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ABSTRACT OF THE DISSERTATION

High-Level Control of Agent-based Crowds by
means of General Constrainis

The usze of computer-generated crowds in visual effects has provm tremendonsly
giuce Lhe warring arnies of virtual ores and clves were seen o The Lord of the
Rings. These crowrds are genterated by agent-hased sinmlations, where saclh agent
has the ability to reason and act for itself. Uhis sutonomy is effective at auto-
matically producing realistic. complex group behaviour but leads to problems in
controlling the crowds, Due to interaction between crowd members, the link be-
lween Lhe behavionr ol the mdividnal and that of the whole crowd is not obyvious,
The coutrol of a crowd’s bhehaviour 15 therefore, e consuing sud frustrat-
ing, as manually editing the behaviour of individuals is often the onlv control
approach available. This problem of control has not been widely addressed in
crome] simulation research,

We propose. implement and test a svstenn in which s user mayv control the be-
havicur of a crowd by means of seneral constraints, This Constraint Satistaction
syatem antomalically alters the belaviour of 1he fwdividnals i the erowad gnch
that the group behaviour meets the provided constraings. We test this svstemn
on a number of scenarios involving different types of agents and compare the
efloctiveness of this anfomatic svstem to an expert nser mannally changing the
crowe. We find our methad of control. in mwost cases, to he at least as effective
as the expert user.



CHAIPPTER 1

Introduction

The film adaptation of the epic Lord of the Rings trilogy hrought fo our screens
vast arcies of [ablastic creatures battling for Middle Earth. The scale and sue-
cess of these filnes is partly due Lo the use ol Lthese huge, computer-generateed
crowwels (see Figure 1.1}, The soltware that creaded Lhese crowds, Muesive, has
vhavged the way crowds are used in filoe What was onee andmepossible expensce
pvets i larpe productions 13 new possible even for short Abing and commereials.
Carling Lager recontly ran an advert called “Big Ad” ipwhich they make fun of

the resulting trend of couploving large seale erowils in film productionst.

Fignre 1.1 A shal from the prologue of the first Lond of the Rings movie. Only
the characters i the vnedinte foregronund are live actors, the rest were generated
neing Massive. Image sowree: [ABLOY]

Computer generated crowds are realisule and beliovable, both in their low-level
movernent and in their high-level behaviour, This large scale complox crowd De-
haviour would be difficult to define in a holistic, top-down manner.  Iistead.
soltware, such as Massive, amimates these crowds by endowing each individual
agent in the crowd with the abilily Lo auizate iselll Bach agent 1= given its own
behavioural model, ar “brain”™, and acts as it sees {11, This behaviowral animation
af the individuals equips each agent with: senses, giving an awareness ol the envi-
ronment and ather agents: decision eapahilities, allowing 1he agent to determine

Thetp: f /e heinspirationroomaeon / dacly 72005 fcarvon-dranghii-beer-sig-ad /



a reaction to the situation it finds itself in, and a body capable of a range of
movement. The interaction of a number of these individuals creates complex,
lifelike group behaviour from relatively simple building blocks.

As the individuals in a crowd simulation interact, we observe a phenomenon
known as emergent behaviour. According to the emergence test described by
Ronald et al. [RSC99], emergence occurs when the low level design, in this case
an individual crowd member, has well understood behaviour but the behaviour
of the whole elicits surprise (see Section 3.5 for such a surprise). This is the
case when the combination of the behaviours of the individuals in a crowd create
global behaviour whose relation to that of the individual is no longer obvious.

This emergence is desirable as, in reality, crowds show similar emergent behaviour.
The disadvantage of this phenomenon, however, is the unpredictability that it in-
troduces. The change in the behaviour model of a single agent acting alone may
be fairly predictable to the person making the changes. However, take even a
small group of these agents and allow them to interact and the complex behaviour
that is created by their interactions changes the predictability of this mapping.
When the behaviour of these agents is altered, the effect of this change on the
crowd as a whole is not nearly as obvious. This makes tweaking and controlling
the behaviour of the crowd, as a whole, much more difficult.

Visual effects, the area in which this form of crowd simulation has been so suc-
cessfully applied, has a number of specific requirements, not least of which is
control. The directors and animators that make use of crowd simulations require
specific action and properties of the generated crowd in order to tell a story. A
crowd simulation used in visual effects, in contrast to other areas of application
such as virtual environments, must produce crowds that are not only believable,
but directable.

This is the premise of our research into methods of controlling agent-based crowds.
Reynolds, in his seminal paper on behavioural animation in which he animates
flocks of birds, makes a note of this lack of control [Rey87]. The bird’s behaviour,
though interesting, can prove to be frustrating when the user has an exact goal
in mind. Patterson, in his work on the robot crowds for the movie Robots also
notices the need for continual tweaking and fine tuning of individuals in the
simulation in order to have them perform as required [Pat06]. Massive, the in-

dustry standard in crowd animation software, also suffers from similar difficulties
[Dun02].

As computer generated crowds are more widely used, crowd software such as



Massive has begun to include ready-made agents that may be used to generate a
number of standard crowds. These crowds can quickly fill a stadium with cheer-
ing fans or a town with wandering pedestrians. Unfortunately, these packaged
crowds are unlikely to exactly meet the needs of a particular production: agents
may collide, wander in the wrong direction and spread themselves too far apart.
There are few methods of control available to the user other than directly altering
the behaviour of the ready-made agents. Since agent brains may be complex -
made up of thousands of rules — this is a challenging task for a user unfamiliar
with the particular agent.

The problem that this dissertation addresses is the control of agent-based crowds
for visual effects. We apply this control in the form of user specified crowd-level
constraints which are automatically met by altering the behavioural model of the
agents in the crowd. We propose and implement a system for meeting such con-
straints based on the way in which modern crowd simulations, such as Massive.
implement the brains of their agents. The fuzzy logic rules of these brains are
based on the vagueness of human language and so we may control the agents by
altering the way in which they understand their behavioural instructions. This
allows a user to change the way in with a crowd of agents think, simply by spec-
ifying constraints on their resulting actions.

An example of such a constraint is requiring a group of agents to have crossed
a line in the environment by a particular time in the simulation. The agents’
understanding of their behavioural rules is automatically changed such that their
decisions and actions result in them all crossing the line within the correct time
frame. Our approach is aimed at meeting the constraints while producing a min-
imal change in the underlying behaviour of the crowd.

The scope of this work is the design and implementation of a constraint sat-
isfaction system. We do not deal extensively with the specification of the con-
straints themselves though we demonstrate their power and refer to previous
work in which their usefulness is shown. In addition, we propose control aimed
specifically at visual effects applications with their particular requirements and
restrictions - most importantly the need for specific control. This area is where
virtual crowds have found greatest use and where additional control is needed.

Our contribution is a novel method of crowd-level constraint satisfaction. This
is done by altering agents’ brain parameters in a manner similar to an expert
user performing the same task. Our method is, however, automatic and may be
accelerated through parallelisation to perform such changes in less time than a
human user requires. In addition, we reverse engineer the successful principles of



the Massive crowd animation platform in order to build on its success. This step
makes our work directly relevant to the visual effects community.

1.1 Research Aims

A summary of our research aims is as follows:

e Investigate the plausibility of high level control of agent based crowds using
general constraints.

e Determine, to some degree, the usefulness of such an approach.

In the first instance we are attempting to determine whether this form of
control is possible. In the second instance the question is whether this avenue
of research is worthwhile. This control is tested by creating an example control
system which is then applied to a range of example crowd control problems. This
system is compared to the current method of control - manual agent brain alter-
ation by an expert user.

The two methods are compared on their ability to meet the constraints in order
to determine whether our system shows constraint-based control to be possible.
They are then further compared on the time taken to achieve success and the
perceived change in the resultant crowd’s behaviour. These comparisons give the
indication that further research into such control is worthwhile.

This dissertation does not study the constraints themselves in detail. Whether
such constraints are useful and how they should be used are not questions that
are explicitly dealt with, though the use of these constraints in examining our
primary research questions does give some insight in this area.

1.2 Structure

The structure of our discussion is as follows. We first survey current work in
crowd animation with particular reference to usefulness in visual effects in Chap-
ter 2. Of particular interest is the Massive crowd animation platform and the
fuzzy logic on which its agent brains are built. These two topics are discussed
separately in Chapters 3 and 4.

We then discuss the design of our system of control in Chapter 5 with refer-
ence to how such a system should be evaluated. The implementation of our test



system is described in Chapters 6 and 7. The testing details, results and discus-
sion are included in Chapter &8, followed by a conclusion discussing applicetion.
limitations and future directions of our work in Chapter 9.

1.3 Terminology

Our area of concern is crowd animation. Since this is almost always accomplished
through some form of simulation, we use the terms crowd animation and crowd
simulation interchangeably.



CHAPTER 2

Background

The research into crowd animation, specific to visual effects, is largely conducted
by companies for in-house use. In other fields, however, a large amount of pub-
lished research into crowd simulation has been conducted. Each of these fields
brings with it inherent requirements and constraints and often the goal of the
research is quite different from that required by visual effects. A crowd produced
for a virtual environment, for example, must be simulated and rendered in real-
time. This is not the case for film crowds which may be simulated off-line but
require an extremely high degree of realism in the motion of the virtual characters.

A difficulty found when discussing crowd animation techniques is the general
lack of comparison between these crowd systems in the relevant literature. Crowd
techniques are often not compared to their predecessors and evaluation of a new
technique is usually in the form of an accompanying video and informal discus-
sion which provides little usable information. This trend is likely due to diversity
of focus in crowd simulation research, as well as the difficulty in determining a
means of comparison.

Before comparing crowd simulation systems, such a basis for comparison of the
different ideas and techniques must be established. We start by determining the
requirements of film with regard to crowd animation. These specific requirements
may then be used to compare the various techniques available to some extent.
We present the work, categorised by level of abstraction, and relate it to our own.
It must be stressed from the outset that the aim of this dissertation is to develop
the animation of crowds for visual effects and so we consider previous work from
this perspective.

2.1 Requirements for Film

In order to evaluate a crowd simulation system, the area to which it is being
applied must be considered. Our area of application - Film - has a number of
distinct requirements. By looking at previous uses of crowd simulation in the film
industry, as well as considering general descriptions of the making of recent films



in which crowd simulations were used, it is possible to extract these important
properties and requirements.

Stephen Regelous, the creator of the widely-used Massive crowd animation sys-
tem, identifies two conflicting requirements of crowds in film [THLO04]. The first
is a high degree of automation. The crowds in a film need to be large, detailed
and have wide variation. Animating such crowds on a geometric level, perhaps
using a traditional keyframe approach, would be too tedious and take too long to
be feasible. The reason crowd simulations are used is to automate the animation
of these crowds to some extent.

In opposition to this requirement of automation is the need for complete con-
trol on the part of directors and animators. The story that a film tells may have
very specific requirements for a crowd and so directors would like artistic freedom,
unlimited by the technical aspects of simulating the crowd. Animators need to
be able to control the behaviour that a crowd animation system produces and
change the crowd if it is not doing what is required. This requires the control
to be able to change large parts of the crowd at a high level, as well as alter the
behaviour of individuals at a low level. This requirement of low-level control is
evident in the per-shot tweaking of the crowds in films such as The Lord of the
Rings [Dun02], Madagascar [Ker05] and Robots [Pat06].

In a technical sense, a film is a series of camera shots which are strung together
in order to tell the film’s story. These shots are usually short, only a few seconds
in length [Dun02]. What is somewhat surprising is that, in practise, it has been
found that there is little need for shot to shot coherence in a crowd [THLO4].
Although one might expect that a single crowd simulation would run for large
parts of a scene and extend over a number of shots, directors prefer to change and
tweak the crowd for each shot. This is perhaps less surprising when one considers
that each shot is, in a sense, a separate entity with different shots often farmed
out to different effects houses [Rob08].

Because a crowd will likely be altered from one shot to the next, a crowd simula-
tion will seldom need to run for more than a few seconds. This has implications
for the behaviour of the crowd in that long term planning is not needed. The
director supplies the crowd’s context. What is important is the crowd’s immedi-
ate, reactive behaviour.

Because crowds are set up and tweaked for each shot, the process of tweak-
ing and initialisation needs to be made efficient. Animators are not necessarily
programmers and there is often a short feedback loop in which changes need to be



made and approved. A computationally efficient crowd simulation is, therefore,
beneficial as interactivity is useful in this authoring and tweaking stage. However,
as the final crowd render in a film is usually generated off-line, this interactivity
is more a usability issue than an absolute requirement.

When considering the wide use of CG crowds in modern movies, it is clear that
the characters that make up a crowd can vary widely. These range from the
cartoon-like robots seen in Robots to the fantastic but life-like armies in The
Lord of the Rings to crowds of real people in Vantage Point. Since a crowd an-
imation system needs to cater to such a wide range of characters and creatures,
ease of authoring and the adaptability of the crowd model is of importance. The
process of creating the correct crowd behaviour is a lengthy one, as seen in the
development of the behaviour for the crowds in Narnia, which took some nine
months to develop [WWBO06]. Authoring is therefore an important consideration.

Whatever the nature of the crowd, the motion and believability of the characters
in the crowd is paramount. A seamless blend is needed between the simulated
crowd, often in the background, and other characters on screen. These characters
may be hand animated, in the case of an animated movie, or be real actors from
live footage. In both cases, the motion generated by the crowd simulation must
stand up to comparison with the foreground characters. The great importance
of motion quality is clearly seen in movies such as Narnia [WWB06] where the
motion capture alone took six months. Industrial Light and Magic, in movies
such as Star Wars Episode 1: The Phantom Menace, used only a simple particle
system to control the crowd’s movement [THLO4|. Their primary focus, however,
was on the quality of the animation that their system produced — the complexity
of the crowd’s behaviour was of secondary importance.

Although the quality of the motion of the individuals in a crowd cannot be
compromised, the richness of the behaviour of individuals is also of importance.
A major advantage of widely used crowd animation software such as Massive is
that they allow for complicated crowd scenes with complex interactions and crowd
behaviour such as fighting, falling and climbing over one another [Dun02, ABLO04].

The properties and requirements discussed above give us a basis for examin-
ing a crowd simulation’s usefulness in visual effects. We list the five distinct
requirements (in approximate order of importance) that we will use to compare
and discuss the work done in the field of crowd simulation:

e Animation Quality - The characters must fit into the film and move in
a believable or plausible fashion. The crowd animation system must allow



for this.

e Control - Since a film is telling a story, not just creating a virtual world.
there is a need for complete control at both high and low levels.

e Automation - The purpose of a crowd simulation tool is to automate work
that is too tedious to be done by hand.

e Ease of authoring - Crowds with a wide variety of characters must be
created, initialised and tweaked for each shot, often by non-programmers.

e Behavioural Complexity - Simulated crowds which are able to perform
a wide variety of actions are more useful to a director.

e Computational Efficiency - Low computational cost means that large
crowds can be created while still allowing for interactive visualisation.

It is important to note that much of the work we discuss has been aimed at
applications that differ significantly from film. These metrics are an attempt to
define what is important for crowds in the visual effects industry in particular.

2.2 Crowds at Present

A widely-used and effective method of simulating a crowd of characters is us-
ing a bottom-up approach. In general, bottom-up refers to the modelling of low
level elements in order to produce the high level effect. In the case of crowds.
this means modelling the individuals that make up the crowd and then combining
them in order to model the crowd itself. This is particularly true for visual effects
applications as an individual representation of the crowd members is required.

The modelling of the individuals in a crowd is an example of what Reynolds
calls behavioural animation [Rey87]. While traditional animation takes place on
the level of geometry, behavioural animation takes place at a layer above the
geometry — the behavioural level. By specifying how a character behaves, an an-
imator creates a character model that is, on the geometric level, self-animating.
Where a character rig might be thought of as giving a character a body and
defining its possible movement, a behavioural model gives the character a brain
so that it can move its own body.

Real crowds are made up of people or creatures that can sense, think, react
and plan. Behavioural animation techniques model this with differing degrees of
abstraction. Current crowd models can be categorised by their level and form of
abstraction.



221 Crowds of Particles

Particle svstems are widely used o computer graphics for modelling smoke. fire
and water [ReeS3] Fach particle n o particle system las a short list of atcributes
such as velocity and position. By adding arientation to this Lst of parameters
wo may 1se a particle as a simple deseription of an individual in a erowsd. These
particles are then subjected to forees which aceclerate them through space - the
particles themselves are inert. The use of particle systems is an attractive option
az it emplovs existing tools with which animators are already familiar and which
are part of popular modelling and animation packages.

The crowd systom nsed by PRI/ Dreamworks for teature films such as Shrek 2
andd Wadagascar is an example of the use of particles Ker(ld] (see Figure 2.1},
Their system represents each character in the crowd hee a particls and rses g
particle system tool to create the crowd’s trajectorios. Onee this general motion
has been approved by directors, specialised seripts, called High-Level Behaviours,
are used to add additional animation to the characters, An example is the fook-al
seripi which retargets o cliracter’s gage toward o particwlar point n space (some
hero character for mstance). Animation eveles are then applicd to the crowd and
adupied where needed for the High-Level Behaviowrs.

Figute 2.1: A erowd from the movie Madegascar. The characters in the back-
grownd were cveated waing wn-house crewd software by FPOL Dveanuearks. Tnage
sourcer [Kerlls)
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A sinuilar swston was used au Industeial Light and Magic for Olins such as
Star Wars Epiande 12T he Phantom Menaee ['I'HI.[H]. Hore again, particle svs-
tems witl custorm runtime tules are often used to animate the trajectories of the
crowd monbery. Foree lelds in the environment provide a means to direct the
crowd's path. To the description of the crowd andmation process, i 18 inleresting
Lo note the cmphasis given to the set up of the crowd. In some cases. custom
toels were created 1o initialise a crowd for a particular scene,

Although these shinple particle systomns are used o o, they do ol necessarily
meet our described requirenents. A shople pargicle systen is guite [exible — 1he
particles way be controlled quite intuitively using foree ficlds and so the anina-
tor 14 free in creating different types of characters and behaviour, However, this
sitnplicity reduces the autemalion of the svstenn as much of the spectfication of
a crowd s nieveineng 15 left 1o the animator,

Aneother major disadvantage of this simple adaption of particle systony s the
lack of behavioural complexity it does not model the interactions between ticem-
birs of a crowd that we observe and expect, Crowds are made up of individnals
that are aware of one another and so interact: pedesiriang walking down a street
avoid collisions and follow others that are wwving o the same dicection. The ino-
{lon generated b standard particle svstems lacks these characteristics. A crowed
mmodel that produces realistic crowd animation must take into account the char-
acters of a crowed reacting to and avolding one another. amony other inferaciions,

Since 1he motion of particles in peneral particle svstems is often confrolled Tn
foree Helds, one possibiiicy s to have these controlling foree fields take into ac
countt particle inferaction. Chenny [Che(M| inroduces fow fles which are com-
bined into a divergence-free ficld. One possible application of this work i the
girnulation of a crowd by advecting particles through such a field. Sinee, by na-
ture of the diversencedree property, the streamlines of the licld do not cross,
the particles will not collide. Although this deals with collisions between crowd
menbers, the pathy of the ndividuals connet cross and so crowd inferaction is
goverely limited,

A mwre accurate niethod is to directly model the interactions betwoeen individ-
nals, In a physically inspired approach, Helbing and Molndr [HM93] introduce
“soctal forces” which they apply specifically to pedestrians, These forees model
the reactive. almost automatic moevenends that pedestrians inazke. When walking
in a crowd along a strect, the pedestrian is presented with well-known situations.
People give lictle thought to their actions as they avoid collizions in such eoviron-
wents aned so the anthors argue that such actions are prediciable and effectively
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captured by a simple foree model. The forces used to describe podestrian motion
are: a foree Lo pccelerade o the desired velocity: a repulsion foree away from other
pedestrians and walls; an attractive force to keep crowds together, Using only
these three forces, this social foree model 3 able to reproduce observed crowd
behaviour such as the striping thal oceurs when two Streams of pedestrians in-

tersect [HBJOS

A more complex and restrictive crowd model Tased on physical simmilation makes
use: of fuid dynamies. Hughes [[ughd] treats crowds as a Howing coutimm,
gomnething similar to a Buid, This “Lhinking $uid” model representis a crowd as
a continuous density field and desceribes the crowd dynamics with a set of partial
differential equations, Hughes analvses the properties of the model bt does not
deal with the slimulation of a crowd, Indeed. sithout any model of the mdivido-
als that make up a crowd, 1L i eodirely nosoitabde for o visual effeces application
where the members of the crowd must be individually represented.

More recontly, Treaille ¢f al. [TOPO6] have nsed ddeas from Ilughes’ work to
create a crowd model based on continmun dynamics {see Figure 2.2). The crowd
is broken into groups. deseribed as sets of particles moving according to a dy-
paric potential ficld. The potential field covers the environment that the crowd
moves in and draws particles towards areas of low potential while repelling them
[rom those of high potential. High potential 18 associated with obstacles and
imhor particles and the feld is updated every time step to allow [or movemaent.
The motion of particles 18 treated as an energy minimisalion problom with a par-
ticle in the crowd moving oppesite to the gradient of its global potential function.
Although the caleulation of the potential field is a costly process, it is shared by
i whole proup and so this technique is able to produce crowds of thousands in
real-time. As the potential hinction takes inlo acconnt other particles, the erowd
members avoid enllisions and move towards goals effectively.

Tantisiviwat et of [ TSKO7 also make use of potential fields but combine themn
with Smoothed Particle Hydrodynamies (SPIL, a technique ofien used [or finid
simulation [MCGO3 . This system decouples the cuvironmiental interaction from
the ¢rowd moember interaction. A global path planning step makes use of poten-
tial ficlds and limited environment knowledge in ordor to deternine a particle's
path throush the covironment, Where Treollle ¢f o made use of 4 potential field
tor a whole group of particles, Tantisiriwat ef al. use a simipler potential function
which is caleulated for eacl particle, The incomplete knowledge that a human
has of its surroundings is modelled by caleulating the potential field for each
particle based on limited envirommental information. This step further reduces
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Figure 2.2: The continuum-based crowd of Trewlle ef ol, The erond members
mote through a dynamic patential ficld generated by the other particles, obstacles
and goals, fere the red crowd moves lowards s goal on the left while avoidimyg
the Bue crowd wheeh has s goal on the right. Tmage source: [TOPO6]

the expense of calculating the potential fanction and, since the potential [eld ig
based enly on the static environment, the function need only be calenfated when
a particular particle’s map of the environment changes. Particles gain further in-
formation by exploration and communication with other particles, Onece a path
has been determined by means of this potential field, the actoal metion of the
particle is determined by the SPH mmodel which acconnts for particle interactions.

An example of a particle model which takes into account crowd member in-
teractions in a Mlerent way i described by Kirchner and Schadsehneider [KS02,
These researchers move away from a foree medel applicd to o spatially continuons
world and instead simulate crowds In a discrete 21 environment using cellular
automata, applving this model to pedestrians involved in evacuations, The rel-
evant cnvironment ig partitioned into a regular grid with each cell containing
either eme or zero pedestrian particles. At each time step, cach particle is able to
mave one cell along either axis of the grid, provided the tarzet cell is unoceupied
The particle’s movement is determined by a pair of transition probability felds
that cover the floor of the environrent.

The first of these fields is static and is used to guide the particles throngh the
environment. In a room with a single door, for example, the probability field
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will slope towards the exit. This field alone will cause particles to move to cells
that are closer to the door. The second of these fields models the interaction
between the evacuating pedestrians. Since a particle’s movement is constrained
by the presence of other particles, collision detection is not needed. Instead, the
interaction modelled is the tendency of pedestrians in an evacuation situation to
follow one another. Each time a particle enters a cell, the transition probability of
that cell is increased with the transition probabilities of all cells slowly decaying
over time. The result is that particles tend to follow the path of those that went
before them.

Although this model is interesting in that it reproduces behaviour observed in
real evacuation situations, its usefulness in visual effects is limited. The discrete
grid structure of the simulation is not realistic and so the quality of the animation
produced is not acceptable for film. In addition, the interaction between parti-
cles is very specific to this particular area of application and the use of transition
probability fields may be too simplistic to model interesting crowd behaviour.

2.2.1.1 Discussion

The particle systems described above take into account interactions between the
members of the crowd to some extent. However, they have a number of undesir-
able qualities.

Since a particle is an entity with little more than position and velocity, a descrip-
tion of its motion is likewise simple. This is in contrast to the motion complexity
of a character such as a human. The animation of a virtual character requires
more than a description of its trajectory and so more information than is supplied
by the particle-based crowd systems is required. The agent’s trajectory could be
used as input for some sort of constrained motion solver based on inverse kine-
matics or motion clips. Even so, it would be difficult for such a system to produce
much more than motion related to the crowd member’s locomotion and so it is
preferable that the crowd simulation system create a full description of the char-
acter’s motion. Because of its simplicity in crowd member representation, these
particle-based methods do not produce the required motion quality.

The control of these physically inspired crowds is also somewhat problematic.
As many of the particle crowd models are physically based, it is conceivable that
physical constraint techniques could be applied to these simulations in order to
provide control. This option has not been explored, however, and so control of
a crowd’s motion relies on the manipulation of the model directly. Since these
models are based on physical systems, this is no trivial task and the control of
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these physically-inspired crowds suffers from the same problems as authoring such
a crowd does.

Crowd animation needs to be created by non-technical persons and so the use
of partial differential equations, potential functions and transition probabilities
makes authoring difficult. Manipulating the parameters of such a crowd system
is not intuitive and some understanding of the underlying system is required.
Additionally, these descriptions of crowd motion are based on specific models
that make assumptions about how the crowd members move and interact. This
limits the behavioural complexity of the simulated crowd.

All of these particle crowd systems have the common advantage that they are
computationally efficient. This is mainly due to the simplicity of the model and is
less true for systems such as that by Treuille et al. where the physical equations
that guide the system are more costly to calculate. As noted above, however.
this simplicity is also a limiting factor.

The techniques inspired by particle systems are characterised by crowd mem-
bers that do not move themselves. The crowd of particles are moved by some
global force that may take into account the interactions between the members.
This global controlling force is quite different from how crowd behaviour occurs
in reality. A better imitation of real crowds is achieved by giving the crowd
members the ability to act for themselves.

2.2.2 Crowds of Autonomous Agents

Real crowds are made up of characters who are able drive themselves in some
way. The resulting behaviour of the crowd as a whole is determined by the ac-
tions of the individuals that make up the crowd. Where the particles of adapted
particle systems are inert and unthinking, intentional action on the part of the
crowd members converts them into autonomous agents. This thinking is what lies
behind the original work on bird flocking by Reynolds [Rey87], shown in Figure
2.3, which inspired much of the subsequent crowd simulation research.

Reynolds extends a simple particle system by adding orientation to the parti-
cles and the ability of the particles to exert forces in order to steer themselves. By
observing the flight of a flock of birds, three simple forces are identified that keep
the birds flocking together while avoiding collisions. The first force — centring
— describes the tendency of birds to keep together. Countering this force is the
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Figure 2,30 The flocking birds crealed by Reynolds, Each particle 1 able to exert
steering forces in order to avord collistons wnd mudinlam is positwon in the flock.
Image source: [ReyST

tendency of birds to avold coming too close to one another or any obstacles. Each
bird exerts an aveidance force 1o steer itgelf away from any bird or environmental
abstacle. The third force  welocty matching — also acts to avold collisions and
describes the way hirds in a flock tend to mateh each other’s movernent.

Each of these forces represent, an aspect, of 1he bird’'s Hocking behaviour. They
may often be in competition, as is the case when o flock must break apart o
avald an obstacle. As rhe Jock approaches the obstacle, the birds on a collision
path with the obstacle will have their avoidance force acceleraring ther to oue
side ar ancther while their cohesive force attempls to keep them close to their
flock-tnates. 1 a siinple weipheed summarion scheme is uged this may result in
the forees caneelling each other ont and the bivds simply Hving diveetly iuto the
ohsacle. The force arbitration scheme that Revoolds snggests prioritises the dif-
ferent steering forces and so orders their contribution ta the resultant steering
force excrred. Lo this way a more pressing necd, avolding an nearby obatacle for
example, may overtide the other steering [ovees 1nan cmergeney.

A& snbstammial extension to the Hooking produced by Bevnolds is made in the
HiDAC svstem of Pelechauo of af. PABOT|, Their systen, almed mosely ar high
density crowds for evacnation simulation, mplements a foree model which takes
into aceount nod only coiligion avoeidance and goal seeking, bt also callision de-
tection and response,
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Goals, snel ag o doorway or exdl point, serve as ailractors which cause the agents
Lo apply b osteady force fowards thean, Obstacles and agents ahead of an agent
are used to determine a collision avoidance torce which 15 tangential Lo the abject.
to be avoided. This force is weighted according to the object s distance from the
agent, I[ the object iz apother agent then an additional weight 15 used which
depends on thie other agent’s direction of movernent. By weighting the avoidance
foree from agents which are moving opposizely higher than those that are moving
with the agent. agents tend o move with the flow of the crowed. Lane forming
emerges ubder high crowd densiiy situations, similar o that observed with real
eTowls

When an agen: overlaps an object, that is, when an agent collides with sorne-
thing. a repuisive force that iz perpendicular 1o the collision ig produced, This
enables agents Lo push other agenis and Lhe svsiem oven allows for the special
eose of an agent falling over when enough force is exerted. Further dynariic
weighting of these {orees allows the systemn o create variation amoeng the agents
anrl also induce different mensal states, such as calm, aggressive or panic-stricken,

The simle agent-loree model bag also been combined with envdivonment process
g and pavh planning techniques i the system crealed by Petiré of ol |PKILOS.
Their crowd siimulation svster, aimed at generating large crowds in real-time for
virsual envirenments, makes use of a mimber of Techniques in order to improve
computaiional efliciency. Level of Dedall (LODY and Level of Simuolation (LOS)
schetnes arve used to reduce the work dene on sections of the erowd based on
their visibility, This approach is entirely unsuited to visual effects where repro-
ducibilizy ig kev, If the srammlarity of the simulation is based on the position of
the camera anegd fhe ditector changes the manner inowhich the caners moves, the
bebaviour of the crowed may change entively. This creales a situalion where the
crowwd would need to be twenked for each camera move and so make authoring
tnore cotnplicated than necessary.

The: environmets s reduced Lo a graph g6 ractnte made ap of obstacle-Tree cors-
dors which makes fur easier long term path planung (further diseussion of path
planning in crowd simulation appears in Section 2.2.5). The force-based be-
havicur is uszed enly for inter-agent collision aveidance and to keep agents from
moving out of their current corridaor.

Unlortanaiely, these foree-based echniques do not make for particularly easy
aithoring of crowds, This is especially true as the complexity of the maodel, with
its associated weights and paramelers, increases, The behavienr of the agents
15 expressed as weighloed sums of forees, which an anitnator may Ond diflieals 1o
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manipulate. Reynolds talks of the frustration of trying to get his birds to flock
in the required manner as there is no method of control beyond directly alter-
ing the parameters of the crowd model. With the simpler models, there may be
a lack of generality as is evidenced by Reynolds’ birds which cannot be altered
to produce, for example, pedestrian movement, unless additional forces are added.

In a change from the force model, Goldenstein et al. [GKMO01] create agents
which are able to control their orientation and forward velocity. The movement
of each agent is modelled as a nonlinear dynamical system, with the orientation
and velocity of each agent determined separately. The orientation function treats
obstacles and other agents as repulsive forces and goal positions as attractors with
their individual contributions combined by means of a weighted sum. The prior-
ity of the contributions is further determined by the shape of attractor/repellor
functions, the repellor function having a steep falloff as it moves away from dead-
ahead while the attractor is more gradual. The velocity of an agent is simply
calculated based on the distance to the nearest object, with agents even able to
reverse if they come too close to an obstacle.

The whole system is made scalable by the inclusion of a second layer which
makes use of spatial data-structures to provides environmental information for
each agent. An agent is supplied with information for only those objects that
are close enough to be relevant. The result is that the complexity of an agent’s
movement calculations remains constant, regardless of the complexity of the en-
tire simulation. In addition, the movement of an agent is calculated by simple
function evaluations and is therefore computationally efficient. The drawback to
this system is a lack of flexibility that makes authoring new crowds difficult. The
authors themselves admit that the design of the attractor/repellor functions can
be a complex task and so it is unlikely that non-technical users would be able to
effectively tweak the behaviour of agents or create new ones.

Control of the crowd simulation is given by a third layer which provides global
planning. This controls the goal positions which are in turn supplied to the lo-
cal movement layer by the environment layer. By providing a general path for
the agents to follow, a degree of high-level intelligence is created. These paths
may be supplied by a user or some sort of global path planning system. For a
visual effects application, one could imagine an animator supplying direction at
this level. It should be noted, however, that this control is still subject to the
local movement layer and so is limited to some degree. Control at a lower level
is problematic as changing the local movement layer is a complex task.

All these systems, although making use of intelligent agents, suffer from some
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of the same problems as the particle approaches. The simulation deals only with
the trajectory of an agent and does not simulate any other motion of the crowd
members.

Blue Sky Studios, in the making of the movie Robots, used a simplified system
based on the work by Goldenstein et al.. Their system [Pat06] omitted both the
environment and planning layers, implementing only the local reactive behaviour.
The high-level intelligence necessary for long term behaviour was not needed for
short shots. In addition, the scalability added by the environmental layer seems
not to have been worth the added implementation complexity.

The lack of full body motion was dealt with by assigning, either randomly or
manually, a series of looping motion clips to each member of a crowd. The agent
then followed its simulated path while executing the relevant motion clip. Con-
trol was added in the form of handles on each agent that could be manipulated
by the animator. Additional handles were used to adjust the weighting of the
contributions from the different attractors and repellors. Patterson notes that
invisible obstacles were also used to control the path of agents.

Although the system for Robots proved successful, some of the automation of
the system was removed in order to deal with shortcomings in the animation
quality and control. This particular movie had only one type of crowd, however,
the authoring of different crowds may have proved difficult due to the complexity
of creating new movement functions as described above.

The crowd models discussed in this section produce individual motion which is
combined through the interaction of individuals to produce crowd motion. This
is important in that it allows a crowd to be created through the modelling of
the individuals — a far simpler task than trying to describe the complexities of a
crowd’s behaviour as a whole.

As with the particle methods of the previous section, these methods suffer from
an over-simplified representation of a crowd — the members of the crowd have
only position and orientation to be animated. As seen in the production of the
movie Robots, a large degree of automation is lost when the animator needs to
do further work in order to create the full-body, high quality motion required by
film. The behaviour of the crowd members is also limited by their representation
as only position and orientation may be changed. The methods described make
use of simple functions to describe this motion which are difficult to change and
lack generality.
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2.2.3 Crowds of Intelligent Agents

A characteristic of the members of most crowds is that they are able to react in
an intelligent manner. We have thus far considered crowds made up of agents
which are moved by an external agency and others that are able to exert some
form of movement force themselves. We now consider research that adds an ad-
ditional level of realism by allowing crowd members to react based on some form
of direct, deliberative algorithm.

The social forces model of Helbing and Molnar, described in Section 2.2.1, pro-
duces motion that should be collision free. Metoyer and Hodgins [MHO04] modify
this to create a pedestrian simulation system that allows the agents to follow
a user defined path through the environment while still avoiding obstacles and
other pedestrians. They notice, however, that the behaviour of the agents in the
crowd is not always as expected. Pedestrians, especially in areas where the crowd
density is low, generally avoid collisions by making small changes in direction well
before a collision can occur. Although the social forces model ensures that the
agents turn away from one another before a collision, the authors find that this
movement is sudden and occurs later than one would expect.

Their solution is to include an additional behavioural model which may be trained
by the user in order to provide more realistic collision avoidance. Based on re-
search in the field of traffic planning, a number of behavioural primitives are
identified. These are simple algorithms that pedestrians may execute to avoid
a collision. Examples are yield: turning to allow another pedestrian to pass in
front, cut-in-front: turning to pass in front of another pedestrian, and go-around:
turning to avoid an area of possible collision.

Initially, the user decides which algorithm should be executed, with the system
storing a situation vector and the user’s decision. Using either a Bayes classifier
or a decision tree, the system is trained to eventually allow agents to make these
decisions for themselves. Each behavioural primitive produces a force which is
added to the force produced by the social forces model in order to produce the
agent’s final steering force.

This approach produces animation that is 2D in nature - the agent’s trajectory
through the environment. A post-process is used to covert this to 3D motion by
using a motion graph algorithm which selects motion clips that move the crowd
member along its generated path. This is, however, limiting in that the motion
is related only to locomotion. Although user-training allows easy authoring, the
behavioural primitives are hard-coded and related only to collision avoidance.



This lack of flexibility means that this crowd system is not able to produce as
wide a range of behaviour as may be required.

A similar learning-based approach to crowd behaviour is described by Lee et
al. [LCHO7]. Their system makes use of live video clips of pedestrians in order
to train an agent behavioural model. Agent behaviour is divided into two lay-
ers: high level and low level behaviour. A number of low level action models
are arranged into a finite state machine with transitions between states being
controlled by the stochastic process of the high-level behaviour. Each person in
the video input is manually annotated to describe their high level behavioural
state and then the relevant low level model trained with the particular person’s
actions in different situations.

An interesting question to be dealt with is which video features to make use
of in determining an agent’s action. The environmental obstacles are manually
annotated and used along with information on the arrangement of other pedes-
trians as well as the individual’s own speed and direction. This state vector is
associated with the action that the individual takes in the given situation and is
used as a training example for the relevant low level action model. At simulation
time, a weighted linear regression model is used to combine nearby state-action
pairs to provide the agent with the relevant behaviour based on its current state.
Due to the nature of the information available from video and the need to keep
the state vector of low dimension, the simulation can only produce trajectory in-
formation for a particular agent. This trajectory is then used as input constraints
to a motion graph system (similar to that described above).

The problem with this technique is the need to produce a training video as well as
the inflexibility of the high-level behaviour states — these are hard-coded into the
system. In visual effects, however, this high-level layer may not be necessary as
agents do not need to change high-level goals during a short shot. Their process-
ing of the video input limits this technique to 2D input and output, though this
may be somewhat dealt with by adding 3D motion to the trajectory information.
The use of a particular state description vector may also prove problematic if
different types of crowds are required.

Work by Lamarche and Donikian [LD04] builds on the previously described force
model, attempting to produce more human-like collision avoidance behaviour in
pedestrians. Their system includes environmental processing and path finding
(see Section 2.2.5). Using this, agents are able to plan a path through their en-
vironment to a specified goal. The agents navigate this path based on a force
model which attempts to maintain an area of personal space around each agent by
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changing their velocity. On its own this is fairly similar to the social forces model
of Helbing and Molndr (see Section 2.2.1). However, in order to model agents
which predict collisions and avoid them, a specialised collision detection module
is added. Future collisions are determined, assuming that all agents continue at
a constant velocity, and the nature of each collision categorised. An example
of such a category is a back-collision, where the agent walks into the back of
another pedestrian. Different strategies, such as slowing down or turning to the
left or right, are used to attempt to avoid a future collision. Each suggested new
velocity is scored according to the amount of change it requires and the velocity
that most closely matches the original is used. Agents may be customised by
specifying which strategies are used to suggest these velocity changes.

A more sophisticated version of predictive collision avoidance is given in later
work by Paris et al. [PPDO07]. Each agent predicts the position of any neigh-
bouring entities for a number of discrete time steps of increasing length. For
each entity, the orientation and speed ranges that avoid collisions are recorded in
“orientation sections”. In order to determine the eventual orientation and speed
of a particular agent, different orientation sections are compared based on crite-
ria such as how much orientation or speed change is required and how far these
resulting state variables are from the agent’s ideal.

An interesting property of this work is the effort to validate the model using
real data. Motion capture is used to record the interactions between pedestrians
whose paths cross, as well as for scenarios such as pedestrians entering a funnel
shaped passage. The motion of these real pedestrians is compared to prediction
from the crowd model. The results show that the model may be tuned to a par-
ticular situation, though it lacks the adaptation found in real pedestrians. Real
people tend to alter their predictive behaviour based on crowd density, something
that this model is not currently able to do.

Loscos et al. [LMMO3] discard the force model entirely and instead take the
important step of simulating the perception of an agent. Their work simulates
pedestrians in a virtual city. The navigable parts of the environment are divided
into a regular 2D grid which is used to efficiently store spatial information for
each agent. An agent moves towards goals, defined in a separate path planning
step (see Section 2.2.5), while avoiding collisions by applying local rules. Each
agent checks for obstacles, either part of the environment or another agent, in the
area immediately ahead of it. If an obstacle is identified the nature of the possible
collision is categorised (front, back or side) and a change in the agent’s direction
or speed is made according to the agent’s navigational laws. These laws are in
the form of if-then statements that take into consideration collision distance, the



behaviour of other agents, the type of collision and the traffic congestion.

In order to produce more realistic pedestrian movement, the system models the
tendency of pedestrians to follow the path of those ahead of them in a manner
similar to that of Kirchner and Schadschneider (see Section 2.2.1). For each grid
cell, the direction of the last agent to leave the cell is recorded and used to in-
fluence the next agent that enters the cell. The strength of this influence decays
over time and this effect only applies in areas of high crowd density.

The system also implements simple grouping by creating small group entities
made up of a leader and a number of followers. The leader moves towards the
goal as normal while the followers instead have the leader as their goal. Bunching
is prevented by making use of the underlying grid structure to ensure that agents
do not move into grid cells that are already occupied by other agents.

These five systems, all aimed at real-time pedestrian simulation, succeed in im-
proving the realism of the crowd’s movement while remaining computationally
efficient enough to simulate thousands of pedestrians in real time. They add
behavioural realism in the form of specific collision avoidance algorithms that
mimic human reactions. The disadvantage of such a feature is the inflexibility of
these algorithms. It works well for pedestrian simulation, but may not generalise
to other types of crowds and would be difficult for a non-programmer to alter.
Although behavioural complexity is improved, ease of authoring suffers as the
system is now less flexible.

In addition, these systems retain many of the problems of the force-based parti-
cle approaches. Most importantly, the animation they produce consists of only
orientation and position information though this may be converted to full bodied
motion to some degree using a post-process. Related to this is the simplicity of
the behaviour which consists almost entirely of goal seeking and collision avoid-
ance. As the aim of these system is the simulation of crowds without requiring
supervision, control is not emphasised and requires manually altering an agen:’s
behaviour. This altering of the behavioural decisions is not guaranteed to have
an intuitive link to crowd behaviour and requires programming skill. The agent’s
actions are simple and so individual controls could be added to override the sim-
ulated behaviour, providing low level control.

The system described above add intelligence in the form of specific behavioural
algorithms. A better approach is the generic and extensible framework for agent-
based crowds is proposed by Niederberger and Gross [NG03]. By abstracting
the different aspects of an agent’s behavioural process, the authors are able to
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create a system that is general enough to be used for a wide range of character
types. The behaviour of an agent is based on situation recognition and models an
agent’s perception, deliberation and actions, as separate entities. At a particular
time-step, an agent receives information about the world through a sensor inter-
face. This information, in the form of boolean statements, along with an agent’s
internal state variables, is then used to determine the situation that the agent
faces. Since this information may match more than one situation, each situation
has a set occurance probability and the most likely situation is used. An agent’s
behaviour is defined by the situations that it knows how to deal with. Each sit-
uation has a number of actions associated with it and the most appropriate one
is selected based on the perceptual and internal information.

The sensors, situations, internal state and actions can all be customised to some
extent by setting attribute values, allowing agents to vary slightly. The crowd
framework is hierarchical and allows multiple inheritance so that new agents may
be created by combining existing ones. Agents with a few simple behaviours may
be combined and varied to create a crowd of agents with more complex behaviour.
This property makes the authoring of crowds significantly more efficient. Another
important improvement from an authoring perspective is the XMI-based speci-
fication of an agent’s behaviour, consisting of situations and associated actions.
Although the sensors and actions must be hard-coded, an agent’s behaviour may
be designed by a user without programming knowledge, especially if some form
of user interface is created to edit the XML files.

This general situation-based framework allows for greater flexibility in behaviour
as the behaviour of an agent is now customisable. Unfortunately, the behavioural
complexity is limited somewhat by the fact that only one situation is activated
at a time and only one action undertaken. Although the authors suggest that
the system could be extended to include multiple inheritance for situations and
actions, this has not been explored. The control of the crowd simulation is only
at a behavioural level - the thinking of the agents must be altered directly. This
may be done by altering an agent’s attributes but this has not been studied and
may suffer from an unintuitive link between attributes and crowd behaviour.

The system implemented by Niederberger and Gross is only tested on a few
hundred agents and so it is difficult to say how much of an impact the more
general framework has on the computational efficiency of this crowd model. The
computational cost of an agent is tied to its sensors which give it information
about the surrounding world. The time complexity of these sensing routines is,
thereofore, likely to be dependent on the complexity of the environment.



An interesting possibility is created by the abstraction of an agent’s actions.
Although the implemented system only seems to have actions which change the
agent’s orientation or position, the crowd framework described is not as limited.
Where as the other crowd models discussed have been able only to determine
an agent’s trajectory, usually by a force applied to the agent as a whole, the
situation-action relationship does not impose such a limitation. This allows us to
consider what other actions an agent might take and considerably expands the
behavioural complexity as well as animation quality.

2.2.4 Crowds of Embodied Agents

The crowd models discussed so far all suffer from a similar problem related to the
representation of the crowd members in the simulation environment. In almost
all cases each crowd member, however complex its behavioural model, only exists
as a point in virtual space. As discussed previously, the animation produced by
the crowd simulation is tied to this representation and so the motion is a sim-
ple trajectory to which more complex and interesting full-character motion must
be added. An important step in producing high quality crowd simulation such
as that needed for film is to give agents a body. The behavioural model of an
agent is its brain, deciding what it should do, but a brain without a body cannot
produce interesting motion. More believable, realistic crowds are produced by
embodied agents.

The use of embodied agents raises a number of issues that have been addressed in
different ways. Perhaps the most important of these is the brain-body interface -
how does the behavioural model of the agent tell the geometry of its body what
to do? Having a single system which queries the world for information, decides
the actions that an agent should take and then fully describes the relevant joint
rotations or torques is impractical as this would be too complex for an animator
to use. The usual approach, adopted to different extents and in slightly different
ways, is to separate the perception, decision and action components of an agen:’s
behaviour.

An example of a crowd model that uses very limited communication between
the decision and action components is the approach developed by Brogan and
Hodgins [BH97]. Their work investigates how the dynamics of an agent’s body
affects the performance of a behavioural model. They look at crowds of agents
with dynamically simulated bodies — one legged robots and cyclists shown in
Figure 2.4 — and compare these results to those produced by a simple point-
representation similar to that of systems in previous sections. Because the agents
must now take into account constraints such as balance, their reaction time and
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the incorporation of this action step, which is not diseussed in detatl, reqguires a
considerable amount of implementation work for coch tvpe of sgeur.

The perception and decision parts of the above behavioural model are simple
ot specilic, which means that they arve inflexible and only aimed al s single
biehavioer. However, their use for different agent tvpes illstrates the animaticn
quality that can be gained with iittle wellipence on the part of the agents., The
control of these agent’s hehaviowr is not provided for execept through manually
altering the hehavionzal algorithon

An hpressive and detailed madel of fish with more complex bebavienr and pez-
ceptiom 15 presented by Tu and Terzopouios [TT94a]. Using an artificial life
approach, this bhehavionral andmation wodel makes use of pereeption, decision
ane action svstems that are modeiled on real fish. The perception system,
particular [TT94b . ailows a fish knowledge of uther sl and obstacles v a 300°
torward arc to a distance based on the murkiness of the water. The fish, mod-
elled as spring-mass svstems, are propelled by the covtraction of muscle springs,
This low-level aetion Is abstracted by motor contrallers which are available to the
dectsion svstem of the fish agent. This svstem detoermines intentions or zoals for
the fish and then attempts to move the fish foward completing their cuarrent goal.

The fish may be individuaily charaeterized by setting parameters that azre ro-
lated Lo a sh's tendency 1o chuose a particuiar goal. Exampies of these goals
are mate, escape danger, feed and wander, The Intention senerator 1= lgrarchical
11 nature 2o that more pressing soals, such as collision avoidaice, are selected
hefore cther logs prossing ones, such as feeding. Onee an intention is determined,
the relevant behavioural alzorithin 35 called, which in turn activates the paraie-
terised motor controliers of the action svatemn. Dillorent [ish tvpes are created by
giving the fish agents different intentions or by varying the behavionral routines.
Ior example. prodator lish do not have any escape intention and would look {or
another Oslt when exeenting the feed hehaviour, while preyv type {ish look for
some [orm ol plant food.

The crowd metion that iz produced by this svstern is mteresting in that the
group behaviour becomes more cotnplex than that of the individual, This is «
form ol emerpence, which brings with it advantages as well ag complications. The
quality and reaiisio of the fish animation s enhanced and the {ish seem v have a
life ol their own, This does make the simmlation difficult to comtrol as there 1= ne
longer o direct and elear link between the specified bebaviour of the fish agents
aned the actual crowd behaxionr.

L=
=~



Althoueh the svsrem is able to produce complex interactions, it suffers from
inflexibility and 15 limited to the sinmlation of fish. The behaviour routines,
perception and action syalems are oll hard-coded and therefore impossible for a
non-technical nser to change. Phe fish behaviour may be customised somewhat
but most variation is achicved through selecting hehaviours from a relatively
stiall, {ixel set. The action svstem 1 effective but benefits from the relative
sitnplicity of a fish’s body and, even so. introduces o considerable performance
penalty. More complex characters, such az humans, wauld mske this physieal
simulation approach diffienlt.

Later wark by Shao and Terzopoulos [ST03] is forced to address this ssue in
the simulation of pedestrians in real time. Their approach is to replace the phys-
ically simulated bady of the fish with o body animation sub-gvstem thar makes
nge of linked motion clips. Although the anthors state that the motion achieved
by this sub-svstem is nol of che highest quality, actions are requesterd via a gen-
cral interface that allows an Improved version to be added without difficulty. It is
likelv thai further motion, collected using motion caplure. and motion blending
technigues such ag maotion graphs [KGP02] could improve the andmation guality.
The use of a data-driven mation clip approach in place of a physicalby-based sim-
ulation reduces the computational cost of the actlon system while improving the
guility of the animarion produced.

The perception and decision systems apply similar principles to the fish nusd-
clling deseribed above. Perception 1% broken into two parte - the separate sensing
of static moving objects, Static sensing s achieverd using a ray-vasting approach
which gives the agent information about objeets that lie along line segmoents sho
put i a fan from the apent’s position. This query i= kept efficient by making use
of a fine grid-based environmential strueture. A coarser grid 1s used for keeping
track of moving objects and ecoch agent querles this grul directly, selecting cells
in a fan shape immediately ahead of itself

The decision systetn 18 made ap of o nnber of basic belaviour routines an
which more complicated hehaviour is built. Agents make use of hugh-level path
planning and long term goals to move through the environment, while relying
on the lower-level behaviours 1o avoid collisions, The basic hehaviour Toutines
make use of perceptual information and then issue motor commands to the ac-
tion svelemm, Phese routines are executed in series, with higher-priority behaviour
arclering later so that cach behaviour may alter the motor cotuands given by
the behaviaurs before it In this way more pressing reactions override the less
immediate ones.



A sophisticated pavigation and path plannivg module s built on top of the
basic behaviowrs. This system bailds ou previons work in cognitive modelling
aned antouomens navigation to allow the agents 1o move throueh their coviron-
mernt, attain goals and determine new ones. There are also specific higher-level
behavioural routines that produce realistic behaviour in crowded passages and
other non-navigotional behavionr such as making a purchase from a vending mra-
chine or chattitg with a friend. These bebavionrs, even more so than the low-level
behavioaral routines. are specific to pedestrians and, in some cases, even specific
to particular environments, This means that the systenr would levee difficulty in
producing varied crowds, since adding pew behavionr requires programming new
behavioural routines.

The pedestrian system described above meets a number of the reguirements for
film. There iz the potential [or high guality animation and realistically com-
plex behaviour, The computational efficiency is suffictent to animate thousands
of predestrians in real-time and the agents, once created and Initalised, are an-
imated completely antomatically. There are two rmain areas whore the system
fuils, both more impartant Lo the svsten’s nse in film than for other applications,
These are easc nf suthorig and contrel. Botly are related to the difficulty m
chaneing the crowd behavionr.

2.2.4.1  TImmproved Control

The crowd models that have been disenssed suffer almost nuiversally from a lack
af control. This is due in part Lo the fact that many of these models are aimed
an applications that differ n siguificant ways from film — virtual environments
aned games, for exawmple. As previonsly stated, control is of greal importance
to g crowd simulation’s nsefulness, sinee a crowd that cannot be coutrelled may
not behave as required and so fadl to coutribite effectively to the telling of a story,

Oue approach. first developed by Funge ef ol [FTTYY], iz 1o give the crowd
members greater intelligence, They introduce a coguitive layver on top of an
agent’s behaviour, which serves as an additional level of abstraction on top of
the actual anlsation of the character’s geometry. The cognitive laver of an agent
allows the user to specify goals or constraints [rom which the agent witl work our
i detailed sequence of actions to meet the user's specilications.

Although this approach is reasonable and effective for dividual goals and con-
strainis, the action planning takes place on an Individnal level This means that
the control relies on an individual's ability 1o achieve the specificd goal. Fuven
if the smme goal is specilied [or a mumber of agents, there is vo guarantee that



agents will work together to achieve . This approach falls vietim to the adage
that, while an individual may be intellisent, a mob is stupid. There iz alzo a large
deeree of complexity added by this layer, The plannine steps for a laee crowd
may be computalionally unmanageable and there 15 also an additional price to
pav in authoring new crowd types. Fach new agent must now be told not only
how to react, bur alzo how to plan.

Blummbersg and Galyean [3GO95] also rescarch the control of behaviourally ani-
mated characters. Their aim is Lo provide a degree of dircetability on muitiple
levels of an automomous character’s behaviour. Their hehavioural model, de-
siened more fur single characters than whole erowds, neludes such hieh level
aspects as motivation. Control is introdnced at the levels of motivacion, decision
of action, by dircetly altering control parameters at these levelz. This contral s
uselil for individually tweaking and directing the behaviour of agents, I nay he
used Lo lurn the one agent who keeps talling off a ¢iff, for example, or change
the actions of a particular agent that s too noticeable. The introduced contral,
however, i3 not easily extendable to whole crowds, as changing the hehaviour of
a group of avenls s oot always casily nked Looa change n the hehaviour of the
crowdd ag a whale.

The crowd-level control introduced by Chang and Li [CLO¥| is of interest both
fur their underlyving crowd model and the control added. They model crowd
rernbers as lisy logic coulrollers making ase of o number of fairly simple hyeey
rdes to lnk senses to actions, in an approach based on that used by Tunstel
al. 'TdBU2| for the contrel of autonomous robots, Their erowd behaviour model
seems similar to that implemented in this dissertation, althoush the details of the
svstorn are nol provided. The behaviours built inco cheir system are specifically
aimed at shape concrol (see Figure 2.3), which is the main contribution of their
wark.

The goal in shape control 18 Lo be able to move a erowd through an environ-
ment, avoiding ohstacles while maintaining the space formation specified. This is
accomplished in two steps by first planning a path through the environment such
thal the centre of the shape avoids collisious. Ouce the shape’s path is known,
the deforrmation of the shape is deterrmined such that it does not overlap the
environment. This deformed shape i= then used az an inpat to the crowd simula-
tion, similar in contral to a torce field, The agents hehaviour dictales that they
altempl Lo romain inside the shape, resulling o a crowd of agents Lhat roughly
conform to the described shape, There are, however. some instances where the
crowid coverase across the shape is less than optimal,

)



Figure 2.5 The rrawd shape condeol indvoduced Iy Chang mond L which has the
agents in a orowd attempt to stay within the houndmries of o specified shape. This
rontrol is veliant on an ogent’s abdity to stay within the shape and so iy somewhat
wrreliohle. forage sowree: [CLOK]

This exainple of high level contro: provides a specilic tool for shaping crowds,
The control futroduced, though usefnl, s ot general. The shape control s an
example of bottom-up coutrol n which the goal of the control is given to the
agents atwl they are required to meet it. This 15 similar to the cognitive control
of Funge el of which can be somewhat unreliable. Each agent has the soal of
filling the shape but there 3 no cooperation o this rask, A sltuation may oceur
where an agent enters the shape and chen, his goal satislicd, lnadvertontly bloeks
the way for ather agents.

2.2.4.2 Improved Authoring

Crowd simulations monst be fexible coough to be used for a wdde variety of clur-
acters,  Additionadly, they must provide a means to tweak the crowds quickly
and ideally withont requirine much technical knowledgze of the inner workings of
the crowd simuiation systemn, This s not the case for most of the current erowd
svstems developed, although some work has been douve that attermpts to make
the autharing of crowds easier,

Inprov, a system created by Perlin and Goldberg PGH6 . Iz related to this alm.
Tocugsed on interactive animations involving virtieal actors, Tioprov has a nom-
ber of components which are geared towards ease of authoring, Althongh ot
anned at large numbers of agents, some of these authoring advances are relevant
to crowed sinnlations.

The hehasiour seripes that drive the animation ol the actors are lavered in

manner similar to that of Niederberzer and Gross (see Section 2.2.3). This allows
lowor-level behaviour to be reused. combined and customised into more complex
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behaviour. The other important addition is the manner in which different actors
may communicate with one another using a blackboard. This blackboard allows
one actor to tell another how to respond when they interact. This allows actors
to cooperate and choreograph actions as directed by the author.

The blackboard used by the Improv system is similar to work done by Sung
et al. [SGCO4]. Whereas Perlin and Goldberg allow actors to tell one another
how to respond, this system enables the environment to dictate how agents act.
Behavioural routines or rules are embedded in the environment using a paint-on
technique and agents who move into the designated area then have the particular
behaviour added to their behavioural model. This approach is scalable in that
agents are only as complex as they need to be — they are assigned behaviours
as required. This is relevant to the authoring of crowds, particularly in virtual
environments, in that crowds may be created by specifying the environment once
and then allowing crowds to come into contact with it. However, this work is
of more use to applications where crowds and environments are in existence for
longer than the short shots used in film. The number of different situations that
a crowd member may be in over the length of a shot is limited.

An interesting concept for the interactive authoring of crowds is presented by
Ulicny et al. [UHT04]. Inspired by the immediate feedback loop in game and
other design applications, a “crowd brush” is designed that allows a crowd to
be directly painted onto a scene or environment. The user is able to specify the
action that the brush takes. These range from crowd creation/deletion, through
placement tools to behavioural specification. The brush is also able to randomly
vary attributes of crowd members and can be customised to change any detail
of the crowd. The brush itself works in 2D and has its effect mapped to 3D in
real-time. A particular requirement of this technique is that feedback be avail-
able interactively. For crowds made up of characters with complex geometry and
behaviour, some form of imposter scheme may be necessary to achieve this.

The most successful and widely-used crowd simulation system in visual effects
at present is Massive. Developed to animate the huge armies of The Lord of
the Rings Trilogy [ABL04], Massive has been widely used in over 50 full-length
movies and many other short films and commercials'. The system is more fully
described in Chapter 3, but the authoring tools that are provided are worth not-
ing. The agent brains are made up of fuzzy if-then rules which are represented
as a graph. This graph is interactively edited by a user who is provided with the
structure of the brain. The technical details of how the brain inference works are

lsee www.massivesoftware.com



largely hidden from the user who only has to deal with brain nodes that may be
linked together to form logical chains. The use of fuzzy logic is also important in
the authorability of the crowd as this links well to the way that humans think as
it deals with values that are specifically modelled on human language.

2.2.5 Top-down Approaches

The basic approach of the crowd animation research described in the previous
sections is bottom-up in that it aims to simulate the individual in order to create
the whole crowd. This strategy is understandable, especially for visual effects ap-
plications, as the individual needs to be animated in the final product. There are,
however, a number of top-down techniques that are relevant to crowd simulation,
although not all of them are complete crowd animation systems in their own right.

Motion capture is widely used in visual effects because of its ability to capture
the nuances of articulated motion. Capturing the motion of a complex systern,
such as a human body, is easier than simulating the system itself. The success
of this data-driven approach has led to research in a similar direction for the
animation of crowds. Group Motion Graphs [LCF05] are an extension of Motion
Graphs [KGP02], a technology used to stitch together motion capture clips. Mo-
tion Graphs arrange clips of motion capture in a graph, with edges representing
individual clips and nodes representing decision points for a decision between
clips. Unbroken motion can then be generated by traversing the motion graph.

Group Motion Graphs (GMG) apply this idea to group motion by taking clips
of crowd motion and clustering them based on the local arrangement of the indi-
viduals in the clip. These clusters are stitched together and arranged in a GMG
in a similar manner to a Motion Graph. Group motion may then be created hy
traversing this graph. Although a GMG, once constructed, provides a method for
quickly generating motion that can be constrained arbitrarily, there are a number
of problems with this technique, particularly for visual effects.

An issue with the creation of the GMG is the source of the group motion. In the
author’s implementation this motion is taken from a crowd simulator that gener-
ates particle motion, similar to Reynolds’ birds (see Section 2.2.3). If the GMG
is used with a crowd model that produces full bodied motion, there would be
a complication in clustering the group motion clips. If only the group members
position and orientation information are used, it is difficult to link individuals
that are similarly arranged but take different actions. If the clips are clustered
on the the configuration of their bodies, it is unlikely that different clips will He
linked easily and the difficulty of creating transitions for full body motions exists.
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Motion capture is highly successful because, although the motion of a human
body is highly complex with many degrees of freedom, there are a relatively
small number of motions that are taken and they are fairly easily grouped. This
in not the case with crowd motion and the space of possible group motion clips
increases dramatically. Group motion also lacks the “rest” poses that are useful
for linking motion clips due to a lack of the parameter constraints that are present
in the joints of the human body.

A top-down technique that has been referred to in previous sections but largely
ignored so far is that of high-level path planning. A number of crowd simulation
systems, particularly those designed for use in virtual environments, make use of
path planning in order to provide the agents in the simulation with a path through
the environment that avoids static obstacles. Examples of such systems include
the topological structuring and path finding of Lamarche and Donikian [LD04],
the quad-tree based global path planning of Shao and Terzopoulos’s Autonomous
Pedestrians [ST05] and the collision-free corridor graph searches of Pettré et al.
[PHMO06].

The use of such long term planning and goal seeking behaviour is not relevant
for visual effects due to the length of the shots and the control required by direc-
tors. The high-level decisions are made by the animator rather than the agents
themselves as the application requirements of the crowd are different. In virtual
environments the crowds have to behave like a viewer or user would expect them
to, over both the short and long term. In visual effects, the crowds are required
to behave exactly as the director requires. In the short term it is useful to make
use of behavioural animation, however, without any knowledge of the story being
told, the crowds cannot be expected to know how they should behave in the long
term.

A top-down approach to control described by Lau and Kuffner [LKO06] is of spe-
cial interest here. Their system is able to impose hard constraints on the motion
of multiple characters. The implication and usefulness of this control is some-
thing that has not been widely explored in the field of crowd simulation. This
system implements control by means of motion graphs similar to those of Kovar
et al. [KGP02]. These graphs capture the possible movement, and hence future
positions, of a character and can be searched in order to find paths through the
graph that meet particular constraints. This searching of the motion-space of an
individual is accelerated by means of a grid placed over the world covering all the
possible future position of the agent.
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The considerable advantage of this technique is the degree of control over the
agents being animated. If the motion graphs of a group of agents allow them o
reach a particular position then the user can force them to do so. The disadvan-
tages are related to the manner in which the motion of a character is generated.

In the absence of constraints, or with constraints that are not difficult to meet,
the agents have no behaviour of their own. The motion generated is entirely
defined by the motion graph and there seems to be no behavioural model for
determining the path through this graph. The result is a substantial loss of au-
tomation as constraints must be placed on all the agents at all times in order to
get them to move or interact.

The second drawback is that control extends only to the position of agents in
the virtual world. Because the acceleration structure makes use of world po-
sitions in order to index parts of the motion graph, the constraints must be
specified in a manner which is compatible with this optimisation. Without such
an optimisation, the search of the combined motion trees of all the agents in a
crowd would not be manageable.

Despite these drawbacks, the power of this system in exactly specifying the po-
sitions of individuals is attractive. No other crowd simulation system allows this
level of control. It is in this direction that our work lies.

2.3 Discussion

A crowd is made up of a number of individuals that are each able to sense, think,
act and plan. Most crowd simulations model this reality with differing degrees of
abstraction. The range of models, from simple particles that require little compu-
tation but consequently provide little automation or information, to the sensing,
reacting embodied crowds created by the Massive system, are appropriate for
different applications. A summary of our findings is shown in Table 2.1. We
observe that the more complete models of individuals provide crowd simulations
that are more useful in the visual effects industry.

The key requirement for crowds in film is that of animation quality. This is
provided by giving the agents in a crowd a body which can be moved by the
decision making process. By allowing the self-animating nature of the agen:’s
behaviour to move the agent’s body as well as simply change its location and
orientation, the limits on the quality of animation produced by simpler systems
are removed. The important step in giving an agent a body is providing a brain
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Avrnnomous  Inteligent Ermbodicd

Acggerits Agjents Agents Mashi

Prarticles

Andrmation Guality
Contrel

Autormation

Ease of Authoring
Behavioural Complexity
Compltatonal Efficrency

Table 2.1: A eomparisan of crowd simulation categories based on the requirements
of msual effects. These reguareinents are summansed o Section 2.1

thar can move the hody. A general deseription of actions in a brain is therefore
required as opposed to the more specific torce-based models.

Alinost all the crowd systems reviewed provide automastion 1o the 1ask of speeify-
ing a crowd’s motion. The degree to which thiz antomation 1s suceesstul is largely
determined by how well the crowd simulation is able to meet the application’s
requirements without manual editing. Simpler erowd models may he unable to
achicve encugh behavioural complexity, requiring that additional animation he
added rsnmally.

The use of Massive, one of the wost complicated and general crowd svstems
described. is illustrative of the degree to which computational efficlency is of
secondary importance, The off-line pature of visual effects means that maore
complicated simulations are allowable if the gquality of the onleome is iproved.
Although the trade-ofi between quality and speed still exists, guality of both mo-
tion and behaviour is the preferred variable,

A final factor in fiudging the snitability of ditlerent crowd models for visnal of-
fects is the use of the model by the visual effects industry. Although the wide
use of & system does not necessarily mean that it is the best method, there is
little competition with Massive in the crowd animation market, The widespread
ust of virtual crowids in both movies and shorter productions is based langely on
the usability and quality of the crowds croated by Massive. Any work that secks
to advance visual offects crowds must take into account the success of this system,

The one requirement. which has consistently not been met 15 that of eontrol
Even Massive provides ondy limited control of apents wsing simnple foree ficelds
aned paths. The usability introduced by the graphical representation of the agent
braius and the clear link between fuzzy logic rules and lmguistie concepls allows
a user o manually alter & crowd’s brains. This approach 18 lmited, howeyer, as
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discussed in later sections.
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CHAPTER. 3
Massive

Massive, the crowd animation system originally created for the huse hattle scenes
needed in The Lovd of The Rings, is sonething of a visual efleets indusory suan-
dard (see [igure 3.1 for an example crowd ). As discussed in the previous chapter,
Massive meets many of the requirements of a visual effects crowd animation svs
tem: high wmotion qualicy, antomation, case of anthoring and lugh behavionral
complexity. This is verified by the clear acceptance of Massive in the visual ef-
fects community,

Since Massive is proprictary software owned and developed by Massive Lud, de-
tails of the svstem are not publicly available and wuch of how it works can only
be inferred. What follows 15 an attempt to reverse engineer the important pringi-
ples hehind Massive, based on what can be gleaned {rom lterature and from the
author's expericnce of working with the Massive platform,

3.1 Overview

Mazaive simulates ceowd members as autonomous, intelligent, embodied agents
'THLOM . Each agent reacts Lo the environment and olher agents according 1o
its own thought process and what it is able to sense. Like some of the mare
peneral and complex crowd simulation svstems discussed in the previous chapter,
A simulation step of a Massive agenl consists of pereeption, decision and action
sibrsteps. This process 1s tealised by two separate entities: the brain and vhe
motion tree. Although Massive shares much of this infonoation between ageuts
for efficiency purposes, from a conceprtual point of view, each agent may be con-
sicderod as having 10 own brain and motion tree,

The animation of an agent is created from motion clips that are imported o
Massive fron a character animation package or motion capture data. This library
of metion data is organised into a motion tree which determines which clips may
be linked together [Dunt2]. Motion blending is used to keep the motion Huid and
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Figure 3.1 A erowd generated wsing Massive during the making of Narma. Image
souree: fittp:/ Sawne massivesoftware. com

evert conbine different motion elips. The choice of which actious to take is made
bw the agent's brain. The motion {ree then applies this motion to the agenc's
seometry [Grits’,

The brain ol apn apent corbines an agent's perception using [y lopic miles.
anel then informs the niotion tree of the action that should be taken. The senses
that take up ar agent's perception todeol real world senses sueh as vision and
hearing Dun(2]. The rules make use of Dy tosic which mimics the subtlety of
human responses which are not boolean in wature. The results of the fuzzy infer-
ence are colbined, delnzeiled and sent to the motion tree, which then perlorms
Lhe appropriate action.

In creating a erowd of agents, the usual approach s to produce a hrain for a
particalar type of creature, This “master”™ agent is then instanced, with possibly
some variallon. to prodace a whole erowd of similar agents. The molion troe of
the agent 1s also crealed and instanced in a similar way, with variation introdiced
acroes the various instances ol a particular master agent [Rohig].



3.2 Scnscs

Creatures in real crowds have only limited information available to them. Fac-
tars such as visibilicy. distance awd ocelnsion result in partial knowledge of the
environment and other characters. Massive totmics Lhe sensing abilitios of real
creatiles i an attempt to produce niorve realistic and believable crowd behavionr
Two of the senses often described are hased on vision and hearing,

Agents are given sight by providing each agent with a shwple 21 rendering of
the 313 seene [rom the agent’s point of view, This svathetic vision approach is
not new. ifferent forus of the idea being deseribed by Blnmberg for a virfual
dog character Blud7] and by Noser ef al. [NRT95 for virinal actors. lus use in
crowd shimulations is relatively novel, however, and an tmportant step o chal it
provicdies an agent with a realistic amount of informarion while remaining scalable
ani] efficient.

Pigure 3.2: 4 Masswe agent vendered wsing simplified geomaetey. fmage source:
hitp: £ Ao assivesoftware, com

Rendering is a topic widely studied in computer graphics and many oplini-
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sations have been developed almed af keepme the computational cost falrly con-
stant, even as the complexity of an environment grows, There s also specinlised
hardware which makes the rendering of & scene, capecially one nsing simiplified
geaielty, [alse colowr and no lighting elfecls, computationally very etficient (see
Figure 3.2),

The sense of hearing is siimulated more siinply, Each asent omits a sound that s
unique to its tyvpe, Neatby agents can hear Lhe sound. khow thal there s an agent
i thad direetion and also whad type of sgent it 38 This hearing sense was found
to often be sulficient for navigation purposes and 18 even less computationally
costly than vision |[Dun02 .

3.3 Bran

o iR

Figure 3.3: A simple bramn network o Masswe with nodes connected as o di-
vected graph.  The “novigate” node is g placeholder for o rcollection of nodes
defining navigation reles.  An example crowd s shown tnsel.  Imoge sowree:
hitp: / fwww. inessivesaftiwmre, com

The brain of an agent is represented by a directed praph of dilferent. brain
nodes — a siimple Masaive brain s shown in Fipure 3.5, These nodes mayv b
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roughly divided into four types: input, logic, defuzz and output nodes. The in-
ference mechanism of an agent’s brain makes use of fuzzy logic, a form of logical
inference which uses continuous values as opposed to the two, on or off, values of
boolean logic (see Chapter 4). The input nodes convert information from one of
the agent’s senses into a fuzzy value that may be used by the brain. This is done
using continuous membership curves that map the perceptual input to a fuzzy
value. These inputs nodes are then connected and combined using logical nodes,
which perform fuzzy inference operations analogous to those found in standard
boolean logic such as AND, OR, NOT. The inference process may result in more
than one value for a particular control variable and so defuzz nodes are used to
combine the multiple values into a single one. The results of this inference process
is then fed into an output node which sends the value of the control value to the
motion tree in the form of a weighted trigger [Gri03].

A typical brain for a Massive agent in the Lord of the Rings movies contained
7000 to 8000 nodes [Dun02]. Although the brain nodes, in fact, make up fuzzy if-
then style rules, the graphical user interface (GUI) is important in that it allows
animators and non-programmers to edit the brain of an agent. Organising the
2000 to 3000 rules that these nodes represent, without the use of a GUI, would
be a challenging task, even for a user familiar with the working of the system.

The nodes themselves represent fuzzy variables which have differing degrees of
truth. A particular input node might be called “wall-left” and take on a value
based on a particular membership curve applied to the vision sense of the agent.
An output node might be linked to this node and result in the action “step-
right”. The degree to which “wall-left” is true affects the degree to which the
action “step-right” is carried out.

3.4 Motion Tree

The motion tree makes use of motion capture clips, which are linked together
in a similar manner to a Finite State Machine. Each state or node is a motion
clip with edges representing possible transitions between clips. The motion clips
are made up of significant actions, such as falling or swinging an axe, as well
as smaller transitioning clips which allow an agent to change actions at different
points. Motion blending is also used to combine motions. Because the values
sent from the brain are based on fuzzy values — not just on or off as with boolean
values — Massive agents may effectively combine actions as well as behaviours.

Motion blending gives Massive agents the flexibility to interpolate actions for
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which there is no explicit motion clip. Terrain adaptation is a good example of
this. For a particular agent, locomotion cycles are produced for three cases: level
terrain, max uphill and max downhill. Massive’s motion blending system is then
able to produce motion for any slope between the two extremes by blending the
level motion with the extreme slope motion to differing degrees [ABLO04].

Variation can also be introduced to agents by capturing different versions of
the same motion and then blending them together in differing amounts. Agents
can even be parameterised with such physical attributes as arm and leg length.,
as well as more abstract attributes such as aggression. The make-up of a partic-
ular agent’s body and related motion tree may be randomised to provide further
variation.

3.5 Control

Crowds in Massive may be controlled in a number of ways. The most direct
and low level method is to change the internal brain variables for an individual
agent. Brain nodes are equipped with toggles that allow an animator or director
to change the values of particular nodes on the fly [Dun02]. Doing this for mul-
tiple agents on a larger scale is likely possible. This would result in the action of
a shot being scripted with agents having behaviours turned on or off and altered
according to the director’s needs. This control is on the level of an agent’s be-
haviour - the agents still react as they see fit. The low level control of an agent’s
every action is also available to the director, although this becomes unwieldy
when considering a large number of agents.

Another widely used form of control (also used by other crowd systems) is flow
fields or paths, often used to guide crowds of agents. The implementation of these
flow fields is slightly different from those associated with particle crowd models
in that the agents can sense the field and choose to follow it. The behaviour of
actually following the field must be included in the agent’s brain. This is im-
portant in that it gives the creator of an agent the flexibility to ignore the force
field if something more pressing, such as an enemy, comes along. This control is
useful in directing the general flow of the crowd but it is somewhat imprecise. If
the agents are not following the field in the correct manner, the animator must
resort to manually altering the agents’ brains.

Despite these control mechanisms built into Massive, precise control of the crowd

simulation is still lacking. Peter Jackson, talking about the use of Massive in The
Lord of the Rings, jokes about the unpredictability of a crowd simulation using
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agents designed to think for themselves:

“We literally dvdn’t know what these guys were going to do. I still get a chuckle
when I think about one of the first tests, where we had about 2000 foreground
quys desperately trying to kill each other; but in the background, about fifty of
them had thought better of it and had turned around to flee the battle! I thought,
‘Those are smart guys.’ It was extraordinarily spooky.”
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CHAPTER 4
Fuzzy Logic

The brain of a Massive agent makes use of fuzzy logic in order to produce be-
haviour that mimics the nuances of human behaviour. As we shall see, fuzzy logic
ties in well with the way that humans reason and so contributes to the ease with
which the behaviour of an agent may be specified. We include here a section ex-
plaining some of the important aspects of fuzzy logic and introduce the reasoning
behind the implementation decisions made in following chapters. The aim of this
chapter is to allow the reader to understand how a crowd simulation may make
use of fuzzy logic, not to explain fuzzy logic and fuzzy systems in general. This
is by no means a complete or mathematically rigorous tutorial on the subject
and so the interested reader is referred to Driankov et al. [DHR93] for a more
complete handling of the subject.

4.1 Fuzzy sets

The idea behind fuzzy logic was first introduced in the field of mathematical set
theory by Zadeh [Zad65a] [Zad65b]. Zadeh introduces the fuzzy set as a means
of representing knowledge. The concept of fuzziness is based on the manner in
which humans handle and communicate knowledge. The human language is full
of descriptive terms which are innately vague. Words without specific values.
such as large, low, heavy, hot, are commonly used descriptions. People process
and make use of these words with little difficulty. In fact, the vagueness of these
linguistic values allows a useful measure of descriptive power that allows humans
to communicate general ideas. Fuzzy sets are an attempt to represent knowledge
without losing this vagueness inherent in language.

In conventional set theory, an element is either in a set or it is not. The member-
ship function of the set has only two possible value: zero or one. Zadeh introduces
the idea of a set of which an element may be partially a member — a set with a
membership function whose range is the interval [0, 1].

An oft-used example perhaps best illustrates the usefulness of this concept. If
one considers all the people in the world one may then attempt to define which

45



of those are considered tall. We could attempt to make use of a conventional set,
also called a crisp set. This set would clearly not include someone with a height
of 1.5m and a person who is 2m would be included. The difficulty lies in where to
draw the line. Is a person of 1.8m in the set? What about a person of 1.81m7 At
some point one must define the boundary where a person of a particular height
is in the set but a person even lmm shorter than that is not. A fuzzy set of
people who are tall, in contrast, allows a person to be a partial member of the
set. A person who is 1.8m tall might have a membership value of 0.6, for exam-
ple. A comparison of the two possible membership functions is given in Figure 4.1.

Crisp set of Tall people
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Figure 4.1: A comparison of the membership functions for the set of “tall” people.
The membership function above is for a conventional set, while the membership
function below s for a fuzzy set.

At this point a clarification is required. The fuzzy set, tall, attempts to model
the vagueness in a single person’s understanding of the description “tall”. This
theory does not account for the varying understandings of the description, that is,
the subjectivity of the description. The understanding of “tall” may vary widely
based on where in the world the description is made. A Swede might consider
a tall Italian to not be tall at all, for example. This difference is accounted for
by the fact that the membership curve may be defined differently based on the
context. The Swede might use a curve that is shifted to the right, for instance.
This observation is of importance later when we modify the behaviour of agents.
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The membership curves used to define a fuzzy set are theoretically arbitrary.
The only limitation is the manner in which the membership curve maps values
into the fuzzy set — this should make sense based on the application. In his origi-
nal papers, Zadeh suggests a number of membership curves that behave well and
are widely used. The four that we make use of are shown in Figure 4.2. All of
these curves have a single peak — the function does not decrease until it reaches
its maximum and after that does not increase again. This is of importance in the
defuzzification methods discussed below.

Shoulder Right Shoulder Lert
1 1
0 e 0
a b a b
Triangle Isosceles Trapezium
1 1
|
0+ 0«
a b ¢ a b C d

Figure 4.2: The four different membership functions used by the system.

An additional linguistic concept that is often used with fuzzy sets is that of
a hedge. Examples of this concept are the words “very”, “quite”, “somewhat”
and “particularly”. In a linguistic sense, the use of these words in a description
serves to sharpen or soften the linguistic value to which it is linked. “Very low”
is a more severe form of “low”, while “somewhat heavy” is a less intensive form
of the value “heavy”. An interpretation of these hedges in fuzzy sets is given by
raising the membership function to an appropriate power. Since a membership
function returns a value in the range [0, 1], raising it to a power greater than one
decreases the value returned by the hedged function. This reduces the fuzzy set
represented by the linguistic value and so makes the description more specific.
A power less than one performs the opposite task of enlarging the fuzzy set and
therefore softening or generalising the linguistic value. For example, if the set
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tall, described above, has a membership function myq;, the membership function
of the sets “very tall” and “somewhat tall” might be

b=

mverytall(p) = Mtall (p)Q and msomewhattall(p) = mtall(p)

for some person, p.

4.2 Fuzzy Controllers

Fuzzy logic is developed to reason with the particular form of knowledge ex-
pressed in a linguistic or verbal form. We are interested in the use of fuzzy logic
rules by fuzzy controllers as an agent’s brain can be regarded as a type of fuzzy
controller. The basic make-up of a fuzzy controller is shown in Figure 4.3. Crisp
inputs are fuzzified by means of the membership functions of fuzzy sets that
represent linguistic values. These linguistic values are used in the fuzzy if-then
rules through which the fuzzy inference takes place. The membership values are
combined in the defuzzification process to give the crisp output values. We now
describe this process in more detail.
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Figure 4.3: A fuzzy logic controller.

4.2.1 Fuzzy Inference

A fuzzy controller makes use of a form of fuzzy logic referred to as approximate
reasoning. This reasoning takes the form of inference rules that involve fuzzy
propositions of the form “X is A”. These propositions are similar to those in
classical logic with a few clear differences. Firstly, where as a classical proposi-
tion is a boolean value, the evaluation of a fuzzy proposition gives a value in the
range [0, 1].
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Secondly, a fuzzy proposition is made using a linguistic value made up of words
or sentences in a natural or artificial language, most often English. An example
given originally by Zadeh is of the values of the variable age. Age may take on
linguistic values such as young, quite young, not young, very young, old, very
old, etc. An example of a fuzzy proposition demonstrating its use of linguistic
values is “The room’s temperature is hot”. Here “The room’s temperature” is
the variable with the proposed value “hot”.

Linked to the use of linguistic values is the manner in which meaning is attached
to a fuzzy proposition. Each linguistic value is a fuzzy set, defined by an asso-
ciated membership function whose domain is the set of values that the variable
in question may take on. In the example of the variable age, this domain might
be the integer values between 0 and 100. Given a fuzzy proposition and crisp
value for the variable, the truth, or value, of the proposition may be determined
by evaluating the particular value’s membership of the linguistic variable’s fuzzy
set. For example, if the fuzzy proposition is “John’s age is young” and the actual
value of John’s age is 22, the membership function of “young” might map 22 to
0.2. In this case, the fuzzy proposition evaluates to 0.2.

The fuzzy propositions described above are referred to as atomic fuzzy proposi-
tions. As in classical logic, one can use connectives such as “and”, “or” and “not”
to create compound fuzzy propositions of greater complexity. These compound
fuzzy propositions may be further compounded using the same connectives. Ex-
amples of compound fuzzy propositions are:

Xis Aand Y is B
XisAorYisB

X is not A

not(X is A and Y is B) or X is B

The meaning of these compound propositions may be found in a similar way to
boolean logic, where the truth of a compound statement may be determined by
the truth of its components. All that remains is to define the manner in which
the connectives combine the truth of the component propositions. There are,
in fact, a number of ways in which to do this. We describe and implement the
method proposed by Zadeh in his initial generalisation of set theory as it is widely
recognised and simple.

For variables = and y, and fuzzy sets A and B with associated membership
functions m4 and mp, the definitions of the logical connectives are as follows:
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zis A and y is B = min(m4(x), mp(y))
risAoryis B= max(mA(I)-, mB(y))
z is not A =not(zis A) =1—ma(zx)

The inference rules of approximate reasoning that make use of these fuzzy
propositions are expressed as fuzzy if-then rules analogous to boolean if-then
rules. The symbolic expression of a fuzzy if-then rule is

if < fuzzy proposition > then < fuzzy proposition > .

The first fuzzy proposition, referred to as the antecedent, determines the strength
with which the rule fires. The second fuzzy proposition, the consequent, is the
implication of the rule’s firing. The fuzzy nature of the antecedent means that a
rule may fire with differing strengths. As the consequent is a fuzzy proposition,
it is not immediately obvious how this implication should be carried out.

Figure 4.4: The Mamdani implication caps the membership function of the con-
sequent fuzzy set with the firing strength of the antecedent shown as v.

There is more than one method of representing the meaning of a fuzzy if-then
rule. In fuzzy control the most important is called the Mamdani implication.
This is the type of inference that we shall deal with due to its wide-use and sim-
ple implementation. For the rule

if x is A then y is B,

the Mamdani implication results in the membership function of B being capped
by the firing strength of the antecedent as shown in Figure 4.4. This modified
membership function represents the fuzzy value assigned to the variable y. If the
membership function of A is denoted m,4 and that of B denoted mpg, then the
modified membership function, m,,.qp is given as,

Mmoas(u) = min(ma(z), mp(u))
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for some u in the domain of mg. The result of a fuzzy rule firing is thus a capped
fuzzy set which covers a range of values. This form of fuzzy value is not useful as
an output from a fuzzy controller as a change to the system under control usually
requires a crisp value. The setting of the fan speed in an air conditioner or the
rotation of a servo motor, for example, requires a single real value. Additionally,
there are often several rules that are evaluated simultaneously. These rules may
assign fuzzy values to a number of output variables with more than one rule
assigning values to a particular output variable. In order to combine the effect of
rules that assign values to the same variable and determine the crisp value needed
to implement the control action, an additional defuzzification step is needed.

4.2.2 Defuzzification

Defuzzification is the process of combining the results of fuzzy inference in order
to determine a crisp output value. For a particular output variable, v,u, the n
fuzzy values produced by the fuzzy inference process involving v,,, are combined
by taking their union. Taking the capped membership functions m;..m,, a new
combined membership function My, is created which is the maximum of the
individual functions as follows:

Meomp (1) = max(my(u), me(u), ..., mn(u))

for some v in the domain of v,,;. A defuzzification method is then used to calcu-
late the value of the output variable from this combined fuzzy value. We describe
the two most well known methods as well as a third, more robust, method that
we used in our crowd implementation.

The Centre of Area method [DHR93], shown in Figure 4.5, is the best known
of the defuzzification methods. Since the control variables used in our crowd
system are discrete, we present the discrete version of the method, though the
continuous version is similar. For a control variable which takes on a value from
the universe U = {uy,ua, ..., u},

22:1 Ui-mcomp(ui)

Vout =
o Zi:l mcomp (ul)

This method takes into account the whole of the area under the membership
curve and finds the value which is in the centre of its area. This method requires
the calculation of the area under the curve which is a slow operation, especially
when it must be executed a number of times for each agent on every update step.
The advantage of this method, however, is that its output changes continuously
— a small change in the inputs tends to result in a small change in the output.
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Figure 4.5: The Centre of Area method.

The Middle of Mazima method [DHR93| is much quicker to calculate but
ignores the general shape of the combined fuzzy sets. Instead this method con-
siders only the values of u for which the combined membership curve takes on its
maximum value. More precisely, the smallest and largest values of v for which
Meomp 18 Maximum are averaged as shown in Figure 4.6. If the maximum value
attained by the combined membership function is given by A, then the value of
the output is calculated as

min(u € Ulmeomp(u) = h) + maz(u € U|meomp(u) = h)
5 .

Vout =

The advantage of this method is its computational efficiency. It is also able to
handle the situation where the combined membership curve has more than one
distinct peak in a more reasonable manner than the Centre of Area method. The
main disadvantage is the discontinuous output that may result when the firing
strength of two rules is similar.

Figure 4.6: The Middle of Maxima method.

The last method that we describe is designed to adapt the Centre of Area
method to deal with the case of a combined membership curve with more than
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one peak without losing the continuous behaviour it exhibits. The Centre of
Largest Area method [DHR93], shown in Figure 4.7, finds the largest connected
subset of the area under the membership curve and then determines the centre
of its area.

1

L |

Figure 4.7: The Centre of Largest Area method.

Fuzzy logic is well suited to the modelling of intelligent behaviour in crowd
members because it is based on how humans think and handle knowledge. This
property provides two distinct advantages. Firstly, the agents are more likely
to behave like intelligent humans if their thought process is similar. Secondly.
the linguistic basis of fuzzy logic is far removed from the differential equations
and other analytical methods for describing complex systems. This allows a
non-technical user to be able to specify the thinking of an agent, and hence the
behaviour of a crowd, by simply applying the rules that he or she might follow.
There is a close link between how the user thinks and how the agent thinks which
offers an advantage in authoring the crowd.
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CHAPTER 5
Design

The work presented in this dissertation is concerned with the lack of control
provided by current crowd animation. We propose constraint-based control over
the behaviour of a crowd for use in a crowd animation system. This section
details the design of such a crowd control system.

5.1 High Level Control

There has been some work done in the area of crowd animation aimed at adding
control. Most crowd animation research takes a bottom up approach by simulat-
ing the individuals and control may be provided at this level. This work, discussed
in Section 2.2.4.1, either attempts to enable the agents to follow a user’s direction
as part of its behaviour, or allows a user to directly manipulate the individuals
involved in the simulation. The former approach requires an additional level of
intelligence and so adds significant complexity to the agents. The latter form of
control is effective but limited to small scale changes as tweaking many individ-
uals is tedious.

It is more meaningful and effective to take a top-down approach when considering
high-level control. Individual intelligence can produce realistic and complex sim-
ulated behaviour but global control may require global intelligence. The crowd
animation approaches that search the motion graphs of characters in order to
exactly meet constraints are a good example of this (see Section 2.2.5). Unfortu-
nately, these methods are not ideal for crowd animation as they produce zombie
agents with no real behaviour or intelligence. They do, however, effectively pro-
vide complete control to the user by means of position constraints that, if achiev-
able, are guaranteed to be met. An additional disadvantage is the complexity of
such a search. Although some motion graph methods perform in a reasonable
time-frame, this is due to optimisations that are specific to positional constraints.

Control as a form of post process is given in a recent paper by Kwon et al.

[KLLO08]. This approach alters the trajectory information provided by a crowd
simulation by linking the positions of neighbouring agents, across all time steps,
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together in a mesh. Standard mesh deformation techniques are then used to de-
form and arrange the mesh such that the agents move as desired. This form of
control is not applicable to crowds whose motion is bodied and articulated. The
trajectories of the agents may be determined from their full motion but the loss
of this information is a high price to pay.

An effective, though rather specific example of top-down control is provided by
Anderson et al. [AMCO03]. The bird agents produced by Reynolds (described in
Section 2.2.3) are constrained using an approach which effectively samples the
space of possible behaviours, accepting only behaviour which result in the con-
straints being met. The sampled behaviours are evaluated for fitness based on
how well they match the behaviour of the unconstrained model. This evaluation
makes use of the fact that, in the bird flocking model, the steering behaviour
includes a random wander element. If the wander contribution implied by the
sampled behaviour appears to have been drawn from the same distribution as the
wander contribution of the unconstrained behaviour, the sample receives a high
fitness score.

This iterative improvement of the constrained behaviour works well in this case.
though for large numbers of birds the system may be somewhat slow. Unfortu-
nately, there are a number of attributes of the flocking behavioural model which
the system exploits, making the generalisation of this approach problematic.

In this dissertation we develop a general method of high-level control for agent-
based crowds. This method is inspired by previous top-down approaches and is in
the form of general constraints. The system we develop attempts to satisfy these
constraints by altering the behaviour of the crowd. This is done while trying to
retain the behaviour of the original crowd as much as possible.

5.2 The Crowd Simulation

Massive is the state of the art in crowd animation for film and any further work
in this area must take it into account. The animation quality produced by Mas-
sive has been shown to be of high quality. Its authoring tools are effective and
complex behaviour is made possible by its fuzzy logic inference framework. The
widespread use of Massive shows that the computational cost is low enough to
make it useful. Since Massive produces such good results in many areas, it would
be foolhardy to start from scratch. We choose instead to take Massive as a start-
ing point in our crowd animation work and build on its successes.
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The system we create attempts to reproduce the successful principles of the
Massive crowd animation system in order to avoid re-inventing the wheel. Re-
production of such a widely used system also makes this research relevant to the
visual effects industry. We do, however, make a number of simplifications to the
Massive system due to time constraints and in order to simplify the implemen-
tation of the system as a whole. As we are attempting to explore the control
of a crowd’s behaviour, the quality of the motion produced is of little concern.
The implementation of a motion tree with motion blending is a considerable task
that requires additional resources in the form of motion clips. Since this aspect
of Massive is not relevant to the behavioural constraints we wish to place on
the crowds, we make the simplification of removing the motion tree. Our agents
are able to take simple actions, such as step forward or turn right without the
accompanying articulated motion.

Variation within a crowd is produced in Massive by randomly varying attributes
in both the brain and motion tree. This variation increases the realism of the sim-
ulation and reduces the visibility of repeated motion clips throughout the crowd.
However, many of the crowd simulation systems described in Chapter 2 are able
to produce emergent crowd behaviour without any variation - their agents are all
identical. In order to simplify the crowd simulation, random variation in agents
is not implemented. We recognise that random variation may be leveraged by
additional crowd control methods but this is beyond the scope of our research
(see Section 9.2).

5.3 Constraints

A requirement for the design of a system of crowd simulation control is to deter-
mine the manner in which the control should be applied. Ideally, a crowd control
system should be general, in the sense that any particular aspect of the crowd
simulation may be controlled. Building on ideas from previous work in crowd
control such as that by Lau and Kuffner [LK06] and Anderson et al. [AMCO03],
we design a method of control by means of constraints. A user may specify con-
straints on a crowd which the control system then attempts to meet by altering
the crowd simulation automatically. These constraints are arbitrary and may be
applied to any aspect of the crowd simulation.

This system for the specification and satisfaction of constraints is built on top
of the crowd simulation system. The general use-case is described in Figure 5.1.
An existing simulation, involving any number of groups of agents, has constraints
applied to it by the user. These constraints, along with the parameters which de-
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scribe the simulation, are then fed into the constraint satisfaction system (CSS)
which alters the simulation parameters such that the constraints are met.

User

, Used by
Specifies CSS

Constraints

Provides
Parameters

Meet? lCrowd Simulationl

Figure 5.1: A general use-case of our crowd control system.

The constraints are not limited and may be applied to any part of the crowd
simulation over any time frame. It is likely that some constraints may be partially
met and there is the possibility that a sets of constraints cannot be fully met by a
particular crowd. In order to allow the system to improve the simulation as much
as it can, constraints include a value that ranges from zero to one. If a constraint
is completely violated then its score would be zero while a constraint fully met
would have a score of one. The introduction of a partially met constraint is a
generalisation of the boolean, met or not met, constraint and so does not exclude
constraints of boolean form.

In order to simplify the study of this control mechanism, no study is made of
how these constraints should be specified or used. The motivation for the use-
fulness of constraints is convincing — completely general constraints provide un-
limited control. However, the manner in which these constraints should be used
and specified is beyond the scope of this work. We are attempting to prove the
concept of general constraint-based control, not provide a complete study of this
form of control.

5.3.1 Constraint Satisfaction

Once the constraints required by a user have been specified, the CSS is required to
provide the user with a crowd simulation which meets the particular constraints.
The first question that must be answered before such a system can be designed
is that of what simulation parameters the CSS should be allowed to change. Pre-
vious work in crowd animation generally changes the motion of the individuals.
Systems that deal with particle motion, such as the work in motion editing by
Kwon et al.[KLLO08], alter the trajectories of the particles in order to have them
meet the constraints. The work on searching motion trees in order to meet the
requirements of a user by Lau and Kuffner [LK06] and Sung et al.[SKGO05] set
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the motion of the agents based on constraints.

This method of constraint satisfaction is severely limiting in that it abandons
the behaviour of the agents and only allows control of an agent’s motion. The al-
tered bird trajectories of Anderson et al. [AMCO03] attempt to satisfy the agent’s
original behaviour but this approach still suffers from lack of generality in the
constraints. As mentioned previously, these constraints are tied to the agent’s
behaviour by making use of the random wandering of a bird. This specific prop-
erty does not exist in more general crowd models.

We propose that the ideal way in which to meet the constraints of a user is
through the agent’s own behaviour. This approach is consistent with the be-
havioural animation used to animate crowds. Instead of ignoring the behavioural
model and dealing only with its motion output, as described above, it is advan-
tageous to rather improve this model. By changing the underlying behavioural
model, the new crowd may be used in different situations and even changed using
existing control methods.

An additional advantage in meeting crowd level constraints by changing the be-
haviour of the crowd is that this allows constraints to be specified, not only with
reference to the motion of the agents, but also with reference to their behaviour.
If only the motion of an agent is available to be constrained, then the physi-
cal outcome of its deliberation process may be controlled. If the properties of
an agent’s brain are also part of a constraint then greater control of an agent’s
behaviour is achieved. Although we do not actively explore the avenue of how
constraints may be used, this flexibility seems desirable.

At this point a clear distinction must be made between the control that we
propose and the behaviour based control provided by the approaches such as the
cognitive modelling of Funge et al. [FTT99]. Whereas cognitive based control
attempts to include the agent’s own intelligence in the constraint satisfaction
process, we satisfy these constraints in a global, top-down manner. Additional
deliberation may enable an agent to figure out the correct actions to meet user
constraints, but we propose a system which changes the agents’ behaviour so
that they naturally meet the constraints, acting without any knowledge of the
constraints themselves.

Having established that the behaviour of the agents in a crowd should be changed,
the manner in which this should be done is still undecided. There are a number
of different options and some of the alternatives to our chosen method may prove
fruitful (see further discussion in Section 9.2). We make use of the impressive
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crowd simulations produced by Massive as a starting point for our work. There-
fore, the parameters of the crowd simulation that we choose to alter are based on
Massive’s implementation of an agent’s behaviour using fuzzy logic. Since Mas-
sive creates agents as instances of a master agent, we choose to alter the brain
parameters of the master agent.

The advantage of altering the behaviour of the master agent, and hence alter-
ing the behaviour of a whole group of agents, is that our system then adds an
additional layer of control without removing the existing methods. The brains
that are altered by the CSS are still available to be manually edited by the user
and to be used in different scenarios. In this way, the control provided by our
constraint system supports the authoring of crowds. The disadvantage of chang-
ing the behaviour of a whole group of agents is that there is less power available
in the system as the same changes must be made to all instances of the master
agent. However, a large amount of the control available to a Massive user in
creating a crowd is through the direct editing of the master agent’s brain. We
are simply providing a method to make these changes automatically. In addition.
techniques that alter individual agents (see Section 9.2) may be used in addition
to our system.

As described previously, the brain of a Massive agent makes use of fuzzy logic.
One of the interesting interpretations of the membership function of a fuzzy set
is that it gives a person or group of people’s understanding or interpretation of a
fuzzy concept. For example, a person is asked to define a fuzzy set “comfortable”
over the universe of possible room temperatures as shown in Figure 5.2. A person
from Iceland might provide the curve shown on the left while a Jamaican might
give the function shown on the right.

Membership
=

O

20 30 40

Room temperature (degrees C)

=
o

Figure 5.2: Two different definitions of a “comfortable” temperature.

This same observation may be applied to the agents in a Massive crowd. The
crisp values which an agent is provided with by its senses are converted to mem-
bership values of fuzzy sets. The membership curves used to provide these values
define the agents understanding of the linguistic values that the fuzzy sets rep-
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resent. The agent’s brain makes use of these linguistic values in the reasoning
given by fuzzy rules. We argue that by changing the agents understanding of
these linguistic values, the agents behaviour may be changed in a manner which
remains true to the reasoning that lies behind it. The agent’s understanding of
linguistic values is given by the membership functions of the particular fuzzy sets
and so it is these membership functions that must be changed by our system.
To illustrate, in order to change a person’s degree of reaction to cold, one might
change what he considers cold to be.

It must be noted that the control we propose is a layer above the standard
control provided by the crowd simulation system. Once a brain has been altered
to satisfy constraints, a user may make use of the standard brain authoring tools
in order to further change the master agent’s brain. In this way, the constraint-
based control is added as an additional form of control and in no way removes
the methods of control that exist already. By allowing a user to change brains
that have undergone constraint satisfaction, this method of control is useful not
only for the per-shot tweaking of agents, but also for the authoring of agents’
behaviour in general.

5.4 Testing Strategy

In order to determine the success of the CSS, we produce a strategy for its
evaluation. The testing strategy is determined by the requirements of the control
and so is given without reference to implementation details. The requirements of
control that we propose are as follows:

e Provide additional control - Constraints that cannot be met easily
through other means should be satisfied by this system.

e Execute in an acceptable time-frame - The constraint satisfaction pro-
cess should take place in a reasonable amount of time.

e Produce minimal behavioural change - The crowd behaviour that is
produced by the system should as closely match the original crowd as pos-
sible. The change should be no more than that produced by an expert user
of the system applying the same constraints to the simulation by manually
editing the agents.

e Applicable to real world use - The test agents and scenarios should be
similar to those used in real applications. A variety of representative test
cases are necessary.
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Based on these requirements, we produce a testing strategy that is made up of
a number of test scenarios. Each scenario consists of a crowd of agents, perhaps
of differing types, and different environments. These scenarios are based on pos-
sible real world examples of where crowd animation systems may be used. A set
of constraints that might reasonably be required are determined for each scenario.

The proposed constraint-based control method is compared to the current method
where an expert user manually alters the fuzzy logic rules of the agent brains in-
volved in the simulation. There is a difficulty in providing expert users for the
crowd system as this system was created specifically for our study and so there
is only one expert user — the author of the system. Although this limits the
generalisation of our results, there is no alternative.

First the expert user, who serves as our control case, attempts to meet the con-
straints by altering the behaviour of the agents in the simulation. The automatic
CSS then attempts to meet the constraints. Once each set of constraints has been
met by these two different means, the performance of the two may be compared
in different ways. The immediate and most important consideration is how well
the constraints are met. Since each constraint is structured such that it has a sat-
isfaction value ranging from zero to one, constraints that are not completely met
may still be judged based on how well they improve the satisfaction of constraints.

The time taken by the automatic method may also be roughly compared to
the time required by the expert user to meet the constraints. This timing com-
parison is based on only a rough estimation of how the system may be actually
used. There are factors, such the time taken to specify the constraints and the
fact that with an automatic system the user is free to perform other tasks while
the system is running, which are not considered in the comparison. However,

this simple comparison of running times gives an idea of the possible usefulness
of the CSS.

A third, and important, comparison is based on how much the crowd behaviour
is changed when the constraints are satisfied. An automatic system which accu-
rately applies constraints, but does so at the expense of the behaviour which has
been carefully crafted, is of little use. Since the similarity of crowd behaviour
is a rather subjective, qualitative measure, we perform human experiments that
compare the crowd behaviour of the altered crowd to the original. Subjects are
required to perform comparisons of short video clips showing crowd animation
and assign a similarity score to the behaviour of the crowd in the different clips.
The video clips are shown in pairs with the first clip showing the original crowd
behaviour and the second the crowd altered by either the expert user or the CSS.
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By requiring users to perform a number of such comparisons, similarity scores for
the two different constraint satisfaction methods may be gathered and compared.
This gives an indication of whether the automatic CSS alters a crowd’s behaviour
more than is necessary.

5.5 Design Summary

In this chapter we have described the design of a system which adds needed
control to current crowd simulation systems. The design decisions are summarised
as follows:

Built on top of an existing crowd simulation system
The crowd simulations to which control is applied is based on the widely
used Massive platform.

Control by means of constraints
Control of the crowd simulation is achieved through the specification of
general constraints. These constraints describe the outcome that the user
desires. The control system alters the crowd such that the constraints are
met.

Change agent behaviour
The constraints specified by the user are met through altering the be-
havioural model of the agents involved in the simulation. Changes to the
agent brains are made automatically so that their behaviour results in the
constraints being met.
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CHAPTER 6

Crowd Simulation Implementation

The implementation details of the system that applies the design described in the
previous chapter, is broken into two parts. This chapter details the implementa-
tion of the the crowd simulation system with the constraint satisfaction system
(CSS) described in the following chapter.

The aim of this implementation is to demonstrate the usefulness and potential
of constraint-based control. This is done by presenting an example of a crowd
simulation system to which this form of control is added. In this implementa-
tion, certain decisions were made based on a number of considerations — it is
noted where alternative choices may prove fruitful. The aim is to explore the
concept of constraint-based control, specifically for behavioural modification of
agent-based crowd simulations, and this aim guides the implementation decisions.

Our crowd simulation system is based on the widely used Massive platform.
Section 3 gives the information on Massive that can be gleaned from interviews,
articles and use of the system. Implementing the principles of that system re-
quires filling in a number of gaps and so it is important to recognise that we do
not claim that this system will work in exactly the same way as Massive. We
have made simplifying design decisions (detailed in Section 5.2) and must also
interpret the data that we have available. Inaccuracies are bound to occur and all
we claim to produce is a system that is based on the successful principles applied
by Massive.

6.1 System Overview - The world

The crowd simulation system is implemented in C++ in an object-oriented man-
ner. This system, shown in Figure 6.1, is based on a global world object. This
world contains the agents, environment and any other miscellaneous information
required by a simulation. At the highest level, a simulation involves initialising
a world object and then repeatedly calling the world’s update method. The sim-
ulation uses forward Euler integration for simplicity and so the only information
the world requires to update itself is the time elapsed since the last update.
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Figure 6.1: An overmew of the cromd simulntion system showing the detarled view
of a single agent in the world. The fow of vaformation through the agent is shown
i red,

The shnulation that 13 cneapsulated by the world object iovelves a number of
agent ohjects along with some enviromwumendal georwerry specilicod as two dinen-
sional polvaons, These polygons are converted nto a 31 enviromwuent, by placing
them an the ry plane and extrwding them in the positive - direction, Each line
segnent of 4 21 polveon becomes a reclangle i 3D space. The floor of the en-
viromuent is considered to be the plane where z = (0

An apgent conlains a state object that describes details such as its position. ve-
locity and orlentation. In addition, this cbject has a nurmber of control variables
which tay be used Lo canse the agent o perlorm certain actions. Along with a
state, cach agent has its own braan and perception. The perception object contalins
a mumnber of sense objects, possibly of differing types, These are responsilide tor
quierying the world ohject and so supply information based an which the agents
acl.
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The brain contains any number of drain nede obyjects which have different sul
classes.  Lach brain node may be dependent on others and so an ordering is
imposed upot them. Lo Lhis way, they form a directed graph, similar to that of
the Massive brains deseribed i Section 3. Brain nodes that provide input 1o 1he
brain are linked to sense objects, Other brain nodes update control variables
and serve as the brain’s method of providing output. The combination of brain
nocles represent a number of fuzzy logic rules which deline an agent’s hehaviour,

When the world object s apdated, 3 sequentially calls the update methods of
cach of the agents in the simelation. Bach agent updates it perception, calls the
decizion function of #s brain to update its control variables, and then updates
s state according to these contrels, This sequential update resulis in each agent
taking a turn to move while the others remain 512l Beeatse an agent’s behaviour
15 independent and the simulation models a svatem which is, in fact. cobtinuonsly
changing, this detail mwakes little difference to the results produced.

6.2 Agents

From an external point of view, an agent is defined by its state, While an agent’s
behaviour attempts to uprdate this state, the virtual reality of the agent is en-
capsulated in its state object, Our Implementation differs from Massive in that
we do not give the agenls a motion tree with complex artienlated bodies. This

gignificantly simplifies an agent’s state and acltion impleruentation,

The crowd madel that we Irplement makes a clear distinclion betweon the action
atterupted hy an agent and the effect that this attempt has on the agent’s state.
While an agent might want to mowve in a coertaln way or accelerate in o partic-
wlar direction. prapertios of the world may not allew . This separation allows
phvaleal simulacion Lo be included in the animation of the crowd, if desired. We
define an apent’s virtual reality, which we refer 1o as its phyvsical state, using =state
ariables inclided in the state object. The intended actions arc defined by an
agent’s control variables. also inchuled in the state object.

Due to our focus on the behaviowr of an agent as opposed to the quality of
it motion, we make uge of cmbodied agents with only simple. non-articulaterd
bodies. The state of an agent’s body in the 3D virtual space is therefore uniquely
defined by a 3D poeition vector and two orfentation vectors. The two orientation
victors defitie an agent’s “look” direction and up” direction as shown in Figure
6.2, [n addition, we maintain a third, orthogoral, onentation vector defining the



agent’s “right”. This vector is used wm calenlating angles for the hearing sense
{see Section 6.4),

Figure 6.2: The orientation vectors of an agent,

An agent’s physical stade i 2ot by the variables deseribed above and 15 the
samne for all agents. The wanner 1n which an agent mayv atlempt 1o update these
viriables varies from one agent type to another. A agent’s actions are defined by
a number of discrete valued control variables, Each control value has a minimuam
and maximum value as well as a step value which defines 1ts granularity, A par-
Licular agent type may have any number of different controls which dictate how
they are nsed to update an agent’s state. A car agent, for example, might have
an acceleration control, a speed control and a furn engle control. A killer robot
might include o shaot control and a dying conirol, The controls implemented in
the Lesting of our svstewm are detailed in Section 8.2.

The controls of an agent are linked to the brain’s output nodes. When an agent
is updated, the brain supplies new values for these controls (assuming that the
brain's behaviour affects the particular control}, The agent’s state is then up-
daterd according Lo the control values, The elfect of the conlro] values differ and
new controls with associated effects may be added. For example, the acceleration
control changes the magnitnde of an agent’s velocity vector while the twrn around
up rotates an agent’s laok and risht orientation vectors about the up orientation
veetor. This separate update step allows the agent’s attepted action to fail,
The shoet control, for instance, does not cause the apent to fire its weapon nntil
the weapon's cool-down period has elapsed.
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6.3 Brans

The Lirain is the centre of an apent’s behaviowr and so is the area in which mnch
of vur interest les. The hrains of Massive agents make use of fuzzy lagic to com-
hine the inpnts from an agent’s sensors and determine the actions it should take.
This process makes uge of fuzry riles, represented as a graph of brain nodes.
Since the details of the Massive implotrentation of Dy logic are not available,
the literature on sy system control is an importance sonrce. o some arcas.
particularly with reference to the hrain inputs. Massive differs from the standard
model af fuzzy control. Onr svstent follows the example of Massive in the cases
where the reasoning behind such deviation is known.

Inn our implementation, the brain is made up of a timuber of brain nodes. These
nodes, with the exception of ontput nodes, ntay be though of as fuzzy values and
2o have a value in the range |0.1]. Each node may also hiave a munber of nedes
upon which it depends. These nodes must be evaluated lefore the dependent
node and, when updated, the dependent node is sent values of the nodes npon
which it depends. Each node may e represented as 4 node oo graph with
dependencies creating edges between them as shown in Figure 6.3, The cight
different. node types are deseribed helow,
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Figure 6.3: The graph stricture of o brain shown an onr brain editing fool.
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6.3.1 The Fuzz node

This node is one of two input nodes which convert the information sent to the
brain [rom the agent’s senses into a fuzzy set membership value, Massive prowvides
its agenls with sense information in some form of real valued array — differing
from standard tuzzy coutrollers in which a single real value 15 Lhe inputl. As an
array input provides the Hexibility required for agent vision, we follow the Jead ot
Maszive and design the senses to provide their information in the form of a data
array wilh cach array element a floating point nunber.

In Massive, the values of this array are converted to a fuzzy value by mcans
of a membership curve that is super-imposod over the array as shown in in Fig
ure 6.4, Our sysuent implements 1his luzgification nsing a membership funetion,
f- derived from this curve that has a domain running the lengeh of the dava array
and a range that is from zero to one. For a data array, d, of length n and with
maximum value m, the memmbership value 15 caloulated as

E?;] I:ffa g .lrli"”
i fme [k

This averages the values of the sense's data array while giving greater importance
to the parts of the array for which the membership function has high value, The
parts of the array lor which vhe rwembership lunetion is zero have no effecn at all
on the caleulated value.

Figure 6.4: The use of a membership function by the Fuzz node to fuzafy the data
arvay supplied by an agent’s sense, The fuzzificatinn effectively divides the scaled
“seriwed” arve by the erea wnder the curve, povading e vaelee bebween zern and
Gre.

There are four different types of membership curves used bwv the crowd sim-
ulation system.  These are shown in Fiecure 4.2 and are named showlder left,
trinngle, shoulder right and dsesceles trapezivm. The choice of these functious,
although slightly different to Massive, which uses smoother curves. is based on
Lheir widespread use in [uszy control. The Fusz node receives input from the
senses and Lherefore depends on no other nodes,
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6.3.2 The Fuzz-NMax Node

The second input node is similar to the Fuzs node in that is makes use of a mem-
bership earve to convert the data array, supplied by a sense, into a Dy value.
The difference 18 thal the averaging effeet 18 removed. The Fuzz-Max node was
developed to allow for senses which provide exact information such as the target
up angle sense deseribed in Section 6.4

The approach of the Fuzz-Max node 18 1o recopnise only the strongest signal
with reference Lo the menibership function, f. For a data array, d, of length »
and with maximum value wr, the membership value is caleulated as

- f{a’})

T
T
4k o

In this caleulation, high values in the data arrav as well as values where the
membership curve is close to one are favoured. The I'nzz-Max node. like the
Fuzz node, does not depend on any other nodes,

6.3.3 The Defure Node

The Defuzz node has the task of converting the result of the inference process
into a mumber that is useful to the agent. Each Defuzz node prevides a value for
one control variable though a partienlar conrol variable may have more than one
Deturz noede which sets its value. The node has oue dependent which provides
the tuzzy membership value that needs to be defuzzified, The full defuzzification
process involves not anly converting the values [ram the brain's Dy variables
inte orisp, comrol values, but also combining these contral values, The combina-
tiow step is deseribed more fully in Section 6.3.7. Here we describe the work of
the individual defuzz node,

A Defuze node makes use of a membership Dunection which describes a {uzay
set defined over the possible values of s partienlar control variable. The fune-
tions used by the systern are the same ones nsed by the Fuzz and Furz-Max nodes
(shown in Figure 4.2). The inverse of this functiom is used to map the value of
the fieeey varialide to a value of the control variable. Sinee the inverse of the
memberzhip function i wol one-to-one, the inverse mapping s likely to provicds
a range of values. The selection of a specific value s part of the combination
process which combines all the Defuze nodes for a particular contral variable,
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6.3.4 Logical Connective Nodes

There are three logical connective nodes: AND, OR and NOT. These nodes imple-
ment the fuzzy connectives described in Chapter 4. We implement the min/max
set of connectives because of their simplicity, efficiency and wide-use.

Both the AND and OR nodes combine the values of two other nodes. The value
of the fuzzy variable represented by the AND node is determined by combining
the values these two nodes by taking their minimum. Intuitively, the AND node
describes the degree to which two different statements are true: both of them are
only as true as the least true one. Where v, and v are the two incoming values,

vanp = min(vy, va).

The value of an OR node is calculated by taking the maximum of the two
values, intuitively describing the degree to which either one is true. Where the
values of the nodes on which the OR node depends are v; and v,,

vor = maz(vy, va).

The AND and OR nodes may be combined in a manner similar to that of
their boolean logic counterparts and similar identities exist to boolean logic.

The NOT node provides the opposite of a particular node. To this end, a NOT
node depends on a single node and has a value which, from a fuzzy inference
point of view, is opposite to that of the original node. Since a fuzzy variable
must have a value in the range [0, 1], this compliment is given by

unor = 1 — Vorig

where v, is the value of the original node.

6.3.5 The Scale Node

Both the Scale Node and Power Node (described below) are linked to the con-
cept of hedges from fuzzy set theory, described in Section 4. Scaling is not the
way in which hedges are usually described in fuzzy control theory. We find Scale
nodes useful, however, in reducing the strength of a particular input or creating
a behaviour which is easily overridden by other behaviours. It is likely that these
effects could be accomplished using a combination of other nodes, albeit in a
more involved construction.
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A scale node simply scales the value of a particular fuzzy variable. It has one
node upon which it depends and a scale factor associated with it. For an input
value of v and a scale factor of s, the value of the Scale node is simply

VSCALE = U - S.

6.3.6 The Power Node

The Power node is a truer implementation of the hedges referred to above. A
Power node serves to intensify or soften the value of a particular fuzzy variable.
The node has a power attribute and depends on one other node. The value of
the Power node, vpowregr, with power attribute, p, and input value, v, is given
by
vpowER = VP,

If the value of the power attribute is greater than one, the Power node serves to
reduce the strength of the variable. If the power is less than one, the variable’s
value is magnified.

6.3.7 Defuzzification

Updating a brain is equivalent to the evaluation of the fuzzy logic rules that is
contains. This is done on a node by node basis. The brain simply loops through
the array of brain node objects, supplying each with the values of the nodes upon
which it depends (if any) and calling the particular node object’s update routine.
The evaluation of a node before its dependant is ensured by the brain authoring
tool (see Section 6.5 for a description of the tool). This tool saves the brain nodes
in order of dependence so that the array of brain nodes need only be updated in
sequence and a dependent node will always be updated after the nodes on which
it depends. Circular dependencies are detected by the brain editor and the user
notified as a valid set of fuzzy rules should not produce such a problem.

The input nodes of the brain contain pointers to their relevant sense objects.
An agent’s perception, containing all of its sense objects, is updated prior to the
brain, ensuring that an agent obtains up-to-date sensory information. The eval-
uation of each node completes the fuzzy inference. All that is left is to combine
the outputs in order to determine the values of the agent’s control variables. This
is the defuzzification step.

Defuzzification is done on a per-control basis by looping through the agent’s

control variables. At an agent’s initialisation, the indices of all the defuzz nodes
that affect a particular control are entered into the control’s defuzz index array.
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This allows direct access to the correct defuzz nodes when calculating the new
value for a control. There is likely to be more than one defuzz node which affects
a particular control. Each one will have its own associated membership function
and hence a range of values that the control could take.

A defuzz node has its membership function capped by the its membership value
~ the value of the brain node on which it depends. Any values of the member-
ship function which are above the node’s value are reduced to this maximum as
shown in Figure 4.4. The membership functions of the different defuzz nodes are
combined by taking the maximum of each of them over the domain of the control
as described in Chapter 4. This combined and capped membership function is
used to determine the value of the control.

We initially implemented two of the most well-known defuzzification methods
(described in Section 4). Both of these methods exhibited undesirable effects in
different situations. We first implemented the Centre of Area (COA) method but
found that it caused agents to crash into world geometry.

An example of where this occurs is given by a car approaching a wall at near
a right angle to the wall, as shown in Figure 6.5. The car agent has two fairly
symmetrical steering rules which are applied to a turning control. One of these
causes the car to turn to the left when there is an obstacle near on the right, and
another to turn to the right when there is an obstacle near and to the left. The
defuzz nodes associated with these behaviours are shown in the figure. Since the
information about the left and right obstructions is likely to be similar, the two
behaviours will fire with similar strength resulting in the combined membership
function show. Taking the centroid of this combined function results in a turn
value of close to zero. The car’s behaviour drives it straight into the wall.

Figure 6.5: The problem with the Centroid of Area defuzz method.

This problem came up frequently in our experiments and it is difficult to solve,
even with careful specification of brain rules. The COA method leaves the agent

72



unable to choose one course of action if there are two conflicting ones of similar
strength. The agent attempts to do both and so ends up doing nothing. The
cause of this problem is the manner in which the defuzzification process deals
with the multiple peaks of the combined membership curves.

A defuzzification method that does not suffer from this weakness is the Mid-
dle of Maxima (MOM) method. Although the implementation of this method
solved the problem described above, we found that agents movements were jerky.
with the control values oscillating rapidly. This undesirable effect is due to the
MOM method acting based on only one rule’s result and ignoring the rest as
shown in Figure 6.6. The two cases shown are based on only a small change in
input values, which results in a small change in the firing strength of the two
rules. However, this causes the one rule to fire with slightly greater strength than
the other and so has the undesirable effect of moving the control value by a large
amount.

Figure 6.6: The problem with the Middle of Mazima defuzz method. A small
change in the input values results in a large change in the value of the control
output, c.

The defuzzification method which overcomes these problems is the Centre of
Largest Area method (see Section 4.2.2). The connected areas under the curve are
examined and the largest selected. The centre may then be calculated in a similar
method to that used for the COA method. This defuzzification method causes an
agent to choose one of the options when there are distinctly different possibilities
for the control value and yet changes the control variable in a continuous manner.

6.4 Senses

The brain of an agent alters an agent’s control variables based on the combination
of its inputs using fuzzy inference. These inputs are provided by an agent’s
senses. The sense object is a general interface which may gather information
from any source in the simulation’s world object, including the agent to which
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the senge belongs., To this end, the world objeet is provided (o the sense when it
i called on to update ft=elf. An hmportant part of Massive's apgenn architecture
ig the synthetic vision with which agents are provided. As this sense {3 the most
complicated, we allow the implementation of synthetic vision 1o gnide the design
of the sense interface 18 a whole.

6.4.1 Synthetic vision

Ax more fully deseribed i Chapter 3, one form of input that Massive agents are
given to their deliberation process 1= a form of synthetic vision. We know thal
this vision iz & simplified 213 scanline rendering of the 3D scene that the agent
inhabivs with ather agents and objects rendered siuply, From using Massive. 1t
can beseen that the colours of arents may be rendered according Lo their 1yvpe
and an agent told to only notice certain colours.

Thi hpezyv inference that takes place in the brain makes use of fwesy viriadiles
which take om a walne in the range 0,1]. It remains to determine how the 210
image provided by the vision sense can be converted into o real value in this
ringe — this is not entirely obvions from using Massive. There is the use of some
form of membership eurve, similar i appearance 1o the mendership curve of a
fuzzy gel. How this 2D curve 1s used 1o fuzzify the 213 image is, howoever, unclear,
There are also al leasy two dillerent types of vision input availlable to an agent:
“vision X and “vision ¥, These scem Lo give 20 imapes chat preseat what an
agent gees with reforence to its x and ¥ axes.

In our imaplementation we deal with this problem in two steps. We force a sense
to provide 11s dala 1o the brain o the form of an wray of real values with sonie
specified maxinmm, This data array is Lhen converted to o real number by using
o merbership curve. This second step was deseribod in Secudon 6.3,

We follow the example of Massive in providing two different vision senses. one for
cach of the x and v axes. We disonss the case for Lhe x axis shown in Figune 6.7
The case [or the v axis simply swaps the use of the x and y axes. Tn vither ease,
the world i rendered from the agent's point of view at low resolution, typical
values being 1000 by 70 pixels. The objects i the world are rendered without
lighting and every object has a simiplificd niodel nged Lo render 1t in agent vision,
This was not really necessary in our case as we have no high resoluuion models,
When nsing the detailed models required by visual effects, however, efficiency
dictates the nse of loss costly alternatives.

Thi: 213 rendered vision 18 converted no a data array of length equal to the



x resolation of the image. Fach element of the arrav corresponds to an x value
in the rendered image. The image itself is rendered in red with no lighting so
that all pixcls are cither rod or black, The nnmber of red pixels in the column
of o partienlar x valoe are added ap and inserted ioto the data array element
correspolding to that x value, The maximun value of an element in the array is
theretore the yresolution of the rendered mmage  this occurring when an entire
column is rendered red.

Pigure 6.7: The conversion of the world rendervd from the powt of wiew of a
paartiendar agent inlo the date avray provided to the agent’s brain.

In order to allow an agent to distingnish between different agent types and
world geotnetry, two different types of senses are created: one for seeing world
geonetry and another fur sensing other agents. Asents in the world are organised
it groups and A vision sense allows a particnlar group to be specified, Speeial
cases such as seeiny all other agents, seeing only agents in an agent’s cwn gronp
and seeing agents in all foreign groups are also allowed., An agent s oot lmited
in the muteber of senses it can have and so sy have as many “agent vision x”
senses a8 reguirecd

6i.4.2 Synthetic Hearing

A simipier hearing setise, based on that osed by Massive, 3= also reproduced. The
method of converting o sense's data array into a tuzzy variable's value using «
membership tunction is standard across all the senses. The difference between
one sense and another s the manner in which the data array is generated,

{or hearing, the data array is of leneth 360 and represents the ansles. i degrocs,
[roer a sonnd comes. The first element of the array represents spund coming from
—180%, with the last element of the array representing the sound comiug from
179°. Thi valoes of the array elements are either zero (for no sonnd) or one {for
sonnd heard ),
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Distanece from the sound’s source is modelled non so much as bow loud a sound is,
but rather how noticeable, Each sound produces a solid bar in an agent’s sense
fas shown in Figure 6.8), This ee 15 centred on the source of the sound and its
thickness 18 determined by the distance of the source from the agent. Parameters
specifyving the maxinnm distance thal a sound may cover and maxdmam thick-
ness of a sound bar allow control of the sensitivity and accuracy of an agent’s
hearing. The use of these bars enables an agent to be inHuenced more Ly sounds
that are wearby than fhose that are in the distance, We {found that this sense
worked well, although there are othoer possibie moethods Lo achieve a slmilar offoct.

l =

-1BG

o

179

Fisure 6.5 The sound sense maps sound sources o bars in the sense date array.
The width of the bur s determined by the distance from the agent. The dotted
fenne sfeenes the range of the agent’s Rearing sense.

The heariug of an agent 15 based on the aogle between the agent anid the
sound source. An angle measures a rotation about an axis and so we must de-
fine both this axis and what Is considered zero rotation about this axis. Since
an agend senses from its own frame of reference, we measure rotations around
the vectors deseribing an agent’s orienfation. Agends three orondation vectobs
(show in Tigure 6.2): Inok, up and right. We create one hearing sense for cacli
of these vectors - each sense measuring the rotation required around a particular
oficlalion veclor I order to best align in with the sound source. We describe
the mauner iu which the sense which measures rotation around the reght vector
15 implemented as the other two function similariy.

As the three orientation veclors are orthogonal. a rotation around the right
vectar takes place in the plane defined by the look and wp vectors. The first
step in caleulating this angle is to project the position of the sound source onto
this plane. We denote the {osk np and right vectors of the asent as {L w and r




Figure .9: The angle of o sound measured avouwnd the right (ri oveentation vector.,
The position of the sound source (shown oy a black sphere) iy projected onto the
u-1 plane and then the veguired rotation determaned.

respoctively, The veotor & 18 10 L direetion of the sonued sonree, Woe ealenlite
the values

=1

and

8, =815

az shown in Figure 6.9. The angle of the rotation about r. 0, is then found
by taking 1he arctangent of the ratio of these coordinates as [ollows:

§
"
&

L

# = arctan|

Here # i Lhe angle measured [rom the fonk veetor, awav [rom the up veetor,
lenee the use of the negative s, value. Special care must be 1aken in Lhe case
whore & is zero. [n this case, the sign of ¢, determines whetler the angle is 0i©,
fo uo < B ob 2T Far a0



Cmee the angle of the sound sonree in the pacticular plane has been determined, 1t
anly remains to apply this information to the sense’s data areay. A sound sowee
gemerates a bar of data in this array, baged on its distance [rom the agent, This
distance, |'3|. 15 the wagnitude of the differenee In position between the agent
and the sound source. projected onto the relevant plane. The bar is centred on
the fdex of the data array that represents the closest degree to Lhe caleulated
angle. The widih of the bar is determined by two paraneters that give Lhe range
ol the Sense. G, Al e maxipum width of the bar. e, - The widtl s then
calealated as

o= s ).
Crange

t.4.3 Tarpet Sense

There are a number af senses Implemented that provide more exact Information
to the avent. These senses are caloulated in a similar manuer to the hearing
senses deseribed above. The dilference is the manner in which the sense inforina-
tion is represented in the sense data array,. Witk the hearing senses cach sonnd
source produced a bar of values but in these mare exact senses, only a single ar-
ray elemnent is given. This change results in greater accuracy fromn the sense bul
does not provide the agent with anv distance information. These senses are cre-
ated to provide information to the agent which does not require such information.

The shimplest of these senses are the targe! up and tawget right senses. These senses
allow the nser to provide a {argel point to the agent which inay then be used
for navigation. These senses provide the agent with the rotation angles required
to orientate the agent toward the target. The “np” and “right” designations arc
fiar the vector about which the rotation is calenlated. Like the hearing sense, the
data array reprogsents the angles around a particular orlentation vectar ranging
from —180 to 179, The angle calenlation 15 also identical to that described above
for the hearing sense. Once this angle is found, the elenent of the dara array that
corresponds Lo this anele 18 set to 1 with all other elements set to O as shown in
Figure 6.10. The nse of ouly 1wo senses while there are three orientation vectors
is simply because there was no need lor a third sense in owr experinents, Using
only the iwo angles an agent is able to orientate itsell towards the targen point.
The target poind s sen by the parameters provided to the sense when it is created.

The fuzzification of these exact serses 1% perfornined by the Fuxe-Max nodes, If a
standard Fuzz node 15 used, as would he the case for the vision or hearing setises,
the averaging effect of the fuzzification alinost ixnores the single value provided
Yy these senses. The Fuzz-Max uode, in contrast, is sensitive 1o the maximam



vialue in the dats arrav and so provides tle hrain witl a usable vidoe.

Target x

v
0
i o

-180 0 3ie

Filoure 6,100 The lomgel sense produces a single velue in the date arvay based on
tue rotation vequived o omentate the agent towerd the target. The larget sonse
shown defermincs this rotation amund the “up” azis.

6G.4.4  Gronp Senses

Wien creating Hocking beluwiour, similar to that of Revnold's birds (sec Section
2.2.2), it is usctul for an agent to have imformation on its ook males, [n order
to meet this need. s number of group senses were crealed, Slmtlar to the targe
sensges are a pair of growp centre senses, These two senses funetion identically
Loy Lhe target seuses except thaf the target poiul is the centre of the particular
agent’'s gronp. Calenlating this point 14 o simple matter of averaging the posiiions
of all the agents in the group.

The group velocity senses allow an agent 1o be aware of the wverage velocity of
the agents In lts particular agent sroup. Allhough the ides behind these senses
dillers somwwlint [rorm 1l hearing, targel and group centre senge. the implemen-
tidion 35 admost identical. If one compares group velocity up sense to the faryel
up sense, the only difference is that che rotation is caleulated 1o align Lhe agent’s
look vertor with the group’s veloeity, As with Ll previous two sense tvpes, only
twor rotations are needed as 1his I all 1hat an agent requires in order to match
the velority of the other group members,

There are a number of senses in which the twlormation that the sense provides
15 a #ingle real nnber, An example of this 8 the Group DNstanee Sense. Sine
neither of the two other gronp senses provide information on the distanee of the
mrop centre from the agent, an additional sense is required Lo provide this in-
formation. The distance of an agent [rom its group is determined by finding Lhe
centre of the group and chen caleulating che magnitude of the difference belween

Faid



that position and the agent’s own position. One difficulty that must be overcome
is the manner in which this one dimensional data is provided to the brain by
making use of a two dimensional data structure.

The distance sense provides distance information in the form of a ratio. The
maximum range of the sense is required as a parameter at the sense’s creation
and, assuming that the distance to the group is less than this maximum, the in-
formation given is the ratio of this distance divided by the maximum. The data
array therefore takes on values between zero and one with all the values in the
array given the same value. Due to the design of the fuzzification process con-
ducted by the Fuzz node, any membership function used will produce this same
value from the 2D data array. A data array of length one is used for efficiency
and the agent is able to make use of this distance information in its inference
process.

6.4.5 Constant Sense

In the course of creating crowds for testing the constraint-based control, it became
useful to have a constant value available to the agent. This is provided in the
form of the Constant Sense. This sense takes a single parameter between zero and
one and provides it to the agent brain in a similar manner to the group distance
sense described above.

6.4.6 Noise Sense

In order to allow variation in behaviour it is useful to provide random noise.
This sense is used, for example, to produce the erratic movement of the mouse
agents described in Chapter 8. The noise sense provides a value between zero and
one to the brain, taking a single parameter that determines the speed at which
this value is varied. It is, however, important that the same noise is produced
by each run of the simulation, otherwise different behaviour may occur in two
identical crowd simulations. This requirement is met by giving each sense object
a dedicated random number generator that is seeded with the index of the sense
in the array of sense objects. In this way each noise sense is seeded with its own
unique number but the same number is used on each simulation run.

6.4.7 Control Sense

The control sense provides an agent with a degree of self-awareness and allows
the behavioural rules to take into account the agent’s own state. A control sense
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object is associated with a single control and, since each control is a single val-
ued variable, provides a single value to the brain. The manner in which this is
done varies from the other single valued senses since the control variable takes on
discrete values based on its particular control step size. The data array provided
by the control sense has the same number of elements as a control has possible
values. The values of the data are all set to zero except for the particular element,
that corresponds to the current value of the control variable. This element is set
to one.

By making use of a Fuzz-Max node, the brain is able to access the value of
this variable. The behaviour of this fuzzification is, in fact, closest to the the-
ory involving membership curves presented in Section 4. The single value of the
control variable may be fuzzified by assigning the input node the value that it
produces from the membership function.

6.4.8 Additional Senses

The flexibility of the sense interface allows additional senses to be created as
needed. This flexibility is demonstrated in the work of Perkins et al. [PJM08
where our crowd simulation system was adapted to make use of a framework for
providing spacial awareness to agents. The information from the framework is
made available to the agents through additional senses that query the spatial
data structure. The agents are therefore able to make use of this additional in-
formation and so act more intelligently.

The use of different sense models is key to the realistic animation produced by
systems such as Massive. The implementation of the 2D data array as a means
for providing sense information is flexible enough to cater for the various senses
that Massive makes use of as well as others that are needed. Most importantly.
this framework allows the implementation of a sense of vision and hearing, similar
to those provided by Massive.

6.5 Agent Initialisation and Definition

The system described in previous sections simulates a crowd made up of au-
tonomous agent objects moving in a virtual world, governed by a global world
object. We have yet to cover the manner in which the world and agents in it are
defined, stored and initialised. Since the system is intended for research purposes.
a high degree of usability is not required. However, to facilitate testing using an
expert user, some form of authoring tool is necessary.

81



World (Myree
The world is initialised with a world file which contains the informealion and
file names required to define a crowd simulation. The environmment is given
in a geometry file which contains an XML description of the 2D polyvsons
that are used to define the world's geometry. The manner in which this is
done 1% deseribed in Section 6.1

Agent Groups
"The agents are then specified in groups. Euwch group of apents has a group
name, used in both Lhe constralnl salislction system and the agent s senses,
The apgents of a purlicular group all share the same body type, parameler
vector and brain. Fach agent has its own posilion and orlentad ion specified
in the worid file.

Agent Dodirs

The: body type of an agent defines the state ohject which determines Lhe
control variahles and geometry of an agent. Although some lorm of variation
could be irmplemented at this level, we choose not to do so for siiuplicity's
sake. The parameter vector specifies the senses that an agent has available,
as well us any associulcd paramceters for thent such as vision resolution, ete.
The paraweter vector also specifies the control variables an agent makes
use of, as well as the initial values of these vuriables,

Agent Brains

A proup of agents have Lheir braios detined by a brain file which is created
and edited in the brain editing ool A brain file contains a list of brain
nedes along wilh thetr associated parameters. These parameters include
Lhe nodes upor which a particular node depends as well as Lthe parameters
of the membership function, in the case if inpul and anl put nedes, or other
parameters such s scale [actor, The nodes are ordered by dependency such
that o node 15 detined before any nodes thar depend on it

We crealed o simple hrain editing tool which displays each brain node along
with its parameter values. In a similar muanner to the Massive brado editor, the
brain nodey are displaved in a graph with edges reprosenting Lhe dependencies of
the nodes, as shown io Figure 6.3, This Lool allows the user to create and link
i new nodes as well as edie exigting ones. The brain informarion is saved o a
Tar fext file that is nuwan readable, though direct editing of this Gle would he
unwicldy due to its length and lack of cbvious structure.

The crowd sitnulation svstem described hus been nsed to create a number of
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crowds and has proven exible and powerful, The svstern is based on the prine-
ples of the Massive svstoin which makes i o solid base for our work in constraint-
el control,

6.6 Example Brain

In order to illustrate the working of our crowd simulation svstem, we provide an
cxample based o the Car agent, which is deseribed [ully in Chapter 8. igure
.12 shows part of the steering snb-svstem of the agent's brain, which attenpis
to prevent collisions with the world geometry. This behaviour has three input
nodes, named “obstacle left”, “obstacle right”™ and “obstacle centre”, These three
noddes represent linguistic values describing the position of any obstacles that ae
agent may be aware of and may be true to differing extentss The sense aftached
to cach of these rodes is a world geonetry vision-x sense (as deseribed o Seetion
6.4.11. The two outpul iodes take the combined values of the input and react
accordingly  turndng lelt i there are obstacle ahead and to the right and turning
right in the opposite sthuadion.

Figure 611 Evample vision input for o Car agent. The drage an the left shows an
ovrrhoad vicw of (he agent with its vision arc  the wisible ebstacles are fughlighted
in red. The repdering of fhae seene from the agent’s point of vicw w shoun on the
right.

For particular sensory inlormation, shown in Flgure 6,11, the values of the
hrain rodes are calculated as secrr i Figure 6,120 The broin input is fuzzified.
combined and defuzzified (see Figure 8.13) to give the control, turn angle, a value
al 135, As o posttive value results inthe agent turnine Lo the right, this behaviour
avaids the approacling wall i1 the environment.,
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Figure 6.12: A subset of the hram for the Car agent. This fragment has three
gl nodes (shoun in ved) each applying their membershis curves to o world
geamnetry viston-x sense, These nodes wre combned by the twe lagieal AND nodes
(shown in green) and provided to the Lwd output nedes fshown in black). These
output wedes aller the agenl’s “turn angle” contrel according to their pariicular

mernbersfiig curves. The values given for each node are for the exammple input of
Figure: 6.11

left centre right turn angle
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0.0 I L — :
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Figure 6.13: The fuzzification und defuzsification steps undertaken by the ageal
bratn. The tnpad from Fagure 6171 1 fuzzified according to the membersfiap cures
shown un the loft. The result of the fuzzy inference s combined and defuzzificd
as shown on the vight to give a turn angle of 13 degrees,
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CHAPTER 7
Constraint Satisfaction Implementation

The conlrol mechaniam proposed in this dissertation is based on user-specified
high-level constraints, The svsiem implemented (shown in Pigure 7.1} aims to
test the feasibility and possible nselulhiess of Lhis form of control, As Lhis is a
first attewnpt at providing general control i this form, a number of simplilving
implementation decisions were made. Our priary aim in ereating this systemn is
Loy provide a proolal-concept for constraint-hased contrel.

Lser

’ Specifies Gives Fitness

A | PO
Provides

i ; Farametars
1nlates Wiorlet Objact

Fignre 7.1: The orgonizsation of the full Constraind Satisfaction System.

7.1 Constraint Specification

Our aim In providing eonstrainl-based control s Lo allow the gser G0 frecly con-
trol a crowd s behaviour. Tn keeping with this alin we permit constraiuts to be as
general as passible. allowing them to be specified over any part af a world ohiect
atid over any {ime interval during a simulation’s run, The general strueture of o
constradnt Is Lherefore intentionally varue, A constraint iz specilied as an object
which ig updated at each thnestep of the stmulation and has aceess Lo the enlire
world ohject, A copstraint mnst provide a value which indicates the degree to
which the constraint has been et by the sinalation. Care mnust be taken in
defining the behavieur of a coustraiut before a value is available. For example.
o comsiraint might speecify that a certain number of agents be alive at a given
{ime, Before the simulation reaches this time. the value of the coustraint is ot
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well-defined. Generally, we assign a constraint the value of 0 if a value is not
available. Making sure that a simulation runs long enough for all the constraints
to be determined is up to the user, though this is not difficult to ensure.

The other limitation that we place upon constraint objects is that they must
apply to only one agent group. This is imposed so the constraint satisfaction
system (CSS) may determine which parameters it should alter in trying to meet
the constraints (the parameters are discussed in Section 7.2). Constraints could
be extended so that they are allowed to apply to any number of groups without
difficulty though this was not required by any of our test cases.

Each constraint is also required to have a weight. This weighting is based on
how important it is that this constraint be met. A user may quite possibly spec-
ify constraints that are incompatible — both of them cannot be met at the same
time. The system therefore requires a means of deciding which constraint is more
important. In practise we found that this did not occur as frequently as we ini-
tially expected. A further discussion on the use of these weights is included in
the section on optimisation (Section 7.4).

We implement constraint objects in a hierarchical, object-oriented manner so
that constraints are specified as subclasses of the base constraint object. Addi-
tional constraint classes were created, inheriting from the super constraint class,
for each of the different forms of control that we required. As explained in the
section on system design (Section 5.3), the focus of this research is not the man-
ner in which constraints are used, but rather the possibility of them being used
for control purposes. The full list of constraint that we implemented, along with
their intended use, is as follows:

The Agent Collision Constraint is used to reduce the collisions between two
groups of agents. This constraint is useful in situations where the agents
are behaving correctly but there are some collisions between them. The
tweaking that is required in order to remove the collisions is therefore done
automatically. This is a useful constraint to have in place when specifying
other constraints as any changes made by the system should not cause ad-
ditional agent collisions.

The relevant parameters of this constraint are the names of the groups
of agents (these may be the same in order to stop collisions between agents
in the same group) as well as minimum distance to be kept between two
agents. A bounding sphere around each agent is used to determine colli-
sions. The bounding sphere with a radius of half the minimum distance is
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used. The value of this constraint is given as the number of agents in the
first group who have not been involved in a collision, divided by the total
number of agents in the first group. This focus on the first agent group only
is due to the default behaviour of our crowd simulation which removes dead
agents from the simulation. When a collision between two agents occurs.
both agent’s state is set to dead and they are removed.

It is important to note that the manner in which this value is calculated
is arbitrary from the point of view of the CSS. As long as the constraint’s
value is consistent with the degree to which it is met, the CSS should »e
able to use it effectively. The value of the constraint decreases with every
collision, as required, and is in the range [0,1]. A different version of this
constraint could easily be created which calculates the constraint value in
a different way. Further discussion on future research into constraints is
provided in Section 9.2.

The Geometry Collision Constraint is similar to the Agent Collision con-
straint except that it checks for collisions between an agent group and the
world geometry. We initially created this constraint in order to stop the
system from driving agents through walls in order to avoid collisions with
other agents. It has also proved useful in tweaking behaviour that is mostly
correct as a default addition in order to avoid changes that cause agent-
environment collisions to occur. The parameters consist of the name of the
agent group as well as a minimum distance to be kept between an agent
and a wall. The agent is given a bounding sphere of this radius and any
intersection of this sphere with the world geometry is considered to be a
collision. The value of the constraint is calculated as the number of agerts
in the group that have not yet collided with a wall, divided by the total
number of agents in the group.

The Agent Control Constraint is a constraint placed on the control variables
of groups of agents over a set time frame. It requires the name of an agent
group, the name of a control variable, a target value for this control variable
and a time interval. The value of the constraint starts at 1 and a fraction is
subtracted each time step, for each agent, based on the difference between
the target value and each agent’s actual control value. This constraint is
unlikely to ever be completely met by a simulation as even a small variation
in the control variable results in the constraint value dropping below 1.
Rather, the aim of this constraint is to provide a means of ensuring that
agents’ controls are kept close to the optimal value. The initial use of this
constraint was to stop the CSS from altering the agents behaviour such that
they stop moving in order to avoid collisions. By applying this constraint
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to one of the movement related controls, the agents were constrained to
keep moving. In practise we found the line-crossing constraint, described
below, to be more useful for this purpose as that constraint can more easily
be met completely.

The Line Crossed Constraint is actually implemented as four different con-
straints which constrain a group of agents to have crossed a specified line
by a certain time. Since all four are almost identical save for the orientation
of the line and the direction of the line crossing, we describe only one of
them.

In all cases the line lies on the “ground plane” of the environment where
z = 0. The one constraint we take as a representative defines a line y = q for
some parameter a. The agents in the agent group to which the constraint
applies are all required to be on the one side of the line such that p, > a
where p, is the y component of the particular agent’s position vector. The
final parameter of the constraint is the time by which this must take place.

The constraint’s value is initially set to 0 and stays this way until the
elapsed time of the simulation is greater than the time parameter provided
to the constraint. At this point the value of the parameter is calculated as
the number of agents in the agent group that are over the line, divided by
the total number of agents in the agent group.

Although these constraints could be created for arbitrary lines, we found
that our environments were usually aligned to a particular axis and so it
was simpler to define lines parallel to the world x and y axes. These param-
eters were initially created for racing scenarios where we wanted to ensure
that agents continued moving in the correct direction around the track.
Examples of this constraint being used in this way occur in the Car Bridge
Crossing and Car Cornering scenarios (see Section 8.2).

The Group Crossed First Constraint is similar to the previous constraint
in that it was first used in a racing car scenario. The control required is
that a particular agent or group of agents be the first to cross a particular
line in the world. The lines are defined in a manner similar to the previous
constraint.

There is no time parameter for this constraint. Rather, the constraint
keeps track of the number of agents that cross the line before all the agent
in the specified agent group have done so. The constraint value is given by
one minus an “undesirability” term calculated as the number of agents who
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cross the line ahead of the specified group, divided by the total number of
agents in the simulation. As there is no consideration of time, the resulting
constraint does not directly consider whether the particular agent group has
already crossed the line. The constraint may therefore be interpreted as the
possibility of a particular group crossing a line ahead of all the others.

The Number Alive Constraint provides exact control over the number of
agents in a particular group that are “alive”. This state is usually changed
by collision or, in the case of the War Robot, being shot by another agent.
The constraint has no time frame and so provides useful information at
all stages of the simulation. The parameters required are simply the agent
group’s name and the number of agents that should be left alive. At the
constraint’s initialisation, usually the beginning of a simulation, the differ-
ence between the number of agents alive initially and the required number
of agents alive is recorded as init difference. At any particular time step,
the value of the constraint, v, is calculated as

_ lcurrent difference]

init difference

This constraint is designed to be placed on simulations where a number of
agents are required to die, such as a battle scenario. A different constraint
would have to be constructed if the requirement is to have all the agents in
a particular group survive as this would result in a division by zero error in
our particular implementation. This calculation also weights the difference
in number of agents alive from the target number evenly, regardless of
whether there are too many or too few. Both cases are considered equally
undesirable. The calculation of the constraint value may result in a value
of less than 0. This is because init difference might be less than the target
number of agents alive. Since this is taken as the worst case, a very small
number of agents left alive might result in |current difference| being greater
than init difference. In this case loss of information is unavoidable and the
constraint value is clamped to 0.

The constraints described above are the constraints that were implemented
for the testing of the CSS as detailed in Chapter 8. They serve as examples of
constraints that could be created in order to control crowds, not a complete list.
The aim of this research is to test the possibilities of this form of control. Future
work may determine a useful list of standard constraints to be implemented.
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7.2 Simulation Parameters

The CSS attempts to meet the constraints specified by the user by altering the
behaviour of a group of agents. This is done by altering the parameters of the
brain that define the membership functions of the different brain nodes. These
brain nodes are used as linguistic values defined by some form of fuzzy set. By al-
tering the membership functions of the brain nodes, the CSS changes the agent’s
understanding of the meaning of the particular linguistic value. For example, an
output node with the name “hard left turn” makes use of a fuzzy set over the
universe of possible turn control values. By altering the membership function of
the output node, the CSS may change what an agent understands a hard left
turn to be.

The brain parameters that the CSS requires are determined by the agent groups
that the constraints are applied to. This decision is a limitation since the global
behaviour of the crowd may well depend on all the agents in the simulation, not
just those that the constraint is applied to. Despite this, it is desirable to reduce
the number of parameters that may be altered as additional parameters increases
the dimension of the search space. We therefore make the choice to only alter
the brain parameters of groups for which the constraints are specified as altering
these agents is likely to have the largest effect on the value of the constraints.

Once the list of agent groups is known, the world object is queried for the brain
parameters of each of these groups. Since agent groups share the same brain,
only the set of brain parameters from one agent in the group is needed and is
supplied by the world. These parameters are organised in a simple parameter
array to which each brain node appends its relevant parameters in turn. Brain
nodes that do not make use of membership functions do not have any parameters
to add. The exception to this are the Scale and Power nodes. These nodes are
based on the concept of hedges which themselves alter the meaning of a particu-
lar linguistic value by changing its membership curve. Since the effects of these
nodes are in keeping with our aim of altering an agents understanding of the
linguistic values with which it reasons, these two parameters: scale and power,
are also included as brain parameters to be altered.

The membership functions implemented by our crowd simulation system have
either two, three or four parameters depending on their type as seen in Figure
4.2. These functions are defined over different domains depending on the sense
or control variable that they are applied to. In order to create a more uniform
search space, the parameters that define a membership function are normalised
to lie between zero and one. When the parameters are returned, they are mapped
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back to their original domain.

Since these normalised membership functions are defined over a domain of [0, 1].
the parameters returned by an agent’s brain are themselves constrained: none
of the parameters of a membership function may lie outside of the function’s
domain. There is also a specific ordering of parameters that must be maintained.
With a triangle function, for example, the parameter that defines the peak of the
triangle must lie between the other two parameters. A careful distinction must
be made between crowd constraints — the constraints a user specifies in order to
apply control to a crowd — and these parameter constraints — constraints on the
values that the brain parameters may take.

Figure 7.2: The encoding of the parameters of a membership function as differ-
ences between the curve’s parameter values.

In order to reduce the number of parameter constraints, we encode the param-
eters as a set of differences as shown in Figure 7.2. Each parameter is encoded
as the difference between itself and the parameter less that it with the smallest.
left-most parameter provided outright. The ordering and domain constraints are
thus reduced to two constraints per membership function. For a normalised func-
tion with parameters ...z, where n € {2,3,4}, the encoded parameters e;...z,
are

€1 =21
€ =T —Tij—1 where 7 € [271}

The two constraints for these parameters are

6120

and
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These parameters constraints are implemented as p-constraint objects (as op-
posed to the crowd level constraint objects) which are created by each brain node
as its parameters are requested by the world. The p-constraints record the con-
straints as shown above as well as the indices of the parameters in the parameter
array that is being populated. These p-constraints are added to a separate list
that is simultaneously created. Once the world has collected parameters and p-

constraints from each of the required agent groups, the two arrays are supplied
to the CSS.

The action of the CSS is to alter the parameters in the parameter array while
maintaining the constraints given by the p-constraints array. When running a
test simulation, an altered parameter array is supplied to the world object which
is responsible for its distribution among the different agent objects. The world
does this by reversing the order of the parameters and then allowing each brain
node to take the number of parameters that it added when the parameter array
was created.

7.3 The Search Space

The task of the Constraint Satisfaction System (CSS) is to find a set of param-
eters that satisfy the parameter constraints of the agent brains, create crowd
behaviour that satisfies the crowd constraints supplied by a user and change the
behaviour of a crowd as little as possible. This problem is an example of a Con-
straint Satisfaction Problem in which it may not be possible to satisfy all the
constraints.

As the crowd-constraints are real valued functions, the problem may be stated as
a form of multi-objective constrained optimisation problem as follows. Each of the
crowd-constraints, ¢;, is an objective function that needs to be optimised. These
functions take a parameter vector, p, that satisfies the parameter constraints of
the system and maps it to a value between zero and one. The constraint-functions
are evaluated by running a simulation with the particular parameter vector. The
n parameters supplied by the world object form an n-dimensional search space
over which the objective functions, or crowd constraints, are defined. The prob-
lem is, therefore, to find p such that the objective functions, ¢;, are maximised.

Before deciding on a method to perform this optimisation, properties of the search
space and objective functions must be considered.

The first property that is of importance is the continuity of the objective functions



and whether their derivatives are available. When one considers the arbitrary
constraints described in Section 7.1, it is clear that requiring continuity and dif-
ferentiability would place considerable limitations on the constraints that might
be specified. In fact, when the local sensory model of agents, the complexity
of their brains and the emergent behaviour that results from the interactions of
agents is taken into account, it becomes clear that differentiability or continuity
are not realistic requirements for useful constraints.

A second property of the objective functions that is of great importance to the
optimisation problem is the cost of evaluating an objective function. Even though
all the constraints may be evaluated simultaneously, this still requires running
a crowd simulation. Although these simulation runs do not require any visual-
isation, the simulation logic must be run in full. To do otherwise would be to
produce constraint values that would not match up with those given by a true
simulation. The running time of a full crowd simulation, even without visualisa-
tion, is considerable (at least a few seconds).

An additional property of the constraints is their lack of description. These
constraints are general and can not be formalised or specified before the user ac-
tually creates them. Effectively, these objective functions are black boxes which
bear no analysis as their form is not known at design time.

Turning to a consideration of the search space, two properties are of interest.
The first is the dimensionality of the space. Each of the parameters may ne
varied independently and, since there are up to four parameters per input or
output node and one per scale or power node, the number of parameters can
become quite large. In some of the test scenarios, involving only two different
types of fairly simple agents, there were over one hundred parameter giving a
similar number of dimensions to the search space. Various methods of reducing
the dimensionality of the parameter space might be considered, but this is beyond
the scope of our work (see Section 9.2).

The parameters, however, cannot vary freely as they are under the domain con-
straints specified by the p-constraint objects. In this way the search space is
constrained. A useful property of the space is that, although it is constrained,
the feasible region in which potential solutions may be found is convex. Unless
specifically noted, reference to the search space implies the feasible region of the
search space.

The definition of convexity requires that any two points in the space may be
connected by a line segment that does not leave the feasible region. This is

93



equivalent to the statement that for two points x and y in the space, the point
z=(1—-X\)x+ Ay with A € [0, 1] is also in this feasible region.

We show that the search space is convex by considering two points x and y
in the feasible region and demonstrating that z is indeed feasible. In order for
these two points to be in the space, they must satisfy a number of constraints of
two different forms. The upper limit domain constraints are of the form

:E:.Ei <1

icl
where [ is the set of indices for a particular membership function’s parameters.
The lower limit domain constraints are more simply of the form

x; >0

where ¢ is the index of the first parameter for some membership function. Our
approach is to show that if x and y satisfy a particular constraint, then so does
a point that lies on the line segment between them, z.

We first deal with the upper limit constraints. Given x,y € R" such that
SierTi < aand Y y; < a for some I C {1..n} and a € R.

Take z = (1 — A\)x + Ay with A € [0,1]. Then

Somo= Y1 =Nz + Ay

=4 i€l

= (1=XD> z+ A v

i€l 1€l

Without loss of generality, assume > ,c;x; > > ;7 4. Then,

T=N> i+ Ay < 1=X)D z+A>

icl icl iel el

el
< 1

And so Zie[ 2z < 1

We then consider the lower limit constraints. Given x,y € R™ such that x; > 0
and y; > 0 for i € {1..n}.
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Take z = (1 — \)x + Ay with A € [0,1]. Then,

7= (L=Az+ Ay;

Without loss of generality assume > ;c;y; < > ;7 ;. Then,

Yi
> 0

And so z; > 0. This shows that if two points are in the space, all the points
between them are also in the space and, hence, the search space is convex.

In summary, we have a multi-objective constrained optimisation problem with
discontinuous objective functions that are expensive to evaluate. The optimisa-
tion is over a convex space of high dimension. These properties are taken into
account in our choice of optimisation technique.

7.4 Optimisation Techniques

As described in the previous section, satisfying the user-specified constraints is
a multi-objective optimisation problem as there is no guarantee that the set of
constraints specified by user can all be completely met. In this case it is necessary
for some of the constraints to be relaxed. There may, therefore, exist a set of
solutions which are, in a sense, all equally good. This Pareto-optimal set is
loosely defined as the set of solutions such that each of the solutions cannot
produce an improvement in any of the objectives without worsening one of the
other objectives.

7.4.1 Compromise Strategy

The decision of which solution out of this set should be chosen requires some form
of compromise strategy. These strategies may be applied before the optimisation
process by specifying some preference among the conflicting objectives. Alterna-
tively, the preference may be specified after the optimisation process by selecting
a solution from the set of generated possibilities. The third option is to have the
preference specified during the optimisation procedure, basing the compromise

95



on information received from the process.

The expense of evaluating the objective functions is a major factor in deter-
mining our approach. Since a post-optimisation decision strategy requires the
generation of a number of pareto-optimal solutions, it is likely that such an ap-
proach will require more function evaluations than deciding how to compromise
between objectives before the optimisation begins. It is also worth noting that
much of the discussion and work on multi-objective optimisation is applied to
design or control processes which have a number of objectives that are likely con-
flicting. This is not necessarily true in our case.

The constraints placed on a crowd are for the purposes of controlling it. In visual
effects specifically, this is done in order to create global crowd behaviour that is
believable or plausible. It is reasonable to assume that the control will be applied
by a user with this goal. Since the aim of the specified constraints is to create
a crowd that meets the behaviour expected of a crowd which exists in the user’s
imagination, the constraints work toward a single goal. The constraints specified
are unlikely to be contradictory conceptually as the crowd that the user envisions
is able to meet all the constraints perfectly. The way in which the constraints
may conflict is based only on the limitation of the simulated crowd’s model —
made up of sense specification, brain structure, inference method etc. Because of
this conceptual cohesion, we may expect to find objective functions that are less
difficult to balance than the conflicting objectives of other optimisation problems
— cost and performance trade-off that a motor vehicle designer faces, for example.

These considerations prompt the use of a simple compromise strategy that allows
for a minimal number of evaluations of the objective functions. It is also vastly
more efficient to evaluate all the objective functions at once as they may all be
computed by running a single simulation. This is not always the case for optimi-
sation techniques that produce a pareto-optimal set. We choose to use the simple
weighting method [LYWO03] in order to compromise between objective functions.

This method creates a single objective function by taking a linear combination
of the multiple objectives. FEach objective is assigned a scalar valued weight.
Since the search space is normalised, this weight may be considered to repre-
sent the user’s preference for different objectives and is the reason for the weight
parameter of each constraint object (see Section 7.1). For the individual objec-
tive functions fi, fo, ..., f, assigned the weights wy, ws, ..., w, respectively, a single
objective function, f, is defined as

F60 = S wifi(x)
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for x, an element of the parameter space.

It is important to recognise the properties of this weighting method, some of
which are desirable and some of which may be problematic. This weighting
scheme is best used if the objective space is convex. If this is not the case then
parts of the objective space may be unreachable and so some solutions may not
be found [LYWO03]. Since our objective functions are arbitrary, determined when
the user defines the controlling constraints, there seems to be no easy way to
guarantee this. We have shown that the feasible region of the search space is
convex. This may, however, not be true of the objective space.

An advantage of the simple weighting compromise method is that it reduces
a multi-objective optimisation problem to a single objective problem. We may
then make use of the wealth of single objective optimisation methods available in
order to find solutions. An obvious disadvantage is that a user must indicate his
preference for the different objectives in advance — before the possible trade-offs
are known. Since the objectives are intuitively understandable constraints set by
the user, we do not expect this to limit the usefulness of this control method.
Although we have presented our motivation for choosing the simple weighting
compromise method, a proper comparison of different strategies would require
extensive implementation and experimentation and is beyond the scope of this
dissertation (see Section 9.2).

7.4.2 Global Optimisation Options

Given a single, combined, objective function, it remains to choose a method for
optimisation. There are a host of options available for single objective optimisa-
tion. However, due to the properties of the search space and objective function,
the possible choices are severely limited.

Optimisation techniques can be broadly classified under either calculus-based
techniques or direct-search methods [LYWO03]. Calculus-based techniques make
use of properties and analysis of the objective function in order to suggest and
eliminate possible solutions. Included in these techniques are wealth of mathe-
matical optimisation techniques such as non-linear programming. Unfortunately.
the black-box nature of our objective function makes the application of these
techniques difficult however. The function cannot be expressed analytically and
the gradient is not available. There are methods to approximate the gradient
of the objective function but these require a number of function evaluations and
may still be unreliable, especially in the presence of the expected discontinuities.
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Of the direct-search methods, we are interested in those that are applicable to
global optimisation. The major challenge of global optimisation methods is the
avoidance of local maxima (we assume that the objective function is to be max-
imised). The manner in which global optimisation methods attempt to achieve
this goal may be broadly divided into two categories: deterministic and stochastic
methods.

The deterministic methods often apply some form of heuristic to avoid or es-
cape from local maxima. A characteristic of these methods is that they, at least
implicitly, explore the entire search space. This requires either some additional
knowledge of the objective function or a very large number of function evaluation,
neither of which are possible for our problem. Stochastic methods make use of
some form of probabilistic judgement to avoid the local maxima [PV02a).

From the discussion above, we have ruled out a large number of optimisation
techniques. All the forms of mathematical programming and gradient-descent
techniques are unavailable due to the black-box nature of our function and the
remaining choices are limited by the cost of evaluating our objective function.
Recently, a large amount of research has been conducted into a group of opti-
misation techniques called meta-heuristics. These optimisation techniques are
designed to be used on a wide range of functions and are, therefore, well suited
to the unknown nature of our set of crowd constraints.

A number of well known techniques fall into this grouping. Among them are
simulated annealing, tabu search, multi-start with clustering and others. These
techniques all make use of the evaluation of the objective function exclusively, re-
quiring no gradient information, and so suit our problem well. The disadvantage

of many of these techniques is the high number of function evaluations required
(WSWO04].

There are two possible approaches in dealing with expensive objective functions
in the optimisation literature. The first approach is that of meta-modelling. The
general aim of this approach is to substitute a statistical model for the objective
function. This substitute is far less computationally costly to run than the true
function and so may be used in the search in place of it. Samples of the ob-
jective function are used to either improve the statistical model by providing it
with additional information on the objective function at areas where the model’s
estimated error is high, or to explore possible optimal points.

The disadvantage of such an approach is that the search is then based on the
structure of the substitute. This makes implicit assumptions about the objective
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function and choice of underlying structure for the substitute may be problem-
dependent [WSWO04]. All optimisation techniques, however, assume some form
of global smoothness or local correspondence between points. Such an approach
may therefore be worth further consideration (see future work in Section 9.2).

Another way in which expensive objective functions may be handled is through
a class of stochastic optimisation methods that may also be categorised as meta-
heuristics. This group of techniques are collectively known as Evolutionary Com-
putation (EC) [RBP98]. The techniques in this group generally make use of a
population of different prospective solutions that are then updated in coopera-
tion to find the global maximum. The field has received much attention of late
and popular EC methods include Genetic Algorithms, Evolution Strategies and
Genetic Programming.

The advantage of these EC methods is not the number of function evaluations
that they require, which is still quite high, but rather the parallel nature of their
population-based approach. This ties in well with the trend of parallelisation as
a way to deal with computationally expensive problems. As each potential solu-
tion is evaluated independently, more than one member of the population may
be evaluated simultaneously if there are additional computing nodes available.
Since the interaction between the members of the population is fairly limited
(though this differs from method to method) the speed up of this search method
is likely to be linear with respect to additional parallel processors. This offers a
significant advantage over other optimisation methods and perhaps a means of
dealing with the expense of running multiple crowd simulations. The use of par-
allel optimisation methods is particularly relevant in the visual effects industry
where render farms (clusters of computing nodes used for rendering) are common.

The general algorithmic sequence for an evolutionary algorithm is the initialisa-
tion of a population of potential solutions, followed by the iterative improvement
of these solutions until some terminating condition is met. The main improve-
ment loop involves:

e FEuvaluation of the fitness of each member of the population.

e Selection of a sub-population based on their individual fitness.
e Recombination of the sub-population to form a new population.
o Mutation of some individuals in the population.

Two of the most widely described and best known forms of EC are Genetic
Algorithms (GAs) and Evolution Strategies (ES). Of the two, EC is probably
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the most readily applied to our problem of real-valued optimisation due to the
representation of individuals as real numbers. In GAs, individuals in the popu-
lation are usually represented by a string of symbols that define the individual.
The use of a GA for a real-valued problem introduces the considerable design
element of selecting a suitable encoding. When making use of an EC approach,
however, the parameter vectors taken from our agent brains may be used directly.

A standard ES scheme applied to optimisation makes use of the objective func-
tion as the measure of fitness. Since individuals are represented by real vectors,
an individual’s representation may be given directly to the objective function in
order to produce a fitness score. Each individual, represented by its position in
the search space, is also given a mutation vector of the same dimension. This
vector is used to randomly mutate new individuals by simply adding it, randomly
scaled, to the position of an individual. This mutation vector itself is then mu-
tated. This mutation operation is key to the success of ES as the mutation of
the individual is evolved in the same way as the individual itself, resulting in a
capacity for self-adaptation.

The recombination operation, in contrast to that of a GA, is of lesser impor-
tance to mutation. With a GA, the string-encoding of the individual makes
recombination of parts of an individual a meaningful process as worthwhile parts
of a solution may be given to the next generation. This is less true of real-space as
there is not a similar manner in which to decompose a good solution into mean-
ingful parts. The recombination operation that is often used is that of averaging
two positions or exchanging the coordinates of two potential solutions.

The number of individuals that survive each selection as well as the number
of offspring the survivors create are two parameters of the system that must be
determined. The other parameters that are somewhat problem-specific are two
learning parameters from the mutation operation.

A method of optimisation that is also sometimes included under Evolutionary
Computation is Particle Swarm Optimisation (PSO). While most EC techniques
are inspired by the evolution of nature in some way, this relatively new tech-
nique falls into the category of Swarm Intelligence methods and is based on
social interaction in nature. Originally a simulation of the social behaviour of
swarming insects similar in some respects to the flocking behaviour described by

Reynolds (see Section 2.2.2), the swarm’s searching was later applied to optimi-
sation [KE95].

This technique, more fully described in the next section, has a number of advan-

100



tages that make it a good choice for the initial implementation of our Constraint
Satisfaction System. A PSO can be easily implemented with few design deci-
sions. The members of the potential solution population are defined as partic.es
in real space and so map directly to the parameter search space of our problem.
The social interaction is simpler than that of other EC methods, such as ES, as
there is no mutation or recombination, only a limited sharing of knowledge. This
element of the PSO is simply defined and there are few parameters to tune in the
whole system, most of which have well known default values.

The method that we choose to optimise the objective functions defined by the
crowd constraints specified by the user is thus made up of a weighted sum com-
promise scheme optimised by a PSO. This implementation has the advantage of
being simple, able to handle the unknown nature of the objective functions, eas-
ily mapped to our problem and parallelisable. The ease of implementation is of
importance in our case as this is an attempt to explore the concept of constraint-
based behavioural control of crowds. It must be stressed that this is only one
attempt to solve this problem. The consideration of alternatives is discussed in
Section 9.2.

7.4.3 Particle Swarm Optimisation

The Particle Swarm Optimisation (PSO) technique differs from most other evo-
lutionary computation optimisation in that it is inspired by social behaviour in
nature as opposed to evolution. Since its introduction, the technique has been
much studied and improved. We implement the well tested PSO described by
Parsopoulos and Vrahatis [PV02a].

Like other evolutionary computation techniques, the PSO makes use of a set
of potential solutions which are updated in cooperation in order to determine
the optimal solution. Each member of this population is referred to as a particle
in reference to the manner in which it is updated. For a particular scenario in
which there are n parameters to be altered, the i'* particle’s position is given by a
vector, x; of length n and its velocity by a second vector, v;, of similar dimension.
Each particle also remembers its previous best position, p; and b, the index of
the particle with the best remembered score. At the ¢'" iteration of the search
(denoted by a superscript), the particle is updated as follows:

g+1
1

— 4 q
T =x; +v;,

+1

vl = x(wf + eor{(p] — ) + cord(ph — )
where r{ and r§ are random numbers in the range [0, 1] and ¢y, ¢; and w, are con-
stants. The random numbers vary the degree to which the particle is influenced
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by its own previous best position and the previous best of the whole swarm re-
spectively. The constants control the balance between the global and local search
behaviour of the algorithm. yx is a function which limits the velocity to some
maximum, Vg, as follows:

B v if ‘V| < Umaz
x(v) = % otherwise

This system of particles model the social interaction of a swarm of creatures
which have memory as well as some form of communication with one another
while cooperatively attempting to fulfil some goal. Fach particle changes its
velocity according to a combination of its own remembered best position and the
best position that the group has found. We implement this improved version of
the PSO which has been found to be less susceptible to local maxima [KMO02]. It
is identical except that the global best position is not taken from the whole group,
but rather from two random neighbours. Each particle therefore maintains its
own best index, b;, that is chosen to be one of its two neighbours. The velocity
update step then becomes
v = x(whl + er{(p! — 2f) + cord(pf, — 2f)).

The two constants, ¢; and ¢y, directly weight the particle’s reliance on its own
best and the global best. Later work suggests that these both be set to a value
of 0.5 [PV02a] which is the course that we take as these parameters do not seem
to be vital to the technique’s convergence properties. Of more importance is the
choice of w, referred to as the inertia weight.

The effect of w is to control the trade-off between the amount of space covered
by the search and how carefully the area covered is searched. This is done by
changing the portion of a particle’s velocity that is carried over from the current
iteration to the next. A large value for w will encourage the particles to spread
out and explore the space, maintaining a considerable influence from previous
velocities. A small value for w will, in contrast, allow the particles to explore the
local area, fine-tuning the search of the current area. Based on this behaviour,
experiments have shown that the inertia weight should be initially set high and
then decreased as the optimisation progresses [PV02a]. Following the values used
by Parsopoulos and Vrahatis, we set w to 1.2 initially and decrease it to 0.4 over
the time that the PSO executes.

Penalty Function
An important consideration for the application of a PSO to our particular op-
timisation problem is the constrained nature of the search space. PSOs have
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been successfully applied to constrained optimisation problems in the past by
making use of a penalty function [PV02b]. This function effectively penalises the
fitness values of particles that lie outside of the feasible region of the search space.

We implement a simple, constant version of this penalty function by setting the
fitness of any particle outside of the feasible region to zero. A particle is outside
of the feasible region if it violates any of the parameter constraints imposed by
the agent brains and stored in the array of p-constraint objects. This step en-
courages the particles in the swarm to move back inside the feasible region. Since
the objective function does not need to be evaluated for penalised particles, there
is some easing of the computational load by checking the p-constraints and only
running crowd simulations for particles within the feasible region of the search
space.

Initialisation

The manner in which the PSO is initialised is also of importance. The general
approach is to randomly initialise the particle swarm across the feasible region of
the search space [PV02a]. In our case this is not an entirely trivial procedure due
to the shape of the feasible region — defined by the brain’s parameter constraints
-~ and the high number of dimensions. As the objective function is expensive we
may only make use of a limited number of particles and so it is desirable that
these few particles be well distributed over the search space.

Our first, wvelocity-only, approach was to place all of the particles at the ini-
tial parameter position with random velocities. As the search space is convex,
any point in the space may be reached along a straight line from the initial po-
sition and the particles are scattered by their first move. This approach has the
desirable property of favouring the initial position as all particles remember it as
their initial best position.

Our second means of initialisation, the random position approach, attempts to
achieve an even distribution of particles over the feasible region. The process.
in two dimensions, is shown in Figure 7.3. Each particle has its position set oy
choosing a random vector to move out along from the initial parameter position.
The intersection between this vector and the hyperplanes given by each of the
constraints is tested in turn and the shortest distance to a constraining plane
found. This distance is multiplied by a random value in the range [0, 1] and the
particle moved that amount along the random vector. A second random vector is
then generated for the particle’s velocity. This vector is similarly scaled to have
a magnitude of 0.25, one quarter of the length of the normalised domain that a
parameter may vary across.
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Figure 7.3: A 2D example of the initialisation of a particle for the PSO. A random
vector is chosen to position each particle. The distance from the initial parameters
to the border of the feasible space is determined. The particle is placed a random
fraction of this distance, r, along the random vector. Once positioned, the particle
18 given a random velocity scaled by the size of the search space.

During developmental testing, this random position approach produced bet-
ter results than velocity-only. One cause of this is likely the random position
approach’s care in placing the particles such that they do not easily move out
of the search space. Using the velocity-only method, a swarm would often leave
the search space as the initial energy of the system is all directed outward. Par-
ticles outside the search space are influenced only by their memory and shared
knowledge and so sometimes skip areas of the search space before re-entering the
feasible region as illustrated in Figure 7.4. As the number of particles available
to a PSO is limited by the expense of function evaluations, the poor use of any
particles is highly undesirable. In addition, the random position initialisation re-
moves the radial movement of the velocity-only method and so may better cover
the search space.

7.5 The Full Crowd System

The crowd simulation system described in Chapter 6 forms the basis for the
constraint-based control system that is implemented. This crowd system applies
principles from fuzzy control theory in order to produce behaviour that is complex
and easily mapped to human thinking and speech. The principles taken from the
widely used Massive system are implemented including synthetic hearing and

104



.
.

N Particle path

.

'
Global best !
'

Feasible region

'
'
'

Local Best
o O

.o

Figure 7.4: The undesirable path taken by some particles using the velocity-only
initialisation approach. The particle is influenced by both its own local best and
the global best. The result is that is skips a large part of the search space.

vision.

Applied to this crowd simulation system are the constraints discussed in Chap-
ter 5. Control is exerted by means of an automatic Constraint Satisfaction System
that attempts to meet the user specified constraints by altering the behaviour of
the agents in the crowd. This system, shown in Figure 7.1, makes use of a Particle
Swarm Optimisation (PSO) in order to determine a set of parameters that specify
a crowd that meets the particular set of constraints. The PSO makes repeated
use of the crowd simulator in order to score different sets of parameters. This
score is based on how well the particular crowd meets the constraints. Once a set
of parameters is found that meets the constraints specified, the user is presented
with a crowd whose behaviour has been altered according to the control applied.
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CHAPTER 8

Results and Discussion

The ides af constraint-hased control has been presented as well a8 the details of
a “proof of concept” systerm that represents a possible inplementacion of such
a control mechanism, In this chapter, we describe the testing and performance
af our constraint satisfaction systen (C55) according to the design described iu
Section 5.4, We then discuss the testing process and determine the degree to
which our proposed method of contral succeeds.

8.1 Testing Overview

The aim af the testing strategy is to determine whether the constramt-based
control snewested in this dissertation provides additional, useful control of a crowd
sitnulation. [y arder to defermine this, we compare the performance of our system
with that of an expert user altering 1he bebaviour of the crowd manually, Both
Lhe expert user and the CSS are able change the same brain parameters in order to
meet the same sot of constraints, The expert user hias a complete understanding
of the working of the crowd svslem and, as creator of the original ecrowd, a
good knowledge of the crowid’s behavionr, Based on this konowledge we expect
the expert user to be ahle 1o exert a high level of control over the crowd, By
comparing Lthe performance of the expert user to that af the TS5, we are able to
judge the quality of the antomatic control miroduced. The two crowd constraint
satisfaction wethads, namely cxpert wser and antomatic OS5, are compared on
the basis of their

o Ability to meet constraints - the constralnl scores achleved.

o Time taken to effect the required change - the timing of the constraing
satisfaction altempt,

¢ Degree of perceived chanpe in crowd behaviour - the difference from
the original as determined by human viewers.

These comparisons are made relevanl to real-world use by creating eleven
different scenarioy iuvolving four ditferent agent tvpes. These scenarios are hased
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either on previons use ol crowd simmlation in visual effects or possible sitmilar
hses.  Fach seenario has o set of constraints that a wser mighl wanl to apply
Lased on the behaviour of the crowd In the particolar scenario.

8.2 Scenarios

The eleven different scenarios used Lo test the €55 make use of the four agenrt
ivpes shown in Figiee 810 A list of the four agents and a description of their
behaviours 1s provided below:

Mouse

Starfighter Wor Rohot

Figure B1: The four diffrrent agents wsed,

The Car agent s created to race along a track, attempting to zeep its speed
near a maximum while avolding other agent and world geonetry, The car
arent rediices gpead az iU furns sharply and slows down if a collislon is
imminent, The brain of the Car avent consists of A0 nodes, [ts behaviour s
pal o effect through two controls: eceelerstiern, which way be less than
zero it order 1o model braking, and furn angle which may range from —907
ta 90° and affects the arlentation of Lhe arent’s ook vector b rolating i
aronwd 18 wp vector, This agent’s movertent s Ihnited to the x-v plane.

¥



The agent senses Lhe enviroament throush an @ geometry-vision sense and
the other agenrs throwgh a wp-hearing sense.

The Mouse agent is based on the idea of swartning rodents in movies sicl ay
futetouille. The halting forward motion of a mouse is modelled by the
use of the random noise sense to determmine whether the mouse should run
forward or nol. The agent sensces the environment by means of the o
genmetry-msion sense and olther mowse agents my means of the ap-hearing
sense. The gencral hehaviour of the mouse agent Is similar to that of che
Car agent with the agent's movernent is limited to the x-y plane. The
hiehawionr iz implemented slightly differently with a brain consisting of 30
nindes,

The War Robot agent s designed for use Inoa bauvtle seenario, This agent has
both locomotion and attacking behaviowr elfecied theough Lhree control
ariable, namely, speed. turn angle awd shost. The speed and turn angle
alfect the agent in a similar manner to the previous two agents. The shoot
control madels the agent’s implse 1o shoot and, when set above a partie-
wlar threshold. the agent will shoon ity laser, This shoouing is lmited by
only one laser shot being allowed at a particular time with cach laser shot
ineluding a cool-down period.

The war robot is slightly more complex than the car or mouse agents with
a brain of 42 nodes. This brain makes vse of an up-fiearing sense fo sense
its allies and. in crder to better model vision-based aiming behavicur, an
F-agenit-tsinn sense Lo locate its cnemics. A control sense allows the agoent
to take into aceount the dircelion that I 18 turning when approsching a
wall or ancther agent. This agent also owoves in only the x-v plane.

The Starfighter agent is able to move i the full 313 world space and hay
Lhee most complicated brain of the four agents created. consisting of 102
todes. The agent has a constant speed and is controlled by three orienta-
tlon allering comtrols: mtetion-up, rotetion-right and rotation-loek, These
three controls describe the degree of rotation attempted around each of the
agent’s orientation vectors,

T'he basic bebaviour of the agent is to avold collisions with other starlighiors
and asteraids while Hocking together with the agents o ity particular group.
These behaviours make use of a growp-keading sense and group-conlre sense
in arder to allow the agent to keep close to its llock-mates as well as two
hearing senses to avoid its Hock-miates and other agents, The agent also has
both a y-wision and a-visten sense that are used fo avold asteroids. Two
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created this scenario to test the usefulness of the C8S in tweaking a situ-
latiom where the expected behavionr fails. The constraints applied o this
scenario are to have the agents avold collisions and 1o cominue around e
track iu the correct direction.

Car Head-on Crash Scenario. Two groups of six cars approach each
ather down a narrow alley, This scenario is inspired by moves such as The
Fast and the Furiouws, where aroups of cars race at high speed. narrowly
avolding collisions.  In ihe inizial ser up of this scenarieo. six oun of the
twelve cars collided with one another. A typical set of constraints would
have these cars avoid all collisions with each other and the alley walls, An
additional comstraint Lo force the two different aroups out af their respective
cuds of the alley s added o keep the svstem from croading cars thay make
u-turns.

Car Race Scenario. The constrained flocking work by Anderson et ol
AMO0S indroduces the idea of cord rolling at agent so that i1 comes from
e back to witt a race. This scenario tests a simglar ideae Two growps of
carg race along a short course. The first group coutaing 6 cars while the
secand group contains only 1 car, The single car of the second sroup starts
behind the first group. Inthe oniginal run of this scenarie, the seeoud group
car fitdghes ffth of seven. The constraite applicd i to bave the single car
of the second group finish ahead of the first group.

Robot War Scenario. The battle sceties of Lord of the Rings changed
the wav in which crowds are used i visual elfects. This scenario 18 roughly
based o he same bat le idea, Two growps of war robol agenis stars with 40
agerts on each side. The st group 15 wtialised just belind a “eity” that
it g defending. The secomd group of agents stares facing the frst, outside
of the city liniiss. The two agems are able 1o shool one anorher and s0 a
adtle enswes for the city. This scenario was created o lest the uzge of a luard
constraint oA situation where emergence and complex interaction makes
ditect control diffien]t. After about 10 seconds of fghting (400 simulation
time steps), the number of agents left alive in each group 1s 14-15. The
constraitt placed on ilus simulation 13 1o have berween 9 and 11 {inelusive)
robid s alive in cach group after 1he same Hime-span.

. Escaping Mice Scenario. This scenario is an attempt to combine dif-

{ferent agents in a single scenario, In a scene mspired by war movics, a
group of 35 mowse agents are initialised escaping frou a cly environnen.,
Approaching from outside the eity are 5 war vobol agents which are able
1o shool the mice, The constraint applied o 1 his scenario 15 similar to thag
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of the Hobor War scenario. Initially, in the simulation time interval only
ane of the morse agents I8 left alive while s mease agent colliding with
a war tobot agent reduces thie robots” numbers te A The constraints ap-
plied require that 200 mowse agengs be lefl alive and that oo agents from
either group collide with other agents or the environment.  An additional
constraint forcing the mouse agents to escape through the frome of the city
is applicd in order to stop the OS5 from allowing the mice to fee in ather
fireetions,

. Mice Beattering Scenario, The movie Vantage Point zaw a crowd af

spectators Hee rotn o stadiom as the president is assassinated. A mamber
of shots froan this scene wrre croated uasing Masstve crowds. The visual
effects terin that created these shots had considerable difficnlty with the
closely packed agents colliding with one ancther and not making it out of the
exitst, This seenario is loosely based on shots sueh as this whoere collisions
are difficull Lo aveld and a large ameund of tweiking Is roguired. A grong
of 100 Mouse agents are initialised n & stadinne envirenment. The agents
have an additional brain rule imposed that encourages them to move away
[ron the stage ares of the stadimm, Initially & large namber of collisions
ocenr with 81 agents lell alive by the end of the simulation interval (agen
state i set to “dead” when a eollision oceurs), The constraint applicd to
this seenario probibics agents colliding with cither the eovironment or each
other.

Starfiphter Turnback Scenario. The first of the [ully 3D starlichter
seenartos 1% based on selenee Detion space movies such as Ster Wars, This
scenario has 18 starfighter agents flocking together and with a goal position

Just behind thelr initial pozition. The behaviour of the agents is to turn back

tewards their goal while antempling to avold collisions and keep together
i a locks This creates & delicate balanee of belevionrs thie work against
one another, resulting in a mnnber of collistons. The constraint applied to
thiz scenario i3 to hiwve the starfighters avoid collisions with one anotlher.
Sinee an undesirable. but possible, solution is simply to remosse the targer
secking behavieour, tds seenario offeetively tests the degree te which 1he
('S99 makes undesicable changes to the apgents’ behaviour.

Starfighier Asteroid-Wall Sccenario. This scenario is reminiscent of
scienee fetion space movies in which space ships flv through asteroid fields.
A aromp of 20 starfighrer arents approach an animated asterold wall through
which they must navigate, The initial 1un of the simualation shows a number
af agents colllding with one another or asterolls. The constraint applicd iy

Uhntp /A digitaleontent producer eor ol Tearires Sviden step_step
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Lhat the agenls avoid all collisions while still wravelling to the other side of
the wall. Since the agenls behaviour has oo predictive element Lo i, this
rask is o difficult one. This scenario tests whether the C35 is able to meet
constraints that are soinewhar bevond the abilivy of the agents™ behaviour.

11 Starfighter Obstacle Scenario, This last scenario tests the preservation
of the Hocking behaviour 1o a group ol stalghler agents. The group of
20 agents is fared with an impenetrable wall of asteroids across its palh.
The flocking hehaviour of the group is too strong and so keeps the agents
together as Lhey collide with the wall. The constraint applied is that no
collisions ocear.  This scenario {ests whether the US55 will maintain the
Hocking behaviowr of the starlighter agents while having ther avoid the
obstacle,

These scenarios serve as a testbed for our CSS. We believe thal Lhis saraple,
while not exhaustive, 18 reasonably reprezentative of the space of all possible usage
seenarios and so serves o provide insight into the perlormance of the automatic
constraint hased control.
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Figuee 8.2: The mmbialication of the eleven lest seenarios: (nj Cor Bridge: (h)
Mouse Bvidge; (v) Co Covnering; () Car Head-on Crash; {e) Car Rue: (f)
Robot War: (y) Escaping Muwe: (h) Mwe Seattermyg: ) Stavfighter Ton Back:
Ly Stavfighter Astevoad Wall; (k) Stavfighicr Obstaele,  Where wmore than one
qrng of agents s wonlved, the different groups are labelled,
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8.3 Constraint batistaction Comparison

The first test of the C88 is in ity ability 1o meet acbitrary constraints. As this
capability 1s required in order for the CS5 to he ugeful in controlling crowds, this
Lest 1y perhaps Lhe most important. We compare the constraint satistaction abil-
ities of the OS85 to that of an expert user who we assuime, given cnough time, will
be able to reet amy constraints required. The alm of the OS5 is Lo autcmatically
neet these constraints in less time than Lhe expert user.

For each scenario, the expert user was given the relevant crowd fles, o crowd
simulation visualisation tool and an agent brain editing tool. The user was then
provided with the constraimts reguired and timed as he worked to meet these
constraints with no time Hmit specilicd. Onee the nser was confident that the
conslrainis were moet, the constraint system was used to rneasure the actusl score
prociuced by the expert user. In determining this final score, the same constraint
abjects and constrainl weights were uscd as {or the subsequent €55 test runs.

As the search process of the €85 iz probabilistic, four constraining runs were
execnted for cach seenacio, The parameters of the CSS's particle swarm wore kept.
constant throughout the testing process, being sct to the defanlts deseribed in
Seetion 7.4.3. The exeeption to this was the number of particles which was chosen
Lased on the running time of the sinmlation as well ag the number of parameters.
The C55 was allowed to run for aonaximum of 2 hours {7200 seconds) on cach
ran with the systew continuing to the end of its last improvement ileration when
the time limit was reachad. Tt a score of 1 was achioved by any partiele. implyiog
all the conztraints had becn met, the optimisation process was lalted early. The
('S5 was given the same original crowd files as the expert user, as well as a set
of constraint, objects. This ser of constraint ohjectz, with asscclared weights,
was created to mateh the constraints given to the expert user and nsed, hoth we
determine the final score of the expert user's attempts, and as input to the C55.
The results of these tests are shown in Tahlle 8.1 for comparison.

The scores for the expert user show that, as expected, vanual editing of the
arents produces a crowd that meets the required constraings in almost all cases.
In seven of the cleven scenarios the 055 was alzo able to completely meet the spec-
ified constraints. o the cases where success was not achioved the scores refleet
that the constraints were met to a significant extent with the difference nsnally
ooly a single agent eolliding with a wall or failing to rmove across a line as required.

There are two scenarios for which the score produced by the expert user is

sub-optimal.  These twn excoptions, the RBabot War and Starfighier Ase-Wall
scenarios, Tequire closer consideration.

114




BERTHE Expert User CS5 Score 055 Score C35 _Scu:me CES _S-cure CS85 Scon:

Lire Averago 1 2 3 4
L. Cpr Andge Crossing 1 1 1 1 1 1
2. Mouse Oridge Crossing 1 1 1 1 1 1
3. Car Cotneting 1 1 1 1 1 1
4. Cpr Head-an Cmash 1 1 1 1 1 1
5. Car Ruce 1 1 1 1 1 1
£, Robot War 09333 0, 3R9E 049917 [ER: 158 I 09833 09917
7. Escaping Mice 1 .oygry i.584 98T L4BT5 0.9875
B Mige Scatrering 1 B985 HRT LRz 0,085 .5
. Sturfighter Turn Back 1 1 1 1 1 1
P Sturfighter Ast-Wall 0,90a] [u728 049720 09728 09727 0.9728
11. Starfighter Ohsticle I 1 1 1 1 1

Tuble & 1: The constromt selizfuckion scoves for cornparison bebween the cepord
aser ard OS5 The seenarws where the OS5 seore is {ower fhan the erpert user's
seore are haghlghted dn greg. Al values are gien to four decimal plices,

In the Robot Wars scenario the constraint defined above requires the number
of robol agent left alive in each group to be 9, 10 or 11 with no azents collid-
ing with one another or with the environment. The experl user. in altering the
crowel. thought that he had mel Lhe congtraints completely, However, the score
reflocts two agents, which the expert user did not natice, eolliding with the on-
vironment. Indeed, it Look carclul observation and specific highlighting Lo find
these particular agents.

The C8S score for the Robot Wars scenario shows that the automatic system
met the constrainis to agrealer degree Lhan the expert aser. The log Gles of the
US55 rung mdicate that 10 all of the lour vuns the nmabers ol agents i e Gnal
arotps were within the tolerance aimonnt. T three of the cases, however, o zingle
awcnl collided with the environment and in the fourth case a similar collision
involving two agents ocewrred, In this way the (USS was able to meet constraints
1ore exactly thun the expert user,

The second scenario in whiclt the expert user does not completely meet the con-
straints 18 the Asteroid Wall scenario. This seenario is extrernely challenging in
that it involves rupidly moving, densbe pucked obstacles. Decanse the apents per-
form no predictive reazoning, it 35 diffienlt [or the agents in their corrent [ovm Lo
avold such obstacles, The experl, user in Lhis case, alter attempting the problem
for un hour »athout making progress, decided thal the fask was impossible, The
nser’s best wllemapt did nol manage 1o hove all (he agents reach Lhe far side of
the asteroid Oeld with some agents turning and avoiding the asteroids altogether,



The constraint [oreing the agents to travel through the asteroid field has a {aicly
low weighting aud so the score achieved by the expert user remainy quite high.

The results produced by the OS5 show that the system was also not able to
mieet the constraints specified. When examiuing the erowd behaviouwr produced
by the antomatic syvstem it becomes clear that the OS5 did not completely roe-
move the Hocking behaviour of the crowd, as was the case with the expert user.
With flocking in place, the starfighter agents keep together and some are drawn
inte the asterold ficld, The resulting apnimations, bath of the expert wser and Lhe
(88, are also quite different from the original and so we must conehide that the
desired result may be attainable only by altering the underlying structure of the
agent’s brain.

The Escaping Mice scenario 15 one of the other two scenavios is which the OS5
fares worse than the expoert user in altempting to meet the specified constraints.
When the resulting animations are consldered it becotnes clear that this scenario
i a4 case where Lhe deeper understanding of the expert user wakes a signilicant
difference. The agents produced by the €SS cwe fairly similar to the original
crovved, showing mostly superior collision avoldance, In contrast the expert user
meets the constraints largely by redueing the range al which the robol agents first
attompt Lo [ire on the mouse agents. This step allows less time for the robots
e attack Lhe mice belfore the end of the simulation time period. The drawhback
to this approach. shown o the unan perception experiment below, is that the
crowel hehaves distinetly diftevently, o a separate run in which the €55 was left
o search for longer, the automatic systemn met the constraints completely aller
15449 seconds (o little over 4 hours). This crowd appears closer to the origiual
as fonnd by onr human test subjects (see Section ®.3),

The third scenario in which the €355 14 fails to meet the standacd of the ex-
pert nser s Lhe Mice Seattering scenario, The challenge with this scenario iy the
large rumber of possible collislons as the mice approach the exits of the stadium.
The expert user expressed a larze degrec of [rustration at tryving to remove all
the collisions as the range the mouse agent's senses is quite short, The method
employed bv the nser was Lo teratively [ond an Individual which collided and
adjust the brain with only that agent in mind entil the particular agent avoided
the collision. This process eventually resnlted 1o a collision [ree simulation, In
Lhis case the exira intelligence of the expert nser produced better results than
the 85, It should be noted that the numbers of agent collisions in the final
simulations produeed by the O55 were as [ew as 2 or 3 out of 100.

In spite of the four eases discussed above, the OS85 performed extremely weli.



altericg the crowd such that it completely met the specified constraints in most
cases. The comparison with the expert user must take into aceount the larze
amount, of additional knowledge that s availlable to the creator ol the crowd sihin-
ulation ane the greater understandicg of the nplication ol changes made. Of
interest is the consistercy of the constraint satislaction process as there is very
little variation rom one ran the next. Tn the cases where the system was able to
completely satisty the constraints it did so on every run.

8.4 Timing Comparison

The aldlity of the S5 to meet constraints placed o crowds s of utmost Tm-
portarce to its uselulness, Given that the systemn is able to automatically alter
crowds i tlos way, the thne [rame jnvolved is also of importanee. The time taken
by the expert user in altering the crowd simulations described in the previous seo-
tion was recorced and may be compared to the rnring time of the 55 The
averaged running times are presented in Table 8.20 Also included i this table
are other relevant details of the test runs.

Ave Wi LU

Scenaru Particlas '!:E.]pmx‘ 513“ Number af Rul.:; n?ng FﬁP;:;]gSET

i il [berations Time {sec) Takenisech

1. Car Bridge Crosstng 300 3.7 el AAHT T 2BAID
2. Mnuse Bridge {’rnssing Al 314 3.5 1414 .83 1200
3. Car Cormnering 0 .78 3 {1 1:2H)
4 Uar Head-an Crash 150 1.24 1 f 4020
5. Car Race 300 1.8H Th25 140246 12450
i, Rnbnot War an BT 11.5 THA9.95 360
7. Escaping Mice S0 b 12.25 TEHD.A1 410
B Mice Srattering A0 8.1 6.5 706,56 1620
9. Starfighter Turm Back 00 a7 .35 d46.12 R
10, Starfighter Ast-Wall AUHD 4.49% 11 7381.09 3600
11, Starfughter Olbstacle S0 375 1 it 1020

Table 8.2: The running lones of the O8S compared to the fime faken by the copert
uger. The dable groes the mumber of puarticles ysed m the PSSO, an approzimate
ruvenieney b for the vimulation wdfiou! visualisation, the average number of if-
crations exeouted by the PRO i o vun, the averoged total ranning Lime for a 85
rin and the time taoken by the erpert wser in meeting the consiraints for cach
seenario, Neote that the fiming of the expert wier s Lo fhe nearest e,

The timing results are mixed. with the €38 outperforming the expert user
in four of the test scenarios while recording longer times for scenarios L. 2 and
3. kn scenarios 6. 7, & and 10, the C85 did not meet the constraints [ully and
so ran until the thine limit was exceeded. In scenarios 6 and 10, however, the
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expert wser also failed to meet these constraints fully and so perhaps produces
an nnfuir carmparison. The three cases in whick the average running time of the
(S5 15 recorded as O are duc Lo a suceesshil parameter set being found by the
initial positioning of the particles in the swarm  timineg data was gererated over
the iterations of the PSO with initlalisation not included. An approximation of
e tine taken for this initialisation can be calenlated by multiplying the number
of particles by the approximate simulation time. It should also be noted that a
crowl simulation is not necessanly run [or cach particle at each iteration, If a
particle is found to be oneside of the feasible search space it 18 eiven a fitness seore
of 1 and no crowd simmlation s required. This is the reason for the disagreement
betwoeen the average timing and the multiplication of particle count, simulation
time and number of iterations.

A number of [actors affeer the running time of the C88. The frst is the effi-
cieney of the underlying crowd simulation systen., Tlie running times of the
simulations showrn in Table 8.2 are for simnlations which do not produce any
visualisation, Based on the reladively sinall numbers of agents involved in these
simulations, these timings show that the crowd simulation systern itsell is rather
incfheicnt  production-level crowd animation soltware is able to visualise erowds
of many thousands in real-time.

Althongh the crowd simmlation implements the suceessiul principles of Massive
it does 50 in o simple and inefficient manner, In particulur, the rendering of an
agent’s vision and the subsequent fuszilication process, as well ag the defuzzifi-
cation step of vach agent’s brain, are unoptimised and slow to execute. This is
plainly seen in the lowg running time of the Robot Wars scenario in which each
robot agent receives three renderings of the scene at each simuiation step.

Another factor which allects the mnning time of the crowd simulation is the
necd Lo constantly update the constraing abjects, The implenmwntation of these
constraints did not foens on computational efficlency as they ure siinply exaunple
constaints used for testing purposes. Some of the constraints make use of algo-
rithms that are (3{n?) in the number of agents {or worse) and so add considerable
comitation to cuch erowd siinslation step.

These jmplementation details should be tuken nto account when interpreting

the timing results of Tuble 8.2, A more full discussion of possible efficiency im-
provement s included in Section 9.2
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8.5 Human Evaluation Comparison

Any crowd control system must change the animation of a crowd as regquired
by the controller, An impeortant cousideration when applving 2 nieans of ailto-
matie, high-level contral is whoether the svstem changes the erowd’s beliavionr
too much. The helicvability, and henee wsefulness, of a crowd simnlation s tied
to the behaviour of the individnals. The actions that a crowd member takes must
be consistent with his character: an orc must act like an orc and make decisions
like an ore, Because of this there is a tension between consistent behaviowr and
control. The method of control mmust change the behaviour of the crowd to the ex-
tent required but not lose the nnderlyving characteristics of the agent’s hehaviour.

We address the following question: Does our antomatic method of altering agent
belaviour in order Lo meot crowd-level constraints change the underlying be-
havionr of the crowd to an nnaceeptable degree?

The current method for altering crowd behaviour 1s for an expert nser 1o man-
wally change the behaviour of the individual ageuts in the crowd., Some chatge
In crowd belaviour is necessary in order for the crowd to mect the specified
constraints but it is desirable that this be minimal. We assnme that an expert
nser is ahle to wmect the crowd constraints with minimal change to the crowd’s
beliaviour: the nser of a erowd systemn is able to judge the change in the agent's
behavionr and may ultimately decide whether the change affected is acceptable.

T produce an acceptable erowd modification, an automatic method of constraint
satistaction shonld not change the erowd behavionr more than an expert user
attempting to meet. those samme constraints. Since “change in behaviour” is a
subjective guality, we conduct an experimnent where human subjects supply a
strlarily score when comparing an allered crowd animation to the original,

The comparison is approgched on a scenario by scenario basis making nse of
the same scenarios used for the previous comparisons, For a particular scenario
Lhe independent variable is the method ol constraint satislaction. Possible valiies
[eor this variable are the alomatic CSS system proposed in Lhis dissertation and
the expert nser. The dependent variable is the similarity score in the range [0, 3]
with 0 being entirely different and 5 being extremely similar.

In order to obtain an acceptable nunber of samples, the experiment was run
over the internet making nse of the social networking site, facebook®. A “face-

Lyrwwr_ Tacchool . eom
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book app” was created that asks the user to perforu a nuriber of comparisons
between two diflerent erowds shown o short video ¢lips. As the guality being
tosted 1s the manner In which constraints are met, as opposed to whether they
were mot or not, ouly the nine scenarios in which both the C55 and cxpert user
were able to meet the specificd constraints cgually were nsed. This was done to
avold biasing the test towards the crowd in whick the constraints were met to a
lesser degre.

Each comparison consists of a video of the onginal crowd sinwlation followed
by a simulation of one of the altered crowds. An inpur Geld and pronpt for a
similarity score was plven, along with the second videe, allowing the test subject
to rate how similar the crowds appeared. All the videos for a particular seenario
were recorded by capturing the OpenGGL frames at the same rate and cocoded
using identical parameters. The camera position and ruoning times of the simn-
ilations were also ldentical across a particilar secnario. The comparisons were
glven ta the test subjeets in a randern order with no indication of which method

as nsed to alter the crowd simulation in the second video of the cormparison,
For each comparison, a description of the crowd’s context was siven with the
ariginal video and a deseription of the constraints applicd glven with the altered
video, Example sercen shots are provided i Figure 8.3,

This experiment follows a “repeated measures” desien with each sulyject pro-
dicing a paircd sample per scenario. Each pair is made up of the subjoet’s
comparison of the original crowd to the human altered crowd and the matehing
commparison between the origloal and the OS5 altered crowd. The hypothesis that
wao test is that the sindlarity score s independent of the method of meeting the
crowd constraines. The results of the comparisons are given in Table 8.3, Tlese
rosults are somewhat surprising in that they show that, [or o munber al seenarios,
the majority of the subjects tested preferred the crowd gencrated by the oto-
matle G55 system, In order to judee the signilicance of these observations, the
statistical likclihood of them ocenrring with our hyvpothesis being true mnst be
exantined.

Lach scenario iy cxamined separately. As thie sumples are paired. statistical
analysis is condueted on the difforence between the two similarity scores supplicd
by a particular test subjeet. The Signed Rank Test [Ric95] is a non-parametric
test that may be applied without any assuuptions abont the underlving distri-
bution of the populations from which the samples are drawn,

If the method of constraint satisfaction makes no difference to the siguificance

score given by a test subject then we would expect the difference 1 scores to be
contred on zero and the diflerences randorly distributed above and below woro.
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Figure 8.3: The comparisons carried out by tosf subyeels in the fuaon study, The
image an the teft shows the fivst soreen of o wser comparson which displays the
original crowd, A deseription of the scenario is included above the viden. Thr
image on the vight shows the vecond screen of the comparison where the wser 15
shown the altered crowd with o deseription of the veguired change and asked to
gree o simdarily soore,

The first step it applving this test is to discard any pairs in which the scores are
equal, resulting in a reduced sanple size. Each pair 15 then assigned a vabue ol
either positive. for a difference that lavours the CSS, or negative, for a difference
Lhat favours the expert nsers [ our hypothesis 1s correct then we would expect
the probabilities of a positive and vegative resull to be equal. Therefore, cur null
hypotiwsiz s that po 0.5 where p is the probability of a positive result.,

As there are only fwo options for each sample pair: positive or nogative, we
expect the distribution to follow that of the binomial distribution. We make use
ol 1the biromial test which produces Lthe probabilities shown in Table 8.4

There are {wo wavs i which our hypothesis could prove [alze. Firstly, if the
expert user changes the crowd less than the €SS then. in fact. g < 0.5 Alterna-
tivelv, if the C85 charges the crowd behaviour less than the expert user, wo hava
7 = (L5, We shall first look af the scenarios e which the scores support g < (L5
and iscenss their significance,

For sconarios 2. 3 4 and 5 we see that a higher munber of fest subjects pre

ferred the expert user Lo the C3S. The probabilities of tlwse ubservallons giver
that the sample is taken rom a population with o binamisl disteibution is still
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Table 8.3: The results of the bamaon ceperiment. The places where the C55-altered
crowd was found more stmifer to the onginal,_ar where the experl wser and C85
achieved the same scores, g highlighted inogrey.

lairly high. I we make nse ol a confidence interval of 95%, none of these four
scenarios give us a p-value low enough to reject our null-hvpethezis,

I'or the remaining scenarics: 16, 7, 5 and B woe observe nore test subjoers
profercing the OS5 to the expert user. Using a similar eoufidencs interval of 95%
we finud that scenarios 1, 6 and 7 do not give us cause to reject our null-hypothesis.
However, both the observations for scensrio 8 and B have a probability of only
L given vhat p = 0.5, We would therefore reject the null-hypothesis in these
cases and stare vather that p > (0.5 which means that people find the €SS to
produce less noticeable change than the expert user for these two scenarios, Sce-
narios 5 and 9 are the Escaping Mice and Robol War scenarios. In both cases the
expert user altered the fiving range of the War Robot azents in order w wect the
required constrainty while the €SS did not. This change seerus to prove highly
niticeable to observers.

Although this surprising result is of interesi, W must be taken in the context
of all nine tested scenariog.  Sinee the rejeetion of the noll-hyvpothesis 1s not
wiclespread, Lthere is not enongh ovidence to say that the US55, i meeling spec-
1liedd constraines, changes the erowd’s behaviour less than an expert user would.
The result does support the use of the US55, however, as it provides no evidence
that the automatic system changes the crowd’s behaviour more thah neecssary,
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L 18 iz 012
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) 21 15 .0

Table 8.4: The analpss of the buvan crperimend resulls wsing the sign test. The
Bonial test values give the probability of the shecrved volues given thal the
method of conslrarnl satigfuction does not affect the sumilarity scove,

A weakness of the sign 1est 18 Lhatl it discards the comparisons that vesnlt o
identical scores. As these observatlions, iu fact, support our null-hypothesis, they
are of interest. A statistical tost thol considers these valies is the paired t-test.
Our null-hypothesis in this case is that the mean diflerenee belween such paired
saroples is zero. The p-valies given by this test are shown in Table 8.5, As Lhis
test i two-tuiled, a confidence interval of 33%: does not allow 1y to reject owr nall
Iivpothesis for any of the scenarios excepl the 3%, For this particular scenario.
Lhe Legl scores show that o lurge wnnber of the test subjects found the crowd
veneraled by the C85 to be more similar ta the original. If anyihing, this result
shows that the 088 changes a cvowd less than an expert user’s mannal alteration
wirlld,

It ig important to recognise Lial the similarity score 1z a subjective measure
and so can vary in definition from one experimental sabject to the next. Difler-
enl people are very lkely to bave varying delinitious of the terms “very similar”
and “aliphtly similax™, for examnple, Tlis sabjectivity s especially relevant to
the t-test wher the aclual sample values are usedd to assess the nall hypothesis,
As the sign test compares the ordering of the similarity values {which method
receives the bigher score) ruther than the values themselves, it is less uffected by
Lhig subieetivity.

A note mst also e made on the Dmitations of this experiment.  An obyious
lirnitation is the finile sample of possible scenarios that we nse. This is, wnfor-
tunately. nnavoiduble. Anothier limitation s due to the crowd simmlalion systom
and expert nser. To some degroe Uhe resulls of this experiment are dependent on
ihe gquality of the brain editing 1ools and competence of the expoert user.

Despite these limnitations. the resalts, Ltaken together, do not give any reason
tey believe that the US55 changes the beluvionr of Lhe erowed more than an ex-
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Scenario Method Mean Variance Paired t test

1 Expert User 2.25 1.69 0.3
CSS 2.56 2.17 ’
Expert User 2.95 1.92

2 CSS 2.8 2.27 0.61
Expert User 3.35 1.8

3 css 3.1 1.78 0.32
Expert User 3.62 1.43

4 CSS 3.37 1.51 0.12

5 Expert User 1.79 3.09 0.48
CSsSs 1.68 3.49
Expert User 1.4 3.55

& css 1.83 3.77 0.03

7 Expert User 2.09 3.08 0.04
CSS 2.63 2.27
Expert User 2.32 1.91

8 CSS 2.96 1.66 0.01
Expert User 3.39 1.26

9 0.17
CSS 3.74 1.67

Table 8.5: Statistical analysis of the human experiment using the paired t-test.
The p-values in the right-most column give the likelihood of the observed values
given that the mean difference between the paired samples is zero.

pert user does. This result quiets our initial concern and supports the use of the
automatic crowd control system.

8.6 Discussion

The three comparisons carried out between the CSS and expert user provide a
good deal of insight into the possibilities of the proposed constraint-based con-
trol. The constraint satisfaction comparison shows that the CSS is able to meet
the crowd-level constraints in a completely automatic manner with similar effec-
tiveness to the expert user. We discuss the results with particular reference to
the design and implementation decision described in Chapters 5, 6 and 7.

8.6.1 Constraint-based Control

Our crowd control system makes use of constraints based on their effectiveness in
previous work. Although a study of the use of these constraints is not our aim,
the results of our system supports the use of constraints as a worthwhile means of
applying control. In each scenario that was tested, the required changes were de-
cided before the specification of formal constraints was considered. Despite this,
the number of constraints required was not very large, nor were they difficult to
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the “master” agents which are instanced to create large crowds. These changes
are made to parameters that might normally be altered by the crowd animator
in creating a crowd. Because of this, the additional automatic control provided
by the CSS may be used as an additional layer in the authoring process. Crowds
that have constraints applied to them may be altered further by hand or other
methods. In this way the CSS may assist the existing control method - manual
alteration - with the user being able to change parameter values by hand as a
fall-back measure.

Due to the complexities involved in creating an agent’s brain and motion, crowd
packages such as Massive provide ready-made agents that may be used to form
crowds “out of the box”. This step is effective for creating standard crowds.
such as those that fill stadiums or randomly wander in an environment. These
packaged crowds, however, are unlikely to behave exactly as required and so
some editing of the agent behaviour is required. For a user unfamiliar with the
structure and workings of a particular agent’s brain, the editing and tweaking of a
crowd’s behaviour is a challenging task. The control proposed in this dissertation
could be applied to such crowds without any knowledge of how their behaviour is
actually described or created. In this way, “out of the box” crowds can be easily
customised without a lengthy process of first understanding how they work.

It is unlikely than any one method of automatic control will be able to com-
pletely meet the needs of crowd animation users and so the manual editing of
a crowd’s behaviour will always be needed. This constraint-based method may.
however, be applied as an “intelligent assistant”, helping the crowd author in
creating a crowd animation that meets the particular needs.

9.2 Limitations and Future Work

The manner in which control is applied to the agent crowds is through altering
the parameters of their brain nodes. In fuzzy logic terms this is the altering of
the membership curves that define the fuzzy sets used in the inference that takes
place in an agent’s brain. This has the effect of altering an agent’s understanding
of a particular value used in a fuzzy rule. The CSS is not able to change the
structure of the rules, however, which means that there are limitations to the
constraints that may be successfully met.

An additional means of meeting particular constraints may be used in coopera-

tion with the approach presented in this dissertation. On such possibility makes
use of the random variation often introduced to crowds by a crowd animation
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system. Each instance of a master agent created in Massive is varied with regard
to its possible motion and behaviour. This randomness, which produces more
lifelike crowds with realistic variation, was not included in our implemented sys-
tem. An extension to our system might allow this random element to be used
to alter the initial conditions of a simulation such that the required constraints
are met. This added control would be useful for per-shot tweaking in which the
global changes of our behaviour-altering CSS are not sufficient.

The two main areas in which further research may be conducted are the use
of crowd level constraints in control and the optimisation process used by the
CSS. The constraints applied by our system are general objects which were cre-
ated individually as needed. As they stand, these constraint objects require both
a knowledge of the crowd simulation system and some programming skill in order
to create. This is ideal for use in visual effects as these constraint objects need to
be available quickly and used by non-programmers. Research into the usability
of these constraints is required in order to determine how this additional control
should best be presented to an end-user.

The CSS makes use of a particle swarm optimisation (PSO) with a weighted
sum compromise approach in order to optimise the multiple objective functions
represented by a user’s constraints. There are, however, a number of different
options in this area, some of which may produce better results that the system
currently implemented. In particular, a multi-objective optimisation method that
finds a Pareto-optimal subset of possible compromise solutions may be preferable
to a single solution. This would allow a user to decide on the compromise between
objectives even during the running of the CSS.

The use of a PSO method in the searching of a particular simulation’s parameter
space was based on its ease of implementation, potential for parallel computation
and ability to be used with black-box functions. There are a number of other
possibilities that may be explored in this area, however. An interesting option
is the use of some form of meta-modelling technique, discussed in Section 7.4, in
order to produce a substitute objective function. The parallel implementation
of the PSO or some other evolutionary computing method would be of value in
order to determine the possible speed-up achieved by such an approach.

One of the main difficulties in searching a simulation’s parameter space is the
large number of parameters that may be varied. The parameters taken from the
brain are done so in a rather naive manner with little consideration for the rela-
tionship between them or for those parameters that are unlikely to have any effect
on the crowd’s meeting the specified constraints. The altering of parameters in
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a more intelligent manner is, therefore, an area that may produce some fruit if
more closely examined.

One of the limitations of our investigation has been the lack of expert users
available to evaluate the technique. As there is only one expert user of our crowd
system (the author himself), the results are tied to some degree to his exper-
tise. Although this is undesirable, the plausibility and fruitfulness of this form of
control are still confirmed. Valuable insight into the effectiveness and usefulness
of this form of proposed control might require the building of a more complete
system deployed in industry where animators could use such a system in the an-
imation of fully fledged film crowds.

An additional limitation to our evaluation of the CSS is in the simplicity of
the crowd model used. The agents implemented for our crowd simulation system
are only able to take a small number of simple actions. The perceived change
in the crowd’s behaviour could be affected by more complex motion trees and
testing on a crowd system with more complex motion is desirable.

Massive agents used in films may have brains containing 7000 or 8000 nodes.
In contrast, the agents used for our tests have only around 100 nodes, mostly
due to their much simplified motion. A question, therefore, remains as to how
well our control system will perform when the complexity of the agent brains
is increased. The simple increase in simulation time required by more complex
agents can be offset by a more efficient implementation of the crowd simulation.
However, an increase in brain nodes will produce a corresponding increase in the
number of parameters that may be altered by the CSS.

In order to deal with this, these parameters may be dealt with in a more in-
telligent may, as described above. It is likely that large sections of the brain
can easily be identified as having little to do with particular constraints and so
not considered by the optimisation. Most importantly, the parallel nature of the
PSO allows additional computational power to be applied in order to improve
the performance of the CSS. While an expert user is limited in how fast a crowd
may be altered, this automatic system may be made almost arbitrarily fast.
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