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Work on experience curves at the IEA

• Conceptual and methodological work 
on experience curves

• (Exogeneous) use of experience 
curves in ETP & WEO modelling

• Technology assessments, e.g. tracking 
clean energy progress, technology 
roadmaps, medium-term reports

• In the broader context of technology 
innovation and RD&D policy, e.g. ETP 
2015, IEA’s Experts' Group on R&D 
Priority Setting and Evaluation (EGRD)

• IEA’s Technology Collaboration 
Programmes (TCPs), e.g. use of ETL in 
ETSAP’s MARKAL/TIMES model
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Use of experience curves in ETP modelling

• Exogenous treatment of experience curves 
(1-FLC) using an iterative approach 

• Driven by model size and computational 
limitations for using instead an 
endogenous approach based on MIP

• Additional growth constraints to avoid 
“wait-and-see/free-rider” behaviour by 
postponing deployment to later periods, 
partly influenced already through current 
policy support mechanism leading to early 
deployment (ETL may lead to opposite 
behaviour, i.e. too rapid, early deployment)

• Simplified model (in terms of model 
regions), but with ETL, could be a 
complementary approach to derive cost 
trajectories for larger model.
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Deployment costs and learning investments

Example: 

Global cumulative learning investments for onshore wind fall from USD 1.7 trillion in the RTS to USD 1.4 trillion in 
the 2DS.
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Challenges in the use of experience curves

• Energy technologies often consist of various components, with different drivers 

influencing their costs, e.g.:

- Solar PV system: PV module + Balance-of-system (BOS)

- Battery system: Battery pack + Power conversion system + Energy management 

system + BOS

- CCS power plant: Conventional power plant + CO2 capture equipment

• Global versus local learning
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Learning curve approach for solar PV:

Separate learning for PV module and BOS

• Increasing share of BOS in total specific investment costs for PV systems

• Chosen approach:

- PV module: global learning

- BOS: regional learning

• Learning rate for BOS?

- Current approach: same learning rate for module and BOS

- Elshurafa et al. (2017) estimated learning rate of 11% for BOS of residential PV systems.
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Challenges in the use of experience curves

• Experience curve parameters for technologies, when only limited deployment so 

far (and hence few data points available):

- Expert elicitation

- Drawing analogies from similar technologies

• Energy technologies often consist of various components, with different drivers 

influencing their costs, e.g.:

- Solar PV system: PV module + Balance-of-system (BOS)

- Battery system: Battery pack + Power conversion system + Energy management 

system + BOS

- CCS power plant: Conventional power plant + CO2 capture equipment

• Global versus local learning
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Which learning rate, when only limited deployment so far?

• Review by Dutton and Thomas (1984) of manufacturing industries such as electronics, machine tools, 
system components for electronic data processing, papermaking, aircraft, steel, apparel, and 
automobiles shows 82% as most probable progress ratio (or 18% learning rate).

• McDonald and Schrattenholzer (2001) estimated around 14% as median for energy conversion 
technologies.

Distribution of progress ratios

Source: Dutton, J.M. and Thomas, A. 

(1984), Treating Progress Functions as a

Managerial Opportunity in IEA (2000), 

Experience curves for energy technology 

policy; McDonald and Schrattenholzer

(2001), Learning rates for energy 

technologies.
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Which learning rate, when only limited deployment so far? (2)

• Drawing analogies from similar technologies

• In ETP, learning curve approach used for additional 

CAPEX of capture equipment

Example: CCS power technologies

Sources: Rubin et al. (2007), Use of experience curves to estimate the future cost of power 

plants with CO2 capture; Van den Broeck et al. (2009), Effects of technological learning on 

future cost and performance of power plants with CO2 capture.
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Challenges in the use of experience curves

• Energy technologies often consist of various components, with different drivers 
influencing their costs, e.g.:

- Solar PV system: PV module + Balance-of-system (BOS)

- Battery system: Battery pack + Power conversion system + Energy management 
system + BOS

- CCS power plant: Conventional power plant + CO2 capture equipment

• Global versus local learning

• Experience curve formulation and model implementation

• Experience curve parameters for technologies, when only limited deployment so 
far (and hence few data points available):

- Expert elicitation

- Drawing analogies from similar technologies
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Challenges in the use of experience curves

• Experience curve parameters for technologies, when only limited deployment so 

far (and hence few data points available):

- Expert elicitation

- Drawing analogies from similar technologies

• Experience curve formulation and model implementation

• Energy technologies often consist of various components, with different drivers 

influencing their costs, e.g.:

- Solar PV system: PV module + Balance-of-system (BOS)

- Battery system: Battery pack + Power conversion system + Energy management 

system + BOS

- CCS power plant: Conventional power plant + CO2 capture equipment
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Beyond individual energy technologies: 

Impact of digitalisation & learning on system level

• Dramatic performance improvements and cost reductions not only in computer hardware, but 

also numerical methods. 

• Example: Improvements in Mixed Integer Programming solvers (machine independent)

Sources: Bixby, R. (2017), Computational Progress in Linear and Mixed Integer Programming; Bixby, Rothberg and Gu 

(2010), The Latest Advances in Mixed‐Integer Programming Solvers.

CPLEX: v1.2 (1991) – v11 (2007): 29,530 x speedup

GUROBI: v1 (2009) – v6.5 (2015): 48.7 x speedup
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Modelling of 1-factor learning curves

𝑆𝐶 𝐶 = 𝑎 × 𝐶−𝑏

𝑙𝑟 = 1 − 2−𝑏

𝑆𝐶 𝐶 : specifc cost

𝐶: cumulative capacity

𝑎: specific cost of first unit

𝑏: learning index

𝑙𝑟: learning rate

Learning curve Cumulative investment costs

• Direct use of learning curve in objective function would 

result in nonlinear, bilinear term

• Approach using cumulative investment costs (= area 

below learning curve) as cost term in objective function

• Cumulative costs are, however, a concave function of 

cumulative capacity -> approximation as piecewise linear 

function using MIP
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Modelling of cumulative costs as piecewise linear function

𝐶𝐶𝑘,𝑡 = 

𝑖=1

𝑁

𝜆𝑘,𝑖,𝑡

𝑇𝐶𝐶𝑘,𝑡 = 

𝑖=1

𝑁

𝛼𝑖,𝑘 ∙ 𝑦𝑘,𝑖,𝑡 +𝛽𝑖,𝑘 ∙ 𝜆𝑘,𝑖,𝑡

𝛽𝑖,𝑘 =
𝑇𝐶𝑖,𝑘 − 𝑇𝐶𝑖−1,𝑘
𝐶𝑖,𝑘 − 𝐶𝑖−1,𝑘

𝛼𝑖,𝑘 = 𝑇𝐶𝑖−1,𝑘 − 𝛽𝑖,𝑘 ∙ 𝐶𝑖−1,𝑘

𝜆𝑘,𝑖,𝑡 ≥ 𝐶𝑖,𝑘 ∙ 𝑦𝑘,𝑖,𝑡

𝜆𝑘,𝑖,𝑡 ≤ 𝐶𝑖+1,𝑘 ∙ 𝑦𝑘,𝑖,𝑡

 

𝑖=1

𝑁

𝑦𝑘,𝑖,𝑡 = 1

 

𝑝=1

𝑖

𝑦𝑘,𝑝,𝑡 ≥  

𝑝=1

𝑖

𝑦𝑘,𝑝,𝑡+1  

𝑝=𝑖

𝑁

𝑦𝑘,𝑝,𝑡 ≤ 

𝑝=𝑖

𝑁

𝑦𝑘,𝑝,𝑡+1

𝑇𝐶𝑘,𝑡: Total cumulative costs at breakpoints
𝐶𝑘,𝑡: Cumulative capacity at breakpoints
𝛼𝑖,𝑘: Cumulative cost axis intercept

𝛽𝑖,𝑘: Slope of segment

𝑖: segment index
𝑘: technology index
𝑡: period index

𝑁: number of segments

𝑦𝑘,𝑖,𝑡: Binary decision variable for each segment

Defining cumulative 

capacity

Defining cumulative 

costs

Choosing cumulative 

capacity segment

Only 1 segment can 

be chosen

Additional logical 

constraints between 

periods

𝜆𝑘,𝑖,𝑡: Continuous cumulative capacity variable

𝜶𝒊,𝒌

𝑻𝑪𝒊,𝒌

𝑪𝒊,𝒌
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Alternative formulation (possible to use SOS2 solver option)

𝐶𝐶𝑘,𝑡 = 

𝑖=1

𝑁

𝜆𝑘,𝑖,𝑡 ∙ 𝐶𝑖,𝑘

𝑇𝐶𝐶𝑘,𝑡 = 

𝑖=1

𝑁

𝜆𝑘,𝑖,𝑡 ∙ 𝑇𝐶𝑖,𝑘

𝜆𝑘,𝑖,𝑡 ≤ 𝑦𝑘,𝑖−1,𝑡+𝑦𝑘,𝑖,𝑡

 

𝑖=1

𝑁

𝑦𝑘,𝑖,𝑡 = 1 𝑇𝐶𝑘,𝑡: Total cumulative costs at breakpoints
𝐶𝑘,𝑡: Cumulative capacity at breakpoints

𝑖: segment index
𝑘: technology index
𝑡: period index

𝑁: number of segments

𝑦𝑘,𝑖,𝑡: Binary decision variable for each segment

Defining cumulative capacity as 

linear combination of two 

adjacent breakpoints

Only two λs of 

adjacent breakpoints 

can be chosen

Only 1 segment can 

be chosen

 

𝑖=1

𝑁

𝜆𝑘,𝑖,𝑡 = 1

Defining cumulative costs

Lambdas have to add to one

𝜆𝑘,𝑖,𝑡:Weighting factor variable

The λ variables 

form a special 

ordered set of type 

2 (SOS2). 

Many MIP solvers 

support such SOS2 

variables, so that 

these 2 constraints 

can be obmitted.
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Alternative approaches to describe piecewise linear functions?

𝑥

𝑧 = 𝑓(𝑥)
𝑥 = 

𝑖=1

5

𝜆𝑖 ∙ 𝑑𝑖 𝑧 = 

𝑖=1

5

𝜆𝑖 ∙ 𝑓(𝑑𝑖)

 

𝑖=1

5

𝜆𝑖 = 1

“Simple” formulation

 

𝑗=1

4

𝑦𝑗 = 1

0 ≤ 𝜆1 ≤ 𝑦1

0 ≤ 𝜆2 ≤ 𝑦1 + 𝑦2

0 ≤ 𝜆3 ≤ 𝑦2 + 𝑦3

0 ≤ 𝜆4 ≤ 𝑦3 + 𝑦4

0 ≤ 𝜆5 ≤ 𝑦4

𝜆𝑖 ≥ 0

𝑦𝑗 ∈ 0,1

x and z as linear combinations 

of adjacent points

Weighting factors λ have to 

add to 1.

Only one linear segment can 

be chosen.

Only two adjacent λs can be 

greater 0.

# binary variables = # segments 

(4 in the example).

Source: Vielma, J.P., Recent Advances in Mixed Integer Programming Modelling and Computation, 2017, (web.mit.edu/jvielma/www/presentations/MIPADV_CTL17.pdf).



© OECD/IEA 2017

Alternative approach using disjunctive constraints

𝑥

𝑧 = 𝑓(𝑥)

𝑥 = 

𝑖=1

5

𝜆𝑖 ∙ 𝑑𝑖 𝑧 = 

𝑖=1

5

𝜆𝑖 ∙ 𝑓(𝑑𝑖)

 

𝑖=1

5

𝜆𝑖 = 1

“Advanced” formulation

0 ≤ 𝜆1 + 𝜆2 ≤ 𝑦1

0 ≤ 𝜆4 + 𝜆5 ≤ 1 − 𝑦1

0 ≤ 𝜆3 ≤ 𝑦2

0 ≤ 𝜆1 + 𝜆5 ≤ 1 − 𝑦2

𝜆𝑖 ≥ 0

𝑦1, 𝑦2 ∈ 0,1

x and z as linear combinations 

of adjacent points

Weighting factors λ have to 

add to 1.

Two binary variables to 

describe disjunctions.

First disjunction y1 between 

being left (d1,d2,d3) or right 

(d3,d4,d5) from the middle on 

the x-axis.

# binary variables = log2(# segments) 

(2 in the example).

Second disjunction y2

between segments close to 

the center (i.e. involving d3) or 

the outer segments (involving 

either d1 or d5).

𝑦1 = 0𝑦1 = 1

𝑦2 = 0 𝑦2 = 1𝑦2 = 1

First disjunction

Second disjunction

Source: Vielma, J.P., Recent Advances in Mixed Integer Programming Modelling and Computation, 2017, 

(web.mit.edu/jvielma/www/presentations/MIPADV_CTL17.pdf).
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Formulation improvements can be significant

Source: Vielma, J.P., Recent Advances in Mixed Integer Programming Modelling and Computation, 2017, (web.mit.edu/jvielma/www/presentations/MIPADV_CTL17.pdf).
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Conclusions

• Experience curves can be a powerful instrument for strategic analysis of technologies to 
understand their current progress and explore future deployment pathways.

• Still challenges in the use of learning curves for “established” technologies, such as learning for 
BOS or regional versus global learning.

• For emerging technologies with less empirical evidence, expert judgement or drawing analogies 
from similar technologies can be a way to estimate learning curve parameters.

• Uncertainty around the impact of R&D highlights the importance of sensitivity analysis to derive 
robust results through modelling.

• Endogenous representation of learning curves still numerically challenging in larger energy 
models; smaller “sandbox” models (e.g. less regions) may be an alternative approach to explore 
the impacts of endogenous learning and inform larger models.

• Recent research suggests that new MIP formulations for piecewise linear functions may lead to 
performance improvements, but needs to be verified for the case of learning curves in energy 
system models.
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IEA Work on Technology Innovation

Simon Bennett, Simone Landolino, IEA

IRENA IEA-ETSAP Session of CEM campaign on Long-term Energy Scenarios for Clean Energy 
Transition, Role of innovation,  9 November 2018, Karlsruhe
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Putting the puzzle together: IEA work on energy tech innovation

IEA is working to enhance its work on energy innovation by unifying its impressive range of existing 

work and advancing it in exciting new directions to support global efforts
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Clean energy R&D investment is finally on the rise…

Public spending on R&D for low-carbon technologies rose 13% to USD 22 billion in 2017 after several 

years of stagnation; however, this is just 0.1% of public spending in major countries.
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Corporate R&D spending in energy sectors is rising more slowly

Private energy R&D spending has risen by around 4% per year, except in 2015 when oil & gas firms 

dropped one-third. It is rising faster in clean energy sectors, to which automotive is a big contributor.

Reported corporate spending on R&D by companies in energy sectors (in billion USD) 
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Innovation is crucial to sustainable energy transitions

In 2018, TCEP evolved into a web platform, with more regular updates and dedicated sites for sectors.

Experts in the IEA network identified over 100 innovation gaps across 38 areas
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Are clean energy technologies on track?
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TCEP status update

Top 20 TCEP pages
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• New smelting reduction (Hisarna)

• Oxy blast furnace and top gas recycle (ULCOS)

• Coke oven gas reforming (COURSE 50)

• Hydrogen-based DRI (e.g. Hybrit)

• New gas-based DRI process (ULCORED)

• Direct use of electricity to reduce iron ore (low 

temperature electrolysis)

• Direct use of electricity to reduce iron ore 

(high temperature, molten oxide electrolysis)

Innovation gaps analysis

For the first time in 2018, TCEP includes detailed innovation gaps analysis for all major technology 

areas; identifying and updating areas of progress and key opportunities  

Example from TCEP: tracking progress in low-carbon iron 

and steel technologies from prototype to demo


