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Figure 1: Given a layout domain from a real world layout, our approach synthesizes crowd-aware layouts by considering the crowd flow
properties of visitors: mobility, accessibility and coziness. Evaluation by crowd simulation software shows that our synthesized layouts
exhibit improved crowd flow properties compared to the input real world layouts. Three-dimensional visualization on the right shows the flow
of human crowds in a shopping mall created using the synthesized layout on the left.

Abstract

1

We propose a novel approach for designing mid-scale layouts by
optimizing with respect to human crowd properties. Given an input layout domain such as the boundary of a shopping mall, our
approach synthesizes the paths and sites by optimizing three metrics that measure crowd flow properties: mobility, accessibility, and
coziness. While these metrics are straightforward to evaluate by a
full agent-based crowd simulation, optimizing a layout usually requires hundreds of evaluations, which would require a long time
to compute even using the latest crowd simulation techniques. To
overcome this challenge, we propose a novel data-driven approach
where nonlinear regressors are trained to capture the relationship
between the agent-based metrics, and the geometrical and topological features of a layout. We demonstrate that by using the trained
regressors, our approach can synthesize crowd-aware layouts and
improve existing layouts with better crowd flow properties.

Computational layout design methods have gained more and
more research attention in recent years [Parish and Müller 2001;
Michalek et al. 2002; Aliaga et al. 2008; Vanegas et al. 2009; Merrell et al. 2010; Peng et al. 2014; Peng et al. 2015]. The main
advantage of such methods is that they enable users to focus on
high-level design specifications while shifting the tedious low-level
operations to computers. Among various factors governing a good
layout design, the human factor is critically important, because human activities and architectural layout designs are closely coupled.
As Pritzker Prize-winning architect Thom Mayne further noted, “I
absolutely believe that architecture is a social activity that has to do
with some sort of communication or places of interaction, and that
to change the environment is to change behavior.” Examples supporting this observation are evident in everyday’s layout designs.
A well-designed, highly-accessible theme park, where attractions,
facilities and pathways are conveniently laid out, can lead to high
satisfaction of visitors of different age groups [Niles 2012; Clave
2007]. In contrast, a badly-designed shopping mall, where shops
and facilities are faultily-connected, can result in frustrating visiting experience and low usage [D. Beyard et al. 2006; Brown 1999].
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“The aesthetic of architecture has to be rooted in a broader idea about
human activities like walking, relaxing and communicating.
Architecture thinks about how these activities can be given added
value.”
— Thom Mayne
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Introduction

Previous methods for layout design have mainly focused on either
large-scale urban planning (e.g., city layout design) where human
factors are considered in a macroscopic level such as distribution
of population and jobs [Vanegas et al. 2009], or small-scale residential design (e.g., furniture layout design) where the focus is on
generating a decent living environment (such as a living room) for
individuals [Yu et al. 2011; Merrell et al. 2011]. In neither case are
human crowd properties the major considerations. The design of
mid-scale environments and social places such as shopping malls,
theme parks, train station buildings and university campuses, where
large crowds of visitors meet and move about, are relatively less
studied. We dub this type of layouts with a scale intermediate between the scales of urban and residential layouts, and where human
activities represented by crowd flows are the major considerations,
mid-scale layouts. The goal of this paper is to put human activities back into the layout design loop, and synthesize crowd-aware
mid-scale layouts that are optimal with respect to the flow of human
crowds.
We propose to focus on aggregate human crowd flow properties,
such as mobility and comfort, for layout designs of mid-scale envi-

ronments by using crowd simulation. Crowd simulation is a standard tool in evaluating the safety level offered by a manual design in
engineering. In this work, we take a step further by using the metrics obtained from crowd simulation to design and optimize a layout
automatically. Note that even in the state-of-the-art crowd simulation software (e.g., PathFinder [2016], AnyLogic [2016], MASSIVE [2016]), while the simulation results could inform the planner
about the potential problems inherent in the layout design, the modifications necessary for improving the design still largely rely on the
planner’s manual efforts and experience. Such modifications can be
difficult to make in view of the complex human-layout interaction.
We propose an optimization framework that takes into account the
crowd flow properties, namely, mobility, accessibility and coziness,
extracted from an agent-based crowd simulation.
Each full agent-based crowd simulation, however, can take up to
minutes to compute. It would be computationally too costly to evaluate the agent-based metrics directly from a full simulation for every iteration of the optimization. To make our approach more practical, we propose a novel data-driven regression method to capture
the relationship between the agent-based costs, and the geometric
and topological features of the layout. This way, we can instead
optimize against the approximated agent-based costs predicted by
the trained regressors, and thus achieve interactive performance.
Our experiments show that approximating by regressors leads to
a speedup of two orders of magnitude, while achieving similar performance and end results as using full simulation, hence making it a
practical choice for incorporating human crowd considerations into
a layout design tool.
Layout synthesis and crowd simulation are both important areas in
computer graphics. By proposing crowd-driven layout design, we
hope to integrate the merits from both areas in order to generate
layouts not only optimal with respect to architectural design principles or functional requirements, but also comfortable for human
beings or digital avatars who will eventually visit these facilities in
real life or in virtual worlds.
The major contributions of our work are:
• introducing a novel approach for generating crowd-aware
mid-scale layouts optimized with respect to human crowd
flow properties: mobility, accessibility, and coziness. These
properties are captured by novel agent-based costs evaluated
through crowd simulations.
• circumventing the expensive computations of agent-based
costs by approximating the relationships between human
crowd flow properties and various layout features with the
outputs of pre-trained non-linear regressors. The approximation enables our approach to synthesize layouts quickly and to
support interactive layout design.
• demonstrating the novel applications of the proposed approach for automatically generating a variety of crowd-driven
layout designs, changing layout styles with respect to agent
properties, and remodeling and improving existing layouts.

2

Related Work

Recent work in layout design has focused on automatic space planning and allocation problems, which are often approached in two
different scales in graphics: urban-scale and residential-scale.
Urban-scale Layout Modeling. Urban-scale modeling spans a
wide range of topics across computer graphics and vision, including geometry acquisition, layout modeling, street modeling, facade
modeling, simulation and behavioral modeling, etc. Please refer to
the survey paper [Aliaga 2012] for a good overview. In this paper,
we focus on the literature about layout modeling, i.e., the spacial
arrangement of layouts.
To design an urban layout, most existing computational approaches
follow a streets-then-parcels paradigm: first generate a street net-

work; then subdivide the blocks surrounded by streets into parcels.
Parish and Müller [2001] first adopted this approach to generate
urban streets and parcels using L-systems [Prusinkiewicz and Lindenmayer 1996]. Sun et al. [2002] proposed a rule-based rewriting
approach to generate road networks for city modeling. Galin et
al. [Galin et al. 2010; Galin et al. 2011] applied procedural modeling to generate hierarchical road networks. Weber et al. [2009] proposed a street expansion algorithm to simulate three-dimensional
urban models over time. Aliaga et al. [2008] presented an urban layout synthesis algorithm which utilizes attributed intersection points
and aerial-view images. Chen et al. [2008] used tensor fields to
design and edit urban models and guide street generation. Nishida
et al. [2015] synthesized road networks from examples. Beneš et
al. [2014] grew procedural road networks for cities by simulating
traffic with neighboring cities. Vanegas et al. [2009] devised an interactive system using geometrical and behavioral modelling for designing urban spaces, and later on a procedural modeling system for
generating geometrically and functionally plausible parcels [Vanegas et al. 2012b].
More recently, Yang et al. [2013] added global optimization to their
hierarchical splitting method to guarantee the fairness and regularity of the generated streets and parcels. Different from the above
methods, Peng et al. [2014] tiled a layout domain with deformable
meshes which are geometrically optimized to further reduce shape
registration errors, without producing streets in advance. Their subsequent work [Peng et al. 2015] focuses on computationally creating layouts starting from high-level functional specifications, by
posing an integer programming-based approach driven by topological constraints and scores.
Compared to the previous works, a major novelty of our approach
is layout optimization with respect to different human criteria, for
example, ease of movement and comfort. While it is difficult to encode these human criteria in procedural rules, evaluating them using
an agent model is straightforward. Our approach allows a user to
synthesize people-oriented layout designs, by intuitively specifying
agent properties, without the need to manipulate procedural rules.
Most related to our work is the urban procedural modeling system proposed by Vanegas et al. [2012a]. However, their objective
is to generate a urban-scale city layout populated with thousands
of buildings, while our objective is to generate a mid-scale layout
comprising of functional sites (e.g., shops, facilities) where humans
can navigate and socialize. Their system are optimized against
macroscopic criteria such as sunlight exposure and landmark visibility which are important for urban-scale (outdoor) layout design.
In contrast, we incorporate human navigation and perception with
agent-based models, and optimize against crowd properties such
as mobility and coziness which are important for mid-scale (mainly
indoor) layout design. In addition, they trained their neural network
to adjust parameters of procedural rules to achieve desirable layouts
corresponding to given indicators, while the parameters of our optimization and simulation stay fixed. We train regressors to approximate agent-based costs originally obtained by full crowd simulation
in order to generate crowd-aware layouts at interactive rates.
Residential-scale Layout Modeling. Traditional approaches focused on exhaustively searching for possible layout designs over a
certain number of rooms [Galle 1981], or over all partitions of a
grid [Shaviv 1974]. Michalek et al. [2002] proposed an evolutionary algorithm to generate layouts for single-story, rectangular apartments, using connectivity relationships between rooms. Harada et
al. [1995] presented an approach which supports interactive manipulation of architectural layouts by shape grammars.
More recently, Merrell et al. [2010] devised an approach to generate residential floor-plans from a set of high-level user requirements. Liu et al. [2013] proposed a pipeline for generating floor
plans of precast concrete-based residences by conforming to functional, design and fabrication constraints. Yu et al. [2011] proposed
an automatic approach and Merrell et al. [2011] devised an interactive tool for designing furniture layouts. Fisher et al. [2015] synthe-
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Figure 3: The layout of a shopping mall used as our illustrative
example.
Figure 2: Overview of our approach.
sized functional 3D scenes by deducing possible human activities.
Most recently, AlHalawani and Mitra [2015] proposed an approach
for optimizing object placement in a warehouse by analyzing traffic
congestion. Differently from these approaches, our work focuses
on using human flow properties such as coziness and mobility for
synthesizing mid-scale architectural layouts.
Crowd Simulation for Layout Evaluation. Crowd simulation is
an important topic in computer graphics and virtual reality, mainly
for generating realistic animations of crowds or populating virtual
environments with realistic agents. We refer the interested readers to a few excellent surveys for a comprehensive overview [Pettré
et al. 2008; Huerre et al. 2010]. Crowd simulation has also been
used extensively for the analysis, evaluation, and visualization of
building designs and urban plans in engineering and architecture [Li
and Liu 2008; Huerre et al. 2010; Aschwanden et al. 2011]. The
crowd simulation results help architects and urban planners make
informed decisions about their design with humans in the loop,
as the ultimate criteria of a good design is to simultaneously improve the quality of life and the sustainability of the created environment. Among the various simulation methods available in the
literature, agent-based simulation methods are commonly used for
layout evaluation due to their simplicity, generality and flexibility.
We first demonstrate our framework with an agent-based simulation
method. We then show that our approach can employ two more
advanced simulation methods as well, namely, PEDSIM [2016],
which is based on the social force model [Helbing and Molnar
1995], and Continuum Crowds [2006], which is based on continuum dynamics.
Quite unique to our work is that crowd simulation is utilized not
only for evaluating a final layout design, but also for generating the
design automatically and improving the design interactively. This
is achieved by integrating the crowd simulation results into an optimization objective. Therefore the optimization framework needs to
trigger the simulator numerous times in order to find a good design.
For illustrating our framework, we use an agent-based simulation
method which models agents’ navigation with a state machine. We
ignore inter-agent collisions as we mainly care about crowd flow effects rather than individual agent motions. We demonstrate that our
framework can be used to synthesize different crowd-aware midscale layouts according to different agent properties and visiting
habits, which can be easily specified by users.

3

Overview

Figure 2 shows an overview of our approach. Given an input layout domain, e.g., boundary of a shopping mall, our goal is to automatically synthesize crowd-aware mid-scale layouts which are optimal with respect to agents’ comfort and ease of movement. This
is achieved by optimizing a layout against estimated agent-based
costs and user-directed prior costs. The agent-based costs evaluate the experience perceived by agents navigating in the layout, in

terms of mobility, accessibility and coziness. The prior costs encode the design goals that influence the layout to be synthesized,
such as the floor area ratio. The layout is iteratively updated until it
converges to an optimal layout.
Our approach consists of two parts: offline training and online layout optimization. Ideally, the agent-based costs should be computed
directly by performing an agent-based simulation in the layout for
each iteration of the optimization. However, a typical optimization requires hundreds of iterations and thus takes hours to compute, even with a simplified agent-based model where more sophisticated features such as collision avoidance are turned off. We thus
first model the relationship between the geometrical and topological features of layouts and their corresponding agent-based costs by
performing nonlinear regression on a database of real world layout
examples.
With the trained regressors, we can predict the agent-based costs
fast enough with high accuracy. Together with the prior costs which
encode different priors such as the desired total number of sites and
the desired number of sites of each type, we can optimize a layout
in about 2 to 5 minutes instead of hours. In the following, we will
first discuss our layout representation. Then we will focus on the
agent-based costs and the nonlinear regression. Finally we will detail our stochastic optimization method and the layout modification
strategies.

4
4.1

Problem Formulation
Layout Representation

Figure 3 shows a layout of a shopping mall which we use as our illustrative example, and its graph representation. Similar as the floor
plans of many common public places (e.g., train station buildings,
shopping malls), each layout φ comprises a set of sites separated by
a set of paths, and a number of entrances where agents can enter or
leave the layout.
Site. Each site is represented as a polygon and is associated with
a functional type. For example, for a shopping mall, a site can be
designated as a restaurant, a shop, or a restroom, etc. Each site also
has a few doors accessible from its adjacent paths, through which
an agent can enter or leave the site.
Path. Each path is represented as a straight line or a curve. A path
can connect to either another path, a door to a site, or a layout’s
entrance, at its start or end point. A path has a certain length and
width, which determine the number of agents it can accommodate.
Graph. To facilitate our subsequent computation, we construct a
graph G = {V, E} for each layout. Figure 3(b) shows the graph
of the example layout. Each node v ∈ V refers to either an intersection between two paths, a door to a site, or a layout’s entrance.
Each edge e ∈ E refers to a path. Two nodes are connected by an

edge in the graph if their corresponding elements (e.g., two doors)
are connected by a path in the layout.

4.2

Optimization Objective

We formulate our problem as follows. Given an input layout domain (Figure 2), a user-specified boundary within which sites and
paths can be generated, we search for a crowd-aware layout φ∗ by
minimizing a total cost function:
C(φ) = CA wA T + CP wP T ,

(1)

where CA = [Cm , Ca , Cc ] is a vector of agent-based costs and
wA = [wm , wa , wc ] is a vector of weights. Cm , Ca and Cc encode the agent-based considerations: mobility, accessibility and coziness. CP is a vector of prior costs and wP stores the weights of
these costs. The prior costs encode the priors specific to the type of
the layout to be synthesized.
Ideally, the agent-based costs are evaluated based on the agents’
perception in an agent-based simulation conducted in the current
layout φ. However, it is too costly to be practical. Instead, we optimize against the agent-based costs approximated by our regressors,
CˆA = [Cˆm , Ĉa , Ĉc ]. The approximated total cost function Ĉ(φ) is
given by:
Ĉ(φ) = CˆA wA T + CP wP T
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(2)

Agent-based Simulation

Note that while eventually we will optimize against the regressorapproximated costs Cˆm , Ĉa and Ĉc , to train the regressors beforehand, we still need to run crowd simulations on a set of layouts and
obtain their agent-based costs Cm , Ca and Cc . We first employ an
agent-based simulation model as will be described below. We further test our framework with two other crowd simulation models in
Section 9.

5.1

Agent Model

Agents represent human visitors of a layout. As our focus is on
using agents to measure the convenience and coziness offered by
a layout, rather than to generate a highly realistic crowd simulation for visualization or animation purposes, we use a simple
agent model that focuses on the i) navigation behavior (movement),
ii) perception of crowding (density) and iii) locomotion (walking
speed) of the agent. Similar agent models have been used in the
literature [Tu and Terzopoulos 1994; Shao and Terzopoulos 2005;
Narain et al. 2009; Li et al. 2012]. But we tailor the model specific
to our problem domain of layout design, and we do not consider
collision detection nor a sophisticated cognitive model. Table 1 depicts some of our agents’ properties. In the following we describe
how we model our agents in detail.
5.1.1

Navigation

The navigation behavior of each agent η is controlled by a state machine, akin to the common practice in previous crowd simulation
work [Tu and Terzopoulos 1994; Yu and Terzopoulos 2007]. For
the illustrative shopping mall example, we use a state machine depicted in Figure 5 to simulate shoppers, inspired by previous studies
on shopping behaviors [Ali and Moulin 2005; Castillo et al. 2009].
An agent’s state can be either think, walk or visit at any particular
time. An agent’s state is think when it is deciding the next destination site to walk to. Its state is walk when it is walking on a path
towards a destination site. Once an agent enters a site, its state becomes visit. An agent visits a site for a certain length of time which

Navigation
start time
total length of visit
visiting sequence
state

Example Value
9:00 am
90 min
restaurant → shop → restroom
visit

Perception
social distance

1.82 m

Locomotion
age
default walking speed
actual walking speed

21
1.50 m s−1
0.82 m s−1

Table 1: Properties of an example agent.

Dining Electronics Fashion Facilities Cosmetics,
& IT
Lifestyle
& Supermarket
45 min 10 min
15 min
5 min
15 min

Table 2: Length of visit for different site types.

depends on the site type. For simplicity, we set a fixed length of
visit for each site type, as depicted in Table 2.
An agent enters the layout at a certain start time, and navigates
in the layout for a certain length of time, referred to as the total
length of visit. Each agent has a visiting sequence in mind, which
specifies the types of sites the agent plans to visit in a particular
order. For example, in a shopping mall layout, an agent may want
to go to a restaurant, a shop, a restroom and then leave the layout.
The visiting sequence is determined by the category of the agent’s
visiting habit in a particular environment. For example, marketing
research [Bloch et al. 1994] generally classifies shoppers into four
categories according to their shopping habits, enthusiasts, traditionalists, minimalists and grazers (refer to our supplementary material
for details). In synthesizing shopping malls, we thus allow the user
to assign agents to one of these four categories. Each category is associated with a different visiting sequence which reflects shopping
habits. For example, grazers tend to spend more time on dining.
5.1.2

Perception

In a crowded place, a person can perceive the behavior of others usually only within a certain distance. Most social activities
take place within a social distance ranging from 1.219 m (4 ft) to
3.685 m (12 ft) between two people [Hall 1990; Narain et al. 2009].
Accordingly, we define the social distance rη for agent η as:
rη = rmin + ξr (rmax − rmin ),

(3)

where ξr is a uniformly distributed random number between 0 and
1; rmin = 1.219 and rmax = 3.658 are the lower and upper bounds
of the social distance. We include the randomness ξr as different people may have different social distances and perceptions of
crowding [Machleit et al. 2000].
Baseline Crowd Density. If there is no other agent within an
agent η’s social distance, agent η will perceive only one agent (i.e.,
itself) within its social distance. In this scenario, agent η perceives
a baseline crowd density ρbase
given by:
η
ρbase
=
η

Walking Crowd Density.

1
rη2 π

(4)

An agent perceives a walking crowd

(a) Walking Crowd Density

(b) Visiting Crowd Density

Figure 4: Computing the (a) walking crowd density and (b) visiting
crowd density.
Figure 5: State machine of an agent.
density when it is walking on a path, defined as follows:
ρwalk
=
η

Nηwalk
T
,
Area(Sη Pη )

5.2

where Sη is the circle centered at η’s current location, with a radius
equal to η’s social distance rη ; Pη is the pathTη is walking on;T
Nηwalk
is the number of agentsT
within the region Sη Pη ; Area(Sη Pη )
returns the area of Sη Pη . See Figure 4(a) for an illustration. η
base
starts to perceive crowding if ρwalk
> ρbase
and ρwalk
η
η . We use ρη
η
in order to compute η’s walking speed (Section 5.1.3).
Visiting Crowd Density. On the other hand, an agent perceives a
visiting crowd density when it is visiting a site, defined as follows:
ρvisit
η

Nηvisit
=
,
Area(Kη )

To evaluate a layout, we run an agent-based simulation using the
agent model defined above. We keep track of agents’ traversal experience, including their traversal paths, walking speeds, and perception of crowding. These will be used to compute the agent-based
costs for evaluating the layout design.
More specifically, after building the graph of the layout and initializing the agents, we start our simulation, which progresses iteratively at a regular time interval (e.g., 1 second). At each iteration,
it updates the status of each agent η according to the agent’s state
machine (depicted in Figure 5), as follows:
1. If the time reaches η’s start time, η enters the layout from a
randomly selected entrance. η’s state changes to think.

(6)

2. If η’s state is think, η determines the next site type to visit
according to its visiting sequence. Then η finds a shortest path
to a destination site of that site type. In case η has visited sites
of all site types specified in its visiting sequence, or its visiting
time is up, η finds the shortest path to the nearest entrance to
leave the layout. In any case, η’s state changes to walk.

where Kη is the site that η is visiting; Nηvisit is the number of other
agents that are also visiting Kη currently; Area(Kη ) returns the
area of site Kη . See Figure 4(b) for an illustration. η starts to
perceive crowding if ρvisit
> ρbase
η
η . In computing the coziness cost
(Section 6.1), we use ρbase
and ρvisit
η
η .
5.1.3

3. If η’s state is walk, η’s position is updated according to its
actual walking speed. In case η is planning to visit a site and
it reaches the destination site, η’s state changes to visit. In case
η is planning to leave the layout and it reaches the destination
entrance, it just leaves the layout.

Locomotion

Default Walking Speed. Like a real human, each agent has an age,
which determines its default walking speed. Studies [TranSafety,
Inc 1997] found that the average walking speed of pedestrians aged
65 or above is 0.889 to 1.083 m s−1 , while that of pedestrians aged
below 65 is 1.042 to 1.508 m s−1 . Accordingly, we define the default walking speed dη for agent η as:
dη = dmin + ξd (dmax − dmin ),

(7)

where ξd is a uniformly distributed random number between 0
and 1; if agent η is aged 65 or above, dmin = 0.889 m s−1 and
dmax = 1.083 m s−1 , otherwise dmin = 1.042 m s−1 and dmax =
1.508 m s−1 .
Actual Walking Speed. In general, people’s walking speeds drop
when the walking crowd density increases [Fang et al. 2003]. Accordingly, we define the actual walking speed vη for agent η as:
vη = max(

ρbase
η
dη , vmin ),
ρwalk
η

Simulation Model

(5)

(8)

where vmin = 0.3 m s−1 is a lower-bound walking speed in a
jam [Older 1964]. Essentially, vη drops if more agents are present
within η’s social distance.

4. If η’s state is visit, η just stays in the site. When it has finished
visiting, η leaves the site at a door node, and its state changes
to think.
The simulation ends when all agents have left the layout.

6
6.1

Cost Functions
Agent-based Costs

An key component of our work is to optimize a layout with respect to agents’ comfort and ease of movement. We achieve this by
encoding these considerations in our agent-based costs, which can
be evaluated quantitatively from an agent-based simulation. These
agent-based costs are integrated into the total cost function (Equation (1)) to drive the optimization of a layout to become crowdaware. We define three agent-based costs, namely, Mobility, Accessibility and Coziness, as depicted in Figure 6.
Mobility. A layout should be designed such that visitors can walk
smoothly at their natural walking speed. A badly-designed layout,
such as one with overly-narrow path, may frequently result in the
formation of crowds which slow down people’s movement.
We use the agents’ walking speeds to evaluate a layout. According
to our agent model (Section 5.1.3), an agent’s default walking speed

Low Cost

High Cost

Low Cost

(a) Mobility

High Cost

(b) Accessibility

(c) Coziness

Figure 6: Agent-based costs. (a) Mobility cost is low if agents walk smoothly at their default walking speed, and it is high if their movement
is impeded by crowd; (b) Accessibility cost is low if agents only need to walk short distances to reach their destination sites, otherwise it is
high; (c) Coziness cost is low if sites are not too crowded or too empty, otherwise it is high.
dη refers to the maximum walking speed it can attain in the absence
of any crowd effect. An agent’s actual walking speed vη refers to
the lowered speed in the presence of a crowd. To favor agents to
walk at their default walking speed dη , we define the mobility cost
Cm as:
1 X v̄i
Cm (φ) = 1 −
,
(9)
N i di
where N is the total number of agents; v̄i is the average walking
speed of the ith agent throughout the simulation; di is its default
walking speed. Note that v̄i ≤ di .
Accessibility. Ideally, an agent should be able to find sites of all
site types it plans to visit (specified in its visiting sequence) in the
layout. Moreover, the agent does not have to walk a long distance to
visit all these sites consecutively. To encode these considerations,
we define the accessibility cost Ca as:
1 X 1 X
li,j ,
Ca (φ) =
N L i ki j

(10)

where N is the total number of agents; ki is the number of sites that
the ith agent plans to visit; li,j is the distance the ith agent needs to
walk from the (j − 1)th site (or an entrance if it just begins) to
the j th site (or an entrance if it is leaving) according to its visiting
sequence; L is a normalization constant which is set to twice the
contour length of the input layout domain. If the ith agent cannot
find a site of the j th type it plans to visit, li,j is set to L.
Coziness. People prefer to visit cozy places. The coziness of
a layout is reflected by the visiting crowd density the agents perceive when visiting sites. Studies [Ng 2003] found that either an
extremely low or high crowd density would degrade the perceived
level of coziness. For example, a boutique which is too empty or
too crowded would appear as uncozy. We define the coziness cost
Cc as:

Cc (φ) =

2 i
(ρvisit
1 X 1 Xh
i,j − µ)
1 − exp(−
) ,
N i qi j
2σ 2

(11)

where N is the total number of agents; qi is the total number of
iterations that the ith agent spends visiting a site; ρvisit
i,j is the visiting
crowd density the ith agent experiences at the j th iteration when it
ρbase

is visiting a site. We set µ = ρbase
and σ = i2 , where ρbase
is the
i
i
th
i agent’s baseline crowd density. Essentially, it penalizes if ρvisit
i,j
is either too low or too high with respect to ρbase
i .
Figure 7 depicts the importance of the agent-based costs by showing
the defective layouts synthesized with each of the agent-based costs
being omitted.

(a) No Mobility

(b) No Accessibility

(c) No Coziness

Figure 7: Layouts synthesized with one of the agent-based costs
omitted. (a) Without the mobility cost term, some of the paths become undesirably narrow. (b) Without the accessibility cost, some
of the sites are not conveniently connected by paths. (c) Without the
coziness cost term, some of the sites are excessively small or big.

6.2

Prior Costs

The prior costs in Equation (1) encode the design goals that influence the layout to be synthesized. We consider three prior costs:
the prior total number of sites; the prior number of each type of
sites; and the prior ratio of sites’ area to layout area (commonly
known as floor area ratio). These prior values can be learned from
training layout data, or manually specified by users depending on
the requirements for the type of layouts to be synthesized. Taking
the prior total number of sites as an example, a regional mall (with
size from 40 to 100 acres) usually consists of 40 to 80 stores while
a neighborhood shopping center (with size from 3 to 5 acres) consists of 5 to 20 tenants [ICSC 2015]. Further details of the prior
costs can be found in our supplementary material.

7

Approximation by Regression

Theoretically, we could run an agent-based simulation for each
evaluation of the agent-based costs during the layout optimization.
However, such an approach is too costly to be practical. A simulation of 1000 agents navigating in a layout for 2 simulated hours
with a regular time step of 1 second would take 2 to 5 minutes, corresponding to about 7.2 million agent updates in total. Moreover,
optimizing a layout requires hundreds of iterations of such evaluations, which would take about 10 to 25 hours in total. We include
further analysis about the choice of time step and reliability of the
simulation data to justify the use of nonlinear approximation in our
supplementary material.
We thus learn the relationship between layout features and the
agent-based costs obtained from a full simulation through nonlinear regression. Then we can use the trained regressors to predict
(approximate) the agent-based costs for a new layout, without the
need of a full-blown simulation. Our trained regressors can predict
the agent-based costs reasonably well in about 0.5 to 2 seconds,
compared to 2 to 5 minutes needed for running one full simulation,
making them practical to be used for layout optimization. We note
that AlHalawani et al. [2014] trained classifiers to distinguish city
styles from layout features, while Vanegas et al. [2012a] used neural
networks to predict how well a city generated by a certain set of procedural rules and their parameters would satisfy some macroscopic
requirements such as ensuring enough sunlight exposure. We in-

Accuracy

Mobility

Accessibility

Coziness

91.78%

89.98%

97.09%

All Agent-based
Costs
95.24%

Table 3: Prediction accuracy by random forests regressors.
Cost
Mobility

Accessibility

Coziness

Figure 8: Comparing the costs computed by full simulation and
approximated by our regressors, for layouts synthesized throughout
the optimization of our illustrative shopping mall example.

stead train regressors to capture the relationship between the agentbased metrics, and the geometrical and topological features of a
layout, in order to synthesize layouts without running full-blown
crowd simulations.

7.1

Layout Features

We select various features representing the geometric, topological,
and general characteristics of a layout for the nonlinear regression.
The geometric features include statistics related to the path length,
path width and the site area. The topological features include statistics related to the node and edge valence of the graph, and the travel
distance. The general features include statistics related to the site
type, the path-to-site ratio, centrality, and so on. The definitions of
the layout features can be found in our supplementary material.

mization of the shopping mall layout used for illustration (this layout is not used for training). The overall accuracy is about 95.24%.
Table 4 shows the top three important features for predicting each
agent-based cost found in training our random forests regressors.
Edge Width affects the walking crowd density and hence the walking speed of agents, and is highly related to the prediction of the
mobility cost. Travel Convenience encodes the distance between
any two sites, and is highly related to the prediction of the accessibility cost. Site Area affects the visiting crowd density perceived by
agents, and is highly related to the prediction of the coziness cost.

Layout Optimization

Training

To prepare our training data, we collected about 20 layouts for each
category (shopping malls, theme parks, train station buildings, campuses). In total, we collected about 80 layouts from different parts
of the world and included both positive and negative examples, as
evaluated by AnyLogic [2016] and PathFinder [2016]. We used ArcGIS [ESRI 2016], a geographical information systems software, to
digitize the collected layouts into standard spatial data format.
For each layout, we ran agent-based simulations using different
numbers of agents (1000, 2000 and 3000) for different numbers of
simulated hours (1 hour and 2 hours). Altogether we have 6 combinations of settings for each layout, giving us 480 training samples
in total. For each training sample, we extracted the layout features
(Section 7.1) and computed the agent-based costs (Section 6.1) to
train our regressors.
We choose Random Forests, an ensemble learning method known
to be robust to outliers and overfitting, for our nonlinear regression
task [Liaw and Wiener 2002]. Our experiments reveal that Random
Forests regressors achieve better accuracy than alternative methods,
such as AdaBoost. For more details of the random forests regressors, please refer to our supplementary material.

7.3

Importance
21.51%
16.19%
15.28%
28.57%
15.76%
14.65%
26.03%
14.66%
9.16%

Table 4: Important features for predicting each agent-based cost
found in training our random forests regressors. The top three important features are listed. Each percentage refers to the degree by
which the prediction of each cost relies on each feature.
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7.2

Feature
Edge Width
Travel Distance
Betweenness Centrality
Travel Convenience
Node Valence
Closeness Centrality
Site Area
Path Area Ratio
Site Histogram

Prediction

We use the regressors trained offline for runtime optimization. That
is, in each iteration of the optimization, instead of running a full
simulation to compute the agent-based costs, we extract the layout
features from the current layout, and feed them into the trained regressors to obtain the approximated agent-based costs, Cˆm , Ĉa and
Ĉc (Equation (2)). Figure 8 and Table 3 show the trends and prediction accuracies of different agent-based costs throughout the opti-

We synthesize crowd-aware layouts by optimizing against the approximated total cost function (Equation (2)). The agent-based considerations ensure that the synthesized layouts are optimal with respect to comfort and ease of movement. This optimization problem
has a highly complex solution space with multiple local minima,
mainly due to the interdependency of the paths and sites, and their
non-convex relationships with the agent-based costs. Thus it is difficult to obtain a closed-form solution, if possible at all.
We therefore use a stochastic optimization technique, namely,
simulated annealing [Kirkpatrick et al. 1983] with a MetropolisHastings [Metropolis et al. 1953; Hastings 1970] state-searching
step to search for an optimal layout, akin to other recent layout synthesis works [Merrell et al. 2010; Vanegas et al. 2012a; Yu et al.
2012; Bao et al. 2013]. Due to its stochastic nature, the technique
can be applied multiple times to synthesize different optimal layouts. We refer the reader to our supplementary material and the
literature for further details of simulated annealing.
Figure 9 shows the layouts of the example shopping mall synthesized at different iterations of the optimization process. We terminate the optimization when the percentage decrease in the approximated total cost Ĉ(φ) is lower than a small threshold. The
optimization typically requires 300 to 400 iterations. The whole
optimization takes about 2 to 5 minutes using regressor approximation, compared with 10 to 25 hours using full simulations.
Figure 10 compares layouts synthesized by optimization using full
simulation (Equation (1)) and using the regressors (Equation (2)).
For each of the final layouts, we also run a full simulation to compute the total cost, to verify that the total cost does decrease to a
small value. The comparison shows that the layouts synthesized
using the regressors closely resemble those synthesized using full
simulation, qualitatively and quantitatively.

(a) Input Layout Domain

C(φ) = 2.36

C(φ) = 1.68

C(φ) = 1.35

C(φ) = 0.92

(b) 50 Iterations

(c) 100 Iterations

(d) 150 Iterations

(e) 320 Iterations (result)

Figure 9: Layouts synthesized at different iterations by optimizing against the approximated total cost, Ĉ(φ). At each iteration shown, we
also show the original total cost C(φ) computed by a full simulation.

8.1

Proposal Moves

We devise a set of proposal moves φ → φ0 to alter the layout and
explore the solution space effectively throughout the optimization.
Figure 11 depicts these moves. Some moves alter the layout significantly, allowing our optimizer to rapidly explore the space of
possible layouts and escape local minima, while other moves alter
the layout slightly, allowing our optimizer to gradually refine the
solution.

C(φ) = 1.13

C(φ) = 0.81

C(φ) = 0.98

(a) Full Simulation

Sliding Boundaries. The common boundary between two or more
sites is slid to change the shapes of the sites slightly.
Changing Path Widths. A randomly-selected path is narrowed
or widened. This operation also changes the shapes of the sites
adjacent to the path.
Changing Site Types. A site is randomly selected and its type is
changed.
Adding and Removing Paths. Adding a path refers to turning
the common boundary between two or more sites into a new path.
Removing a path refers to turning a path between two or more sites
into their common boundary. A connectivity check is done before
removing any path, to ensure that all sites still remain reachable
after removing the path.
Merging and Splitting Sites. Existing sites are merged into bigger
sites, or split into smaller sites.
Swapping Blocks. A block is a group of sites surrounded by
paths. Two randomly selected blocks exchange the number of sites
and type of sites within, and go through a series of splitting and
assignment to redesign the layout at the block level. Essentially the
sites within the blocks are swapped, and their shapes can change
too. This move usually leads to a significant change in the total
cost, and can help our optimizer jump out of a local minimum.
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Results

We implemented our framework as an interactive layout modeling
tool using C# and the .NET Framework. For the training part, we
used the random forests regressor provided by scikit-learn [INRIA
2016] in Python. We measure the performance of our prototype on
an Intel Core i7-3930K machine running at 3.2 GHz with 8 GB of
RAM. In our simulation, we set the agents’ total length of visits to
1.5 simulated hours unless otherwise specified. All agents enter the
layout in the first 0.5 hour, and our simulation runs for 2 simulated
hours.
Different Layouts.
We have synthesized layouts for different
types of mid-scale structures: Mall 1, Mall 2, Theme Park, Train
Station Building and Campus. The original layouts are real world
layouts in North America and Asia. Theme Park refers to the layout
of Disneyland in Tokyo. We set the number of agents to 1000 for
Mall 2, 2000 for Mall 1 and Campus, and 3000 for Train Station
Building and Theme Park. Figure 12 shows the layouts synthesized
by our system using the boundaries of real world layouts. We in-

C(φ) = 0.78

C(φ) = 0.98

C(φ) = 0.88

(b) Approximation by Regressors
Figure 10: Layouts synthesized by optimizing against the agentbased costs (a) computed by full simulation and (b) approximated
by regressors. For each layout shown, we also run a full simulation
to show the original total cost, C(φ). The initial layouts from which
these layouts are synthesized have C(φ) = 4.30 to C(φ) = 5.00.

(a) Slide Boundary

(b) Change Path Width (c) Change Site Type

(d) Add & Remove Path (e) Merge & Split Sites

(f) Swap Blocks

Figure 11: Different proposal moves.
clude the training details and the computation time needed for all
the syntheses in our supplementary material.
For Mall 1, we can synthesize sites of different types around the
atrium. The atrium, which serves as a place for exhibitions and
entertainment activities, is treated as a hard constraint. Sites of different types are synthesized around it. Our accessibility cost helps
distribute the facilities evenly throughout a layout, to ensure easy
access from any site; it also encourages the addition of small paths
(shortcuts) throughout a layout, to provide easy access between
sites, and avoid crowding and congestion.
For Mall 2, the original mall shows a poor design with narrow
paths, cramped stores and an inconvenient distribution of shops
and facilities. Our system synthesizes layouts with wider paths and
reasonably-distributed sites (especially for Facilities, and Electronics & IT). Our supplementary material includes the heat map visualizations of a remodeled layout, which show improved agent-based
costs compared to the original layout.
For Train Station Building, we set an open space near the middle
by assigning a fixed rectangular atrium (for Synthesis 1) or circular
atrium (for Synthesis 2). Our syntheses usually form an interesting

Mall 1
Mall 2
Train Station Buidling
Theme Park
Campus
Real World Layout

Synthesis 1

Synthesis 2

Synthesis 3

Synthesis
(PEDSIM)

Synthesis
(Continuum Crowds)

Figure 12: Different types of crowd-aware layouts synthesized by our approach.
symmetric pattern around the open space. We lengthen the think
phase of the agents’ state machine by 20 to 30 simulated seconds, to
mimic the delay in decision-making due to uncertainty commonly
encountered in a train station. In all syntheses, as all agents need
to visit the Ticket & Information Service site at some point (which
is specified in their visiting sequences), our optimizer either places
the Ticket & Information Service site in the middle (in Synthesis
1) to make it easily accessible in accordance with the accessibility
cost; or sets it big (in Synthesis 2 and 3) so that it can accommodate
more agents simultaneously in accordance with the coziness cost.
For Theme Park, akin to the real world layout, we allow the addition
of curved paths and circular sites, which our proposal moves in Sec-

tion 8.1 can handle as well. However, our proposal moves cannot
generate the sites with complex shapes observed in the real world
layout, such as the Water sites around the center lawn and inside the
mountains. In Synthesis 1, we set the river surrounding the layout
as a hard constraint. Our system is able to synthesize sites representing lawn, mountain, accommodation, and so on, to populate the
layouts. We set the agents to behave like theme-park visitors: most
of them want to visit Ride & Entertainment sites multiple times.
Accordingly, in each layout our optimizer places multiple Ride &
Entertainment sites, which are connected by circular paths to ensure
convenient access from one another.
For Campus, as students who live in the dormitory need to visit

Mall 1
Train Station Building
Theme Park

Synthesis

Real World Layout

Synthesis

Real World Layout

Synthesis

Real World Layout

Synthesis

Real World Layout

Synthesis

Real World Layout

Synthesis

Real World Layout

Synthesis

Real World Layout

Synthesis

Campus

Real World Layout

(a) AnyLogic Results

(b) PathFinder Results

Figure 13: Evaluating real world layouts and our syntheses by (a) AnyLogic and (b) PathFinder. Heat maps show crowd densities at the
middle of the simulation. Curves and box plots show the means and statistics of crowd densities versus simulation time. Please refer to our
supplementary material for the evaluation of Mall 2 and the corresponding syntheses.

Real World Layout
Synthesis (Our Simulation Model)
Synthesis (PEDSIM)
Synthesis (Continuum Crowds)
User Syntheses (Average)

Mall 1
0.9348
0.5913
0.5608
0.6958
0.5924

Mall 2
0.8391
0.4086
0.5096
0.6612
0.4428

Train
Station
0.6908
0.4260
0.4695
0.5395
-

Theme
Park
0.5306
0.4839
0.5039
0.5148
-

Campus
0.6074
0.5382
0.4721
0.5411
-

Theme
Park
0.4891
0.4882
0.4572
0.4967
-

Campus
0.5913
0.4826
0.4673
0.5138
-

(a) AnyLogic Results
(a) Original
Real World Layout
Synthesis (Our Simulation Model)
Synthesis (PEDSIM)
Synthesis (Continuum Crowds)
User Syntheses (Average)

Mall 1
0.9069
0.5304
0.5221
0.6847
0.5893

Mall 2
0.9130
0.4478
0.5096
0.6298
0.4581

Train
Station
0.8917
0.4956
0.5173
0.5654
-

(b) PathFinder Results

(b) Grazers-friendly

(c) Flea Market

Figure 14: Changing agents’ properties and the resulting layouts. (a) Original layout. (b) Increasing the proportion of ’grazer’
agents, the synthesized layout shows more dining places (pink)
throughout the layout. (c) Raising the agents’ tolerance for coziness and shortening their social distance, the synthesized layout
mimics a flea market populated with small shops and connected by
narrow paths.

Table 5: Average crowd densities of layouts in evaluation. The
lowest crowd density is depicted in bold.
the facilities (e.g., canteen, student services, recreation) frequently
for different daily needs and activities, the Facility sites are always
placed close to the Dormitory sites to ensure convenient access.
Alternative Simulation Models. To verify the effectiveness and
generality of our approach for synthesizing crowd-aware layouts by
nonlinear regression, we replace our agent-based simulation model
with two popular crowd simulation models, PEDSIM [Gloor 2016]
and Continuum Crowds [Treuille et al. 2006].
PEDSIM is a microscopic pedestrian crowd simulation framework.
The framework is based on the social force model [Helbing and
Molnar 1995], which controls the direction and velocity of agents,
as well as the interaction of agents with the environment and with
each other. Continuum Crowds is based on continuum dynamics,
where a dynamic potential field simultaneously integrates global
navigation with moving obstacles such as other agents. The model
assumes that agents choose the minimum distance paths to their
destinations while avoiding congestion and other time-consuming
situations. In addition, agents prefer to minimize their exposure to
“discomfort fields”. The routes of agents are determined by minimizing their walking distances, time and perceived discomfort.
Both models are microscopic and considerably more complicated
than our simulation model used for illustrating our approach.
We trained regressors based on crowd simulations obtained from
running each of these alternative simulation models, using the same
speed limits for the agents as described in Section 5. The social
distances in our model are used to set the radii of private spheres in
PEDSIM, and the radii of boundary discs in Continuum Crowds.
We then optimize layouts with respect to the agent-based costs approximated by the regressors obtained from each of the alternative
simulation models. The fifth and sixth columns of Figure 12 show
the synthesized layouts, which look similar to those synthesized by
our simulation model. We verify in our evaluation that these synthesized layouts also exhibit improved crowd flow properties.
Evaluation.
We evaluate the real world and our synthesized layouts with two third-party crowd simulation software, AnyLogic [2016] and PathFinder [2016]. By setting the same parameters (number of agents, simulation time, agents’ visiting sequences)
as in our simulation, we populate agents to navigate in the layouts.
As computing crowd densities is supported by both software, we
select it as our metric for evaluating the layouts.
Figure 13 shows the evaluation results. Each evaluation runs for
two simulated hours. The heat maps visualize the crowd densities at
the 60th simulated minute. Box plots and curves show respectively
the statistics (minimum, maximum, the first and third quartiles) and
means of crowd densities over the two simulated hours. Please refer
to our supplementary material for the evaluation of Mall 2 and the
corresponding syntheses. Table 5 lists the average crowd density
over the two simulated hours.

For indoor environments (Mall 1, Mall 2 and Train Station Building), our synthesized layouts show significant improvement in
crowd densities compared to the real world layouts, as shown in
the plots, the heat map visualization and the table. However, for
outdoor environments (Theme Park and Campus), the improvement
brought about by our synthesized layouts is less prominent. One
possible explanation is that outdoor layouts are usually designed
with a much bigger capacity than the maximal number of agents
(3000) we have tested. This results in more open space and wider
pathways in real world outdoor layouts than in our syntheses (see
Figure 12). Nevertheless, we find that the layouts synthesized by
using our simulation model, PEDSIM and Continuum Crowds result in similar crowd densities, regardless of the layout type.
Changing Agents’ Properties. Using our approach, a user can
easily change agents’ properties and obtain optimized layouts accordingly. This makes it intuitive for users to design layouts based
on visitors’ statistics and habits, which can be obtained by surveys.
Our optimizer automatically takes into account the visiting habits
and synthesizes an appropriate layout. Figure 14(b) depicts a mall
layout synthesized with more grazers, which shows more dining
places throughout the space. Figure 14(c) shows another example
in which agents are given a high tolerance for coziness and a short
social distance, to mimic shoppers in a flea market. The synthesized
layout shows small shops and narrow paths as a result, which are
common in a flea market.
User Interaction. The speedup provided by our regressor approximation enables layout modeling at interactive rates—an advantage
that optimization by full simulation cannot afford due to its costly
computations. Figure 15 shows two examples of adding a path and
merging a group of sites into a block. In both cases, our optimizer
refines the modified layout automatically such that it remains optimal with respect to different agent-based criteria. As the modification is usually small and local, the refinement is much easier than
an entire optimization for layout synthesis and can usually finish in
several seconds. Our interface quickly displays the refined layouts
to the user for further editing. Please refer to our supplementary
video for interactive demos.
User Synthesis. We invited 22 participants to design layouts using
our research prototype. The participants were senior undergraduate
students in architectural design, who by training had experience in
using commercial architectural design software. After a short tutorial of 10 minutes about our user interface, all participants were
given the real world layouts of Mall 1 and Mall 2. They were asked
to synthesize new layouts by changing the parameters (e.g., agent
properties) in the tool and triggering optimization. The participants
were free to modify the synthesized layouts obtained from the optimization with basic operations same as the proposal moves (Section 8.1), and with more advanced operations depicted in Figure 15.
They were allowed to modify their layouts until they felt satisfied
that their layouts would be comfortable for visitors to navigate in.
On average, it took 7 minutes and 23 seconds for the participants to

Before

After

(a) Adding Paths

Before

After

(b) Merging Sites into a Block
Figure 15: User interaction. (a) The user drags a line over the
sites around which to add paths. Our tool automatically adds paths
around the sites, with path width and turning angles optimal to
agents’ movement. (b) The user draws a box to enclose the sites
to be merged into a block. The new block is then automatically split
into smaller sites which exhibit a lower coziness cost than a huge
site does. In both operations, our optimizer automatically assigns
the types of the new sites considering the existing sites. For example, in (b), the newly-formed big site is assigned as a dining place
(pink) because there is no easily-accessible dining place nearby.
finish designing a layout.
All the layouts synthesized by the participants are included in our
supplementary material, together with their crowd densities obtained from running AnyLogic and PathFinder using the same settings as in our evaluation. Table 5 shows the average crowd densities of these layouts. For Mall 1, the average crowd densities are
0.5924 (AnyLogic) and 0.5893 (PathFinder) pedestrians per square
meter. For Mall 2, the average crowd densities are 0.4428 (AnyLogic) and 0.4581 (PathFinder) pedestrians per square meter.
We received useful feedback from the participants about our prototype. Some participants suggested that our interface could support
multi-layer layout design so that they could design their layouts hierarchically. Most participants find our tool useful to augment existing commercial architectural design software (e.g., Rhinoceros
3D, Autodesk Revit) to incorporate crowd flow considerations into
layout design. They expressed that even though wider paths and
bigger sites may intuitively lower the chance of congestion, it is
rather hard to precisely adjust all the paths and sites manually. In
addition, there are often space constraints and aesthetic factors to
consider in adjusting the paths and sites, making the adjustment
rather non-trivial in practice. It is particularly difficult for participants to estimate the crowd flow effects a layout design would induce, and it is helpful that our optimization considers such effects
automatically in layout synthesis and during user interaction for refining a layout.
In addition, we consulted three professors in architecture about our
research prototype. We received positive comments regarding the
functionality of our tool in visualizing iterative refinement with respect to crowd properties; the automatic and efficient consideration
of crowd properties in layout design; and the interactivity for exploring different solutions.
Limitations. We have designed a rather simple agent model to
illustrate the capability of the overall framework. However, this

model can be easily extended to more faithfully reflect human behaviors. For example, the fixed length of visit can be replaced by
probability distributions; more age groups can be incorporated to
calculate walking speed. In addition to crowd properties related to
movements, a people-oriented layout design should also consider
visibility, emotion and social interactions, and grouping behaviors.
Figure 12 (Train Station Building, Synthesis 3) shows a failure case
of the current system. The ticket machines are visually blocked
from the ticket check-in entrance by other sites such as shops, despite that the ticket machines are indeed connected to the entrance
by paths. Such layout can be confusing because passengers may not
know where to go after buying tickets, if the check-in entrance is not
visible. This problem can be addressed by incorporating visibility
into the agent model and agent-based costs. Mall visitors may also
get entertained or distracted by live activities or coincident events.
Groups of people such as friends and families usually navigate together. It is interesting to extend our agent model to handle such
social interactions and grouping behaviors in the future.
Nevertheless, our framework is not constrained by the current agent
model, and more sophisticated agent models and simulation methods can be plugged in with ease, as illustrated in our verifications
using different simulation methods and software. Most recently,
data-driven methods [Guy et al. 2012; Wilkie et al. 2013] have
pushed the realism of traditional crowd simulation to a whole new
level. These works can be incorporated to further improve the fidelity of our results.
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Discussion

We have demonstrated a layout design framework which automatically incorporates crowd flow considerations into the design loop,
for synthesizing layouts, changing layout styles, and remodeling
and improving existing layouts. While it could be intuitive for
architects, property managers or community planners to specify
knowledge of human movement such as walking speeds and navigation paths, how such knowledge could be incorporated in guiding the design of a layout is non-trivial and challenging, especially
for mid-scale environments that involve thousands of visitors each
having different physical and behavioral characteristics. The key
insights of our approach include the evaluation of three crowd flow
properties: mobility, accessibility and coziness, using agent-based
simulation models; the integration of such evaluation in layout optimization; and the approximation of full simulation with nonlinear
regression. In the end, we have achieved a practical system for generating crowd-aware mid-scale layouts.
There are a few open problems remaining for future exploration.
We have so far only investigated crowd flow properties in designing the layouts. In practice, there are many other factors that may
influence the design. For example, a property manager may wish
to maximize the traffic and profit of a shopping mall and is less
concerned with occasional congestions. As a result, luxury brands
are usually located at the center while restrooms at corners. Safety
is also a critical consideration in layout design. Regardless of the
category of a building, the layout should ensure that pedestrians
can quickly evacuate in case of fire or emergency. Another design
philosophy that we have not explored in this work is the clustering of similar sites. A customer may want to visit multiple fashion stores in a row to find her dream dress, or compare the price of
some electronics sold in different stores. To facilitate such shopping
behaviors, the designer will need to trade off between the general
breath-first shoppers and such goal-oriented shoppers.
It is also interesting to study how different layout and architectural
features relate to functionality, aesthetics, psychology and even sociology. We believe that such relationships do exist and can be computationally modeled, as architects and urban designers do create
their designs with such considerations in mind. In addition, we are
interested in applying recent advances in 3D shape synthesis [Xu
et al. 2012] for generating a more diverse set of layouts.
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