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Abstract—Previous Multi-Agent System (MAS) methods for
modelling discrete pedestrian dynamics have been shown
to be brittle in the face of increasing density. We present
an alternative method, which incorporates the novel idea
of a local-to-global linkage for path discovery and add a
heuristic to control critical information. This method has
been successful in reproducing high-level crowd patterns
and we present a preliminary approach to the evolutionary
design of building architecture using a crowd model based on
this method. We present a genotype7→ fitness mapping and
results of evolutionary runs in an exit sign layout scenario.
We discuss important issues and how these may affect future
research directions.

I. I NTRODUCTION

Evolutionary architecture
The Evolutionary Architecture of built form, as envisioned
by Frazer [1], outlines the potential benefit of nature-inspired
computing for building design. Since this work, others [2],
[4] have attempted to implement evolutionary techniques to
this end. These techniques have emphasized an exploratative
approach to architecture where aesthetically pleasing forms
are attainable through evolution with a human-in-the-loop
approach to evolutionary evaluation. This stems from an
underlying belief that because modern materials are so robust,
form now rules over function [4].

However, architectural form must naturally contain some
element of function. One important building function are
characteristics of its spatial configuration, which impinge on
the movement of crowds of people. In order to motivate and
broaden the concept of evolutionary architecture our longer-
term aims are to contribute by developing fitness functions
to capture complex dynamics observed in real crowds and
elucidate dynamics of interactions between pedestrians and
between pedestrians and the architectural environment.

Computational crowd dynamics
Various MAS-based models of crowd movement have
been proposed. Definitions ofmotion in these models can
be either continuous [5] or discrete [6], [7]. In terms of
modelling crowds in labyrinthine spaces, models based on
the continuous concept of movement are ruled out due to
problematic local minima in the space. This is unfortunate
because local dynamics in such models promise to capture
the emergent properties of real crowds well [5].

The question then arises as to which discrete method is
the most appropriate to use—i.e., which method can best
be used to represent local pedestrian-pedestrian and also
pedestrian-obstacle interactions in the broader context of
longer-range motion towards destinations in labyrinthine
space?

In Section II we briefly introduce some background
definitions and properties of discrete space. We discuss
problematic properties of 2-lattices, which fundamentally
constrain the robustness of discrete updates in other pedestrian
models. We present a general method based on an inclusive
search, which produces more robust behaviour, but which
still suffers from inescapable underlying statistical features
of the lattice. We then present a heuristic, which exploits
statistical information in the spatial network, in order to
avoid catastrophic failure. This information can be used to
determine how much information in the space should be
processed when searching for a local to global link—between
the current location and a longer-range destination.

We then demonstrate how these kinds of techniques
may be embedded within an evolutionary approach to the
design of spatial configuration. We do this using an example
application of exit-sign layout in a real building scenario. We
specify a model of pedestrian escape using the techniques
outlined. We then use this model in a genotype to fitness
mapping in order to show how evolution may be coupled
with MAS to explore spatial forms with a built-in safety
function. We discuss this preliminary work and how it might
be extended.



II. D EFINITIONS AND PROPERTIES OFDISCRETESPACE

2-lattice graphs

Many MAS models of crowd dynamics implicity use the
2-lattice as an underlying spatial representation. This is a
graph G consisting of a vertex setV and an edge setE.
The setV represents allowable points of spatial occupation
by pedestrians andE links the vertices so that movement
between these points may occur. We present examples of
these kinds of spaces, which can be constructed from different
neighbourhoods (see Fig 1). A neighbourhood is denoted by
Γ. For example, a Moore neighbourhoodΓ1(v), which has
a parameterk = 8 to define links to neighbouring lattice
vertices—this is theimmediateneighbourhood of a given
vertexv. Movement is therefore characterized by discrete steps
in the lattice where pedestriansPi make moves intoΓ1(vi).
Where no move is made the current vertexΓ0(v) = {v} is
maintained at the next time stept = t + 1. In this most
simple case a pedestrian will move in incremental steps of
length 1 and over time define a graph walk. Many discrete
model specify these kinds of dynamics and it is this general
behaviour, which is of interest to us.

Fig. 1. Example 2-lattices with Moore and von Neumann neighbourhoods.

Statistical properties of graphs

When designing graph-based models of pedestrian movement
it is crucially important to appreciate well known statistical
properties in boolean 2-lattices. The reasons boolean
properties are important is because a pedestrian model is an
instance of a boolean lattice—pedestrians either occupy a cell
or they don’t. Interpreted this way, given some probability
ρ, a given pedestrianPi can occupyvi. Then it is a general
property with such definitions that percolation acrossΓi will
occur at a critical pointρc. A more intuitive picture is to
imagine that at certain pedestrian densities, defined byrho,
large clusters of pedestrians may link to form a giant cluster.
Such kinds of giant clusters appear in von Neumann lattices
ρc = 0.59 and have been used to provide analogies to many
complex systems [3]. This behaviour also has important
implications for search algorithms used in discrete models of
pedestrian dynamics.

Implications
Some form of search in a discrete model will inform the
possible best moves to make from the perspective of a
pedestrianP . For example, in a simple model of pedestrian
lane formation it has been shown that simple rule-based
decisions can be made on the basis of local searches for
locally optimal moves, which depend on the flow of other
pedestrians in a local neighbourhood [7]. At certain densities
(ρ ≈ 0.2) these models have successfully produced higher-
level patterns of lane formation. However, other work has
also shown that by increasingρ > 0.2 catastrophic failure
occurs where lane formations suddenly collapse at critical
points in the underlying 2-lattice [8]. The implication is that at
certain densities local search is crippled and graph percolation
invades the dynamics. We have argued that a higher-level
and more inclusive search is required, based on incremental
neighbourhood search [9].

III. ROBUST SEARCH

Simple neighbourhood search
The neighbourhoodΓ(S) of a connected subgraphS consists
of vertices adjacent to, but not includingvi ∈ S. Where
S = Γ(v), Γ(S) = Γ(Γ(v)) = Γ2(v), the 2nd neighbourhood
of v and generallyΓ(Γi−1(v)) = Γi(v) defines theith

neighbourhood ofv. In a 2-lattice constructed from Moore
neighbourhoods|Γi(v)|, from the centre vertex of the
lattice, where i = {2, 3, 4, . . . n}, increases according to
|Γi−1(v)|+ 8, where|Γ1| = k = 8. The resulting sequence is
linear.

Previous work has shown that an inclusive search algorithm,
implemented as a Pulse Coupled Neural network can solve
complex maze tasks where inputs to the network and neuron
parameters are set appropriately [10]. In a related approach
we have used the following equations to guide a pedestrian
from a vertex originvo to a vertex destinationvd:

Fij(t) = Sij (1)

Lij(t) = e−δL∆tLij(t− 1) +
∑
kl

MijklYkl(t−1) (2)

Uij(t) = Fij + Lij (3)

Yij(t) =
{

1 if Uij(t) > Θij(t)
0 otherwise

(4)

Θij = e−γΘ∆tΘij(t− 1) + VΘYij(t) (5)

where, Fij , Lij , Uij , Yij , Θij define theFeeding Field,
Linking Field, Internal Activity, Output Field and the Dynamic
Threshold, respectively.

Using this approach an optimal path fromvo to vd can
be found. Firstly, a wave travels away fromvo until the wave
reachesvd. Then we can use time-dependant variables to
traceback the optimal route [9]. We demonstrate this in a



17 ∗ 17 network of neurons. We setS2,11 = 1 and then iterate
the network. Behaviour produces autowave behaviour, where
in this case network activity (number of pulsing neurons at
time t) follows the simple linear sequence described above
(see Figure 2). We call this sequence thetime series signature
of autowave search.

Fig. 2. Simple search sequences.

Search constraints

As mentioned above search is used to find the best move to
make in the face of other pedestrians who occupy the lattice.
In order to represent the presence, to pedestrianPj , of ‘other’
pedestriansPi, we fix the output of a given neuron (Yi = 0),
corresponding to the vertex location ofPi. This ensures that
the expanding autowave travelsaround these pedestrians and
the path returned by the trace back cannot containvi in the
vo 7→ vd link [9], [11]. In this way the pedestrian moves
towards a destination vertex by avoiding other pedestrians on
the way.

We visualise this search at various densities by plotting
the time series signature (see Fig 3). We can see how at
higher densities (ρ = 0.7) little search is done, and at low
densities (ρ = 0.1, ρ = 0.3) search produces more or less
similar shapes to that of the simple sequence in Fig 2. At
mid-range densities (ρ = 0.5) search becomes more complex
and the expansive autowave travels for longer periods, lasting
for 43 time steps.
We can appreciate the issue of robustness if we consider
examplevo 7→ vd linkage in two different regimes (see Fig 4).
We chooseρ = 0.4 andρ = 0.59, which is in a critical regime.
We observe below the critical point that search is robust—
many paths are returned and the trace-back is veryfat. In this
regime, if a few other pedestrians were to occupy a vertex in
the link, then we would be confident that the link would not
be broken. However, in the critical regime we would expect
the opposite—almost certain breakage in the linkvo 7→ vd

because the trace back paths are verythin.

Fig. 3. Various search signatures according toρ

Fig. 4. Path robustness: leftρ = 0.4, right ρ = 0.59

Search heuristics

Direction dependant relaxation—Previous work has used
the idea of a bias network input to allow the production of
higher-level lane formations in abstract periodic spaces—in
a bi-directional scenario where a populationP z is split in
half (Pn, P s) the constraints in autowave search for each
pedestrian are constrained by the rule that each pedestrian
P z

i accounts for other pedestriansP z
j in Γ1

i , but whereΓ>1
i

inputs are applied to pedestrians traveling in the opposite
direction Pn↔s

j , only [11]. This approach is adopted in the
model used below, but is applied in a more complicated
context where the population will have an exit choice based
on exit sign information. This approach effectively relaxes
the constraints and allows for higher-level pattern formation
across much wider density ranges [8].

Time series heuristic—We have seen in previous sections that
the network activity or time series information indicates what
kind of regime the environment of a given pedestrian is like.
What we are looking for is anindicator that the autowave



front will die before reachingvd. It is not our intention here
to analyse the time series in any depth, but only to identify
obvious features that may be used as fairly useful predictors.
An obvious question to ask about the autowave search isif
the wave front shrinks to a value of 1, what is the probability
of quick failure thereafter?The only way to answer this is
statistically, firstly by identifying whether or not the autowave
from vo to vd contains a value of 1. If so, we refer to this as
a ‘one-type’signature.

We present the fraction of failed searches that contain
a value of1 in the search signature (see Fig 5). We can see
that the fraction of one-type signatures quickly increases at
the critical ranges identified above. However, an important
feature of this information is that above the critical range
(ρ ≈ 0.55 − 0.59), the fall off of one-type signatures in the
population is relativelysmooth—the majority of pedestrians
still produce one-type signature search in a fairly large range
(ρ ≈ 0.6− 0.88).

Fig. 5. One type signatures.

We also present interval histograms, which represent a critical
range. Each histogram shows the conditional probability, given
a value of 1 in the signature, that the time interval∆t elapses
before failure occurs (see Fig 6). Results suggest that the
presence of a one-type autowave is a very good indicator that
wave failure is about to occur. We can use this information
to determine at what range fori constraints are chosen inΓi

relating to other pedestrians in the lattice. As the presence of
a one in the signature is a good indication of wave failure and
a break invo 7→ vd, we recordt when activity is1 and where
Γ>t, we relax the inputs to the network so that the wave can
reachvd and the link remain intact. Each pedestrianPi given
some destinationvdi can then traverse the space by moving
inside the dynamically changingvo 7→ vd link [11], which
adapts to environmental change defined by other pedestrian
motion.

Fig. 6. One type signature failure.

IV. EVOLUTIONARY APPROACH

Genotype-phenotype

Portland Square (University of Plymouth) is a typical office
environment. We intend to evolve exit sign locations and we
constrain possible locations to corridor sections extracted from
the original floor-plan (see Fig 7). The subset is mapped
to a 1-D array of lengthL = 209, because there are209
vertices in the extracted subspace. We constrain the number
of exit signs to30 and 1 byte for each and therefore length
l = 30 × 8 = 240—30 bytes decoded in the range0 − 208.
Each byte corresponds to an exit sign location, free to be
placed anywhere on the corridor subspace mapped back from
the1d array. An extra bit after each byte codes for either ‘Exit
1’ or ‘Exit 2’. The phenotype is therefore an arrangement of
exit-signs chosen freely within the constraints imposed by the
genotype.

Fig. 7. Configuration and extracted exit-sign subspace.

Phenotype-fitness

We place a number of pedestriansPi at vi constrained so as
2 pedestrians are placed to each office or ‘room’ subspace.
Each origin vertex will have a characteristic path length from
either exit vertexve

1 or ve
2. We denote this path length by

ϕi. Each pedestrian begins movement in a random walk and



when an exit sign is discovered inΓ1, thenvd = ve
1 or vd = ve

2

depending on the corresponding bit in the genotype. On exit
sigh discovery, pedestrianPi then traverses the space between
it’s current location and the destinationvd, using the methods
outlined above. We record the time taken from the onset of the
simulation to the timePi reachesvd and call thisµi. Phenotype
fitness is then calculated by:

f(x) =

∑N
i=1

ϕi

µi

N
(6)

where the minimum possible time,ϕi, for a given pedestrian
to escape is divided by the actual time takenµi and
summed over the size of the population and normalised so
f(x) = [0, 1]. For example, in the special case where each
pedestrian moves tovdi in minimal time, thenf(x) = 1
and were each pedestrian to take twice the minimal time
f(x) = 0.5.

The fitness of a given phenotype then depends on the
interaction between a pedestrian movement component and
the exit sign locations, which are placed under genetic control
and evolved with the use of a genetic algorithm (GA), details
of which are published elsewhere [11].

Evolution
The idea behind the use of the GA is therefore to improve the
exit-sign locations in order to increase the speed pedestrians
can escape from random walks and traverse the space. We
can visualise a phenotype by placing a line from a given exit
sign to the intended exit specified genetically. We present two
example phenotypes initialised with random genotypes (fig 8).

Fig. 8. Random phenotypes.

We run the GA for8 trials and500 generations (see fig 9).
We can see how the fitness increases, and from two sample
runs, how noisy the fitness mapping is, due to the random
walk nature of the pedestrian model. However, evolution
is still observed, although the power of selection appears
quite weak, perhaps because the problem is too easy for the
GA—we discuss this issue below when considering future
work.

From the presentation of fittest phenotypes taken from the final
generation we observe that the GA discovers a solution, which
splits the exit signs into two spatial domains. We present two

Fig. 9. Evolution: top = average, bottom = noisy evolution.

example phenotypes after evolution (see fig 10). This split
ensures that conflict between pedestrian movement is reduced
and flow improved. We also observe that the GA has optimised
by distributing exit signs more widely than in the random
cases.

Fig. 10. Fit phenotypes.

V. SUMMARY AND DISCUSSION

In this paper we presented general methods for discrete
models of pedestrian dynamics, based on an inclusive search
and a relaxation of inherent constraints of the 2-lattice. The
methods allow a local to global link—between the current
location and a longer-range destination, which is used to
allow pedestrian agents to traverse a complex labyrinthine
space. We then demonstrated the use of these techniques
within an applied evolutionary approach to the design of
spatial configuration. This demonstrates a coupling of MAS
with evolution to explore spatial forms with a built-in safety
function.

Phenotype-fitness
Concepts of space—The pedestrian model has been shown
elsewhere to produce realistic pattern formations [8].
However, the efficacy of the methods and validity of their
general use can only be gauged properly with more work. We
believe the use of the 2-lattice is a severe constraint onany
discrete MAS model of pedestrian flow. It was mentioned
above that continuous models have shown quite promising



pedestrian-pedestrian and pedestrian-obstacle interactions, but
only in very simple configurations.

One fruitful avenue of research would be an investigation into
combinations of discrete approaches to spatial representation
with continuous models of pedestrian movement superimposed
on the 2-lattice in order that catastrophic updates, which are
a result of discrete moves be avoided. However, as part of
this research, problems may result from the inherent multiple
optima produced from the Moore-constructed lattice [11].
Continuous models rely on the concept of desired velocity
[4], which is represented as asingle vector quantity. In a
situation where many optima are available the dynamics
already produced by these models would be severely affected
because many desired velocity vectors can be available at
any one time. It may be that a complete reevaluation of
underlying spatial concepts and algorithms in pedestrian and
evacuation modelling is needed. Just because many models
within the community use lattice spaces, this is no reason not
to abandon the method completely.

The design of an algorithm capable of approximating
continuous optimal paths in labyrinthine spaces would be
beneficial in this resect, although to the best of our knowledge
no appropriate algorithms are, as yet, available.

Fitness measures—More specific details such as the calculation
of fitness are also important to the evolutionary outcome. In
the above mapping we have calculated fitness based on the
simple assumption of average escape time. Other important
measures may include the amount of blockages inherent to
certain spaces, and although this is implicit in average escape
time, we could imagine more specific definitions of fitness in
this respect, perhaps by recourse to measures of pedestrian
clustering through the course of a simulation.

Generative architecture
We mentioned above how the current problem is perhaps too
easy for a genetic algorithm. However, the longer-term goal
is to evolve architectural configurations form scratch. Gener-
ative architectural algorithms have been developed in nature-
inspired approaches based on the concept of social insects
and stigmergy [12]. We see no reason why, given reliable and
general pedestrian flow behaviours, generative algorithms may
not be used to develop more complex architectures for human
occupation, to be evaluated and explored with evolution. There
may be many possible ways to develop architectures and an
important emphasis in this respect would be the evolvability
of various developmental mappings. Also, an architectural
configuration is built from many inter-related components and
current applications of the GA to combinatorial problems may
be relevant.

VI. CONCLUSION

Our research suggests that paradigms within the Pedestrian
Crowd Dynamics community are limited in several ways. In an

attempt to overcome these limitations we have developed com-
plementary methods, which produce more robust behaviour.
We believe however, that before the realisation of evolved
architecture is possible much more work in this area is needed.
The current methods do produce some selection pressure, but
many issues need to be addressed while designing genotype
7→ fitness mappings in this sense. We have briefly discussed
some important issues in order to motivate future research.
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