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Rapidly decarbonising the global energy system is critical for addressing climate change,
but concerns about costs have been a barrier to implementation. Most energy-economy
models have historically underestimated deployment rates for renewable energy tech-
nologies and overestimated their costs1,2,3,4,5,6. The problems with these models have
stimulated calls for better approaches7,8,9,10,11,12 and recent e↵orts have made progress in
this direction13,14,15,16. Here we take a new approach based on probabilistic cost fore-
casting methods that made reliable predictions when they were empirically tested on
more than 50 technologies17,18. We use these methods to estimate future energy system
costs and find that, compared to continuing with a fossil-fuel-based system, a rapid green
energy transition will likely result in overall net savings of many trillions of dollars -
even without accounting for climate damages or co-benefits of climate policy. We show
that if solar photovoltaics, wind, batteries and hydrogen electrolyzers continue to follow
their current exponentially increasing deployment trends for another decade, we achieve
a near-net-zero emissions energy system within twenty-five years. In contrast, a slower
transition (which involves deployment growth trends that are lower than current rates)
is more expensive and a nuclear driven transition is far more expensive. If non-energy
sources of carbon emissions such as agriculture are brought under control, our analysis
indicates that a rapid green energy transition would likely generate considerable eco-
nomic savings while also meeting the 1.5 degrees Paris Agreement target.

Future energy system costs will be determined by a combination of technologies that pro-
duce, store and distribute energy. Their costs and deployment will change with time due to
innovation, economic competition, public policy, concerns about climate change and other
factors. Figure 1 provides an historical perspective for how the energy landscape has evolved
over the last 140 years. Panel (a) shows the historical costs of the principal energy technolo-
gies and panel (b) gives their deployment, both on a logarithmic scale. As we approach the
present in panel (a), the diagram becomes more congested, making it clear that we are in a
period of unprecedented energy diversity, with many technologies with global average costs
around $100/MWh competing for dominance.
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The long term trends provide a clue as to how this competition may be resolved: The
prices of fossil fuels such as coal, oil and gas are volatile, but after adjusting for inflation,
prices now are very similar to what they were 140 years ago, and there is no obvious long
range trend. In contrast, for several decades the costs of solar photovoltaics (PV), wind, and
batteries have dropped (roughly) exponentially at a rate near 10% per year. The cost of solar
PV has decreased by more than three orders of magnitude since its first commercial use in
1958.

Figure 1: Historical costs and production of key energy supply technologies. (a) Inflation-adjusted
useful energy costs (or in some cases prices) as a function of time. We show useful energy because
it takes conversion e�ciency into account (see Supplementary Note (SN) 1.7). Electricity generation
technology costs are levelized costs of electricity (LCOEs). Battery series show capital cost per cycle
and energy stored per year, assuming daily cycling for 10 years (these are not directly comparable
with other data series here). Modelled costs of power-to-X (P2X) fuels, such as hydrogen or ammonia,
assume historical electrolyzer costs and a 50-50 mix of solar and wind electricity. (b) Global useful
energy consumption. The provision of energy from solar photovoltaics has, on average, increased at
44% per year for the last 30 years, while wind has increased at 23% per year. These are just a few
representative time series, for a full description of data and methods see SN6.

Figure 1(b) shows how the use of technologies in the global energy landscape has evolved
since 1880. It documents the slow exponential rise in the production of oil and natural gas
over a century, until they eventually replaced traditional biomass and equalled coal, as well
as the rapid rise and plateauing of nuclear energy. But perhaps themost remarkable feature is
the dramatic exponential rise in the deployment of solar PV, wind, batteries and electrolyzers
over the last decades as they transitioned from niche applications to mass markets. Their
rate of increase is similar to that of nuclear energy in the 70’s, but unlike nuclear energy,
they have all consistently experienced exponentially decreasing costs. The combination of
exponentially decreasing costs and rapid exponentially increasing deployment is di↵erent to
anything observed in any other energy technologies in the past, and positions renewables to
challenge the dominance of fossil fuels within a decade.

Will clean energy technology costs continue to drop at the same rates in the future? What
does this imply for the overall cost of the green energy transition? Is there a path forward
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that can get us there cheaply and quickly? We address these questions here.

How good were past energy forecasts?
Sound energy investments require reliable forecasts. As illustrated in Figure 2(a), past pro-
jections of present renewable energy costs by influential energy-economy models have con-
sistently been much too high. (“Projections” are forecasts conditional on scenarios, so we
use the terms interchangeably.) The inset of the figure gives a histogram of 2,905 projections
by integrated assessment models, which are perhaps the most widely used type of global
energy-economy models19,20,21,22, for the annual rate at which solar PV system investment
costs would fall between 2010 and 202019. The mean value of these projected cost reduc-
tions was 2.6%, and all were less than 6%. In stark contrast, during this period solar PV costs
actually fell by 15% per year. Such models have consistently failed to produce results in line
with past trends3,23. Considering their central role in guiding energy investment decisions
and climate policy, the consequences of such systematic bias in modelling projections are
alarming. Failing to appreciate cost improvement trajectories of renewables relative to fossil
fuels not only leads to under-investment in critical emission reduction technologies, it also
locks in higher cost energy infrastructure for decades to come. In contrast, forecasts based
on trend extrapolation consistently performed much better24,25,26,27.

Some reasons for the poor performance of energy-economy models include their seem-
ingly arbitrary assumptions regarding themaximumdeployment andmaximum growth rates
of renewables, plus the imposition of “floor costs”, i.e. fixed levels that costs are assumed
never to fall below28. As shown in Figure 2(b), past floor costs used in IAMs have repeatedly
been violated. We know of no good empirical evidence supporting floor costs and do not
impose them. (For a critique of other aspects of standard energy-economy models, see29,8,9).
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Figure 2: Historical PV cost forecasts and floor costs. (a) The black dots show the observed global
average levelized cost of electricity (LCOE) over time. Red lines are LCOE projections reported by
the International Energy Agency (IEA), dark blue lines are integrated assessment model (IAM) LCOE
projections reported in 201419 and light blue lines are IAM projections reported in 201820,21. IAM
projections are rooted in 2010 despite being produced in later years. The projections shown are ex-
clusively “high technological progress” cost trajectories drawn from the most aggressive mitigation
scenarios, corresponding to the biggest projected cost reductions used in these models. Other pro-
jections made were even more pessimistic about future PV costs. The inset compares a histogram of
projected compound annual reduction rates of PV system investment costs from 2010 to 2020 to what
actually occurred (based on all 2,905 scenarios for which the data is available19). (b) PV system floor
costs implemented in a wide range of IAMs. The colours denote the year the floor cost was reported,
ranging from 1997 (dark green) to 2020 (light green). Observed PV system costs are also shown. The
cost of PV modules scaled by a constant factor of 2.5 is provided as a reference. For further details
and data sources see Extended Data Figures 6 and 7(a), and SN6.10

Predicting future technology costs
The diversity of historical cost improvement rates seen in Figure 1(a) applies to technologies
in general30,25,17,18. For the vast majority of technologies, inflation-adjusted costs remain
roughly constant through time. In contrast, for some technologies, such as optical fibers,
solar PV or transistors, costs drop roughly exponentially, at rates ranging from over 50% per
year to a few percent per year31 (SN8.1). Once a track record is established, the rates of
improvement tend to remain constant. While there are occasionally breaks in the trend, this
is rare.

In contrast to the energy-economy models mentioned above, during the past decade sim-
ple time seriesmodels have been shown tomake reliable forecasts of technology costs32,25,33,18.
In this study we apply these methods to key energy technologies and use them to make prob-
abilistic estimates for the cost of providing energy services under several di↵erent scenarios.

For renewable technologies we use a stochastic generalization of Wright’s law, which pre-
dicts that costs drop as a power law of cumulative production. This relationship is also called
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an experience curve or learning curve, and cumulative production is also called experience. Ex-
perience does not directly cause costs to drop, but is believed to be correlated with other
factors that do, such as level of e↵ort and R&D, and has the essential advantage of being
relatively easy to measure34,35. Forecasting using this model requires estimating two param-
eters for each technology, corresponding to a progress rate and a volatility (see Methods).
In addition, there is an autocorrelation parameter that is common to all technologies. For a
discussion of challenges and caveats concerning Wright’s law see SN8.2.

Successful technologies tend to follow an “S-curve” for deployment, starting with a long
phase of exponential growth in production that eventually tapers o↵ due to market satura-
tion36. Under Wright’s law, during the exponential growth phase, costs drop exponentially
in time according to a generalized form of Moore’s law, which is consistent with the historical
behavior of renewable energy technologies. When growth eventually slows, under Wright’s
law, improvement slows down. (For a discussion of causality see SN8.2.1.)

Wright’s law is already widely used in energy system models37,38,39, though to the best of
our knowledge, only deterministic implementations have been used so far. Our key contri-
bution here takes advantage of new results that extend Wright’s law to provide an estimate
of the probability distribution of future technology costs, thus providing an estimate of fore-
casting uncertainty. This method was carefully tested by making forecasts at reference dates
in the past, using only the data available at the time, and making predictions over all time
horizons up to 20 years into the future with respect to each reference date. This was done
using historical data for 50 di↵erent technologies, for a total of roughly 6,000 forecasts. The
forecasting accuracy closely matched a priori derived estimates on all time horizons17,18.

Because fossil fuel costs have not changed in the long run, they require a di↵erent time
series forecasting model. Since costs have not dropped with experience40, the stochastic form
of Wright’s law that we use here reduces to a geometric random walk without drift. This is a
common model for financial time series, including tradeable commodities such as oil or gas,
and can be justified based on the e�cient markets hypothesis. On short timescales (say ten
years or less) this is a reasonable approximation, but over longer timescales it predicts too
much volatility in comparison to the historical record. Fossil fuel prices showmean reversion
on longer timescales and are better captured by an AR(1) autoregressive process41.

We thus use a univariate AR(1) model to forecast coal, oil, and gas (see Methods), SN5.1
and SN6.1-6.3). While coal-fired electricity and gas-fired electricity showed significant drops
in cost for some of the twentieth century, in the long run their costs are increasingly dom-
inated by fuel costs42, so we use the AR(1) model for these as well (SN6.4-6.5). The tech-
nologies for which we use Wright’s law to generate probabilistic cost forecasts are: solar PV,
wind, batteries, electrolyzers, nuclear power, biopower and hydropower. While the first four
of these technologies have strong historical progress trends, the latter three have either flat
or rising costs, so have less potential to play a significant role in energy transition, and hence
are less important in this analysis (SN6.6-6.12).

Figure 3 shows probabilistic forecasts for seven key energy technologies under a rapid
energy transition scenario that we will define in a moment. Each renewable technology ini-
tially follows its current trend of exponential decreasing costs, which slows when it becomes
dominant and its rate of deployment drops. We also show a selection of cost projections
reported by IAM and IEA studies. We show only their most optimistic projections, i.e. low
cost projections that correspond to high technological progress scenarios. Consistent with
the historical behavior of these models illustrated in Figure 2, these projections are high rel-
ative to historical trends. Although viewed as highly optimistic, they are all higher than our
median forecasts, and except for wind, substantially higher.
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Figure 3: Technology forecasts. (a - d) The main plots show cost forecast distributions under our Fast
Transition scenario for solar PV, wind, batteries and polymer electrolyte membrane (PEM) electrolyz-
ers; the 50% confidence interval is dark blue and the 95% confidence interval is light blue. These are
compared to several representative current and past projections corresponding to “optimistic” miti-
gation scenarios made by IAMs and the IEA (red lines). (See Extended Data Figure 7.) For batteries we
show both consumer cells and electric vehicle (EV) battery pack prices, though these are now almost
identical; our forecasts are based on consumer cells while the IEA forecasts shown are based on EV
batteries. The box and whisker plots in the right-hand panels compare cost forecasts in 2050 under
our three di↵erent scenarios (defined shortly). The insets show historical experience curves and fore-
casts, with progress rates that are independent of the scenario, and vertical lines indicating how far
each technology moves down the probabilistic experience curve in each scenario. Panels (e - g) give
probabilistic cost forecasts for oil, coal and gas based on the AR(1) time series model. (See SN6 for
details of data sources and model calibration.)
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The stochastic version of Wright’s law we use here captures the historical volatility of
past performance and the resulting estimation error, and projects this uncertainty forward
in future cost distributions. It thus provides cost ranges that are supported by empirical
evidence, as opposed to the ad hoc ranges that are often used43. The insets show costs vs.
experience and emphasize that median costs develop identically as a function of experience in
all scenarios. The side panels of Figure 3 illustrate that under Wright’s law forecasts depend
on the scenario; as a result, under a rapid transition, we reach lower costs sooner.

From single technologies to a full system model
Technology cost forecasts are conditional on scenarios, which specify energy technology de-
ployment trajectories as a function of time. Our approach to scenario construction di↵ers
from that currently used in standard energy-economymodels. In integrated assessmentmod-
els, scenarios are the result of optimizing discounted consumption (as measured by GDP)
under constraints on carbon emissions44. In simulation models such as the IEA’s World En-
ergy Model, scenarios are the result of choosing the cheapest available technologies through
time, subject to policy choices. Both of these methods require many cost forecasts to be made,
either exogenously or endogenously, during the scenario construction process, via some com-
bination of models and expert forecasts. (Expert forecasts have a poor track record45.) Thus
scenarios depend on cost forecasts and vice versa, and small forecasting errors can quickly
get amplified, leading to scenarios that are inconsistent with empirically observed trends.

We instead follow earlier energy system models46 and construct scenarios exogenously
by specifying how much energy or storage will be provided by each technology as a func-
tion of time (SN2.1). We classify energy services into four categories – transport, industry,
buildings and energy sector self-use (SN1.3) – and assume that end-use sector demand grows
at the historically observed overall rate of 2% per year. We impose the constraint that all
scenarios must reliably provide identical levels of energy services throughout the economy.
This method has the advantage of being simple and transparent, and allows us to follow
long-standing deployment trends, which are at least known to have been feasible from the
past until the present. This is in contrast to the optimal scenarios generated by IAMs, which
typically do not even attempt to match historical behavior47.

The three scenarios that we consider are shown in Figure 4. They run from 2019 to 2070,
and were chosen to represent three distinctly di↵erent energy system pathways. In the Fast
Transition scenario (panels a, d, g), renewable energy and storage technologies maintain their
current deployment growth rates for a decade, replacing fossil fuels in two decades. Follow-
ing a standard S-curve, once renewables become dominant, deployment slows to grow at
2% per year. Short term storage and electrification of most transport are achieved with bat-
teries, while long term energy storage and all hard-to-electrify applications are served by
power-to-X fuels, i.e. by using electricity for hydrogen electrolysis and either directly using
hydrogen or using it to make other fuels such as ammonia and methane as needed48. This
corresponds to an “electrify almost everything” scenario, with full sector-coupling49. In the
Slow Transition scenario (panels b, e, h), in contrast, current rapid deployment trends for
renewables slow down immediately, so that fossil fuels are phased out more slowly and con-
tinue to dominate until mid-century. Finally, in the No Transition scenario (panels, c, f, i), the
energy system remains similar to its current form and each source of energy grows propor-
tionally, making this close to typical “worst case” scenarios (which were until recently called
“business as usual” scenarios). (Scenario details are shown in SN4.)
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Figure 4: Scenarios. The three columns represent each of the scenarios. The rows are: (1) Annual
useful energy provided by each technology as a function of time. (2) Annual final energy provided
by each technology as a function of time. (3) Annual electricity generation and storage in grid-scale
batteries and EV batteries; total generation is divided between final electricity delivered to the econ-
omy and electricity used to produce P2X fuels for hard-to-electrify applications and for power grid
backup.

Our approach is based on two key design principles: 1) include only the minimal set of
variables necessary to represent most of the global energy system, and the most important
cost and production dynamics, and 2) ensure all assumptions and dynamics are technically
realistic and closely tied to empirical evidence (SN1.1). This means that we focus on en-
ergy technologies that have been in commercial use for su�cient time to develop a reliable
historical record.

We choose a level of model granularity well suited to the probabilistic forecasting meth-
ods used, i.e. one that allows accurate model calibration, and ensures overall cost-reduction
trends associated with cumulative production are captured for each technology. Our model
design can be run on a laptop, is easy to understand and interpret, and allows us to calibrate
all components against historical data so that the model is firmly empirically grounded. The
historical data does not exist to do this on a more granular level.

8



Consistent with our two design principles, we have deliberately omitted several minor
energy technologies. Co-generation of heat, traditional biomass, marine energy, solar ther-
mal energy, and geothermal energy were omitted either due to insu�cient historical data or
because they have not exhibited significant historical cost improvements, or both. Liquid
biofuels were also excluded because any significant expansion would have high environmen-
tal costs (SN1.5.4). Finally, carbon capture and storage (CCS) in conjunction with fossil fuels
was omitted because i) it is currently a very small, low growth sector, ii) it has exhibited no
promising cost improvements so far in its 50 year history, and iii) the cost of fossil fuels pro-
vides a hard lower bound on the cost of providing energy via fossil fuels with CCS (SN1.6.1).
This means that within a few decades electricity produced with CCS will likely not be com-
petitive even if CCS is free. The major technologies that we do include cover 90% of current
final energy, excluding energy carriers that are already renewable such as bioenergy and bio-
fuels, plus petrochemical feedstock, which is not an energy carrier. See SN1 for a complete
description of the model.

Since renewables are intermittent, storage is essential. In the Fast Transition scenario
we have allocated so much storage capacity using batteries and P2X fuels that the entire
global energy system could be run for a month without any sun or wind (SN3). This is a
sensible choice because both batteries and electrolyzers have highly favorable trends for cost
and production (SN6.11-6.12). From 1995 to 2018 the production of lithium ion batteries
increased at 30% per year, while costs dropped at 12% per year, giving an experience curve
comparable to that of solar PV50. Currently, about 60% of the cost of electrolytic hydrogen
is electricity, and hydrogen is around 80% of the cost of ammonia51, so these automatically
take advantage of the high progress rates for solar PV and wind.

To understand these scenarios it is important to distinguish final energy, which is the en-
ergy delivered for use in sectors of the economy, from useful energy, which is the portion of
final energy used to perform energy services, such as heat, light and kinetic energy (SN1.2).
Fossil fuels tend to have large conversion losses in comparison to electricity, which means
that significantly more final energy needs to be produced to obtain a given amount of use-
ful energy. Switching to energy carriers with higher conversion e�ciencies (e.g. moving to
electric vehicles) significantly reduces final energy consumption52,11. Our Fast Transition
scenario assumes that eventually almost all energy services originate with electricity gen-
erated by solar PV and wind, making and burning P2X fuels or using batteries when it is
impractical to use renewables directly. As shown by comparing Figures 4(g) and 4(i), the Fast
Transition substantially increases the role of electricity in the energy system.

Howmuch will each scenario cost?
There are many di↵erent approaches to modelling energy system pathway costs53,54. We use
the “direct engineering costs” approach, in which the overall cost of a scenario is computed
by adding up the costs of the component technologies (SN1.8). We sum the costs of direct-use
oil, coal and gas; electricity generated by seven di↵erent technologies; plus utility-scale grid
batteries and electrolyzers; and additional infrastructure for expansion of the electricity grid
(SN3.7). For electricity generation costs we use the LCOE metric. This is particularly advan-
tageous here because then the experience curve formulation inherently captures historical
progress trends in all LCOE components, including capital costs, capacity factors, and inter-
est rates, which would otherwise be hard to forecast separately. We estimate infrastructure
costs that are not directly covered by technologies included in the model, e.g. for fuel storage
and distribution (SN1.6.4) or for fueling or charging light duty vehicles (SN1.6.5), and argue
that they are roughly the same across scenarios.

To apply our probabilistic technology cost forecasting methods in a given scenario, we
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employ a Monte Carlo approach, simulating many di↵erent future cost trajectories, then
exponentially discounting future costs to calculate the expected net present cost of the sce-
nario, up to 2070 (SN5.5, SN7.1). Figure 5(a) shows median total costs through time for each
scenario, showing how the Fast Transition rapidly transfers energy expenditures from fossil
fuels to renewables. Figure 5(b) shows that, although there is considerable uncertainty, the
net present cost is likely to be substantially lower. Figure 5(d) shows how the Fast Transition
rapidly decreases energy system emissions, making it feasible to achieve the Paris Agreement
if non-energy related sources of emissions are also brought under control (SN8.6.1). In con-
trast, the Slow Transition is not as cheap as the Fast Transition. This is because the current
high spending on fossil fuels continues for decades and the savings from renewables are only
realized much later. Nonetheless, it also generates savings relative to No Transition.

Previous analyses have suggested that whether or not it makes good economic sense to
quickly transition to clean energy technologies depends on the discount rate22,55. In Fig-
ure 5(c) we show a striking result: the Fast Transition is likely to be substantially cheaper at
all reasonable discount rates. Using the 1.4% social discount rate recommended in the Stern
Review56, for example, the expected net present saving is roughly $14 trillion. The me-
dian value, which gives a better indication of the net present saving likely to be realized in
practice, is roughly $26 trillion. (The distribution of costs is roughly log-normal, so means
and medians are substantially di↵erent.) Note that there is some evidence that technological
progress does not slow when technologies reach their saturation phase57. If this is true, then
costs continue to drop at their current pace according to Moore’s law, and the Fast Transition
saves substantially more relative to the other scenarios (see SN7.4).
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Figure 5: Scenario costs and emissions. (a) Median annual expenditures on fossil fuel and non fossil
fuel technologies in each scenario in trillions of dollars (tn USD). (b) Forecast distributions of the net
present cost (NPC) of each scenario, for a fixed discount rate of 2%. (c) Expected net present cost
of each scenario relative to the No Transition scenario as a function of the discount rate. (d) Carbon
emissions as a function of time.

We constructed an additional scenario in which nuclear plays a dominant role in replacing
fossil fuels (SN4.4), but this is substantially more expensive than the baseline. For example,
using a 1.4% discount rate the mean cost is about 15 trillion dollars more than No Transition
and 27 trillion more than the Fast Transition (SN7.1).

To enhance the credibility of our estimates we have used consistently conservative as-
sumptions regarding the costs, performance and operational requirements of clean energy
technologies, and done the opposite for fossil fuels. Our systematic use of technologies with
appropriate price histories means that in many cases we were forced to neglect solutions that
are promising avenues of cost reduction, such as demand-side management of power grids
and end-use e�ciency improvements11. As a result, it is likely that the future costs of the
renewable transition will be substantially lower than the estimates presented here (SN1.8).

Our analysis is based on global averages, but there is a wide geographic variation in en-
ergy costs. Within countries, renewables tend to be deployed first in regions where their costs
are favorable, but that is not the case globally (SN8.4). In any case, under the Fast Transition
regional cost di↵erences are quickly overcome through time. For solar PV, for example, his-
torically the 95th percentile of geographical cost variation at a given point in time became
equivalent to the 5th percentile in less than a decade (SN8.4). Because costs are summed,
global averages are su�cient to estimate costs, and we expect that future e↵orts will take
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advantage of geographic variation to achieve even cheaper solutions.
Although the Fast Transition happens quickly it is still possible to replace the energy sys-

tem without excessive stranding of capital. Lifetimes of large energy infrastructure projects
typically range from 25 to 50 years, meaning that on average about 2-4% of capacity needs
replacing in any given year. In addition, useful energy demand grows at 2% per year. These
two factors make it possible for renewables to replace most of the existing energy system in
20 years and replace the remaining 5% within a few decades without necessarily stranding
assets beyond their economic lifetime.

Discussion
As we have not systematically searched the space of all possible scenarios, we do not claim
that the Fast Transition scenario presented here is the cheapest possibility. Given the rela-
tively low cost of gas, it could be possible to achieve cheaper scenarios by using gas in place
of P2X fuels in some applications, but these of course would not be zero-emissions systems.
Similarly, while fossil fuel costs have not historically trended down, competition from renew-
ables may force them down, though this is feasible only at substantially reduced production
levels where the cheapest fossil fuel producers are competitive58. This suggests that, while
most of the Fast Transition is aligned with market forces, policies that discourage the use of
fossil fuels will likely still be needed to fully decarbonize energy.

In response to our opening question, "Is there a path forward that can get us there cheaply
and quickly?", our answer is an emphatic "Yes!". Our quantitative analysis supports other
recent e↵orts using up-to-date data and technology assumptions that reach a similar conclu-
sion59,60,13,14,15,16. The key is to maintain the current high growth rates of rapidly progress-
ing clean energy technologies for the next decade. This is required to build up the industrial
capabilities and technical know-how necessary to produce, install and operate these tech-
nologies at scale as fast as possible so that we can profit from the resulting cost reductions
sooner rather than later.

The belief that the green energy transition will be expensive has been a major driver of the
ine↵ective response to climate change for the last forty years. This pessimism is at odds with
past technological cost-improvement trends, and risks locking humanity into an expensive
and dangerous energy future. While arguments for a rapid green transition often cite benefits
such as the avoidance of climate damages, less air pollution and lower energy price volatility
(SN8.6), these benefits are often contrasted against discussions about the associated costs of
transitioning44. Our analysis suggests that such trade-o↵s are unlikely to exist: a greener,
healthier and safer global energy system is also likely to be cheaper. Updating expectations to
better align with historical evidence could fundamentally change the debate about climate
policy and dramatically accelerate progress to decarbonise energy systems around the world.

Methods

Time-series models
We employ two time-series models for forecasting technology costs. The first is a first-
di↵erence stochastic form of Wright’s law, developed and tested by Lafond et al.18, which
models costs dropping as a power law of cumulative production. Let ct be the cost and zt be
the experience of a given technology at time t, and let ut ⇠ N (0,�2

u ) be an IID draw from a
normal distribution. Then future costs are predicted using the iterative relationship

logct � logct�1 = �! (logzt � logzt�1) +ut + ⇢ut�1. (1)
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This relationship has three parameters. For a given technology, the experience exponent
! characterizes the average rate at which costs drop as a function of experience, and the noise
variance �2

u characterizes the variability of this relationship. The autocorrelation parameter
⇢ characterizes the persistence of fluctuations in cost improvements. To avoid overfitting we
use ⇢ = 0.19 for all technologies, which was found by Lafond et al.18 to be a good overall
choice for 50 di↵erent technologies. (We also did a comparison of all our results replacing
Wright’s Law by a generalized form of Moore’s Law (see SN7.4)).

When applying the model to technologies with falling costs, as shown in Figure 3, two
features of the model must be stressed. First, the Wright’s law model does not simply “as-
sume” that if costs fell in the past then they will fall in future – indeed, costs are predicted to
rise with a non-zero probability that depends directly on observed data in the past. Second,
despite the downward trends, all cost forecast distributions are always strictly positive, since
costs develop in log space.

For fossil fuels we use an AR(1) process of the form

logct = logct�1 + �(µ� logct�1) + ✏t , with IID ✏t ⇠N (0,�2
✏ ), (2)

where µ = E[logct] is the unconditional mean of the logarithm of cost, �✏ is the volatility of
the noise process and � is the rate of mean reversion. For more details on forecasting methods
see SN5.

Scenario construction
We construct energy transition scenarios by assuming that growth rates follow logistic (or
“S”) curves with a specified start and end point consistent with the growth of total useful
energy. We model the conversion process based on average final-to-useful energy conversion
e�ciency factors given by DeStercke61. The endpoint of each scenario in 2070 is defined by
the shares of technologies providing electricity generation and the shares of energy carriers
providing final energy. The start points for all scenarios are identical and match the current
shares in 2018. Details of all growth rates, timings and energy carrier mixes for each scenario
are given in SN2 and SN4.

Data availability
We use data from many sources, mostly free and openly available on the internet, but occa-
sionally via standard university-wide subscription licenses held by the University of Oxford.

Production data comes mostly from the International Energy Agency62 and BP’s Statis-
tical Review of World Energy63. Cost data is much harder to find and comes from a wide
variety of sources including, among others, Lazard’s Levelized Cost of Energy Analyses64,
the International Renewable Energy Agency65, the U.S. Energy Information Administration’s
Annual Energy Outlooks66, Bloomberg New Energy Finance (BNEF) and Bloomberg L.P. (via
Bloomberg Terminal). For more details on data sources see SN6. All data will be made avail-
able upon request (following publication in a journal).

Code availability
The code used in this analysis will be made available upon request (following publication in
a journal).
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Extended data

Figure 6: IEA PV LCOE projections. All PV LCOE projections found in the IEA’s World Energy
Outlook (WEO) reports are shown in colours varying from purple through light green. (Note that
"projection" here means conditional forecast – these are forecasts that are conditional upon a whole
array of modelling assumptions regarding the scenario within which the forecast is embedded.) The
first such projection was found in the WEO 2001. The four projections we selected to plot in Figure 2
are shown in red, andwere chosen as examples of “high progress” projections. The first two, published
in the WEOs from 2001 and 2008, may be considered high progress projections because in those
reports, cost ranges were provided, and we simply picked the lowest point of those ranges. The upper
ends of the ranges are much higher. The second two (beginning in 2015 and 2019) may be interpreted
as“high progress” projections because they correspond to the highest mitigation scenarios available
in the WEOs from which they are sourced (WEO 2016 and 2020). Note however that in those reports,
only region-specific cost projections were provided, so we have plotted the simple global average
of those values in the high mitigation scenarios. Observed values are from the Performance Curve
Database (described in Nagy et al.25) up to 2010 and from BNEF thereafter. See SN6 for more details
on data sources.

21



Figure 7: PV and wind capital cost projections reported by IAMs. Capital cost projections reported
by various modelling comparison projects are shown as blue, red and yellow lines for (a) PV and (b)
onshore wind. Each line corresponds to a single scenario. To construct and plot the LCOE projections
in Figure 3 we selected two capacity cost projections reported in 2014 (cyan lines) and two reported in
2018 (green lines). These may be interpreted as “high progress projections” because they are among
the lowest in their cohorts (i.e. the cyan lines are on the low end of the suite of blue lines, and the
green lines are on the low end of the suite of red and yellow lines). Note that they are (in seven out
of eight cases) global average values, whereas many other projections are region-specific. For PV, the
projections plotted are: 1. [model: MESSAGE, scenario: ’AMPERE3-450’, region: World] (from AM-
PERE19), 2. [model: DNE21, scenario: ’AMPERE3-450’, region: World] (from AMPERE19), 3. [model:
IMAGE 3.0, scenario: ’Baseline’, region: China] (from Krey et al. 2019), 4. [model: REMIND-MAgPIE
1.7-3.0, scenario: ’SMP_1p5C_early’, region: World] (from SR1521). For wind, the projections plotted
are: 1. [model: MESSAGE, scenario: ’AMPERE3-450’, region: World] (from AMPERE19), 2. [model:
DNE21, scenario: ’AMPERE3-450’, region: World] (from AMPERE19), 3. [model: AIM/CGE 2.1, sce-
nario: ’TERL_15D_LowCarbonTransportPolicy’, region: World] (from SR1521), 4. [model: REMIND-
MAgPIE 1.7-3.0, scenario: ’SMP_1p5C_early’, region: World] (from SR1521). To calculate the LCOEs,
we used the technology lifetimes, operations and maintenance (O&M) values, and discount rate re-
ported in Krey et al.20. We used global average capacity factors of 0.18 for PV and 0.3 for wind, based
on recent data reported by IRENA67 and the IEA68. Observed data sources for PV are given in Table
S19. Wind data is from IRENA67.
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