Social networks save energy: optimising energy comsiption in an
eco-village via agent-based simulation:

Majd Hawas;/ School of Informatics, University of Edinburgh
David Corne, School of Mathematical and Computeer&es Heriot-Watt University
Sue Roaf, School of the Built Environment, HerioaWniversity

Abstract

Energy-conscious communities are continually cingiéel to optimise the usage of electricity, maxingsthe
benefits obtainable from generating systems (sscphatovoltaics and wind turbines) and minimisihg teliance
on the national supply. Achieving an ideal balamcecomplicated by many factors, including the fuating
availability of supplies that depend on solar anddageneration, and the varying patterns of dorassiage. It
seems clear that optimising the net energy balanaecommunity depends on the degree to which hmiders can
be persuaded to modify their usage patterns. Weidentwo questions that arise in this area. Figsten a
collection of realistic preferences and constraimtsisage patterns for individual households, wegree of energy
saving is possible by optimising ‘within’ these far@nces and constraints? Second, what amountseof\e saving
are possible when the community exploits its soo&twork by sharing the usage of electrical appksf® These
questions are investigated in the context of tleamed experimental Riccarton Ecovillage (20 hom&shodel of
the Riccarton Ecovillage was implemented using tRepast.Net agent-based modelling (ABMYIkit, and the
model was simulated under a range of scenariogatticular, optimisation methods were wrapped adotire
simulation model, exploring the space of usageepast (within given constraints and preferencesjind
effective combinations of electricity usage scheduthat minimised dependence on the national sugply
findings are: evolutionary algorithms perform peutarly well at this difficult optimisation task; edest savings of
5—10% are achievable under standard assumptionssavings of 35—40% are achievable in communities t
exploit their underlying social network.

1. Introduction

Any community of interacting individuals is @mplex system. In general, such a system of
interconnectedandinterdependett structuredcomponernts exhibits behaviour that is difficult
or impossible to predict when we use simplified model$ iipaore the temporal and spatial
heterogeneities inherent in the system. This is espediglgase whetihe components themselves
exhibit nondeterministic stochastic behaviolnderstanding théehaviour of a complex
system is a major problem. Even if the structure ardhvieur of individual components of a
complex system can be captured and described clebdybehaviour of the complex system
depends also on the complicated interaction map of itgpooents, making the whole more than
the sum of the parts.

The difficulties in understanding and controlling complegtegns are particularly salient in the
context of many contemporary challenges, including, itiqudar, the global need to reduce our
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reliance on fossil fuels. In addressing these challengesften need to predict and/or control the
behaviour of systems that we don’t yet understand. Thisbeaparticularly damaging when it
goes wrong. However, the relatively new field of scee called complexity science is
attempting to developppropriatemethods to handle andndestand system complexity.
One prominent tool that emerges from complexity sciendbeisuse of agent-based modelling
(ABM) — also known as Individual Based Modelling (IBMHdod, 1998; Gimblett, 2002;
Edmonds, 2005). For example, if we wish to predicteihergy consumption of a community of
1,000 people over a year, one way to do this would bee@msure the energy consumption of a
community of 100 people over 6 months, and multiply tha0. This is obviously immensely
simplified, and makes several strong assumptions aboueldteonship between the number of
people in a community and that community’s energy womgion. Perhaps the crudest
simplification in this simplified model is the absence of &agtor other than the number of
people and the time period. At the other extreme, one ¢maldine a sophisticated model of the
community whose energy consumption we are aiming tdigiteRather than use simplifying
assumptions, such a model encodes distinct behaviourgaint of the individuals in the
community, realistic time-varying schedules for factorshsas sunlight and weather, and also
encodes reasonable and stochastic rules for the intesadbetwveen individuals and their
responses to external factors. Obtaining predictions fraoch sa model then arises from
simulating the model — i.e.: running the agent-based simonla and observing and collating the
results.

Such a simulation based model also allows us to explorat-iilquestions, and can be used as a
tool to explore all variety of questions concerning howdbponents of a complex system — in

this case, behavioural policies of households and communiiign regard to energy usage —

might be designed to achieve specific outcomes. In péatic by using the agent based

simulation within an optimisation procedure, we can autoftisearch through the space of

ideal policies in order to optimise the resulting behavidtin® system.

In the context of an eco-village which has its own meangeerate electricity (its own
microgrid), one question that can be explored is how thevidlage community might maximise
the use of its own supply, and minimise its reliance om#i®nal supply — i.e. how the village
can reduce its net use of the national supply. What mtkesa complex challenge is the
fluctuating and unpredictable nature of the microgrid, whidh be dependent on sunlight and
wind, and the difficulty of electricity storage. Meanwhiladividual households tend to have
patterns of electricity consumption that vary within preadte bounds (e.g. TV mostly in the
evening, washing machine usually in the morning on addg, etc...), and preferences and
‘comfort zones’ around those bounds. For exampleusehold that tends to use its dishwasher
between 8 and 10pm might be easily persuaded to dehttsi consumption between 7pm and
8:30pm for the benefit of the community, but would notapeenable to shifting this usage to
11:00am.

The first question that we explore is: given a collectibrealistic preferences and constraints on



usage patterns for individual households, what degremergy saving is possible by optimising
‘within’ these preferences and constraints? This quegoaxplored using an agent based
simulation model of the planned Riccarton eco-village irctvidiffering but realistic preferences
and constraints are assumed for each household, alsticedata is used to inform the time-
varying level of electricity supply available from the vikég)own microgrid.

Second, what amounts of energy saving are possible wieenothmunity exploits its social
network by sharing the usage of electrical appliancegad lguestions are investigated in the
context of the planned experimental Riccarton Ecovillageh@mes). A model of the Riccarton
Ecovillage was implemented using thRRepast.Net agent-based modelling (ABkdplKkit,
and the model was simulated under a range of dondit In particular, optimisation
methods were wrapped around the simulation modelpeng the space of usage patterns
(within given constraints and preferences) to ffiiéctive combinations of electricity usage
schedules that minimised dependence on the natsupgdly. Our findings are: evolutionary
algorithms perform particularly well at this difficult optimisatitask; modest savings of 5—10%
are achievable under standard assumptions, but saving35-6#40% are achievable in
communities that exploit their underlying social network.

The remainder of the paper is set out as follows. Inase2t we briefly review the concept of an
eco-village, and describe some details of the planneevilage in Riccarton, Edinburgh. In
section 3, we briefly introduce the Repast system — teatdzased modelling toolkit used in this
study, and then broadly describe how it was used to IntbedeRiccarton eco-village. Section 4
then explains how we use optimisation methods wrappaehdrthe agent-based model in order
to find sets of usage patterns that combine to maximabb\snefit. This section discusses the
two main optimisation experiments. Section 5 presents thégepartly from the viewpoint of
competing approaches to the optimisation task, but largefty the viewpoint of the solutions
achieved for the task at hand, comparing the relative i&naVailable via organising
consumption in the context of a social network. We preaeoncluding discussion in section 6.

2. Eco-villages

The concept of ecovillages has emerged in responsattoal eco-systentdeteriorationand
climate change. It is regarded as one kind of the broadecept of intentional communities,
where people live together in communities that share cominelefs and intentions
(Wikipedia, 2009). Ecovillages are self-sustained, eco#dlgisustainable intertional
communities, where a small group of people (50-500) loee and develop naturally ia full-
featured environmem which is also ecologically-, economically- and socilgalthy
[Gilman,1991; Kasper, 2008) People living in an ecogélashare the responsibilities of the
community, whileenjoying the warmth of close relationships and a dense Isnekork.



Ecovillages are characterized usudtly:

e harmless integration with natureG{man, 1991)through the promotion of recycling
behaviour, the aoidance of toxic substances and the exploitation of remmient-
friendly power sources, using wind turbines, photovoltatar systems, geothermal and
biomassplarts, rather than fossil fuel. Ecovillages have been estalligheprove that
full-featured communities can live and develop with minimum carbon avakte
footprint.

» urban design strategies that lower the environmental ingfatbe community: buildings
in an ecovillage are characterized by a higher degree diflatisn and proper
architectural form to achieve the best energy use efficiency. Buildiags usually
oriented to be exposdt the highest level of solaradiation. Also, alternatie water
and sewage processing systems wrized.

e ‘green’trends in lifestyles, exhibiting more cooperatand less consumerism.

Ecovillages are also ideal examples of real-world comglgstems that can be studied and
modelled, with the overall aim of understanding how ithteractions between individuals’
behaviour, community polices, and the natural environmepaatnon key issues such as energy
usage and carbon footprints.

2.1Riccarton Ecovillage and Living Laboratory (REALL)

The Riccarton Ecovillage and Living Laboratory is a 2@i$ehold village that will be built at
the maincampus oMHeriot-Watt University in Riccarton, Edinburgh. The project haseeged
as a multidisciplinary initiative by the Energy Academy in the University, be a whole-
system approach to study the “performance of enegy and supply in buildings” (Energy
Academy Heriot Watt, 2009Y.he project aims to design, build and then thoroughly morator
inhabitedecorvillage. The project is expected to help reach bettaderstandingf the effects

of behaviour adaptationon energy demand, the energy performance of difteneaterials,
forms and designs, ando thoroughly investigate various power generation metlodsite,
renewable and non-renewable. The project aims to goai unique insight into the reality of
how occupied buildings actually work in practice to prowddéa to underpin emerging standards
and recommendations designed to meet the low cadrgats for the economy and greenhouse
gas reduction, and to inform decision makers, stakemmldesearchers and people with real
findings on the new climate-adapting built environment (Fba4l., 2009).

The village will comprise five blocks of four houses. Ale houses will have the same size,
form andorientation,but will differ in their methods of construction and miatks. The houses
will be occupied by postgraduate students who pétticipatein researching and monitoring
energy performance aspects including “thernsalbon, acoustic, water, waste, climatic and
environmental performance, costs and impactxotipied homes” (John Gilbert, 2008).



The village will have a private microgrid, containing anav turbine andphotovoltaic solar
panels for each house. The microgrid should satisfyetrergy needs of the village, but it
would be linked to the general grid for backpprposes.

3. Modelling the REALL
3.1 On Modelling complex systems

A complex ‘system’ is a collection of interconnected artdrolependent structured components
(wikipedi, 2009), often exhibiting some characteristimézgent’ behaviour (Boccara, 2004). In a
complex system, the number of features and componentsuially moderate or large, and the
interactions between the components are usually ntmrdimistic. From one viewpoint, the
‘essence’ of a complex system is simply that the outcoitkeese complex interactions (in other
words, the medium and long term behaviour of the sy#tteelf), tends to defy understanding and
prediction by currently known analytic methods.

A classic example of a complex system is the weatie are all familiar with the
attempts to predict weather by meteorological enaround the world, but perhaps we
are less familiar with the fact that the accuratyveather predictions tends to be rather
poor, and degrades sharply the further in advasteei prediction (Stern, 2008). The basis
of weather prediction is a model of the atmosphlea¢ treats it as a collection of adjacent
air masses, each with dimensions on the order ygicélly) 4km. A weather model
attempts to simulate the interaction between thmmasses using physical laws which,
given initial estimates of temperature, pressunadvspeed, wind direction and various
other measurements for each mass, determine tles sththese parameters after a given
length of time (e.g. 5 minutes later). This procéssiterated in order to develop
predictions over longer timescales. When it conwesvéather prediction, the physical
laws tend to be well understood, but the qualityhaf prediction relies crucially on our
knowledge of the initial conditions.

This example helps introduce some key aspects ®fl#\Bt is clear to most of us that, as
we move ahead in computer processing power, andldeeto model the atmosphere with
finer-grained detail (larger meshes of smallemadisses), and are able to more accurately
measure, and hence provide, initial conditionheorhodels, then weather prediction will
gradually improve. Few have any argument with thesgcause it is clear that the weather
we see is a result of physical laws, and weathmulsition simply models and simulates
those laws. The key to appreciating the power ofM&B- where we typically model
interacting intentional agents, rather than airseasand such — is that much the same can
be said of the rules than underpin (e.g.) humaeraation, or some other aspects of
human behaviour that we may wish to model. If wa characterise (e.g. in terms of



‘what’, and ‘how often’) the typical interactionbat occur between the agents that we
wish to model, then an ABM simulation of the systemin the case of most complex
systems, a highly effective, and perhaps the amfjy to generate predictions of overall
behaviour for that system. The increasing popuylaitd success of ABMs (Hartmann,
2005), now being explored for many applicationsmscexamples are listed in section
3.3), is partly down to the fact, when well designiey produce plausible and actionable
results — essentially their predictions fit datad alo so better than any available non-
ABM models. For example, one broad class of pddity simple ABM models are so-
called cellular automata (CA), and CA based modélhe spread of HIV infected cells
within sufferers (in which an ‘agent’ is a cell)ese to reproduce the complex dynamics of
healthy vs infected cell concentration over timat ils revealed by observations of patients
(dos Santos and Coutinho, 2001; Corne and Frisi@6)2 This match with observed data
has to date eluded a variety of mathematical mimdedpproaches, but is achieved by an
ABM with a set of simple but plausible rules foretlinteractions over time between
spatially neighbouring agents.

ABMs are a key tool arising from the relatively newldief science called Complexity Science,
which is attempting to develogppropriatemethods to handle andndestand system
complexity (Edmonds, 2005). Thatvolves discovering the patternsthat recur in complex
systems, developing themathematicalfoundations of complexity, and creating tool sets to
facilitate the study; e.g. tunderstandomplex data (e.g. using machine learning techniques),
to create and evaluate models of complex systems (sigg cellular automataand agent-
based modelling), antb measurethe complexily in systems (Shalizi, 2006). Research
in Complex Systems is interdisciplinary, spannpgsical, ecological, economical, social and
political sciences, in addition twomputing.

3.2 Simulation and Optimization

By enabling simulations of a complex system, an agased model (or similar type of model) is
excellent for exploring basic "what-if' s that explore ttonsequences of the assumptions and
starting conditions from which it is developed, but this in itdedfs limitations for the
management of such a complex system. When we havéheumodel several times and have
therefore characterized ‘what will happen’, an entirgpjidal is that we would rather something
different happened, and our goal is to find out how taupethe initial conditions in such a way
that our ideal outcome matches the emergent behavidhe afystem. For example, our model of
the placement of fire exits may, according to our agasetd model, mean that the building takes
20 minutes to evacuate, however we want this to happ#&h minutes. How do we position the
fire exits to achieve this goal? The agent-based maalehat by itself answer our question.
Meanwhile a naive (but sometimes the only viable) ambroa to make inspired guesses of
suitable designs and then run the model to see the oaitobmhmese guesses — e.g. experiment
with different fire exit placements until we happen upon animig design. But this approach



tends to be untenable for two main reasons. First,uhwar of possible configurations is usually
enormous, far too many to explore by repeated simuatatecond, and recalling the essence of
complex systems, the better designs may well be coimtetive, and unlikely to be among
those that would be chosen for our simulation experiments.

Agent-based models thereby provide a partial solution tondeel to identify ways tadesign
aspects of complex systems so that they will meet desiredtestents for behaviour, but they
cannot do the entire job. Increasingly, this gap is beifed fby optimisation algorithms. An
optimisation is simply an iterative (usually) and fully autosdaprocess for finding the set of
parameters that is ‘best’ according to a particular oreasf quality. In the context of agent-
based models of complex systems, the measure of quoaigytypically be the distance between
the desired outcome (e.g. 95% of the population ofllage become regular users of the
recycling bins within 2 years) and the actual outcome @fstmulation, perhaps averaged over a
number of trials (e.g. for a certain configuration ofeintives and policies, the simulation may
yield 90% of the population as recyclers within 2 years). oftimisation algorithm attempts
efficiently to search the space of possible systemigaradtions, aiming to find good solutions
reasonably quickly. Optimisation of complex problemd/ansimulations is gaining increasing
interest (Laguna, 1997; Fu, 2002; Olafsson & Kim, 20®2et al, 2005). A number of different
optimization algorithms are available, arising from variousfislds of mathematics and of
computer science. For problems with large discrete soluspaces,metaheuristicsand
randomseart provide a variety of methods and techniques that arglsito implemet and
with good convergenceattributes.Genetic algorithms are one of the most promising tools,
that are efficient, robust against local optima, and wiuan scale flexibly according tthe
problemsettings.

3.3 The REALL Model: General Considerations

An agent-based model (ABM) of the Riccarton Ecovillage Biving Laboratory (hereafter: the
REALL model) was conceived in order to explore aspetts®ow communities might best work
together to achieve energy savings. In particular, emirsgothe REALL community as
operating its own microgrid, one aspect of interest is tleeggnbalance, i.e. the hour to hour
difference between the micgrid supply and residents’ demand, and how this varies with
people’s behaviour, how theywdaptto new circumstancesnd the microgrid energy-
pricing policy. In the REALL model, this microgrid is asswem to comprisgphotovoltaic
solar panels installed in each house, and one village-wide wirtine. The electricitgupply

in the ecovillage is assumed to depend on these renewahlees, reverting to the
national supply when necessary. Clearly, the viléag microgrid
supply will vary considerably according to the changing weather, seasod time of the
day. Energydemand,on the other hand, is linked to the behaviour of the eesd
and their ability to adapt and control their consumptiakits.

The REALL model therefore requires simulation, at someljef individuals (the inhabitants of



the ecovillage) and natural phenomena (weatt@nditions) This implies the following
requiremets:

» Realistic time-varying values for thenatural phenomena should be modelled
Particularly: wind velocity, solar radiation andemperature, whichare all major
factorsthataffect microgrid production.

* The influences of differdnweather conditions on the power generation devicdar so
panels and wind turbines, should be identified, taking odnsideratiorthe limitations
of these devices and their performamt@racteristics

* Finally, simulation of each individual household’s energgmdnd through time is
needed. To investigatedaptationof behaviour,the consumption habits of households
should be modelled realistically

The simulation of energy demand in an individual houselwld key aspect of the REALL
model, and works in the following way. We assume thahehousehold contains a typical array
of devices that consume energy, and consider only ti®sgees that are typically power-hungry,
such as dishwashers, televisions (which may be switchefroseveral hours), and washing
machines. We assign to each household a realistic bigredif pattern of usage of these
appliances. These patterns are assigned at randbegrisirained to within plausible ranges. For
example, in one household we may assume that the odsygrafer to use the washing machine
twice a week, usually on a Wednesday and a Satufdapne hour between 8 and 9am on a
Wednesday, and between 1pm and 5pm on a Saturdag gathe household we may assume a
mean amount of TV viewing of 5 hrs per day, starting anding within a 6 pm and lam
window. When the REALL model operates, whether or agiarticular device is in use in a
particular household at a particular time is decided rangdby the houseSchedule agent, see
below), but the random decision is biased by the prefeseand constraints that have been set
for that household. Finally, a main feature of our expents with the REALL model is the
exploitation of social networks, in which households willnfreime to time share the use of
certain resources with other households. To underpin thisome experiments a random
network of links exists between households, which defirgscel network in the village (whose
density can be varied). Households’ behaviour fochss includes, for each resource,
probabilities that govern sharing that resource from tiongnte with other households that are
linked directly with that household in the social network.

In summary, the REALL model is an energy-focusednafased model of the Riccarton
Ecovillage,in which the agents (in more detail below) areititévidual households. The model is
relatively small scale (since REAL comprises onlyHbuseholds), and the interactions that will be
modelled are relatively simple. The major sourceahplexity and interaction will be the interplay
between energy supply, weather, and individual biela.

3.4 Detailed Design of the REALL Model



There are now several open-source software libranethe ABM research community for
developing agent based models (Railsback et al, 26@8)the present work, we used Repast
(Recursive Porous AgerSimulation Toolkit), developed at the Argonne Nationabdratory — a
highly regarded toolkit for this purpose, that has besed for a range of applications ranging
through the exploration of business strategies (LOperix et al., 2005), the effects of
charging for road use (Takama, 2005), simulation gitalimarkets (Lopez-Sanchez et al, 2005),
battlefield simulation (Bakeet al., 2005), the growth of hydrogen transportation infrastmectu
(Stephan and Sullivan, 2004), the evolution of house p(Bessomaier et al, 2007), and many
more.

We next describe the REALL model in a moderate levetethil, sufficient for readers to
understand how such a model is designed, as well atarify ¢the underlying assumptions
included in our REALL model, and to indicate what mmglated within the model and what isn’t.
The description is presented in the style of one of theemell-established methods, called the
"gaia methodology’ (Zambonelli et al, 03), for the desigd development of ABMs, and simply
amounts to indicating theoles of the agents in the model. In the gaia method (of kvbidy a
part was used in the design of REALL), roles are citipab of agents, and the early design of an
ABM includes outlining the required roles; this recipe désas then the basis for implementing
the ABM (in which each agent may have one or more efitktinct roles). In REALL, a broader
understanding of the ABM model itself will emerge from obsay\vhis set of roles, listed as
follows, falling naturally into themed groups:

* Roles concerned with climat®nditions:

o Sun: A SunSimulator agent plays the role of indicating theeeted solar
radiation levels for givertime and date values. Naturally this agent takes into
consideration hour to howandseason to season differences.

o Wind: The role of th&VindSimulatoragent is to provide realistic values
for wind velocity at a fixed elevation, again given spedime and date
inputs.

o Temperature: A TemperatureSimulatagent gives the expectednbient
temperature associated withven time and datealues.

* Roles concerned withower generation

o0 Solar panels: The role of a PVSimulator agent is to compntamourt of
generatedelectricity when provided with given solar radiatioppwer and
anmbient temperature levelsThe inner workings of this agent are informed by
characteristic performance curves and associategslelpsations appropriate
for the specific photovoltaic module being simulateaid aof course takes
account of the size of the simulated solar panel.

o Wind turbine: The role of th&VindTurbineSimulatoragent is to compute an
amount of generatedelectricity when provided with wind speed. The inner
workings of this agentare informed by characteristic performance plots



associated with the specific turbine device being modelled
* Roles associated with energy demand

0 Household: A House agent is responsible for simgdtie energy production
and consumption of an individual household. It interacts vatiPV Simulator
agent (each household has its own solar panel)pimextion with energy
production, and it interacts with a House Schedule dgsee below) in
connection with the energy consumption of the residdrtsedouse.

o0 Household preferences: A HouseSchedule agent has aleeof indicating
the preferences and habits of the residents of anidudivhouse, in connection
with their usage patterns for the household’s electapgliances. In particular,
the HouseSchedule agent calculates a level of power defoaits house for any
given time period.

e Other roles:

o Observer: The Observer agent’s role is to co-ordimatieractionbetween the
other agents.

o A Timer agent is responsible for time-keeping — essentalbgmmon reference
frame that can be queried by any agent.

In short, the further aspects of designing an gmpite ABM model amount to designing an
appropriate topology of interactions among the aasi roles, and an appropriate overall
control regime (i.e. what happens when in the sathorh). The interactions between the roles
in the REALL model are illustrated in Figure 1.
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Figure 1. Roles in the REALL model, their intefans and dependencies.



With reference to Figure 1, th®bserver controls the othemgor agents (such as House
agents), which in turn control others. These ‘controlkdirtypically indicate straightforward
operations — e.g. a house agent will ask its PVSimulatartdgeprovide the amount of energy
that it can supply in the next time step. To do this, theilu&tor agent needs to make queries
to the Sun and Temperature agents, and so on.

A broad sketch of the operation of the REALL model isdfage as follows. For convenience we
express this mainly in terms of what is being modelled erattian in ‘ABM-speak’. First, the
Observer initialises the timer, the wind turbine, the weatbenlight, wind, temperature), and
each household in the village. Each household also initialisesolar panel, and its
‘Houseschedule’ agent. A single time step in the REALddel corresponds to 3hrs of simulated
time. In each time unit, the climate agents calculate realistices for the mean temperature,
solar radiation levels, and wind speed for that time diiis is done non-deterministically, but
within plausible bounds. For example, based on availabteriuial data, the temperature agent
knows the normal temperature range for a given tima given day, and will choose a random
temperature within these bounds. Next, the wind turbinesatat panel agents will calculate
realistic levels of energy generation given the detailsl®gpy the climate agents and given the
characteristics of the devices they are simulating. Indbpely, each household agent chooses
randomly, but within predefined realistic bounds for théhirdual household, an energy demand
for the current time period for each modelled electricadliapce in the household. When a
‘social network’ is active in the simulation, households alsoose, again stochastically, whether
or not a device will be shared with another household witictwit is directly linked. The entire
process repeats over many timesteps; in the experimgmtsted here, experiments typically
covered a month of simulated time, with each timestep reptiag one hour.

4. Using the REALL Model is a Tool for Complexity-Informed Management
4.1 Simulation and Stochasticity

Management and planning, in any context, depend oaliligy to predict the consequences of
actions, designs and policies. In restricted scenarios,eapdcially when we are predicting
something that is only a short step into the future, guetictions can be made with confidence
and can validly inform management and planning. Fomg@ka when a soccer match has been
scheduled between the two major soccer teams in Lovd®rcan confidently predict a lower
bound on the number of spectators, and the police cka samsible provision for their presence;
in the run-up to Christmas, postal services in many cesntan predict a massive increase in
demand, and arrange accordingly for suitable staffing.

This is well-known and understood. However, for curqgmrposes it is useful to think of these



examples in terms ohodels, and consider what we are doing when we make agti@di In the
case of the soccer match, we may have historical datanificates the attendance for this match
in previous years. Our predictive model in this case nsghply be to fit a straight line to this
attendance/year curve, and read off the predictioth®current year from the line. In the case of
the postal service, there may be a precisely anasogibuation — perhaps this line will show a
downward trend, considering the competition for postal sesvio many countries over recent
years, and the growth of email, but nevertheless it witws a trend, and this will lead to a
prediction.

However, major difficulties arise as soon as ‘complex raugons’ are apparent, which
undermine the feeling that historical data, or any other suncplified model, will be valid. For
example, the soccer match may occur on the same dan asternational cricket match
elsewhere in London, perhaps both these events are tedévgsed live for the first time, and
both local travel and ticket costs may be double last ydak&ls, at the same time as
unprecedented levels of unemployment. In the case @hhstmas post, recent strike action by
the postal services, in combination with further increaseedmpetition for postal service
provision, whereby alternative providers are able toeptieir services at unprecedentedly low
levels, make us far less confident in simply extrapolatiogfpast data.

In essence, the behaviour of a system becomes difticuihpossible to predict as soon as the
system includes interactions between varieties of competimge$’, especially where we have
no basis in prior experience in whithe same or a very similar system has operated under the
same conditions. The business of complexity scienceligbalut finding ways to arrive at
predictions of behaviour in such scenarios, and the tiayid done is, in one sense obvious and
as follows: ‘if you want to see what will happen — try it ese what happens!’. That is easily
said, but it seems to imply we cannot predict it in advanicstead we wait for the soccer match
to happen, or we await the Christmas postal rush, esutd the data we are interested in, too late
for any management actions. However, the trick in coxiylscience that gets around this is to
see what happens ynulating the system. We build a complex model of the system d¢vieés

of agents, interactions and behaviours (for each of wielban at least make inspired guesses) —
rather than a mathematical abstraction based on datavéhdb not have — and then run the
model, thereby simulating the system whose behaviowarev&ying to predict.

It is useful to emphasise, at this point, that multiple @h&EALL (or any other ABM with
stochastic elements — essentially all useful ABMs) will poeddifferent results. This is entirely
analogous to the multiple potential outcomes that arise filmnmgxample, many runs of climate
models that attempt to predict future climate parametersenfially, any such model has a
characteristic probability distribution over the potential ootes — deploying an ABM helps us
gain an understanding of the relative likelihoods of diffeaitcomes, rather than enabling us to
confidently predict the future in fine detail. However,avlive might generally hope for is the
ability to confidently predict that certain outcomes aratviare likely than others. For example, if
we build into the model certain household polices ancepeates for sharing resources, and after



ten runs of the model we see energy savings forahmrwnity varying from 10% (in the ‘worst’
run) to 20% (in the ‘best’), we can have some confidencpredicting that, to the extent that
other aspects of the model are suitably realistic, the gpaities and procedures would
generally lead to energy savings of 10% or more iflemgnted by a real-world example of the
type of community being modelled.

As a potential tool for managing a real-world complextesys an ABM can be looked upon
purely as a prediction tool, in which the model is conguto reflect the current design of the
real-world system, and it is then run (several times) &vattierise expectations for how the real-
world system is likely to behave in the future. Howedewnelopment and use of an ABM is more
involved, and more useful than this implies. In particulaand when we find that the real-world
system has not developed within the bounds of expectatibrotinanodel predicted, we have
learned something. This could be as simple as findilbgi@ in the model; however more likely,
and more usefully, investigation will find that the dispaigydue to aspects of the real-world
system that were not thought important enough to includeeimtbdel, but which in fact do have
a salient effect on behaviour. Perhaps an extreme, butigtige example is the case of the
London Millennium Bridge, which swayed violently wherdestrians were first able to walk
across it in numbers. What was left out of the ‘modekhis case was the fact that pedestrians
effect unconscious local interactions whereby they gradsgtighronise their steps, and in the
real-world case this led to setting up a damaging resonance

4.2 Some Background on Optimization

Earlier in section 3.2, we discussed the distinctions betaawiation — using an ABM model to
see what happens under given starting conditions —opfidhization — in which we use an
automated method that is ‘wrapped around’ the simulatma, which attempts to find the
starting conditions and configurations for the model that leaddeal outcomes when the
simulation is run. Optimization is in fact the main theme ef éxperiments we report in this
article, so we will say a little more here about optimizatjgmoyviding some brief background
material on optimization in general, so as to place intéezdithe optimization methods that are
used in the experiments discussed later.

A typical optimizationproblem can be formulated as follows. Suppose we asngivsystem,
of any kind, which is expressed in the form of a sgpavhmeters (e.g. a set of numbers, each
allowed to be between 0 and 1). Any particular realisadiothese parameters (that is, specific
values for each one), is referred to as a spewfifiguration of the system. Suppose further that
we are given a quality function which, when applied tordigaration, gives us a number which
we can take to be the ‘quality’ of that configuration. ‘Opgation’ simply refers to a process of
trying to find the ‘best’ configuration — that is, thenfiguration that yields the best result from
the quality function. Further, an optimisation algorithnamsautomatic method for searching the
space of configurations with a view to finding good confagions quickly.



In context, a configuration might be a specific setbof parameters for an ABM model,
such as, the set of probabilities associated wsimgu specific electrical appliances at
certain times of day. The quality function mightnkas follows: run the ABM model, and

return the net use of the national electricity sypprer the simulated period. Clearly we
would like this to be minimised, so that the ‘bestnfiguration of parameters is one that
yields the lowest demand on the national supplgided this may be negative, indicating a
surfeit of generation in the ecovillage).

Optimization is a large subfield of each of mathemadicd computer science, and there are a
wide variety of different families of optimisation algorithii@rayet al, 1997; Garciat al, 2006;
Griva et al, 2009; Weise, 2009) , each applicable to differerestgf optimization problem. In
navigating this space for current purposes, and usiveyyabroad, but nevertheless valid brush,
two salient generalisations can be made: first, it turnshatitalmost allnteresting optimization
problems (i.e. those of some practical importance toeyave ‘difficult’ in a specific technical
sense — this amounts to the fact that no algorithm is krbainis guaranteed to find the best
answer in reasonable time. The consequence of this isghiatisation research is replete with
so-called approximate algorithms — these are algorithimshwiry to find good configurations
reasonably quickly, but can never guarantee thatwhiéfind the true best result. The second of
our salient generalisations is that, when it comes to compiahty functions (essentially, any
quality function that is not in itself easily subject to matherahtanalysis), the choice of
appropriate optimization algorithms narrows down to a sieglect family known ablack box

or stochastic search methods. These are, in essence, trial and error methatden which the
choice of the next configuration to test is guided (in wags differ between algorithms) by the
quality values that have been calculated for previousg tonfigurations.

Without getting into too much detail, when we do optimizatiothe next sections we test three
exemplars of stochastic search algorithms. These dldirhbing’ (HC), simulated annealing
(SA), and an ‘evolutionary algorithm’ (EA). In generalhen a complex optimisation problem
has to be solved, stochastic optimisation algorithms tehdue different speed/quality tradeoffs.
HC can typically find good solutions quickly, but then weable to find further improvement;
meanwhile a well designed EA can typically find bettealiy solutions than HC, but takes a
relatively long time to do so. SA tends to have a speetify trade-off somewhere in between
these two.

Given any new complex optimization problem, it is always waisexperiment with such a range
of optimisation algorithms, since the aforementioned rulabethumb can often be violated in
practice, depending (in ways which currently defeat tin¢eat state of theory in black box
optimisation) on the details of the quality function. For egl@mnin some cases, but not in most,
HC can provide fast and high quality solutions that atébatiered by either SA or an EA. In our
optimisation tests, we therefore try each of these threeodgtlin order to characterise their
performance on the energy-focussed REALL model, aadlypto inform the choice of
optimisation method in further work on variants of this REAhodel.



5. Simulation and Optimization Experiments for REALL

In this section we describe the experiments that have pedormed with the REALL model,
leaving presentation of results for a later section.

Two sets of experiments were performed. In the fesio$ experiments, the idea was to examine
to what extent energy savings can made in the ecovilldtien the constraints set by the
preferences in individual households. In the secomdl perhaps most interesting, set of
experiments, the idea was to see what levels of saviegs possible if an ecovillage exploited
the social network of its occupant households (e.gchirg TV with friends), and these
experiments explore how potential savings in demand waity different densities of social
linkage.

Before more detailed explanation, it is useful to note soawgtg common to the two sets of
experiments. Each household has a set of prefereriels dictate its energy demand behaviour.
A household’s list of preferences amounts to, fatheaf up to 10 electrical appliances, an
average amount of hours per day using that applianceyrafelred time windows during which
that appliance is used. Different, random, but plausibééepgnces were generated for each
household in the REALL model. In all cases, the time stephe simulation, regarding a
households’ energy consumption, was one hour. Thahes;HouseSchedule’ agent repeatedly
chooses, given that household’s preferences and comstthie appliances that will be used (and
therefore sets that household’s energy demands) éonétt hour. Finally, simulations in our
experiments are restricted to one summer month. Thisawasgmatic choice considering the
time demands of the simulations, especially when compaeneral optimization methods, each
of which needs to run the simulation many times.

5.1 Optimizing energy balance in thdRiccarton Ecovillage

The microgrid of Riccarton Ecovillage (as modelled) cdegs the communal wind turbine and
each household’s solar panel. The ecovillage could prasly reduce its energy carbon footprint
to virtually zero if the generated green electricity isstoned efficiently and no general grid
power is imported. The problem, however, is the fluctuationavailability of solar and wind
power. An obvious approach to achieving minimal usgraf power would be for residents to
adapt their energy consumption behaviour to align with ahailability of energy from the
microgrid, performing energy-hungry tasks when electrisityormally available and refraining
from consumption at other times. In general this may theerdoo much to ask, since individual
households may have demand patterns that make sgamelit difficult. For example, if work
commitments mean that a particular household must beyedying the daylight hours in



weekdays, it is inevitable that much of that householdergy demand cannot be supplied by
solar power. In this set of experiments, however, wiptdnd explore the view that households
can be easily persuaded to perturb their natural stdsedar using appliancewithin the
boundaries set by their own preferences. That is, if sdimid prefers to use its washing
machine on Saturdays between 8am and noon, then thse¢hwd would be amenable to any
suggestion within those constraints (e.g. 8am—210am, om-38son) which might emerge
from a management process that attempts to optimise ensage for the village as a whole.
The first set of experiments explores this notion by disdag, via optimization, what level of
energy savings may be possible in realistic scenariodichvihouseholders shift their schedules
within their own constraints and preferences. Notice thest is far from straightforward or
predictable: we cannot predict, for example, that evezyshould shift their usage towards the
sunniest part of the day — this would simply lead to toemdemand during the sunniest hours,
and under-utilisation (wasted energy or costly storafyjeovillage microgrid at other times.

5.1.1 Optimizing energy balance — a more preciseasément

The optimization problem for the first set of experimeras be described slightly more formally
as follows: given, for each household in the ecovillage:
 P: a list of residents’ preferred times and durations uging specific electrical
appliances in their household;
» C: a list of constraints on times and durations of appliasege that define what is
acceptable or possible for the residents and what is not;
find a daily scheduling of consumption events, within¢bastraints for each household, which
minimizes the community’s overall need for externally @iga power. In particular, what is
optimised are each household&art times and durations for use of their electrical appliances,
but ensuring that these times remain within the fixed caims$r for that household. In this way a
daily schedule is optimised for each household.

More formally, P={P1,Po, ..., Bo} is the set of preferences for each of the 20 bbakis
in the Riccarton Ecovillage, wherBj is the preference list for household Fj itself is
composed of &et of consumption events; that i} ={e1, e, ..., ¢n} in which the
consumption eveng expresses the household’s prefertedesiot and duration for using
appliancd. In detail, ¢ comprises four parts:

» Start time: the preferred timeslot at which the consumiants

e Duration: the preferred number of slots the consumpé#sts

» Probability: the probability that the consumptiorsdvwill occur. This is used for non-
daily used appliances, to overcome the daiifuctureof the preferencéist.

e Appliance details: thecharacteristicsof the appliance; wattage, usageatten
(continuous vsintermittent)and usageate.



Meanwhile, whereas the preference lists outline speddit 8mes and durations for each given
household, the constraint list, € {C1, Co, ..., &}, outlines a set of constrain®; for each

householdi, indicating how much that household is preparedgerate outside its current
habits. A specific household’s constraint list atiesthe limits within which a consumption
evert can vary.Ead constrairt is attached to a consumption event, but not all consumption
ewverts necessarily have constraints. Theretaretypesof constraints, Start time constraints and
Duration constraints. A Start time consttaiefines the maximum accepted value for the
attached consumption event's Start time field, and theatizur constrait defines the
minimum accepted value for the Duration field.

5.1.2 Estimating the ‘Performance’ of the simulatio

As discussed, optimisation requires repeatedly runmiegsimulation with different successive
configurations, where the choice of next configuratiorgusded by the quality of previous
configurations (essentially, most stochastic optimisatiorthaas work by trying out new
configurations that are close to the better-performingyipusly tested configurations). The
quality function is rather crucial to this process. As sthtwe clear, a ‘configuration’ in this set of
experiments amounts to a particular daily schedule m§waption events (within the constraints)
for each household. The quality function, as noted, iplgian measure of the amount of external
energy consumption that is recorded in the simulation, winemvith a given configuration.

In some more detail, the quality function of a configurati® calculated in the following way.
Given a particular configuration to evaluate, the ABM ntodens in time steps of one
(simulated) hour. In each such hour, energy consomps calculated for each household
(according to the schedule of consumption of events at tiousehold, for that given
configuration), and the available energy supply from thierogrid is calculated for that
household (its portion of the supply emerging from thedwurbine, plus that emerging in that
hour from the household’'s solar panel). Consequerttyeédch household, and for each hour of
the simulation, we have a difference value — the diffee between microgrid supply available to
a household, and the electricity consumption in that houseli@dh of these difference values is
squared, and then they are all summed to arrive atemalbquality value for the configuration.
The aim is then toninimise this measure.

It is worth considering this issue with care: in both sétexperiments, the quality measure is
defined so that we obtain ideal quality by matching theecof\)consumption levels over time as
closely as possible to the curve of microgrid supplgle over time. Differences — either positive
(excess demand, so the national grid must be used gahmugap), or negative (excess supply,
wasted energy generation in the village) are penaliseds fdflects a suitable target for

ecovillages that do not have viable means to store, orvaeecapitalise on, excess energy, and
was a suitable experimental design issue. Howeveremark that it is trivially simple to explore



alternative quality functions for alternative scenariogvinch, for example, REALL was able to
usefully store a limited amount of its supply, perhaps aérgain cost, which could itself be
incorporated into the quality function.

5.1.3 Notes on Statistical Confidence

Recalling our discussion in section 3.2, since the ABM sitiaunlds stochastic it is clear that it
would not be sensible to evaluate the quality of a configuran the basis of a single run of the
simulation with that configuration. Ideally we would take @as quality evaluation the mean
result from several runs with the same configuration. Hewesimulations have an appreciable
time cost, and we need to minimise the number of tepea, but at the same time attain a useful
level of statistical confidence in the evaluation.

We address this matter in the following way. Wheneweardiguration is to be evaluated, we run
the simulation five times to obtain a mean quality value, wadalso note the variance of this
value over the five runs. If the variance is such thataweot form 95% confidence in the result
(on the basis of a T test), a further simulation is rad,the mean and variance re-calculated now
over the six runs. This is repeated until we have obtaanectan quality value that has suitably
high confidence, although we stop at ten iterations irréisjeenf confidence level.

5.2 Exploiting the Social Network

The second set of experiments was the same as ghedtrin all respects, but had the additional
characteristic of a social interaction network and ifg@tation. Ecovillages are communities in
which we can naturally expect a high level of social imtwa will feature, and we model this in
a simple way by defining a network in which each houseisoédnode, and a link between nodes
represents a social link between the two households. ihefathis is to investigate to what
degree the sociability of the community can lead to redienergy demand. It is assumed that
neighbours who are linked with a strong social tie aveentikely to share or combine resources.
For example, if household A is linked socially to housel®ldhen it is more probable that it
would, for instance, invite residents of household Bdmner. Household B would then have
less demand for cooking, lighting, TV and heating for tihight. If similar types of interaction
are actively and regularly carried out in the commutiitgn considerable savings might be
achieved. The second set of experiments investigatehyhothesis, and also explores the effect
of modifying the density of the social network.

The density of the social network is characterizednbywhich is related to the
maximum number of links that an individual household can h&aeh household is assigned
randomly, at the start of the simulation, a random nembf links (between 0 and
m) to other households. Notice thidite special case ofm=0 corresponds to the first set of



experiments. During a simulation, sharing worked as fald#ach simulation day, a household
can choose to share, or not to share (with probabiliy @s resources. If the decision is to share,
then one linked neighbour on the social network is @haandomly, and sharing takes place
between the original household (the inviter) and the linkedséloold. The sharing is then
manifest as a (potentially only small) increase in thatemg consumption for the shared
appliances only, and zero consumption for the invitegséloold for the same appliances. The
increase in consumption of the inviter is a randomly ehasultiplier between 1 and 1.5; this
range reflects the cases of devices that do not catisec®nsumption when shared (e.g. TV)
and others which may be increased (lighting, cooking).dtds worth noting that a boundless
variety of sharing ‘models’ could be implemented; mordisga approaches, for example, would
bias the sharing events according to strength values dimkisan the social network, and would
be informed by available survey data. However the apprdascribed was deemed sufficient for
this experiment.

Finally, while in the first set of experiments we compatbd three exemplar black-box
optimisation methods (HC, SA, and EA), we used only tts dethese (according to results on
he first set of experiments) for the social network expents — this turned out to be the EA.

6. Simulation and Optimization Results
6.1 Optimizing Energy Balance

Each of HC, SA and EA were tested on for a varietglgbrithm parameter configurations. We
do not reproduce a full set of results here, but this &lable by request. In this section we
briefly summarise the relative performance of the tlo@émization methods, and focus more on
the physical interpretation of the ABM simulation results.
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Figure 2: Algorithm performance comparison for diffdrgarationcourts

Figure 2 summarises the performance of HC, SA, anddEAhis optimisation task, after many
experiments with varying parameterisations of the algosthin this figure, lower is better, but
the numbers on the vertical axis can be ignored, toobsidered as arbitrary units for current
purposes, but is roughly proportional to squaring theunt of energy required from the national
supply. A relatively low value indicates a configurationholusehold schedules that, while each
operating within their own comfort zones, amounted ovéoadin energy consumption curve that
was relatively well aligned with the availability of energgrir the village’s microgrid. The label
at the top of each bar indicates the algorithm, and théeuof iterations for which it was run
(which can be taken as directly proportional to the timenjaki this way the figure also
includes a broad summary of the speed/quality tradémfthe different optimisation methods on
this problem. Interestingly (but not unusually) the EA is best quality algorithm, whether at
1,000, 5,000 or 10,000 iterations. An ‘iteration’ corregf® to a single run of the ABM
simulation on a single configuration. The EA also clebdyefits more than the others (in terms
of its ability to find better configurations) when giventraxtime. The superior solution quality
found by the EA is particularly significant when experitsecontinue for 10,000 iterations, so
the EA was chosen as the sole optimiser to use in theseexdf experiments, and is also the
method that led to the solutions we interpret below.

Figures 3 and 4 show visualisations of the preferencedistgeeps 0 and 5000 respectively, from
a 5,000 iteration run of the EA. That is, figure 3 shawpreference list that results from an
unoptimised situation — in which households simply follow rthretural preferences, without



reference to any community-based planning, and figuepresents an ideal situation that might
emerge by households attempting to align their electroa@tysumption in co-operation with and
to the benefit of the community as a whole, but still withgirtbwn constraints of acceptability.
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Figure 3:visualisationof the preference lists for three households — step O



Mid-day trend
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Figure 4:Visualisationof the preference lists for three households — step 5000

In figures 3 and 4, each colour denotes an applitype The horizontal axis holds tliene of
the day, while the vertical axis indicates consumption ire¢hdifferetm households. The
figure 3 case shows clear trends of consumption inrshafi morning (breakfasttime) and
evening (dinner time). However, presumably influenlbgdhe fact that thelominart source of
energy is solar, anthe availability of solar energy is concentrated around midtiasoutput



of step 5000 shows momncentratiorof consumption towards the middle area, with less in
the morning andthe evening. Also,the optimizer enforces a kind of co-operative balance
among differeb households consumption, taking into consideration theistcaints, to achieve
the leastpossibledegrees of dissatisfaon.

A consideration of the energy savings availabl®@ptmising the preference lists in this way is
given in the next section. Recall that this set of expents is the ‘no friends’ specialisation of
the set of experiments that investigate the expgloneof the social network.

6.2 Optimizing Energy Balance via Exploiting the SociaNetwork

In this set of experiments, the same objective function wsed, and separate
optimization runs were done for diffetelevels of social network density. Three
values were tested far (the maximum number of links per household),aefhg differen levels of
connectivity, in addition to the null case where no sociatwowk is incorporated
(corresponding to the experiments summarised in sectijn Summarisedesults, following
the use of the EA as the optimisegnning for 5,000 iterations per experiment, are
shown in Figure 5. Again, in this figure the verticabst’ axis is in arbitrary units, but can be
considered directly related to squared excess relianceneomational supply, rather than the
village’s microgrid.
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Figure 5: Comparison of cost for diffetelevels of social networklensiy

Figure 5 summarises the results of several optimizationfauresach social network density, and
record the best, worst and mean values that emergedtifimse runs. It is quite clear that the
introduction of the social network leads to significanprovemert in the cost values.

Recalling Figure 2, we note that the results achieved by,089-iteration EA were in the region
of 40M cost units. This already represents a considenmapi®vement over configurations where
no optimisation has been done (i.e. each household sopphates unchanged according to their
initial preferences), in which the cost is around 75M ugttawasly, 2009). In figure 5, if we
simply consider the average results, the exploitatianlofv density social network already leads
to a sharp improvement (33M cost units), while netwoskh density level 3 (certainly not
unreasonable for an eco-village community) achieve ar@8M cost units.

When we correctly interpret these results in terms ottamounts of electricity, rather than the
units of the fitness function — or, equivalently, if we iptet these results correctly in terms of



potential financial savings), we find that the configuratibmsnd by optimisation using the
density 3 social network represent 40% savings ovenaptimised, ‘un-managed’ community.

If we consider 5,000-iteration optimisation only, we nthat simply optimising household
schedules without exploiting the social network (the Bt of experiments) can lead to ~25%
savings, and this increases to 40% with the most densd setwork studied (in which each
household is friends with roughly 15% of its small comity). However it is worth pointing out
that longer iteration runs (the 10,000 iteration EA) werke db find schedules with ~32%
savings over the unoptimised case, without exploiting tb@koetwork. For pragmatic reasons,
such longer runs were not done for the ‘exploitingaanetworks’ experiments in this paper, but
the implication is that better than 40% savings could welidhievable.

7. Conclusions
7.1 A Summary of the model, experiments and result

We have described a relatively simple agent-based Im@dM) of the planned Riccarton
ecovillage, in which households’ preferences for the tihailly use of electrical appliances were
simulated, in tandem with realistic time-varying availabilitidssolar and wind energy. Via
optimisation, we explored the potential benefits that coulddieed in such a community if it
adopted a simple and acceptable community managemetegggiran which, informed by
evidence from simulations, households would be indivigiwafjuested to lean towards particular
times for their regular energy consumption activities. Furthve also explored the potential
accrued benefits available if the community exploited dtsiad network by regular resource
sharing. Our findings suggest that quite significant saverg achievable via such measures.
Simply attempting to establish a mutually acceptable, and mytbalheficial schedule of
consumption activities, with no assumed resource sharemy,lead to 25% savings in cost
(reliance on the national supply), while exploitation of Hueial network seems capable of
raising that to beyond 40%. Meanwhile it is entirely conddevahat more optimisation effort
could find solutions with appreciably more savings; s@tiuires computational expense, but by
no means undue such expense.

We find the implications of this, for the design and manageraf such communities, to be both
intriguing and exciting. As discussed, simulation models siscthe REALL model allow ‘what
if explorations, but the impact of these explorations barrather limited without some way to
discover how to organise or manage the community ieeae a specific goal. Via optimisation,
however, we can automatically explore the space of steategnd find ones that achieve our
targets. As a tool for managing communities, this gersgnptoach has been very little explored
to date, but the applicability (in the face of no sensiblerateres) and the potential of such an
approach seem clear. Naturally, such models canpocate considerably more complexity than
we have shown here; for example, in one thread of agntinresearch we plan to enhance the
REALL model to reflect more real-world complexly switching from modelling households



into modelling people withntertions andbeliefs, incorporating more appliances, investigating
real households’consumpbn habits andadaptability, better representing time, and the
dewlopmert of a complex environmet where the agents wouldnteract. Such
enhancements, among others, allow for a greategeraof experiments, and a
consequently greater range of implications for giesind management strategies for the
REALL community. It must be noted of course thatls®nhancements also carry a
computational burden that tends to constrain theusrnof optimisation that could be
done, however, the ever-increasing availability affordable high-performance
computing resources comes to our rescue in thigeots In particular, if we view
ABM-based models as essential management toolsufdy communities, the wise use
of which can promise substantial benefits beyoratteh sighted approachers, then the
requirement of reasonably costly computational ueses becomes acceptable.

7.2 Discussion

The growing need to build resilience in our societies at a timrapid social, economic and
environmental change with better choices for, and manageof the built environment and the
human capacity to deal with change is clear

This paper has shown that new Agent Based complex Imade now capable of informing
choices of technological solutions with the impacts of attitudedues and behaviours to
optimize the energy and environmental benefits of decisiodsvanimize their costs. It offers
the best method to date of ensuring that the best chaisads within a wide range of available
adaptive opportunities derived from an extremely compémge of iterations produced from
relationships between interacting forces.

Systems such as the REALL model offer a tool to introduedible ‘fresh thinking’ and one that
has significant potential to engage and educate the pubise environmental awareness and
personal ‘buy-in’ to the implementation of ‘socially viableolutions, in the transformed
markets. It also may answer a wide range of questiofisagic

. A question arises of what level are such solutions betgried at?

. As a result of the outputs of such simulations, would iegslocal community based
changes be best led by governments, dedicated to stimutgngmic growth?

. Will local communities find it easier to agree to lower stadd of living for their own

futures if they can clearly see the clear, equitable,flienmsing such models?

. Can such models be used to avoid ‘collapse’ eventgylibe only effective driving force
for markets?

. Is it inevitable that the only sustainable future is a simplertioaewill work adequately

in the approaching eras of scarcity, of growing climatpacts and increasingly unaffordable
capitalism?



. Are there new paradigms of ‘smart development’ where aral machines can work side
by side to automate, motivate and decarbonise economits wéintaining standards of living
and qualities of life?

. People have been shown to be motivated by environinemtaerns while also holding
strong material concerns which motivate them to purclmese products and increase their
environmental impact. Can the use of tools such astghigade-off’ gains and losses clearly
demonstrate the effectiveness of solutions to promote gblaisgterm sustainability that would
appeal to, and be adopted by, local residents?

. Are imposed step changes imposed by society and thiicipos, or periodic system
collapses, the only way to affect the stringent cuts requby emerging greenhouse gas
reduction targets?

. To what extent are people’s expectations of quality of liid aomfort amenable to
modification with information and “ethical persuasion”?

These tools can be used interactively with real populatioriest the water on a case by case
basis, to explore what are their core values and whatareewvilling to sacrifice in the bid to
build social and economic resilience in the face of rapmhgh. Pathways to deep emissions
reductions in commercial buildings require not onlyré@sed consideration of passive and low
energy architectural principles and renewable energyntdéobies but also the buy-in of
populations in doing so.

Substantial building sector energy and emissions reductimns\ailable through advanced
technologies and controls but even in the very high begllings systems are only capable of
reaching their full potential when coupled to behavioteehniques to manage the expectations
and perceptions of building users.

There appears to be a pressing need to develop nesvokapgaging society to participate in the
necessary changes ahead. It is clearly necessagvéoahclear and scientifically valid focus on
the targets, in time, ahead and the tools to hand totigaly achieve them, but radical
transformations of the type necessary to meet globaictiesh targets are unlikely to progress
without the engagement of the key stakeholders involvéldeiuilt environment in making the
decisions to change. Models such as this may well pravidew language to the dialogue that
engagement may require as well as ensuring that th@dssible solutions are adopted.
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