end-uses, distinguished by season and day of week. eLOAD considers 

technology-specific load profiles for all end-uses and technologies featuring a significant change in 

annual demand between base year and projection year.  DESSTinEE is more coarse-grain, using 

load profiles for each economic sector as a whole, plus heating technologies and electric vehicles.  

In both models these profiles are taken from historic data, except for electric vehicles, where we 

use a range of proposed charging patterns.  

Based on the technology discrete annual demand projection provided by the FORECAST model it 

turns out that residential electric heating systems (i.e. heat pumps and storage heaters), residential 

water heating, electric vehicles and lighting in the residential and commercial sector feature the 

strongest change in demand. The load profiles of space heating technologies and electric vehicles 

are common to both models and, thus, explained in more detail in the following. 

Figure 9a depicts the normalized load profiles for different heating technologies in Germany and 

the UK.  eLOAD uses the individual technology profiles (solid lines), whereas DESSTinEE uses the 

sector-average profiles for conventional technologies (dotted lines). The German profiles are based 

on data from the German DSOs Vattenfall Hamburg [72] and Eon Bayern [73], and DESSTinEE used 

the average of these, weighted by the number of installations.  The UK standard heating profile was 

based on metered consumption data from DEFRA [74], and the UK heat pump profile is taken from 

[75]. 
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(a)

 

(b)

 

Figure 9: Normalised load profiles of residential space heating technologies (left) and the relationship between 

outdoor temperature and space heating demand for a single household (right).  

The level of heating demand is temperature dependent, and was assumed to vary with daily 

average temperatures so that the load shape within each day remains unchanged.  National-

average temperature profiles were extracted from the MERRA database [21] by taking the 

population-weighted average temperature.  Above a set temperature (15.5°C in DESSTinEE, 17 °C in 

eLOAD) there was assumed to be no demand for space heat, and below this point demand 

increased linearly with temperature (i.e. heating demand is proportional to degree days).   

The electrical demand from conventional heating technologies is therefore scaled linearly with 

temperature. However, when using air-source heat pumps (ASHP) the coefficient of performance 

(COP)13 falls during lower outdoor temperatures.  Based on industry-wide data from dozens of 

manufacturers, typical COPs for ASHPs are 3.0 at 10°C external temperature, falling to 2.4 at 0°C 

and 1.9 at –10°C [75].  More electricity is required per unit heat delivered during the coldest days 

when buildings have their highest demand for heat.  The electricity consumption of air-source heat 

pumps (and their impact on peak load) therefore increases as a quadratic, rather than linearly, with 

falling temperature (see Figure 9b). 

  

                                                 
13

 COP is the ratio of heat produced to electricity consumed, analogous to efficiency.  It can be greater than 1 

because ambient heat is harvested from the environment. 
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(a) 

 

(b) 

 

Figure 10: Normalised load profiles of electric vehicles under (a) static, and (b) smart charging strategies. 

The other major technology profile is for electric vehicles.  Figure 10 illustrates the charging profile 

of passenger electric vehicles under different charging strategies.  The “home” profile (from [76]) 

considers uncontrolled charging after the last journey of the day, resulting in a pronounced 

evening peak, especially on weekdays.  The “home and work” profile (derived from [77]) also 

assumes that charging is uncontrolled, but that charging facilities are widely available at 

workplaces, giving a profile that is more equally spread over the day, with a slight peak in early 

morning and a reduced evening peak.  As working schedules in Germany and the UK differ by 

approximately one hour [78], an offset is introduced between the countries’ weekday profiles.  

In the context of smart grid deployment, one may assume that vehicle charging patterns may 

become price sensitive in the long run, and will differ from day to day according to price signals. In 

order to quantify the impact of such a flexible profile, we consider a sensitivity case which uses an 

optimised charging load profile for electric vehicles.  In the literature, “smart” or “managed” 

charging profiles are based on the current supply-demand interaction with all charging occurring 

at night (e.g. [77], [79]–[83]). However, with continued deployment of solar PV and wind, the system 

minimum is likely to occur during daytime in summer, and shift dramatically from day to day, 

making for a more dynamic “smart” charging profile. 

For this scenario, smart charging is based on the net load to be met by thermal power stations, 

which is the projected 2050 load curve minus the output from renewables, which were based on 

[84].  The “smart” charging profile (Figure 10b) is determined using the demand response module 

of eLOAD, which determines the most favourable hours for battery charging, distinguished by 

season, considering the predefined electricity generation mix for the UK and Germany in 2050.  This 

capacity mix is taken from the ESA2 scenario [55] to be consistent with our macro demand 

projection, and is given in Table 4.  Wind and solar capacities are seen to have grown rapidly in 

recent years, and are assumed to continue expanding by 1.7–2.8% per annum in Germany and 6.5–

7.6% per annum in the UK. 
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 Germany UK 

 Wind Solar Wind Solar 

 2010 2013 2050 2010 2013 2050 2010 2013 2050 2010 2013 2050 

Installed capacity [GW] 27.2 34.3 65.2 17.5 35.9 99.0 5.4 11.0 112.8 0.1 2.9 43.8 

Annual generation [TWh] 37.8 53.4 159.1 11.7 30.0 112.2 10.2 27.4 285.8 0.0 2.0 43.8 

Share of total demand 7% 10% 31% 2% 6% 22% 3% 9% 70% 0% 1% 11% 

Table 4: Renewable electricity capacities and generation in 2050.  Historic generation data from [85], demand 

data from [17], [86], [87], and 2050 projections from [55]. 

 

5 Results and Discussion 
The load curves produced for this study are available to download as supplementary data ‒ see the 

published version of this paper at http://dx.doi.org/10.1016/j.energy.2015.06.082. 

5.1 Evolution of Hourly Load Curves until 2050 
Table 5 evaluates the projected 2050 load curves from both models, using the same criteria as were 

presented for historic load curves in Table 1.  The comparison between these criteria in 2010 and 

2050 gives detailed insights about the potential evolution of hourly load over the course of the 

next four decades.  It is notable that the two models are in broad agreement despite being 

developed independently and using different methods for load curve synthesis. 

In this Core scenario (which includes uncontrolled charging of 15‒23 million electric vehicles) peak 

load is projected to grow significantly in both countries: to 101‒105 GW in Germany and 91‒92 

GW in Britain.  Peak growth in Germany is limited to about 15% due to the reduction in annual 

demand, whereas in Britain it is projected to rise by 50%, which is double the growth in energy 

demand.  A 30 GW increase in peak load will require (very approximately) €25 billion to be invested 

in Britain over and above that needed to cover existing plant retirements;14 compared with €12.5 

billion if a more successful integration of heat pumps and electric vehicles meant that peak load 

grew at the same pace as annual demand.  In Germany, the change in load shape adds 20 GW to 

peak load compared to the situation where all hours scale down equally, requiring (again, very 

approximately) €17 billion additional investment in capacity. 

  

                                                 
14

 This very rough calculation, intended to give a sense of the scale of this challenge, is based on the current 

average investment costs for CCGT and OCGT plants in 2010 Euros, taking no account of technology learning or 

other developments.  Other technologies such as coal, oil or hydro have higher capital costs, and so this is possibly 

a conservative estimate. 

http://dx.doi.org/10.1016/j.energy.2015.06.082
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In 2050 DE  GB 

 
2010 2050 

Change 
from 
2010  2010 2050 

Change 
from 
2010 

Load duration 
curve 

Total demand [TWh] 547 
512 
512 

–6% 
–6% 

 340 
423 
423 

+25% 
+25% 

Minimum load [GW] 40.2 
31.1 
33.6 

–23% 
–16% 

 21.1 
22.1 
26.2 

+5% 
+24% 

Maximum load [GW] 88.3 
101.0 
104.6 

+14% 
+18% 

 61.4 
91.4 
92.3 

+49% 
+50% 

Min/max load ratio 45.5% 
30.8% 
32.1% 

–32% 
–29% 

 34.4% 
24.4% 
28.4% 

–30% 
–17% 

Capacity factor 70.7% 
57.9% 
55.9% 

–18% 
–21% 

 63.1% 
52.9% 
52.3% 

–16% 
–17% 

Stable load 
situations 

Mean duration  
of maximum 
load [h] 

>90% 4.09 
1.87 
1.88 

–54% 
–54% 

 2.70 
1.96 
2.21 

–28% 
–18% 

>70% 15.8 
5.40 
4.58 

–66% 
–71% 

 8.95 
6.49 
5.71 

–27% 
–36% 

Total duration 
of maximum 
load [h] 

>90% 286 
127 
139 

–56% 
–51% 

 192 
45 
73 

–77% 
–62% 

>70% 4733 
1599 
1291 

–66% 
–73% 

 2516 
1091 
873 

–57% 
–65% 

Load change 
between 
consecutive 
hours 

Ramp rate factor 1.97 % 
3.20% 
3.22% 

+62% 
+63% 

 2.66 % 
2.98% 
2.77% 

+12% 
+4% 

Mean ramp rate [GW] 

1.96 
2.81 
2.58 

+43% 
+32% 

 1.88 
2.50 
2.11 

+33% 
+12% 

‒1.57 
‒3.79 
‒4.84 

+141% 
+208% 

 ‒1.44 
‒2.98 
‒3.25 

+107% 
+126% 

Maximum load change 
[GW] 

9.91 
12.9 
11.6 

+30% 
+17% 

 7.90 
10.8 
7.79 

+37% 
–1% 

‒6.82 
‒13.0 
‒13.1 

+91% 
+92% 

 ‒5.35 
‒11.6 
‒9.52 

+117% 
+78% 

Continuous 
load change 
sequences 

Maximum load change 
[GW] 

29.0 
50.8 
59.5 

+75% 
+105% 

 24.6 
33.9 
42.8 

+38% 
+74% 

‒26.4 
‒55.1 
‒60.2 

+109% 
+128% 

 ‒25.2 
‒39.3 
‒44.1 

+56% 
+75% 

Nb. of load alternations 1,800 
1,642 
936 

–9% 
–48% 

 1,920 
2,702 
1,004 

+41% 
–48% 

Temperature 
sensitivity 

Mean temperature 
sensitivity [GW/°C] 

0.49 
0.48 
0.41 

‒2% 
‒16% 

 0.81 
1.55 
1.29 

+90% 
+59% 

Peak temperature  
sensitivity [GW/°C] 

0.60 
0.64 
0.85 

7% 
42% 

 1.14 
1.81 
1.84 

58% 
61% 

Table 5: Evaluation criteria for the projected 2050 load curves in Germany and Britain, set against the historic 

perspective.  For 2010, historic load data is used; for 2050, each cell presents the results from eLOAD (top) and 

DESSTinEE (bottom). 
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The load duration curves in Figure 11 show what happens during the rest of the year.  Whilst peak 

load increases, minimum load remains similar in Britain and falls by around 8 GW in Germany due 

to reduced utilisation of night storage heaters.  Asset utilisation therefore decreases significantly in 

both countries, in addition to reductions caused by increasing penetration of zero marginal cost 

renewables.  For example, in Germany load is projected to fall below the 2010 level for 7,500 hours 

of the year.  In the absence of greater demand side flexibility, with fewer MWh sold per MW of 

capacity, electricity prices will have to increase in order for power stations and transmission 

infrastructure to remain profitable, either through peak pricing or capacity payments. 

 

Figure 11: Load duration curves for Germany and Great Britain in 2010 (historic) and 2050 (projected).  The 

system peaks are highlighted in the inset figure top right. 

Figure 12 shows the average daily profiles for the two countries in 2050, relative to the historic 

profiles for 2010.  This clearly depicts the size of the evening charging peak for electric vehicles, 

and the relative reduction in night-time demand due to the switch from night-storage heaters to 

electric heat pumps. These changes mean that ramp rates become much stronger, particularly 

downward ramps after the evening charging peak.  Ramp rates in both countries grow both in 

absolute terms (GW per hour) and relative to peak load (a greater portion of the generating fleet 

starting or stopping). 
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Figure 12: Comparison of the average weekday load curves  

projected by eLOAD and DESSTinEE for 2010 and 2050. 

Figure 12 demonstrates how scaling historic load profiles by a linear factor would lead to 

substantial deviations from the eLOAD / DESSTinEE projections.  Simple rescaling yields deviations 

with an RMS error of 9 GW in Germany and 5 GW in Britain, with strong diurnal and seasonal 

components. 

Some discrepancies can be seen between the two models in Figure 12: for example, in the British 

summer profile eLOAD projects a reduced level of 3 to 4 GW between 11:00 and 19:00 relative to 

DESSTinEE.  This can be traced to different assumptions for the increase in efficiency, highlighting 

the importance of drilling down into sub-sector and individual technology profiles, rather than 

focussing solely on the ‘prime suspects’ of heat pumps and electric vehicles.  

The drivers behind load curve transformation are identified in Figure 13, which shows how the 

changes in individual technology profiles come together to form the overall shift from the 2010 to 

2050 load profile in Germany. For example, efficiency improvement leads to reduced growth in 

morning time, and the phase-out of German storage heaters gives a reduction in night time load.  

The most substantial change is the evening charging peak for electric vehicles, which contributes 

30 GW to peak load on an average weekday.  In winter, heat pumps add a solid band of 5 GW load 

on top. 
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Figure 13: The contribution that different technologies make to changes in the  

load profile from 2010 to 2050 in Germany, based on results from eLOAD. 

The temperature sensitivity of load in Germany falls slightly even though the share of heat 

produced from electricity increases five-fold (see Table 2).  The total demand for heat falls by 60% 

due to extensive insulation improvements, and inefficient resistance heaters are almost entirely 

replaced with heat pumps.  The temperature sensitivity of peak-time load (weekdays 18:00–19:00) 

increases (albeit by differing amounts in the two models) as this electric heat is provided all-day 

round rather than predominantly during the night-time with current storage heaters. 

The situation is very different in Britain due to the combination of expanding housing stock, less 

effective uptake of insulation, and a larger assumed penetration of heat pumps.  Both mean and 

peak-time sensitivity are expected to increase by at least 60%, with the latter rising to around 1.8 

GW per degree centigrade.  This would put Britain into a similar position as France, with both 

countries experiencing sharp peaks in demand during cold weather.  If a cold spell were to affect 

both countries simultaneously, this is likely to be a source of stress and potential failure in the 

system. 

5.2 Sensitivity to Electric Vehicle Charging Profiles 
In the core scenario, transformation of the load curve and evolution of peak load are primarily 

driven by the extensive diffusion of electric vehicles and their assumed load profile (battery 

charging after the last journey).  Figure 14 compares the mean system load curve on weekdays 

from the Core scenario with the two alternative charging strategies (averaged across the results of 

the two models). Extending vehicle charging to work hours prevents the evening load peak from 
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emerging and implies instead a more balanced profile which is relatively close to the current 

shape.15  As indicated by Figure 15, German peak load can be preserved at the level of 2010 while 

the increase in the UK peak load is reduced from 30 to 22 GW. 

 

Figure 14: Mean system load curve on weekdays under different charging strategies for electric vehicles 

(averaged across the two models) 

This profile changes substantially with smart charging.  Germany’s evening load peak shifts towards 

midday hours in order to bring power consumption in line with PV electricity generation, and the 

system shifts from being winter to summer peaking.  Peak load experiences an increase compared 

to 2010 to a level of 96 GW (vs. 103 GW under the Core scenario). As the major part of British 

electricity generation in 2050 relies on wind power that features a weaker diurnal generation 

profile, the system load therefore has a less pronounced midday peak in summer, and a more 

balanced winter profile. With respect to peak load and load duration curve, the results are similar 

to those under the home+work charging strategy, as shown by Figure 15; however, both strategies 

result in different utilisation for conventional generation. 

To assess the impact of the different charging profiles on the electricity supply, Figure 16 depicts 

the mean net load (the difference between system load and generation from PV and wind) to be 

met by conventional generators.  The smart charging profile not only shaves the peaks (from >90 

to about 64 GW for Germany and from 80 to about 64 GW for Britain) but also fills the net load 

troughs (from –70 to –43 GW and from –70 to –58 GW).  This reduces the amount of excess 

renewable energy which must be curtailed:16 from 22 to 7 TWh and from 51 to 44 TWh per year. 

Controlling the charging of electric vehicles can have substantial impact on the utilisation and 

                                                 
15

 The detailed assessment of the results using the evaluation criteria of Table 5 is available from the authors upon 

request. 

16
 Assuming that renewables are curtailed when net load decreases below zero.  Conventional generators have a 

must-run element and so more than this may be curtailed in practice, in the absence of storage.  
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profitability of existing power plants and reduce the need for flexible and peaking capacities. These 

aspects will be considered further in future research activities. 

(a) 

 

(b) 

 

Figure 15: Load duration curves of Germany (left) and Great Britain (right) for different charging strategies of 

electric vehicles, averaged across both models. 

 

 

Figure 16: Mean net load under different charging strategies for electric vehicles 

 

20

30

40

50

60

70

80

90

100

0 2000 4000 6000 8000

L
o

a
d

 (
G

W
) 

Duration (hours per year) 

2010 - Historic

2050 - Core

2050 - Home+work

2050 - Smart

30

40

50

60

70

80

90

100

110

0 2000 4000 6000 8000

L
o

a
d

 (
G

W
) 

Duration (hours per year) 

2010 - Historic

2050 - Core

2050 - Home+work

2050 - Smart

-40

-20

0

20

40

60

80

0 6 12 18 0 6 12 18 0 6 12 18 0 6 12 18 0 6 12 18 0 6 12 18 0 6 12 18 0 6 12 18

Week Sun Week Sun Week Sun Week Sun

Summer Winter Summer Winter

Germany Great Britain

N
e

t 
lo

a
d

 [
G

W
] 

EV Core Charging

EV Home+Work Charging

EV Smart Charging

Hour: 



29 

5.3 Sensitivity to Electricity Intensity 
Great uncertainty surrounds any projection for uptake of new technologies in 35 years’ time.  We 

therefore consider a set of sensitivities around the number of heat pumps and electric vehicles 

(using the Core assumption: charging after the last journey of the day) in operation in each country.  

From the Core figures presented earlier in Table 2, we consider two cases with ±4 million 

residential heat pumps (±53% in DE, ±21% in GB), and then separately two cases with ±4 million 

EVs in each country (±17% in DE, ±27% in GB).  Figure 17 shows the range of load curves produced 

from these sensitivities, averaged across the two models. 

(a) 

 

(b) 

 

Figure 17: The range seen across load duration curves across both models and all sensitivity cases  

(i.e. with more/fewer heat pumps or electric vehicles) 

Figure 17a depicts the load duration curve for both countries across the different sensitivity cases, 

illustrating that the changes in electricity intensity primarily affect peak load situations. Figure 17b 

illustrates the difference between the various sensitivities and the Core scenario, showing that the 

bulk of electricity consumption of electric vehicles and heat pumps coincides with peak load 

situations.  For example, 4 million additional electric vehicles in Germany adds 6 GW to peak load, 

at least 2 GW during the 2,000 highest load hours, and makes almost no change to the system 

minima.  In Britain, the same number of vehicles raises peak load by 5 GW, and the 2 GW load 

increase affects only the top 1,000 hours.  

4 million more heat pumps likewise drive an increase in peak load of 5 GW and 3 GW in both 

countries.  However, additional load is more equally spread throughout the year, resulting in a 

simultaneous rise of base load (lasting for at least 6,000 hours per year) by 2 GW and 1 GW, 

respectively.  This is due to heat pumps providing hot water all year round, as well as space 

heating.  The impact on the temperature sensitivity of load is consistent across both models and 

countries, with ±4 million heat pumps altering the average and peak sensitivity by ±0.14 GW/°C.  
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An additional 4 million heat pumps therefore raises the average temperature sensitivity to 0.59 and 

1.56 GW/°C in Germany and Britain, and the peak sensitivity to 0.90 and 1.97 GW/°C.  

6 Conclusions 
This study demonstrates how the shape of the electric load curve will change substantially in the 

coming decades due to the evolving structure of electricity demand.  Two independent 

methodologies are presented for examining this issue, and the robustness of this result is 

confirmed by their general agreement. 

In a scenario where Germany and the UK transform towards sustainable energy systems through 

energy efficiency and electrification, the major drivers behind load curve transformation are 

identified as new demand-side technologies (heat pumps and electric vehicles), efficiency 

improvements and macro-economic factors (GDP and population). 

Electricity demand of heat pumps and electric vehicles without smart management strongly 

coincides with current peak load hours, increasing the system load peak more strongly than annual 

demand.  By 2050, German demand may fall 6% whilst peak load rises by 15%, leading to a 20% fall 

in the capacity factor of the load curve, and thus in asset utilisation.  In the UK, the increase in peak 

load is double that of demand, requiring 30 GW of additional capacity by 2050, compared to 15 

GW if the load shape remained unchanged from today.  A simplistic estimate suggests that 

unfavourable changes to the load shape will require €17 and €12 billion of additional capacity 

within the German and British electricity systems between now and 2050.  These impacts are being 

missed by studies which assume that load will scale up equally in all hours. 

Sensitivities around the level of transport and heat electrification reveal that an additional million 

electric vehicles increases demand by 2.8 TWh and peak load by 1.5 GW in Germany and 1.3 GW in 

Britain.  A million extra heat pumps adds 4.3 TWh in Germany and 3.1 TWh in Britain, with an extra 

1.2 and 0.8 GW peak load, respectively. 

Energy efficiency is able to partly compensate for the increase in load, particularly through savings 

in lighting. However, the order of magnitude and the distribution throughout the day differ from 

electric vehicles and heat pumps, giving only a limited impact on peak load. 

The combination of increased peak load, reduced minimum load, decreased utilisation and 

stronger ramp rates means that balancing supply and demand will become more challenging in the 

future, especially when considered alongside the growth in variable renewable energy sources.  

Either a substantial amount of low cost, flexible power generation capacity, or a reinforcement of 

daily storage capacity is required.  

Alternatively, explicit charging strategies for electric vehicles can assist in reducing peak load, by 

spreading the charging process across the entire day.  However, charging at both home and 

workplaces requires the widespread availability of public charging infrastructure, and disregards 
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the availability of renewable electricity generation.  Smart charging strategies have immense 

potential for net load smoothing and the integration of renewables.  However, they cannot rely on 

simple repetitive profiles for charging (e.g. always recharging overnight) and must be matched to 

the instantaneous output from variable renewables, requiring ‘smart’ communication and control 

infrastructure.  Large-scale market entry of electric vehicles should be accompanied by 

sophisticated charging strategies to ensure a sustainable and cost-efficient integration. 

Future research activities could expand the focus on this demand response aspect, assessing the 

transformation of net load, how other demand side technologies (e.g. heat pumps, white 

appliances or industry processes) can contribute to peak load shaving and RES integration, and 

how this affects the electricity supply side. 
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