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Abstract  
 

Computer simulated epidemic models are well-established tools that have proven useful 

and accessible for evaluating and informing health care decisions within epidemiology and 

related disciplines. They have been used to study the mechanisms by which diseases spread, to 

predict the future course of an outbreak and to evaluate strategies to control an epidemic. In 

this thesis, I developed an argument that computer simulated epidemic models can effectively 

be transformed into an architectural generative design system. This thesis presents a systematic 

literature review of epidemic modelling and generative design system to elaborate on how 

epidemic modelling can be relevant to generative design processes used in architecture. This 

argument is then validated through the design process of Global Emergency Operations Centre 

in Venice, Italy. Five models with different structures and setups, each presented with several 

iterations, are developed tested in the design process. The utility of epidemic model is 

examined through the analysis and comparison of generated architectural solutions. The results 

show that epidemic simulation is efficient in generating architectural solution with good spatial 

and geometrical qualities, due to its ability to describe the propagation of a certain status, 

which is then critically reviewed at the end of this thesis.  
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1.0 Introduction  
 

Infectious diseases have played a significant role in human evolution (Ridley, 1994). The 

success of human host-pathogen coevolution creates dynamical and stochastic systems of 

transmission and adaption. The mathematical modelling of infectious diseases is a method and 

tool which has been used to study the mechanisms by which diseases spread, to predict the 

future course of an outbreak and to evaluate strategies to control an epidemic (Keeling and 

Danon, 2009).  

 

Different sorts of infectious model have been used since the first half of the twentieth 

century to analysis the infectious disease phenomena in populations, including animal models, 

mechanical models, mathematical models and compartmental models. Epidemic models need 

to concern both the structure of models that are required to describe the diversity and the 

modelling and statically methods required to deal with heterogeneity, in order to provide a 

realistic representation of the real world (Daryl J. Daley, 1999). 

 

At the same time, the guiding principle of epidemic models draws inspiration into its social 

implication, with the assumption that behaviour and social norms can diffuse through a 

population like an infectious disease. Previous works, including Granamovetter‘s work of ‘the 

strength of weak ties’ and ‘small-world principle’ developed by Duncan Watts and Steven 

Strogatz, have explored the influence of association pattern on the spread of behaviours. 

 

The hypothesis of this thesis is that epidemic models and its social implication can provide 

a transmission model that has real-life impacts in the domain of architecture. I believe 

architecture as a social complex is frequently associated with the concept of transmission and 

transition. No matter if it is programmatic, structural or formal. Epidemic models can provide 

fresh insights into the development of an architectural model. 

 

The methodology adopted in this dissertation is through analysis and comparison of results 

of computer simulation of transmission models. The dissertation aims to present outcomes of 

design, development and testing on a selected set of models with different structures and 

setups, including particle simulation analysing the pattern of transmission in populations, and 

architectural simulation model exploring the implication. Evaluation of every simulation begins 

with a simple description of the subject under study and moves on to describing the modelling 

and statically methods used in the simulation, followed by the illustration of the outcome and 

analysis of the outcome to determine the utility. 

 

The impact of this dissertation is that it can establish a method to generate architectural 

geometrical models as outcomes of epidemiology transition models. The dissertation proposes 

a framework for the application of evolutionary algorithm to produce a distinctive architectural 



Generating architectural design using epidemic simulation                               Ziyuan Zhu 

 9 

design that applies the concepts and aspects of epidemics’ transmission and resistance, beyond 

the original boundary of epidemiology, also considering responsiveness and adaptability of 

externalities factored in the simulation. 

The works is divided in a literature review revising current models and state-or art informing a 

hypothesis for the series of simulations and leading to a critical review of outcomes of this 

simulation. 
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2.0 Literature Review and Background  

2.1 Introduction 

This literature review starts with an overview of epidemics modelling, giving background on 

the mathematical principles of this type of simulation. It further elaborates on how this can be 

relevant to generative design processes used in architecture, reflecting on this and revisiting the 

many types of simulation methods and how they can be utilised in my design project. 

 

2.2 Epidemics Simulations 

Within epidemiology and related disciplines, Computer simulation models are well-

established tools (Orbann et al., 2017). They have proven useful and accessible for evaluating 

and informing health care decisions across medical disciplines (Rutter et al., 2011). Early 

example includes containing influenza pandemic in southeast Asia (Ferguson et al., 2005), 

simulation study on Ebola virus transmission (Sau, 2017).  

With the rapid development of computing capability, accessibility of platforms and 

availability of software, computer simulation models has been increasingly used to an ever-

widening group of fields and researchers (Orbann et al., 2017, P24) These models can analyse 

how the disease is spreading and provide politicians timely guidance. Policymakers, in turn, can 

use the predictions simulated by disease models alone with other evidence to determine issue 

related to health care practices and resource utilisation (Rutter et al., 2011).  

 

Figure 1: Monte Carlo Maximum Likelihood (MCML) (Tizzoni et al., 2012) 

 

Figure 1 shows a Monte Carlo Maximum Likelihood (MCML) method used to estimate the 

transmission potential of the A/H1N1 pandemic. On Figure 1 schematically represents the 

invasion dynamics of an emerging infectious disease from the seed subpopulation (red patch) 

to the neighbouring subpopulations connected by means of mobility. The blue colour code 

refers to the arrival time of the first infectious individual. Links of different width represent 

mobility connections characterised by different mobility flows. (Tizzoni et al., 2012) 
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On Figure 2, the MCML is visualised representing the steps that composes the Monte Carlo 

Maximum Likelihood (MCML) method. Stochastic realisations are run for 2000 points in the 

parameter space with the same initial conditions. The arrival time is then recorded and studied 

to build a probability distribution model for comparison. The maximum value of the model is 

then evaluated, corresponding to the set of parameters that best fits the data. (Tizzoni et al., 

2012)  

 

Figure 2: Flow chart representing steps that composes the MCML method (Tizzoni et al., 2012) 

 

 

A simulation of epidemics on Figure 3 as per the Multi-scale modelling for the transmission of 

influenza and the evaluation of interventions toward it (Guo et al., 2015). Simulated influenza 

clinical cases (red line) is compared against the actual epidemic timeline (blue line) from data 

collected from hospitals during three influenza seasons: 2009-2010, 2010-2011 and 2011-2012. 

 

Figure 3: Simulation of epidemics (Guo et al., 2015) 
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While this thesis is developed, the world has been considerably affected by Coronavirus and 

many are dying of Covid-19. This event has become a demonstration of the severe impact of 

epidemic and the relevance of epidemic simulation. Mathematical modelling has been widely 

used to help make decisions about the control of the virus. The UK Government asserts that its 

response to the coronavirus disease and the imposed social-distancing measures in the UK is 

based on a mathematical model led by Neil Ferguson’s research group at Imperial College 

London (Panovska-Griffiths, n.d.). 

Covid-19 has dramatically changed how cities and urban spaces functions. In London, tube 

usage on 24th March 2020 was 88% lower than the same day in 2019. On the bus, the usage is 

down 76% (Rosehill, 2020). In Venice, where my design project is located, Residents of Venice 

noticed a vast improvement in the water quality of the canals (BBC, 2020a). Wildlife animals, 

such as dolphins, wild boars, octopuses and jellyfishes have been spotted at ports and roads 

have been quiet (Guardian, 2020). 

Covid-19 has also prompted a surge in thinking on how cities and architecture can be 

redesigned to fight future pandemics. David Green, a principal at Perkins and Will, argues that 

buildings have to be the secret weapon in the future to combat infectious diseases, and noted 

during the Covid-19 crisis: “we're working through the process of evaluating the spread of this 

epidemic as it ties to the physical design of cities, which includes things like population 

density” (Peters et al., 2020). According to Michele Acute (2020), a processor in the School of 

Design at the University of Melbourne, COVID-19 puts a fundamental challenge to how we 

manage urbanisation in terms of digital response. He suggests: “Digital infrastructure might be 

the sanitation of our time.” 

 

 

Figure 4: Bethnal Green Tube station was quiet at 09:00 on Monday morning (BBC, 2020b) 

 

https://www.imperial.ac.uk/media/imperial-college/medicine/sph/ide/gida-fellowships/Imperial-College-COVID19-NPI-modelling-16-03-2020.pdf
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2.2 Generative Design: Pros and Cons 

2.2.1 Problem Space vs. Solution Space 

The concept of generative design systems is developed from the result of early researches 

into the understanding of the design process including the overall design theories developed 

by Rowe (1987) and the three-phase design model (analysis, synthesis and evaluation) outlined 

by Asimov (1962) . Information processing theory developed by Nwell and Simon (1972) have 

been adopted by several architectural researchers, such as Akin (1986), Mitchell (1977) and 

Eastman (1975) to consider the design system as the specification, generation and evaluation 

problem-solving cycle. 

Generative design systems consider design as a staged-iterative-problem solving process, 

which contains a series of problem definition, solution generation and resting cycles (Chien, 

1998). Flemming and Woodbury (1995) states that “problem-solving aspects are the easiest to 

support with computational tools and that they are important enough in design to make the 

development of such tools practically interesting.” 

 

Figure 5: Information generated during a design process (Chien and Flemming, 2002) 

 

Information-processing theories of problem solving focus on constructing a problem space 

and finding a path through the problem space (Shea et al., 2005) Therefore, generative design 

process is understood as a transition through states in the design spaces. The transition from 

problem spaces to solution spaces is facilitated by generative mechanisms such as rules or 

actions. (Chien and Flemming, 2002) 

Figure 5 can be used to explain this transition: The generative design systems accept an 

explicit representation of the requirement to be satisfied, called a problem, which the designer 

can modify interactively and dynamically. The system is able to assists the designer actively to 

generate solutions satisfying the requirements. The designer is able to define the problem (A) in 

the problem spaces. The system generates two alternative solutions (S1 and S2) in the solution 

space. After examining the solutions, the designer can then modify (A’), refines (B) or 

decompose (A1-A5) the problem in the problem space through an arbitrary number of 

iterations. For each problem definition, the system generates corresponding solutions in 

solution spaces for designer’s examination (Chien and Flemming, 2002, P2). The 
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decomposition of problem (A to A1-A5) is common in architectural design, since architectural 

problems are often complex design problems. This forms a hierarchical structure call a problem 

hierarchy, in which a complete problem is decomposed into tractable subproblems. (Chien, 

1998, P3) 

Generative design methods are capable of generating concepts and simulating solutions 

based on robust and rigorous models of design conditions languages and performance (Shea et 

al., 2005). Generative design systems make it easier for designers to explore design alternatives 

through the rapid generation of design models (Chien and Flemming, 2002, P1). These 

generative design systems promise to provide superior design aids to current CAD tools 

Generative systems are aimed at both sparking new design ideas and solving difficult 

problems both of which provide design assistance and again extend designers’ capabilities 

(Shea et al., 2005, P 554) 

 

 

2.2.2 Type of efficiency and optimizations 

Pareto proficiency is defined as a situation where it is impossible to achieve one objective 

without sacrificing the achievement of other objectives. Similarly, a Pareto improvement is 

understood as when one individual becomes better off without anyone becoming worse off. 

Pareto efficiency will occur on a production possibility frontier. When an economy is operating 

on a simple production possibility frontier, it is possible to increase the output of goods for all 

services. (Pettinger, 2020) 

On Figure 6, the boxed points represent feasible choices, and smaller values are preferred 

to larger ones. Point C is not on the Pareto frontier because it is dominated by both point A and 

point B. Points A and B are not strictly dominated by any other, and hence lie on the frontier. 

(Pettinger, 2020) 

d  

Figure 6: Pareto efficiency (Pettinger, 2020) 
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Optimization has been the subject of escalated explore and a few unique approaches for 

ideal plan of structures have been pushed since 1970 (Manolis et al., 2001, P239). Optimization 

technology provides a scientific approach to automatically determine more efficient designs 

within competitive time constraints. This enables reductions in design cycle time while satisfying 

ever increasing design functionality demands (The Engineer, 2002). Traditionally optimization 

methods, including mathematical programming method, combinatorial methods and gradient 

based methods succeed in achieving the optimization, however they all contain certain 

restrictions, such as slow rate of convergence and lack of mechanism robustness.  

During the most recent three decades, there has been an increasing interest in problem 

solving systems based on algorithms that rely on analogies to natural processes, called 

evolutionary algorithms. The best-known algorithms in this discipline include Evolutionary 

Programming, Genetic Algorism, Evolution Strategies (Manolis et al., 2001, P239). Evolutionary 

Algorithms methods imitate biological evolution and integrate the idea of artificial survival of 

the fittest with evolutionary operators. This character of Evolutionary algorithms method allows 

it to benefit from its robustness as well as the computational efficiency of the optimization 

procedure (Manolis et al., 2001, P240). Artificial intelligence techniques have also emerged in 

the last ten years, as a powerful tool to further increase efficiency in many applications. These 

optimization technologies have refined the conventional optimization process resulting a robust 

and efficient methodologies that can yield satisfactory design even at the presence of 

analytically intractable objects and limited computational resources (Koziel and Yang, 2011). 

 

2.2.3 Parametricism and Adaptive Design 

Paramedic modelling as a concept and mathematical construct has been around for years 

(Shea et al., 2005, P544). Values within parametric expressions can be modified by designers and 

are then propagated through the design, driving the geometry trough numerical input. Building 

on parametric concepts, generative design transforms the computer from a modelling assistant 

to a generator using a described set of projection rules. In performance-based design, 

parametric control of form is particularly valuable, such that they allow the integration of 

performance analysis into design synthesis. (Dino, 2012, P1) 

According to Turrin et al., (2011), traditional architectural design process tends to integrate 

measurable criteria only in advanced phases of the process, and the assessment of many 

performance assessment is usually postponed in earlier phases of design, which increase the 

investment in poor performing solutions and limit the success of the design process (Turrin et 

al., 2011, p. 656). 

Parametric modelling is proposed for its description of the architectural form and its 

possible variation. Parametric modelling in supporting geometric design explorations offers 

designer a great advantage by enabling the automatic generation of a large range of alternative 

design solution. However, its limitation lies in the difficulties to evaluate the resulting myriad of 

alternative forms against its design requirements and process objectives. 
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Therefore, genetic algorithms (GAs) are offered to enhance parametric modelling. GAs 

create a visual connection between numeric performance and architectural form and at an early 

stage in design process, by introducing information from numeric evaluations and performance 

simulations coupled with evolving forms of architectural solutions. 

Genetic algorithms have been deployed to real-world problems involving a wide spectrum 

of activities, ranging from framing the business problems and implementing the solutions to the 

final deployment of the solutions to the field (Yu et al., 2008, p. 1) 

 

2.2.4 Evolutionary Design 

Evolutionary computation encompasses algorithms that mimic principles of natural 

evolution and integrate evolutionary operators with the idea of artificial survival of the fittest 

(Bäck, 1996) . Figure 7 demonstrates the process starts with a population of candidate solutions 

to the task. New solutions are then created by applying random variation to the existing 

solution. These alterative choices are evaluated and scored with respect to how well they 

accomplish the task and selection is used to eliminate some subset of the population (Fogel, 

2000, p. 2) 

 Evolutionary design process offers particular advantages to the designer facing difficult 

optimization problems. It can be employed to problems where heuristics are not available or 

generally lead to unsatisfactory results. The advantages of this robust search and optimization 

mechanism include the simplicity of the approach, its robust response to changing 

circumstance and its flexibility. (Fogel, 2000, p. 1) 

 

Figure 7: A typical flowchart of an evolutionary algorithms (Fogel, 2000, p. 2) 



Generating architectural design using epidemic simulation                               Ziyuan Zhu 

 17 

Karl Sims is a novel evolutionary design system for creating virtual creatures that move and 

behave in simulated three-dimensional physical worlds. It uses a genetic language that selects 

successful and interesting locomotive strategies from an indefinite number of possible creatures 

with behaviours (Sims, 1994, P1). Many of these emerging strategies that the creatures adapted 

to would be difficult to invent or building by traditional design methods. (Yu et al., 2008) 

 
Figure 8: Evolved Virtual Creatures (Youtube, 2008) 
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2.2.5 Generative Design Applications 

There is an observed increase in application of generative design. Notable real-world 

applications of genetic algorithms and adaptive design include design of dissemble-able Mac 

Power G4 computer, design products that require disassembly for recycling, positioning the air 

channels in micro-structured optical fibres and determination of pricing strategy for grocery 

store retail operations. (Yu et al., 2008)   

Multi-objective genetic algorithms (MOGA) is a framework of genetic algorithms used to 

design products that requires disassembly for recycling, such as dissemble-able Mac Power G4 

computer. Design of such products has to confront with multiple objectives and constraints, 

such as environmental regulations and the profits. MOGA therefore becomes a well-accepted 

method to obtain a set of non-compromising (Pareto optimal) solutions within a reasonable 

time frame. In order to achieve multiple objectives, MOGA assigns a constant weight to four 

multiple objective functions, which are then combined into a scalar fitness function to be handle 

by a single-objective genetic algorithm (Aydemir-Karadag and Turkbey, 2013). Therefore, the 

direction of search and evolution in MOGA is fixed in the multi-dimensional objective space as 

shown in Figure 9.  

MOGA is an optimal system for architectural design due to its ability to search for Pareto 

optimal solutions of multi-objective optimisation problems. This system can be utilised in my 

design project to generate a set of Pareto optimal solutions to the designer for selection 

depending on the designer’s preference (Murata and Ishibuchi, 1995). 

 

Figure 9: Direction of the search in genetic algorithm (Aydemir-Karadag and Turkbey, 2013) 

 
Figure 10: Geometry-based crossover operator (Murata and Ishibuchi, 1995). 
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NASA has used evolutionary algorithms to evolve antennas for spacecraft since the early 

1990. Evolutionary algorithms are operated on a population of potential solutions using the 

principle of survival of the fittest to produce better approximations to a solution of antenna 

designs. This method is a significant improvement to traditional design method, as designing 

and optimizing antennas by hand requires significant domain expertise and is both time and 

labour intensive. (Hornby et al., 2006) 

 

 

Figure 11: NASA evolved antenna (Hornby et al., 2006) 

 

Through the application of the genetic algorithms, progresses have made in identifying the 

weakness of genetic algorithms. One common issue presented is the poor computational 

efficiency during large and complex simulations. The method’s propose is to decompose the 

system into a hierarchy so that only component simulations are needed to achieve a good 

global design. Each component design is carried out independently and are updated to the 

components at lower level of the system hierarchy. This method allows an improved global 

design to be obtained in a seasonable time frame (Yu et al., 2008, P3). 

Other development of genetic algorithms is the deformation methods. Two way of formal 

representations can be used to in genetic algorithms present the design object, free from 

deformations (FFD) and direct manipulation of free form deformations. In FFD, the control 

points of the object lattice are used to represent the design object, whereas objects points 

located on the design shape are used to represent the object in DMFFD.  
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2.3 Kinds of epidemic simulations 

2.3.1 Simple epidemic model (Deterministic and stochastic model) 

The quantitative study of human diseases and mortality number can be traced back to the 

book by John Graunt, Natural and Political Observations made upon the Bills of Mortality (1662) 

However, the first epidemiologic mathematical model was not developed almost a century later 

in 1760 by Bernoulli (1999, p,1). Bernoulli adapted a more theoretical approach to study the 

population dynamics of an infectious disease, namely smallpox, which was then widespread in 

Europe.  

Deterministic models can be considered to be fixed ‘clockwork’ systems. The exact 

trajectory is always observed, given the same starting conditions. This Newtonian view of the 

world does not apply to the dynamics of real-world epidemic (Keeling and Rohani, 2007, p. 

190). Stochastic models provide more accurate simulation by taking into account random or 

probabilistic elements within the dynamics of real pathogens.  

 

 

Figure 12: Well-known propagation model of simple epidemic model (Theodorakos, 2016) 

 

2.3.2 Agent-based epidemic models 

Agent-based model (ABM) is an emerging approach to modelling complex processes and 

phenomena in social science in recent years. An ABM consists of a system of agents and the 

relationships between them. Each agent individually assesses its situation and makes decisions 

on the basis of a set of rules (Bonabeau, 2002, p. 7780). Its origin can be followed back to as 

early as the 1940s when the first prototypical “cellular automata” was invented.  

 



Generating architectural design using epidemic simulation                               Ziyuan Zhu 

 21 

The past decade witnessed an enormous growth of agent-based modelling in ecology and 

evolutionary biology (DeAngelis and Mooij, 2005, p. 147). Agent-based models (ABMs) have 

gained prominence in both theoretical and applied area of ecology, because of its efficiency at 

modelling populations in which the factors of spatial heterogeneity, behavioural complexity, life 

cycle detail, and genetic evolution. Usage of ABM in biology includes forest gap-phase models 

in forest ecology, fish schooling behaviour models in fisheries industry and population-viability 

analysis applied to the reintroduction of extinct species (DeAngelis and Mooij, 2005, p. 155). 

ABMs simulate system of population as being composed of discrete agents that represent 

individual organisms, with sets of traits that vary among the agents. Each agent has a unique 

history of interactions with its environment and other agents. ABMs consider the dynamics of 

individuals that occupy a spatial landscape, and allow the explicit inclusion of individual 

variation in greater details than classical models. Inclusion of such variation is important for 

continued progress in ecological and evolutionary theory (DeAngelis and Mooij, 2005, p. 147).  

 

Figure 13: ABM-generated clinical attack rate for pandemic influenza in California (Valle, 2000) 

 

 

Figure 14: Simulation of the spread of antibiotic resistant bacteria in a hospital (Perez and 

Dragicevic, 2009) 
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ABM outlines a framework from the bottom up, by examining the practices of its 

constituent units, the agents. The autonomous and social characteristic of agents permit 

perplexing, nonlinear communications between them to be modelled which will lead to 

collective behaviours and emergent phenomena such as self-organisation (Chen, 2012, p. 168). 

ABM is a spatial epidemic model which differs to traditional epidemic models, such as 

deterministic and stochastic model. Spatial Models, such as ABM considered disease 

transmission predominantly as a localized process. Spatial models is concerned with capturing 

the host population characteristics, such as geographic proximities and movement of 

individuals (Keeling and Rohani, 2007, p. 232).  

However, Bonadeau (2002), think it is wrong to perceive traditional differential equation 

modelling as the alternative to ABM. This is because “a set of differential equations, each 

describing the dynamics of one of the system’s constituent units, is an agent-based model” 

(Bonabeau, 2002, p. 7780). A synonym of ABM would be microscopic modelling, and an 

alternative would be macroscopic modelling. 

ABM has a series of advantages over conventional modelling paradigms. Bonadeau (2002), 

has captured three most essential benefits of ABM: ABM captures emergent phenomena; ABM 

provides a natural description of a system; ABM is flexible. ABM accounts for the spatial 

interaction between individual hosts distributed on a spatial landscape, therefore they can 

include a wide variety of complex behaviour. Spatially explicit ABMs can be used to investigate 

how local interaction and movements of organisms manifest themselves in population-level 

consequences, such as stability, persistence and coexistence. Allow investigation of the 

emergence of size distributions and spatial patterns. (Chen, 2012, p. 168) 

At the same time, ABM has also been criticised for a number of reasons. The outcome of an 

ABM is difficult to assess. It is hard to determine whether unexpected result is a reflection of a 

mistake in the programming, or a surprising consequence of the model itself (Axelrod, 1997, p. 

210). Even if its output matches reality, it’s not always clear if it is because of careful tuning of 

those parameters, or because of carful tuning of those parameters, or because the model 

succeeds in capturing realist system dynamic (Buchanan, 2009). The model has to be built at the 

right level of description, with just the right amount of details to serve its purpose; this remain 

as an art more than a science (Bonabeau, 2002, vol. 99, p. 7287). ABM also requires high 

computer resources when applied to large scale systems. (Chen, 2012, p. 174) 

 

2.3.3 Cellular automata 

Urban models, which date back to the early nineteenth century, such as simple markets 

model developed by von Thunen, have suggested cities can be understood as systems that 

moved quickly to equilibrium (Batty, 2005, p. 2). Jane Jacobs in 1948 proposed that cities were 

best understood as ‘problems of organised complexity’ with meant ‘dealing simultaneously with 

a sizeable number of factors which are interrelated into an organic whole’. 

By the 1950s, with the rapid development of social physics, a new view of systems in 

general has arisen (Batty, 2005, p. 4). Theory without dynamics could do little more than provide 
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a descriptive explanation of how various economic and social forces could work themselves out. 

Cities should be considered as layer or urban change, thus breaking directly with the tradition 

that sees cities as holistic spatial structures and forms. Cities and urban development emerge 

from the bottom up and that the spatial order we see in patterns at more aggregate scales can 

be explained only in this way. 

Cellular automata has first been developed by Turing (1952) and von Neumann (1966) as a 

digital computing method to study cell development as a process of communicating 

information. Cellular automata are computable objects existing in time and space whose 

characteristic, usually called states, change discretely and uniformly as a function of the states 

of neighbouring objects, those that are in their immediate vicinity. Cellular automata simulate 

processes where local emerges as a consequence of applying local or decentralised rules that in 

turn embody local process (Batty, 2005, p. 67).  

The characteristic of cellular automata is important, as is the notion of decentralised 

decision making. Cellular automate allows ‘planning and design emerge from the bottom up, 

where individuals are in touch with the problems of the city and know best how to tackle them’, 

rather than ‘top-down, centralized planning’. Elementary forms of dynamics can generate 

complexity in the form of chaos (Batty, 2005, p. 7). 

 

Figure 15: Cellular automata model with different examples of rules (Golid, 2019) 

 

  

Figure 16: Elements of a cellular automaton: lattice, neighbourhood, and example of rules. 

(Jiménez, 2013) 
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2.4 Discussion & Conclusion 

This literature review explores epidemic simulations as a well-established tool that has 

proven useful and accessible for evaluating and informing health care decisions. Epidemic 

simulation can be applied to an architectural design process cross-disciplinarily due to its ability 

to simulate processes where local emerges as a consequence (Batty, 2005). Architecture has the 

same qualities. Architecture can be defined as the framework of the emergence of many 

contrasting spatial quality, such as isolation and contact, internal and external spatial 

arrangement, transition between public and private spaces (Acre Pacheco and Wyckmans, 

2015). Epidemic simulation has the capacity to explore the transmission of these architectural 

definitions. 

Generative design system is used to assist designers to actively generate design solutions 

satisfying the performance requirements, and epidemic simulation can be understood as the 

generative mechanism that solves the design problem. Optimisation technology, such as 

genetic algorithms, can create a visual link between the form and numeric performance, 

providing an automatic process to determine more efficient design. 

This thesis aims to use a selected set of simulation to test the effectiveness of types of 

epidemic simulations to generate architectural solutions. The thesis proposes a new 

architectural design process, in which generative design system and optimisation methods are 

used to assist epidemic model in the generation and analysis of the architectural solutions 

simulated. 
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3.0 Hypothesis 
 

3.1 Hypothesis 1 

The main hypothesis of this thesis is Computed epidemic simulation model can be 

applied into generative design system for architecture.  

Epidemic model can have the capacities to interactively and dynamically respond to 

alternating architecture problems and can create a generative mechanism that facilities the 

transition from problem spaces to solution spaces for architectural design. The design solutions 

generated can serve the correct functions of the program and is transferable or directly 

applicable to architecture and spatial planning. This thesis aims to investigate how, and to what 

extent, this generative design can extend designer’s capabilities to actively generate solutions 

satisfying the requirements.  

 

3.2 Sub-Hypothesis 1a 

If hypothesis 1 is true, a surrogate hypothesis is that the generative design system based 

on epidemic simulation can assist designer more efficiently to generate optimized design 

solutions. The generative design systems can provide alternative design solutions with rapid 

speed of generation, and can help architects analysis them critically and qualitatively from 

different viewpoints, such as engineering performance, spatial performance, cost and 

fabrication. 

 

3.3 Sub-Hypothesis 1b 

Another surrogate hypothesis is that the generative design system can generate 

architectural solutions that have better geometrical and spatial qualities. The new 

generative design system can parametrically vary design in step with designer intent. The 

architectural solution generated can provide great opportunities for designer to move away 

from traditional compositions in order to explore new forms.  
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4.0 Methodology  
 

The methodology adopted in this dissertation is through analysing and comparing results 

of computer simulation of epidemic models. The dissertation aims to propose a design strategy 

by simulating a selected range of models with different structures and set-ups. 

Evaluation of every simulation begins with a simple description of the subject under study 

and moves on to describing the modelling and statically methods used in the simulation, 

followed by the visual illustration of the outcome and analysis of the outcome against the 

criteria table to determine the utility. 

This methodology can then be considered as a generative process. In the beginning of each 

simulation, a question is asked in the problem spaces resulted in the production of a 

corresponding architectural solution, which is then examined against the criteria table. If the 

design solution is unsatisfied, the design problem will then be approached in a different way, 

which contributes to the adjustment of model structures and set-ups.  

During this process, the design problem and set-ups will be restructured several times, and 

for each problem definition, there will be several alternative solutions generated. Therefore, 

through analysing and comparing results of epidemic models, each iteration will be improved in 

terms of the question it proposed. In addition, as the design problems become more complex, 

the designer might decide to decompose the problem into sub-problems which further affect 

the structure of the model.  
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The qualitative criteria for assessment of the simulations is as follow: 

 

 

 

  

Criteria Rating Description 

Computation 

Efficiency 

1 (Low) Computational efficiency measures the amount of 

time or memory required for a given step in a 

calculation, such as an evaluation of a log posterior 

or penalised likelihood. The system is capable of 

generating concepts and simulating solutions in 

slow/medium-speed/rapid generation speed based 

on robust and rigorous models of design conditions 

languages and performance 

2 (Medium) 

3 (High) 

Geometrical 

Quality 

1 (Low) The design process provides little/some/great 

opportunities for designer to move away from 

traditional compositions and geometrics in order to 

explore new forms. 

 2 (Medium) 

 3 (High) 

Spatial Quality 1 (Low) The architectural solution contains 

undesirable/medium/attractive spatial quality in 

terms of views, isolation, contact, internal and 

external spatial arrangement, transition between 

public and private spaces. 

 

 2 (Medium) 

 3 (High) 

Transferability  1 (Low) The epidemic generative process can be generalised 

to limited/some/a wide range site contexts, settings, 

functions, design conditions and performance. 

 2 (Medium) 

 3 (High) 

Functionality 1 (Low) The design solutions perform badly/averagely 

/highly in terms of functions, engineering 

performance, spatial performance, cost and 

fabrication. 

 2 (Medium) 

 3 (High) 
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5.0 Results  
 

5.1 Introduction 

This thesis presents results of ongoing simulation tests on the design process of Global 

Emergency Operations Centre in Venice, Italy. The project aims to construct a multi-purpose 

operation centre that can manage with global crisis, including major global disease outbreak, 

natural disaster, humanitarian crisis and climate change. The project aims to use epidemic 

simulation as a design tool, and presents the design process as a problem-solving generative 

mechanism, which contains a series of problem definitions, solution generations and resting 

cycles. 

The following diagram illustrates the context of all the simulations within this generative 

design process: 

 

Figure 17: The context of all simulations within the generative design process 
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Figure 18: The work process of the generative design process 
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5.2 Agent-based infection simulation of particle system 

Agent-based infection simulation contains three iterations (A.1, A.2, A.3). These simulations 

construct a three-dimensional space that hosts a collection of susceptible agents. The number 

of agents contained in the space increases as the iteration processes (125 agents in simulation 

A.1, 1000 in simulation A.2, 1600 in simulation A.3). The status of each agent is presented by a 

number and is capable of changing depending on the status of the neighbouring agents. These 

simulations aim to test different epidemiology concepts and measures, such as chain of 

infection, vaccination, drug resistance, the travel ban, and social distancing. These simulations 

also aim to examine how these concepts and measures can be translated into architectural 

forms. 

Please see Appendix A for step-by-step grasshopper script for simulation A.1, A.2 and A.3 

 

 

Figure 19: Grasshopper script for simulation A.1, A.2 and A.3 
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Figure 20: Visual illustration of simulation A.1 at four different stages. 
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Figure 21: Visual illustration of simulation A.2 at four different stages. 
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Figure 22: Visual illustration of simulation A.3 at eight different stages. 
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5.3 Agent-based infection simulation of architectural elements 

Simulation B.1, B.2, B.3 and C considers epidemic infection process as an architectural 

manipulation to an existing Venetian facade.  

Simulation B.1, B.2, B.3 defined the infection as deformation transmitted within a facade 

through contact between architectural elements. Simulation B.1, B.2, and B.3 each investigates 

into a unique type of facade deformation: elemental deformation (B.1), structural deformation 

(B.2) and combinatorial deformation (B.3). The state of infection is introduced to the agent 

located at the bottom right corner which initiates the infection to susceptible agents within the 

contact. Infectious agents heal and then turn into immune agent after three turns.   

Simulation C explores the concept of genetic mutation. Simulation C differs to the other 

simulations in agent’s individual ability to react to the infection process. Agents will remember 

the deformation during healing, leaving a new pattern of contact system after the infection. At 

the same time, agents also can remember its source of infection and can move away from the 

source. This allows the facade system to evolve through waves of infection to become more 

resistant. 

Please see Appendix B for step-by-step grasshopper script for simulation B.1, B.2 and 

B.3, and Appendix C for simulation C. 

 

 

Figure 23: Grasshopper script for simulation B.1, B.2 and B.3 
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Figure 24: Visual illustration of simulation B.1 at eight different stages. 
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Figure 25: Visual illustration of simulation B.2 at eight different stages. 
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Figure 26：Visual illustration of simulation B.3 at eight different stages 
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Figure 27: Visual illustration of simulation C at eight different stages. 
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5.4: Using cellular automata to generate building form 

Simulation D attempts to generate a building form on the site in Venice using cellular 

automate as the infection mechanism. The simulation D uses four infectious states A, B, C, D to 

describe four architectural programs within the building. Besides ABCD, agents can also be 

occupied by two programs at the same time carrying states of AB, AC, AD, BC, BD and CD, and 

are considered as interfaces between different programs. The system contains a volume 

definition of the four programs, which determining the infection rate of the agents. This volume 

definition can be updated at any time to reflect the current global crisis, and will result in the 

alteration of the building form. 

Please see Appendix D for step-by-step grasshopper script for simulation D. 

 

 

Figure 28: Grasshopper script for simulation D 

 



Generating architectural design using epidemic simulation                               Ziyuan Zhu 

 40 

 

Figure 29: Pattern of the occupation of four architectural programs using cellular automata 

at eight stages in simulation D 
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5.5 Architectural generative system through infection 

simulation 

Simulation E.1 and E.2 attempts to establish an architectural generative system that 

constitutes a problem hierarchical structure to decompose complex architectural design 

problem into tractable subproblems. Each of the subproblems is defined to generate a specific 

architectural element. The sub-solutions are then assembled to form the overall architectural 

design in simulation E.1 and E.2. This hierarchical structure allows a more tractable and accurate 

approach of architectural generation. 

Simulation E is decomposed into landscape simulation (E.1.a) and ground-floor wall 

simulation (E.1.b). The evaluation of the result of simulation E.1 is used to redefine the definition 

of problem into simulation E.2. Simulation E.2 is decomposed into a later version of landscape 

simulation (E.2.a), a later version of ground-floor wall simulation (E.2.b), colour simulation (E.2.c), 

building simulation (E.2.d). These sub-solutions are then assembled as the outcome of 

simulation E.2. 

Simulation E.1 and E.2 contains a ‘scarring’ feature that allows the determination process 

of each altered agent group to be initiated differently. This feature can be trigger automatically 

or manually, which allows the designer to actively generate solutions satisfying the requirement. 

Once the designer is satisfied with the spatial quality of an agent group, the designer can 

manually trigger the determination process to make a design decision, which prevents the 

infectious agent group from scattering or disappearing.  

Similar to simulation D, each agent group contains a list of character definition, such as 

volume, height and unity. These definitions are input into the system as restriction in the 

beginning of the simulation, and can be constantly updated during the process, which allows 

more accurate and rigorous design alternatives exploration. 

Please see Appendix E for step-by-step grasshopper script for simulation E.2 

  

Figure 30: Grasshopper script for simulation E 
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Figure 31: Visual illustration of simulation E.1 assembled from simulation E.1.a and E.2.b 
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Figure 32: Visual illustration of landscape simulation (simulation E.2.a) 
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Figure 33: Visual illustration of ground-floor wall simulation (simulation E.2.b) 
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Figure 34: Visual illustration of colour simulation (simulation E.2.c) 
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6.0 Discussion  
 

This chapter of the thesis investigates the results of computer simulations against the 

qualitative criteria. Comparison between different simulations are made in this chapter to 

analysis the effectiveness of different models with various structures and set-ups. The aim of 

this investigation is to discuss and determine the utility of this generative design strategy of 

using epidemic simulation as an architectural design tool.  

In this thesis, five approaches of using epidemic simulations for architectural design are 

tested. Simulation A (A.1-A.3), B (B.1-B.3) and C has adapted an agent-based epidemic model, 

while simulation D and E (E.1-E.2) has adapted a cellular automata model structure. Simulation 

A simulates the epidemic transmission within a number of points located in an empty three-

dimensional space, simulation B and C simulate the architectural elements existed in a façade 

system, whereas simulation D renders the architectural generation process on the site in Venice 

Italy. For each approach, several iterations are developed for improvement. 

Please see Appendix F for assessment of simulations against the qualitative criteria defined 

in the chapter 4, and Appendix G for comparison of the overall rating. 

It is the evident from this thesis, the architectural solutions generated from this process 

have improved in all five aspects of the qualitative criteria. Compare to the initial simulation A.1, 

simulation E.2 has able to capture an architecture solution that contains detailed and desirable 

spaces that has high functionality performance.  

 

Figure 35：Solution generated by simulation A.3 (left) and simulation E.2 (right) 

 

Different Knowledges have been acquired from analysing the results of different 

simulations and are continued in the thesis for the development of other models. Simulation A 

has demonstrated that the disease in epidemiology can be identified as an architectural status 

which can be assigned to an object. Epidemic transmission therefore is understood as the 

change of an architectural state, according to the state of neighbouring objects. Simulation B 

further explored this knowledge by defining the state of an object as a formal definition rather 

than a colour definition like simulation A. Simulation B also explores the idea that the 

organisation layout of architectural elements can be used to determine the transmission 

method. Simulation B clearly proves that the epidemic model can be applied to the discipline of 

architecture, through its ability to describe the propagation of an architectural state alteration. 
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Simulation C is then developed directly from simulation B to explore the concept of genetic 

mutation which gives agents the ability to actively respond to the infection. 

 

 

Figure 36: Solution generated by simulation B.1 

 

Figure 37: Solution generated by simulation B.1 

 

The approach of using epidemic model drastically changes in the development of 

simulation D. Simulation D uses cellular automata as the model structure, rather than ABM. It 

defines a new architectural generative process, in which an invisible grid located on top of the 

site is considered as the susceptible agents, rather than any existing forms. Simulation D 

identifies architectural program as an epidemic, rather than formal deformation in simulation B. 

Simulation E further explores this concept and redefined architectural form generation based on 

the program infection mechanism. This technique significantly improves the spatial quality of 

solution generated by simulation D and E, as the form generated is directly linked to numeric 

performances.  

This thesis has adapted a generative design process, where the solution of the pervious 

simulation is constantly analysed, and the feedback is used to develop and refine the model 

structure and set-up of the next simulation. The benefit of generative design process can be 

witnessed in the development of a few models in this thesis: 
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Simulation B is the first version of Agent-based infection simulation of architectural 

elements. Exploring how epidemic model can be used to alter an existing facade, simulation B 

focuses on expressing the infection through elemental deformation. Realizing the solution 

simulation B generates is not able to have a distinctive geographic quality, simulation B.2 is 

then proposed as a refinement to express a structural deformation. Simulation B.3, as the final 

version, then combine the model structure of simulation B and simulation B.2. A similar 

refinement approach can also be witnessed in simulation A.1, A.2 and A.3. 

Generative design process has also contributed to complete approach alteration a few 

times in this thesis. After the examination of the solution produced by simulation A.3, I realized 

that the model structure of simulation A, A.2 and A.3 cannot be used to explore design 

alternative that has adequate geometrical quality and spatial quality. The decision is then made 

to approach the design process in another way. Simulation B is created as a result, which uses 

architectural elements as agents other than particles. 

In this thesis, the generative process does not intent to automate the design process. It 

aims to create a system that is able to take a more active part in the generation of a 

computable design description than traditional computer-aided design (CAD) systems are able 

to do (Chien and Flemming, 2002). The design process itself remains largely under the 

designer’s control. The generative design system has proved its ability to assist design in the 

rapid generation of computable design models and presentations. 

Two types of model structure and epidemic simulation have been tested in this process: 

agent-based infection simulation and cellular automata. Simulation A.1, A.2, A.3, B.1, B.2, B.3 

and C adapted an agent-based simulation approach, whereas simulation D, E.1 and E.2 has 

adapted a cellular automata approach. Simulation A.1, A.2, A.3 use existing particles as agent. 

Each particle represents a human being in a given population of individuals. Simulation B.1, B.2, 

B.3 are based on existing architectural facade, and consider architectural elements as agents 

rather than particles. Simulation D, E.1 and E.2 operates on an invisible grid structure 

(10m*10m*10m) on the site in Venice. Every turns the states of the cell is determined based the 

states of neighbouring cells. When a cell is presented with state ‘ON’, the space is then 

considered as occupied by an architecture space, which results in the generation of architectural 

form on the cell border.  

In general, simulations, that operate on an existing population of agents in this thesis, have 

adapted an agent-based approach, whereas the models that require the generation of 

architectural form have adapted a cellular automata approach. It is easy to understand this shift 

in the model structure. In simulations before simulation D, the focus is to investigate the pattern 

of infection. Therefore, the visual existence of an agent is irrelevant to its states. In other words, 

the particle is visible (and its state is considered), whether it is infected or not. Whereas, in 

simulations after simulation C, the focus of the models has shift from investigating the epidemic 

pattern to a more active approach of generating architectural form. Although the space above 

the site is divided into 1980 cells, architectural form is only generated if the cell is considered 

infected and presented with state ‘ON’. Therefore, cellular automate provides a better design 

description to the problem. 
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However, in simulation E.1 and E.2, the model structure can be considered as a 

collaboration between agent-based simulation and cellular automata. The problem hierarchical 

structure established in these simulations allows designer to pick suitable epidemic model 

according to the need to each tractable subproblems. In order to generate architectural form 

with great spatial quality, each cells within the cellar automata system is constrained by much 

more information than just the states of neighbouring cells, including the programs’ volumes, 

the distance to the program centre and the source of infection. Each cell also presents more 

states than just ‘ON’ and ‘OFF’. 

Hierarchical structure has also played an important role in simulation E.1 and simulation E.2. 

This feature allows complicated architectural problems to be decomposed into much tractable 

subproblems. Simulation E.1 and E.2 decompose the system into an architectural element 

hierarchy according to their construction order. Simulation E.2.a-E.2.e respectively simulates the 

landscape, the ground-floor walls, the material colour, the building and the details. Each 

component design is simulated independently and is updated to the components at lower level 

of the system hierarchy. This method works in concert with cellar automata’s approach of 

establishing a bottom-up emergence of spatial order (Batty, 2005). In this system, architectural 

design can be understood as layers of architectural definition transmission. Patterns at more 

aggregate scales can only be explained by the status of its constituting units, such as a 

10m*10m*10m space on the site, or a piece of brick in a wall (Yu et al., 2008). 

This structure has also had a positive impact on the improvement of computational 

efficiency. Simulating a much complex calculation, the time taken from simulation E is similar to 

time taken from simulation A (0.018s per agent per step in simulation A.3, 0.02s per agent per 

step in simulation E.2.) This is because only component simulations are needed every step to 

achieve a good global design. However, It is important to note the computational efficiency 

presented in all simulations perform relatively satisfyingly, considering many complex epidemic 

simulations that can takes days to render every steps (Pedrycz and Chen, 2019, P150).  

In general, I believe epidemic simulation, together with generative design system, can 

generate and explore design alternatives with good geometric and spatial qualities. This is 

evident in the architectural solutions generated in this thesis. They provide designer move away 

from traditional compositions and geometric in order to explore new forms. The epidemic 

simulation has been used in a much larger context, as a design simulator that can explore the 

transmission of architectural conditions. This is an existing adaptation of epidemic simulation, as 

architecture can be seen as description of many contrasting spatial qualities, such as isolation 

and contact, internal and external spatial arrangement, transition between public and private 

spaces (Acre Pacheco and Wyckmans, 2015).  

As witnessed in this thesis, solutions generation process has sometimes weakened the 

design’s control over the design. As a result, the architectural solution generated often lacks 

necessary functionalities. This is evident in simulations such as simulation C and E. This 

complexity vs. control is a classic trade-off in the field of computer graphics and animation 

(Sims, 1994, P1). This thesis has attempted to resolve this issue in two ways. The first method is 

to increase the amount of parameter input into the system serving as the constraint. The second 
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method is to decompose the complex architectural problem into subproblems according to 

each architectural element or program, such as landscape, wall, amphitheatre, office, railing, 

window, colour and material. This allows designers to solve each problem with more control. 

The architectural elements generated from these subproblem can then be assembled into 

overall architecture. The project aims to continue develop in these ways to improve the 

functionality. 
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7.0 Conclusion    
Epidemic model is a powerful tool that can be used to predict future course of an outbreak 

and contributes to the decision-making processes of public strategies. This research elaborates 

the utilities of using epidemic model to create a unique architectural generative design system. 

Background knowledges on principles of epidemic models and generative design system is 

illustrated in Chapter 2. Chapter 3 and 4 has outlined the hypothesis and methodology, whereas 

results of five tested models and their iterations are demonstrated in Chapter 5. The 

architectural solutions are examined, and the design process is reflected in Chapter 6. 

The results demonstrated by this thesis have validated the relevance of epidemic models to 

architectural design. However, there are a few aspects I investigated in the beginning of the 

thesis which currently isn’t addressed in the latest version of architectural simulations. One of 

concept investigated in the literature review is the evolutionary design and genetic algorithms 

and. Currently, the solutions are assessed manually by comparing to the qualitative criteria 

defined in Chapter 4. Evolutionary design can be used to automate this Pareto improvement 

optimisation process, aiming to improve the functionality of design solutions without 

satisfaction on spatial qualities. This can be achieved by assigning spatial qualities with numeric 

performance requirements, and combining these requirements into a single-objective genetic 

algorithm. 

In addition, in order to further test and prove the effectivity of architectural generative 

system based on epidemic models, I aim to arrange an experiment. A group of architects will be 

asked to design the Emergency Operation Centre on the same site manually. Their architectural 

designs will then be compared to the architectural solutions generated by the simulations. 

Direct comparisons between two outcomes can inspire further understanding on the pros and 

cons of this unique architectural generative system. 

Complexity vs. Control is a classic trade-off in the field of computer graphics and animation 

(Sims, 1994, P1). It is common sense that human is able to design architecture solutions with 

more control, whereas computer simulations succeed in geometric complexities. The solution 

generated by epidemic simulations in this thesis contains great spatial complexity and qualities, 

however, they tend to lack the control which traditional design methods have in details and 

functions. Although there is a significant improvement in the latest simulation model 

(Simulation E), this area remains to be an area for improvement. Several resolutions on this 

issue have been defined in Chapter 6. 

This thesis is developed while the Covid-19 crisis is unfolding globally. With the closure of 

national broader and public spaces, this dramatic event has drastically changed our lifestyle and 

inspired me to reflect on the architectural and urban concept of isolation, quarantine, openness 

and freedom. Architectural generative system based on epidemic simulation has become an 

effective tool to explore the propagation and interaction of these architectural qualities. 
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Appendices  
 

A. Algorithm for simulation A (A.3) 

1. Generating computed geometry 

1.1 Generating agent points in the city 

 

1.2 Culling the agents in the city according to the pattern  

 

1.3 Introduction of the movement of agents located in the city 
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1.4 Generating agent points in the rural area and culling the agents according to the pattern 

 

1.5 Introduction of the movement of agents located in the rural area 

 

1.6 Generation of transportation hub in the city 

 

1.7 Generation of transportation route 
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2. Introduction of the infectious 

 

3. Transmission through transportation  

3.1 Determining activated transportation route 

 

3.2 Finding the code of activated transportation route 

 

3.3 Determining infected agents 
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3.4 Finding the code of infected agent 

 

3.5 Changing the status of the infected agent 

 

4. Transmission through contact 

4.1 Determining infected agents 

 

4.2 Finding the code of infected agent 

 



Generating architectural design using epidemic simulation                               Ziyuan Zhu 

 59 

4.3 Changing the status of the infected agent 

 

5. Transmission through vector 

5.1 Determining infected agents 

 

5.2 Finding the code of infected agent 

 

5.2 Changing the status of the infected agent 
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6. Migration 

6.1 Finding the code of migrated agent 

 

6.2 Changing the status of the migrated agent 

 

7. Reproduction 

 

8. Medication 

 

9. Antibiotic resistance 
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10. Vaccination 

 

11. Mutation 

 

12.  Travel ban 

 

13. Quarantine 
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14. Behaviour alternating virus 

14.1 Determining the infected agents 

 

14.2 Changing the status of the infected agent 

 

15. Data processing 

15.1 The infectious to the dead 

 

15.2 The infectious to the recovered 
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15.3 The latent to the infectious 
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B. Algorithm for simulation B (B.1) 

1. Generation of agent status 

1.1 Generation of agent status and introduction of the infectious agent. 

 

2. Transmission through contact 

2.1 Determining the infected agents and changing their status, according to relationship 

between architectural elements. 

 

2.2 Determining the infected agents and changing their status, according to distances. 
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3. Deformation 

3.1 Apply deformation to architectural element according to its status (the latent and the 

recovered) 

 

3.2 Apply deformation to architectural element according to its status (the infectious) 

 

4. Colour 
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5. Data processing 

5.1 Reproduction 

 

5.2 The infectious to the recovered 

 

5.4 The latent to the infectious 
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C. Algorithm for simulation C 

1. Generation of agent status 

1.1 Generation of agent status and introduction of the infectious agent 

 

2. Transmission process 

2.1 Testing susceptible agents through contact with infectious agents 

 

2.2 Changing the status of the infected agent 

 

3. Deformation 

3.1 Editing list that contains last turn’s agent status. 
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3.2 Apply movement transformation to architectural element according to its status  

 

3.3 Adding deformed architectural elements to data for scarring. 

 

3.4 Apply deformation to architectural element according to its status. 
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4. Colour  

4.1 Determining the colour of architectural elements according to its status and applying the 

colour to the architectural elements. 

 

5. Data processing 

5.1 The latent to the infectious 

 

5.2 Reproduction 

 

5.3 The infectious to the recovered  

 

5.4 The infectious to the dead 
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5.5 Aging 
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D. Algorithm for simulation D 

1. Generation of agent status 

1.1 Generation of agents on the site as an invisible grid 

 

 

1.2 Introduction of the infectious agent 
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1.3 Calculating geometric relationships between agents. 

 

2. Recovery 

2.1 Determination of the susceptible agents 

 

2.2 data processing 

 

2.3 Calculating the recovery parameter 
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2.4 Changing the status of the recovered agents 

 

2.5 Changing the status of the recovered agents 

 

3. Program infection  

3.1 Determination of the infectious agents 

 

3.2 Calculating the infection parameter according to the percentage 
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3.3 Calculating the infection parameter according to the agent’s location 

 

3.4 Changing the status of the infected agents 

 

4. Transmission from program agents to interface agents. 
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5. interface infection 

5.1 Calculating the infection parameter according to the percentage 

 

 

5.2 Assorting the parameter to the infectious agents 

 

5.3 Calculating the infection parameter according to the agent’s location 
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5.4 Changing the status of the infected agents 
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E. Algorithm for simulation E (E.2.b) 

1. Generation of agent status 

1.1 Generation of points (agents) 

 

1.2 Generation of agent status 

 

2. Infection 

2.1 Determining susceptible agents  

 

2.2 Determining infectious disease group 
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2.3 Culling the susceptible agents according to the disease group 

 

2.4 Changing the status of the infected agents 

 

3. Recovery 

 

4. Decomposition of disease group 

4.1 Determining the available disease group 
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4.2 Seperation of the disease group 

 

5. SCARRING  

5.1 Determining the available disease group 

 

4.2 Change the status of scarring agents 
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F. Benefits of Agent based model 

(Chen, 2012) 

 Benefits Application 

a) Emergent 

phenomena 

1) The characteristic of emergent 

phenomena makes them difficult 

to understand and predict, 

however an emergent 

phenomenon can have properties 

that are decoupled from the 

properties of the part. 

2) ABM is a canonical approach to 

modelling emergent phenomena. 

Behaviour of the system’s 

constituent units and their 

interaction is modelled to capture 

the emergence from the bottom 

up when the simulation is run.  

1) Individual behaviour is nonlinear, 

and change characterized by 

thresholds. 

2) Individual behaviour exhibits 

memory, path dependence, and 

hysteresis, non-markovian behaviour, 

or temporal correlations, including 

learning and adaptation. 

3) Agent interactions are 

heterogeneous and can generate 

network effects. 

b) Natural 

description 

1) Because ABM describes 

agents’ activities, ABM is most 

natural for describing and 

simulating a system composed of 

behavioural entities. ABM makes 

the model seem closer to reality 

and enable the user to study 

aggregate properties.  

1) The behaviour of individuals 

cannot be clearly defined through 

aggregate transition rates. 

2) Individual behaviour is complex. 

(Describing complex individual 

behaviour with equations becomes 

intractable) 

3) Activities are a more natural way of 

describing the system than 

processes. 

4) Validation and calibration of the 

model is crucial. 

5) Stochasticity applies to the agent 

behaviour: Sources of randomness 

are applied to the right places as 

opposed to a noise term. 

c) flexible 1) Easy to add more agents to an 

agent –based model. 

2) Provide natural framework for 

tuning the complexity of the 

agents. 

3) Have the ability to change levels 

of description and aggregation. 
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G. Simulation Evaluation 

Simulation A.1, A.2, A.3: Agent-based infection simulation of particle system 

Overall rating: 1+1+1+2+1=6 (poor) 

Criteria Rating Description 

Computation 

Efficiency 

1 (Low) The amount of time or memory required for each given 

step of the agent-based infection simulation of particle 

system varies drastically depending on the number of 

agents simulated and the complexity of the epidemic 

models. Simulation A.1, rendering only 125 agents with 

low model complexity takes only 1.5s every step, whereas 

simulation A.3 simulating 1600 agents with many epidemic 

theories investigated, take 30.2s to calculate every step. 

The geographical analysation has taken up most of the 

computer memory in simulation A.3, which is necessary 

due to agent’s random movement. 

Geometrical 

Quality 

1 (Low) Simulation A.1, A.2 and A.3 provide little opportunity for 

designer to explore architectural alterations, but they 

provide interesting visual representation of epidemic 

theories, including cycles of infection, disease characters 

and management measures.  

Spatial Quality 1 (Low) The simulations aim to explore visual representation of 

epidemic theories upon an agent-based particle system, 

reflected by the pattern of colour particles. Therefore, the 

results generated by simulation A.1, A.2 and A.3 do not 

contain attractive architectural spatial qualities. 

Transferability  2 (Medium) The simulation allows designers to actively change the 

parameters of agent’s behaviour, therefore can be easily 

altered to adapt to other settings within larger context of 

epidemic simulation. 

Functionality 1 (Low) Simulation A.1, A.2 and A.3 focus on exploring epidemic 

theories using agent-based epidemic simulation, therefore 

it performs badly in generating a functional architecture. 

 

Simulation B.1, B.2, B.3: Agent-based infection simulation of architectural elements 

Overall rating: 1+2+2+2+1=8 (adequate) 

Criteria Rating Description 

Computation 

Efficiency 

1 (Low) Simulation B.1, B.2 and B.3 take 8.8s, 11s and 19.8s to run 

respectively. The time are much shorter comparing to 

pervious simulations. However, the number of agents 

simulated in these models is only 348, which means the 

average amount of time taken for each agent (total 

time/number of agents simulated) equals to 0.025s, 0.032s 

and 0.056s. The average time taken in simulation B.1, B.2 

and B.3 is significantly longer comparing to simulation A.3, 
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which is only 0.018s. Majority of the time is spent 

analysing the contact between deformed architectural 

elements, and the formal reconstruction of these element. 

Geometrical 

Quality 

2 (Medium) Comparing to formal simulations, the geometrical qualities 

of the results improves because of their presentation of 

architectural objects. The deformation of existing façade 

provides some opportunities for the designer to explore 

new architectural compositions. However, due to the 

limited scale of the deformation, these models are unable 

to become an authentic architectural generative process.  

Spatial Quality 2 (Medium) The architectural solutions generated by this deformation 

process contains some attractive spatial qualities. 

Simulation B.3 combine the elemental deformation 

presented in Simulation B.1 and simulation B.2, therefore 

becomes a much better iteration in generating solutions 

with better spatial quality. 

Transferability  2 (Medium) The system can be applied to any existing architectural 

forms. However, the model lacks the ability to generate 

solutions from the beginning, therefore transferability is 

limited. 

Functionality 1 (Low) The architectural solutions generated by simulation B.1, B.2 

and B.3 propose potential inhabitable spaces, however the 

model lacks the ability to define spaces with specific 

functions or programs. 

 

Simulation C: Agent-based infection simulation of architectural elements (with genetic 

mutation) 

Overall rating: 2+2+2+2+1=9 (adequate) 

Criteria Rating Description 

Computation 

Efficiency 

2 (Medium) Simulation C has similar model structure and set-up as 

simulation B.3. An extra calculation is added to simulation 

C to explore the concept of genetic mutation, which grants 

agents ability to move away from the infectious agents. 

Although more calculation is needed, the amount of time 

taken for every step reduces, due to the reduction of 

element deformation required. The amount of time 

needed for every step of simulation C is 18.9s. 

Geometrical 

Quality 

2 (Medium) The geometrical quality of the result of simulation C has 

also improved due to the extra calculation implemented 

into the model. The model allows the architectural solution 

generated from the process to be distinctive to the original 

façade. 

Spatial Quality 2 (Medium) The spatial quality of the solution is similar to the solution 

generated in previous simulation. Although the extra 
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calculation increases the geometric complexity of the 

solution, it hinders the formation of inhabitable spaces. 

Transferability  2 (Medium) The improvement on the model structure in simulation C 

doesn’t affect the transferability of the solution, therefore 

it remains the same to simulation B.3. 

Functionality 1 (Low) The improvement on the model structure in simulation C 

doesn’t affect the functionality of the solution, therefore 

it remains the same to simulation B.3. 

 

Simulation D: Using cellular automata to generate building form 

Overall rating: 3+2+2+3+2=12 (adequate) 

Criteria Rating Description 

Computation 

Efficiency 

3 (High) The amount of time required for each given step in 

simulation D is 15.4s. Simulating 2376 agents, the average 

amount of time taken for each agent (total time/number 

of agents simulated) merely equals to 0.006s. This number 

is significantly faster comparing to simulation C (0.054s). 

The reason for this improvement is because the 

geographical calculation, determining the contact among 

the agents, is done before the simulation. This 

geographical calculation is then input as an information 

into the system, boosting the computer efficiency. 

Geometrical 

Quality 

2 (Medium) The solution generated by simulation D provides designer 

great opportunity to examine architectural program’s 

composition and interface within the site. However, the 

system can still be improved in its ability to construct 

architectural spaces which will be the focus of simulation E. 

Spatial Quality 2 (medium) Simulation D explores the pattern of the occupation of 

four architectural programs on the site using cellular 

automata mechanism. It does not aim to generate any 

architectural solutions that has spatial meanings, but it 

aims to establish a system that predicts the location of 

problems and works as the core system of simulation E.  

Transferability  3 (High) The simulation allows designers to actively change many 

parameters, including the site, the volume of each 

program, transmission rate and the characteristics of 

architectural interfaces. 

Functionality 2 (Medium) Simulation D is significantly better than pervious 

simulations in generating architectural solution precisely 

according to the functionality of the building. However, it 

can still be improved by exploring ways to reconstruct the 

pattern of occupation into defined architectural spaces. 
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Simulation E: Architectural generative system through infection simulation  

Overall rating: 2+3+3+3+2=13 (good) 

Criteria Rating Description 

Computation 

Efficiency 

2 (Medium) Simulation E.1 and E.2 have both established a hierarchical 

structure to decompose complex architectural design 

problem into tractable subproblems. Simulation E.1 is 

decomposed into simulation E.1.a and E.2.b, whereas 

simulation E.2 is decomposed into simulation E.2.a-E.2.d 

These subproblems take between 8.9s to 15s to operate. 

Combining the amount of time taken by the subproblems, 

which is then divided by the number of agents simulated 

(1980), the average time taken per agent in simulation E.1 

and E.2 is 0,007s and 0.02s. 

Geometrical 

Quality 

3 (High) The geometrical quality of simulation E improves 

significantly compares to simulation D. The improvement 

on the model allows the system to simulate complex and 

meaningful architectural elements, which is then 

composed into an overall solution. 

Spatial Quality 3 (High) The spatial quality improves with geometrical quality 

because of model’s ability to simulate detailed 

architectural solution due to its hierarchical structure. 

Transferability  3 (High) The simulation allows designers to actively change many 

parameters, including the site, the volume of each 

program, transmission rate and the characteristics of 

architectural interfaces. 

Functionality 2 (High) Simulation E has the ability to transform the infected 

agents into architectural spaces with specific qualities 

reflecting the functionality. However, the system can still 

be improved by granting designer more control in this 

generating process.  

H. Results comparison 

 

Simulation 

code 

Simulation name Overall rating 

A.1, A.2, A.3 Agent-based infection simulation of particle system 6  

(poor) 

B.1, B.2, B.3 Agent-based infection simulation of architectural 

elements 

8  

(poor) 

C Simulation C: Agent-based infection simulation of 

architectural elements (with genetic mutation) 

9  

(adequate) 
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D Using cellular automata to generate building form 12  

(adequate) 

E.1 (E.1.a-E.1.b) 

E.2 (E.2.a-E.2.d) 

Architectural generative system through infection 

simulation 

13  

(Good) 

 


