' Taylor & Francis
; Taylor & Francis Group

Carbon Management

ISSN: (Print) (Online) Journal homepage: https://www.tandfonline.com/loi/tcmt20

Optimizing climate related global development
pathways in the global calculator using Monte
Carlo Markov chains and genetic algorithms

Jorge Garcia, Onesmus Mwabonje & Jeremy Woods

To cite this article: Jorge Garcia, Onesmus Mwabonje & Jeremy Woods (2022) Optimizing climate
related global development pathways in the global calculator using Monte Carlo Markov chains and
genetic algorithms, Carbon Management, 13:1, 497-510, DOI: 10.1080/17583004.2022.2133014

To link to this article: https://doi.org/10.1080/17583004.2022.2133014

© 2022 The Author(s). Published by Informa
UK Limited, trading as Taylor & Francis
Group

ﬁ Published online: 17 Oct 2022.

(&
Submit your article to this journal &

||I| Article views: 143

A
& View related articles &'

@ View Crossmark data ('

CrossMark

Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalinformation?journalCode=tcmt20


https://www.tandfonline.com/action/journalInformation?journalCode=tcmt20
https://www.tandfonline.com/loi/tcmt20
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/17583004.2022.2133014
https://doi.org/10.1080/17583004.2022.2133014
https://www.tandfonline.com/action/authorSubmission?journalCode=tcmt20&show=instructions
https://www.tandfonline.com/action/authorSubmission?journalCode=tcmt20&show=instructions
https://www.tandfonline.com/doi/mlt/10.1080/17583004.2022.2133014
https://www.tandfonline.com/doi/mlt/10.1080/17583004.2022.2133014
http://crossmark.crossref.org/dialog/?doi=10.1080/17583004.2022.2133014&domain=pdf&date_stamp=2022-10-17
http://crossmark.crossref.org/dialog/?doi=10.1080/17583004.2022.2133014&domain=pdf&date_stamp=2022-10-17

CARBON MANAGEMENT
2022, VOL. 13, NO. 1, 497-510
https://doi.org/10.1080/17583004.2022.2133014

Taylor & Francis
Taylor &Francis Group

RESEARCH ARTICLE

8 OPEN ACCESS ‘ N Checkforupdates‘

Optimizing climate related global development pathways in the global
calculator using Monte Carlo Markov chains and genetic algorithms

Jorge Garcia®, Onesmus Mwabonjeb

and Jeremy Woods?

“Faculty of Engineering, Department of Earth Science & Engineering, Imperial College London, London, United Kingdom; PFaculty
of Natural Sciences, Centre for Environmental Policy, Imperial College London, London, United Kingdom

ABSTRACT

Novel pathway optimization methods are presented using the '‘Global Calculator’ model and
webtool' to goal-seek within a set of optimization constraints. The Global Calculator (GC) is
a model used to forecast climate-related develop pathways for the world’s energy, food and
land systems to 2050. The optimization methods enable the GC's user to specify optimiza-
tion constraints and return a combination of input parameters that satisfy them. The opti-
mization methods evaluated aim to address the challenge of efficiently navigating the GC's
ample parameter space (8e’® parameter combinations) using Monte Carlo Markov Chains
and genetic algorithms. The optimization methods are used to calculate an optimal input
combination of the ‘lever’ settings in the GC that satisfy twelve input constraints while mini-
mizing cumulative CO, emissions and maximizing GDP output. This optimal development
pathway yields a prediction to 2100 of 2,835 GtCO, cumulative emissions and a 3.7%
increase in GDP with respect to the “business as usual” pathway defined by the
International Energy Agency, the IEA’s 6DS scenario, a likely extension of current trends. At a
similar or lower ambition level as the benchmark scenarios considered to date (distributed
effort, consumer reluctance, low action on forests and consumer activism), the optimal path-
way shows a significant decrease in CO, emissions and increased GDP. The chosen optimiza-
tion method presented here enables the generation of optimal, user defined/constrained,
bespoke pathways to sustainability, relying on the Global Calculator's whole system
approach and assumptions.

List of abbreviations: GC: Global Calculator; MCMC: Monte Carlo Markov Chain; GA: Genetic
algorithm; GDP: Gross domestic product; IEA: International Energy Agency; MSE: Mean
Squared Error; BaU: Business as usual; GHG: Greenhouse gas
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Introduction

The Paris Agreement [1] states that the increase in
global average temperature must remain below
2°C [2]. To achieve this sustainability goal, transi-
tion scenarios are helpful as they examine combi-
nations of events that may seem idealistic and
improbable but are possible, as stated by the
Global Scenarios Group [3]. Several scenario-plan-
ning exercises have been conducted in recent
years at a range of spatial scales and for a range of
purposes [4], including: global [4-71,
regional futures [8, 9], corporate strategy [10, 11],
political transition [12] and community-based nat-
ural resource management [13, 14].

In the context of scenario planning, energy fore-
cast models are frequently used to assess a wide
range of climate change mitigation scenarios and

futures

inform the climate debate at an international level.
Policymakers, business leaders, NGOs and research-
ers use them to design their version of the future,
see the implications for the climate, and take deci-
sions in the present accordingly [15, 16]. This
paper focuses on optimizing such an energy fore-
cast model, “The Global Calculator” (GC), to gener-
ate pathways to sustainability. The GC is an
interactive system dynamics model of energy, land
and food systems to 2050. It is a didactic tool
rather than a tool for detailed energy planning
and/or for informing new business investments.
Users of the GC develop climate change mitigation
pathways by interacting with the model through a
user-friendly and dynamic web tool or an MS Excel
spreadsheet dashboard. There are several other
calculators available online, including many
national calculators [17-19].
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Other significantly more advanced energy fore-
cast models include the IEA’s [20] or Shell's [21]
World Energy Models. In mathematical modelling,
these models are dynamic, balancing supply and
demand through energy pricing with a resolution
of up to a minute. They are also updated yearly to
increase their precision and suitability for each
point in time, accounting for the most recent poli-
cies and events, such as the Covid-19 pandemic. In
terms of geographical scope, these models are
detailed, with country-level inputs and outputs.
Nevertheless, the optimizer presented in this paper
is applied to the GC for two reasons — the GC is
free and open source, enabling straightforward
testing of the optimizer, and has a manageable
complexity, potentially saving thousands of lines
of code. The GC allows the user to select from four
levels of climate mitigation ambition for each of its
48 inputs (levers). The four levels of ambition are
standardized across all the levers as follows:
Minimal abatement effort, ambitious effort, very
ambitious effort and extreme and transformative
effort. Note that an abatement level of 1 does not
necessarily mean a “minimal abatement” in the
GG, as for some levers level 1 involved the aggra-
vation of current trends which can be worse than
just a reduced effort.

Currently, creating a pathway with the GC
involves selecting a value for each of its 48 inputs
by hand. Trial-and-error confirms the difficulty of
achieving the 2°C warming limit this way. Each of
the GC’s levers includes a detailed explanation to
aid the user whilst selecting the input value.
However, it can prove time-consuming to browse
through each of the 48 lever explanations. On the
other hand, optimizing the GC’s inputs has proved
challenging to date as there are 8e70 * possible
input combinations. This paper presents an opti-
mization method that, based on user-specified

constraints, rapidly generates optimal lever and
ambition level combinations for the GC. It does so
by using Monte Carlo Markov Chains (MCMC) and
genetic algorithms. The optimization method finds
optimal input combinations even under sometimes
conflicting objectives, such as mitigating climate
impact and increasing economic output.

A sample pathway to 2050 that satisfies twelve
input constraints® and two output inequality con-
straints is calculated by the optimization method
and presented in this paper. This optimal pathway
yields a significant decrease in forecasted cumula-
tive emissions, as well as an increase in GDP output
with respect to the ‘distributed effort’, ‘consumer
reluctance’, ‘low action on forests’ and ‘consumer
activism’ pathways published in [22-24]. The opti-
mization method takes up to a few minutes to con-
verge, depending on the complexity of the user’s
constraints. It is guaranteed to find a solution unless
none exists for the specified constraints. The opti-
mization method gives equal weight to all the con-
straints by default, but the user can change this to
account for trade-offs between constraints. As such,
it is expected that end users can use the optimiza-
tion method presented in this paper to generate
pathways for the GC that meet their constraints.
This has the potential to yield optimal pathways to
sustainability rapidly.

Methods

This section outlines the technical considerations
evaluated in choosing the two methods used in
this investigation: MCMC and genetic algorithms.

Studying the inputs of the global
calculator: MCMC

Applying MCMC to the GC yields the posterior dis-
tribution of inputs that maximize the likelihood of

Algorithm 1: Monte Carlo Markov Chains adapted to the Global Calculator with 2 constraints.

o1: procedure Mcm(“pnorl apnorl Heurrents Olikelthood * [[1000000, 0]’ [0, 10@] ] ’
Observations, Current_levers, Constraints,

Iterations)

02: Accepted_levers « [] Destination of accepted lever combinations
03: for _ in range(Iterations):
04: Current_levers, My oposar ¢ Sampler(Current_levers, Constraints) Calculator outputs

. . . 2D_Gaussian( 0 )*observations . . .
05: Likelihood_ratio = Lpropesel Titkelthood Likelihood ratio

- 2D_Gaussian(peyrrent Plikelthood)*Observations
06: Prior_ratio = oo proposal)~2D.Caussian(prior-Tprior) Prior ratio
= PDF(Mcyrrent)~2D_Gaussian(priorOprior)

07: Acceptance_probability = Likelihood_ratio*Prior_ratio Acceptance prob.
08: if random() < Acceptance_probability: Accepted value?
09: Heurrent ¢ Hproposal Update outputs
10: Accepted_levers « Current_levers Save lever values
11: return Accepted_levers

12: end procedure

Figure 1. Monte Carlo Markov Chains adapted to the Global Calculator with two constraints.



meeting user-specified constraints such as mini-
mizing greenhouse gas emissions and maximizing
GDP output. This method has previously solved
similar problems in the fields of Bayesian statistics
[25], computational physics [26], computational
biology [27] and computational linguistics [28].
Note that the GC's GDP output is an approximate
estimation, given that it provides a consequential
estimate that is based on values obtained from the
TIAM energy model, rather than on an economet-
ric simulation. Moreover, it does not reflect the
adaptation costs that different temperature
changes would involve worldwide.

There are two key metrics used to determine
the efficacy of an MCMC implementation, its
acceptance rate, and the autocorrelation coeffi-
cient between accepted pathways. In this context,
the acceptance rate is defined as the ratio
between the number of accepted pathways and
the number of proposed pathways. On the other
hand, the autocorrelation coefficient is used to
measure serial correlation between accepted path-
ways. A well-adjusted MCMC implementation must
have a high acceptance rate and low autocorrel-
ation coefficient between accepted pathways.
Adjusting the parameters of MCMC is a highly
empirical task.

Algorithm 1 shows the steps taken to adapt
MCMC to the GC in two dimensions (Figure 1).

To enforce the two output constraints (2D
case), a set of 200 observations is randomly drawn
from a 2 D Gaussian distribution with its mean cen-
tered below the 3,010 GtCO, cumulative emissions
mark (corresponding to the 2°C warming target)
and at a positive increase in GDP with respect to
the “business as usual” pathway assumed, the IEA’s
6DS scenario. Even though other scenarios might
be more feasible in the present, the IEA's 6DS
scenario has been assumed as it was defined by
the IEA and used as the default scenario for the

Table 1. Probability distribution of lever jumps.

Jump length Probability of jump
0.1 0.3

—-0.1 0.3

0.2 0.15

-0.2 0.15

0.3 0.05

—03 0.05

Table 2. Constraint types accepted by the optimizer.
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GC at the beginning of 2015. The IEA’s 6DS scen-
ario represents a likely extension of 2015 trends
and is part of the IEA’s Energy Technology
Perspectives.

These observations’ standard deviation is deter-
mined empirically to maximize the acceptance rate
and minimize the autocorrelation coefficient of
accepted samples.

The likelihood function is also a 2D Gaussian,
where its standard deviation is directly related to
the acceptance rate. This value can be changed to
adjust the weight given to the observations. On
the other hand, interacting with the GC yields prior
knowledge about the empirical distribution of the
output constraints. A set of 300 different random
lever combinations is generated, bounding their
values between 1.5 and 3.5 to avoid unrealistic
ambition levels — outputs arising from lever values
below 1.5 and above 3.5 are usually considered
extreme and unlikely. These bounds pre-empt the
optimizer from generating pathways which might
be overly ambitious. A Gaussian distribution is fit
to the resulting values. Ready-made MCMC sam-
plers cannot be applied to the GC as the map
between model inputs and outputs is unknown. A
discrete variation of the Metropolis-Hasting sam-
pler is used, where each lever is moved by some
distance according to the probability distribution
shown in Table 1.

Optimizing the global calculator using
genetic algorithms

Optimizing the GC’s inputs poses a challenge as
the constraints specified by the user might conflict
with each other (as in [29]), such as minimizing cli-
mate impact and maximizing economic output.
Genetic algorithms successfully tackle similar
multi-objective optimization problems [30, 31], so
they are used to optimize the GC's inputs. The
optimization method proposed in this paper takes
different types of constraints, as listed in Table 2.
The optimization constraints are accounted for
in the cost function through a Mean Squared Error
(MSE) metric between current and target values.
The GC's outputs have different units and scales,
so they are normalized to balance the cost func-
tion. This is achieved by approximating the

Input value Input range

Output value GHG emissions and GDP

Description Fixing an input value Bounding input values

within a range

Fixing an output value Ensuring cumulative emissions
to 2100 are below
3,010GtCO, and maximizing

GDP output
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standard deviation of each output by generating
100 random lever combinations.

Each iteration of the optimizer is known as a
generation, and the number of lever combina-
tions used in each generation is referred to as
the population size. In this case, the population
size has been set to 20 as a compromise
between accuracy and efficiency. There is a
selection operator which finds the two lever
combinations with the lowest cost values and a
crossover operator that performs uniform cross-
over with these two to find a new lever combin-
ation. The mutation operator introduces
randomness in the crossover process to avoid
getting stuck in local minima. In the context of
the implementation presented on this paper, a
mutation rate of 20% has shown to work well in
practice. On the other hand, the GC’s outputs are
sensitive to changes in the levers, which make
pre-made mutation operators perform poorly. A
simple bespoke operator is created, where the
lever value that mutates is randomly increased
or decreased by 0.1. This is illustrated in Table 3,
where each new lever value is chosen from
either parent with probability 0.5. Green cells
show the values passed on to the child, whereas
red ones correspond to those discarded. Blue
cells correspond to mutated values.

Algorithm 2 shows the multi-objective genetic
algorithms optimizer applied to the GC (Figure 2).

The results are split into two sub-sections: firstly,
the MCMC analysis, providing probability distribu-
tions that maximize the likelihood of sustainable
pathways; and secondly, the optimization using
genetic algorithms, showing a sample pathway cal-
culated with the optimizer.

Table 3. Genetic algorithms crossover and mutation of
two parent pathways to yield a child pathway.
Parent pathway 1.5 3.2 21 24 23 22 21 23 2 3 B33 23

Parent pathway 2.5 25 25 19 16 34 33 24 17 17 35 17
Child pathway 2.5 32 21 19 23 23 33 24 2 17 33 23

Results

The results herein presented are based on the GC's
base year, 2011, corresponding to v.3.99.0 of the
GC's spreadsheet and v23 of the GC's webtool.
Some pathways and cost implications might
change in future updates of the calculator.

The reader should also note that greenhouse
gas removal (GGR) levers were also assessed in the
optimization. GGR levers were illustratively
included in the GC given the many uncertainties
involved in the future expansion, if any, of these
technologies. GGR levers available in the GC have
substantial energy penalties assumed and were
not associated with GDP impacts in the model.

Results from applying MCMC to the
global calculator

These results stem from running a two-dimen-
sional MCMC with two inequality output con-
straints that are common amongst most pathways
generated by users: Minimizing greenhouse gas
emissions and maximizing GDP output. MCMC ran
for over 24 hours, resulting in 21,300 different pro-
posed parameter combinations. Figure 3 shows
the distribution of outputs that result from
accepted parameter combinations, where green-
house gas emissions are centered around 2,950
GtCO,, and GDP output is centered around a 0%
increase with respect to the BaU pathway. Around
half of the parameter combinations proposed is
rejected. Figure 4 shows the acceptance rate as a
function of parameter proposals, oscillating
around 0.5.

MCMC has led to the probability distributions of
inputs that maximize the likelihood of minimizing
greenhouse gas emissions and maximizing GDP, as
shown in Figure A (Appendix A). Figure B.1
(Appendix B) presents the correlation matrix of
lever values that maximize the probability of meet-
ing the two inequality constraints. This idea is then

Algorithm 2: Genetic Algorithm applied to the Global Calculator, multi-constraint/multi-objective

01: procedure GA(Population_size, Iterations, Constraints)

02: Output_values « [] Destination of output values

03: Fitness_values « [] Destination of fitness values

04: Lever_values « [] Destination of lever values

05: for _ in range(Population_size) Generate initial population

06: Output_values, Lever_values « Generate_random_chromosome(Constraints)

07: for _ in range(Iterations): pPerform GA iteration

08: Fitness_values « Calculate_fitness(Lever_values, Constraints) Calculate fitness
09: Parents « Fittest(Lever_values, Fitness_values) Find fittest 2
10: Lever_values « Crossover_and_mutation(Parents, Constraints) Crossover & mutate
11: Output_values « Read_outputs(Lever_values) Read outputs

12: return Lever_values, Output_values

13: end procedure

Figure 2. Genetic Algorithm applied to the Global Calculator, multi-constraint/multi-objective.



extended in Figure B.2 (Appendix B) by showing
the connections between accepted model inputs,
where green corresponds to strong positive corre-
lations and magenta to negative ones. On the
other hand, a section of the paired density and
scatter plot matrix is presented in Figure B.3
(Appendix B). It includes the relationships
between accepted lever values of fossil fuels
and renewables.

Results from the genetic algorithms optimizer

The results presented in this sub-section come
from running the genetic algorithms optimizer for
two inequality output constraints and twelve inter-
val input constraints, as listed in Table 4.

Figure 5 shows the model outputs’ evolution
towards an optimal lever combination, as

AGDP wrt IEA 6DS pathway (business as usual)
(=]

-3
2700 2800 2900 3000 3100 3200 3300
Cumulative emissions (GtCO2)

Figure 3. MCMC posterior
model outputs.

distribution of accepted
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calculated by the optimization method after nine
generations.

As can be seen in Figure 6, the optimizer does
so by minimizing the objective function.

The calculated pathway yields a forecast to
2100 of 2,835 GtCO,, which is below the 3,010
GtCO, level corresponding to the 2°C warming
target. Note that the temperature change is mod-
elled by 2100, whereas the GC's levers provide
pathways by 2050. Between 2050 and 2100 the GC
user has the option to explore different emissions
trajectories (as shown at the end of Table 5 in
Appendix C), but these are just theoretical extrapo-
lations of the total emissions trajectory simulated
by 2050 and are not an outcome of any techno-
logical modelling.

The pathway also forecasts an increase of 3.7% in
GDP by 2050 with respect to the BaU pathway. The
complete forecast produced by the optimizer for
the given constraints can be accessed at [32]. Table
5 (Appendix C) contains the optimal pathway’s lever
values compared to the four benchmark scenarios
(distributed effort, consumer reluctance, low action
on forests and consumer activism), and to the BaU
pathway: IEA’s 6DS pathway.

Table 4. Optimization constraints.

Constraint type Constraint description Value

Output GHG emissions Minimize
Output GDP output Maximize
Input Global population [1.6, 2.0]
Input Electric & hydrogen [2.8, 3.2]
Input CCS (manufacturing) [1, 2]
Input CCS (electricity) 1

Input Nuclear [1.5, 2]
Input Wind [2.6, 3.0]
Input Solar [3.0, 3.4]
Input Calories consumed [2, 3]
Input Quantity of meat [2, 3]
Input Type of meat [2, 3]
Input Livestock grains/residues fed [1.8,2.2]
Input Land-use efficiency [1.8, 2.2]

Acceptance rate (smoothed with moving average filter)

P\

<
<
5

MCMC acceptance probability

AV

N/
/

‘.W,

/\ XI\ A /./. A
W v \\-'

Sample

Figure 4. MCMC acceptance rate as a function of the number of proposed model parameters.
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Population evolution

AGDP wrt IEA 6DS pathway (business as usual)

300

3800

xr:): (:)-: ';'C-i )-3::-1 00
Cumulative emissions (GtCO2)
Figure 5. GA population evolution of optimal pathway.
Cost as a function of generations
\
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401
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%
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Figure 6. MSE minimization using genetic algorithms, sample pathway.

Discussion

The discussion section is structured similarly to the
results section.

The MCMC output

As stated in [33], there are many theoretical path-
ways to meeting the 2°C warming target in the
future. As such, the GC has been used to generate
several different pathways that can meet this tar-
get, as shown in Figure 3. Out of the GC's space of
8e’® unique pathways, MCMC proposed ¢.21,300
pathways which were likely to meet the warming

target whilst increasing GDP output, and 10,650 of
them were accepted. The acceptance rate of
around 50% attained for the MCMC implementa-
tion presented here (as shown in Figure 4) shows
that the method works well for exploring sustain-
able and economically viable pathways.

The charts presented in Figure A (Appendix A)
help users of the GC select individual lever values
that are likely to yield sustainable and economic-
ally viable scenarios. Figure B (Appendix B) shows
input combinations that might work best together.
Correlations between lever values appear to be fre-
quent, suggesting that most inputs can be offset
by changing other levers.



Table 6. Comparison of MCMC and GA implementations.
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GA

Fast runtime (a few minutes)
Straightforward to add many constraints

Method
MCMmC
Runtime Slow runtime (many hours, up to a few days)
Scalability  Implementational complexity rapidly increases with more constraints
Solutions The output is a distribution of solutions that maximize the likelihood

of meeting the constraints

Constraints It works best for a few inequality constraints

The outputs are unique solutions that meet the constraints

It works well for inequality and equality constraints (even if
there are many of them)

Furthermore, Figure B.3 (Appendix B) presented
a novel visual way for understanding relationships
between accepted model inputs. For example, it
shows that wind energy and bioenergy yields are
inversely correlated, indicating that a high value of
wind energy could be accompanied by a low value
of bioenergy yields to maximize the probability of
meeting the climate and economic targets -
although correlation does not necessarily mean
causation in this case. The chart presented in
Figure B.2 (Appendix B) serves as a guide for
selecting input lever combinations that maximize
the probability of satisfying the optimization
objectives. For example, a high level of solar
energy combined with a low level of marine
energy would maximize such a probability.

The genetic algorithms optimizer

The genetic algorithms optimizer enables the user
to specify different types of constraints and returns
lever combinations that satisfy them. The number
of generations needed before convergence
depends on the number of constraints set, but
heavily constrained problems have been solved in
a maximum of nine generations. Its mutation oper-
ator and rate, and crossover operator have been
successfully adapted to the GC to maximize the
method'’s convergence rate.

As shown in Figure 5, the optimization method
presented progressively satisfies the two inequality
output constraints of minimizing GHG emissions
and maximizing GDP output while maintaining the
other twelve input constraints. Most of the calcu-
lated lever values have been set to a more ambi-
tious level than the BaU pathway, which could be
controlled by setting more restrictive constraints.
Together with other sustainable pathways, the lever
combination calculated suggests that ambition
efforts must be increased overall to meet the cli-
mate warming target whilst ensuring economic via-
bility. The optimization shows that the assessed
scenarios, as described in Table 5, except for the
IEA’s 6DS, offered very similar GHG emissions reduc-
tion levels. The optimal pathway, however, was able
to provide a substantial GDP gain, whereas only

consumer activism was able to provide a positive
GDP impact among these assessed pathways.

On the other hand, the optimal pathway’s overall
ambition level is smaller or equal to that of the
"distributed effort’, ’‘consumer reluctance’, ‘low
action on forests’ and ‘consumer activism’ path-
ways. Furthermore, the optimal pathway achieves
lower cumulative emissions and higher GDP output.

Advantages and disadvantages of using MCMC
and GA

The main advantages and disadvantages of using
the MCMC and GA implementations presented in
this paper are listed in Table 6. In summary, MCMC
has a long runtime but can provide a distribution
of lever values that maximize the likelihood of
meeting a few inequality constraints. On the other
hand, GA rapidly converges to a combination of
values that meet several equality and
inequality constraints when provided with a sens-
ible initial lever combination. In practice, using
MCMC to find initial values to feed to the GA opti-
mizer has worked well.

lever

Conclusions

MCMC can be applied to the GC and used for cal-
culating probability distributions of inputs that
maximize the likelihood of a climate-friendly and
economically viable future. These distributions
summarize each of the levers’ numerical impact
and could be used to help the users of the GC in
selecting lever values by hand. The MCMC results
show that at least 10,650 GC pathways have the
potential to meet the 2°C warming target
while also improving the GDP output. Additionally,
these distributions improve the convergence
of the optimization method presented in
this paper.

The genetic algorithms optimizer has suc-
ceeded in finding optimal input combinations for
the GC under multiple and sometimes conflicting
constraints. It yields quick and bespoke pathways
to sustainability despite the seemingly daunting
8e70 possible pathways. The pathway presented
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shows how a significant reduction in GHG emis-
sions and an increase in GDP could be attained
by 2050 by increasing the overall ambition effort.
Furthermore, this optimal pathway displays a
lower level of GHG emissions and higher GDP
with respect to the four benchmark scenarios, at
a similar ambition effort: ‘Distributed effort’,
‘consumer reluctance’, ‘low action on forests’ and
‘consumer activism’. These five pathways still
seem to require an increase in the levels of effort
across all sectors as they average a lever value of
2.3, which is ¢.35% above the BaU’s pathway
average lever value of 1.7.

The optimization method enables users of the
GC to quickly explore different sustainable path-
ways to gain a deeper understanding of sustain-
able energy trade-offs. Further work would involve
adapting the optimizer to other calculators,
extending MCMC to higher dimensions to set
more than two output inequality constraints and
parallelizing the genetic algorithms optimizer to
speed-up calculations.

Notes

1. Publicly available online, at
globalcalculator.org”

2. Based on the GC's 48 inputs, and the 30 values
that each of these inputs can take (i.e., 30%)

3. Twelve constraints have been used to show that
the optimizer can deal with multiple variables.
The constraint range has been subjectively
decided on a lever by lever basis, using
thresholds that resulted in outputs which
seemed like feasible projections. The reader is
encouraged to run the optimizer using their
own constraints.

“http://tool.
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Appendix A: Posterior distributions of
inputs derived using MCMC

(Figure Aa—d)
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Figure A. (a): Posterior distribution of inputs derived using MCMC. (b): Posterior distribution of inputs derived using
MCMC. (c): Posterior distribution of inputs derived using MCMC. (d): Posterior distribution of inputs derived using MCMC.
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Appendix B: Correlation of accepted
MCMC inputs

(Figure Ba-c)

(a) [} e
Ubanaanon =
Passenger datance =
Froupt astance = -
Mode ==}
Occupancy & oad - or
Corom bire - = =
Trampon eftcency [} =
Eloctne & hycrogen =1
Busseg sae =
Tomperature & hot water use —
Lghting & applkance use = - 050
Prouct Mesoan & demand = = -
Buideg rauton =1
Temperature and cockre technoigy =
Aophance efticeency -
Desgn, matenals & recycing =4

e
CCS mandtactarng p--
CCS elecnoty -
Coal /0 1 gas m=m -000
Fossd fue eficency - )

Geotmermal -
Storage & Gemand shang =
Calones consumed -
Quantty of meat =

Type of meat =

Crop yeekss = L 0%
Livestock ranahesiduss ed =
rock

Soud o b =1 =
Surpius land forest & bosnergy i 073
Lond use eficiency -

GGR1 =3

aGR2 = -

GOR3 -
GGRA =

Emssons tragectory

Sckar

Mode
e

coefficient

Utanmation
Frenpt atance
Car own hee
Prydrogen
Busisng sze
Busssrny msaston
Cramcas
Pager & other
Coment
CCS eloctnoty
Cosl /04 /g
Mroesnctre
More
Ceothermat
Quantiry of meat
Type of meat
Crop ylds
Wastes & resisuns
Bucenergy
Sold or bquid

Occupancy & osd

Giobal pogriation

GGR1
o

nmsore vaecry ]
§

Kgnane emcency
tron, steel & aluminem
Catones consumed
Unvestock pasture fed

CCS manutacturing
Lang use eftcancy

Fossd Sl emcency

Parsenger datarce
Transpont effcxecy

Blectric &
Ughtng & apphance use
Product Mespan 8 domard

S10ra00 & Gemand g
Uvestoch granmsrescues fed

Tomperature & hot water use
Temperature and cookng techriogy
Design. maserials & recycing
Surpius land forest & buoseargy

(b) CCS electricity | 3n4.use efficiency

Crop yields Type of meat

- Urbani
rbanisation
Bioenergy yields :

Geothermal Global population

Electric & hydrogen

Livestock pasture fed t Temperature & hot water use

Wastes & residues Nuclear e i o

Paper& other ;
Storage & demand shifting Fossil fuel efficiency

GGR4

Surplus land forest & bioenergy Hydroelectric Wind
Livestock grainsiresidues fed

GGR3 CCS manufacturing
Building size Emissions trajectory

Iron, steel & aluminium Passenger distance Occupancy & load Coal / oil / gas

Temperature and cooking technology

Chemicals
Transport efficiency ) -
g(l’mnq & appliance use

g b Li
Solid or liquid Calories consum
Cement

GGR1 Car own hire Freight distance
Building insultion
Marine

GGR2 Product lifespan & demand

Appliance efficiency
Design, materials & recycling

Solar
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Appendix C: Optimal pathway compared to
benchmark pathways

(Table 5)

Table 5. Optimal pathway compared to benchmark pathways.

Optimal pathway Distributed effort Consumer reluctance Low action on forests Consumer activism IEA 6DS (approx.)

Average lever value 2.2 23 23 2.4 2.2 1.7
Cumulative 2,835 2,892 2,886 2,942 2,949 7,693
emissions (GtCO2)
AGDP wrt business as 3.7% —2.6% —0.7% —-3.1% 1.7% 0.0%
usual pathway
Input value
Global population 1.8 2.0 2.0 2.0 2.0 2.0
Urbanization 3.0 2.0 2.0 2.0 2.0 2.0
Passenger distance 2.0 2.7 2.7 27 27 27
Freight distance 3.0 15 15 15 15 15
Mode 3.0 24 24 24 3.0 24
Occupancy and load 26 1.4 1.4 1.4 2.0 14
Car own or hire 3.0 20 20 2.0 24 2.0
Efficiency 3.0 2.8 2.8 3.0 3.0 14
Electric and hydrogen 3.0 2.8 2.0 3.0 3.0 1.0
Building size 1.8 3.0 3.0 3.0 3.0 3.0
Temperature & hot 2.0 1.1 1.1 1.1 1.1 1.1
water use
Lighting, cooking & 2.5 1.4 1.4 14 14 14
appliance use
Building insulation 1.9 2.8 2.0 3.0 3.0 1.0
Temperature, cooking 3.0 2.8 2.0 3.0 3.0 1.0
&
lighting
technology
Appliance efficiency 26 2.8 3.0 3.0 3.0 1.0
Product lifespan 2.6 1.0 1.0 1.0 2.0 1.0
Design, material 2.7 2.8 2.0 3.0 3.0 1.2
switch & recycling
Iron, steel 2.2 2.8 3.0 3.0 2.0 2.0
& aluminum
Chemicals 1.7 2.8 3.0 3.0 2.0 1.2
Paper and other 3.0 2.8 3.0 3.0 2.0 2.0
Cement 3.0 2.8 3.0 3.0 2.0 1.2
Carbon capture and 1.9 2.8 3.0 3.0 2.0 1.0
storage (ind.)
Coal / oil/ gas 1.8 2.8 3.0 3.0 3.0 2.3
Fossil fuel efficiency 3.0 2.8 3.0 3.0 3.0 3.0
Carbon capture and 1.0 2.8 3.0 2.0 3.0 1.0
storage (power)
Nuclear 1.5 2.8 3.0 2.8 2.0 17
Wind 2.8 2.8 2.7 3.0 2.0 1.5
Hydroelectric 1.8 2.8 2.7 3.0 2.0 19
Marine 2.2 2.8 2.7 3.0 2.0 1.3
Solar 31 2.8 2.0 3.0 3.0 1.2
Geothermal 24 2.8 2.7 3.0 2.0 1.4
Storage and 2.1 2.8 2.7 3.0 2.0 1.5
demand shifting
Calories consumed 2.7 20 20 2.0 2.0 2.0
Quantity of meat 3.0 2.0 2.0 2.0 2.2 2.0
Type of meat 24 20 20 2.0 3.0 2.0
Crop yields 3.0 2.8 3.0 2.0 2.0 17
Land-use efficiency 20 2.8 3.0 3.0 3.0 2.5
Livestock (grains/ 22 2.8 3.0 2.0 1.5 2.0
residues fed)
Livestock 2.8 2.8 3.0 3.0 3.0 3.0
(pasture fed)
Bioenergy yields 1.6 2.8 3.0 3.0 2.0 3.0
Solid or liquid 22 2.8 3.0 2.0 20 15
Surplus land (forest 1.2 2.8 3.0 3.0 2.0 2.0
& bioenergy}
Biochar 1.0 1.0 1.0 1.0 1.0 1.0
Direct air capture 1.0 1.0 1.0 1.0 1.0 1.0
Ocean fertilization 1.0 1.0 1.0 1.0 1.0 1.0
Enhanced 1.0 1.0 1.0 1.0 1.0 1.0
weathering
(oceanic)

(continued)
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Table 5. Continued.
Optimal pathway Distributed effort Consumer reluctance Low action on forests Consumer activism IEA 6DS (approx.)

Enhanced weathering 1.0 1.0 1.0 1.0 1.0 1.0
(terrestrial)

Wastes and residues 2.0 2.8 2.0 2.5 3.0 1.5

Emissions trajectory 25 2.7 2.8 3.0 2.8 23

Atmospheric 2.0 2.0 25 2.0 2.0 2.0
CO2 fraction

Confidence in B B B B B B

climate models
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