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•  Background to recent some US experience within DoE 
•  Introduction – including why analysis about the energy future should be concerned 

the impact of technology and market risk and uncertainty 
•  Estimating technology cost and performance risk and uncertainty using expert 

elicitations, including challenges and lessons learned 
•  Use of “technology” and “market” input distributions in energy system models to 

generate output distributions, such technology penetration, consumer costs and 
reductions in carbon intensity.  Including: 
•  Types of risk and uncertainty analysis (sensitivity, scenario and probabilistic simulation) 
•  Combining scenario analysis with probabilistic simulation analysis 
•  Some examples of the results from the use of probabilistic simulation analysis using a 

stochastic energy models 
•  Insights available from distribution based analysis (including considerations of input-

output distribution asymmetry, cost skewness, utility and risk preferences) 
 

 Note:  Have quite a large number of slides for a 40 minute presentation. However this will allow me to spend more time on some slides and 
less on others depending on interest 
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Overview 



•  The actual cost of implementing such specific carbon reduction policies, as well as the 
technology pathways needed to get there are highly uncertain.  
•  Future technology costs and performance improvements are inherently uncertain and this is important 
•  However technology “winners” depend on more than their own cost and performance.  Comparative 

success and its impact on consumers will in general depend on: 
•  of which of these factors are most important – and how they are intCompetition with alternative 

technologies:  Cost and performance of other technologies, including  their carbon intensity 
•  The cost of fossil fuels:  lower natural gas prices make reduces comparative value of wind relative to combined 

cycle gas turbine 
•  Carbon  policy decisions: in general carbon prices improve comparative economics of wind , solar  or nuclear 

relative to natural gas generation, and natural gas generation relative to thermal coal generation plants. This in 
turn suggests the need for some technology diversification when modeling the future 

•  Energy efficiency improvements on the demand side will also effect the  GDP per unit of energy used 
•  Behavioral considerations:  It is well known that consumers do not always behave rationally when “purchasing” 

energy efficiency – which raises interesting policy questions (e.g. the use of “standards” and/or “opt-out” instead 
of “opt-in” policies  (e.g. citing saving account and donor examples) 

•  The state of the economy:  GDP growth assumptions 
•  Risk and uncertainty analysis allows better understanding of which of this factors are most important 

and how they are interrelated.  
•   Also allows explicit consideration the value of e.g.:  “diversification”, “hedging”, “resilience” and  option value in 

“flexibility (in both acting or waiting) – that is to say from  not making all future investment decisions at t=0) 
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The actual technology pathways that will be adopted to meet 
specific carbon targets and their associated costs are uncertain 
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•  DOE’s Office of Energy Efficiency and Renewable Energy (EERE) supports a 
portfolio of R&D into a wide range of technologies. EERE would like to better 
understand: 
§  For each R&D project 

§  What is the chance that it will achieve its goals? 
§  What would be the benefits to the US if it does achieve its goals? 

§  For EERE’s portfolio of R&D projects 
§  What are the portfolio’s overall benefits to the US? 
§  How might they be improved by reallocating funding? 
§  What would be the effects of a major change in R&D funding? 

•  Uncertainties in R&D outcomes and their benefits are inevitable: 
•  If it wasn’t uncertain, it wouldn’t be R&D 
•  In standard practice, EERE Programs assessed single value targets for R&D programs, with no 

consistency in levels of optimism or risk. 
•  Many large private -sector organizations  use probabilistic risk analysis to assess uncertainties  and 

manage their R&D portfolios. 
•  OMB and two NAS/NRC studies have recommended EERE use explicit risk analysis for this 

purpose. 
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Background: Uncertainty in EERE’s R&D Portfolio 
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Overview of pilot EERE risk and uncertainty process 

 In response to these concerns, the Risk Working Group (RWG) of EERE developed and 
undertook  a pilot risk assessment process for the R&D portfolio, with two key elements: 
•  R&D risk assessment process 
•  Each Program recruits Expert Risk Panels from industry, universities, and national labs to assess the effect of DOE 

R&D funding on key technologies. 
•  The experts express their uncertainties about the future performance of each technology using most likely, 10th 

percentile, and 90th percentiles estimates.  This may be done at a system or sub-system level 
•  Each Program aggregates over experts to express estimates of R&D outcomes over time. 
•  This type of analysis: 

•  identifies key drivers and where to best focus R&D dollars to improve chances of meeting performance targets 
•  allows metrics, such as levelized cost of energy (LCOE) to be compared on a comparable basis 

•  Assessing national benefits of EERE R&D Programs and more general portfolio analysis 
•  SEDS (Stochastic Energy Deployment System) is a simple, fast computer model of the long-range US energy 

economy ((~15 secs/run or 20 mins for 100 Monte Carlo simulations) . 
•  SEDS takes as input the results from the R&D Risk Process and projects their uncertain impacts using Monte Carlo 

and scenario analysis. 
•  It projects overall benefits of R&D portfolios, including: 

•  Greenhouse Gas emissions (M tons CO2e/year) 
§  Expenditures on energy (billion $/year) 
§  Energy security − oil and gas imports (million BOE/year) 

§  More generally this model can be used  to understand the impact of technology and fuel price risk and uncertainty 
under different policy assumptions. 
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•  For different technologies performance may be characterized by suitable parameters 
•  For a power plant this could be characterized by capital cost ($/kW) and efficiency (η) 
•  For transportation it might be for retail price ($/vehicle) and efficiency (mpg or liters or MJ/100km)) 

 This is a simplification in that other factors also matter and included in models e.g. (O&M) and asset life 

•  Anticipated improvements in technology performance parameters can lead to 
significant reductions in carbon emissions on a per unit of energy (kWh) used or 
wealth (GDP) created  

•  Such technology performance improvements and cost reductions over time (e.g. out 
to 2030) are highly uncertain (and it gets worse the further out you go). 

•  Three broad methods to deal with technology (and other) risk and uncertainty 
•  Sensitivity analysis – explores outcome “space” but often does not assign any probabilities to specific 

events 
•  Scenario analysis – a complete set of internally consistent technology performance and market factors are 

chosen to define an interesting scenario.    Typically limited in number (e.g. high and low fuel prices,  
with and without carbon policy would amount to 6 scenarios).  Scenarios chosen to be plausible though 
often  not assigned likelihood  [Already discussed in some detail by Alan Fawcett (EPA)] 

•  Probabilistic analysis using distributions:  Use of technology cost and performance distributions and 
expert elicitation  (including the use of existing or recent studies) 
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Similar concerns about the future cost and performance of energy 
technologies exist even without considering R&D explicitly 
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The future cost of technologies and their performance is very uncertain – 
though future improvements are often estimated to be very substantial 

•  Consider how aggressively the costs are projected to come down over time for both 
batteries and fuel cells on an expected basis 

•  However, it is clear for fuel cells (and probably also true for batteries) that the rapid 
anticipated improvements over time is also based on explicit (or implicit) sales 
assumptions 

•  It is also not always clear what R&D assumptions are being made (how much and 
by whom) and at what level of granularity (e.g., US vs. Europe vs. China activities) 

Source:  A portfolio of power-trains for Europe:  a fact-based analysis   (McKinsey (2009))  
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Near term and even current cost of technologies and their performance is 
often uncertain and can be influenced by many factors 

Historical and estimated future project installed capital costs 
for near term offshore wind  projects 
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Source:  Aaron Smith, NREL (2011) 

•  Commodity costs, the state of the economy and the market conditions for the industry can have 
a big impact 

•  Can also be considerable disagreement for newer technologies or if not many built recently 
(e.g. nuclear and pumped hydro) 



Expert risk panels used to assess uncertainty about effects of 
R&D on technology performance 

•  Technology Program targets give a single 
value for each technology performance 
measure 

•  The expert risk panels extend these with a 
range of values, most likely, 10th and 90th 
percentiles. 

•  Panels represent a range of expertise and 
backgrounds beyond DOE and National 
Labs 

•  Experts make assessments conditional on 
R&D funding levels: Base, Target, and Over 
Target. 

•  Risk analysts and facilitators from assist the 
expert elicitations using standardized 
protocols to minimize biases 

•  Standardized information also provided to 
provide some common basis (e.g. past 
decline in technology costs) 

Dra.	  

A
(10th percentile)

B
(most likely)

C 
(90th percentile)

Baseline estimates exclude US DOE R&D 
 
However, they include all other “normal” activities 
around the world, including R&D and Learning by 
doing 
 
Baseline estimates are very hard to estimate 
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The probability of attaining technology goals 

•  Previously Programs provide performance Goals – with little 
consistency in degrees of optimism or pessimism 

•  Risk analysis lets us estimate the probability of achieving goals 
•  (Also introduced idea of probability of advance and failure)  

Most	  
likely	  

Current	  
value	  

Baseline 
distribution with 
no Public R&D  

10th	  
percenBle	  

Optimistic 
goal 

Pessimistic 
goal 

How	  much	  will	  R&D	  
reduce	  capital	  cost?	  	  

Target 
distribution with 

DOE R&D  

90th	  
percenBle	  
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Goal	  

Aggregate	  the	  triangular	  distribuBons	  assessed	  by	  each	  expert,	  
sampling	  from	  each	  using	  equal	  weights.	  The	  aggregate	  
distribuBon	  is	  not	  (usually)	  triangular.	  

Aggregating expert distributions 
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RISK ANALYSIS SCOPE – CSP Technologies 
a.  Parabolic Trough & Power Tower- with 6 hours Thermal Energy Storage 

b.  Power Tower w/no Storage & Dish Engine- For side case analyses.  Not included in SEDS/
NEMS distributions. 

•  3 timeframes: 2015, 2020, and 2025   3 budget scenarios: $0, $30M, $60M per year 

 Technology Breakout : Solar Collector & Power Generation Systems, Thermal Storage System, 
Operations & Maintenance.  

2009	  Solar	  Risk	  &	  Uncertainty	  

Power	  Tower	  
1.	  Solar	  Field	  Cost	  
2.	  Receiver	  Cost	  
3.	  Heat	  Transfer	  Fluid	  System	  Cost	  
4.	  Thermal	  Energy	  Storage	  Cost	  
5.	  Power	  Block	  &	  BOS	  Cost	  
6.	  OperaBons	  &	  Maintenance	  Cost	  
	  

DRAFT	  

Assessing technology performance from subsystems: Example from 
Concentrated Solar Power 
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CSP- Power Tower with Storage- Total System Cost 
Probability Distributions under Different Funding Scenarios

3,500

4,000

4,500

5,000

5,500

6,000

2005 2010 2015 2020 2025 2030

$/
kW

No DOE 10% No DOE 50% No DOE 90% DOE Planned 10%
DOE Planned 50% DOE Planned 90% Program Goal DOE Expanded 10%
DOE Expanded 50% DOE Expanded 90%

2009	  Solar	  Risk	  &	  Uncertainty	  
Illustrative results for Concentrated Solar Power:  Power Tower with 
Storage (10th, 50th and 90th percentiles) 

Worth noting 
how wide the 
“baseline” is – 
which makes 
sense 
 
 
Program goal is 
considered very 
aggressive in out 
years of analysis  
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Results	  are	  selected	  or	  esBmated	  from	  1000	  Monte	  Carlo	  samples	  

Probability	  density	  funcBons	  

Goal in 2030 Goal in 2030 

Goal in 2030 

CumulaBve	  probability	  distribuBons	  
DRAFT	  

Probability	  bands	  or	  percenBles	  

82% probability 
of reaching goal 
in 2030 

Four ways to visualize uncertainty – in this case in relation to Goals 
(illustrative) 

Goal	  in	  2030	  

Box	  plots:	  	  
A	  simple	  way	  to	  display	  uncertainty.	  
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. 

•  Assumes funding of 
constant funding per year 

 
•  For example, from 2010 to 

2020 the likelihood of 
achieving module “Goal” 
of less than $1.5/kWe 
increases from about 15% 
to nearly 80% (illustrative 
only) 

•  Shape and width of 
distribution also conveys 
useful information 

•  Note: For $/We Goal 
corresponding module cost 
might be $0.5/We 

2010	  2015	  

2020	  

Goal	  	  
$1500/kWe	  

The likelihood of achieving a target value gets better over time 

Dra.	   15	  
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Some challenges with the elicitation process 

•  Establishing a consistent protocol among 
risk analysts and facilitators 

•  Finding and training enough qualified risk 
analysts and facilitators for such a large 
scale of the expert elicitation 

•  Selecting the appropriate level of 
subsystems (TPMs) for assessment in a way 
that is cost effective.  Industry  or buildings 
very different challenge from solar PV or 
CSP 

•  Assessing and treating probabilistic 
dependence within subsystems, over time, 
and between technologies. 

•  Considerable uncertainty about current 
costs especially if not recently built e.g. 
nuclear or pumped hydro in US 

•  Avoiding motivational bias: Many US 
experts have or may hope to obtain DOE 
funding.  

•  Getting the most knowledgeable experts, 
especially from industry (including 
information viewed as a competitive 
advantage).  In many fields, much cutting 
edge R&D is outside the USA. 

•  Assessing learning by doing (LBD) after 
last goal years – observed tendency 
towards conservative improvements as 
well as genuine issues associated with lack 
of knowledge  

•  How often to do such elicitations – and 
relatedly how to keep existing distributions 
useful in subsequent years 

•  Modeling between years of different future 
estimates without introducing bias  e.g. 
between 2020 and 2030 (use of single 
“draw” across successive distributions vs. 
conditional independence) 

 



Some challenges with the elicitation process 

•  Calibration bias: Overconfidence in past assessments [explored on next 
page] 

•  Anchoring bias:  Anchoring on a single plausible value, with insufficient 
attention to extremes 

•  Ambiguity and confusion: Lack of clarity and understanding and 
assumptions 

•  Lack of common factual information:  Provision of relevant information , 
such as historical decline in technology costs may lead to “better” estimate 

•  Motivational bias: Personal incentives lead one to focus on what will be 
most rewarding and dismiss other possibilities. Not necessarily deliberate. 

•   “Group think”: Opinions of groups tend to be more (inappropriately) 
extreme [or at least biased] than the average of their members, due to 
domination by vocal expert.  
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Reported uncertainty in measurements of  c, the speed of light 

The potential sources of bias are not always easy to identify 



•  The technology cost “today” is the average retail price – avoid getting into “range” of 
prices available 

•  Therefore it is the uncertainty of the “average” retail price that needs to be estimated 
(that is the range around a point estimate) 

•  Minimize the variables that experts need to worry about and provide common factual 
information.  Examples include.   

•  Assume constant ($2011) going forward – so inflation is not considered 

•  For technologies 

•  Show historical changes in relevant parameters – but include discussion of 
impact of world recessions, oversupply and commodity costs re: current costs & 
prices 

•  Show existing projections – with accompanying caveats  

•  Gain “agreement” on today’s average retail price as a point estimate (if possible) 

•  Provide as much detail as possible about the baseline world (e.g., to assume 
“normal” fossil fuel prices, and “normal” business growth, and “moderate” 
penetration) 

2009	  Solar	  Risk	  &	  Uncertainty	  Some lessons learned 
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•  Ensure that improvement do not do better than asymptotic improvement to physical limits 
(e.g., Carnot efficiency for a thermal heat engine – perhaps also discounted) 

•  Very difficult to estimate distribution for improvement post 2030.  Suggest post 2030 use 
of distributions based on learning by doing rates applied to assumed or modeled 
technology penetration. 

•  Observed bias against believing in really big improvements.  Encourage discussion of 
what really might be possible at 5th or 10th percentile 

•  Production vs. time conundrum.  Implicit assumption (see earlier fuel cell example) 

•  Impacts and awareness of private sector and International R&D efforts (e.g., what are 
R&D efforts in China now and in future?) – potential bias against non-US breakthroughs 
(though lack of information available to the expert) 

•  Correlation issues are important  

•  Low (or higher) commodity costs will effect many technologies, albeit differently 

•  Improvements in certain technology components may effect many technologies 

•  Parameters may be naturally “paired” e.g. a specific estimate for capital cost might be 
higher than others but be reflected by better efficiency 

 

2009	  Solar	  Risk	  &	  Uncertainty	  Some lessons learned (continued) 
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•  Two broad sources 

•  Existing technology cost and performance projections (see also Monisha Shah 
discussion) 

•  Existing recent elicitations for technology cost and performance 

•  Relatively straightforward to use such information either sensitivity analysis or to 
help identify reasonable (and consistent) parameters for scenario analysis 

•  Much less trivial to use “meta-analysis”, or indeed experts to generate “robust” 
distributions of future technology cost and performance 

2009	  Solar	  Risk	  &	  Uncertainty	  It is important to consider what information exist that might be used 
– even if modified to make more country specific 
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Recent expert elicitations on the future of energy technologies 

A number of expert elicitations have been done (though not all this information is available) 
•  Harvard University, Belfer Center, Laura Diaz Anadon, Melissa Chan, and colleagues: Wind, nuclear power, 

biofuels, photovoltaics, CCS, storage. 
•  University of Massachusetts, Amherst. Professor Erin Baker and colleagues: Cellulosic biofuels, batteries, CCS.   
•  Carnegie Mellon University: “Expert assessments of future photovoltaic technologies” Aimee Curtright, MG 

Morgan, and DW Keith, Environmental Science and Technology, V 42, No 24, 2008 
•  FEEM (Fondazione Eni Enrico Mattei), Milan and Venice, Italy: Valentina Bosetti and colleagues, are conducting 

expert elicitations on a wide range of technologies mostly in Europe. 
•  US DoE, EERE: Over 40 renewable energy and efficiency technologies, 2008-10, conditioned on DOE funding 

levels for R&D. Not (yet) available publicly. Sam Baldwin, EERE, Max Henrion, Lumina, Thomas Jenkin 
(NREL), Jim McVeigh (NREL) and many others 

Movement to make information  more available – though aggregation is not without challenges  
•  TEAM: Technology Elicitations and Modeling Project, is developing a framework for integrating and 

communicating results from expert elicitations on energy technologies. Key contacts Valentina Bosetti or Erin 
Baker. 

•  Megajoule.org:  A new web site is under development for sharing and reviewing available estimates and expert 
elicitation results for energy technologies. Contact Max Henrion (henrion@Lumina.com) Lumina Decision 
Systems, Los Gatos, Caifornia, for details. 

Expert elicitation methodology 
•  For details on methodology for expert elicitation see chapter 7 of Uncertainty: A Guide to dealing with Uncertainty 

in Policy and Risk Analysis, M Granger Morgan & Max Henrion, (Cambridge University Press, 1990) 



•  Solar cell costs have declined very rapidly – led by increasing role of 
manufacturing in China  

2009	  Solar	  Risk	  &	  Uncertainty	  Care needs to be taken with any “meta-analysis” of historical to 
account for any recent rapid changes in performance 

This	  is	  also	  the	  type	  of	  
“common”	  informaBon	  	  that	  
experts	  would	  be	  expected	  to	  
find	  useful	  

23	  
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With Goal or Scenario driven technology improvements – there is no 
sense of likelihood of occurrence 

The target and over target Goals for the different technologies are chosen with 
different, usually unspecified  degrees of optimism (or pessimism).  

Dra.	  

GPRA	  FY12	  Zero	  
GPRA	  FY12	  Target	  
GPRA	  FY12	  OverTarget	  

Funding Level 
Z = Zero 
T = Target 
OT = OverTarget 
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only	  
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Estimating probabilistic bands allows for “fair” comparison 

Knowing where goals lie in the distributions allows goals to be 
compared in the context of likelihood of (at least) achieving. 

Dra.	  

GPRA	  FY12	  Zero	  
GPRA	  FY12	  Target	  
GPRA	  FY12	  OverTarget	  

Funding Level 
Z = Zero 
T = Target 
OT = OverTarget 
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•  LCOE will depend on both 

anticipated performance 
improvements and resource 
availability 

 
•  Without R&D expected about 

3GW to be available at less than  
20c/kWh 

•  R&D improves the expected cost 
to less than 12c/kWh for the same 
supply. 

 Resource supply curve 
uncertainty also like to be 
important for biomass 
resources 

Near-‐field	  EGS	  Supply	  Curve	  

In determining the costs of various technologies resource 
considerations and their uncertainty is also important  

Dra.	  

Numbers	  are	  illustraBve	  
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•  The benefits of R&D into a technology are estimated based on its success 

in reducing the cost of energy and consequent market adoption of the 
technology. 

•  The metrics of success – relative to “business as usual” baseline – include: 
•  Technology penetration (in MW or MWh) 
•  Reduced energy costs ($/MWh or billion $/year) 
•  Reduced carbon emissions (million tons CO2e/year) 
•  Reduced oil use (million BOE/year) 

•  Sources of uncertainty include 
•  Technical risk: Degree to which R&D will improve performance 
•  Market risk: Degree to which improved performance will increase market 

adoption, based on fuel prices and performance of competitive technologies 
•  Policy risk: Whether and when RPS, cap & trade or other carbon pricing, are 

enacted. 
•  Next set of slides show a stochastic energy systems model can uses such 

risk and uncertainty information.  

  

Assessing benefits of R&D in terms of long-run metrics of success 
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Note:  In fairness this raises some question about how well or poorly people can estimate 
distributions 
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Market risk and uncertainty are also important to include in such analysis 

•  This figure also suggests another reason to explore the impact of risk and 
uncertainty – namely that people are often very bad at estimating the expected 
value 
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Other considerations of why exploring uncertainty is important – model 
specific issues 

•  Any run by a model contains many assumptions – that can have a big impact on output that is not 
always appreciated (unless compared to other models) 

•  More generally, the is uncertainty in outputs for given inputs based on the inherent limits of the  
model.  This can be seen when different models with the same inputs are compared 

•  These issues were explored in a recent modeling exercise called REMAP (2009) 

 

 

 

 

Source:  NREL (2009)  

This	  issue	  was	  raised	  yesterday	  
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While there is uncertainty in how well climate models model 
climate change is not a reason to worry less 
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Scenario analysis was covered in some detailed yesterday by Alan Fawcett (EPA) 
– especially in discussion of Stanford based EMF-  so will not focus on here 

 
 

DRAFT	  
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Source:	  Alain	  Fawced	  (EPA,	  (2011))	  



A probabilistic energy simulation model: SEDS: Stochastic Energy 
Deployment System 

•  SEDS provides projections of US 
energy markets to 2050, and effects on 
GHG emissions, energy costs, and oil 
imports 

•  Its evaluates the effects of  DOE’s R&D 
programs on energy efficiency and 
renewable energy 

•  It  assesses the uncertain effects of 
R&D on future improvements in 
technology performance.  

•  It treats uncertainties explicitly using 
probability and Monte Carlo 

•  It is agile for rapid analysis and 
modification 

•  It provides transparency, using 
hierarchical influence diagrams 

•  It is developed by NREL and six other 
national labs plus Lumina 

•  Built in Analytica 
 
 

Converted Energy 

Biomass 

Coal 

Natural  
Gas 

Oil 

Biofuels 

Electricity 

Hydrogen 

Liquid  
Fuels 

Buildings 

Heavy 
Vehicles 

Industry 

Light  
Vehicles 

Energy resources Demand 

Macro- 
economics 

Converted energy 
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How is SEDS different from other US long-range energy-economy models 

•  SEDS focuses on the effects of DOE R&D 
portfolios 

•  It does probabilistic analysis of uncertainty 
using efficient Monte Carlo simulation 

•  It runs in seconds on a laptop (vs. hours for 
NEMS), allowing rapid turnaround, sensitivity 
and scenario analysis,  and Monte Carlo 
simulation 

•  It is transparent, with visual influence diagrams 
and integrated documentation to facilitate 
collaborative development and review 

•  It has rich tools for sensitivity analysis to figure 
out which assumptions make a difference and 
why. 

•  It has a user-interface to enable non-developers 
to easily define new scenarios and portfolios, 
run and compare them 
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A	  selecBon	  of	  10	  
trajectories	  

selected	  from	  
distribuBons	  

(learning	  curves)	  
for	  unit	  capital	  
cost	  over	  Bme	  

Probability	  density	  curve	  
for	  unit	  capital	  cost	  in	  
2030,	  sampled	  from	  
1000	  random	  
trajectories.	  

PercenBles	  
learning	  curves,	  
esBmated	  from	  

1000	  Monte	  
Carlo	  trajectories	  

Monte Carlo trajectories using SEDS 
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•  Monte Carlo simulations are used for those parameters where reasonable 
probabilistic estimates can be made.  Arguably these are: 
§  Technology cost and performance over time 
§  Fossil fuel price over time 

•  It is tempting to add distributions to cover just about everything else. However, it 
is often useful to not estimate the distributions of everything for at least two 
reasons? 
§  First it often may not be possibly to estimate robustly the probability of many future events,  

1.  The likelihood of a specific policy, its timing and its magnitude 
2.  The state of the economy 
3.  Extreme but rare events 

§  Second the impact of too many variables will lead to a wash of uncertain outcomes that are hard to 
interpret.  In fact, it  is the fixing of specific variables while relaxing others than can lead to real 
insights.   

•  This in turn suggest the use of probabilistic simulation analysis (for technology 
cost and performance and market risk) within specific scenarios (e.g. 1 and 2 
above) 

•  How to use such information to make decisions poses additional challenges – 
especially within a multi-attribute valuation framework 

 

DRAFT	  

Combining scenario analysis with Monte Carlo simulations 
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•  Up to some point the large improvement 
may have negligible impact (e.g. if the 
technology is uncompetitive) 

•  Beyond some critical point the benefits or 
costs may grow rapidly (e.g. faster than a 
linear response) 

•  At this point the increased impact is 
competing with diminished likelihood of 
reaching cost or performance parameter 

•  Critical points for any given technology will 
be highly dependent on other factors 
including 
§  Technological improvements of 

competing technologies 
§  Fossil fuel prices 
§  Policy choices 

•  Overall this leads to output distribution 
“starting late” – growing rapidly and then 
falling off 

•  While useful to explore extremes scenario 
analysis alone is likely to miss much of 
these nuance 

 DRAFT	  

The relationship between improvements in particular technologies and direct 
impact of carbon reduction or consumer costs may be highly asymmetric 
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•  This work, pioneered by Weitzman (Harvard) amongst others demonstrates the dangers of 
overreliance of cost benefits analysis on an expected basis, especially in its inability to 
take account for catastrophic outcomes 

•  The basic idea 
§  Suppose -  as a simplification which could be relaxed - changes in industrial emissions over time 

can be mapped to resultant atmospheric concentrations (in ppm of CO2  (equiv)).  This will not be 
true if certain feedback effects came  to pass (e.g. melting of Siberian permafrost) 

§  The temperature increase ΔT is not known with certainly (and neither is the distribution that ought 
to represent such uncertainty)  
o  Suppose experts agree that only a 15% chance of increase of 4.5K 
o  Weitzman poses the question of how changing assumption that change in T is a “thin-tailed” to 

“thick-tailed” distribution impacts likihood of more extreme temperature changes.  He find the 
effect is significant  (To do this is align the results for the 50th and 15th percentile case) 

•  The resulting damage distribution is then given by combining the temperature distribution 
with the “cost” or “damage”  function 

•  A second uncertainty of course is that the “damage function” for a given temperature 
increase is also uncertain (and the shape of the distribution may also matter) 
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A very interesting area of debate is the impact of non-normal 
distributions and the impact on thick tails 
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Source:  Weitzman (Harvard) (2011) 



 Outcome T  =   3C  4.5C  6C  8C  10C  12C 
 P[Outcome >T] (Thick)  .5  .15 .  06  .027  .014  .008 
 P[Outcome >T] (Thin)  .5  .15  .02  .003  7x10^-7  3x10^-10 

 

 PPM    400  500  600  700  800  900 
 Median T   1.5  2.5  3.3  4.0  4.5  5.1 

 P[T>=5C] (Thick)  1.5%  6.5%  15%  25%  38%  52% 
 P[T>=5C] (Thin)  10^-6  2.0%  14%  29%  42%  51% 

 P[T>=10C] (Thick)  .20%  .83%  1.9%  3.2%  4.8%  6.6% 
 P[T>=10C] (Thin)  10^-30  10^-10  10^-5  .1%  .64%  2.1% 

 
DRAFT	  

A very interesting area of debate is the impact of non-normal 
distributions and the impact on thick tails 
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Source:  Weitzman (Harvard) (2011) 



1.  Base: Business as usual. 
Similar to NEMS reference 
case.  

2.  Nuclear: 2% reduction in 
financing and hurdle rates for 
nuclear power plants. 

3.  Low gas: Gas prices fall to 
about $4/mmbtu (2009$)  

4.  RPS: 20% Renewable Portfolio 
Standard by 2020 

5.  Overtarget R&D: Double 
funding for all EERE 
technologies in SEDS. 

6.  $60/ton CO2 tax: Carbon tax 
starts in 2015 at $10/ton CO2e 
and ramps up to $60/ton by 2025.  

7.  All but cap: Combine scenarios 2 
to 6. 

8.  1.8 Gton Cap: CO2 emissions 
cap begins in 2010 and ramps 
down to 1.8 billion tons CO2 
equivalent in 2050* 

9.  1.8 Gton Cap, Nuclear, RPS, 
R&D: Combines scenarios 2, 4, 
5, and 8*  
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It takes just a few minutes to define and run a new scenario with SEDS.   
We show these scenarios in the following results: 

*	  SEDS	  does	  not	  quite	  reach	  1.8	  Gton	  CO2e	  
cap,	  ending	  at	  about	  2.2	  Gton	  by	  2050.	  	  
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Defining scenarios in SEDS Example	  1	  



Comparing CO2 emissions by scenario (mean values) 
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Comparing CO2 emissions by scenario, with uncertainty in 2050 

Combining	  scenario	  and	  uncertainty	  analysis	  DRAFT	  

Example	  1	  
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Key Assumptions 

•  Major sources of uncertainty 
§  Fuel prices (particularly oil prices) 
§  Technology cost and performance 
§  Macroeconomic growth scenarios 

•  Technology cost and performance assumptions are based on an 
advanced R&D outlook 

•  The model cannot strictly enforce a carbon cap. It can only 
adjust the carbon allowance price in attempt to meet the carbon 
cap. 
§  The model was trying to reach a cap of 1.8GtCO2 by 2050, but it only 

reduced CO2 down to 2GtCO2 by 2050. 

Example	  2	  
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CO2 from Consumed Energy – Mean Values 

No	  Carbon	  Cap	   Carbon	  Cap	  

Example	  2	  
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Illustrative 
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CO2 from Consumed Energy – 2010 

No	  Carbon	  
Cap	  

Carbon	  Cap	  

Example	  2	  
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Illustrative 
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CO2 from Consumed Energy – 2030 

No	  Carbon	  
Cap	  

Carbon	  Cap	  

Example	  2	  
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Illustrative 
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CO2 from Consumed Energy – 2050 

No	  Carbon	  
Cap	  

Carbon	  Cap	  

CO2	  from	  Consumed	  
Energy	  	  
CO2	  from	  Consumed	  
Energy	  	  

Example	  2	  
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Reduction in CO2 from Consumption 
(Difference between no cap case and carbon cap case) 

Year	  2030	  

Year	  2050	  

Mean	  Values	  

Example	  2	  
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