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Abstract

This paper describes a system for testing floor plan designs with atsamait
pedestrian movements, and automatically implementing modificatiohsawigvolutionary
algorithm. Floor plans of airport terminals are modeled as simple ¢ofiscif walls and
directional signs. Each floor plan is tested with a simulation of pedestriamibehccording to a
schedule of departures. Measured results of this simulation are cdniiima performance
rating. This fithess metric is used to drive selection in an evoanjaagorithm, iteratively
generating new floor plans for increased performance under simulatiemprdcedure yields
functional architectural plans, but, due to several limitations, is su@meessful suggesting

adjustments than generating novel designs.

1 Introduction

Generic construction guidelines for
public buildings often inadequately provide
for the complexities of physical reality. An
application of simplistic physical standards
to densely occupied buildings like stadiums
may yet fail to provide for the safety of a
crowd in an emergency [16].

Furthermore, airports today are
facing an increasing danger from the
dynamic and unpredictable threat of
terrorism[12]. Schell has indicated that the
most effective ways to protect pedestrians in
airports may lie in attention to emergent
behavior within the building: for example,
by minimizing pedestrian density at the
check-in counter.

Only recently have detailed
simulations of pedestrian dynamics emerged
as a practical tool for testing these emergent
aspects of building design. In civic
applications they predict pedestrian flow and
possible bottlenecks, before construction.

Airports were chosen for this project
because, it was believed, they could be
easily abstracted into a series of checkpoints
and directional signs. Given a sequence of
three checkpoints—check-in, security, and
gate—and walls to partition space, it was
believed that the essential functions of an
airport terminal could be modeled.

As dictated by unique aspects of an
airport terminal as a site, this project adds
two new considerations to the simulation
model of crowd dynamics. First, agents must
find their own way through the airport;
adequate signage becomes a factor in
evaluating the layout. Second, simulated
terrorist events make passenger density at
unsecured spaces an explicit consideration.

Additionally, this project introduces
the possibility of using a quantitative
evaluation of performance under pedestrian
simulation to direct the evolution of the
design. Using a framework based by the
theory of artificial selection, floor plans are
randomly mutated, tested with simulations,
and selected based on performance. By this
methodology, potential building adjustments
can be suggested automatically.

A brief summary of previous work
in crowd simulations, airport modeling, and
evolutionary algorithms will be given first,
before proceeding to the presented project.
Then, the reproduction of a typical airport
schedule will be described, including events
and operation at the airport level and at the
passenger level. The mechanics of the social
force model for physical simulation will be
described next. Finally, the genetic
algorithm used to mutate, select, and
reproduce new airport offspring will be
discussed.



2 Previous Work

As early as ten years ago,
architectural simulation packages were
impractical and expensive. Recently,
however agent-leveimodeling software,
which simulates at the level of the individual
pedestrian, has developed into a practical
tool for building designSimWalk
(savannah-simulations.ch) aktyriad Il
(crowddynamics.com) are two agent-level
simulation packages that have been accepted
into the digital toolbox of civic engineers.
While certain social aspects of these models
are necessarily simplifications, simulations
of crowd movement have nevertheless
proven to be remarkably accurate when
compared to empirical tests [16].

Because of the complexity of airport
terminal operation, and the cost and expense
of setting up detailed simulations, planners
in the past ten years have relied on simpler
digital tools. Simplified calculations in
spreadsheet-like matrices have proven
particularly useful in evaluating layout
alternatives [2]. Agent-level simulation
models, on the other hand, have proven
valuable in sizing spaces once the building
configuration has been chosen, or predicting
usage and operation patterns. Traditionally,
they have not yielded results commensurate
with their costs.

Evolutionary algorithms have been a
subject of much research in the last two
decades, and are used in this paper to
reconsider the utility of agent-level
simulations in building planning. These
search tools are inspired by the principle of
artificial selection: the process involves
randomly mutating a large number of
individuals, ranking them, selecting the best,
and iterating over and over again. As
parallels between computer science and
biological phenomena have become more
clear, evolutionary algorithms have proven a
valuable tool for solving complex
optimization problems. They are particularly
adept at sifting through large search spaces
to find solutions that may not intuitively
present themselves.

Karl Sims’ work has proven that
evolutionary algorithms trained to move in a
physical environment can generate lifelike
movements [14]. NASA has used this
process to design an empirically optimal
radio antenna [10]. With the presence of a
suitably complex simulation, and accurately
modeled fitness criteria, automatically
generated and mutated solutions can
effectively find non-intuitive solutions to
problems with many unknowns.

3 Airport Scenario

The airport simulation begins with a
schedule: a brief list of events indicating the
beginning and end of simulation, the number
of departures and arrivals, and any terrorist
arrivals. The following schedule was used
for experiments described in this paper.

Simulation start at 2 PM.

Domestic departure, 50 passengers, at 4 PM.
International departure, 200 passengers, at 5 PM.
Simulated terrorist arrival at 5:50 PM.

Domestic departure, 100 passengers, at 6 PM.
Simulation end at 6 PM.

Passengers for domestic flights arrive
between thirty minutes and ninety minutes
before the departure. Passengers for
international flights arrive between thirty
and 150 minutes before departure.

3.1 Airport Structure

Airports consist of two simple types
of physical elements: directional signs and
walls. Walls, defined as vector line segments,
serve to guide passengers’ movements and
partition space by blocking visibility to signs.

Signs are essentially the circulation
route of the passenger. There are four types
of signs, which passengers follow in order:
“entrance,” “check-in,” “security,” and
“gate.” Signs are represented as point
positions, with a normal facing direction and
a scalar distance of visibility. Signs serve a
merely directional function, but a subset of



signs serve as checkpoints, at which the
passenger may wait in line and then proceed
to the next step. Passengers follow the signs
in sequence, and once a passenger reaches
the desired checkpoint, he must wait in line
and be processed before proceeding. An
example layout is given in Figure 1.

3.2 Passenger Sequence
Each passenger in the program
follows this basic sequence:

Arrive

Follow signs to check-in

Wait in line (if necessary) for check-in
Check-in

Follow signs to security

(or, if sign to gate is seen, skip to step 8)
Wait in line for security

Submit to inspection

Follow signs to proper gate

. Wait until 40 minutes to departure
10. Get in line for gate

11. Board plane

arwdE
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This sequence is also illustrated in Figure 2.
If a passenger is headed towards security,
but sees a sign for his gate, he will bypass
security and head directly to his gate.

Also, at a certain point in the
simulation, terrorism may be simulated. A
terrorist enters the airport and seeks the

Figure 1 (above: A simple airport floor plan. Boxed
labels represent checkpoints, unboxed labels are
directional signs leading to checkpoints.

Figure 2 (left): A typical sequence. (a) Step 1: Passengers

arrive. (b) Step 3: Passengers line up at checfcjrStep
6: Lines assemble at security. (d) Step 9: Waitingi
departure is called. (e) Step 10: Boarding plane.

@)

(b)

(©)

(d)

(e)



greatest concentration of pedestrians nearby.
At that point, every passenger within three
meters is marked as “dead.”

Certain patterns result from the
combination of passenger behaviors and
airport-level organizations. The most visible
patterns are those where passengers
accumulate into dense groups. This is
entirely dependent on the configurations of
checkpoints, and collisions or intersections
of the queues that form around these
checkpoints. Similarly, the density of
passenger accumulations around
checkpoints is dependent on the physical
layout of walls relative to the number of
passengers present: certain compositions
will result in greater crowding than others.
Situations where passengers are moving in
opposite directions or compressed into tight
spaces, as per common sense, are
particularly susceptible to crowding.

4 Crowd Dynamics Simulation

The project employs Helbing's
social force model for pedestrian dynamics
[7]. Passengers are modeled essentially like
particles in a gaseous suspension, with
repulsive and attractive forces acting upon
each passenger. The implementation of the
social force model for this simulation

Figure 3: An enclosed room in which passengers are
held away from walls and other passengers by ruls
forces. The underlying 0.1 meter grid is exposed.

eliminates the attractive forces. It also
detects hard collision; passengers are not
allowed to interpenetrate.

Pedestrian repulsive forces are
exerted by every individual on every other
individual within 2 meters, and the
calculation of distance between pedestrians
leaves extra room in front for leg and foot
movement.

The architectural repulsive forces
are calculated by discretizing the floor plan
into 0.1 meter grid cells, as can be seen in
Figure 3. Each cell surrounded by a wall
exerts a repulsive pressure on nearby
pedestrians, keeping them away from wall
boundaries.

Repulsive forces from walls and
other passengers are balanced with a
“relaxation force” returning a passenger to
its desired speed and direction towards its
goal. The sum of these forces is weighted so
that forces acting towards a passenger’s face
have more effect than forces acting behind a
passenger’s back.

5 Evolutionary Algorithm

There are three essential
components to a successful evolutionary
algorithm: afitness functionin which data
from the simulation is assembled into a
single measure of performancesedection
environmentwhich determines how many
and which floor plans carry on to the next
generation, anteredity,the method by
which airports mutate and recombine to
generate new offspring.

5.1 Fitness Function

The following measurements were
most important in calculating the total
fitness function.

Percent completefbercent who made it to their
boarding gate)

Percent escaped securitijose who saw a sign to
their gate before passing security, and bypassed
it)

Casualtiegnumber killed by simulated terrorist
attack)



Percent out of boundpercent who left the
bounds of the simulation, which shouldn’t happen
with adequate wall coverage)

The rest of the measurements contributed
but were not the most important factors.

Number of walls

Average crowd density (as per the Fruin Level of
Service metric)

Average time passengers were wandering
Average time passengers were obstructed from
reaching goals

At the end of the simulation, these
figures were tallied, normalized to floating
point values between zero and one, given
weights, and then totaled into a composite
fitness value.

5.2 Selection

The project uses a tournament
selection scheme. Three habitats, with eight
individuals each, are considered
simultaneously. The four most fit
individuals in each habitat mate sexually
with all seven other members, yielding a
total of twenty-four children per habitat.

Habitat subpopulations are useful
because unique mutations propagate more
easily in smaller groups, allowing for greater
divergence. However, two or three
individuals are chosen to migrate between
habitats each generation, allowing beneficial
mutations is spread to the entire population.

Once each child has been rated for
fitness, the eight most fit children in each
habitat are allowed to continue to the next

Figure 4: Sexual recombination. The child below is
composed mostly of elements of the left parenthiast
three walls inherited from the parent on the right.

generation. The others are discarded. This
process repeats iteratively each generation.

5.3 Reproduction

There are two methods for
distributing genetic variation: asexual
mutation and sexual recombination.

In sexual recombination, two
airports combine to spawn one child, as
shown in Figure 4. This child inherits all of
the features of the primary parent. It also
inherits between 0 and 4 features from the

second parent, and discards between 0 and 4

features from the first.

Asexual mutation may take a
number of forms. Each child undergoes a
single mutation per generation. These are
the possible mutations:

Line delete

Line transform

Line duplicate

Line rotate

Line extend

Cut a hole in line
Split line

Move line endpoint
Grow line from point

New point
Delete point
Point transform
Point rotate
Point scale

(the following apply to multiple elements)
Mass transform
Mass scale
Mass rotate

Each of these mutations is assigned a
frequency of application. Mass translations
are performed more often than the others
because they preserve what might be
productive relationships between elements.

6 Results

The simulation was run over the
course of several weeks on an Inte|™
Pentium M 1.5 Ghz laptop computer with
768 megabytes of RAM. Running a single
floor plan for three hours of simulation time
required about two minutes of computer



time. Processing maximum time steps of a
half second each cycle, the home computer
achieved time accelerations of 150x to 800x
real-time, depending on simulation crowd
densities. About 15% of floor plans were
prescreened before simulation and
eliminated to save computer time, most
often because they lacked all three types of
checkpoints, or because walls extended
beyond site boundaries. Overall, each
generation of three habitats, eight parents
per habitat, and 120 children total required
three to four hours to compute.

The longest continuous population
timeline ran for fifty generations, beginning
with a “seed population” of six hand-
designed floor plans. A sampling across the
development of the strain can be seen in
Figure 6. As can be seen, even after so many
generations, the final airports retained the
basic configuration of the initial design.
Many more generations would have had to
been run, with far greater populations, in
order to completely eliminate the vestiges of
the seed population.

Nevertheless, two specific
architecture features emerged in the later
generations of floor plans which show an
innovative response to aspects of the fitness
evaluation. The first feature consists of a
group of three walls which appear between
the check-in checkpoint and the gate
checkpoint, as can be seen in Figure 5. It

Figure 5: The grey region indicates areas from
which a passenger can see the “gate” checkpoint.
Note the three small walls partially blocking
visibility from check-in.

Gen. 4

Gen. 8

Gen. 19

Gen. 24

Gen. 36

Gen. 41

Figure 6: A sample of selected individuals along a
fifty generation line of development.



fitness

blocks visibility of the gate from the side of
the check-in counter nearer to the security
checkpoint. This placement prevents
passengers from skipping the security
checkpoint once they pass check-in. But,
notably, these walls represent the absolute
minimum obstruction required to prevent
passengers from cheating. No stronger
segmentation of space is needed to meet the
fitness criteria.

The second feature which shows
response to fithess criteria is the vertical
wall just to the right of the entrance, as can
be seen in Figure 7. This development has
emerged to protect passengers from the
terrorism simulation. Passengers, if they
don’t see a relevant directional sign right
away, wander for several minutes until they
do, and most if not all end up finding their
way to the check-in point. The terrorism

Figure 7: The grey region circles the terrorist
character. His simple path-finding mechanism, which
seeks the highest density of people, cannot fediity
around the vertical wall to his right.

generations

Figure 8: A graph of average fitness of twenty-five
generations of floor plan development. The vertical
extents of the graph range span one standard eviat
above and below the average. The full fifty genereat
are not shown because, at certain points, thesitne
function was refined, rendering comparisons of @alu
before and after those points invalid.

path-finding algorithm is much simpler; the
terrorist simply seeks the greatest density of
people and heads in that direct direction.
The vertical wall, therefore, is an impassable
barrier to the terrorist, and keeps simulated
casualties to a minimum. While the absurd
simplicity of the path-finding involved
renders this example quite trivial, it does
demonstrate the emergence of an
architectural feature in response to those
evaluation criteria. These examples indicate
the possibility of more involved and realistic
features emerging from a more complex
simulation.

Another important observation is
that, in the overall majority of cases, the
average fitness of each generation of floor
plan simulation increased, as can be seen in
the graph in Figure 8. The pedestrian
simulation is a particularly “noisy” method:
the same floor plan receives different ratings
every time a simulation is performed, due to
random and unpredictable factors. However,
the fact that average fitness increased means
that the influence of architectural layout on
overall fitness outweighs the influence of
random factors.

7 Future Work

The two most important directions
of future work for evolutionary algorithms
in floor plan design are refining the
simulations and developing a productive
genetic representation. The social force
model is effective for simulating the
physical behavior of crowds, which is
important for safety calculations and simple
evacuation simulations, where each
individual is given a simple goal. However,
the complex social interactions in the airport
scenario demand a more nuanced simulation.
Allowing families to stay together, allowing
decisions on when to join a queue, including
seating, simulating the obstruction of visible
signs, and allowing individuals to remember
previously seen signs and previously visited
locations are all important features for a
complete simulation.



But on the other hand, each of these
features bears the load of adding much
computing time to an already intensive
simulation. Improvements in program
efficiency could help, and the simulation
could also benefit from optimization by pre-
calculation of some functions. Even so, in
order to develop significant results, this
simulation probably needs to be run on
large-scale parallel computing network.

Another important direction for
future work is the addition of a true genetic
representation. In this implementation,
airports are represented by what is often
called aphenotypea list of line segments
and points. This representation could be
made much more powerful if the basic
representation instead were an instruction
set, orgenotypeindicating step-by-step how
to assemble each floor plan. Mutations to
this instruction set, rather than to the
geometric layout itself, could work in far
more effective ways. Lindenmayer systems
have proven useful in designing instruction
grammars in other genetic representations
[8], but adapting them to such a freeform
design problem as arbitrary floor-plan
representation will be a challenge.

Other features could be added: glass
walls, adjustable queue placement, arrivals,
baggage claim. But in contrast, stepping
back from the specific application of the
airport and instead tying the simulation to a
generalized scripting language might find a
practical usage in architectural applications
with simpler functional requirements.

8 Conclusion

A system has been described that
generates floor plans based on a simulation
of pedestrian movement in a simplified
airport terminal. While the floor plans are
highly abstracted, they are functional and
specific in scale.

A fitness function, numerically
evaluating the performance of a floor plan,
allowed productive features to be passed on
from parent to offspring. Under evolution,
specific architectural features developed in
response to those fitness criteria,

unprompted by any explicit construction
guidelines. Due to constraints in simulation
time, these results were simple and crude,
yet, they point towards the ability to develop
more refined architectural plans. Also, the
development of a generalized scripting
language could free such a system from the
specific requirements of simple airport
terminals, and open it up practical usage in
the design of functional spaces.

Such generalization could point
towards a broad and flexible digital toolset
for architectural design informed by
physical simulations of pedestrian usage.
Furthermore, the intensive computing
requirements of such a toolset would be far
lessened if, instead of starting from a
random seed population, the simulation was
instead given a proposed floor plan designed
by an architect. Evolving a plan from scratch
involves numerous problems of site which
probably lie outside the realm of simulation.
Instead, within a reasonable amount of
computing time, a software package could
work off an already designed floor plan,
suggesting modifications for more efficient
pedestrian usage.
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