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MUSE: An open-source agent-based integrated assessment

modelling framework

Sara Giarola, Julia Sachs, Mayeul d’Avezac, Alexander Kell, Adam Hawkes

Imperial College London, SW7 2AZ, UK

Abstract

Integrated assessment models (IAMs) are a cornerstone of the climate change mitiga-
tion. Each IAM exhibits different methodologies for characterising the energy system,
land use change, economics, and climate response. To date, no existing IAM can
simulate the heterogeneity of investor or consumer decision-making in an integrated
assessment context.

This paper presents an open-source modelling framework designed to fill that gap.
Named MUSE (ModUlar energy systems Simulation Environment), this new model
supports flexible characterisation of agents’ decision-making, including imperfect fore-
sight. It is modular, technology-rich, recursive-dynamic, and partial-equilibrium in
nature. The structure of MUSE creates the ability to produce climate change mit-
igation assessments that are more grounded, and more tangible model outputs for
conceiving effective approaches to mitigation.

Keywords: integrated assessment, energy systems modelling, open source,
agent-based modelling, climate change mitigation

1. Highlights

• A novel open-source agent-based integrated assessment model is presented (MUSE)

• MUSE is the first model enabling flexible agents’ decision-making modelling in
energy

• MUSE is unique at representing heterogeneity and complexity of agents’ deci-
sions

• MUSE results offer more grounded solutions to assess the effectiveness of policies
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2. Introduction

The implementation of the Paris Agreement, to hold the increase in global av-
erage temperature to well below 2°C, will require radical change in the way energy
is produced and consumed worldwide [1]. Indeed the mitigation of climate change
is one of the grand challenges of this century, where an interrelated array of techni-
cal, economic, social, land, climate system and many other factors must be grappled
systematically to provide workable solutions [2].

To aid decision-making with regards to this complex challenge, a class of software
tools have emerged called integrated assessment models (IAMs). IAMs are now used
extensively; for example, more than 1,000 IAM scenarios were presented in the IPCC
5th Assessment report [3] and more than 500 scenarios from 19 models were used
in the IPCC Special Report on 1.5°C [4]. Although interpretation of their outputs
does not come without challenges [5], IAMs can be used as a guide for target setting,
effort-sharing negotiation, policy instrument formulation, mitigation cost estimation,
and technology R&D prioritisation, to name but a few applications.

IAMs are constructed to provide a quantitative basis to support climate change
mitigation related decision-making [6]. They strive to bring a diverse set of disciplines
together in a single consistent framework, and are applied to assess possible responses
to climate change over long time horizons (e.g. to 2100), often for the whole world.
IAMs are thereby intended to offer a comprehensive system view of the climate change
mitigation problem, presenting the user with insights on viable solutions, highlighting
trade-offs, and moreover aiding development of strategies to address the problem [7].

Despite the frequent high-profile application of IAMs, it is recognised that they
will always be an approximation of reality, for example with assumptions of perfect
foresight in inter-temporal optimisation models, or single objective investors in some
recursive dynamic models [8, 9]. It has thus been argued that different modelling ap-
proaches that capture more heterogeneity are needed [10]. A key point in this regard
is that real-world consumer choice and firm investment decision-making processes
are more heterogeneous and complex than characterised in the models, and thus the
real-world diffusion of new technologies may not be well represented. It has been ar-
gued that drawing on social science and evidence regarding how societies change and
transform is key to understanding possible responses to climate change [5]. In partic-
ular, [11] propose that such modelling approaches can benefit from interdisciplinary
learning between modelers and social scientists. Through this interdisciplinary learn-
ing, a more complete representation of a multifaceted reality can be provided, which
arguably helps to identify more effective solutions to energy and climate challenges.

This paper presents a new approach to add to the existing suite of IAMs, as an
important step towards addressing this gap, an open-source agent-based modelling
(ABM) framework, MUSE, the ModUlar energy systems Simulation Environment.
Such a multi-agent simulation framework can handle a wider range of nonlinear and
heterogeneous behaviour than conventional models and where used thoughtfully can
capture more of the complexities regarding how systems change [12]. To achieve
this, it tackles the challenge of representing behaviours of energy system stakeholders
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ranging from individuals to firms, governments and regulators [13].
The article is organised as follows. The paper introduces the rationale behind the

development of the MUSE model, built on highlighted needs in integrated assessment
modelling, on open source, and on agent-based modelling principles. The current
version of the model is presented with a plain description and algebraic formulation.
The model structure is also presented in terms of implementation details, showing
how it addresses the research gap. Finally, selected model functionality is presented
with a simple example demonstration.

3. Background

3.1. Integrated assessment modelling

Integrated assessment modelling is a type of scientific modelling used in climate,
energy, environmental science and environmental policy analysis, characterised by
the integration of knowledge from several domains. It is the product of a process
creating an abstract and logical representation of the emissions and climate system
by identifying its fundamental structure and characteristics.

A wide range of IAMs have been developed, differing in level of detail, geographic
scope and methodology applied. In order to give a picture of the IAM landscape a
selection of models are outlined in Table 1, which shows some key examples of the
variety available. For a comprehensive review of IAMs, readers are invited to refer to
available literature sources, for example [14, 15].

Differing modeller or model user aims and the multi-disciplinary nature of col-
laborations that build IAMs leads to many different structures of different models.
However, the core element of many IAMs is an energy systems model (ESM), because
at present the energy sector is a major source of greenhouse gas (GHG) emissions.
IAMs also often couple the ESM with a climate model (such as MAGICC in IMAGE
and WITCH), a land-use model (like GLOBIOM in MESSAGE or AgLU, Hector in
GCAM) and a macro-economic module (like MACRO in MESSAGE-MACRO).

Several existing IAMs fall under the category of inter-temporal optimisation,
which incorporates full knowledge of future demand and technology during the de-
cision making process [27] (perfect foresight), as opposed to recursive-dynamic ap-
proaches which are more suited to incorporate market uncertainties [17].

Applications of IAMs are many and varied. Recent prominent studies highlight
the difficulty in achieving scenarios which limit the temperature increase to 1.5°C
under certain Shared Socio-economic Pathways (SSPs) [4]. Others have quantified
the amount of residual emissions within different sectors and the requirement for
near term mitigation measures [28]. In terms of decarbonisation scenarios, policies
are insufficient to achieve the 1.5◦C Paris goals [29]. Reducing the energy demand
would lead to lower, and even nil reliance on negative emission technologies [30].
Subsequent analyses of future energy demand projections [31] show that improved
insulation, higher electric vehicle penetration rates and modal shift could reduce final
energy demand to lower levels in the short term. These contributions show that
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Table 1: Summary of model methodologies.

Name Methodology Description

IMAGE [16]
Recursive dynamic

no foresight

Multinomial logit functions,
to determine technology shares,

primary and final energy

IMACLIM-R [17]
Recursive dynamic
general equilibrium

no foresight

Top-down static
equilibria integrating
bottom-up models

MESSAGE-GLOBIOM [18, 19, 20, 21]
Inter-temporal optimisation

Linear programming
Total system cost minimisation
using a technology-rich approach

WITCH [22]
Inter-temporal
optimisation

Fuel switching based
on constant elasticity

of substitution functions

GCAM [23]
Recursive dynamic
Logit share functions

Competing technologies market
based on logit-share functions

NEMS [24]
Hybrid
Modular

Including bottom-up, macro,
simulation, and optimisation approaches

TIMES-MARKAL [25, 26]
Intertemporal optimisation

Linear programming
Investments/operations maximising
welfare in a technology-rich approach
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all countries need to accelerate action on decarbonisation, improving efficiency and
promoting consumers’ changes in behaviours. Other research focuses on how well the
scenario framework can be used to combine alternative futures of climate and society
to inform policy [32].

Recent efforts have been carried out to advance the existing frameworks and ac-
count for consumer behaviour in specific sector applications. There is a number of
applications along these lines for the transport sector, where for example, carbon
pricing alone was deemed insufficient to bring low-carbon vehicles to the mass mar-
ket [33]. Light-duty vehicle purchase decisions were modelled in [34] in the transport
sector of the MESSAGE model, showing how behavioural considerations mean that
policy-makers should consider consumer heterogeneity when targeting novel technol-
ogy uptake. Another useful example of such developments is in [35], who developed a
version of TIMES including the effects of travel time budget constraints on individuals
and travel time investments on infrastructures. Similarly, [36] developed a number of
consumer segments to represent differences in factors such as annual driving distances
and attitude towards risks of new technology in the vehicle choice.

In the residential sector, notably a SOCIO-MARKAL model was developed by
[37], which integrates technological, economic and behavioural aspects. They devel-
oped consumers who could change their behaviours after marketing campaigns. [38]
thanks to a highly disaggregated representation of households and their behaviour in
the model, addressed the problem of unrealistic technology diffusion pathways quite
common in inadequately constrained optimisation models.

To move towards a more sophisticated characterisation of realistic transitions, sev-
eral studies highlight the need for new modelling approaches to account for hetero-
geneity in the market, consumer behaviour, non-monetary factors and social barriers
[39, 40]. Integration of human behaviour is one of the major challenges for energy
systems modelling [10] alongside improving time and space resolution [41] as well as
balancing complexity while dealing with uncertainty and transparency [42].

On the question of transparency, more IAM teams have moved to provide open-
source software versions in the years immediately prior to publication of this article.
However, despite the efforts of international consortia, such as IAMC (the Integrated
Assessment Modelling Consortium), often underlying concepts, data and methodolo-
gies are poorly documented or unavailable to the stakeholder community, leading to
questions regarding their adequacy for supporting world-changing decisions [43] [44].
Given that integrated assessment models are an important basis for climate policy,
transparent and well-founded modelling approaches are needed now more than ever to
inform decision makers in achieving the ambitious climate change mitigation targets
in the Paris Agreement [9, 5].

3.2. Agent-based modelling (ABM)

ABM has been applied in many fields to model the dynamics of complex systems
on a micro-level, where as a result of agent actions and interactions, macro system
characteristics emerge that can aid insight on possible successful approach to decision
makers. The decisions of individual agents, their heterogeneity, and interactions with
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each other and their environment can be approached with limited knowledge about
the larger complex system [12, 45]. Thus, ABM can provide an understanding of
the emergent properties of many interacting factors in complex circumstances where
intuition fails [12].

In climate change-related system transitions, ABM outputs are (a) more likely
to transpire in practice, and (b) more tangible to users of model outputs. In fact,
specific bottom-up actions and agent groups can be identified, as opposed to alter-
native approaches which either define a single decision maker acting on behalf of all,
or assume that every agent takes the same course of action [46, 47]. The ABM ap-
proach can account for a wide range of decision makers, allowing competition between
individual players, while accounting for social, behavioural, economic, technological,
market and policy factors driving their decisions [12]. Although agents can be de-
fined in various ways, several characteristics are believed to be essential [45]; an agent
is a self-contained individual (identified by unique attributes), is autonomous, and
goal-oriented.

The suitability of ABM to study technology diffusion in different energy sectors
was recently recognised by several researchers and used analyse the uptake of spe-
cific technologies [48, 49, 50, 51, 52]. They emphasize the value of ABM to explore
nonlinear system behaviour and interactions that influences the market penetration
of a specific technology [50]. The suitability of ABM to study technology diffusion
in different energy sectors comes from the value of ABM to explore non-optimal sys-
tem behaviour and interactions that influence the market penetration of a specific
technology [53]. Furthermore, the ability to capture the complexity of socio-technical
energy transitions and to model “real” transitions through potential cross-disciplinary
interlinkages with social science, has resulted in a wide range of applications of ABM,
from electricity markets, to consumption dynamics, to innovation, and energy system
transitions [54].

For examples of specific applications regarding the uptake of novel technolo-
gies, the residential sector has often been the target of research. For example, two
theoretically-based and empirically-driven agent-based models on the adoption of
water-related innovations [55] and residential solar photovoltaic systems [36] based on
economic and attitudinal criteria were developed. The framework proposed by [36],
was extended by [56], adding emphasis on agent interactions through a small-world
social network with spatial and demographic distribution by integrating geographic
information system data.

Also examples are present in the literature for the transport sector, where [57]
highlighted the influence of network effects on adoption rates and the need to capture
individual behaviour using an agent-based discrete choice modelling framework to
examine the technology diffusion in the transport sector. Approaches can be found
that move away from single objective and dominantly cost driven adoption of assets.
Notably, there is the use of weighting factors for technology attributes [57], the inclu-
sion of environmental and technical objectives like emissions and performance (e.g.
speed, acceleration) [53] or budget constraints [58]. The resulting heterogeneity in
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the investor types yields dynamics that do not typically show up in models using
optimisation or single-objective homogeneous methodologies.

Despite the advantages of deploying ABMs to model the energy transition de-
scribed above, it is important to note that challenges are also present in the calibra-
tion and validation of these models, especially when there is scarce data [57]. When
available, appropriate analyses of the empirical data is necessary to avoid an ad-hoc
definition of behavioural rules [59]. However, the ability to capture heterogeneity in
consumer and firm behaviour, as well as the potential for in-depth study of agent
responses to interventions and circumstances, emphasise the interest in ABM relative
to single actor simulation or optimisation approaches for IAMs.

3.3. Open-source energy system models

Open sourcing provides a way forward to bring more transparency to integrated
assessment modelling, which thereby brings greater legitimacy to the climate policies
that are supported by their insights. It also aids peer review, reproducibility and
traceability as well as collaborative model development [60].

Seven pioneering examples of open-source energy system model frameworks are
cited here. The core methodologies consist of linear programming (LP) approaches
formulated as capacity planning and dispatch problems [61, 62] or network concepts
of linked processes and production routes that convert a raw energy commodity either
directly or via intermediate products into an end-use demand [63, 41]. These example
include:

• OSeMOSYS (Open Source Energy MOdeling SYStem), a profit maximising
optimisation model programmed in MathProg, GAMS, and python and released
under an Apache 2.0 licence [61].

• TEMOA (Tools for Energy Model Optimisation and Analysis), an open source
software in python, released released under a GPLv2; it employs a technology-
explicit energy economy framework to model the energy systems transitions
which minimise the cost of energy supply [63]

• CALLIOPE, a cost minimisation model of the energy supply, designed to handle
LP and mixed-integer problems and released under an Apache 2.0 licence [41];
among its distinct features, there is a complete separation from code and data
and the high level of flexibility in the problem design.

• BALMOREL, a partial equilibirum optimisation released under an ISC Licence;
it is characterised by a flexible temporal and geographical scope, by four different
dispatch and investment methodologies in the power sector, and can be linked
with add-ons in the form of additional sub-modules [62].

• MESSAGEix (Model for Energy Supply Systems And their General Environ-
mental impact), is a linear/mixed integer optimization model. It has a Java
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back-end, which interfaces with python and R for data processing and imple-
mentation of workflows for model integration. It is released under an Apache
2.0 license [64].

• TIMES (The Integrated MARKAL-EFOM System) is a technology rich, bottom-
up model generator, which uses linear-programming to produce a least-cost
energy system. It has been released with a GNU General Public License v.
3.0. [65]. VEDA and ANSWER are interfaces which provides data handling
for TIMES. The data handlers are not open-source at the time of writing [66],
making it difficult to use the open source code.

• The WITCH (World Induced Technical Change Hybrid) [67] is top-down global
IAM with a detailed representation of the energy sector maximising the global
discounted welfare using nonlinear optimisation. The open source version of the
model requires a GAMS/CONOPT license.

Looking beyond these contributions, although open source ABM software exists [59]
[68] [69], they are not directed at energy and integrated assessment applications.

4. MUSE

4.1. Software availability section

MUSE 1.0 is developed in python, released under a GNU GPLv3 license. The
open source software can be downloaded from:
https://github.com/SGIModel/MUSE OS.
The documentation for MUSE can be consulted at:
https://muse-docs.readthedocs.io/en/latest/.

4.2. Overview

Prior to the release of MUSE, no agent-based integrated assessment modelling
framework existed encompassing; user-definable heterogeneity in consumer and firm
behaviour, limited foresight in decision making, ability to model multiple hetero-
geneous sectors in an equilibrium framework, transparency of methods via open-
sourcing, and flexibility in spatial and temporal resolution. The MUSE modelling
environment (see Figure 1 for its overarching structure) is designed to fill this gap,
adding capability to model the dynamics of change using bottom-up, agent-specific
drivers and barriers to uptake of measures, where the intention is to observe emer-
gent macro system properties that shed light on new approaches to climate change
mitigation.
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Figure 1: MUSE overarching structure showing basic data flows between the central market clearing
algorithm and sector modules

.
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Table 2: The MUSE model: applications

Topic Reference

Dynamic gas supply curves: a global
model of natural gas supply is presented

[70]

Depending on political negotiations,
Brazil could use a different mix
of gas imports and local sources

[71]

Co-benefits of reforestation in Brazil:
policies promoting reforestation could
balance the need of CCS investments

[72]

Agent-based modelling: consumers’
preferences could increase uptake

of low cost technologies,
delaying decarbonisation

[73]

EMF34: energy and carbon prices
would differently affect integration

of Canada, Mexico, and U.S.
[74]

EMF34: renewable mandates can mitigate
spikes in natural gas price but lower

the benefits of natural gas price reduction
[75]

EMF34: electricity storage facilitates
renewable integration at lower system costs

but competes with alternative low-cost technologies
[76]
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Flexibility, modular, and realistic decision-making processes are achieved through
the following features:

• Partial equilibrium; MUSE achieves an equilibrium between supply and demand
for each energy commodity in each region, milestone year, and sub-year periods
via the basic microeconomic principle of price-induced balance of supply and
demand for each commodity.

• Modular; MUSE allows to model each sector in a way that is specifically appro-
priate for that sector via differentiation of the measures available, number and
type of agents characterised, decision metrics used and method of choice using
the given set of metrics.

• Agent-based; single or multiple decision makers with different investment and
operational strategies. Agents have limited foresight on price, demand, and the
future availability of new or improved technology.

• Technology-rich; each technology or process is individually characterised in
terms of costs, commodities consumed and produced, efficiencies, emissions,
lifetime, hurdle rates, capacity growth limits (additive, absolute and relative,
ad total capacity limits per period), decommissioning profile, and capacity fac-
tors.

• Flexible spatial, temporal, and technological resolution. Regions, milestone
years, and seasonal/diurnal time slices are fully configurable; number and type
of technologies are user-defined and their parametric characterisations are ex-
clusively data driven.

Earlier versions of MUSE found their application in a wide range of studies, with
some examples shown in Table 2.

4.3. MUSE model formulation

In this section the modelling approach in MUSE is presented with references to
the mathematical formulation reported in Appendix A. An overarching pseudo code
describes the algorithm as a sequence of instructions in Appendix A.4. The descrip-
tion follows a hierarchy where processing moves from a market clearing algorithm,
down to each sector, and finally links with the agents.

4.3.1. MUSE market clearing algorithm (MCA)

In the MUSE modelling framework, the market clearing algorithm (MCA) controls
the configuration of a model instance, initially defining;

• a set of milestone years (each of which represents a single or multi-year period)
over which computations are performed. Simulations often run over the period
from present day (or a recent ”base year”) to mid or end of the century, but
any time horizon desired is possible.
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• sub-year time granularity (timeslices), for example reflecting representative sea-
sons in a year, representative days in a week and peaks in a day. Each of these
representations can be assigned with their respective representative hours.

• the region/regions of interest for the computations.

Before the simulation starts, it is initialised and a consistency check is carried
out on the data. The consistency check is performed on three data types: the price
trajectories used to initialise the market; the settings used to setup the simulation
(such as number of milestone years, foresight, regions, commodities, and technology
names); the techno-economic data used to characterise technologies and agent data in
each sector. The MCA governs the model work-flow until the end of the simulation,
implementing the equations presented in Appendix A.2. The following steps are
performed:

• In each milestone year, the MCA sequentially executes each of the sector mod-
ules (see below for description of the sector modules).

• After execution, each sector module returns commodity price or quantity infor-
mation back to the MCA. Demand sectors are price takers, supply sectors are
price makers and conversion sectors are both.

• By continuing this process, iterating recursively across the sector modules, the
MCA converges on market-clearing commodity prices.

• Convergence is defined as the point when demand and supply sectors agree
on the price and quantity of each commodity exchanged. It is checked via
a percentage tolerance check on the variation of the demand or price of each
commodity in each region and timeslice between consecutive iterations.

• If the market does not clear within a specified number of iterations, then the
last iteration values are chosen and a warning of “maximum iterations reached”
is provided.

• The model moves successively through each of the periods, converging on each
one until the time horizon is reached, upon which execution terminates.

Carbon budget constraints, if present, are set defining an emissions profile and en-
forced through an endogenously escalating carbon price. Two methods are available;
an analytical approach and a numerical approach. The analytical method (“fitting”)
uses a first order approximation, based on a Taylor expansion, of the system emissions
with the carbon price. This method uses a sampling approach with a user-defined
seed value of the carbon price at a certain milestone year and the size of carbon price
sample at which the system emissions are estimated. Based on the sampled values, a
fit is determined; by default this is a linear function. The numerical method (“bisec-
tion”) requires the user to define a seed value at a certain milestone year and number
of iterations. Among the parameters which configure the carbon budget constraints,
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a user can define the selected commodities to which the budget applies (CO2 only
or GHGs), possibilities of overshooting a budget, and upper-bound control checks on
the converged carbon price.

4.3.2. MUSE sector modules

MUSE sector modules are in themselves agent-based models, in the sense that
they are designed to enable characterisation of sector-specific decision-making via
representation of one or more agents that decide between a set of technology options
in order to serve demand for energy commodities or energy services. Algorithm 1
schematically represents the whole simulation process for a sector module, and the
corresponding equations are presented in Appendix A.1.

Sector modules are bottom-up in the sense that a range of technology options are
represented in terms of costs and engineering performance, and in the sense that each
agent type is characterised in terms of an individual decision making process.

A generic sector module contains the agents which decide the investment in new
assets and determine how they are operated. The module receives prices and/or
demands from the MCA, and the agents use these along with other information (e.g.
technology capital cost, performance, etc) to determine which to invest in, according
to user-defined agent decision making rules. Investment and dispatch decisions can
be implemented with a variety of methods, which are chosen by the model user, to
account for factors such as firm incentives, socioeconomic or cultural differences, or
any feature a modeller wishes to represent. The module then aggregates the asset
operation, thus returning one or more of (a) aggregated consumption (demand) of
each commodity, (b) aggregated supply of each commodity, and (c) updated supply
costs based on the levelised cost of the producing technologies1. These aggregated
results are the primary pieces of data needed by the MCA to proceed to the next
iteration.

Algorithm 1 is detailed as follows: for each milestone year, a MUSE sector model
must make investment decisions. However, to achieve this, the agents must first cal-
culate the size of demand that will not be served by pre-existing technology (i.e. to
determine the amount of new capacity needed). To calculate this, firstly, a dispatch
algorithm is initiated which determines how agents operate the available assets. In-
built dispatch functions are available, for example depending on merit order of the
pre-existing technologies, or more advanced modellers may define their own dispatch
functions. By running this algorithm for time t, the production and consumption of
all assets for each timeslice and year are calculated.

Next, for each agent, a number of steps are required to make an investment deci-
sion and update the agent technology stock: firstly, the amount of unserved demand,
reflecting the capacity of new investment required, must be assigned to each agent.

1When prices are supplied to the MCA, the sector module uses the output-weighted average of
levelised costs of all operational technologies. The user can over-write this option simply ”registering
an independent function”, as discussed in the section 5, if alternative methods, such as marginal
cost pricing, are preferred.
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Next, agent-based modelling as described below is applied to determine technology
choices. Resulting information is then aggregated to the sector level, which means
that all the production, consumption, supply costs, and emissions are summed up
in each region by timeslice. This aggregation provides the MCA with the informa-
tion regarding price and demand/production which is needed to proceed to the next
iteration.

Algorithm 1: Simplified schematic of the a MUSE sector module.

for each milestone year do
get demand, price trajectories
Start dispatch for time t
calculate amount of new capacity (i.e. investments) required to serve
demand
Start investments
for each agent do

assign demand to each agent
search to find technology alternatives that can serve the demand
calculate agent objectives
make agent investment decision
update agents technology stock

end

aggregate information to sector level
calculate supply costs of commodities and/or commodity demands

end

4.3.3. MUSE agent-based modelling

Agents in MUSE are designed to represent consumer and firm heterogeneity.
When the existing assets in the next time periods are insufficient to meet the de-
mand, the agents start processing investment decisions, deciding which technologies
to invest in (investment step) and how to operate them (dispatch). They do this in a
manner defined by their goals, principles, and constraints. A detailed outline of the
core ABM concept is provided in [73] and can be summarized by three main steps.

• Information gathering (search rules): Defines a set of possible technologies for
the agent to choose from. This “search space” can differ in size and change over
time depending on the maturity of each technology (i.e. some agents might only
consider technologies when they reach a certain market share), capital cost, the
current technology in use, efficiencies, and emission characteristics, to name a
few. It allows one to define consumer preferences by filtering out technologies
that have certain features. For example, budget constraints can be implemented
to define higher/lower capabilities of each agent to access capital.

• Determinants of choice (objectives): Investment goals are defined by different
objectives. These could be economic, environmental, technological or personal
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factors. For example, an objective could be to minimise net present cost, or to
minimise payback time, or any other objective the modeller wishes to define.

• Selection process (investment decision rules): The agent investment decision
between the available technologies is represented by specific decision strategies
to capture single-objective and multi-objective methods. For example, an agent
may simply use one economic objective, or they may prioritise an economic
objective but also consider an environmental objective, which can be summed
linearly as per the requirements of the user. Many options are available to the
user.

Agents can also influence each other via specific configurable rules, for example by
transferring assets from one to another. By default, agents are distinguished between
those investing in assets to replace the retired stock from a period (retrofit agents)
and agents investing in assets to meet additional demand on top of the previous year
demand (new agents). This feature represents an additional segmentation beyond
the market share to express each agent’s preferences about ways of replacing or in-
troducing new technologies in the market. This feature may be used for example to
capture differences in costs and decision metrics between brownfield and greenfield
investments.

MUSE also includes functionality for trade of commodities between regions. Where
trade is enabled, the behaviours of sectors and agents remain the same as outlined
above, with two differences: the first is in the way that the demand is assigned to each
region, the second is that no distinction applies between retrofit and new agents. This
differs from the case of non-traded commodities in which the demand in each region
is only fulfilled by domestic supply. When a commodity is traded, the production of
each traded commodity is assigned among regions using a linear programming algo-
rithm. First, each trading agent in each region updates the techno-economic charac-
terisation of the available technologies for the period, assuming that each technology
would operate at its maximum capacity levels. Maximum capacity addition is set
as the minimum between maximum percentage capacity growth, maximum absolute
capacity addition, and maximum absolute total capacity limit constraints. Second,
the linear programming algorithm sorts the technologies allowed to trade across the
regions and resolves the flows of commodity by timeslice, taking into account the in-
frastructure constraints and minimum operation levels (when present). The trading
algorithm requires that all the trading agents use the same objective across all the
regions.

5. Software implementation approach

MUSE is a python package that can be installed using pip, the standard python
package manager. It comes with a command-line tool to invoke the model itself.
It works on all major platforms, including Windows, MacOS, and Linux. It uses a
full object-oriented approach, as presented in Figure 2, and has been developed with

15



substantial input and direction from professional software engineers to ensure clarity
of both architecture and coding.

The generic sector class incorporates a generalised agent-based model structure to
enable simulation of investment behaviour. All sector classes (demand, conversion,
or supply) are connected to the generic sector and agent-based model via nested
dependencies, as follows:

• the MCA (class) contains all sectors

• each sector contains all agents, techno-economic data for all technologies, and
the aggregated information about demands etc

• each agent owns technologies and information about the regions

Figure 2: MUSE implementation schematic

The MUSE version 1.0 code release provides one generic module that can be
parametrised to represent any demand, conversion or supply sector. All the data
inputs, from economic to technological parameters, are articulated simultaneously
across several dimensions, including geographic regions, milestone years, sub-year
time intervals (timeslices), and commodities. These are expressed in terms of xarray
data-structures. The advantage of using xarrays is that computations are explicit on
the dimensions and indices over which they are performed, making the code more
legible. The underlying vectorised operations are efficient as they are handed by
xarray to pandas, numpy, scipy, or directly to C code.

MUSE is both a modelling environment meant for non-programmers as well as an
extensible framework upon which more complex models can be built. The extensible
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framework is the core of the MUSE modular structure and enables all users to add new
functionalities with the long term aim of creating a wide user basis and collaborative
environment for researchers who are invited to provide add-ons to the core framework.

• For non-programmers, users can interact with the code from either the command
line or any python interpreter and create a different instance of the energy
systems which they wish to solve.

• For programmers, MUSE accommodates additional functionalities or logical
blocks of work beyond the codebase as a function that must take a specific
signature, meaning that the function should have a pre-defined set of input
arguments and return a pre-defined set of outputs. A logical block of work can
mean a filter on technologies, an agent objective, an agent decision method,
a method to determine sets of interacting agents, or a method to have a set
of agents interact. Each logical block is written as an independent function
(“registered”) through the use of a python decorator specific to the kind of
work the function is meant to perform. This process of registration makes new
functionality automatically available in the MUSE input files. As a result, the
overall framework is extremely modular.

The model is being developed using GitHub as a collaborative development plat-
form. In order to help ensure correctness and reproducibility, MUSE has a range
of unit-tests and regression tests. These tests are exercised with each pull-request
opened on the GitHub repository, via a continuous integration enabled via GitHub
actions. Coordination across the core development team is ensured through code re-
views and issue tracking on GitHub. All versions will be released on GitHub alongside
detailed documentation of the model and demo files.

6. Simple demonstration case study

In this section, demonstration case studies are presented to show the functionality
of the MUSE modelling framework. The main features are highlighted.

The case-studies are made up of a single-region scenario from 2020 - 2050, with
a 5-year time step, covering three sectors (see Table 3): the buildings sector (as an
example demand sector), the power sector (as an example conversion sector) and the
gas sector (as an example supply sector), and their interaction via the market clearing
algorithm. The illustrative simulation was structured to capture the diffusion of two
heating technologies, gas boilers and heat pumps, competition between gas powered
plants and offshore wind farms in the power sector, and the dynamics of a simple
supply sector that uses a three-step gas supply curve. The scenarios highlight the
flexibility of defining heterogeneous agents that differ across a number of attributes.

6.1. 2-agent scenarios

A set of scenarios were designed to first study the flexible agent configuration in a
context with a carbon dioxide emissions budget. A two-agent representation is used,
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Table 3: Case study settings.

Settings Definition

simulation periods 2020 - 2050

temporal steps 5-year step

timeslice
1 season, 1 representative day

with 6 diurnal timeslices*

sectors residential, power, and gas supply

regions single region model

data interpolation linear over years

tolerance on commodity demand 10 % deviation between iterations

CO2 budget Emissions to 500kt in 2050

budget method bisection

* The timeslice intervals are night, morning, afternoon, early peak, late peak, and
evening timeslices.

where the investment decisions of the agents in the residential sector are driven by
an objective that differs across each scenario. Namely, objectives are minimisation of
fuel consumption costs (FuelCosts), minimisation of levelised costs (LCOE scenario)
and a combination of these two objectives. The combination of these two objectives is
implemented such that there are cases where both agents have the same objective, and
where one agent has an objective of LCOE and makes up 30% proportion of the total
population, the other agent, which makes up the remaining 70%, has an objective of
FuelCosts. For a final contrasting scenario, these proportions are then inverted, so
that the agent with an objective of LCOE makes up 70% of the total population, and
the remaining 30% is made up by an agent with an objective of FuelCosts. Table 4
reports scenario names and conventions for these two-agent simulations.

6.2. Three-agent scenario

Next, a three-agent case-study was designed to show the impact of budget and
market share related interaction between agents. Specifically, we created three res-
idential agents types: an agent which does not have any constraints and can invest
in any technology, an agent which can only invest in technologies once the technol-
ogy makes up a minimum market share (set to 10% and calculated on the installed
technology capacity serving the same service, i.e. heat), and an agent which has an
capital budget constraint, which sets a limit on the unit technology cost that the
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agent can afford and filters out the technologies having a unit capital cost beyond a
defined threshold, set to 6MUSD/PJ/yr.

6.3. Data: settings

The scenario configuration in MUSE uses a TOML settings file (Tom’s Obvious
Minimal Language) where a simulation is defined in the input data presented in
section 4.3.1. The relevant settings used in the case study, are reported in Table 3.
The CO2 budget in all scenarios presented is to have systems emissions below 500kt
of CO2 by 2050.

As MUSE is a demand-driven model, investments and activity levels must fulfil
the demand of a certain commodity in a region. In these demonstration case studies,
heat demand drives the investments (see Figure 3 for the demand profile). The heat
demand remains distributed by timeslice in the same way from 2020 to 2050.

Figure 3: Yearly heat demand in PJ/y: as a total by year (left), as distributed by timeslice for 2020
(right); the slice would be apportioned the total heat demand maintaining the same share in each
milestone year. The slices are named as follows: ”n”: night, ”m”: morning, ”a”: afternoon, ”ep”:
early peak, ”lp”: late peak, ”e”: evening.

6.4. Data: agents

Among the full set of descriptors to distinguish agents, here we focus on differen-
tiation given by the objectives driving the investments in energy technologies.

Table 4 presents an overview of the agent characterisation in the two-agent sim-
ulation. No constraints are set on the level of maturity of the technologies or on the
consumer preferences regarding the technology type (search rule is set to all) for the
two-agent case. As such the technology search space which associates the existing
assets with a set of possible replacement technologies has no restrictions. A ”single”
decision method is used, meaning that a unique agent objective is driving the invest-
ment decisions for each agent: each one of the two agents uses a specific decision
metric (either LCOE or Fuel costs) depending on the scenario.
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Table 4: Two-agent scenarios: agent characterisation by scenario

Scenario Agent Objective Proportion

LCOE A1, A2 LCOE, LCOE 70%, 30%

FUEL A1, A2 Fuel Costs, Fuel Costs 70%, 30%

0307 A1, A2 LCOE, Fuel costs 30%, 70%

0703 A1, A2 LCOE, Fuel costs 70%, 30%

Table 5 displays the differences between the three agents in the three-agent sce-
nario. The technologies market share shows the market share required for a technology
before the agent will consider investing in the respective technology. The economic
budget constraint shows the maximum an agent will be willing to invest in that par-
ticular technology. The proportion column displays the size of the population which
the agent represents. The objective column displays the objective which is being
optimised for by each agent.

The three-agent scenario is designed to show the effects of a heterogeneous pop-
ulation on the final energy system. Some agents may be neutral when they do not
show any bias against innovations but can switch to novel technologies as soon as
they perform better than incumbent technologies in a way measured by the agent
objective. For instance, A1 can switch from boilers to heat pumps as soon as the car-
bon tax exceeds the value which makes their EAC (Equivalent Annual Cost) lower
than that of the boiler. Alternatively, a certain proportion of the population may not
have the same level of access to capital as other agents, or may be less willing to have
high expenditure on heating. To demonstrate this, an economic budget constraint is
placed on Agent A3, as shown in Table 5. The economic budget constraint represents
an upper bound to the capital which the agent is willing to spend when buying new
heating technologies. Finally, a proportion of the population may not have limits to
their spending capacity, and as such an economic budget constraint would not apply,
but may be unwilling to invest in a novel technology without this being proven to be
effective. To demonstrate this, a technology maturity level is placed on Agent A2.
That is, a technology must have a minimum market share before it is invested in for
Agent A2. A2 may fall in the consumer category often called ”followers”, generally
reluctant to novel technologies until these have been adopted by others.

6.5. Data: techno-economic data

Techno-economic data are used to parametrise technologies in terms of fuel con-
sumption and environmental emissions (Table B.6), economic variables (such as cap-
ital costs, fixed operating and maintenance costs, variable costs, and discount rate)
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Table 5: Three-agent scenario: agent characterisation

Agent Market Share
Economic

Budget Constraint
Proportion Objective

A1 0% None 40% EAC

A2 10% None 30% EAC

A3 0% 6MUSD/PJ/yr 30% EAC

(Table B.7), and capacity growth limits (in terms of maximum growth of asset re-
placement capacity per year, maximum asset replacement capacity per year, and total
asset capacity in a year) (Table B.8). In addition, the decommissioning profile of the
existing stock is defined by asset type as in Table B.9.

Techno-economic data are defined at specific milestone years, and interpolation
rules are used to estimate them in cases where milestone years fall between the input
data years (by default linear interpolation is used) and a flat-forward trajectory is
used after the last year that input data is specified for.
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7. Simple demonstration: results and discussion

The results are presented for the two case-studies: the two-agents scenarios, fol-
lowed by the three-agent scenarios. In each section, key results are discussed in terms
of emissions and technology diffusion variables and how these depend on agent defi-
nitions. In the appendix, Appendix C, costs, energy consumption, and emissions are
reported for each scenario and agent.

7.1. Two-agent scenarios

The four different scenario results are displayed in Figure 4. As can be seen from
the figures, the agent objectives have a significant impact on the technologies invested
in over the course of the simulation.

Firstly, in the FUEL scenario, where both agents have the objective to reduce
fuel costs, a clear preference is shown for heat pump technology. This is due to the
low fuel costs throughout the lifetime of the heat pumps. The transition in this case
occurs rapidly, with 100% investment in heat pumps by 2040. The transition driven
by the carbon price, occurs at a rate which depends on the technology growth rate
limits, which govern the diffusion of novel technologies owned by each agent.

Conversely, in the LCOE scenario, there is a large amount of investment in gas
boilers for both agents until 2045, being the LCOE for gas boilers cheaper than heat
pumps. However, the implementation of a carbon budget, through the imposition
of a carbon price, causes the transition from gas boilers to heat pumps. This is due
to the lower carbon emissions of heat pumps when compared to gas boilers. At the
same time gas becomes more expensive than electricity, which is partly generated
with wind turbines.

In the 0307 scenario, 30% of the population choose LCOE (A1) and 70% choose
fuel costs (A2) to decide on new investments. In this scenario, Agent A1 continues
to invest in gas boilers until 2050, when the carbon budget limit occurs in 2050. This
is similar to the LCOE scenario, where gas boilers are cheaper until the carbon is
sufficiently low. Conversely, Agent A2 invests primarily in heat pumps, similarly to
the FUEL scenario.

Finally, in the 0703 scenario, similar behaviour occurs to in the 0307, but with
different proportions. The LCOE objective agent primarily invests in gas boilers
until 2050. The Fuel objective agent invests in heat pumps. However, due to the
inverted population sizes there are more gas boilers than heat pumps in the system.

Figure 5 displays the system emissions of the previously discussed scenarios. The
trend is primarily due to the changes in the residential sector emissions. This figure
shows the significant impact that heterogeneous objectives has on the overall system,
from the perspective of carbon emissions. When a full electrification occurs in the
residential sector, the emissions drop as renewables are deployed in the supply side.
In the LCOE scenario, after the initial decline, emissions peak in 2045 before rapidly
decreasing in 2050. This is due to the high proportion of gas boilers.

The Fuel scenario is is opposite to the LCOE scenario, where emissions begin to
reduce significantly from 2020. However, there exists a significant amount of carbon
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Figure 4: Two-agent scenario results. Heat capacity (PJ/y) for Agent A1 (top) and Agent A2
(bottom)

emissions until 2050, due to the presence of gas turbines, CCGT.
In the 0703 scenario, emissions stay relatively high until 2045, where they suddenly

decrease. This is due to the high proportion of gas boilers invested in by the large
share of the population which has the LCOE objective. The inverse is true for the
0307 scenario, where emissions fall beginning in 2020. However, they do not fall
as quickly as in the FUEL scenario. In fact, the carbon price increase offsets the
difference in fuel costs between the two technologies compared to the difference in
their technology capital costs, which is in the order of ten per unit of PJ produced.
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Figure 5: Two-agent scenario results. Carbon emissions (kt/y)
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7.2. Three-agent scenario

In this subsection, we present the three-agent case study. Here, Agent A1 has no
spending limits and can invest in any technology, irrespective of market share. Agent
A2 also has no budget limits, but only invests in a technology once it has reached a
10% market share. Whereas Agent A3 has a budget limit of 6MUSD/PJ, but will
invest in any technology.

Figure 6 displays the technology results for supplying heat to the residential sector.
For agent A1 the EAC is cheapest for heat pumps after 2025. Heat pumps enter the
heating technology mix due to the carbon price which makes boilers less convenient
due to the higher carbon emissions and to the indirect carbon emissions paid on the
supply of natural gas, similarly to the previous scenarios.

Agent A2 only invests in heat pumps in 2035, five years after Agent A1 has invested
in them. This is due to the market share constraint, where 10% of the market must
be supplied by a technology before agent A1 will invest in it. Agent A3, however,
never invests in heat pumps. This is due to the high costs of heat pumps throughout
this example simulation.
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Figure 6: Three-agent scenario results. Heat capacities by agent (PJ/y)

Figure 7 displays the emissions profile between 2020 and 2050 for the case study
discussed. Emissions stay relatively stable until 2030, then the emissions begin to
reduce. This is largely due to the effect of the carbon budget. The system carbon
emissions maintain residual values, largely due to Agent A3, which is unable to afford
heat pumps. Interestingly, this scenario exemplifies how decarbonisation via carbon
price alone may be ineffective and exacerbate inequality. In fact, the proportion of
the population with limited spending capacity will pay more on their energy bills (as
natural gas will become more expensive) and still contribute to the emissions due to
their impossibility to buy more efficient, although more expensive, heating technology.

These simple examples of applications of the MUSE framework serve to highlight
the correct functioning of some basic features of the modelling environment. Far
more sophisticated models can of course be built, with many agents, sectors, regions,
commodities, technologies, etc. Furthermore, advanced model uses can code their
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own features, including agent objectives, decision rules, agent interactions, and more,
as described in this article.
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Figure 7: Three-agent scenario results. Carbon emissions (kt/y)

8. Conclusions

This paper presents the novel modelling framework MUSE, the ModUlar energy
systems Simulation Environment. MUSE is the first dedicated agent-based Integrated
Assessment Model (IAM) for the analysis of possible pathways of climate change
mitigation. At the highest level, it represents a partial equilibrium on the energy-
climate system, where the prices and quantities of each commodity modelled are
balanced in equilibrium via a market clearing algorithm. But the deeper novelty of
MUSE lies in its bottom-up agent-based modelling approach, where agents in each
sector can be characterised in terms of how they search for possible technologies, what
their objectives are, how they combine those objectives to make decisions, and how
they interact with other agents. Thereby, each sector can be modelled in a way that is
appropriate for that sector, with the intention that the combination of heterogeneous
individual agent motivations at sub-sector level filters within and between sectors,
leading to the emergence of macro phenomena. This can lead to improved insight
and better approaches to climate change mitigation.

It is a simulation model which enables consideration of energy transitions where
there is no assumption of perfect information, there is flexibility in spatial and tem-
poral resolution, and there is transparency of model code, ensured by open sourcing.
The model is available open source on a GitHub repository, which includes documen-
tation and demonstration files, aiming for transparency and reproducibility. MUSE
is a flexible modelling environment in the sense that temporal and spatial resolu-
tion are configurable. In terms of spatial resolution, the number of regions and their
characteristics (i.e. economic, technical, and environmental features) are completely
data-driven. Flexibility extends to the source code development, as model developers
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can implement their own agent approaches and interactions easily in MUSE. This
allows for more nuanced modelling of consumer behaviour and enables model users
to consider the factors that influence where, when and why certain approaches to
energy system change may or may not be successful, and builds a bridge between
energy modelling and social science.

Limitations to the modelling approach are primarily due to the data availability
for the agent parameterisation and validation, which may require access to economic,
social, and other databases and surveys. Most forms of this data, but not all, are
not available on a global level from the same platform, and the use of multiple data
sources might lead to inherent inconsistencies. Second, the agent characterisation can
introduce complexities in transforming ways with which social science would describe
specific behaviours and the mathematical representation of the agent behaviours.
Often, agent characterisation needs to be grounded on measurable data, thus creating
challenges for use of additional behavioural aspects which are difficult to measure.

Limitations also exist with respect to computational tractability. As the repre-
sentation of plausible energy system transitions implies a large number of consumers
to model, this would require a higher computational burden. For example, the global
implementation of MUSE, with 28 regions, currently needs several hours for a single
run. Limited foresight, a key feature for a realistic representation of future markets,
implies potential technology lock-in in the sense that it may concentrate actions based
upon the knowledge of a limited time horizon, without planning decisions over the
full time horizon. The limited foresight approach combined with absence of earlier
assets decommissioning may cause stranded assets for technologies with long life-
times. For instance, a future may evolve that has stricter emission caps than in the
foresight period, which the agents had not foreseen when they invested in relatively
high emissions technologies. The authors recognise that this is a feature closer to the
real world than projecting a relatively easy decommissioning of expensive assets, and
therefore consider it not necessarily a negative model feature, even though it makes
the solution approach more complex.

MUSE is a platform in constant development. Among the next priorities, is the
endogenous retirement of the existing stock. Continuous work is devoted to the
development of the agent characterisation, informed by more sophisticated search
rules and higher regional granularity.
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Appendix A. Methods

Appendix A.1. Model: investment algorithm

The maximum capacity expansion of each asset ∆A is limited by growth rate
constrained of the corresponding replacement technologies: growth rate on the maxi-
mum asset replacement addition, maximum asset replacement growth, and total asset
capacity limits.

If it is not possible for demand to be met by supply, based upon the aforementioned
constraints, a warning is flagged and the simulation suggests that the user checks and
updates the growth constraints.

G1 = Lr,t,y0 −
∑

τ

Ai,r,t,y1,τ (A.1)

G2 = (y1− y0)Mr,t,y0

∑

τ

Ai,r,t,y1,τ (A.2)

G3 = (y1− y0)Wr,t,y0 (A.3)

∆Ai,r,t,y,τ ≤ min(G1, G2, G3) (A.4)

∆Ai,r,t,y,τ ≥ 0 (A.5)

The demand of a commodity is distributed among agents depending on the quota
of the population they represent. For each agent, the demand is distributed to retrofit
and new agents (share algorithm). Retrofit agents are assigned a fraction of the fu-
ture demand which corresponds to the production of the decommissioned assets in the
next milestone year; the remaining demand is assigned to New agents. Replacement
technologies are sorted for each agent according to a cost matrix (A.15).

Drc,r,t,y =
∑

τ≤y1

αr,t,τβc,r,t,τ (Ai,r,t,y0,τ − Ai,r,t,y1,τ ) (A.6)

DIri,c,r,t,y = shi,tDrc,r,t,y (A.7)

Pi,c,r,s,t,u,y =
∑

τ≤y

αr,t,τβc,r,t,τAi,r,t,y,τ (A.8)

DIni,c,r,t,y = shi,tDnc,r,t,y (A.9)

The investments in replacement technologies are calculated on the highest times-
liced demand, if allowed by the growth limits. A cost matrix is calculated by each
agent which used it to sort the replacement technologies against its own assets. The
cost matrix is built against the agent’s objectives which are used to sort technolo-
gies on the filtered replacements determined after search rules, and additional factors
are accounted for. Currently two implementations are available of the investment
algorithm, one using an in-house algorithm based on a sequential sorting of the re-
placement technologies and a second one using a linear programming approach. In
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the first case, the cost matrix is sorted reducing the costs of the replacement tech-
nologies, whereas in the second case the cost matrix is simultaneously minimised on
all the dimensions. In all the cases, the method allows determining the replacement
capacity (abiding by the A.5 constraints) and their activity levels, which subjected
to upper and lower limit constraints, are set to meet the commodity demand.

min
∑

r,t,u

Ci,r,s|smax,t,u,yAi,r,t,u,y (A.10)

Ai,r,t,u,y ≥ 0 (A.11)
∑

s,t

Ai,r,t,u,y ≤ Gr,u,y (A.12)

∑

t,u

Pi,c,r,s,t,u,y ≥ Di,c,r,s,t,y (A.13)

Pi,c,r,s,t,u,y ≤ Ai,r,t,u,yαr,t,τβc,r,t,τws (A.14)

Pi,c,r,s,t,u,y ≥ Ai,r,t,u,yαr,t,τβc,r,t,τwsγr,s,t (A.15)

Trade assets are owned by the subsector of trading agents who can trade specific
subsets of commodities, with constraints on origin and destination regions and limits
on the asset capacity linking one region to another one. Trade repeats the demand
matching algorithm (A.15) but the search space is a vector of available replacements
rather than a matrix which maps assets against replacements. Trade adds a destina-
tion coordinate to the replacement technologies. For consistency, trade agents need
to work using the same objective, typically a proxy of the commodity price, such as
the LCOE is used.

min
∑

i,r,r′,u

Ci,r,r′,s|smax,u,yAi,r,r′,u,y (A.16)

Ai,r,r′,u,y ≥ 0 (A.17)
∑

s,t

Ai,r,r′,t,u,y ≤ Gr,r′,u,y (A.18)

∑

r′,t,u

Pi,c,r,r′,s,u,y ≥ Di,c,r,s,y (A.19)

Pi,c,r,r′,s,u,y ≤ Ai,r,r′,u,yαr,u,τβc,r,u,τws (A.20)

Pi,c,r,r′,s,u,y ≥ Ai,r,r′,u,yαr,u,τβc,r,u,τwsγr,s,t (A.21)

The modelling of investments in trade technologies follows the same logic as the
non-trade technologies and it is bounded by the minimum between maximum growth,
maximum capacity addition, and total capacity limit.
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G1 = Lr,r′,u,y0 −
∑

τ

Ai,r,r′,u,y1,τ (A.22)

G2 = (y1− y0)Mr,r′,u,y0

∑

τ

Ai,r,r′,u,y1,τ ≥ ∆Ai,r,r′,u,y,τ (A.23)

G3 = (y1− y0)Wr,r′,u,y0 ≥ ∆Ai,r,r′,u,y,τ (A.24)

Gr,r′,u,y = min(G1, G2, G3) (A.25)

∆Ai,r,r′,u,y,τ ≤ Gr,r′,u,y (A.26)

∆Ai,r,r′,u,y,τ ≥ 0 (A.27)

A warning is raised when the limit of a resource is reached in a region.

∑

i,r′,u,s

Pi,r,r′,s,u,y,τγr,s,t,τ ≤ Qc,r,y (A.28)

Appendix A.2. Model: market clearing algorithm

The market clearing algorithm is based on modelling a partial equilibrium using
comparative statics. The iterative method aims to reduce the deviation between
the supply and demand of a commodity, assuming that at the iteration k where the
new equilibrium is reached, Sk ≈ Dk+1, and is imposed setting the relative deviation
between two consecutive values of the demand or price lower than a tolerance. All the
variables have a commodity region, sub-year, and year dimension, which for simplicity
are dropped in the formulation. The formulation refers to the convergence in each
single milestone year, and for simplicity reports one-commodity, one-region static
equilibrium.

Sp −Dp = ep (A.29)

e = So+
∂S

∂p
∆p− (Do+

∂D

∂p
∆p) (A.30)

ek+1 − ek = Sk+1 − Sk −Dk+1 +Dk (A.31)

Dk+1 −Dk = −(ek+1 − ek) (A.32)

(ek+1 − ek)

Dk

≤ tol (A.33)

In the presence of a carbon price, Eq. A.33 is embedded within a carbon loop. The
carbon loop can use either a fitting method or a bisection method. The algorithm
is based on setting an explicit dependence on the carbon price compared to the
remaining fuels. Under the assumption that carbon price elasticities are higher than
own price elasticities (or cross-price elasticities with multiple commodities, then it is
dealt with first, neglecting all the remaining contributions.
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The demand of a fuel is then multiplied by its supply chain emissions and set
equal to the budget. The analytic formulation of the budget is then solved using a
fitter, normally a first-order Taylor expansion, which returns a linear relation between
emissions and carbon price.

S = Sp,cp (A.34)

D = Dp,cp (A.35)

em(Do+
∂D

∂p
∆p) = budget (A.36)

The bisection method uses an initial seed price value and is given a range of
variability. The algorithm follows the convention of a bisection method, which follows
a sequence of steps aiming at halving the magnitude of the carbon prices investigated,
therefore the numerical method is not reported here.

The carbon budget algorithm might incur into plateaux situations where the in-
crease in carbon price does not result in emission reduction. This happens typically
because of technology constraints available in the system due to the existing stock of
technology assets or limits to the uptake of asset replacement. The exit rule assigns
a maximum increase in the last converged carbon price, typically equal to a 10 %
exponential increase applying a principle of the Hotelling’s rule escalation.

A second important issue for the convergence is the selection of the starting point
of the iterations. Normally a value of 1 USD per t of CO2 is used as a good starting
value, but higher seed values might require in systems where rapidly shrinkage in the
carbon budgets is requested.
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Appendix A.3. Symbols

Acronyms

ABM agent-based model

CAPEX capital cost per unit of capacity

CCGT combined cycle gas turbines

EAC equivalent annual costs

ESM Energy Systems Model

FOM fixed operating and maintenance cost per unit of capacity

GHG Greenhouse Gases

IAMC Integrated Assessment Modelling Consortium

IAM(s) Integrated Assessment Model(s)

LCOE levelised cost of energy

MaxA maximum capacity addition

MaxG maximum growth in capacity

SSP (s) Shared Socio-economic Pathway(s)

V AR variable operating costs per unit capacity

Indices

i agent in a region (retrofit, new, trade)

t asset technologies (after investment)

u replacement technologies (during investment)

c commodities

s timeslices

smax timeslices with highest demand

r, r
′

regions

y milestone year

y0 current year

y1 investment year, typically next milestone year)

τ asset replacement installation year
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Indices

Ai,r,(r′),t,u,y agent asset

Ai,r,(r′),s,t,u,y agent asset by timeslice

∆Ai,r,(r′),u,y,τ added capacity

budget carbon budget

Ci,r,(r′),s|smax,t,u,y cost matrix

Dp demand of a commodity by year, region,
and timeslice

DIri,c,r,t,y demand of a commodity by agent

Drc,r,t,y retrofit demand of a commodity

DIni,c,r,t,y new demand of a commodity by agent

Dnc,r,t,y new demand of a commodity

ep excess of a commodity by year, region,
and timeslice

k generic market iteration

Gr,(r′),u,y maximum capacity to invest in for each replacement

Lr,(r′),u,y total capacity limit of each replacement

Mr,r′,u,y0 maximum addition to each replacement

p price of a commodity by year, region,
and timeslice

Pi,c,r,(r′),s,u,y production of a commodity

Qc,r,y commodity availability in a region in a year

Sp supply of a commodity by year, region, and timeslice

shi,t share of demand for agent and technology

Wr,r′,u,y0 maximum invested capacity

αr,t,τ utilisation factor

β(c, r, t, τ) fixed output

γ(c, r, t, τ) fixed input

ws fraction of year hours associated to a timeslice

γr,s,t minimum service factor

tol maximum deviation between iterations
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Appendix A.4. Overall MUSE program flow

1. Based on MUSE configuration data, configure a model instance with the indi-
cated commodities in the MCA, and appropriate sector modules populated with
base year stock, possible future technologies, agents (with search rules, decision
strategies, etc) and service demands.

2. The MCA sends regional commodity price and demand to all sector modules.
This includes the CO2 price. To enable initial investment decisions, exogenous
commodity prices are used in the first time period only.

3. Execute demand sectors, then conversion sectors, followed by supply sectors.
After each sector is executed, the resulting regional commodity demand, pro-
duction and price are returned to the MCA and updated.

4. Check balance of commodity demand minus supply in each time slice and each
region. If not balanced, flag error and exit. If balanced, return updated prices to
demand sectors and repeat (2) – (3) until iteration limit exceeded or commodity
prices converged within a set tolerance. If iteration limit exceeded flag error and
use last converged price. If prices converged, move to (5).

5. Compute cumulative emissions from the activity in (3). Store emissions. If
below period-specific budget, repeat (2) – (4) with a lower CO2 price. If above
budget repeat (2) – (4) with a higher CO2 price.

6. Repeat (5) a configurable number of times. Compute polynomial coefficients of
CO2-price elasticity of emissions and solve for the intersection of this polynomial
with the CO2 budget to find the CO2 price for this period.

7. Subsequent time periods proceed as (2) – (6) using flat forward commodity
prices in (2) (including CO2 price) equal to the converged prices in the previous
period.

For any sector module execution is as follows:

1. Sector module receives the regional commodity price and regional commodity
demand in the current and next time periods from the MCA.

2. For each commodity demand and price the sector module algorithm uses sector-
and region-specific agent-based dispatch and investment decisions to fulfil current-
period demand and build capacity for future-period demand. Current-period
dispatch is calculated from the converged prices saved from the previous time
period. Future-period investment is calculated from converged prices based
on demand and CO2 budget in the next time period, as described in (2)-(6)
above. a. For non-traded commodities and service demands, regular sector-
and region-specific dispatch and investment decisions are applied. b. For traded
commodities, proceed as (a) but with operating and investment decisions based
on the price of globally traded commodities. Traded commodities compete to
serve demand based on long-run-marginal-cost on a sectoral and regional basis
until the market is cleared, with each region in turn serving its own commodity
demand using the cheapest supply available until the market is cleared. Trade
infrastructure capacity and production process capacities are updated.
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3. Sector module sends updated commodity prices and their production level (if
any commodities are produced by that module) and commodity consumption
(if any commodities are consumed by that module) back to the MCA where
they are updated.

Appendix B. Technology characterisation: techno-economic data

Table B.6: Input and output commodities by technology; energy values in PJ/PJ; emissions values
in kt CO2/PJ

Technology Year Input Primary Output Environmental Output

gas boiler 2020 1.16 (gas) 1 (heat) 64.71 (CO2)

heat pump 2020 0.4 (electricity) 1 (heat) 0 (CO2)

CCGT 2020 1.67 (gas) 1 (electricity) 91.67 (CO2)

wind 2020 1 (wind) 1 (electricity) 0 (CO2)

gas supply (1) 2020 0 (gas) 1 (gas) 1.53 (CO2)

gas supply (2) 2020 0 (gas) 1 (gas) 9.18 (CO2)

gas supply (3) 2020 0 (gas) 1 (gas) 16.83 (CO2)
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Table B.7: CAPEX (capital investment per unit of asset capacity, MUSD/PJ), FOM (fixed operating
and maintenance cost per unit of asset capacity, MUSD/PJ), VAR (variable operating costs per unit
of asset capacity, MUSD/PJ), Utilisation factor (fraction of operating hours in a year over the total
number of hours), Interest rate (equivalent to hurdle rates, dimensionless)

Technology Year CAPEX FOM VAR
Utilisation
Factor

Interest
rate

gas boiler 2020 5 0.5 0.34 0.95 0.1

heat pump 2020 50 5 3.34 0.95 0.1

CCGT 2020 23.78 2.38 1.59 0.9 0.1

wind 2020 36.3 3.63 2.42 0.4 0.1

gas supply (1) 2020 54.47 36.31 24.21 0.9 0.1

gas supply (2) 2020 96.66 64.44 42.96 0.9 0.1

gas supply (3) 2020 138.85 92.57 61.71 0.9 0.1

Table B.8: Asset investment parametrisation. MaxA (maximum capacity addition, PJ/y), MaxG
(maximum growth in capacity, %), Total (total capacity limit, PJ/y), Technical Life (number of
years for the assets to operate, years)

Technology Year MaxA MaxG Total
Technical

Life

gas boiler 2020 10 0.2 100 10

heat pump 2020 10 0.2 100 10

CCGT 2020 25 1 100 35

wind 2020 25 1 100 25

gas supply (1) 2020 2 0.2 100 10

gas supply (2) 2020 5 0.2 100 10

gas supply (3) 2020 7 0.2 100 10

35



Table B.9: Technology decommissioning profile. All values in PJ/y

Technology 2020 2025 2030 2035 2040 2045 2050

gas boiler 11 7 0 0 0 0 0

heat pump 0 0 0 0 0 0 0

CCGT 1 0.5 0 0 0 0 0

wind 0 0 0 0 0 0 0

gas supply (1) 30 5 0 0 0 0 0

gas supply (2) 0 0 0 0 0 0 0

gas supply (3) 0 0 0 0 0 0 0
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Appendix C. Additional output: metrics by agent-scenario
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Table C.10: Two agent case study expanded results and metrics for the LCOE and 0703 scenarios. Units in table are as follows: LCOE: $MUSD/PJ
heat, fuel costs (fuel) $MUSD, energy supplies: PJ/year, emissions: kt CO2, CO2 price: USD/t, electricity and gas price: $MUSD/PJ.

Scenario Type Variable Unit 2020 2025 2030 2035 2040 2045 2050

LCOE Gas boiler LCOE $MUSD/PJ 18.76 15.24 17.28 11.19 17.4 17.42 17.42
LCOE Heat pump LCOE $MUSD/PJ 18.69 17.5 17.26 17.26 17.26 17.26 17.26
LCOE Primary energy Gas PJ 11.6 8.47 8.68 8.68 9.65 9.65 2.86
LCOE Secondary energy Electricity from gas PJ 0 0.45 0 0 0 0 0
LCOE Secondary energy Electricity from wind PJ 0 1.22 1.67 2.01 2.01 2.34 5.01
LCOE Final energy Electricity PJ 0 1.67 1.67 2.01 2.01 2.34 5.01
LCOE Final energy Gas PJ 11.6 7.71 8.68 8.68 9.65 9.65 2.86
LCOE Service demand Gas boiler PJ 10 6.65 7.48 7.48 8.32 8.32 2.47
LCOE Service demand Heat pump PJ 0 4.18 4.18 5.02 5.02 5.85 12.53
LCOE Emissions Gas kt CO2 17.76 12.96 13.29 13.29 14.77 14.77 4.38
LCOE Emissions Power kt CO2 0 41.25 0 0 0 0 0
LCOE Emissions Residential kt CO2 647.1 430.32 484.25 484.25 538.17 538.17 159.62
LCOE Emissions Total kt CO2 664.86 484.53 497.54 497.54 552.94 552.94 164
LCOE Prices CO2 $USD/t 0 201 195 226 132 228 228
LCOE Prices Electricity $MUSD/PJ 3.65 2.16 1.1 1.1 1.1 1.1 1.1
LCOE Prices Gas $MUSD/PJ 3.31 3.43 3.43 3.44 3.41 3.44 3.44

0703 Gas boiler LCOE $MUSD/PJ 17.99 16.8 18.14 17.29 17.38 17.38 17.38
0703 Heat pump LCOE $MUSD/PJ 18.69 18.03 17.51 17.33 17.33 17.33 17.32
0703 Gas boiler fuel $MUSD 0.41 0.19 0.12 0.07 0.14 0.23 0.16
0703 Heat pump fuel $MUSD 0.15 0.17 0.04 0.01 0.03 0.04 0.03
0703 Primary energy Gas PJ 11.6 11.86 10.9 7.3 7.17 7.22 2.57
0703 Secondary energy Electricity from gas PJ 0 0.45 0.34 0.22 0.25 0.28 0.34
0703 Secondary energy Electricity from wind PJ 0 0.05 0.76 2.39 2.75 3.06 4.97
0703 Final energy Electricity PJ 0 0.5 1.1 2.61 3 3.34 5.31
0703 Final energy Gas PJ 11.6 11.11 10.33 6.93 6.75 6.75 2
0703 Service demand Gas boiler PJ 10 9.58 8.91 5.98 5.82 5.82 1.73
0703 Service demand Heat pump PJ 0 1.26 2.76 6.52 7.51 8.34 13.27
0703 Emissions Gas kt CO2 17.76 18.16 16.69 11.17 10.98 11.05 3.94
0703 Emissions Power kt CO2 0 41.25 31.35 19.88 22.9 25.44 31.35
0703 Emissions Residential kt CO2 647.1 619.81 576.35 386.86 376.72 376.72 111.73
0703 Emissions Total kt CO2 664.86 679.23 624.39 417.91 410.6 413.21 147.02
0703 Prices CO2 $USD/t 0 189 219 239 226 228 228
0703 Prices Electricity $MUSD/PJ 3.65 4.44 2.51 1.51 1.49 1.49 1.4
0703 Prices Gas $MUSD/PJ 3.31 3.43 3.44 3.44 3.44 3.44 3.44
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Table C.11: Two agent case study expanded results and metrics for the FUEL and 0307 scenarios. Units in table are as follows: LCOE: $MUSD/PJ
heat, fuel costs (fuel) $MUSD, energy supplies: PJ/year, emissions: kt CO2, CO2 price: USD/t, electricity and gas price: $MUSD/PJ.

Scenario Type Variable Unit 2020 2025 2030 2035 2040 2045 2050

FUEL Gas boiler fuel $MUSD 0.41 0.18 0.1 0.07 0.14 0.23 0.16
FUEL Heat pump fuel $MUSD 0.15 0.08 0.033 0.03 0.07 0.15 0.13
FUEL Primary energy Gas PJ 11.6 10.51 9.01 9.56 8.91 8.91 8.91
FUEL Secondary energy Electricity from gas PJ 0 1.67 3.68 4.01 5.33 5.33 5.33
FUEL Secondary energy Electricity from wind PJ 0 0 0 0 0 0.33 0.67
FUEL Final energy Electricity PJ 0 1.67 3.68 4.01 5.33 5.67 6
FUEL Final energy Gas PJ 11.6 7.71 2.86 2.86 0 0 0
FUEL Service demand Gas boiler PJ 10 6.65 2.47 2.47 0 0 0
FUEL Service demand Heat pump PJ 0 4.18 9.2 10.03 13.33 14.17 15
FUEL Emissions Gas kt CO2 17.76 16.09 13.79 14.64 13.64 13.64 13.64
FUEL Emissions Power kt CO2 0 153.39 337.35 367.9 488.91 488.91 488.91
FUEL Emissions Residential kt CO2 647.1 430.32 159.62 159.62 0 0 0
FUEL Emissions Total kt CO2 664.86 599.8 510.75 542.16 502.54 502.54 502.54
FUEL Prices CO2 $USD/t 0 43 50 95 107 147 197
FUEL Prices Electricity $MUSD/PJ 3.65 2.21 2.62 3.42 3.64 4.17 4.79
FUEL Prices Gas $MUSD/PJ 3.31 3.39 3.39 3.4 3.4 3.42 3.43

0307 Gas boiler LCOE $MUSD/PJ 12.78 9.37 11.44 13.37 17.1 19.73 17.33
0307 Heat pump LCOE $MUSD/PJ 18.69 17.48 17.52 17.63 17.63 17.73 17.68
0307 Gas boiler fuel $MUSD 0.95 0.43 1.9E-17 0.16 0.32 0.54 0.39
0307 Heat pump fuel $MUSD 0.36 0.15 7.6E-18 0.08 0.16 0.33 0.21
0307 Primary energy Gas PJ 11.6 9.92 9.16 9.93 8.52 8.81 5.91
0307 Secondary energy Electricity from gas PJ 0 0.45 1.85 2.14 2.32 2.32 2.32
0307 Secondary energy Electricity from wind PJ 0 0.72 0.72 0.67 1.41 1.65 2.98
0307 Final energy Electricity PJ 0 1.17 2.57 2.81 3.73 3.97 5.3
0307 Final energy Gas PJ 11.6 9.17 6.06 6.35 4.64 4.93 2.04
0307 Service demand Gas boiler PJ 10 7.91 5.23 5.48 4 4.25 1.76
0307 Service demand Heat pump PJ 0 2.93 6.44 7.02 9.33 9.92 13.24
0307 Emissions Gas kt CO2 17.76 15.19 14.02 15.21 13.04 13.48 9.05
0307 Emissions Power kt CO2 0 41.25 170.02 196.48 212.8 212.8 212.8
0307 Emissions Residential kt CO2 647.1 511.53 338.22 354.4 258.84 275.02 113.57
0307 Emissions Total kt CO2 664.86 567.97 522.26 566.08 484.68 501.3 335.41
0307 Prices CO2 $USD/t 0 109 104 136 166 223 264
0307 Prices Electricity $MUSD/PJ 3.65 1.98 2.89 3.44 3.34 3.81 3.45
0307 Prices Gas $MUSD/PJ 3.31 3.41 3.4 3.41 3.42 3.44 3.45
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Table C.12: Three-agent case-study expanded results and metrics. Units in table are as follows: EAC: $MUSD/PJ heat, energy supplies: PJ/year,
emissions: kt CO2, CO2 price: USD/t, electricity and gas price: $MUSD/PJ.

Type Variable Unit 2020 2025 2030 2035 2040 2045 2050

Gas boiler EAC $MUSD/PJ 25 17 20 22 24 26 27
Heat pump EAC $MUSD/PJ 14 13 15 18 19 21 22
Primary energy Gas PJ 11.6 11.38 11.59 10.43 6.64 6.93 5.22
Secondary energy Electricity from gas PJ 0 0.45 0 0 0 0 0
Secondary energy Electricity from wind PJ 0 0.22 0.67 1.4 3.04 3.28 4.2
Final energy Electricity PJ 0 0.67 0.67 1.4 3.04 3.28 4.2
Final energy Gas PJ 11.6 10.63 11.59 10.43 6.64 6.93 5.22
Service demand Gas boiler PJ 10 9.16 9.99 8.99 5.73 5.98 4.5
Service demand Heat pump PJ 0 1.67 1.67 3.51 7.61 8.19 10.5
Emissions Gas kt CO2 17.76 17.42 17.75 15.96 10.17 10.61 7.99
Emissions Power kt CO2 0 41.25 0 0 0 0 0
Emissions Residential kt CO2 647.1 592.74 646.67 581.64 370.57 386.75 291.2
Emissions Total kt CO2 664.86 651.41 664.42 597.6 380.74 397.36 299.19
Prices CO2 $USD/t 0 334 182 189 176 176 176
Prices Electricity $MUSD/PJ 3.65 5.34 1.1 1.1 1.1 1.1 1.1
Prices Gas $MUSD/PJ 3.31 3.47 3.43 3.43 3.43 3.43 3.43
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