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Talk Outline

Discuss modeling challenges associated with net-zero 
carbon systems

Introduce modeling framework and modeling-to-generate 
alternatives (MGA)

Present recent work to explore net-zero technology pathways 
in the United States

Outline our effort to create an Open Energy Outlook for the 
United States
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Modeling Challenges
Need to reach net-zero carbon sometime around mid-century 
to limit climate change to 1.5 – 2℃

Challenges we face as system modelers:
• High renewables penetration means that capacity expansion plans 

depend on operational details
• Some sectors, heavy duty transport, parts of industry are hard to 

decarbonize
• Rapidly changing technology costs; cost and performance of key 

technologies at scale uncertain, e.g., DAC and BECCS
• Consumer behavior matters to outcomes, e.g., uptake of electric 

vehicles
• ”Easy” policies to model, e.g., a carbon cap or tax face significant 

political headwinds
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Energy Modeling is “Post Normal” Science
According to Funtowicz and Ravetz (1993), “post normal” 
science involve situations where 

"... facts are uncertain, values in dispute, stakes high and 
decisions urgent.”

"... uncertainty is not banished but is managed, and values are not 
presupposed but are made explicit."

In the context of energy modeling, we need:
• Open source and transparent models
• Rigorous uncertainty assessment

• Diverse teams participating in analysis
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Tools for Energy Model Optimization 
and Analysis (Temoa)

Enable repeatable analysis
• Data and code stored in a public web repository (github)
• Open source software stack

Perform rigorous uncertainty analysis
• Designed to utilize high performance computing resources
• Several methods implemented to address an array of questions 
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Temoa Overview
Temoa is an open source energy system optimization model
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• Objective: Minimize the 
present cost of energy supply 
over the model time horizon
• Ensure energy balance 

globally and at the process 
level
• Perform capacity expansion 

across a set of user-defined 
time periods

• Model assumes all years 
within a time period are 
identical
• Representative year per time 

period further disaggregated 
into user-defined time slices 
over which supply and 
demand balanced

Inputs:
Capital cost
Fixed O&M
Variable O&M
Capacity factor 
Efficiency
Emissions coefficient
Existing capacity
End-Use demands

Outputs:
System-wide costs
Energy prices
Emissions
Installed technology capacity
Energy commodity flows
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Basic TEMOA Model Formulation

V_FlowOut(p, s, d, i, t, v, o) 

period
season

output commodity
vintage

technology
input commodity

time of day

i1

i2
o

Process: (t,v)

The flow of a given energy commodity out of a process is the lowest-
level decision variable in the model:



Uncertainty Analysis
Useful model-based insight should account for uncertainty. 
The approach depends on the question at hand.

• Method of Morris (SALib)
Perform a random walk in input parameter space; characterize impact of 
each parameter on output(s) of interest

• Monte Carlo simulation
Select ranges or distributions for uncertain input parameters, make random 
draws, iterate the model, examine patterns in output

• Stochastic Optimization (Pyomo)
Devise a scenario tree that accounts for potential future outcomes, assign 
probabilities, and optimize over the whole tree; produces a near-term 
hedging strategy

• Modeling-to-Generate Alternatives
Modify the model structure to find feasible, near optimal solutions that 
are maximally different in decision space 8



Thinking About Structural Uncertainty

9

Consider an optimization 
model that only includes 
Objective 1 and leaves 
Objective 2 unmodeled.
The true optimum is 
within the feasible, 
suboptimal region of the 
model’s solution space.

Viable alterative solutions 
exist within the model’s 
feasible region.

Example adopted from Brill et al. (1990).

Objective 1
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Modeling to Generate Alternatives
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A method to explore an optimization model’s feasible region → 
“Modeling to Generate Alternatives”†

MGA generates alternative solutions that are maximally different 
in decision space but perform well with respect to modeled 
objectives

The resultant MGA solutions provide modelers and decision-
makers with a set of alternatives for further evaluation

†Brill (1979), Brill et al. (1982), Brill et al. (1990)



MGA Formulation
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where:

K represents the set of indices of decision 
variables with nonzero values in the 
previous solutions

is the jth objective function

Tj is the target specified for the jth modeled 
objective

X is the set of feasible solution vectors

( )xfj

What weighting scheme should we apply to basis 
decision variables in past iterations?

How much slack should we 
consider when setting the 
budget?



Distance-To-Selected MGA
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Steps:
1. Obtain an initial optimal solution by any method
2. Add a user-specified amount of slack to the value of the 

objective function
3. Encode the adjusted objection function value as an 

additional upper bound constraint
4. Formulate a new objective function with random 

coefficients assigned to all decision variables
5. Iterate the model a large number of times
6. Post-process to the MGA results using the Distance-To-

Selected method to identify maximally different solutions



Distance to Selected Method, Part 1
The first maximally different scenario has the largest 
squared Euclidean distance from the initial scenario:
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S1: initial scenario
S2: first maximally different scenario
Sy: scenario y in the set of all MGA scenarios ()*++)
&.*23 4

5
: Activity associated with technology i in scenario Sy

Formulation based on Berntsen and Trutnevyte (2017). 
https://archive-ouverte.unige.ch/unige:101922



Distance to Selected Method, Part 2
Additional maximally different scenarios are selected to 
have the largest harmonic mean of squared Euclidian 
distances from the set of scenarios already selected:
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Formulation based on Berntsen and Trutnevyte (2017). 
https://archive-ouverte.unige.ch/unige:101922

Harmonic mean works well when calculating distance-to-
selected, as it indicates a large distance to all of the 
selected scenarios.



Using MGA to Examine Deep 
Decarbonization Options in the United 

States
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Analysis Overview
• Focus on scenarios with a linear GHG emissions decline 

and achieve net-zero in 2050

• Apply MGA under different slack values
• Examine raw results
• Apply distance-to-selected method
• Perform sensitivity analysis to H2 storage costs
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Overview of Input Data
• Model time horizon: 2017 – 2050; 5-year time periods
• 12 time slices: 3 seasons (summer, winter, intermediate) 

and 4 times of day (morning, afternoon, evening, night)
• US modeled as a single region
• Modeled sectors: electricity, industry, transportation, 

residential, and commercial
• Exogenously specified fuel price trajectories drawn from 

the EIA Annual Energy Outlook 2019
• Electric sector cost and capacity factors largely drawn 

from NREL Annual Technology Baseline; other sectors 
from US EPA MARKAL database

• End-use energy service demands are fixed
17



Representation of input data
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CCap results without MGA

19

Baseline results 

based on NREL 

Annual Technology 

Baseline (2019), 

mid-case 

projections

Same as above, 

but with cost of 

nuclear cost 

overruns drawn 

from Sovacool et 

al. (2014)



Brief Aside on Nuclear

Developed a Social Risk Tolerance (SRT) model that generates 
a distribution of perceived accident risk and an accident 
acceptability threshold; used to set more realistic upper bounds 
on nuclear

https://www.sciencedirect.com/science/article/pii/S0306261921002609 20



MGA electric sector results
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• Perform 200 MGA 
iterations with 
random objective 
coefficients

• Slack values range 
from 0.01 – 5% of 
baseline CCap
scenario

• Electric sector results 
shown here

• Boxplots represent 
min/max, 25/75 
quartiles, median

• Tradeoffs center on 
nuclear, solar PV, 
battery and H2 
storage



Correlation in production by technology
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Across 200 model iterations, calculate Pearson correlation coefficient 
between cumulative production of key technologies over model time 
horizon (2017-2050)



MGA results: Electric Sector Capacity

23

Apply distance-to-selected screening method in order to select the 4 
out of 200 model solutions that are maximally different in decision 
space

Results from 2050



MGA results: Transportation Sector Fuels
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5% slack



Sensitivity to H2 storage cost
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Conclusions
• Applying MGA provides a systematic way to test system flexibility 

and explore the decision space.

• Key tradeoff in the electric sector is between firm, carbon-free 
power and renewables with storage.

• End-use sectors decarbonized through a combination of 
electrification, biomass, and synthetic fuels.

• In next decade, we need massive scale up of wind, solar, 
storage, battery electric vehicles, and end-use electrification of 
space heating

• Post 2030:

– Power-to-X, involving H2 production via electrolysis and the 
production of synthetic fuels, is a key pathway.

– BECCS offsets last 7% of 2017 CO2 emissions

– DAC captures CO2 equivalent to 20-35% of total 2019 
emissions for synthetic fuel production 26



Caveats
• Single region with a time sliced approach; planning to 

test this systematically over the next few months
– Curtailments, ramping constraints, capacity reserve 

margin affected
à Consequence is low wind deployments

• Assume exogenously specified fuel prices from the EIA 
Annual Energy Outlook

• Simplified industrial sector representation with non-
manufacturing and manufacturing; the latter split into 
process heat, CHP, and ‘other’

• Large cost and performance uncertainties remain

27
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https://openenergyoutlook.org/



CMU Participants

• Paulina Jaramillo, co-PI
• Aranya Venkatesh, research scientist
• Destenie Nock, uncertainty; energy justice
• Costa Samaras, energy justice
• Katie Jordan, transportation
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We Need a More Cohesive Community
• Much more focus on open source efforts, but we’re still 

largely on our own islands
• Everyone creates a mental model based on experience 

with their own energy models.
• Hard to compare models given differences in model 

structure and data – so debates persist

What if we create a community platform where we can test 
hypotheses by starting from a familiar reference point?
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Critique of the Annual Energy Outlook
• Federal government constrained by prevailing political 

environment
• NEMS is a large, complex model that is difficult to run
• No community

• Limited sensitivity and uncertainty analysis (8 total scenarios 
in last AEO)

31



Projections are overly conservative

• Projections assume no new policy; including extensions of long-
time tax credits

• Renewable cost assumptions do not keep pace with reality

32

Fig. 2. AEO projections by renewable energy technology class, 2004e2020.
Source: Authors, AEOs 2004e2014.

A.Q. Gilbert, B.K. Sovacool / Energy 94 (2016) 533e541 537

Gilbert AQ, Sovacool BK. (2016) Looking the wrong way: Bias, renewable electricity, 
and energy modelling in the United States. Energy, 94: 533-541.

solar in AEOs 2004e2014. These projections are compared against
actual installation costs, as reported by Lawrence Berkeley National
Laboratory [40e42].

The decision to build speci!c renewable technologies in NEMS
occurs when it is a least cost option to meet electricity demand or
capacity needs. As a result, the modelled cost of renewable energy
technologies is a critical factor impacting the level of renewable
energy that AEOs project. Total costs for solar and wind are pri-
marily based on capital costs due to low fuel costs.

Each edition of the AEO has different assumptions about capital
costs for solar and wind technologies. For electric power sector
(utility-scale) wind and solar, capital costs are set at a base level and
then, like all power technologies in the AEO, are reduced on the basis
of technological learning factors as new capacity is built. Over time,
this makes capital costs, and the attractiveness of renewables within
AEO, dependent on the level of renewable energy that is projected.

We !nd that AEO costs projections rarely match actual costs
(See Fig. 5). The rapid decline in solar capital costs that occurred
between 2009 and 2014 was steeper than projected for electric
power sector solar in AEOs 2008e2011 and for end-use solar in all
AEO projections. Capital costs in 2013 for both categories were
usually at or below projected cost levels 2e10 years out. Under
projections for solar generation line up closely with under pro-
jections for cost, implying a close relationship.

We also !nd that capital cost errors are not limited to a tech-
nology like solar PV with rapidly falling prices. Unlike solar, wind
generation has neither had projections of falling costs nor a
consistent actual cost direction. Capital costs for wind rose from
2005 to 2009 before falling from 2010 to 2013. However, differ-
ences between these cost trends and AEO generation errors do not
indicate any relationship.

5. Conclusions and policy implications

We !nd that EIA's AEO publications between 2004 and 2014
consistently erred in projecting renewable energy. Capacity pro-
jections regularly under projected solar, wind, and total non-hydro
renewables, particularly over longer time frames. Conversely,
biomass generation is consistently over projected due to biomass
co-!ring assumptions that fail to materialize. Given this record,
continued AEO projections for an imminent halt in renewable en-
ergy growth, and the methodological challenges we identify, the
current reliability of AEO's electricity projections for use by gov-
ernment and industry is inherently low.

With this in mind, we present three conclusions. First, AEO's
errors in projecting renewable energy, both by technology class and
a whole, are in"uenced by two policy factors that are hard or
impossible to predict. The continuous expiration and renewal of the
federal wind production tax credit is notable for its likely effect on
limiting projected wind generation growth. Until the expire-
renewal policy cycle is broken, wind projection accuracy is likely
to remain low. Similarly, state level renewable portfolio standards
pose a signi!cant modelling challenge due to changing state pol-
icies. New and improved RPS mandates generally increase the
amount of renewable energy that will be built but cannot be
modelled until they become law. The inverse holds true as well:
RPS mandates that are rolled back are also dif!cult to account for.
Considering the dynamic nature of tax credits and policies, EIA
should consider an alternative AEO scenario speci!cally examining
a more ‘aggressive’ renewable policy environment.

Second, however, we !nd that there are critical errors in EIA's
methodology that can be corrected or improved immediately.
Perhaps most worryingly, our analysis indicates that the AEO is
likely not modelling existing renewable energy mandates correctly.
EIA can improve modelling of these standards by removing

assumptions regarding unlimited renewable credit trading and co-
!ring biomass with coal. Further, beyond these immediate !xes, EIA
can likely improve its modelling of renewable standards by coor-
dinating with other federal agencies, such as Lawrence Berkeley
National Laboratory. Similarly, considering consistent inaccurate
cost projections, EIA should consider alternative methods of fore-
casting solar PV prices.

Third, and lastly, if these errors persist, the EIA and AEO in
particular will likely continue to systematically distort future pro-
jections of renewable electricity. Unfortunately, the inaccuracies,

Fig. 5. AEO projected installation costs for select renewable technologies versus ac-
tuals. Cost data from each AEO is given in speci!c 5 or 10 year intervals. Linear or
polynomial trend lines are used to visualize implied cost trends.
Source: Authors, AEOs 2004e2014, LBNL [35e37].

A.Q. Gilbert, B.K. Sovacool / Energy 94 (2016) 533e541540

Total Non-Hydro RenewablesUtility Scale Solar PV Costs



An Open Energy Outlook for the United States
Project funded by the Sloan Foundation for the next three 
years

“Our project aims to bring energy modeling into the twenty-first 
century by applying the gold standards of policy- focused 
academic modeling, maximizing transparency, and building a 
team that works toward a common goal: examining alternative 
U.S. energy pathways to inform future energy and climate 
policy efforts.” 

• Focus on deep decarbonization
• Use open source data, models, and tools
• Build a community around the effort 33



An Open Energy Outlook for the United States

Questions to address
• How do we formulate deep decarbonization policies that are 

robust to future uncertainty? 
• What technology pathways are critical to achieving low emissions 

across a wide range of scenarios? 
• What are the cost and emissions implications of different policy 

approaches? 
• How does decarbonization affect equity and justice concerns?
• What are the system-level inflection points that set technical limits 

or significantly increase the cost of deep decarbonization?

https://github.com/TemoaProject/oeo/blob/master/OEO_Roadmap.md

34
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An Open Energy Outlook for the United States

Planned Outcomes
• Attract an array of scholars who can improve the model-

based analysis.
• Increase the coverage of energy technologies and sectors 

represented in energy system models. 
• Provide public access to the model’s revision control system 

via GitHub, which gives users provenance over data and 
code

• Provide a platform to test hypotheses and resolve debates 
over data and model dynamics.

• Issue an annual report that can be used by other 
stakeholders to inform energy and climate decision-making. 
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Progress to Date
• Heavy focus on input data development

– 9-region representation

– Engagement with OEO teams on sector 
representation

– Experimentation with representative days
– Documentation in jupyter notebooks

• Developed a rolling horizon formulation
• Published paper on distributed collaboration 36



Thank you! Questions or Comments?

Temoa:
http://www.temoacloud.com

OEO Project Links:
https://openenergyoutlook.org/
https://github.com/TemoaProject/oeo
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