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A B S T R A C T   

Electricity supply is one of the critical issues in the energy field. Due to the high shares of greenhouse gases 
emissions, the electricity sector is experiencing a transition towards a progressively wider use of low-carbon 
technologies. At the same time, electrification of end-use sectors is identified as one of the most suitable miti
gation strategies, although requiring larger electricity production. This paper relates the historical development 
trends for installed capacity of electricity production technologies to the theory of the S-curves, building a 
method to depict plausible developments in the electricity sector. Projections are performed considering the 
existence of an upper limit for industrial capacity development, and according to a path envisaging a revolu
tionary, an evolutionary and a maturity phase for technologies showing considerable growth trends. Oppositely, 
stagnation is taken into account for those not showing any remarkable progress. The computed curves are used to 
perform forecasts about electricity generation potentials until 2050, showing how the projected growth trend of 
electricity generation technologies would result in a production sufficient to meet the expected global demand, 
even excluding the contribution of fossil fuels in some cases. In perspective, the presented method can be applied 
to retrieve maximum capacity constraints for energy system models.   

1. Introduction 

The possible future developments of the energy system, needed to 
mitigate climate change effects, are widely studied using the energy 
scenario approach. Institutions, international organizations and gov
ernments worldwide strongly rely on energy scenario comparison based 
either on energy system simulation or on optimization-based models. 
That is the case of e.g., the World Energy Model [1], the main tool used 
by the International Energy Agency (IEA) to generate projections, or 
TIMES-Italy [2], adopted to support the Italian Energy Strategy [2]. 
Nonetheless, energy scenarios have been criticized mostly for their lack 
of realism, as they are not able to fully reproduce the actual behavior of 
the energy market and can be strongly biased by external assumptions 
out its developments [3]. Also, many studies focus on the development 
of energy strategies to achieve very high renewable energy shares (even 
up to 100%) [4,5], and such policies are also supported by national 
governments, like in the case of Germany [6]. 

Electricity generation represented 16% of the total energy supply 
(TES) worldwide in 2019 [7], while contributing for more than 40% of 
all energy-related greenhouse gases (GHG) emissions in 2020 [8]. The 
increasing electrification shares of end-use sectors to address climate 

change issues and fulfil decarbonization targets worldwide are driving a 
massive boost in electricity production [9], with a total generation more 
than doubled between 1990 and 2019 [7]. Nonetheless, electricity still 
represented less than 20% of world final energy consumption in 2021 
[10], but its share, which was just 9.4% in 1973 [11], is expected to 
increase in the near future, also considering a shift towards non-fossil 
sources for end-use energy services [12]. In this framework, it is 
important to understand whether its anticipated increase is coupled to 
an adequate structure of the current electricity sector assessing, for 
instance, possible gaps in the future electricity generation. 

The approach using “S-curves” to describe technology adoption is the 
most widely used in the literature, spreading in the more diverse disci
plinary fields and validated against technology diffusion pathways in a 
variety of sectors, from domestic appliances to computers, cell phones 
and the internet [13] over the last century. In Ref. [14], innovation is 
compared to the spreading of epidemics, in which the limit to the speed 
of adoption is the lack of information about anything new. Concerning 
the electricity generation sector, the S-curve approach is adopted in 
Ref. [15] to fit growth models of wind onshore and solar photovoltaic 
(PV) technologies in different countries. The methodology is based on 
the Logistic model [16] and the Gompertz model [17], and the evolution 
of wind and solar production is modeled according to 4 phases 
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(pre-take-off, take-off, stalling and stability). The fitting parameters are 
established according to statistical variables representing drivers for the 
take-off and the maximum achievable growth in a certain region like, e. 
g., the share of nuclear power, being member of the European Union, the 
electricity demand growth rate, etc. Historical data are often used as 
basis to adopt S-curve forecasting approaches, like in the case of [18] to 
compute the evolution of electric vehicle uptake across countries in 
England: an exponential model depending on time and parameters based 
on speed and shape of the transition towards a full electric vehicle fleet is 
presented. The typical technological S-curve, sketched in Fig. 1, usually 
reports time on the x-axis and quantity on the y-axis. However, elapsed 
time is sometimes replaced as the relevant parameter by the amount of 
economic effort put into development [19] or the engineering effort (e.g. 
number of working hours, allocated budged, employed researchers, etc.) 
needed for the improvement of technological performances [20]. 
Whereas the use of time as independent variable is claimed to be erro
neous in Ref. [21], it is often used in empirical models as data for 
establishing investment levels are difficult to be retrieved [20]. In gen
eral, three phases are identified in technological development: 1) em
bryonic, 2) growth and 3) maturity (and ageing) [19], supporting the 
validity of the three-phase sketched model in Fig. 1. Indeed, the em
bryonic phase cannot be skipped as time and experience are needed to 
develop and enhance technologies, and to deploy sufficient industrial 
capacity to support a growth phase [22]. In this work, the embryonic 
phase is associated to a “revolutionary” development phase character
ized by fast (exponential) growth, the growth phase to an “evolutionary” 
phase of linear capacity deployment, while “maturity” to a phase of slow 
or null growth. The nomenclature “revolutionary”, “evolutionary” and 
“mature” adopted here is borrowed from the experience curve model 
adopted in the National Energy Modeling System (NEMS) by the U.S. 
Energy Information Administration [23]. 

The first aim of this work is to present a method based on the three 

phases of the S-curve in Fig. 1 and on the available historical data to 
forecast the deployment of electricity generation technologies until 
2050. While a generic S-curve method for the whole electricity gener
ation sector has already been applied in Ref. [24], the use of the his
torical data as a starting point has never been adopted so far. The 
method adopted here envisages three cases for the future development 
of the analyzed technologies: 1) extrapolation of historical data is per
formed in case maturity has been reached in the examined time frame; 
2) a S-curve is depicted in case the technology has either shown the 
roll-over out of the embryonic phase or is still in its initial development 
stage and shows considerable growth; 3) in the last case, the technology 
shows not considerable growth despite being far from maturity, and a 
stagnation of the current capacity is taken into account. 

Through the forecast of future developments of the electricity sector 
technology capacities based on current trends, this work will allow to 
identify possible gaps in future electricity generation until 2050 to be 
filled up by new technologies not yet visible on the radars of the elec
tricity market (e.g. nuclear fusion) or to raise awareness on the in
adequacy of either the current installation rates of particular 
technologies or policies related to their development. Indeed, the model 
presented here works considering that the evolution of the historical 
data driven by the policies already in place throughout the analyzed past 
time frame, will affect the further development of the examined tech
nologies. The results of the projections will be compared to four IEA 
scenario results coming from the latest World Energy Outlook (WEO) 
2021 [25], where the effect of different future policies in the power 
sector is accounted for, and namely.  

• The Stated Policies Scenario (STEPS), exploring the development 
that the energy system might achieve without additional policy 
implementations than those already in places. It is the only IEAWEO 
2021 scenario not designed to obtain a particular simulated 
outcome.  

• The Announced Pledges Scenario (APS), taking into account all the 
climate commitments already made by governments around the 
world, assuming they will be met in full and on time.  

• The Sustainable Development Scenario (SDS), depicting a pathway 
to achieve the well below 2 ◦C (WB2C) target (specifically 1.65 ◦C) 
by assuming that all the energy-related sustainable development 
goals will be satisfied and that all current net zero pledges met in full.  

• The Net Zero Emissions by 2050 Scenario (NZE2050), representing 
an ambitious pathway to achieve net zero CO2 emissions by 2050 and 
universal energy access by 2030, complying with the target of 
limiting temperature rise to 1.5 ◦C without a temperature overshoot. 

Additionally, results from one of the scenarios produced by the In
ternational Renewable Energy Agency (IRENA), specifically the Trans
forming Energy Scenario (TRES), examined in the Global Renewables 
Outlook, Energy Transformation 2050 [26], is considered here. It 

List of abbreviations 

APS Announced Pledges Scenario 
BWR Boiling water reactor 
CCS Carbon capture and storage 
CSP Concentrated solar power 
GHG Greenhouse gases 
ESOM Energy system optimization model 

ETP Energy Technology Perspectives 
IAM Integrated Assessment Model 
IEA International Energy Agency 
IRENA International Renewable Energy Agency 

LWR Light water reactor 
NEMS National Energy Modeling System 
NZE Net-Zero emissions 
PV Photovoltaic 
PWR Pressurized water reactor 
SDS Sustainable Development Scenario 
STEPS Stated Policies Scenario 
TES Total energy supply 
TRES Transforming Energy Scenario 
WB2C Well Below 2 ◦C 
WEO World Energy Outlook 
YOY Year-over-year  

Fig. 1. Typical shape of the S-curve for technology adoption, represented both 
in linear and logarithmic scale on the y-axis. 
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represents an ambitious, yet realistic, energy transition pathway largely 
based on renewable energy deployment and efficiency improvements 
satisfying the WB2C target. 

The analysis in this work starts with the analysis of historical 
installed capacity trends for the electricity generation technologies lis
ted above in Section 2. In Section 3, the model for the generation of 
capacity curves at the global level will be illustrated and applied to the 
different technological categories. In Section 4, the generated capacity 
curves will be translated in electricity generation projections and 
compared to projections for global electricity generation. Section 5 
presents the conclusions and future perspectives of this work. 

2. Analysis of installed capacity trends and contribution to the 
generation mix for electricity production technologies 

This section is dedicated to present the set of historical data used as 
base to build future installed capacity trends. The work is focused on the 
analysis of 10 categories of commercial-scale technologies with a rele
vant role (at different grades) in the global energy sector.  

1) Fossil technologies, represented by coal, natural gas and oil 
power plants. As of today, fossil fuel-based power plants repre
sent the largest electricity producers at global level [9] and are 
large emitters of pollutants, especially greenhouse gases, also due 
to the still limited application of carbon capture and storage 
(CCS) due to stalling technological and economic progresses [27]. 
For this reason, just unabated fossil fuel technologies are 
considered in this work. 

2) Hydroelectric power plants. They can be based on impound
ments, where a dam blocks the entire flow of a water stream, or 
diversions, where water is diverted from a waterway to glow 
through a turbine [28].  

3) Nuclear fission power technologies. They generally use uranium 
as primary energy fuel in pressurized water reactors (PWRs) and 
boiling water reactors (BWRs), commonly referred to as light 
water reactors (LWR). Beside those widespread reactor concepts, 
also heavy water reactors are used and other more modern and 
secure nuclear fission reactor concepts are being developed and 
commercialized [28]. While being a carbon-free technological 
option, nuclear fission is at the center of energy disputes for the 
concerns about nuclear waste and catastrophic accidents (despite 
the very low rate of incidents) and strongly opposed by the public 
opinion [29].  

4) Biomass technologies. Biomass-based direct-fired plants, co-fired 
plants and gasification plants have reached commercial use, 
while other concepts still require further development. Further
more, whilst biomass fuels include a broad range of sources (e.g. 
wood, wood-derived fuels, black liquor, municipal solid waste 
and landfill gas), biomass power production is generally consid
ered carbon-neutral [28].  

5) Geothermal technologies. Commercial geothermal plants are 
based on dry steam, flash steam and binary-cycles [28].  

6) Wind onshore technologies. Wind turbines can be utility-scale – 
in which multiple turbines are grouped to form a wind farm/plant 
– or used in distributed applications. Onshore wind power refers 
to turbines located on land [28].  

7) Wind offshore technologies. While the electricity generation 
concept is the same as for onshore wind, technical limitations 
mainly due to the installation of turbines on the seabed and the 
long distances to be covered by electrical cables (resulting in 
higher installation costs) have hindered the diffusion of this 
technological category [30].  

8) Solar photovoltaic technologies, which can be either distributed 
or utility-scale, as for wind onshore [28].  

9) Concentrating solar power (CSP) technologies [28].  

10) Marine energy technologies, referring to seawater-based energy, 
including tidal energy, wave energy, ocean current energy and 
energy generated from temperature and salinity gradients [31]. 
As oceans cover about two-thirds of the Earth’s surface, marine 
energy is considered one of the most promising energy sources. 
However, most of marine energy-based technologies are still in 
their embryonic phase [32]. 

Among the listed technological classes, fossil and nuclear fission are 
the only ones considered as non-renewable energy sources. Renewable 
energy comes from natural sources or processes that are constantly 
replenished [33]. Despite “renewable” is usually associated with the 
concept of “clean” energy, it is undisputed that biomass and large hy
droelectric dams create difficult tradeoffs when considering their impact 
on the wildlife and other climate change-related issues [33]. 

Fig. 2 collects the behavior of installed capacity of the ten categories 
of electricity generation plants illustrated above over the last four de
cades at global level. The detailed dataset used to generate Fig. 2 is re
ported in Annex 1 (see Table A1.1) Note that, considering the validity of 
the S-curve model applied to electricity generation technologies, the 
different technological classes are clearly in different phases of their 
development throughout the analyzed time frame. In particular, looking 
at the trends for the categories fossil (including coal, oil and gas power 
plants), hydropower and nuclear in Fig. 2, they should be associated to 
maturity (saturation phase in Ref. [22]). Indeed, global capacity for 
those technologies is the highest among all sources and shows stable 
levels always well above 100 GW all over the last 40 years. The hy
pothesis is also supported by contribution shares to global electricity 
generation always below 10% for the three technology classes (up to 
more than 60% for fossil fuels between 1990 and 2019 [9]). 

Considering trends in Fig. 2, nuclear fission experienced a growth of 
just 11% between 2000 and 2021, thus with an average yearly growth 
far lower than 1% and also some points showing a decrease in total 
installed capacity, especially between 2013 and 2014 and again between 
2020 and 2021, in view of political issues envisaging, e.g., the phase-out 
from nuclear in Germany [40] and other countries, especially following 
the Fukushima accident in 2011. Fossil and hydroelectric capacity grew 
by 96% and 71% between 2000 and 2020, respectively, especially due to 
the contribution from developing countries. 

On the other hand, a constantly growing trend is visible for biomass 
capacity, which has more than quadrupled in the last 20 years, with an 
average 7.5% yearly growth rate, corresponding to a doubling time 
slightly higher than 9 years. Also wind onshore and solar PV have been 

Fig. 2. Global trends for the installed electricity capacity 1980–2021 (accord
ing to the availability) for electricity generation technologies. Elaborated by the 
authors based on [34–39]. 
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experiencing a clear growth trend, with far larger rates than the 
abovementioned biomass technological class: wind onshore capacity 
increased by more than 70 thousand times between 2020 and 1980, with 
an almost constant yearly growth rate around 20% until 2012. Solar PV 
capacity increased more than 4 thousand times between 1996 and 2020, 
as visible in Fig. 2, with a doubling time lower than 1.5 years until 2013. 
It has also to be observed that a clear decline of this growth rate has 
happened after that, with a yearly growth rate that is constantly 
decreasing and is now around 28%. Other renewable technologies like 
solar CSP and marine are clearly in their initial development stage; on 
the other hand, geothermal capacity shows a trend of slow and constant 
growth since the 1980s, with a doubling time over 20 years; wind 
offshore is the only technology showing the clear increasing trend 
typical of a revolutionary/exponential growth among them. The case of 
solar CSP is peculiar. Indeed, despite a capacity that was tripled between 
2005 and 2010 (see Fig. 2), the rate of increase soon began to slow down 
after 2012 and is not showing evident signs of recovery, keeping total 
capacity still below 10 GW. On the other hand, geothermal and marine 
energy technologies have not been showing considerable progresses in 
the examined time scale. 

Table 1 shows the percentage variation of the installed capacity, for 
the different technologies considered in Fig. 2, highlighting the aston
ishing growth levels experienced by wind and solar PV, especially in the 
first decade of their development. It is also clearly visible how tech
nologies that can be considered as mature (fossil, hydropower and nu
clear fission) present in most cases considerable positive variations, 
although far lower than those visible for, e.g., even biomass, geothermal 
and marine energy technologies. On the other hand, the case of solar CSP 
is singular as it is expected to be a groundbreaking technology but has 
not reached growth levels comparable to those of wind and solar PV in 
the last two decades. 

3. Modeling future installed capacity trends for electricity 
generation technologies 

In [24] it was observed that the historical development of the 
installed capacity for electricity generation technologies follows a 
recurring trend, characterized by three phases: an initial exponential 
growth, followed by a roll-over to linear growth, eventually reaching a 
steady market share. 

In [22], these observations were used to formulate a mathematical 
growth model in three phases.  

1) exponential growth with doubling of installed capacity every 2–4 
years. In this phase, described by Equation (1), the technology is 
taken from laboratory scale to a level of visibility in the global energy 
mix (identified as “materiality” state [24]), supposed to be reached at 
0.1 ÷ 1% of the contribution to total energy supply; 

Pt =Psat ⋅
τexp
τlife

⋅
[

exp
(
t − ttrans
τexp

)

− exp
(
t − ttrans − τlife

τexp

)]

for t< ttrans 1  

where Pt is the capacity (in GW) at time t, Psat is the asymptotic capacity 
level (in GW) in the saturated state, τexp is the characteristic time of 
exponential growth expressed in years, computed according to Equa
tion (2), τlife is the characteristic lifetime of the electricity generation 
plants, expressed in years and computed again according to Equation 
(2), ttrans is the time step at which the transition from the exponential to 
the linear phase occurs. 

τexp
doubling time

=
τlife

technology lifetime
= (1+ 1 / exp(1)) 2    

2) linear growth, described by Equation (3). 

Pt =Psat ⋅
τexp
τlife

⋅
[

1+
t − ttrans
τexp

− exp
(
t − ttrans − τlife

τexp

)]

for ttrans≤ t ≤ tsat 3 

Note that, despite the definition of “linear” phase provided in 
Ref. [22], Equation (3) actually includes also non-linear terms.  

3) saturation phase when the growth is stopped and the level of 
installed capacity remains fixed, as described by Equation (4). 

Pt =Psat for t > tsat 4 

The model is based on the fundamental that the rate of deployment, i. 
e. the number of plants installed each year, is equivalent to the industrial 
capacity, i.e. the capacity of the industry to produce plant components, 
to transport and install them, so that this includes workforce, logistics 
and the factories to produce plant components. 

Fig. 3 provides a graphical representation of the model, highlighting 
how the duration of the linear growth phase equals the characteristic 
lifetime of the electricity generation technology (tlin = τlife). 

The model described above will be referred to as the ‘fastest growth 
model’ in this paper. The reason is that it describes deployment in a 
situation in which only the growth of the industrial capacity limits the 
rate of deployment of a specific technology, given a final target for its 
deployment (i.e. the saturation capacity) but independently from his
torical data. This paper is aimed at analyzing if the current rates of 
development, projected to the future decades according to the method 
described hereafter, are in line with the fastest growth towards a final 
level in agreement with the prescription of an ambitious energy scenario 
proposed by the IEA. 

The approach described in this paper to generate S-curves for elec
tricity generation technologies mainly requires the concept of doubling 
time to identify the development phase according to historical data. 

The year-over-year (YOY) capacity growth rate (in %) is computed 
using Equation (5), where Pt (in GW) represents installed capacity at 
time t. 

Table 1 
Installed capacity percentage variation through the four decades between 1980 
and 2020.  

Technology Percentage variation [%] 

1980–1990 1990–2000 2000–2010 2010–2020 

Fossil 29.4 27.6 49.7 31.0 
Biomass   128.2 85.1 
Hydropower 22.5 19.9 30.3 31.4 
Nuclear fission 139.2 10.0 7.2 4.6 
Geothermal 50.6 42.2 21.5 39.2 
Wind onshore 19200.0 792.1 930.0 294.9 
Wind offshore   8366.7 1064.7 
Solar PV   5789.2 1817.1 
Solar CSP   173.7 571.5 
Marine   159.5 55.8  

Fig. 3. Technology development model for the description of the fastest path 
towards saturation capacity for electricity generation technologies as 
from Ref. [22]. 
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YOY capacity growth rate=
(
Pt
Pt− 1

− 1
)

⋅100 5 

The doubling time is the time needed for a quantity to double in size/ 
value [41]. It is a concept widely applied in the more diverse fields for 
the calculation of population growth, inflation, volume of tumors and, 
more in general, for all things that tend to grow over time. The doubling 
time is simply calculated using the average capacity growth rate over a 
set of YOY capacity growth rates selected to identify the particular 
development phase of a certain technology. 

The overall methodology for the definition of future capacity trends 
adopted in this work and based on Fig. 4 is articulated as described in the 
following bulleted list.  

1) Case 1: for technologies that are already in their maturity phase in 
the time frame of Fig. 2, showing a slow growth in the last 40 years 
and installed capacity above 100 GW: their increasing trend over the 
last two decades suggests that the current industrial capacity is suf
ficient to support constantly growing capacity additions. However, 
policy commitments to phase out fossil fuels [42] or nuclear plants 
[43] cannot be recognized by this approach. The effect of policies on 
the electricity sector is only visible in the projections when they have 
been already put in place in the observed time scale, so to affect the 
historical data. Since historical data for the development in maturity 
phase are available here, that is modeled extrapolating the line of 
best fit of historical data to comply with the actual developments of 

the energy system (either according to an exponential trend as in 
Equation (6), where the coefficients b and m are computed ac
cording to the Microsoft Excel function LOGEST [44], or to a linear 
trend as in Equation (7), where the coefficients m and q are 
computed according to the Excel function LINEST [45]), corre
sponding to the trend with the maximum coefficient of determina
tion R2 [46]. Nonetheless, trends for fossil and nuclear installed 
capacities would be dictated by policy choices more than either 
actual technological development or capability of the industry to 
support technological advancement. 

Pt = b⋅at 6  

Pt =m⋅t + q 7    

2) Case 2: for technologies showing exponential growth in Fig. 2 at the 
beginning of the available data set, with doubling times below 4 
years for at least one decade and a roll-over between revolutionary 
and evolutionary phase, retracing the typical shape of a S-curve as 
from Fig. 3. In this case, an exponential regression is generated in the 
revolutionary phase, which is identified in the period presenting the 
best fit of historical data with an exponential curve [46], using 
Equation (6). Then, the evolutionary phase of capacity growth ac
cording to a linear trend is modeled according to the linear inter
polation between the YOY capacity growth rate at the end of the 

Fig. 4. Technology development model to forecast capacity curve trends for electricity generation technologies for a) case 2when a clear bend towards linearity is 
visible in historical data; b) case 3; c) case 4 when historical data retrace an exponential behavior and d) case 4 when historical data retrace a linear behavior. 
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revolutionary phase and 0, which is the growth rate associated to the 
end of the evolutionary phase (with a duration computed using 
Equation (2)). In the transition between the revolutionary and the 
evolutionary phase, the derivative of the installed capacity, i.e. the 
industrial capacity, is continuous, while the duration of the linear 
growth is limited by the maturity capacity level, as the duration of 
the evolutionary phase is limited by the assumption that it lasts for 
one characteristic lifetime of the technology. Case 2 responds to the 
representation in Fig. 4a.  

3) Case 3: for technologies showing considerable growth in Fig. 2 at the 
beginning of the available data set, with doubling times below 4 
years for at least one decade but no evident roll-over between rev
olutionary and evolutionary phase. In this case, an exponential 
regression is generated in the revolutionary phase using Equation 
(6), as in case 2. The end of the revolutionary phase is computed 
backwards considering the assumption that the evolutionary phase 
would end in 2050 (that means maturity is reached at that point), as 
no data show evidence for that. Therefore, the projection in the 

evolutionary phase is already carried out as in case 2, corresponding 
again to the representation in Fig. 4b.  

4) Case 4: for technologies showing slow growth over the analyzed time 
scale in Fig. 2. In this case, a clear revolutionary phase cannot be 
identified at any point of the considered time frame as doubling 
times well above 4 years are computed from the whole set of his
torical data, therefore stagnation is taken into account for the whole 
time scale analyzed here. The best fit of historical data (according to 
an exponential or a linear fashion as in Fig. 4c and d, respectively) is 
used to extrapolate future capacity trends, as the typical shape of a S- 
curve cannot be retraced. 

The flowchart in Fig. 5 shows the required step to apply the method 
described above. 

The characteristic parameters used to perform projections according 
to the abovementioned cases for the different technologies are listed in 
Table 2. The same parameters, besides the detailed values obtained for 
the installed capacity for each of the considered technologies are 

Fig. 5. Flowchart for the application of the method presented in this paper to compute installed capacity curves.  
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reported in Annex A1 (see Table A1.2). 
The comparison against the installed capacities foreseen in the 

different scenarios by IEA and IRENA is performed to understand their 
compatibility with the trajectory computed here combining historical 
data with the S-curve approach (or stagnation, as in case 4). Therefore, 
when an agreement is found between the IEA/IRENA results and the 
ones computed here, it is not forced anyhow, but just maybe is the 
indication that also they use S-curves in some cases (even though 
without providing any information about their construction). On the 
contrary, in the case the results computed here strongly differ from (and 
underestimate) what is published in the others’ scenario analysis, it 
means that policies should be enforced in the future to allow a capacity 
growth for some of the analyzed technology families. 

Note also that to guarantee comparability of the results from the 
method presented in this paper and the fastest growth method, the 
technology lifetime (identifying the duration of the linear phase in the 
fastest growth model) will be taken the same as for projections depicted 
according to cases 2 and 3 described above, whereas the doubling time 
in the exponential phase in the fastest growth model in Ref. [22] is a 
direct consequence of the installed capacity target, and may be different 
from the one computed according to historical data. 

3.1. Fossil, hydropower and nuclear fission capacity 

Throughout the last 40 years, fossil, hydropower and nuclear 
installed capacities have shown a slowly increasing trend well above 
100 GW. Therefore, those technologies can be considered as mature 
taking for granted that further dramatic capacity development is hard to 
be expected. Capacity curves are built according to case 1 stated in 
Section 3. 

For fossil fuel technologies, the best fit is computed considering the 
whole set of historical data between 1980 (t = 1) to 2020 as reported in 
Fig. 2. The trend that best fits historical data corresponds to an expo
nential curve. The same applies to hydropower capacity, and the pa
rameters used for the projections are listed in Table 2. 

Concerning nuclear fission, the best fit curve corresponds to a linear 
trend considering historical data from 1988 (t = 1), as the historical 
data series between 1980 and 1987 presents a very different slope with 
respect to the rest of the curve in Fig. 2, possibly identifying the roll-over 
between the evolutionary and the maturity phase. The features of the 
computed curve are reported in Table 2. 

Installed capacity projections until 2050 are reported in Fig. 6 
following the red dash-dotted line. Fossil fuel capacity (see Fig. 6a) is 
anticipated to increase more than twice in 2050 with respect to 2000 
levels, reaching 11 TW installed capacity. Hydropower capacity (see 
Fig. 6b) could reach almost 2.2 TW installed capacity in 2050, almost 

Table 2 
Characteristic parameters for technology capacity projections.  

Technology Case R2 

[%] 
b 
[GW] 

a [− ] m [GW/ 
year] 

q 
[GW] 

Fossil 1 (Equation 
(6)) 

99.1 1256 1.031   

Hydropower 1 (Equation 
(6)) 

97.5 446.1 1.023   

Nuclear 
fission 

1 (Equation 
(7)) 

94.6   2.481 316.3 

Biomass 4 (Equation 
(6)) 

98.5 27.82 1.087   

Geothermal 4 (Equation 
(6)) 

98.9 4.072 1.030   

Wind 
onshore 

2 99.9 0.657 1.248   

Wind 
offshore 

3 99.6 0.996 1.302   

Solar PV 2 99.2 0.0840 1.492   
Solar CSP 2 84.1 0.1582 1.208   
Marine 

energy 
4 (Equation 
(7)) 

87.4   0.07061 0.5397  

Fig. 6. Growth trend for a) fossil, b) hydropower and c) nuclear fission installed capacity as retrieved from regression and projection of historical data, computed 
according to case 1 and compared against IEA and IRENA scenarios. 
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doubling 2020 levels. Eventually, nuclear fission capacity (see Fig. 6c) 
shows the most modest growth, with a total 20% expected possible 
growth in 2050 with respect to 2000 levels in 2050, reaching slightly 
more than 470 GW installed capacity. Fig. 6 also reports projections 
made by IEA and IRENA compared to the values computed using case 1 
for capacity development adopted in this work. 

All the IEA and IRENA simulation scenario trajectories in Fig. 6a 
show pathways largely contrasting the historical development in the last 
20 years and the consequent projection based on the average historical 
growth rate: the IEA STEPS scenario shows how current policies are 
already forecasting a brake in the development of further fossil capacity. 
The more environmental-friendly scenarios, and in particular the IEA 
NZE2050 and the TRES, forecast massive dismantling of fossil capacity 
with levels well below those attested at the beginning of this century and 
slightly higher than 1000 GW installed capacity (even getting to lower 
levels than in 1980 in the case of NZE2050). Note, however, that the 
reduction of installed capacity for fossil fuel plants must be strongly 
driven by policy constraints, since an unconstrained evolution based on 
the actual and historical industrial capability would lead to a much 
larger maximum installed capacity than what foreseen by IEA and 
IRENA. Therefore, the method presented here just provides a possible 
pathway for further development of fossil capacity in case no actions at 
all are taken to put in place mitigation strategies or due to other social, 
economic or geo-political issues. 

Scenario results for hydropower capacity in Fig. 6b show great 
accordance with the projection made according to case 1, even though 
just two of them show values in 2050 above the projection formulated 
using Equation (6): IEA SDS, requiring 8% higher capacity and IEA 
NZE2050, with a 20% higher target with respect to the projection final 
figure. As in the case of fossil fuels phase-out, a faster development of 
hydropower should be pushed by dedicated policies, since it overcomes 
the development rate foreseen by the current analysis, thus stronger 
efforts than those experienced in the last 40 years would be required. 

Concerning nuclear fission capacity in Fig. 6c, all the analyzed sce
narios but the TRES forecast higher levels of penetration contrasting the 
almost flat historical growth in the last 32 years, especially up to 2040. 
In particular, the IEA NZE2050 forecasts a capacity that is almost 
doubled with respect to the levels computed in the projections following 
case 1. Even the STEPS requires 11% higher capacity in 2050 with 
respect to the results of the projection made here, highlighting how 
worldwide policies are still pushing towards nuclear capacity deploy
ment. The strongly renewable energy-focused TRES, instead, pushes 
towards nuclear phase out, just considering 270 GW installed capacity in 
2050 (46% lower than 2020 levels). The projection based on case 1 
described here lays between the IEA and the IRENA forecasts, high
lighting how the development of nuclear fission strongly depends on 
policy-driven factors. 

The results shown in Fig. 6 evidently show how the results of 
simulation models for fossil, hydropower and nuclear capacities are 
totally biased by policies constraints as they neglect the maximum ca
pacity trends depicted in the curves obtained from case 1. Indeed, they 
simply prescribe future trends for the electricity sector in accordance 
with the targets of the analyzed scenarios, while the aim of this work is 
to assess future developments based on a large set of historical data to 
understand the direction taken with the investment decisions made in 
the last decades. On the other hand, the analysis in Ref. [47] concerning 
nuclear fission development, carried out adopting the Environmental 
Kuznets curve hypothesis [48], correlates economic status, environ
mental indicators and capacity development in a single approach 
providing an outlook about critical technologies concerning their role in 
the decarbonization process according to the income levels of specific 
countries. It shows, indeed, how the development of low-carbon tech
nologies is mostly related to higher income levels, so that economic 
incentives facilitate the transition towards a decarbonized energy 
system. 

3.2. Biomass capacity 

For biomass, the historical dataset represented in Fig. 2 identifies 
non-negligible growth between 2000 and 2020, at a far higher rate than 
for fossil, hydropower and nuclear fission, but not even comparable to 
those experienced by wind and solar technologies. Indeed, an average 
7.5% YOY growth rate is computed, corresponding to more than 9 years 
doubling time, very distant from the threshold of 4 years identifying a 
phase of exponential capacity development. Therefore, projections for 
biomass capacity are performed according to case 4 described in Section 
3 and the best fit curve corresponds to an exponential trajectory starting 
from 2000 (t = 1), with characteristic parameters as from Table 2. 

In the projection reported in Fig. 7, obtained according to case 4 
using the parameters mentioned above, biomass capacity would reach a 
maximum of 2 TW installed capacity by 2050. They show how such a 
linear development guarantee to achieve the targets set by all IEA and 
IRENA scenarios, all well below 1 TW. In this particular case, the TRES 
forecasts a 5 times growth with respect to current installation levels, 
representing the highest objective among the scenarios considered here. 
On the other hand, the S-curve computed for the fastest growth towards 
the IEA NZE2050 target (640 GW) considers a technology lifetime of 30 
years [49] and requires a doubling time of 1 year in the exponential 
phase: it shows how current installed capacity levels are in line with the 
requirements needed to achieve ambitious targets by 2050. Indeed, 
keeping a constant growth rate in line with that experienced in the 
twenty years between 2000 and 2020 would allow it to comply with and 
even allow to surpass the target set by IEA NZE2050 scenario. None
theless, as biomass technologies have visibly never experienced a rev
olutionary phase, their evolution trend is clearly not attributable to a 
S-curve. 

3.3. Geothermal capacity 

Geothermal technologies, as visible in Fig. 2, present an almost null 
growth in the time scale 2000–2020 Indeed, the maximum growth for 
geothermal technologies happened between 2018 and 2019 (6% YOY), 
with even negative values found in few occurrences and an average 
3.3% growth rate. That also corresponds to an average 21 years doubling 
time. Even just considering the maximum YOY growth rate mentioned 
above, the doubling time for geothermal technologies would be higher 
than 11 years, completely out of the range 2–4 years required to identify 
a revolutionary/exponential development phase. Therefore, capacity 
growth for geothermal technologies will be just modeled according to 
case 4 again, considering the whole dataset available for the period from 
1980 (t = 1) and 2020 for fitting historical data. The best fit curve 
corresponds to exponential trajectory starting with R2 = 98.9%, 
considering b = 4.072 and m = 1.030 for the regression in Equation (6). 

The result is represented in Fig. 8, and the projection made according 
to case 4 reaches a maximum capacity level of 34 GW by 2050, 
increasing by less than 3 times with respect to 2020 installed capacity. 
On the other hand, all IEA and IRENA scenarios forecast more ambitious 
development targets: in particular, the STEPS computes 61 GW installed 
capacity in 2050, while the highest value is provided by IRENA TRES 
(200 GW). Such values require far higher efforts in geothermal capacity 
deployment as they are completely out of range with respect to the 
current trend. The S-curve for the fastest development towards IEA 
NZE2050 final target, computed considering a technology lifetime of 30 
years [49] for the application of the fastest growth model would require 
far larger capacity with respect to the experienced trend. For instance, to 
reach 126 GW by 2050 in the fastest growth trajectory, 2020 capacity 
level would have corresponded to more than 46 GW, to be compared to 
the actual value of 14 GW. Therefore, the adoption of geothermal 
technologies is not on track with respect to the fastest possible track to 
reach IEA NZE2050 targets and is clearly not following a S-curve trend. 
That is highlighted by the fact that the fastest growth curve has a 
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completely different behavior with respect to the historical data series in 
the period 2000–2020, when it experiences an exponential growth phase 
and the roll-over to the linear phase. Moreover, the evolution prescribed 
by IEA, especially for the SDS and NZE2050 scenarios would require an 
abrupt and substantial change in the growth rate for geothermal 
technologies. 

3.4. Wind onshore capacity 

Wind onshore capacity is the first example for which historical data 
in Fig. 2 suggest a transition between the revolutionary and the evolu
tionary deployment phase. In particular, the curve shows rapid growth 
at different rates until the first decade of this century, with a clear bend 
towards linear development after 2010. Excluding the first six years 
from 1980 to 1986, presenting huge values for the YOY growth rate, 
with doubling times even lower than 1 years, the best fit curve for his
torical data is an exponential trajectory extended from 1986 (t = 1) to 
2011 included, for a total duration of 26 years. In that period, the 
computed doubling time is 3 years. The coefficients for the exponential 
regression are listed in Table 2. Then, according to case 2 described in 
Section 3, an evolutionary phase is modeled in a linear fashion for a 
technology lifetime of 20 years [50]. Saturation capacity at the end of 
the evolutionary phase is attested at 5.9 TW. The trend depicted ac
cording to the described projection is represented in Fig. 9. That shows 
how, according to the observation above, the progresses in capacity 
additions for wind onshore technologies may soon experience a brake if 
the current trends are preserved, especially due to the poor growth rate 
observed growth rate experienced in the three years between 2017 and 
2019 (10% in average, against values tending to 20% in the years 
immediately before them). 

3.5. Wind offshore capacity 

Wind offshore capacity showed a dramatic increase in the last twenty 
years as visible from the historical data in Fig. 2, growing by three orders 
of magnitude from 36 MW in 2000 to 48 GW in 2021 [9]. YOY growth 
rates for the period 2000–2006 present large variability (ranging from 
yearly growth rates higher than 100% between 2000 and 2003 and 
below 20% between 2004 and 2006), in line with what happens for wind 
onshore, too. A roll-over between revolutionary and evolutionary phase 
is not evident here, as it happened for wind onshore. Therefore, case 3 is 
used for the projection until 2050. As explained in Section 3, the pas
sage between revolutionary and evolutionary phase is imposed to 
guarantee that the duration of the evolutionary phase equals the char
acteristic lifetime of the technology computed as in Equation (2) and 
that maturity is reached by 2050, to assess the possible contribution of 
the technology to the energy transition. Indeed, the best fit for historical 
data after 2007 retraces an exponential development with the charac
teristic parameters reported in Table 2 and a doubling time of 2.2 years. 
In order to guarantee that maturity is reached by 2050, the revolu
tionary phase has a duration of 16 years, so that the evolutionary phase 
starts in 2022. The maturity level would be then reached at 2.8 TW, 
considering a technology lifetime of 20 years as for wind onshore 
technologies, as visible in Fig. 10. 

As [25,26] just report combined figures for wind onshore and 
offshore capacity, Fig. 11 compares the joined results of the S-curves 
computed according to the analysis above (summed up to give a single 
curve, defined as “Projection” in Fig. 11) against results from the method 
in Ref. [22] for the fastest pathway towards the IEA NZE2050 target and 
the IEA and IRENA scenarios. In particular, the fastest growth towards 
8.2 TW by 2050 indicates how the actual growth of wind technologies 
outperformed for the most part from 2000 to 2017, indicating that the 

Fig. 7. Growth trend for biomass installed capacity as retrieved from historical data, computed according to capacity deployment case 4 and compared against the 
curve for the fastest growth towards the IEA NZE2050 target and IEA and IRENA scenarios, in a) logarithmic and b) linear scale. 

D. Lerede and L. Savoldi                                                                                                                                                                                                                      



Energy Strategy Reviews 47 (2023) 101080

10

current industrial capacity for wind technologies may be able to target 
even more than the best-case scenario prescribed capacity. On the other 
hand, the abrupt slowdown in wind onshore installation after 2017 
makes the projection curve not able to keep track of the fastest growth 
trend. Also considering the contribution of wind offshore, indeed, case 2 
projections would be able to overcome the targets set by IEA SDS and 
IRENA TRES at most, while missing more than 2 TW installed capacity to 
comply with IEA NZE2050. Those results show how more efforts should 
be put in wind technologies capacity deployment, especially considering 
that the current trends show a tendency for wind onshore to approach 
maturity, also testified by stagnating investments in renewable energy 
technologies in the last five years [51]. 

3.6. Solar PV capacity 

The historical data for installed solar PV show the fastest growth 
among the technologies in Fig. 2, with a capacity growth of more than 
4000 times in the 24 years between 1996 and 2020. The revolutionary 
phase for solar PV technologies is identified between 1996 and 2013, 
according to the best fit of historical data with an exponential curve (see 
Table 2 for the characteristic parameters). In that period, YOY growth 
rates range from a minimum 30% to a maximum 83%, with an average 
49% value. Those values lead to a 1.4 years-doubling time, thus even 
well below the threshold identifying the revolutionary phase (usually 
2–4 years). Moreover, after 2013, data are available to identify a clear 
bend in the curve, justifying the roll-over to the evolutionary phase. 
Therefore, the projection is performed according to case 2, and the 
duration of the evolutionary phase is computed via Equation (2) 
considering a technology lifetime of 25 years [52]. Maturity would be 
reached in 2048 at 24 TW installed capacity, as visible in Fig. 12. 

Applying the method for the fastest growth towards the IEA 
NZE2050 target (14.5 TW), the trend obtained in Fig. 12 shows how the 
actual development of solar PV capacity, despite clearly following a S- 
curve, has been far from the fastest growth development towards the 
prescribed value for the all period in which historical data are available. 
Indeed, the fastest growth would have required more than four times the 
actual installed capacity in 2020, while ending at a lower level than the 
one obtained projecting historical data according to case 2. That high
lights how the actually experienced growth (thus investments to support 
the development of the solar PV industry), despite not representing the 
fastest possible trajectory, could lead to higher levels than the ones ex
pected by the most ambitious scenarios, mainly due to the differences in 
the applied equations for Case 2 and for the model in Ref. [22], leading 
to different capacity developments. 

Fig. 8. Growth trend for geothermal installed capacity as retrieved from historical data, computed according to capacity deployment case 4 and compared against 
the curve for the fastest growth towards the IEA NZE2050 target and IEA and IRENA scenarios, in a) logarithmic and b) linear scale. 

Fig. 9. Growth trend for wind onshore installed capacity as retrieved from 
historical data and computed according to capacity deployment case 2. 
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3.7. Solar CSP capacity 

The historical dataset for Solar CSP capacity in Fig. 2 highlights a 
non-constant increasing trend with almost no growth at all between 
2000 and 2006, but an average 22% YOY average growth rate between 
2000 and 2014, which is the period used to identify the revolutionary 
phase, assuming that maturity would be reached in 2050 and a tech
nology lifetime of 25 years [49]. Indeed, doubling time is attested at 3.1 
years between 2000 and 2014, and can justify the application of case 2, 
considering that the historical dataset is available until 2021 and shows 
a roll-over to an evolutionary phase with even much smaller YOY 
growth rate with respect to the previous years. 

The best fit for historical data between 2000 and 2014 retraces an 
exponential development for which parameters are reported in Table 2. 
After the evolutionary phase, maturity would be reached at 38 GW 
installed capacity, as reported in Fig. 13. In this case, projections made 
according to case 2 are not able to comply with ambitious targets (none 
of them is satisfied in 2050), whereas the estimated CSP capacity in 2050 
is more than 50 GW below the IEA STEPS expectation (92 GW). The 
comparison between historical data and the S-curve for the fastest 
growth towards IEA NZE2050 target (above 400 GW installed capacity) 
highlights how the development of solar CSP has not been sufficient so 
far and that strong efforts would be required to put it on track. Indeed, 
the 2020 installed capacity value is one order of magnitude lower than 

Fig. 10. Growth trend for wind offshore installed capacity as retrieved from historical data and computed according to capacity deployment case 4.  

Fig. 11. Cumulative projected installed capacity for wind capacity (onshore + offshore), corresponding to the summation of the two fits, compared to the S-curve for 
the fastest growth towards the IEA NZE2050 target and IEA and IRENA projections, in a) logarithmic and b) linear scale. 
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the value prescribed to reach the IEA NZE2050 objective, due to an 
exponential phase with a far lower doubling time than the one actually 
experienced in the historical data set. Therefore, despite following a 
trend that can be associated to a S-curve, the current development of 
CSP technologies would require strong efforts to play a major role in the 
energy transition, calling for further investments and industrial 
deployment. 

3.8. Marine energy capacity 

Marine energy technologies, as visible in Fig. 2, present the lowest 
installation levels after 2010 and an almost null growth in the time scale 
2000–2020. While the maximum growth for marine energy technologies 
occurred between 2001 and 2002 with almost a capacity doubling, in 
the subsequent years this data point represented an outlier, as the 
average growth rate is slightly lower than 10%. Indeed, the doubling 
time in the time scale 2000–2020 is almost 8 years, thus out of the range 
2–4 years required to identify a revolutionary phase, and sufficient to 
justify a stagnation, as in Fig. 4d. Therefore, projections for marine en
ergy capacity are performed according to case 4 described in Section 3. 
The best fit curve corresponds to a linear trajectory starting from 2000 
(t = 1) modeled according to the parameters in Table 2. 

The projection in Fig. 14 obtained according to case 4 shows how, 
following the same linear trend experienced in the last two decades, 
marine energy capacity would reach 4 GW by 2050. That value would 
make marine energy capacity miss all the targets set by IEA and IRENA, 

even the IEA STEPS one, expecting 37 GW by 2050. The curve for the 
fastest growth towards 92 GW (IEA NZE2050 final value, that in this 
case is lower than the ambitious 480 GW set by IRENA) is computed 
using 30 years as technology lifetime [53], and indicates how strong 
efforts would be needed to put marine energy on track towards the 
required installation levels to comply with net-zero emissions objectives, 
with a rapid reversal of the current trend towards a larger and faster 
deployment. Differently from the other technologies previously exam
ined, here the fastest growth trend would suggest that the current 
installation level is still sufficient to achieve ambitious targets, as the 
historical value and the fastest growth capacity in 2020 almost coincide. 
On the other hand, marine energy technologies have not followed any 
trajectory resembling a S-curve in the last twenty years, therefore it 
appears unlikely that an abrupt leap in investments to support industrial 
capacity growth would happen in a short time, leading to the prescribed 
IEA NZE2050 target. That is also suggested by an exponential phase 
showing a doubling time slightly higher than 2 years, against the 8 years 
of the actual development curve. 

4. Application of the results of the three-phase capacity model to 
electricity generation projections 

Summing up all the contributions of the different technologies to 
electricity generation [9], it can be observed from Fig. 15 that global 
electricity generation has grown by 2.3 times in the period 2000–2019, 
passing from 11.9 PWh in 2000 to 27.0 PWh in 2019. The YOY growth 

Fig. 12. Growth trend for solar PV installed capacity as retrieved from historical data, computed according to capacity deployment case 2 and compared against the 
curve for the fastest growth towards the IEA NZE2050 target and IEA and IRENA scenarios, in a) logarithmic and b) linear scale. 
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rate has been almost constant for the whole abovementioned time scale, 
with just a negative value (0.4% between 2008 and 2009, corresponding 
to the period of the Great Recession [54]) and an average 2.9% growth 
rate. Since electrification of end-uses is deemed as a reliable strategy to 
reduce greenhouse gas emissions in hard-to-abate sectors [55] and in 
increase in economic growth is double-stranded to electricity con
sumption [56], considering a constant growth rate for the next years 
could be a plausible assumption. Indeed, the exponential regression of 
historical data provides a trend with R2 = 99.5%, and the extrapolation 
of that trend leads to 70.7 PWh by 2050. When comparing the obtained 
values from the extrapolation of the historical data trend to IEA expec
tations in Fig. 15, that is generally in line with the IEA NZE2050 targets 
for electricity production (the highest ones among all the reported sce
narios). On the other hand, the IEA STEPS expects less than doubling of 
2019 electricity generation levels in 2050, with just 46.7 PWh, due to a 
lower electrification of end-use sectors. 

In order to compare the capacity levels projected until 2050 in 
Section 3 to historical and future global electricity generation, the 
conversion in Equation (8) will be applied to convert the actual ca
pacity in GW, obtained by weighting the installed capacity from his
torical data with the capacity factor CF of the different technologies, into 
electricity generation (expressed in PWh). Note that the capacity factor 
has to be accounted for in the passage between installed and actual 
capacity as it represents the percentage of time during the year in which 
a plant is available for electricity generation. The capacity factor is 
clearly dependent on the technology under exam. As both installed ca
pacity and electricity generation trends are known, the capacity factors 
can be easily retrieved using Equation (8) for the different technolog
ical categories. 

CF=
Electricity production [PWh]

Installed capacity [GW]⋅8760
[
h
y

]
⋅10− 6

[
P
G

] 8 

Table 3 reports the set of capacity factors calculated coupling 
installed capacities and the actual electricity generation by technology 
in the time frame 2000–2019, highlighting how nuclear fission plants 
can achieve the highest average capacity factor (84%), while solar PV 
technologies present a very low capacity factor, attested at 12%. 

Average capacity factors for the different technological classes are 
now used to transform the capacity curves computed so far and repre
sented in Figs. 6–10, 12, 13 and 14 into electricity generation curves. 

The projected contributions of the different technologies to elec
tricity generation until 2050 are shown in Fig. 16. The analysis of the 
electricity production potential provided by each technology highlights 
how the projections to 2050 would make fossil (47.9 TWh) and solar PV 
(25.3 TWh) the largest contributors. For fossil fuels, that corresponds to 
an increase of almost 3 times with respect to current levels. On the other 
hand, electricity production from solar PV would be 37 times higher 
than today, while hydropower and nuclear fission experience the lowest 
growth, with just 96% and 26% more than current production, respec
tively. The potential contribution from wind technologies, considering 
the sum of onshore and offshore, is slightly higher than 16 TWh, thus 
well below solar PV power, but reaching levels comparable to the cur
rent electricity generation from fossil fuels (around 18 TWh [9]). 

Fig. 17 compares trajectories for total electricity generation in three 
cases. 

1) Total electricity production computed from the regression of his
torical data as in Fig. 15 (“Regression” curve in Fig. 17); 

Fig. 13. Growth trend for CSP installed capacity as retrieved from historical data, computed according to capacity deployment case 4 and compared against the 
curve for the fastest growth towards the IEA NZE2050 target and IEA and IRENA scenarios, in a) logarithmic and b) linear scale. 
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2) Total electricity production coming from the projections shown in 
Fig. 16 (“Potential” curve in Fig. 17);  

3) Total electricity production coming from the projections shown in 
Fig. 16, but accounting for the fossil fuel contribution considering the 
interpolation of data provided by IEA for the NZE2050 scenario, 
rather than the projection in Section 3 (“Fossil IEA NZE2050” curve 
in Fig. 17). 

Also, expectations for total electricity production in the IEA scenarios 
considered in this work are reported in Fig. 17. 

Starting from the left part of the graph, it is visible how projections 
computed using average historical capacity factors in Equation (8) to 
the projections computed in Section 3are in line with the regression of 
available historical data. 

The “Regression” curve highlights how slightly more than 70 PWh 
might be sufficient to cover electricity demand in 2050. Therefore, the 
first evident result is that the IEA STEPS (46.7 PWh) and APS (54.7 PWh) 
expectations may be satisfied considering the contribution of renewable 
technologies alone (if they develop at the extrapolated rate) in 2050, as 
data from Fig. 16 sum up to a total of 57.3 PWh. However, that option 
would present non-negligible dispatchment issues, yet they do not 
represent the focus of this work. 

Fig. 17, and in particular the “Fossil IEA NZE2050” curve, suggests 
that a considerably reduced contribution from fossil fuel generation by 
2050 would be possible in all the reported scenario trajectories but IEA 
NZE2050. Indeed, almost 6 PWh would be missing when considering a 
progressive phase-out of fossil fuels contribution. Therefore, that gap 
should be covered envisaging a broad range of possibilities, among 
which.  

1) Develop alternative technologies (e.g., fossil fuel plants equipped 
with CCS or nuclear fusion);  

2) Adopt alternative strategies to electrification, to decarbonize end-use 
sectors in order to lighten the load on the power sector and reduce 
demand for electricity;  

3) Increase efforts to develop those technologies that are not on track to 
reach the targets set in IEA NZE2050: using the projections computed 
in this work, those are identified in wind (see Fig. 11), solar CSP (see 

Fig. 14. Growth trend for marine energy installed capacity as retrieved from historical data, computed according to capacity deployment case 4 and compared 
against the curve for the fastest growth towards the IEA NZE2050 target and IEA and IRENA scenarios, in a) logarithmic and b) linear scale. 

Fig. 15. Statistic trend for global electricity generation in the time frame 
2000–2019, projected electricity generation using an exponential regression of 
available data extrapolating until 2050 and expectations of IEA scenarios, in a) 
logarithmic and b) linear scale. 
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Fig. 13) and marine energy (see Fig. 14). Also nuclear fission (see 
Fig. 6c) falls in this category, but that is especially subject to political 
and social acceptance issues;  

4) Keep fossil fuels in the electricity production mix and develop 
alternative solutions (e.g., use of CCS in the industrial sector, affor
estation, etc.) to comply with the net-zero emission target for the 
whole energy system. Indeed, the capacity target for fossil technol
ogies set by IEA NZE2050 (see Fig. 6a) would allow 4.6 TWh 
(computed again using Equation (8)) of electricity produced using 
unabated fossil technologies; 

5. Conclusion and perspectives 

This work presents a model to forecast capacity curves for electricity 
generation technologies on a long time scale up to 2050, based on the 
collection of historical data at the global level. Trends for fossil, hy
dropower, nuclear fission, biomass, geothermal, wind, solar and marine 
energy technologies are computed using a method based on the 
regression of historical data and their projection adopting the concept of 
S-curves to describe the process of technological innovation. The 
method developed in this work generally describes technology deploy
ment in three phases: a revolutionary phase of exponential development, 
an evolutionary phase where linear growth occurs and a final maturity 
stage in which either slow or null growth is accounted for according to 
data availability. Additionally, stagnation is envisaged for some tech
nologies, following the same path of the last two decades (or more, ac
cording to data availability). The results of the projections performed 
according to that method are compared to the fastest growth model 
described in Ref. [22], considering as desirable target that set by IEA for 
their Net-Zero Emissions by 2050 scenario for those technologies still 
out of the maturity phase. 

The computed trends towards 2050 show how strong commitments 
to reduce the dependence on fossil fuel technologies for electricity 
generation require a decisive steering of the current trends to achieve 
ambitious environmental targets, as they have been experiencing a non- 
negligible growth in the last decades, whilst even the least ambitious 
scenarios envisage (at least) a stop in their deployment and use. Also 
nuclear fission (reaching ~ 470 GW by 2050), solar CSP (with just 40 
GW by 2050, despite large progresses in percentage terms achieved in 
the last two decades) and marine energy (stagnating up to a 4 GW ca
pacity by 2050) development are dramatically not on track with the 
targets set by the IEA NZE2050, but due to the high expectations for 
their development. A faster growth of solar CSP and marine energy 
technologies would require a rational buildup of industrial capacity, 
requiring in turn a change of pace with respect to the current situation. 
On the other hand, the situation for nuclear power drags large uncer
tainty, as all IEA scenarios fix targets above the curve computed 
considering linear development in the maturity phase, even considering 
more than doubling of the current capacity, while IRENA forecasts a 
progressive phase out of nuclear technologies. In the case of wind power, 
reaching the IEA NZE 2050 target would be challenging if especially 
considering that wind onshore is approaching maturity. Therefore, 
larger investments would be needed to sustain further development of 
wind onshore capacity in the evolutionary phase. 

The projected installed capacities curves are transformed into elec
tricity generation potentials using the average capacity factors observed 
in the time period 2000–2019 and compared to electricity production 
projection over a time scale up to 2050. The electricity generation po
tential results in a deployment of electricity production technologies 
that appears sufficient to meet the expected power sector requirements 
until 2050, compared against both an extrapolation of the regression of 
the historical data – leading to slightly less than 80 PWh required by 
2050 – and against IEA projections in four scenarios, ranging from the 
least ambitious Stated Policies Scenario to a Net-Zero Emissions by 2050 
scenario. The computed curves for the potential contribution to elec
tricity generation by 2050 highlight how an electricity generation sector Ta
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not envisaging fossil fuels is not feasible only when considering the 
expectations of IEA NZE2050 for electricity production, as almost 6 PWh 
would be missing in 2050. That situation makes room for a bunch of 
alternatives, ranging from efforts to develop either innovative carbon- 
free technologies or strategies to reduce the burden on the power gen
eration sector, or to increase investments in industrial capacity for larger 
deployments of currently existing low-carbon technologies or, eventu
ally, to consider some level of use of fossil fuels. Note that, if new 
technologies are targeted, they should be already well developed (out of 
the revolutionary phase) in 2050, especially in case of a complete phase- 
out of fossil fuels. 

Concerning limitations of the presented approach, the model is not 
able to capture desired policy-driven trajectories if they are not already 
visible in the analyzed set of historical data. Indeed, the current trend for 
nuclear fission at the global level clearly indicates a weak but constant 
growth, as some countries (like Germany) are considering phase-out 
albeit with great indecisiveness, while others (like the USA, China and 
South Korea) are pushing towards larger deployment of their reactor 
fleets. On the other hand, claims to reduce the reliance on fossil fuels 
almost worldwide [57,58] are in place, but fossil technologies for elec
tricity production still present dramatic growth with no sign of decline. 

Moreover, limits for the exploitation of some of the analyzed technolo
gies in terms of availability of resources (e.g. solar/wind potential, 
biomass or fossil fuels) either due to natural or geo-political reasons are 
not recognizable by the S-curve model presented in this work. 

Therefore, a model based on S-curves and historical data, like the one 
presented in this work, may be qualitatively indicative concerning 
technology penetration especially for those technologies still in an in
termediate (evolutionary) phase of their development when the analysis 
is carried out. On the other hand, it has not the capability either to catch 
possibly disruptive events that would stimulate the development of a 
technology for which few historical data are available (e.g. Solar CSP) or 
to identify factors that would stop the growth of mature technologies (e. 
g. fossil fuel plants). 

The method presented in this paper is bounded to the availability of 
historical data and is not able to provide trends for technologies that are 
still not visible on the radars of energy production like, e.g., fossil fuel 
plants equipped with CCS or nuclear fusion reactors. Note, however, that 
the fastest growth model presented in Ref. [22] is adapt to projections 
based on a larger number of assumptions and may completely neglect 
historical data, but also requires a target value for the capacity, intro
ducing a non-negligible bias to the analysis. 

Fig. 16. Electricity generation potential for the technologies analyzed in this work. The computed production level in 2050 is reported next to the graph.  

Fig. 17. Projected total electricity production curves in the time scale 2000–2050. The regression and extrapolation of historical data for total electricity production 
is compared to the potential contribution computed in this work, either considering those computed for all the technologies (Potential) or the same but considering 
the IEA NZE2050 trend for fossil fuel plants (Fossil IEA NZE2050). The trends are also compared to expectations for electricity production in IEA scenarios. 

D. Lerede and L. Savoldi                                                                                                                                                                                                                      



Energy Strategy Reviews 47 (2023) 101080

17

In perspective, the set of capacity curves retrieved for the different 
technologies, both in the case of the projections following the historical 
trends and those for the fastest growth towards ambitious 
environmental-friendly scenarios, will be applied to work as constraints 
in energy system optimization models. Indeed, ESOMs usually lack to 
ensure accordance with historical data and may compute scenario re
sults not in line with the actual development trend of certain technol
ogies. Then, taking advantage of open source ESOM frameworks with an 
easier formulation (e.g. TEMOA [59]) and a higher possibility to access 
and perform modifications to the code, already demonstrated in 
Ref. [60], an attempt will be made to integrate the calculation of ca
pacity curves endogenously in the modeling paradigm, in order to 
replicate the method described in this work to different regional scales. 
This would provide a more realistic evolution of the power system 
depicted in energy scenarios, especially in strong decarbonization sce
narios which, without appropriate constraints on the development of 
carbon-free electricity sources may lead to unreasonable results. 
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Annex 1.  

Table A1.1 
Historical data for the installed electricity capacity 1980–2021 (according to the availability) for electricity generation technologies at the global level. The underlined 
values represent the dataset considered to compute the characteristic parameters adopted to perform the projections.   

Technologies 

Years Fossil 
[34] 

Biomass 
[34] 

Hydropower 
[34] 

Nuclear fission 
[35] 

Geothermal 
[34] 

Wind onshore 
[36] 

Wind offshore [36, 
37,39] 

Solar PV 
[38] 

Solar CSP 
[38] 

Marine 
[34] 

1980 1363.58  461.90 133.04 3.89 0.01     
1981 1410.88  476.99 153.83 4.06 0.03     
1982 1453.08  493.40 168.32 4.24 0.09     
1983 1488.48  505.88 187.76 4.41 0.21     
1984 1531.11  521.60 218.45 4.59 0.60     
1985 1566.01  538.25 245.78 4.76 1.02     
1986 1596.85  552.28 272.07 4.98 1.27     
1987 1626.51  569.00 295.81 5.20 1.45     
1988 1667.63  582.93 305.21 5.42 1.58     
1989 1727.24  573.16 311.94 5.64 1.73     
1990 1764.21  565.99 318.25 5.85 1.93     
1991 1792.37  569.54 321.92 6.04 2.17     
1992 1832.96  578.09 325.26 6.22 2.51     
1993 1877.41  590.54 333.91 6.40 2.99     
1994 1926.04  604.30 336.90 6.59 3.49     
1995 1962.27  615.88 341.39 6.77 4.78     
1996 2021.00  625.63 347.28 7.08 6.10  0.17   
1997 2072.88  640.07 347.88 7.39 7.60  0.23   
1998 2114.52  649.76 344.90 7.70 10.20  0.30   
1999 2164.84  666.28 347.35 8.01 13.60  0.42   
2000 2250.71 32.62 678.54 349.98 8.32 17.22 0.04 0.63 0.35 0.48 
2001 2327.64 34.97 688.26 352.72 8.12 23.77 0.09 0.88 0.35 0.43 
2002 2436.50 36.88 702.95 357.48 8.17 30.57 0.26 1.17 0.35 0.49 
2003 2549.05 39.05 722.59 359.83 8.30 38.01 0.52 1.65 0.35 0.97 
2004 2642.57 41.88 737.60 364.67 8.28 46.41 0.61 2.65 0.35 1.01 
2005 2740.65 48.20 749.62 368.13 8.67 58.52 0.70 4.08 0.35 1.25 
2006 2884.52 52.48 773.20 369.58 8.87 72.20 0.79 5.44 0.36 1.43 
2007 3002.05 55.09 798.57 371.71 9.07 90.49 1.11 7.77 0.43 1.18 
2008 3097.01 60.69 825.50 371.56 9.37 113.71 1.48 13.60 0.48 1.19 
2009 3205.75 68.27 855.09 370.70 9.87 147.93 2.06 21.19 0.66 1.22 
2010 3370.08 74.44 884.21 375.28 10.11 177.34 3.05 37.30 0.97 1.24 
2011 3498.69 81.12 909.44 368.92 10.04 215.93 4.12 68.23 1.60 1.27 
2012 3612.78 87.49 937.13 373.25 10.49 262.56 5.42 96.04 2.57 1.19 
2013 3729.52 94.38 982.24 371.78 10.78 294.61 7.05 129.66 3.94 1.59 
2014 3853.00 100.76 1019.79 376.26 11.37 340.58 8.77 171.72 4.60 1.69 
2015 3948.71 106.22 1051.29 382.81 11.83 403.82 12.11 217.50 4.85 1.67 
2016 4113.13 115.56 1082.46 390.49 12.23 452.06 14.38 291.26 4.97 1.74 
2017 4211.72 122.93 1105.82 391.72 12.68 495.42 18.81 384.33 5.07 1.83 

(continued on next page) 
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Table A1.1 (continued )  

Technologies 

Years Fossil 
[34] 

Biomass 
[34] 

Hydropower 
[34] 

Nuclear fission 
[35] 

Geothermal 
[34] 

Wind onshore 
[36] 

Wind offshore [36, 
37,39] 

Solar PV 
[38] 

Solar CSP 
[38] 

Marine 
[34] 

2018 4304.73 129.80 1124.83 396.62 13.14 540.61 23.14 481.04 5.81 1.93 
2019 4356.48 135.58 1140.07 392.10 13.92 593.11 29.14 580.67 6.37 1.93 
2020 4414.61 137.80 1161.63 392.61 14.07 700.41 35.50 714.99 6.51 1.93 
2021       48.18  6.39    

Table A1.2 
Installed projections for the installed capacity of electricity generation technologies according to the methodology presented in the paper. The green cells represent 
projections obtained according to an exponential fashion; the blue cells represent projections obtained according to a linear fashion; the red cells represent the maturity 
phase with constant capacity level. Also note that the parameter “Characteristic lifetime” corresponds to the duration of the evolutionary phase in cases 2 and 3. 
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