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1. The argument in favor of adaptive 
policy for spatial planningpolicy for spatial planning
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Cities and landscapes evolve in time and spaceCities and landscapes evolve - in time and space 
(across scales and along the same scale) 

The rational models of the 50-70s - systems theory orThe rational models of the 50 70s systems theory or 
participative theory they are both based on the 
‘presumption of certainty’ they provide one answerpresumption of certainty   - they provide one answer 
to the decision maker  (static snapshot of time – a map, 

lt)a result)

Historical evolution is due to theory, practice, 
professional qualifications/numbers computation dataprofessional qualifications/numbers, computation,  data 
constraints
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The simplified reality of static world resulting from p y g
overlays of data is not enough

‘Today’ is a result of complex physical and social 
interactions that have in account past events and future 
expectationsexpectations 

Pure causation  is not enough and cumulative effects, 
‘carrying capacity’,  self-organization, etc. play important y g p y g p y p
roles

Complexity theory
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2- ‘Wicked problems’ and the wrong “decision makers model”

Rittel and Webber’s 1973 conception of “wicked problems” to 
explain why conventional scientific approaches failed to solveexplain why conventional scientific approaches failed to solve 
problems of pluralistic urban societies. 
Try to confront (urban) social problems with the wrong toolsTry to confront (urban) social problems with the wrong tools 

because we have misunderstood the very nature of the problems
“wicked problems have no stopping rule ” and “wicked problems wicked problems have no stopping rule,  and wicked problems 

do not have an enumerable (or an exhaustively describable) set of 
potential solutions”potential solutions

The concept of certainly in an uncertain world 
The timing of Lee’s requiem and Rittel and Webber’s  Wicked 
problems
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3. Complexity  theory: The right moment in time to link 
l i d i i d b d lplanning decision and urban models

Mi t h b t t h l th d t f th 70 lt dMismatch between technology, theory, data of the 70s resulted 
in Lees’ “Requiem for large scale models”

XXI century of Big Data, high computation capability, vast 
b f t d t li t inumbers of experts, more data-aware policy , metrics, 

calibration, validation, randomness

Key contributions: Von Neumann and Morgenstern (1944, 
1966) Ul (1960 1974) T i (1941) P i i (1977 19991966), Ulam (1960, 1974), Turing (1941), Prigogine (1977, 1999, 
1984), Tobler and Burks (1979), Kauffman (1984, 1993),Wolfram 
(1994) Holland (1995 1999) and Crutchfield (1995); John Nash(1994), Holland (1995, 1999), and Crutchfield (1995); John Nash 
exploring research results by Merrill Flood and Melvin Dresher at 
RAND corporation (1950s);
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Starting the study of complex systems in Spatial Analysis ….

Waldo Tobler in contact with Arthur Burks was exposed to Von Neumann’s 
works, and published ‘Cellular Geography’ (1979). p g p y ( )

At NCGIA-Santa Barbara, Helen Couclelis and Keith Clarke, published 
respectively ’Cellular Worlds’ (Couclelis, 1985) and develop the first fully 
operational and implementable CA (Clarke and Gaydos, 1998). While et. 
since the 1990’s focus in the ‘adaptive’ CA as a basis basis of integratedsince the 1990 s focus in the adaptive  CA as a basis basis of integrated 
dynamic regional analysis (1997 )

Michael Batty initially at NCGIA-Buffalo and afterwards at CASA-UCL, 
developed the theory and practice that culminated in the publication of the 
seminal books ’Fractal Cities’ (1994) and ‘Cities and complexity’ (2005). 
Recently, Wolfram’s book ‘A New Kind of Science’ (2002) 

ES = 3rd Generation (consolidation, reassemble, expansion, randomness, 
validation) 
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Operational Dynamic Urban Models
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CI Agent Base Model
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2013 Simulating the dynamics between the development of creative industries and urban spatial structure: an agent-based model 
(with H. Liu). S. Geertman et al. (eds.), Planning Support Systems for Sustainable Urban Development, Lecture Notes in 
Geoinformation and Cartography, DOI: 10.1007/978-3-642-37533-0_4, _ Springer-Verlag Berlin Heidelberg, pp. 51-72
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2013 Simulating the dynamics between the development of creative industries and urban spatial structure: an agent-based model 
(with H. Liu). S. Geertman et al. (eds.), Planning Support Systems for Sustainable Urban Development, Lecture Notes in 
Geoinformation and Cartography, DOI: 10.1007/978-3-642-37533-0_4, _ Springer-Verlag Berlin Heidelberg, pp. 51-72
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Agents and terms for 
negotiation 

• Agents:196 countriesg
– Annex1 (42)
– No Annex1 (149)
– Others (5)– Others (5)

• Terms for negotiation
– Technology trade

C b t d– Carbon trade
– GDP growth support

• Negotiation rulesg
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Condition-action rulesCondition action rules

Not included in the 
Negotiation process, 
Focusing on GDP growth

Negotiation, aiming to lift 
GDP th tGDP growth rate

Negotiation, to lift GDPNegotiation, to lift GDP 
growth, consider carbon 
reduction

Negotiation, following 
current agreements andcurrent agreements and 
strategies

Negotiation, aiming to 
carbon reduction
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Parameters for the critical valuesParameters for the critical values

GDP growth rate

Parameter’s name Connection to the dynamics
gdp‐per‐capita‐emission‐ A global variable for recording the critical value for GDP/capita. Countries with GDP/capita lower than this value will 
concerned not join in the bilateral negotiation.
carbon‐per‐capita‐critical 
value

A global variable for recording the critical value for carbon emission / capita. Only countries with carbon 
emission/capita lower than this value can be free from the responsibility to reduce carbon emission.

critical‐carbon‐emission‐per‐ A global variable for recording the critical value for carbon emission / GDP. Each country involved in the negotiation 
gdp process is responsible to reduce its carbon emission intensity to a level lower than this value
critical‐minimum‐co2pergdp A global variable to describe the ultimate capability of our society to reduce carbon emission / GDP 
mean‐agreement‐duration A global variable to describe the average duration of the agreements signed between two countries. The duration of 

each signed agreement may be different but their mean duration is constrained to this critical value. g g y
gdp‐growth‐rate‐decrease‐
rate‐critical

A global variable for recording the acceptable decrease rate of GDP growth rate for all the countries due to signed 
agreements. A country will not sign too many agreements which may reduce its GDP growth rate by more than this 
critical value.

carbon‐emission‐increase‐ A global variable for recording the acceptable increase rate of carbon emission for all the countries due to signed
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carbon emission increase
rate‐critical

A global variable for recording the acceptable increase rate of carbon emission for all the countries due to signed 
agreements. A country will not sign too many agreements which may increase its extra carbon emission by more than 
this critical value.

H. LIU1
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Three scenarios Annex 1

non‐Annex 1
Parameter’s name Connection to the dynamics scenario A: scenario B: Scenario C:a a e e s a e Co ec o o e dy a cs sce a o

Low Ambition
sce a o
Medium Ambition

Sce a o C
High Ambition

gdp‐per‐capita‐emission‐
concerned
(USD/Capita*Year)

A global variable for recording the critical value for 
GDP/capita. Countries with GDP/capita lower than this value 
will not join in the bilateral negotiation.(USD/Capita Year) will not join in the bilateral negotiation.

carbon‐per‐capita‐critical 
value
(t CO2/Capita*Year)

A global variable for recording the critical value for carbon 
emission / capita. Only countries with carbon emission/capita 
lower than this value can be free from the responsibility to 
d b i ireduce carbon emission.

critical‐carbon‐emission‐per‐
gdp
(t CO2/USD)

A global variable for recording the critical value for carbon 
emission / GDP. Each country involved in the negotiation 
process is responsible to reduce its carbon emission intensity 
to a level lower than this value

critical‐minimum‐co2pergdp
(t CO2/USD)

A global variable to describe the ultimate ability of our society 
to reduce carbon emission / GDP 

mean‐agreement‐duration A global variable to describe the average duration of themean agreement duration
(Years)

A global variable to describe the average duration of the 
agreements signed between two countries. The duration of 
each signed agreement may be different but their mean 
duration is constrained to this critical value. 

gdp‐growth‐rate‐decrease‐
rate‐critical
(%/Year)

A global variable for recording the acceptable decrease rate of 
GDP growth rate for all the countries due to signed 
agreements. A country will not sign too many agreements 
which may reduce its GDP growth rate by more than this 
critical value.

carbon‐emission‐increase‐
rate‐critical
(%/Year)

A global variable for recording the acceptable increase rate of 
carbon emission for all the countries due to signed 
agreements. A country will not sign too many agreements 
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which may increase its GDP growth rate by more than this 
critical value.



 CAs (raster base)
(i) A grid or raster space – organised by cells which are the smallest units in that(i) A grid or raster space organised by cells which are the smallest units in that
grid/space;
(ii) (ii) Cell States – cells must manifest adjacency or proximity. The state of a

ll h di l t t iti l hi h d fi d i t fcell can change accordingly to transition rules, which are defined in terms of
neighbourhood functions;
(iii) (iii) The neighbourhood and dependency of the state of any cell on the state( ) g p y y
and configuration of other cells in the neighbourhood of that cell;
(iv) (iv) Transition rules that are decision rules or transition functions of the CA
model and can be deterministic or stochastic;model and can be deterministic or stochastic;
(v) (v) Sequences of time steps. When activated, the CA proceeds through a
series of iterations

study of random complex CA came an understanding of its 
basic patterns: as they appear to fall into four qualitativebasic patterns: as they appear to fall into four qualitative 
classes, in what concerns one-dimension (1-D) CA evolution 
leads to: (i) a homogenous state; (ii) a set of separated 

( ) ( )simple stable or periodic structures; (iii) a chaotic pattern; (iv)
complex localised structures, sometimes long-lived (Wolfram, 
1984:5)
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ABM-GAs (Vector-object based) are constituted of:

 (i) agents that do not have the constraints of neighbourhood
effects,

(ii) b h i l l t d th i t it lf (iii) (ii) behavioural roles among agents and the environment itself, (iii)
independence from central command/control, but able to act if action
at a distance is required,q ,
 (iv) states of agents tend to represent behavioural forms.

The most basic model environment of an ABM-GA will have a set
of attributes per agent (or group of agents), (one)a set of decision trees
and trigger points that will allow to set the context for a new movementand trigger points that will allow to set the context for a new movement
(upgrade of the spatial/temporal environment) in time/space .
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Key challenges for methods in the 
S SSocial Sciences 
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Some Papers
2015 Spatial Metrics to Study Urban Patterns in Growing and Shrinking Cities. (with J. Reis). Urban 
Geography. in press (OA-4011) 
2015 Comparative Study on Machine Learning Methods for Urban Building Energy Analysis. (together with Lai 
Wei, Wei Tian, Elisabete Silva , QingXin Meng, and Song Yang and Ruchi Chaowdrie) - Procedia Engineering, 
OA 4221 2015 Creative industries urban model: structure and functioning.(With H. Liu) Urban Design and 
Planning. (2014 - OA-1398) 168 ( DP2): 88-100Planning. (2014 OA 1398) 168 ( DP2): 88 100
2013 Simulating the dynamics between the development of creative industries and urban spatial structure: an 
agent-based model (with H. Liu). S. Geertman et al. (eds.), Planning Support Systems for Sustainable Urban 
Development, Lecture Notes in Geoinformation and Cartography, DOI: 10.1007/978-3-642-37533-
0_4, Springer-Verlag Berlin Heidelberg pp. 51-72
2013 Selecting artificial intelligence urban models using waves of complexity. Urban Design and Planning. 166 
(1): 1-2
2012 S i M d l i U b L d St di ( ith N W ) J l f Pl i Lit t 27 ( ) 1 142012 Surveying Models in Urban Land Studies. (with N. Wu) Journal of Planning Literature.27 ( ): 1-14
2010 Artificial intelligence solutions for Urban Land Dynamics: A Review (with N. Wu). Journal of Planning 
Literature. 2010 24: 246-265.
2008 Strategies for Landscape Ecology in Metropolitan Planning: Applications Using Cellular Automata Models2008 Strategies for Landscape Ecology in Metropolitan Planning: Applications Using Cellular Automata Models. 

(with J. Wileden, J. and J. Ahern), Progress in Planning, 70(4):133-177 - ISSN: 0305-9006
2005 Complexity, Emergence and Cellular Urban Models: Lessons Learned from Appling SLEUTH to two 
Portuguese Cities. (with K. Clarke) European Planning Studies, 13 (1): 93-115 – ISSN: 0965-4313o tuguese C t es ( t C a e) u opea a g Stud es, 3 ( ) 93 5 SS 0965 3 3
2004 The DNA of our Regions: artificial intelligence in regional planning. Futures, 36(10):1077-1094. – ISSN: 
0016-3287
2002 Calibration of the SLEUTH Urban Growth Model for Lisbon and Porto, Portugal. (with K. Clarke) g ( )
Computers, Environment and Urban Systems, 26 (6): 525-552 - ISSN: 0198-9715
0965-4313
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Some book chapters 

2014 Measuring space: a review of spatial metrics for urban growth and shrinkage (with J. Reis). In: The 
Routledge Handbook of Planning Research Methods. (Eds. Patsy Healey, Neil Harris and Pieter van den Broeck), 
Routlege
2014 DG-ABC: An Integrated multi-agent and cellular automata urban growth model (with N. Wu). Technologies 
in Urban and Spatial Planning: Virtual Cities and Territories? (Eds. Nuno Norte Pinto, José António Tenedório, 
António Pais Antunes and Josep Roca ), IGI-Global, pp.57-9
2013 Si l ti th d i b t th d l t f ti i d t i d b ti l t t2013 Simulating the dynamics between the development of creative industries and urban spatial structure: an 

agent-based model (with H. Liu). S. Geertman et al. (eds.), Planning Support Systems for Sustainable Urban 
Development, Lecture Notes in Geoinformation and Cartography, DOI: 10.1007/978-3-642-37533-0_4, _ Springer-
Verlag Berlin Heidelberg, pp. 51-72g g, pp
2011 Cellular Automata Models and Agent Base Models for urban studies: from pixels, to cells, to Hexa-Dpi’s. In: 
Urban Remote Sensing: Monitoring, Synthesis and Modeling in the Urban Environment. Edited by: Dr. 
XiaojunYang. Wiley-Blackwell. pp. 323-345. ISBN: 978-0-470-74958-6
2010 Waves of complexity. Theory, models, and practice. In: Roo, Gert de, and Elisabete A. Silva (2010), A 
Planner’s Encounter with Complexity, Ashgate Publishers Ltd, Aldershot (UK). pp. 309-331.. ISBN: 978-1-4094-
0265-7
2010 Complexity and CA and application to metropolitan areas In: Roo Gert de and Elisabete A Silva (2010)2010 Complexity and CA, and application to metropolitan areas. In: Roo, Gert de, and Elisabete A. Silva (2010), 

A Planner’s Encounter with Complexity, Ashgate Publishers Ltd, Aldershot (UK). pp..187-207. ISBN: 978-1-4094-
0265-7
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Elisabete (es424@cam ac uk)Elisabete (es424@cam.ac.uk)
www.landecon.cam.ac.uk/directory/esilva

LISA Lab
www.landecon.cam.ac.uk/research/lisa

New Book: "The Routledge Handbook of Planning Research 
Methods"Methods   
http://www.routledge.com/books/details/9780415727952/
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