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Modeling pedestrian dynamics and their implementation in a computer are challenging and important prob-
lems in the knowledge areas of transportation and computer simulation. The aim of this paper is to provide
a bibliographic outlook so that the reader can have a quick access to the most relevant works related with
this problem depending on her interests. We have used three main axes to organise the paper contents:
pedestrian models, validation techniques and multiscale approaches. The backbone of the paper is the clas-
sification of existing pedestrian models; we have organised the works in the literature under five categories,
according to the techniques used for the operational level in each pedestrian model. Then, the main existing
validation methods oriented to evaluate the behavioural quality of the corresponding simulation systems
are reviewed. Here, we use three categories to group the works around this area: real-data based validation,
characteristics based and perception based. Furthermore, we review the key issues that arise when facing
multiscale pedestrian modeling, where we firstly focus on the behavioural scale (combinations of micro and
macro pedestrian models) and secondly, on the scale size (from individuals to crowds). Finally, the paper
concludes with a discussion about the contributions that different knowledge fields can do in a near future
to this exciting area.
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1. INTRODUCTION AND OUTLINE

The empirical studies of pedestrian groups and crowds began with the works of the
psychologist Gustave Le Bon in the 19th century. Le Bon studied human crowds and
multitudes from a psychological point of view, specifically in the subordination rela-
tionships, stating in his work La Psychologie des Foules (1896) that the individual
personality in a crowd is submerged and then, the collective crowd mind dominates.
This collective mind is characterized by being unanimous, emotional and intellectu-
ally weak. In the 20th century, the first pedestrian flow studies began in the 50’s with
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the work of Hankin and Wright [Hankin and Wright 1958] about the passenger flow
in subways. In the sixties, these studies extended to situations such as pedestrian
movement on foot ways in shopping streets of London [Older 1968], different urban
situations in Germany (sports events, shopping streets, business flows) [Oeding 1963]
or the campus of the University of Missouri [Navin and Wheeler 1969]. At the same
time, the studies about the use of shared space by groups of people in cultural and
social events [Canetti 1962; Hall 1963] open new research lines on the behavior of
people inside groups and crowds. From the seventies, the studies on pedestrians ac-
quire more significance as work supported by data appear. The work by Fruin [Fruin
1971a] analyses the concept of level-of-service. Other authors address problems re-
lated to safety, such as evacuation of buildings [Pauls 1977], the relationship between
pedestrians and architectural or urban spaces [Pushkarev and Zupan 1975; Okazaki
1978] or the movement of pedestrians on stairs [Templer 1974]. Analytical formulas
were also derived from manually collected data of soldiers’ movement [Predtechenskii
and Milinskii 1978]. In the eighties, the studies on pedestrians take two different di-
rections: first the studies aided by the use of new technologies (mainly with computer
vision algorithms using videos and CCTV footage), either on individual pedestrians or
on groups and crowds; a second direction, as a consequence of the exponential growth
of computer graphics techniques, was the design of algorithmic models to generate
computer simulations [Gipps and Marksjo 1985; Borgers and Timmermans 1986]. In
this last direction, models for pedestrian animation (both for individuals or crowds),
motivated by an increasing demand of behavioral realism, have evolved from early
computational simulations with raw numerical data outputs to complex virtual 3D
populated environments. At present day, pedestrian research is imbricated into sev-
eral knowledge areas which have their own specific discussion forums and conferences.
Three main periodical events in this field are the Pedestrian and Evacuation Dynamics
Conferences (PED), the Traffic and Granular Flow Conferences (TGF) and the annual
meeting of the Transportation Research Board (TRB). Several reviews have been pub-
lished focusing on crowd modeling and simulation that are listed in Section 5. A recent
review focused on vehicle-pedestrian interaction is [Papadimitriou et al. 2014].

When reviewing the works done in pedestrian modeling and simulation, the main
difficulty that arises is the heterogeneity in the published works, which comes from
three main factors. First, as a consequence of the aforementioned transversality of
research on pedestrians, we find publications in very different areas such as applied
physics, statistics, operations research, computer science, transportation and civil en-
gineering, social sciences or anthropology, leading to a variety of methodological ap-
proaches. Secondly, different works can be motivated by very different goals. Some
works aim to reproduce observed properties of pedestrian dynamics, or focus on the
emergence of collective phenomena and self-organization while others want to study
specific dangerous situations such as evacuations or pedestrian-induced vibrations in
bridges. There are works which evaluate the influence of social variables on a group
or crowd organization and others focus on creating believable graphic simulations
for games, virtual reality or movies. Finally, the scale of representation (macroscopic,
mesoscopic and microscopic) 1 conditions both the techniques used and the achievable
results. Moreover, many pedestrian models overlap over research areas, or propose ap-
proaches that operate in different levels (local, tactical, strategical) being capable of
creating outputs at different scales (individuals, groups, crowds). As a result of the
above, the definition of criteria capable of creating a taxonomy with well separated
groups is not an effective task.

1Described in Section 3
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We have structured this survey with three main axes: models, validation and scale.
Firstly we focus on pedestrian models in the literature, which we have organised un-
der five different categories. We describe the common characteristics of each category
and we try to give the big picture from the seminal works to recent ones. Secondly, we
review the validation approaches and techniques appeared in the literature to evalu-
ate the pedestrian models. Here, we also propose three different categories: real-data
based, pedestrian dynamics characteristics-based, perception-based. Finally, we have
also included a literature review for the multi-scale problem, where we have consid-
ered the behavioural point of view (micro+macro models combinations) and the scale
size (number of simulated pedestrians, from individuals to crowds).

The rest of the paper is organized as follows: Section 2 summarizes the main char-
acteristics of pedestrian dynamics and their analysis tools. Section 3 reviews the most
important models that have been used in this area classified by categories. Section 4
presents the analysis techniques used to evaluate the quality or soundness of a simu-
lation. Section 5 reviews the works that have considered multiscale issues. The paper
concludes with a discussion about knowledge areas that can increase their influence
in pedestrian simulation in the near future.

2. CHARACTERIZATION OF PEDESTRIAN DYNAMICS

Pedestrian dynamics is difficult to characterize since it has many influences from var-
ious sources. Walking, contrary to other displacement models, is not associated with
a vehicle on a lane, and the underlying infrastructure is highly heterogeneous (side-
walks, stairs, elevators, crossings, shopping malls,. . . ). Moreover, environmental fac-
tors (traffic lights, trees and public furniture, advertisements,. . . ) as well as atmo-
spheric conditions (wind, rain,. . . ) directly affect the march. Demographic and socio-
logical factors (age distribution in the population, presence of handicapped people,. . . )
are very relevant . Finally, walking alone is completely different to walking inside a
group. The spatial presence of others affects the walking speed, with a non monotonic
relationship; low speeds are associated with very low and very high pedestrian volume
in specific urban environments, like shopping streets. Collective movement of pedes-
trians is highly influenced by psychological facts and cultural conventions (e.g. Sobel
and Lillith [1975] point out that the corresponding space of a pedestrian inside a group
varies with the cultural and social environment).

Quantitative measures of pedestrian behaviour are the main information source in
many simulation frameworks for designing pedestrian facilities, calculating capaci-
ties and flows, assisting in the egress design of airports and rail stations and making
planning guidelines for emergencies and evacuations. These quantitative measures
are normally related to physical quantities such as velocity, flow and density. These
parameters can be directly compared or included in more complex mathematical mod-
els to analyze the dynamics of simulated or real pedestrians. In this section, we first
define the values of the characteristic parameters of walking. Then, we introduce two
main tools for analyzing pedestrian dynamics from a global (macroscopic) point of view.
References to these tools will appear in many works cited in this paper.

Pedestrians’ speed and space. Pedestrian’s speed is influenced by many factors; urgency
for arriving, bad weather conditions, relaxing walk and, of course, density of the facil-
ity. According to empirical data [Weidmann 1993] velocity follows a Gaussian distri-
bution with mean 1.34m/s and standard deviation of 0.26. From a mechanical point of
view, walking is modeled as an inverted pendulum. This is the reason why pedestrians
need more space when walking than when standing. The minimum space needed for
an standing pedestrian is 0.15m2; this results in a maximum pedestrian density of
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6.4Ped/m2 although empirical studies indicate that there is no movement with densi-
ties larger than 5.4Ped/m2 [Nitzsche 2013].

Fruin’s levels of service. Fruin defined different comfort levels for the pedestrian move-
ments based in macroscopic magnitudes [Fruin 1971a; 1971b]. Upon the confort lev-
els, the concept of level of service (LOS) was defined as a criterion for safety in public
places. LOS relate different qualities of flow with ratios of the maximum capacity of
a facility. The Capacity of a facility is defined as the maximum sustainable flow rate
at which people reasonably can be expected to traverse a point or uniform segment
of a lane during a specified time period, usually in individuals per hour. Each level
of service represents a range of operating conditions where the level A represents the
best operating conditions and the level F the worst one. The criteria to determine the
LOS for a pedestrian are based on objective parameters (like the speed and the aver-
age space available) and subjective parameters (like the pedestrian’s ability to cross a
pedestrian stream or body comfort space). Table I describes the LOS for pedestrians
expressed in macroscopic magnitudes. These LOS can vary if other situations are con-
sidered (e.g. evacuations).

Table I. Fruin’s Levels of Service for pedestrians

Level of service Space
(m2/ped)

Average speed
(m/s)

Flow (ped/min/m)

A = Free Flowing ≥ 12.077 ≥ 1.321 ≤ 6.562
B = Minor Conficts ≥ 3.716 ≥ 1.270 ≤ 22.966
C = Some Restrictions to Speed ≥ 2.230 ≥ 1.219 ≤ 32.808
D = Restricted Movement for Most ≥ 1.394 ≥ 1.143 ≤ 49.213
E = Restricted Movement for all ≥ 0.557 ≥ 0.762 ≤ 82.021
F = Shuffling Movements for all ≥ 0.557 ≥ 0.762 variable

Fruin applied his calculations to urban environments like city streets in normal
conditions. Young [2007] compared Fruin’s free-flow walking speed data with data from
the corridors inside an airport, concluding that there were no significant differences.
However, in other environments, Fruin’s data do not adequately describe the reality.
For example, in crowded environments like the observations taken at the exits of the
Wembley Stadium, densities higher than those of Fruin’s data were observed in which
pedestrians moved without restrictions [Still 2000]. Petritsch et al. [Petritsch et al.
2005; Petritsch et al. 2008] conducted an important effort to develop LOS models for
urban streets and signalized crossings. A recent review of pedestrian LOS at several
planar facilities is the work by Kadali and Vedagiri [2016].

The fundamental diagram of pedestrian dynamics. The fundamental diagram shows the re-
lationship between flow J (pedestrians crossing a surface per unit of time) and density
ρ (pedestrians per unit of area) in a function J(ρ). From a macroscopic point of view,
the hydrodynamic equation of fluid dynamics gives a method for flow measurement
Js = ρv where Js is the specific flow (flow per unit of width) and v is the mean velocity.
This results in the total flow J = ρvb, where b is the width of the facility [Schadschnei-
der et al. 2008]. Using this relationship the fundamental diagram can be presented in
other two equivalent forms; v(ρ) and v(Js).

Previously to the studies about pedestrian flows, researchers focused on traffic flow.
The pioneering work by B. D. Greenshields in the 30’s about traffic flow postulated
a linear relationship between velocity and density in road traffic [Kühne 2011]. An-
other pioneering work in characterizing vehicular traffic flow is that of Edie [1963],
that has been recently extended to pedestrian flow by Saberi et al. [2014]. Regarding
the problem of pedestrian flow, Predtechenskii and Milinskii [1978] show that the av-
eraged speed of the flow of pedestrians is not only a function of the density but also of
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the type of path and the conditions in which the movement takes place. In their work,
the authors give an important role to the descriptive capability of the fundamental
diagram, describing it for different situations (horizontal paths, stairs and openings)
and under different circumstances (emergency, normal and comfortable conditions).
The most comprehensive empirical work about free walking (pedestrians walking in
a space without restrictions) is that of Weidmann [1993] who used 25 different stud-
ies of pedestrians under normal conditions (including uni and bi-directional flows, and
non planar facilities such as stairs) to compose his general fundamental diagram. This
work is used as a baseline reference for urban design, to estimate the capacity of facili-
ties. One review of existing flow characterizations for pedestrians is the work by Zhang
et al. [2012]. Recently, common characteristics among different traffic flows (vehicles,
bycicles and pedestrians) have been found [Seyfried et al. 2014]. Figure 1 shows empir-
ical fundamental diagrams that correspond to different studies in planar facilities used
as references in planning guidelines, including that of Weidmann’s. The fundamental
diagram for pedestrians in planar facilities has the following characteristics:

— In the v(ρ) formulation, speed decreases with growing density, although the relation-
ship shows a non-lineal form [Schadschneider et al. 2008].

— There are some important points that characterize the dynamics described in the dia-
gram. The capacity of a facility is directly defined by the maximum of the flow/density
curve. The free speed is the mean maximum speed. The critical density corresponds
to the lower bound for unconstrained free walking. The jam density corresponds to
the point of null speed and flow [Daamen 2004].

— An analytical expression exists, known as the Kladek formula [Kladek 1966]. De-
signed for road traffic, it was used by Weidmann [1993] to describe the relationship
between speed and density of pedestrian dynamics in uni-directional flows:

vd(D) = vf (1− e−γ( 1

D
− 1

Dmax
)) (1)

with γ (1/m2) a free parameter, vf (m/s) the speed at free flow, D (1/m2) the current
density and Dmax (1/m2) the maximum density at which flow can take place. It has
shown good results with γ = 1.913 m−2, vf = 1.34 m/s and Dmax = 5.4 m−2, although
it is dependent on the specific experimental conditions [Lämmel et al. 2009].

— The net-time headway T̂ saturates at a constant value around 0.5 seconds [Johansson
2009]. This is defined as

T̂ = D̂/v = (
1√
D

− 1√
Dmax

)/v (2)

where D is the global (average) density, Dmax is the largest measured density and
v is the pedestrian’s speed. The saturation of T̂ is interpreted as the manifestation
of a “natural safety mechanism to compensate for the reaction time to unexpected
events” [Johansson 2009] in the context of collision avoidance.

— The fundamental diagram can vary significantly for ρ < 0.2 m−2 and ρ ≥ 4 m−2: in
low densities, the pedestrians are free to choose their speed; in high densities, jams
and crowds appear, and the flow can be turbulent, and chaotic and it depends on
individual circumstances [den Berg and Bouvy 1994].

Beyond these common properties, empirical studies with real pedestrians, performed
in different conditions, reveal different shapes of the fundamental diagram. In Figure 1
all the curves describe the dynamics of real pedestrians walking on a planar surface.
However, they are different in shape (note for instance the differences in the ranges
of the density ρ for the different curves). Several explanations have been suggested
including: differences in the measuring methods [Seyfried and Schadschneider 2008],
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Fig. 1. Empirical fundamental diagrams for pedestrians in planar facilities. The curves are extracted from
planning guidelines (SFPE Handbook (Nelson and Mowrer 2002), PM (Predtechenskii and Milinskii 1978),
WM (Weidmann 1993), Older (1968), Helbing, Johansson and Al-Abideen (2007))

heterogeneity of the flow in congested areas [Daamen et al. 2005], differences between
uni-directional and multi-directional flow [Navin and Wheeler 1969; Lam et al. 2003;
Kretz et al. 2006], population and cultural differences [Morrall et al. 1991; Johans-
son et al. 2007; Chattaraj et al. 2013] or psychological factors [Predtechenskii and
Milinskii 1978]. Differences have also appeared when comparing different facilities
such as walkways, crosswalks or stairwalks, indicating that specific diagrams should
be adopted for different facilities [Lam et al. 1995]. Moreover, empirical fundamen-
tal diagrams show results that are not completely explained. Seyfried et al. [2013]
study empirical data in pedestrian bottlenecks to conclude that “maximal flow values
measured at bottlenecks can exceed the maximum of empirical fundamental diagrams
significantly”. One cause for this variety of shapes is the presence of high scatter in
data from measurements of flow and density. With this motivation, other methods for
measuring pedestrian densities, have been proposed, such as those based on Voronoi
diagrams to dynamically tessellate space [Seyfried et al. 2005; Nikolic et al. 2015;
Nikolic et al. 2016].

Despite these objections, the fundamental diagram is a basic tool for applied meth-
ods in the analysis of real pedestrian flows, the design of pedestrian facilities and
the study of infrastructures like arenas or stadiums [Nelson and Mowrer 2002; Schad-
scheneider and Seyfried 2009]. Furthermore, it is used for the evaluation of pedestrian
models [Helbing and Molnár 1995; Fang et al. 2012] and it is a primary test of whether
a model is suitable to describe pedestrian streams [Hoogendoorn et al. 2001; Steiner
et al. 2007].

3. PEDESTRIAN MODELING

In pedestrian modeling, several taxonomic criteria have been proposed: space repre-
sentation, population representation, population behavior representation, purpose or
availability [Kretz 2007]. Among them, the population representation that divides the
models in terms of macroscopic, mesoscopic and microscopic scales or levels of interac-
tion has important implications for software design and it is a classic characterization
of pedestrian dynamics [May 1990].

Macroscopic models focus on the problem of space allocation for individuals. Indi-
viduals have no autonomy neither to change their kinematic state nor to control their
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interactions. The typical variables of these models are mean velocity or linear momen-
tum, density, flow and kinetic energy. They are focused on groups and crowds where
parameters like maximum passenger flow, occupancy, capacity or characteristic speed
are the main outputs.

Mesoscopic models consider individuals but not individual interactions between
them. The aim is to keep some control over the individual (e.g. the permanence of
a specific pedestrian in a area) but to move the group as a collective avoiding local in-
teractions. With this general idea, several different approaches have been developed.
In the survey [Bellomo and Dogbe 2011], the authors propose the “kinetic” description
where “the microscopic state of the individuals are given by their position and veloc-
ity but their representation is delivered by a suitable probability distribution over the
microscopic state”. The work by [Teknomo and Gerilla 2008] proposes a mesoscopic
approach using a multiagent framework where agents on a lattice grid are capable of
control their own timing to leave a cell but movements can be considered in lower level
of detail (at the level of groups or aggregations of pedestrians).

Microscopic models consider that each individual can control different parameters
related with her own dynamics, where the most representative is velocity. These mod-
els can recreate with accuracy specific local interactions (collisions, overtaking), how-
ever, instabilities problems can appear when simulating crowds of pedestrians over
long periods of time.

This population representation criterion is too general and clusters under the same
group many models which are very different in nature. This fact is reflected in Ta-
ble II described below, where five of the eight proposed models in our classification are
microscopic. Another criterion arises from the standard division of task levels when
designing a pedestrian model. There are three levels of modeling the pedestrian beha-
vior: operational, tactical and strategical [Hoogerndoorn and Bovy 2001].

In the operational level the control of the velocity of pedestrians is considered. In
macroscopic models the problem is to control the mean velocity of the group, in micro-
scopic models it is more complex since the system has to take into account collisions
with other pedestrians or objects. In the tactical level, short sequences of individual
decisions are scheduled as part of a planning. Route choice is the typical scheduling
task common to microscopic and macroscopic models at this level. In the strategic level
planning task are performed. Planning, considered as the capability of organizing ac-
tivities, is more related with simulation. Many models focus on pedestrian dynamics
and do not consider this level. Others, for example a model capable of simulating pedes-
trian shopping, need it.

In this paper, a classification based on the operational level of modeling the pedes-
trian dynamics is proposed. That is, we review different pedestrian models and mod-
eling methodologies, and organize them taking into account the properties of their
operational level model. This criterion offers more precise borders than the population
criterion although several works could be properly placed in different categories. For
clarity, we present the works of a model grouped by similarity instead of the obvious
chronological criterion. We have divided pedestrian models in the following categories:

Mechanics based models. This group is composed by models that inspire their oper-
ational level model in continuum mechanics or force models. Most of these models
are formulated by means of differential equations to describe pedestrian dynam-
ics. We have also included optimization based models in this section, since many of
them are based in energy considerations.
Cellular Automata models. Cellular Automata (CA) is a main class of computa-
tional paradigm which has given important results on simulating physical and,
therefore, natural processes. One common characteristic of these models is the dis-
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cretization of the space using tessellation, lattice or other spatial structures as a
mean of distributing the pedestrian dynamics information.
Stochastic models. In this group, approaches that use stochastic processes or ran-
dom utility theory as the basis to model pedestrian flows are included.
Agency models. The concept of autonomous agents has been developed widely in
the last decades inside the area of computer science and complex systems in gen-
eral[Wooldridge and Jennings 1995; Wooldridge 2003]. These models use this con-
cept to simulate pedestrians that sense the environment and take autonomous de-
cisions about their current state and goal. Interactions between agents are capable
of generating collective self-organization in crowds [Cristiani et al. 2015].
Data-driven models. In this group, models are based on real pedestrian data. This
category assumes that data contain the complete information for modelling pedes-
trians behavior. The work is focused on extracting the information from the raw
data and apply it to the model.

Pedestrian
Modeling

Mechanics
category

Continuum
models

Social Force
model

Optimization-
based

models

Cellular
Automata
category

Cellular
Automata

models

Stochastic
models

category

Queueing
models

Discrete-
choice
models

Agency
category

Agent-
based

models

Data-driven
category

Real-data-
based

models

Gas-kinetic
based ap-
proaches

Mass-
conservation
approaches

Fluid
dynamics-
based ap-
proaches

Flow-tiles
approach

Social po-
tential
fields ap-
proaches

Navigation
fields-based
approaches

Active
walkers ap-
proaches

Least-effort
approaches

Floor-field
approaches

Lattice-Gas
approaches

Exclusive
Queueing
Process ap-
proach

Logit
formulation-
based
approaches

GEPAT ap-
proach

Rule-based
approaches

Velocity-
based ap-
proaches

Active vi-
sion ap-
proaches

Social dis-
tance ap-
proaches

Machine-
learning
based ap-
proaches

Fig. 2. Schema of the categories and models discussed in this Section. The lists of approaches is not com-
plete because many of the approaches in the models discussed below have no specific denomination.

Core problems in pedestrian studies like routing or sensing are not operational-
level problems. Therefore, the use of widespread techniques such as navigation fields
for wayfinding or vision-based techniques in the case of sensing are considered fea-
tures of the models, not models per se. Following this criterion, the rest of subsections
present the different categories of the pedestrian modeling problem. Figure 2 displays
the different categories and models discussed.
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3.1. Mechanics based models

The first category of models we consider is inspired by mathematical descriptions of
physical processes. The intention or need of a pedestrian to chose a direction of move-
ment is somehow identified with a pressure or force in some mechanical system. Using
this analogy, models for pedestrian dynamics are built using formulations coming from
gas and fluid dynamics or classical point mechanics. In addition, we enclose in this cat-
egory a family of models that are formulate as optimization problems since, in many
cases, either the motivation or the formulation are comparable.

3.1.1. Continuum models. Pedestrians in a dense crowd, when seen from a macroscopic
perspective, can be described by means of flow (or velocity) and density at every lo-
cation. As a consequence, fluid dynamics can provide useful models for this situation.
Based on gas-kinetics equations, Prigogine and Herman [Prigogine and Herman 1971]
propose a partial differential equation to describe traffic flow. Their model, however,
assumes momentum and energy conservation, which is not applicable to pedestrian
interaction. Henderson realized that empirical data fitted the Maxwell-Boltzman dis-
tribution of speeds in ideal gases [Henderson 1974] and proposed the first fluid dy-
namics model for pedestrians. He assumed an homogeneous crowd, in the sense that
every particle (pedestrian) has the same mass and probability density function for ve-
locity [Sahaleh et al. 2012]. The work by Helbing [1992a] proposes an alternative for-
mulation to consider anisotropies of pedestrian interactions and a preferred direction
of motion. The model is posed as a system of differential equations on spatial density,
mean velocity and velocity variance of motion.

More recently, Hughes proposed a model that combines a continuity equation to-
gether with a fundamental diagram and a potential field to indicate walkers’ direc-
tion [Hughes 2002; 2003]. The model describes crowds as a homogeneous flow with
a common goal with the assumptions that the influence of density on a pedestrian’s
velocity is limited to its surrounding and that pedestrians try to minimize their ex-
pected walking time. This model has been applied to problems involving high den-
sity crowds, like the annual Muslim Hajj, or used to understand the English and
French infantry behavior at the battle of Agincourt (1415). Treuille et al.’s contin-
uum crowds approach [Treuille et al. 2006] is a direct derivation of Hughes’ model.
The authors present a common-goal crowd simulation framework capable of emergent
collective behaviors such as lanes and group crossings. A discussion on the Hughes’
model in the one-dimensional case with emphasis on existence theorems can be found
in [di Francesco et al. 2011]. An important reformulation of the Hughes’ model is pro-
posed by Huang et al. [2009], who state that the potential field in the Hughes’ model
can be interpreted as the instantaneous total cost to destination satisfying the reactive
dynamic user equilibrium principle. The gas-kinetic and fluid-dynamics models can in-
clude forces to represent pedestrian’s intentions. These forces are in charge of changing
the pedestrian’s type of motion. They are guided by stochastic laws, parametrized to
represent demand for commodities, location of stores or city center entry points [Hel-
bing 1992a]. A hybrid model of this kind is presented in [Helbing 1992b]. While these
works are based mainly on momentum conservation, an alternative approach is to use
the mass conservation equation. Coscia and Canavesio [2008] use the mass conser-
vation equation , together with boundary conditions to model pedestrian strategies
and panic conditions, while Bellomo et al. [2015] use a parametrized mean velocity to
reproduce different behaviours.

Fluid dynamics models have been applied to computer graphics to generate plausible
crowd animations. For instance, the flow tiles model [Chenney 2004] is based on the
design of velocity fields on small, confined areas, named tiles. The combination of the
individual fields is capable of producing flows in large scenarios. Boundary conditions
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of the individual fields are adjusted to allow soft transitions between tiles. A drawback
of the model is that the created streams do not cross so that no pedestrian crossing
situations can be simulated. Also in the context of computer graphics, Narain et al.
[2009] propose a mixed representation (discrete and continuous) for the crowd. They
observe that low density locations generate undesired grouping behaviors. To overcome
this, they propose an inequality constraint on density to simulate local interactions.

One of the key limitations of these models is the continuum assumption. As Bellomo
pointed out [Bellomo and Dogbe 2011], continuum models “assume the validity of the
paradigms of continuum mechanics” which are statistical results of the interactions
of microscopic particles. However, not even in dense crowds, the relative pedestrians-
crowd scale is comparable with the particle-fluid scale, where the formulae of contin-
uum mechanics are meaningful.

3.1.2. Social force model. The ‘social force model’ [Hirai and Tarui 1975; Helbing and
Molnár 1995] (SFM) is a microscopic model where each individual moves as a conse-
quence of the action of several forces (external and internal) on the pedestrian. Exter-
nal forces arise from the physical interactions with the environment, while internal
forces come from the need of the pedestrian to act towards her goals. Thus, the inter-
nal component of the force is the response to a specific configuration or state of the
environment. Using the notation described in [Helbing and Johansson 2009], each in-
dividual α is influenced by a sum of forces that represent her tendency to go towards a
desired direction and the need to avoid other pedestrians and obstacles. The total force
~fα, which governs the dynamics of each individual, is defined by

~fα =
1

τα
(v0α~e

0
α) +

∑
β( 6=α)

~fαβ(t) +
∑
i

~fαi(t) (3)

where the first term accounts for intention to move in one desired direction ~e 0
α with a

duration defined by the reaction time τα. The second and third terms represent repul-
sive forces to avoid other pedestrians β and obstacles i. Repulsive forces are modeled
as gradients of a potential field which decreases with the distance from de pedestrian.
That is, if ~rα,β is the relative position of pedestrian β to from pedestrian α, then

~fα,β(~rα,β) = −∇Vαβ(b(~rα,β)) (4)

where b(~rα,β) is some function which is decreasing on |~rα,β |. A similar formulation is
used for the repulsive force between a pedestrian and an object. Resulting set of second
order ordinary differential equations is solved numerically.

The SFM is considered to be one of the most successful microscopic pedestrian mod-
els, leading to many derived works. Heïgeas et al. [2003] use a particle system to
simulate a crowd that congregates in an Agora of the ancient Greek. The interac-
tions among individuals are modeled as physical forces obtained from a damper-spring
model. Moreover, SFM supports the use of additional forces that can represent a va-
riety of social or psychological motivations, leading to so called Social Potential Fields
(SPF). For instance, forces can represent the tendency to keep away from danger, or
the attractive effect of a stage, a window display or family groups [Helbing et al. 2005].
In the work by Ward [2007], a model of the Covent Garden Market in central London is
presented where a simple social-force model is used to simulate shopping and leisure
activities. Pelechano et al. [2007] present HiDAC, a layered behavioral architecture
of a pedestrian where social forces are combined with psychological and geometrical
rules. HiDAC is extended to OCEAN, which provides pedestrians with individual per-
sonalities to study its influence in the crowd [Pelechano et al. 2008]. SFM has been also
adapted to study problems such as panic in escapes [Helbing et al. 2000] and evacu-
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ations [Yan 2010; Wagoum et al. 2010], “freezing by heating” [Helbing and Johansson
2009] or stop-and-go waves [Chraibi et al. 2015].

The SFM can be combined with navigation fields for efficient path finding. In the
work by Gilman et al. [2005], the authors present the Dynamic Navigation Field (DNF)
as a family of case-based reasoning algorithms for wayfinding. DNF produces vector
fields according to the spatial situation of the particles and only relevant information
is calculated. However, DNFs require a continuous update which is computationally
expensive. A general approach to vector fields and their uses in planning can be found
in the book [LaValle 2006]. Another approach that uses a DNF is the active walker
model [Freimuth and Lam 1992]. In this model two entities (the environment and the
walker) are influenced mutually. The environment has a potential field dependent on
position and time. The field is modified by the action of the walkers, increasing its
value in regions more frequently used. On the other hand, the walkers move following
a desired direction that depends of the destination point and the ground potential.
This model has been used to reproduce successfully the evolution of trails created by
pedestrians on the ground [Helbing et al. 1997c; Helbing et al. 1997a].

The SFM can be considered as the cornerstone for other approaches. It can be found
as a part of a more complex behavioral controller [Pelechano and Badler 2006; Zain-
uddin and Shuaib 2010], as a prediction technique for video tracking of individuals
inside crowds [Ali and Shah 2008] or used to identify unusual situations in videos of
crowds [Mehran et al. 2009]. The versatility of SFM has also favored the creation of
hybrid models such as Cellular Automata [Ji et al. 2016] and their use in other areas
such as robotics [Gayle et al. 2009].

Despite their popularity, the social force models and, in general, force-based models
have problems derived from their Newtonian formulation. Chraibi et al. [2011] identify
two main problems. The first one is the fact that in real pedestrians, collisions do not
follow the Newton’s third law since normally real interaction is not conservative (e.g.
a pedestrian does not usually react to other pedestrian that pushes in a queue). The
second problem comes from the assumption that forces on a pedestrian are additive
according to the superposition principle of forces. This can lead to undesired effects
when modeling pedestrian dynamics, particularly in dense situations, e.g. in the form
of high velocities. Further problems appear due to inertia, leading to overlapping and
oscillations. In this direction, several modifications to the SFM have been proposed.
Dietrich and Köster [2014] propose a set of gradients of the distance function that
modify the velocity avoiding second order derivatives. This model (named the gradient
navigation model) avoids inertia and oscillations since no forces are present. Other
important problem of the model is that empirical studies have reported unrealistic
results when SFM is used in low or moderate density scenarios [Lakoba et al. 2005;
Saboia and Goldenstein 2011]. The work by Lakoba et al. [2005] analyzes pedestrians
overlapping and proposes modifications to the original SFM forces that generate more
realistic simulations. They propose three main modifications: dependence of repulsion
forces on the crowd’s density, orientation dependence of the social forces (face to face,
back to face,. . . ) and awareness of the direction where the goal is placed. The cen-
trifugal force model [Yu et al. 2005; Chraibi et al. 2010] proposes a new expression for
the repulsive force between pedestrians. Given two pedestrians α, β, and their relative
position ~rα,β and velocity vα,β, the definition of the repulsive force is:

~f rep
α,β = −mαkα,β

v2α,β
~rα,β

~eα,β (5)

where ~eα,β = ~rα,β/ ~rα,β . This repulsive force reflects new interesting ideas according
to Chraibi et al. [2011]. First, coefficient kα,β reduces the force to a range of influence
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of 180◦, modeling with this anisotropy the dependence of the reaction behavior with
vision. And, second, repulsive forces are inversely proportional to distance between
pedestrians and quadratic with the relative velocity so that faster pedestrians do not
affect the movement of the slower pedestrians in front of them.

3.1.3. Optimization-based models. Many disciplines propose formulations for their prob-
lems based on optimization, being classical mechanics one of best known examples; the
solution to a problem is described as the one that minimizes some function, which is
often related to some form of energy. The principle of least effort [Zipf 1949] applied to
the pedestrian context proposes the idea that real pedestrians’ trajectories are the re-
sult of an optimization process on the energy. For instance, from experimental studies,
it is known that pedestrians minimize metabolic energy when walking at roughly 1.33
m/s [Henderson 1971]. Next we consider the models that represent the goal or beha-
vior to achieve as an utility function that has to be optimized. The range of the model
(macroscopic or microscopic) is determined by the variables involved in the utility func-
tion; if the utility function depends on the state of all the pedestrians, the model will
be macroscopic; if, on the contrary, the utility function is defined on individuals and
the optimization problem is defined per pedestrian, the model will be microscopic.

Hoogendoorn and Bovy [2003] used a predictive controller that minimizes the cost of
walking by means of an optimal control problem, where a performance function is min-
imized subject to pedestrians’ kinematics constraints. Each individual is aware of, and
can predict, other walker’s trajectories. Walking is considered as a differential game
where pedestrians cooperate-compete with other individuals. In the work by Hoogen-
doorn and Bovy [2004], the pedestrians’ velocities are computed to optimize an utility
function that reflects the expected cost of walking from the current location to the des-
tination area. The NOMAD commercial pedestrian simulator has been built with the
Hoogendoorn’s model. In the context of route choice, the work by Ramming [2002] uses
simulation to predict route utilities for the utility function. The route with the highest
utility is added to the choice set. they propose. The utility function proposed involves
perception parameters and weights representing preferences.

The work by Arechavaleta et al. [2008] focuses on these optimality principles in hu-
man walking. Assuming that real walking trajectories are optimal, the authors propose
an inverse optimal control problem to discover the optimal criterion that creates hu-
man walk. The generated optimal trajectories are compared to those in the database of
real trajectories. The work by Curtis and Manocha [2014] uses a geometric optimiza-
tion method originally devised for robots, that computes collision-free velocity in the
velocity space, giving rise to self-organization phenomena.

Still [2000] introduces constraints on the pedestrians’ speed distribution. The re-
quirement of visiting certain places or sub-regions is also imposed as a constraint, as
part of the route plan of an individual. The cost function is related to the path length,
total time or total effort. The optimization process uses a type of simulated annealing
over a set of allowed paths, randomly varying them and selecting the cheaper candi-
dates in a iterative scheme. The commercial tool Legion is based on Still’s work.

The work by Guy et al. [2010] uses the Zipf ’s principle of least effort to model pedes-
trian dynamics. For a given trajectory Π, the energy expanded by a person depends on
the squared velocity and can be modeled as

E(Π) = m

∫
Π

(ew|~v|2 + es) dt (6)

where ew indicates caloric efficiency and es is a reference rate of energy consumption.
The minimization of (6) under certain velocity constraints yields a least-effort trajec-
tory that avoids collisions among pedestrians in a large crowd. In [Guy et al. 2012a],
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the authors propose an optimization of the caloric energy of pedestrians to develop
a global navigation system that avoids collisions. The authors demonstrate that the
model is capable of generating emergent phenomena, specifically lane formation or
the arching congestion around a door or passage. In the work by Fu et al. [2014] the
least effort principle is extended to support route choice. It is tested in an scenario with
two exits, where exit selection and herding behaviors are clearly demonstrated.

3.2. Cellular Automata models

A cellular automaton is a discrete computational model that consists of a grid of cells
with computation capabilities, usually a finite state machine. In pedestrian dynamics,
Cellular Automata (CA) models represent the environment as a lattice of cells whose
states includes information about presence and direction of individuals, environmental
obstacles and relevant objects. Two main properties of CA are locality (each cell only
communicates with its neighbors) and modularity (each cell can be conceived as an
independent process, favouring parallelization) [Margolus and Toffoli 1987]. In many
applications, including pedestrian dynamics, it is very common to introduce probabili-
ties and stochastic choice models in the transition rules. In a typical pedestrian model,
each pedestrian defines her movements using transition probabilities to neighbor cells
stored in transition matrices. This use of probability functions tightly connects this cat-
egory with the stochastic category. However, the CA paradigm is so important in many
pedestrian application fields, such as traffic, and has generated so much research that,
in our opinion, it must constitute a category per se.

3.2.1. Cellular Automata-based models. CA are widely used in microscopic traffic simu-
lation since the 90’s of the last century. The simulation of a lane of vehicular traffic
was proposed in the seminal work by Nagel et al. [1996b]. This model was later ex-
tended to multi-lane situations [Nagel et al. 1996a] and adapted to pedestrian move-
ment by Nowak and Schadschneider [2013]. Since CA models for vehicle traffic were
basically one-dimensional, a new rule set was proposed by Blue and Adler [2001] for
pedestrian traffic, extending it to bi-directional flows. Other examples of adaptation of
CA models for studying uni and bi-directional pedestrian flow can be found in [Meyer-
König et al. 2001; Bandini et al. 2014]. The problem of pedestrian evacuations has
been extensively studied with this model in different scenarios: buildings [Yang et al.
2005], with obstacles [Varas et al. 2007] or inside corridors [Yu and Song 2007].

A fruitful CA approach is the floor field model described by Burstedde et al. [2001]
and Schadschneider [2002]. In this model, the transition matrices are variable follow-
ing a time-decay function. The authors define a CA capable of reproducing several
collective effects like lane formation, or the evacuation in a large room. This approach
was improved in the work by Kirchner et al. [2003b] introducing the effects of fric-
tion and clogging. They demonstrate that these effects are important for the correct
description of the dynamics in CA models, e.g. to distinguish between competitive and
cooperative movement [Kirchner et al. 2003a]. The simplest approach in the floor field
model consists on using static floor fields in which the cells contain the same infor-
mation along the entire simulation. Kretz [2009] uses several static navigation fields
to improve the CA model. In [Schadschneider and Seyfried 2009] a dynamic floor field
approach is presented, where the probabilities of movement are modified by a dynamic
floor field D and a static floor field S. The former (D) logs the pedestrians’ movements
and causes the broadening and weakening of these traces with time. The static floor S
does not change in time and reflects the infrastructure. In case of evacuation, S rep-
resents the shortest path to an exit. The type of tessellation selected to discretize the
floor is important in floor field approaches. Leng et al. [2014] propose a hexagonal tes-
sellation with weights, to compensate the anisotropy of the hexagon in the orthogonal.
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This compensation is important to model specific scenarios like crossroads. Behaviors
obtained using static fields can produce unrealistic effects (e.g. pedestrians are not
aware of a congestion until they are very close to it). Another approach is presented
by Hartmann [2010] that uses navigation fields to indicate the shortest path to the
pedestrian’s target for a given metric. The author interprets distances as measures of
the expected travel time due to the inverse correlation of distance with the expected
speed. The work by Seitz and Köster [2012] uses several layers to separate the different
navigation problems. It introduces the Optimal Steps Model in which the pedestrians
navigate along a floor field constructed by superposing scalar fields.

CA models have also been mixed with other models: forces [Wei-Guo et al. 2006],
fluid dynamics [Gipps and Marksjo 1985], with a bionics-inspired CA model [Kirch-
ner and Schadscheneider 2002], multi-agent systems [Dijkstra et al. 2001] and with
proxemic rules (see Section 3.4) [Wąs et al. 2006].

3.2.2. Lattice Gas models. A variant of this model is the Lattice Gas model (LG) [Mu-
ramatsu et al. 1999; Muramatsu and Nagatani 2000] that was proposed initially to
reproduce the pedestrian counter flow in a channel, although it has been used to study
other dynamics later (e.g. evacuation dynamics [Helbing et al. 2003]). In LG, the pedes-
trians are treated as biased random walkers. The transition probabilities have a drift
parameter D that implement the intensity of the bias toward a preferential direction,
that depends of the topological configuration at time t. When D = 0 the probabilities
are similar to those of a cellular automaton.

Criticism to CA models derives mainly from their discrete nature. A lattice is too
regular to define realistic movements for pedestrians and hinders the emergence of
collective organizations that depend on space occupation. Moreover, the finite number
of states and rules generate non-natural homogeneous behaviors [Bierlaire et al. 2003].
Recent works develop approaches in order to overcome these limitations. The work
by Lubaś et al. [2016] proposes a non-homogeneous asynchronous CA for modeling
crowds. On the other hand, the model has become a popular test platform for studying
pedestrian dynamics because of its computational simplicity.

3.3. Stochastic models

Under this category of models we group together works in which the use of stochastic
processes and random decisions play a key role. The category includes a subgroup
of research works that are based on queuing theory, and another subgroup including
discrete choice models.

3.3.1. Queueing models. Queueing theory is a branch of stochastic processes inside of
operations research field [Stoyan and Daley 1983]. Although queuing theory gener-
alizes to many different problems, in the context of pedestrian modeling “a queue or
waiting line is formed when the pedestrians need more service on arrival at service
node than they are provided” [Rahman et al. 2013]. The theory tries to set up a model
for the dynamics of the queues that represent a pedestrian flow or a traffic flow in a
lane. Following the work by Rahman et al. [2013]: “The basic entities which character-
ize a queueing model are: i) the arrival date, ii) the service mechanism iii) the queue
strategy (e.g. first come first served) and iv) the number of service nodes”. Many prob-
abilistic models have been used to describe the arrival intensity to the queue and the
service mechanism (normal, Poisson, geometric,. . . ).

One pioneering work in pedestrian dynamics was the model proposed by Yuhaski
and Smith [1989] which uses queueing theory to model the pedestrian circulation in
the levels of a building. Representing the rooms and other units of the level using
a planar graph, the queueing network is calculated as the dual graph. The facilities
are then described as a hierarchical graph while the flow is described using a tran-
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sition matrix among its nodes. In the work by Lovas [1994], different pedestrian fa-
cilities were modeled creating a network. In this network, queueing processes model
the pedestrian dynamics in terms of flow. The network models the environment, where
the nodes can represent doors, rooms or intersections and the links can be corridors
or other facilities. Pedestrian flow is modeled as a queueing network process, where
each pedestrian is treated as a separate flow object that uses markov-chain models
to describe the transitions from one node to another. As this model is concerned with
flow control, it can be considered within the macroscopic type. In the classic approach,
queue theory focuses on the queue dynamics and does not consider external influences.
However, more complex models have been developed. That of Okazaki and Matsushita
[1993] takes into account other pedestrian behaviors outside the queue like people
approaching to queues and getting out of them.

Queueing theory has been used in the past mainly to describe traffic behavior. How-
ever, in recent days, several queueing models have been proposed for different pedes-
trian scenarios. For instance, Li and Han [2011] proposed a discrete queue system
which takes into account physiological and psychological aspects. It was capable of re-
producing the traffic shock wave phenomenon effectively. This phenomenon consists
on the formation of transition zones between two traffic states (congestion and free
movement) that propagate through a traffic environment as a wave. Shock waves are
a fundamental property of road traffic congestion and can be seen by the cascading
of brake lights upstream along a highway. The work by Kim et al. [2013] models a
cinema ticketing booth system. They use a micro-simulation software called Vissim
based on Helbing’s social forces model to simulate the pedestrian movements. Their
queueing model controls the movements to reproduce a single queue with a multiple
servers system of a cinema ticketing office. The results are consistent with analyzed
real data. The queueing theory is able to calculate and predict the number of waiting
people and waiting time in the queue spaces. The work by Tomoeda et al. [2013] reveals
the existence of an optimal density in a queue of pedestrians that plays an important
role to achieve smooth movement of crowds. Other work with a different approach
in queueing theory is Arita and Schadschneider [2014], where the authors propose the
exclusive queueing process (EQP) which considers a queue on a microscopic level. EQP
has a richer phase diagram than the classic modeling respect to the arrival probability
and service probability parameters.

One main criticism for queueing models is that queues are essentially uni-
dimensional structures. Being pedestrian dynamics bi-dimensional, these models can-
not capture the complex movements of pedestrians such as merging and intersecting.
Other common objection to the approach is that queueing models can not deal with
high density scenarios [Okazaki and Matsushita 1993].

3.3.2. Discrete choice models. Discrete Choice Models (DCMs) are a family of macro-
scopic models that have been applied in the context of travel decisions [Ben-Akiva and
Lerman 1985]. In the context of pedestrian modeling, DCMs use random utility (RU)
theory as a foundation [McFadden 1981]. Following the description made in the the
work by [Bierlaire and Robin 2009], they consider a decision-maker n which is per-
forming a choice among a set of alternatives Cn ∈ Jn. The decision-maker n associates
an utility Uin with each alternative Ci and selects the alternative associated to the
highest utility. The utility is modeled as a random variable to account for uncertainty
due to various issues such as unobserved variables and measurement errors. The util-
ity is decomposed into a deterministic term and a probabilistic error term, ε, so that

Uin = Vin + εin. (7)
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The utility has a functional form. The specification of Vin includes the selection of the
attributes of i relevant to n, as well as the socioeconomic characteristics of n. The com-
plexity of the model comes from the assumptions about the probability distribution of
the random variable εin. The most widely used model is the Logit model, which states
the independence of εin across both i and n, being identically distributed. These as-
sumptions lead to a simple and tractable formulation (see a deep explanation in [Train
2003]). The set of choices a decision-maker has to consider covers different levels of the
pedestrian behavior. Given an event, the main choices to take into account are:

(1) Activity choice. This choice focuses on what to do next. In the case of pedestrians,
the work by Hoogendoorn and Bovy [2004] distinguishes between the choice of
an activity pattern performed at the strategic level of decision from an activity
scheduling performed at the tactical level. Moreover, Borgers and Timmermans
[1986] considers that the choice activity is not planned but triggered by stimuli in
the pedestrian’s environment.

(2) Mode choice. This is the most traditional discrete choice model type. Two types
are considered in the literature on pedestrian travelling. First, the usual trans-
portation mode, where walking is one of the alternatives. For instance, the work
by Ewing et al. [2007] analyzes travel decision of students going to school. The
second type focuses on the choice among stairways, escalators, or elevators while
walking. This type of choice is typically small (less than a handful of alternatives).
It is of increasing interest for health applications in general and overweight and
obesity issues in particular [Eves et al. 2006].

(3) Route choice. Itinerary choice is a critical dimension of the pedestrian behavior.
Route choice models for vehicles are traditionally based on a network structure fa-
voring studies with different facilities (ramps,stairs,...). However, this structure
has been criticized by several works: Hoogerndoorn et al. exposes the limita-
tions of the network models and proposes a continuous time and space assign-
ment [Hoogerndoorn et al. 2003], in the same line of argument the work by Kretz
et al. [2013] concludes that bi-dimensional nature of pedestrian dynamics cannot
be adequately represented by a network. In the work by Seneviratne and Morrall
[1985] the authors evaluate the factors affecting the choice of route and emphasize
the importance of distance, while the level of service, safety or visual attractions
appear to be secondary. The work by Cheung and Lam [1998] focuses on real data of
escalators and stairways in Hong Kong railway stations. In the work by Hoogern-
doorn and Bovy [2004] the authors design a heuristic user-optimal dynamic assign-
ment method for route choice based on the pedestrians’ accumulated experience. In
the work by Okada and Asami [2007], utility is incorporated at nodes in a pedes-
trian flow model, and route choice probabilities are derived using an aggregate
logic model. The survey by Papadimitriou et al. [Papadimitriou et al. 2009] shows
in its first part a literature review about the pedestrian route choice problem.

(4) Choices of speed and next step. The choice of speed depends on the environment
in which walking takes place. This type of choice can be integrated as part of the
next step choice or can be taken independently. Many variables may explain the
speed behavior and can be included in a model specification. Among the macro-
scopic variables commonly used we find flow and density [Lam and Cheung 2000]
or the type of environment, such as crosswalks [Knoblauch et al. 2007] and airport
terminal corridors [Young 2007]. Among the microscopic variables, overtaking, age,
trip purpose or internal friction and crashes are also relevant.

According to different authors [Antonini 2006; Ben-Akiva and Lerman 1985], the
maximization of an utility function through discrete choices imposes a rational beha-
vior to the individuals in terms of consistency (choose the same option in similar cir-
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cumstances) and transitive preferences (the transitivity property holds in the choice
over different alternatives). However, this formulation can be very rigid in some pedes-
trian problems. The fact that RU maximizes the utility function is not adequate in
problems where decisions made by real pedestrians are not the best possible but good
ones (e.g. shopping activities). The work by Zhu and Timmermans [2007] presents a
hybrid heuristic model named GEPAT where RU is combined with a genetic algorithm
for exploration of solutions. In this model harder decisions use more complex rules gen-
erating good (not the best) solutions, imitating the bounded rational behaviors of real
pedestrians. The open source freeware BIOGEME [Bierlaire 2003] is a tool to work
with DCMs, which allows parameter estimation for several models, including nonlin-
ear utility functions.

3.4. Agency models

Agency theory defines the concept of agent as a piece of software that can au-
tonomously make decisions and interact with the environment to satisfy her design
objectives. The proactive nature of agents, together with their autonomy, make them
suitable to conceptualise human activities (physical situations or mental states).

Agent-based models (ABM) of pedestrians are based on the Multi-agent systems
(MAS) computational paradigm [Wooldridge 2013]. Agents can represent pedestrians
bringing together different levels of operation (reasoning, reactive and proactive beha-
vior) and different levels of interaction (coordination, negotiation,. . . ) exploiting them
in an autonomous way. The survey by Papadimitriou et al. [2009] notices the adequacy
of the Multi-agent framework for microscopic pedestrian modeling due to the capabil-
ity of considering local and physical interactions and the possibility of incorporating
individual decision-making and learning processes.

One important group inside ABM is the rule-based models. In rule-based models,
the agents are directed by decisions which are triggered by rules. Rules can control
different behavioral levels, from physical maneuvers to social or cognitive behaviors.
The most important seminal example of rule-based microscopic model is the Reynold’s
work [Reynolds 1987]. His system is based on a particle model, where each individual
(called a boid) has its own orientation and follows specific rules, which describe how
to maneuver depending on the kinematic situation of its neighbors. The basic rules
are separation, alignment and cohesion. With these simple rules, Reynolds simulated
several groups of animals (flocks, herds) with a realistic appearance in terms of group
navigation. In the Reynolds’ approach, each member of the group decides its own tra-
jectory without external intervention. The same author applied a similar rule-based
approach to the specific problem of steering behaviors [Reynolds 1999] introducing the
concept of simple vehicle model to separate the steering problem from the locomotion
problem. The works of Reynolds are the starting point for other type of models like
those based on collision avoidance techniques described below.

In the work by Musse and Thalmann [1997], the authors defined a rule-based model
that allows virtual humans inside a crowd to join and abandon groups depending on
sociological factors. Each group has its general behavior determined by social rules,
but the individual behaviors are created using a probability distribution, generating
variety in the behaviors. The rule system can be included as a part of the decision
making module of a pedestrian with additional cognitive capabilities. For example,
in [Shao and Terzopoulos 2005] the authors use a rule-based system for the reactive
part of their autonomous pedestrians, while a planning algorithm is used to find the
shortest path in the navigational level. Planning is carried out by the cognitive control
that takes into account the physiological and psychological needs of the individual.

A kind of agent-based approaches is constituted by the local avoidance geometric
models. These models focus on the problem of computing local collisions-free paths, and
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can be combined with other high-level approaches such as layered behavioral architec-
tures. One important solution to this problems is the velocity-based approach. Paris
et al. [2007] propose a reactive method for individual interaction in a crowd, where the
system calculates a solution for each individual that satisfies the constraints. In [Pet-
tre et al. 2009; Olivier et al. 2012], a metric named minimal predicted distance is de-
fined to detect a critical distance in order to avoid collisions between walkers. With few
parameters, the model is able to adapt motion to manage interactions. The approach
by Ondrej et al. [2010] explores a vision-based model for collision avoidance. The vir-
tual pedestrians are capable of detecting collision and dangerous scenarios through
visual information. Out of the velocity-based approach, the work by Karamouzas et al.
[2009] tries to minimize the number of interactions with other pedestrians as well as
the energy used in them. Imitating real pedestrians, who anticipate collisions, their
virtual pedestrians predicts if collisions are possible in a given temporal window, pre-
venting them. The work by Guy et al. [2009] proposes ClearPath, a multi-agent colli-
sion avoidance method based on velocity obstacles (VO) approach [Fiorini and Shiller
1998]. VO builds for each agent and each discrete time t a cone of velocities that will
result in collision with an object B in a time T > t. Given N agents and M objects,
this is a combinatorial optimization problem hard to compute. ClearPath exploits par-
allel computation techniques to solve convex optimization trajectory problems for the
motion of individuals managing hundreds of thousands of agents in milliseconds.

Since interaction with the environment is a key property of virtual agents, sens-
ing the environment is crucial in agent-based models. The models can benefit from
synthetic vision techniques for this task. The field of active vision [Gibson 1979; Aloi-
monos et al. 1988] considers the set of problems in vision under the assumption that
the observer is active. An observer is called active when engaged in some kind of ac-
tivity whose purpose is to control himself or something. One of the first computer
applications that used active vision in artificial animals was the Terzopoulos’ artifi-
cial fishes [Terzopoulos and Rabie 1997]. His fishes are autonomous embodied agents
with active perception systems that control their eyes and muscle-actuated body. In
our problem domain, the work by Renault et al. [1990] proposes synthetic actors with
synthetic vision capabilities. Synthetic vision-based pedestrians are able to avoid ob-
stacles inside a narrow corridor indicating that this capability is effective in providing
a stable solution to the ‘awareness of the environment’ problem. This proposal is also
used by Noser et al. [1995] who extend the idea, combining synthetic vision with a
dynamic octree as a visual memory of the environment. Kuffner [1999] combines path
planning techniques, path following strategies and 3D visual perception to guide the
virtual humans inside the virtual environment. Graphics rendering hardware is em-
ployed to provide the virtual pedestrians with vision so that they are aware of obstacles
and other pedestrians. The synthetic vision feeds the internal navigation module to re-
plan the trajectories if new obstacles are perceived. Peters and O’ Sullivan [2003] have
developed a system for providing virtual humans with the capability of being aware of
their neighborhood. The authors name this capability as “Bottom-up visual attention”
to remark the fact that the awareness is triggered by the events of the environment
without involving high level decision routines.

When the goal is not the individual movement but the study of the community,
strategies based in individual desires or interests can be used. Pluchino et al. [2014]
study the dynamics of a group in a visit to a museum. An agent-based system is built
where each embodied agent moves along the different rooms and is attracted by the
different artworks in the room. Each agent has a field of vision to detect the goals as
well as the obstacles. The agents move inside the museum trying to maximize their
satisfaction function that depends on the personal patience and interest.
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ABM is an abstract approach that is often found combined with other models creat-
ing hybrid systems, as we have already seen. Further examples of this mixture are the
works by Batty [Batty 2003; 2005], which use a CA model to define fine scale movement
at the pedestrian level in terms of the relationship with neighbor pedestrians. These
movements take into account factors such as visibility, collision avoidance or attributes
of other pedestrians. Other indication of the generality of the model is the capabil-
ity to articulate interdisciplinary frameworks. The social distances model (SDM) uses
the works by E.T. Hall [Hall 1963; 1966] to define proxemics-inspired models. Prox-
emics studies the groups of individuals in terms of inter-personal distances, imposed
unconsciously by cultural and social rules, which generate behavioral patterns. Hall
based his studies mainly on observation and developed a notation system for proxemic
behavior. Manenti and Manzoni [2011] insert proxemic considerations in the pedes-
trian behaviors of a crowd simulation system and study the derived implications. The
work by He et al. [2016] presents an algorithm based on ORCA collision avoidance
model which includes macro-level driving behaviors based on proxemic rules to simu-
late coherent groups that follow a leader inside high density scenarios, and Wąs [2008]
presents a multi-agent framework for the SDM.

Machine learning techniques can be applied to different steps of the process of pedes-
trian modeling and simulation. The use of machine learning in pedestrian modeling
connect with the idea that walking is the result of a learning process in human be-
ings. In their survey, Helbing and Johansson [2009] suggest that in real pedestrians a
learning process exists to optimize the automatic response that minimize collisions and
delays. These optimizations at individual level explain, according to the authors, the
emergence of collective behaviors in crowds. Several works use machine learning tech-
niques to calculate pedestrian models from real data. The work by Kretzschmar et al.
[2014] learns collective pedestrian navigation from demonstrations. Their method pro-
poses a feature-based maximum entropy learning approach to infer the distribution
that matches the observed behavior of the agents. As it has been described earlier in
this text, the behavioral simulation can be considered as a kind of control problem.
In this sense, different solutions from the machine learning field can be used to learn
these controllers. In the work Gerdelan and O’Sullivan [2010], fuzzy logic controllers
are used for agent steering. Fuzzy controllers are popular in simulation because they
allow to generalize the input signals, creating outputs that transition smoothly. In
their work, agents do not represent pedestrians, although the method is applicable to
this domain. Reinforcement Learning (RL) [Sutton and Barto 1998] is a subfield of
machine learning suitable to get control modules for different purposes of pedestrian
simulation systems. The use of RL with virtual agents is considered by Torrey [2010],
who proposed a microscopic framework for learning behaviors that are a mix of so-
cialization and goal-oriented traffic. Their approach uses a discrete space. The work
by Martinez-Gil et al. [2014] describes a multi-agent system (MARL-Ped) in which em-
bodied agents that simulate pedestrians learn to move inside a virtual environment.
The individual behaviors are learned using RL by interacting with the environment.
The authors demonstrate empirically that the system is capable of generating plau-
sible pedestrian behaviorswith multi-level decision making (at the operational and
tactical levels). In [Martinez-Gil et al. 2015], two different RL-based strategies for
pedestrian simulation are compared and the authors analyze the learned dynamics
using the fundamental diagram. The results of the study conclude that the learned
behaviors generate dynamics similar to that of Helbing’s pedestrians model and are
capable of emergent collective behaviors.
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3.5. Data-driven models

Under this category, we refer to approaches in which data are used as examples to
model dynamics or interaction. In the work by Höcker et al. [2009] a basic social force
model is proposed that is modified with information from real data using an evolu-
tionary model adjustment. The work by Lemercier et al. [2012] calibrates a pedestrian
following model to be used in queues simulation. Assuming a numerical model (the
Aw-Rascle traffic model), they use real data to calibrate the parameters of their queue
model. A real-time data-driven approach is proposed in [Porzycki et al. 2013]. A sim-
ulation system is synchronized with a flow of real data provided by the sensors of
the Microsoft Kinect device. The detected individuals are used to initialize embodied
agents in the simulation system. The approach presented by Lee et al. [2007] is a data-
driven method for crowd simulation. The movement of a crowd is recorded from a top
view using a camera. Then, the individual trajectories are obtained from the images
and an agent model is learned using a regression-based method. A similar approach is
presented in the work by Kim et al. [2016]. It focuses on generating realistic trajecto-
ries in crowds at interactive rates. Trajectories from videos are extracted to learn the
characteristics of pedestrian dynamics to compute collision-free trajectories for virtual
pedestrians in different virtual scenarios.

3.6. Summary of modeling categories

As a summary of the different modelling methodologies reviewed in Section 3, Table II
presents some of the most important characteristics in each group of the proposed
taxonomy. The following list indicates the meaning of each column in the table.

Type. mac = macroscopic mic = microscopic.
Size. in= individuals, g = groups (dozens of individuals), c = crowds (hundreds of
ind.) lc = large crowds (thousands of indiv.)
Inter. Percentage of works reviewed used in interactive simulations.
Field. Scientific fields in which the models appear.
Simulation scen. Examples of scenarios where the models have been used (not ex-
haustive).

In order to provide a better insight on the scientific publications of pedestrian mod-
els, we have classified journals into groups. In the last column of the table we present
the groups in which each modeling methodology appears. The groups with more publi-
cations are marked with an asterisk (*). The groups of journals are:

Group A. Comput Graph Forum, Comput Graph Int, Comput Animat Virtual
Worlds, ACM Trans. Graph., Comput Animat,Comput Graph, IEEE Comput Graph
Appl, IEEE Trans Vis Comput Graph
Group B. Transportation Research Procedia, Transport Res A-B-C-F, Journal of
Transportation Engineering, Transport Res Rec: Journal of the TRB, Highway Re-
search Records, Transport Sci, Transportation Research Circular (TRB), J Transp
Eng, Traffic Engineering, Transport Plan Techn, Traffic Engineering and Control
Group C. Int J Rob Research, Auton Agent Multi Agent Syst, IEEE Trans. Robot,
Neurocomputing, Knowl Eng Rev
Group D. Siam Rev.,PLoS (ONE, Comput. Biology), Nature, PNAS
Group E. Geogr Anal, Trans Arch Inst, Build Environ
Group F. Computer Vision and Pattern Recognition, IEEE Trans Pattern Anal
Mach Intell, Comput Vis Image Und, ACM Trans Appl Percept, Journal of Com-
puter Vision Research
Group G. Cellular Automaton, Cybern Syst
Group H. Procedia Soc Behav Sci, J Artif Societies Soc Simul, J Soc Psychol
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Table II. Characteristics and area of applications of Pedestrian Models. See text for detail on column abbreviations.

Model Type Size Space Inter Field Simulation
scen.

Simulators Journal
groups

Continuum mac lc cont ∼70% Traffic, Engi-
neering

Congestions,
crossings

PedRoute A*,B*,J,
M

Social
Force

mic g, c,
lc

cont. ∼20% Planning , Engi-
neering, Simula-
tion

Evacuation,
emergence and
panic situations

OCEAN,
Ped-Sim,
SimWalk,
Golaem,
Vissim

A, B*,
D, F, I*,
L, M

Optimal
control
based

mac-
mic

in,
g, c

cont. ∼50% Infrastructure
design, Civil en-
gin., Animation

Evacuation Legion,
NOMAD

A, B*,
C, J

Cellular
Automata

mic in,
g, c,
lc

disc. ∼70% Research Evacuation
(ships,stadiums)

HERMES B*, E,
G, I*

Agent-
based

mic in,
g, c,
lc

cont. ∼90% Animation, Sim-
ulation

Populating
virtual env.,
pilgrimage

PEDFLOW,
Massive

A*, B,
C, H, L

Queue-
based

mac-
mic

g, c cont,
disc

∼0% Civil engineer-
ing, Architecture
design, Safety

Circulation
in a building,
pilgrimage,
ticketing system

B*, D,
E, K

Discrete
choice

mic g, c cont. ∼10% Transport analy-
sis and planning,
research

Shopping, multi
modal transfer
stations, facili-
ties in stations,
daily travels

B

Data-
driven
based

mic in,
g, c

cont. ∼75% Simulation,
Evacuation

Railway station,
marathon

A*, B

Group I. Phys. Rev. E, Physica A: Statistical Mech Appl, New J Phys, Annu Rev
Fluid Mech, Phys Rev E, J Stat Mech, Am J Phys
Group J. Math Models Methods Appl Sci, J Differ Equ, SIAM J Appl Math, Optim
Control Appl Methods
Group K. Queueing Syst Theor Appl
Group L. Math. Comp. Simul., ACM Trans Model Comput Simul, Simulation, Sim-
ulation Modelling Practice and Theory
Group M. Complex Syst, Evolution Nat Struct, Adv Complex Syst

From the data shown in Table II we can extract two main conclusions: the preva-
lence of the microscopic models respect to the macroscopic ones and the concentration
of works in two bibliographic areas: on the one hand research publications related
to Computer Graphics and, more specifically, Computer Animation (Group A); on the
other hand, publications related to Transportation Research. This indicates that fun-
damental studies have made way to research in fields where the models are applied.

4. PEDESTRIANS BEHAVIOR VALIDATION

In [Wolinski et al. 2014b], the authors state that “there is no standard way to make
comparative evaluation of two simulation models”. However, despite the difficulty,
evaluation is a relevant issue so that during the last years the number of research
works which consider any kind of evaluation technique is increasing (see Table III).
This section reviews techniques used to calibrate or validate artificial pedestrian be-
haviors. We have detected three main streams in the literature about this subject. A
first group of works use real data to calibrate the output of the models or simulations
systems. A second group consider pedestrian dynamics descriptors such as fundamen-
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Table III. Representative works for pedestrian evaluation

Real data-based Pedestrian dynamics based Perception studies-based

[Wolinski et al. 2014a] [Karamouzas and Overmars 2012] [Peters and Ennis 2009]
[Ondrej et al. 2010; Pettre et al. 2009] [Teknomo 2002; Chaibri et al. 2009] [Hoyet et al. 2013]

[Johansson et al. 2007; Guy et al. 2010] [Kretzschmar et al. 2014; Singh et al. 2009] [Pelechano et al. 2008]
[Lee et al. 2007; Lerner et al. 2007] [Pettre et al. 2009; Zhang et al. 2014] [Kretzschmar et al. 2014]

[Helbing et al. 2007; Daamen et al. 2014] [Schadschneider et al. 2013]

tal diagrams for validation. Many of the works of both main streams come from the
area of transportation research although a small group comes from computer science
area (e.g velocity-based approaches). A third main stream is focused on visual realism
and the way a human observer perceives a simulation. These works come from the
area of computer science, specifically computer graphics and animation. Table III dis-
plays several representative works divided in those that use real data directly, those
based on the fundamental diagram and other parameters of pedestrian dynamics and
those that study perception factors of the graphic simulations. Those and other works
are discussed in Table III. This sections summarizes the evaluation techniques around
the main streams considered.

4.1. Validation techniques based on pedestrian dynamics chraracteristics

At the macroscopic level, flow, and therefore, the fundamental diagram is the main pa-
rameter used in validation. Several works by the research group of Schadscheneider
and Seyfried use the fundamental diagram to validate the social-force model [Chaibri
et al. 2009], CA models [Schadscheneider and Seyfried 2009] and the centrifugal-force
model [Chraibi et al. 2010]. These researchers have carried out several studies to de-
fine parameters for the evaluation of the Hermes simulation system [Zhang et al. 2010;
Schadschneider et al. 2013]. The work by Zhang et al. [2014] used real data from sev-
eral uni-directional flow experiments to calculate the fundamental diagrams and exit
times for quantitative validation of the PEDFLOW simulation system.

The microscopic level of validation focuses on individuals and local features such
as speed, position and interactions. Unlike the macroscopic characteristics, the micro-
scopic validation parameters are not well defined. One of the first ideas to validate
the microscopic dynamics of pedestrians was flow performance, used by the TRANSYT
software to determine the performance of a traffic network [Vincent et al. 1980]. The
work by Helbing et al. [1997b] proposes a flow performance based on two measures:
efficiency and discomfort. Both measures are used as evaluation parameters to opti-
mize pedestrian facilities and describe the interaction among pedestrians and between
pedestrians and facilities. The work by Teknomo [2002] defines efficiency Ẽ the mean
value of the velocity component into the desired direction of motion in relation to the
desired walking speed and disconfort Ũ , as a measure of the frequency and degree of
sudden velocity changes due to crashes or avoidance maneuvers. Other parameters
that have been proposed to measure flow performance are pace index or variation of
the walking displacement, although they have not demonstrated strong influence on
the pedestrian flow [Teknomo et al. 2003].

4.2. Validation techniques based directly on acquired data

The work [Daamen et al. 2013] describes the use of empirical data to calibrate the
Nomad pedestrian simulation model. In [Wolinski et al. 2014a] an evaluation frame-
work is presented that uses several data sets to compare the evaluated parameterized
algorithms with the data. They formulate the comparison as an optimization prob-
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lem, where parameter values are fitted to minimize the error between the simulation
and data, and the errors obtained with different simulation algorithms are compared.
Other work that uses real data to evaluate crowd simulation systems is [Guy et al.
2012b]. In this work the Entropy Metric is presented. This metric has two steps. First,
they estimate a probability distribution of states which best represent the collected
data. Second, the simulator being evaluated is used for prediction from these states.
The smaller the prediction error, the better the simulator’s quality is considered. Daa-
men et al. [2014] extract characteristics from real trajectories using non-linear regres-
sion techniques and use them to validate a social force model. In [Paris et al. 2007], the
calibration/validation of the system is carried out using videos of real crowds. The same
technique is used by Karamouzas and Overmars [2012], who use data extracted from
videos of groups of people to validate simulated group formations. The work by Singh
et al. [2009] proposes a benchmark for evaluating steering behaviors. With the aim
of standardizing steering behaviors evaluation, the authors select a set of metrics of
evaluation such as collision, distance, turning based metrics and a set of test cases
such as crossings, bottlenecks, one way and two way corridors etc.

4.3. Validation techniques based on perception

The GV2 research group of the Trinity College Dublin has conducted wide research on
the perception factors that create believability in simulations with virtual pedestrians
and groups. [Peters and Ennis 2009] use data from video and perceptual experiments
to model plausible dynamic crowd scenarios. The system uses information, such as
group size and formations shapes, extracted from videos, to define the control of the
simulation. The evaluation consists of a perceptual study to measure viewer’s percep-
tion of scene plausibility. [Hoyet et al. 2013] use data captured from thirty actors in
different gaits such as walking, jogging and dancing. They apply this motion to the
same virtual character (one male and one female) to explore whether characteristic
motion features transfer across an individual’s different gaits. The work by Ennis and
O’Sullivan [2012] studies conversing groups. Using combinations of motions, previ-
ously identified in real pedestrian conversational groups, and behavior theories from
anthropology, the authors simulate plausible groups of conversing pedestrians. The set
of motions are collected from real humans with a motion capture system. The plausi-
bility of the simulations is evaluated by humans with a questionnaire. Several works
evaluate how the perception of different aspects of the simulation affects its qual-
ity. Pražák et al. [2011] focus on footskate (when contacts between the feet and the
ground are not properly enforced). [Larkin and O’Sullivan 2011] explore the percep-
tion of texture, silhouette and lighting artifacts on simplified human-like characters.
The authors have developed an automatic predictor for geometry simplification, that
can be useful to guide automatic level of detail selection. Pražák and O’Sullivan [2011]
focus on crowds, studying the importance of motion variety in the creation of plausible
simulations, while [McDonnell et al. 2009] examine the influence of body shape and
motion in the sex perception of walking models, with the intention of creating variety
in crowds with a limited collection of body shapes and motions. In the same lane, Hoyet
et al. [2016] study the influence of pedestrians’ shoulder motion in the visual quality
of the perceived crowd. They use perceptual experiments and statistical analysis to
demonstrate that shoulder reactions improve the motion perception of the crowd with
little additional computational cost.

Beyond getting data by tracking people’s motion, there are other strategies that re-
late qualitative aspects with collected information. For instance, Kretzschmar et al.
[2014] use the Turing test metaphor to obtain statistics about qualitative metrics per-
ceived from the simulations. Pelechano et al. use a different set of quality metrics (e.g.
shaking or overlapping) to validate a pedestrian model based on the sense of pres-
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ence [Pelechano et al. 2008]. The application domain of this type of evaluation lies on
immersive virtual reality environments, since the evaluation mainly depends on the
user perceptions when she is immersed into a virtual escenario with artificial pedes-
trians. Olivier et al. [2014] study the requirements of a virtual reality platform, in
order to analyze and validate the behaviour of a human integrated in a virtual crowd,
without the difficulties of real world acquisition systems.

5. MULTISCALE SIMULATION

In this section we consider two problems related with multiscale. First the theorical
and computational problem of combining macro and micro scales is discussed. Second,
the specific problems of scaling from individuals to crowds is introduced.

5.1. Combining microscopic and macroscopic views

In pedestrian simulation, multiscale issues appear when considering the problem of
assembling microscopic and macroscopic approaches. A combination of methods com-
ing from these two approaches are neccesary when simulating effects based on local
phenomena (collisions, cloggings in front of a door) and global navigation (evolution of
congestions, coherence with fundamental diagram). A common approach to the prob-
lem consists on using a layered model in which micro and macro models reside in two
different layers that share information. Unlike the layered-behavior based approach,
these layers are not behavioral levels of abstraction inside an individual but they de-
scribe the movement features of the crowd at different scales. In [Kneidl et al. 2013],
a CA model is combined with a floor field and a navigation graph. On the small-scale
layer, the space is discretized in cells and pedestrians move from one cell to another
using the potential-based CA, managing local interactions. On the large-scale, the nav-
igation graph is used for global path planning. In the work by Koh and Zhou [2011] a
two layered model is proposed, a macro-level model for pathfinding and a micro-level
for steering.

Another approach is based in the observation stated by Narain et al. [2009] that in
high densities, the interpersonal distance is a constraint that reduces the capacity of
movement of the pedestrian. The authors use a dual representation for the crowd. In
the microscopic (discrete) approach, a global planner determines the preferred velocity
for each pedestrian. With this micro-level requirement, the authors model the crowd
as a fluid and propose a collision avoidance technique based on what they call a unilat-
eral incompressibility constraint on the flow. This technique achieves real-time rates
simulating a hundred thousand agents on a domestic computer.

The work by Cristiani et al. [2011] couples microscopic and macroscopic scales in a
rigorous mathematical framework. The authors reinterpret the conservation of mass
law in term of an abstract mass measure, which behaves as discrete in the microscopic
level and as continuous for the macroscopic level. This approach is capable of intro-
ducing in a macroscopic context some microscopic effects, such as the follow the leader
behaviour or the zipper effect (alternation of two opposite pedestrian flows through a
door) in a fully justifiable manner from both the physical and the mathematical per-
spective. This work is complemented in [Tosin 2014] with a theory of well-posedness
for initial-value problems. Another work that treats the problem from a formal per-
spective is [Bellomo et al. 2013], where the authors demonstrate how the dynamics at
the micro-scale is transferred to the dynamics of collective behaviors.

5.2. Scaling in number of individuals

The number of simulated people can be also considered as a reasonable parameter to
define scale of a simulation systems under study, from individual or groups of pedes-
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trians up to large crowds. The term crowd simulation is recurrent in the literature on
pedestrian simulation and refers to a problem which has its specific challenges.

A relevant example is the problem of routing or steering the crowd as a whole. Mi-
croscopic solutions like path planning algorithms are not efficient when thousands of
individuals are involved. Navigation fields and, particularly, force fields are commonly
combined with collision avoidance techniques to avoid path planning computation.
Patil et al. [2011] apply two navigation fields with this purpose. Treuille et al. [2006]
introduce the idea of combining two different fields to solve the problem of moving large
crowds without explicit collision avoidance. One field stores maximum speed that de-
termines the velocity of an individual at a given position. With this field, preferences
for certain paths can be expressed. The other is a discomfort field which represents
the preference of staying in a specific place. This field can be changed dynamically
to implement collision avoidance. An alternative to the navigation field is the naviga-
tion graph [Yersin et al. 2005]. It represents a set of navigable areas as the nodes of
a graph. Navigation is possible only between connected areas. The velocity fields are
computed based on the environment description given by the navigation graph. The
work by Pettré and co-workers [Pettré et al. 2006; Pettré et al. 2007] also uses naviga-
tion graphs for real-time crowd navigation. In this case the graph is the main structure
for an efficient route planning system. Other approach for crowd control to simulate
access restrictions are centralized rule systems. For instance, Seer et al. [2010] define
a macroscopic rule-based system to control the flow of the simulated crowd in critical
areas such as platforms of subway stations close to a soccer stadium.

The bottom-up problem composition has been a classical way of addressing the crowd
simulation problem. A contrary approach, that is, a top-down decomposition of the
problem has been recently proposed in the work by [Curtis et al. 2016]. In their work a
modular framework for crowd simulation is proposed. The big problem is decomposed
into component subproblems that can be solved in separate modules using different
techniques. The framework allows to address each subproblem with different modules,
representing different models or approaches yielding different crowd simulators.

For a broader study on specific crowd problems, important surveys are: [Duives et al.
2013] about crowd motion in the field of transportation; Thalmann et al.’s book [Thal-
mann and Musse 2012]; the review by Bellomo et al. [Bellomo and Dogbe 2011], with a
mathematical/physical perspective; the book of Pelechano et al. [Pelechano et al. 2008],
Schadscheneider et al’s review [Schadschneider et al. 2009]; Zhou et al.’s work [Zhou
et al. 2010] and the survey by Zheng et al. [Zheng et al. 2009], focused on models for
building evacuation simulations, in the area of computer science.

6. CONCLUSIONS

When facing the literature on artificial pedestrians the reader has to deal with a large
dispersion of publications across very different areas and a considerable heterogeneity
in the applied methodologies. We have proposed an organization of the literature using
three main axes: a categorization of modeling methodologies, an analysis of validation
techniques and a review of issues related to scale.

From the literature review conducted in this paper, we detect several evolution lines
that mark the current trends in pedestrian simulation. Research has evolved from
fundamental papers, devoted to understand pedestrian dynamics, to applied works
in which well established models are used. This evolution from analysis to applica-
tion leads to an increasing importance of computing, which nowadays plays a key
role with simulation being an ubiquitous tool in pedestrian dynamics research. The
current expansion of the multiprocessor architectures makes possible the implemen-
tation of complex microscopic models and systems. An example is the use of paral-
lel real time computation strategies for simulating evacuations [Kemloh et al. 2013].
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Multi-core parallel architectures allow to consider each simulated pedestrian capable
of managing simultaneously and autonomously different computational processes cor-
respondent with different levels of decision making (operational, tactical or strategic)
influenced by inner mental processes (stress, impatience, panic . . . ), bring actors closer
to real pedestrian behaviors.

Data acquisition is also a rapidly evolving aspect in this field. Tracking systems
available for pedestrians detection are capable of sampling not only positions and
speeds but also poses and interactions. In addition, the use of smartphones and
portable devices are producing a revolution in the way data is captured. Papers de-
voted to crowdsensing methods are increasing their presence in pedestrian data acqui-
sition area. This will make possible an important advance in that research lines which
need accurate data to develop their work.

However, despite this advance in data acquisition, assessment and validation pro-
cesses have not experienced a similar progression. Researches have both quantitative
and qualitative methods to analyse the quality of a model or a simulation. However,
more precise and well-established metrics are necessary to evaluate the performance of
the simulations. In this sense research on perceptual cues, relevant for creating plau-
sible simulations, is neccesary. In the same direction, new ways of interacting with
simulations such as immersive virtual environment technology or teleoperation can
provide new methodologies for evaluating the behavioral outcome of a simulation.

Several fields could gain influence in the future to face new problems in pedestrian
modeling and simulation. Complex systems is a research area that has not been suf-
ficiently exploited in this field. Pedestrian groups and crowds are typically complex
systems where local interactions display emergent collective behaviors that cannot be
explained as the sum of individual interactions. Several theories in this field could
help understand instabilities and phase changes in crowds [Moussaïd et al. 2012], dis-
covering power-laws for scaling behaviors [Newman 2011] or proposing mathematical
structures for generating multiscale dynamical effects [Bellomo et al. 2012]. Informa-
tion theory can also provide insights in this subject. Complexity theories could be used
to classify patterns of movements and find similarities between maneuvers and local
interactions or to find new quality metrics (e.g. the work by Guy et al. [2012b] uses
the notion of entropy to define a quality metric for simulators) or new forms of repre-
sentation. Game theory is becoming important for modelling multiobjective situations
in pedestrian scenarios. In a multiobjective scenario, pedestrians have to achieve two
or more competing goals. These problems do not have a unique solution, but require a
trade-off between goals by means of Pareto-solutions. Finally, machine learning, and
more specifically the use of learning techniques to build decision making modules for
microscopic simulators, is a promising area. These techniques can also be applied to
learn locomotion problems [Peng et al. 2016].

REFERENCES

S. Ali and M. Shah. 2008. Floor Fields for Tracking in High Density Crowd Scenes. In Computer Vision -
ECCV 2008, 10th European Conference on Computer Vision, Marseille, France. 1–14.

Y. Aloimonos, A. Bandyopadhyay, and I. Weiss. 1988. Active Vision. International Journal of Computer
Vision 1, 4 (1988), 333–356.

G. Antonini. 2006. A discrete choice modeling framework for pedestrian walking behavior with application
to human tracking in video sequences. Ph.D. Dissertation. École Polytechnique Fédérale de Lausanne.

G. Arechavaleta, J. P. Laumond, H. Hicheur, and A. Berthoz. 2008. An optimality principle governing human
walking. Robotics, IEEE Transactions on 24, 1 (2008), 1–5.

C. Arita and A. Schadschneider. 2014. The Dynamics of Waiting: The Exclusive Queueing Process. Trans-
portation Research Procedia 2 (2014), 87–95.

ACM Computing Surveys, Vol. V, No. N, Article A, Publication date: January YYYY.



Artificial Pedestrians: a Survey A:27

S. Bandini, M. Mondini, and G.Vizzari. 2014. Modelling negative interactions among pedestrians in high
density situations. Transportation Research Part C 40, March (2014), 251–270.

M. Batty. 2003. Advanced Spatial Analysis: The CASA book of GIS. Redlands: ESRI Press, Chapter Agent-
based Pedestrian Models, 81–106.

M. Batty. 2005. Cities and Complexity: Understanding cities with Cellular Automata, Agent-based Models,
and Fractals. The MIT Press. Cambridge, MA.

N. Bellomo, A. Bellouquid, and D. Knopoff. 2013. From the Microscale to Collective Crowd Dynamics. Mul-
tiscale Modeling & Simulation 11, 3 (2013), 943–963.

N. Bellomo, S. Berrone, L. Gibelli, and A. Pieri. 2015. First Order Models of Human Crowds with Behavioral-
Social Dynamics. ArXiv e-prints (2015).

N. Bellomo and C. Dogbe. 2011. On the modeling of traffic and crowds: A survey of models, speculations and
perspectives. SIAM Rev. 53, 3 (2011), 409–463.

N. Bellomo, B. Piccoli, and A. Tosin. 2012. Modeling Crowd Dynamics from a complex system viewpoint.
Mathematical Models and Methods in Applied Sciences 22 (2012), 1230004.

M. Ben-Akiva and S. R. Lerman. 1985. Discrete Choice Analysis: Theory and Application to Travel Demand.
MIT Press.

M. Bierlaire. 2003. BIOGEME: A free package for the estimation of discrete choice models. In Proceedings
of the 3rd Swiss Transportation Research Conference. Ascona, Switzerland.

M. Bierlaire, G. Antonioni, and M. Weber. 2003. Moving through nets: the physical and social dimensions of
travel. Elsevier, Chapter Behavioral dynamics for pedestrians, 323–336.

M. Bierlaire and T. Robin. 2009. Pedestrians Choices. Emerald, Chapter Pedestrian Behavior, 1–25.
V. J. Blue and J. L. Adler. 2001. Cellular automata microsimulation for modeling bi-directional pedestrian

walkways. Transportation Research Part B: Methodological 35, 3 (2001), 293–312.
A. Borgers and H. Timmermans. 1986. A Model for Pedestrian Route Choice and Demand for Retail Facilities

Within Inner-City Shopping Areas. Geographical Analysis 18 (1986), 115–128.
C. Burstedde, K. Klauck, A. Schadschneider, and J. Zittartz. 2001. Simulation of Pedestrian Dynamics Using

a Two-dimensional Cellular Automaton. Physica A 295 (2001), 507–525.
E. Canetti. 1962. Crowds and Power. Victor Gollancz Ed.
M. Chaibri, A. Seyfried, A. Schadschneider, and W. Mackens. 2009. Quantitative description of pedestrian

dynamics with force-based model. In IEEE Int. Conf. on Web Intelligence and Intelligent Agent Tech.
U. Chattaraj, A. Seyfried, P. Chakroborty, and M. K. Biswal. 2013. Modelling Single File Pedestrian Motion

Across Cultures. Procedia - Social and Behavioral Sciences 104, 0 (2013), 698–707. 2nd Conference of
Transportation Research Group of India (2nd CTRG).

S. Chenney. 2004. Flow Tiles. In Proc. Eurographics/ACM SIGGRAPH Symposium on Computer Animation
SCA’04. Grenoble. France. 233–242.

C.Y. Cheung and W.H.K. Lam. 1998. Pedestrian route choices between escalator and stairway in MTR sta-
tions. Journal of Transportation Engineering 124 (1998), 277–285.

M. Chraibi, A.Tordeuxand, and A. Schadschneider. 2015. A force-based modelto reproduce stop-and-go waves
in pedestrian dynamics. In Traffic and Granular Flow 2015.

M. Chraibi, U. Kemloh, A. Schadschneider, and A. Seyfried. 2011. Force-Based Models of Pedestrian Dynam-
ics. Networks and Heterogeneous Media 6, 3 (2011), 424–442.

M. Chraibi, A. Seyfried, and A. Schadschneider. 2010. Generalized centrifugal-force model for pedestrian
dynamics. Phys Rev E 82 (2010), 046111. Issue 4.

V. Coscia and C. Canavesio. 2008. First-order macroscopic modelling of human crowd dynamics. Mathemat-
ical Models and Methods in Applied Sciences 18, supp01 (2008), 1217–1247.

E. Cristiani, B. Piccoli, and A. Tosin. 2011. Multiscale modeling of granular flows with application to crowd
dynamics. Multiscale Modeling and Simulation 9, 1 (2011), 155–182.

E. Cristiani, F.S. Priuli, and A. Tosin. 2015. Modeling Rationality to Control Self-Organization of Crowds:
An Environmental Approach. SIAM J. Appl. Math. 75, 2 (2015), 605–629.

S. Curtis, A. Best, and D. Manocha. 2016. Menge: A Modular Framework for Simulating Crowd Movement.
Collective Dynamics 1, 0 (2016), 1–40.

S. Curtis and D. Manocha. 2014. Pedestrian simulation using geometric reasoning in velocity space. In
Pedestrian and Evacuation Dynamics 2012, U. Weidmann, U. Kirsch, and M. Schreckenberg (Eds.).
Springer, 875–890.

W. Daamen. 2004. Modelling Passenger Flows in Public Transport Facilities. Ph.D. Dissertation. Delft Uni-
versity of Technology, The Netherlands.

ACM Computing Surveys, Vol. V, No. N, Article A, Publication date: January YYYY.



A:28 F. Martinez-Gil et al.

W. Daamen, M. Campanella, and S. P. Hoogendoorn. 2013. Traffic and Granular Flow’11. Springer, Chapter
Calibration of Nomad Parameters Using Empirical Data, 109–120.

W. Daamen, D.C. Duives, S.P. Hoogendoorn, S. Seer, C. Rudloff, T. Matyus, and N. Brändle. 2014. Validat-
ing Social Force based Models with Comprehensive Real World Motion Data. Transportation Research
Procedia 2 (2014), 724–732.

W. Daamen, S. Hoogerndoorn, and P. Bovy. 2005. First-order pedestrian traffic flow theory. Transportation
Research Record: Journal of the TRB 1934 (2005), 43–52.

J. Q. Van den Berg and H. B. Bouvy. 1994. Pedestrian Flow (Survey of Literature). Literature research. Delft
University of Technology. Faculty of Civil Engineering.

M. di Francesco, P. A. Markowich, J-F. Pietschmann, and M-T. Wolfram. 2011. On the Hughes’ model for
pedestrian flow: The one-dimensional case. Journal of Differential Equations 250, 3 (2011), 1334 – 1362.

F. Dietrich and G. Köster. 2014. Gradient Navigation model for pedestrian dynamics. Physical Review E 89
(2014), 062801.

J. Dijkstra, H.J.P. Timmermans, and A.J. Jessurun. 2001. A Multi-Agent Cellular Automata System for Visu-
alising Simulated Pedestrian Activity. In Theory and Practical Issues on Cellular Automata, S. Bandini
and T. Worsch (Eds.). Springer, 29–36.

D.C. Duives, W. Daamen, and S.P. Hoogerndoorn. 2013. State-of-the-art crowd motion simulation models.
Transportation Research Part C 37 (2013), 193–209.

L.C. Edie. 1963. Discussion of traffic stream measurements and definitions. Portof New York Authority.
C. Ennis and C. O’Sullivan. 2012. Perceptually plausible formations for virtual conversers. Computer Ani-

mation and Virtual Worlds 23, 3-4 (2012), 321–329.
F. Eves, O. Webb, and N. Mutrie. 2006. A workplace intervention to promote stair climbing: Greater effects

in overweight. Obesity 14 (2006), 2210–2216.
R. Ewing, W. Schroeer, and W. Greene. 2007. School location and Student Travel Analysis of Factors Affect-

ing Model Choice. TransportationResearch Board of the NAtional Academies 1895 (2007), 55–63.
J. Fang, Z. Qin, H. Hu, Z. Xu, and H. Li. 2012. The fundamental diagram of pedestrian model with slow

reaction. Physica A: Statistical Mechanics and its Applications 391, 23 (2012), 6112–6120.
P. Fiorini and Z. Shiller. 1998. Motion Planning in dynamic environments using velocity obstacles. Interna-

tional Journal on Robotics Research 17, 7 (1998), 760–772.
R.D. Freimuth and L. Lam. 1992. Active walker models for filamentary growth patterns. In Modeling Com-

plex Phenomena: Proc. of the 3rd Woodward Conf., L. Lam and V. Naroditsky (Eds.). Springer, 302–314.
J. J. Fruin. 1971a. Designing for pedestrians: A level of service concept. Highway Research Record 355

(1971), 1–15.
J. J. Fruin. 1971b. Pedestrian Planning and Design. Metropolitan Association of Urban Designers and Envi-

ronment Planners, Inc. New York.
L. Fu, W. Song, W. Lv, and S. Lo. 2014. Simulation of Exit Selection Behavior Using Least Effort Algorithm.

Transportation Research Procedia 2 (2014), 533–540.
R. Gayle, W. Moss, M. C. Lin, and D. Manocha. 2009. Multi-robot Coordination Using Generalized Social

Potential Fields. In IEEE International Conference on Robotics and Automation (ICRA’09).
A. Gerdelan and C. O’Sullivan. 2010. A genetic-fuzzy system for optimising agent steering. Computer Ani-

mation and Virtual Worlds 21 (2010), 453–461.
J. J. Gibson. 1979. The ecological Approach to Visual Perception. Houghton Mifflin. Boston MA.
M. Gilman, H. Moldovan, and M. Tencer. 2005. Pedestrian and Evacuation Dynamics 2005. Springer, Chap-

ter Dynamic Navigation Field- A Local and On-Demand Family of Algorithms for Wayfinding.
P. G. Gipps and B. Marksjo. 1985. A microsimulation model for pedestrian flows. Math Comp Sim 27 (1985),

95–105.
S. J. Guy, J. Chhugani, C. Kim, N. Satish, M.C. Lin, D. Manocha, and P. Dubey. 2009. ClearPath: highly par-

allel collision avoidance for multi-agent simulation. In Symposium on Computer Animation, Dieter W.
Fellner and Stephen N. Spencer (Eds.). ACM, 177–187.

S. J. Guy, J. Chugani, S. Curtis, P. Dubey, M. C. Lin, and D. Manocha. 2010. PLEdestrians: A Least-effort
Approach to Crowd Simulation. In Proceedings of the 2010 ACM SIGGRAPH/Eurographics Symposium
on Computer Animation (SCA ’10). Eurographics Association, 119–128.

S. J. Guy, S. Curtis, M. C. Lin, and D.Manocha. 2012a. Least-effort trajectories lead to emergent crowd
behaviors. Physics Review E 85 (2012), 0161100–0161107.

S. J. Guy, J. von Berg, W. Liu, R. Lau, M. C. Lin, and D. Manocha. 2012b. A Statistical Similarity Measure
for Aggregate Crowd Dynamics. ACM Trans. Graph. 31, 6, Article 190 (2012), 11 pages.

E.T. Hall. 1966. The hidden dimension. Anchor Books.

ACM Computing Surveys, Vol. V, No. N, Article A, Publication date: January YYYY.



Artificial Pedestrians: a Survey A:29

E. T. Hall. 1963. A system for the notation of proxemic behavior. Am Anthrophol 65 (1963), 1003–1026.
B.D. Hankin and R.A. Wright. 1958. Passenger flow in subways. Oper Res Q 9 (1958), 81–88.
D. Hartmann. 2010. Adaptive Pedestrian Dynamics based on Geodesics. New J Phys 12 (2010), 043032.
L. He, J. Pan, W. Wang, and D. Manocha. 2016. Proxemic group behaviors using reciprocal multi-agent

navigation. In IEEE InternationalConference on Robotics and Automation (ICRA). IEEE.
L. Heïgeas, A. Luciani, J. Thollot, and N. Castagné. 2003. A physically-based particle model of emergent

crowd behaviors. In Proc. Graphikon 2003.
D. Helbing. 1992a. A Fluid-dynamic Model for the Movement of Pedestrians. Complex Systems 28 (1992),

391–415.
D. Helbing. 1992b. Stochastische Methoden, nichtlineare Dynamik ind quantitative Modelle sozialer Prozesse.

Ph.D. Dissertation. University of Stuttgart. Germany.
D. Helbing, L. Buzna, A. Johanson, and T. Werner. 2005. Self-Organized Pedestrian Crowd Dynamics: Ex-

periments, Simulations, and Design Solutions. Transportation Science 39 (2005), 1–24.
D. Helbing, I. Farkas, and T. Vicsek. 2000. Simulating Dynamical Features of Escape Panic. Nature 407

(2000), 487–490.
D. Helbing, M. Isobe, T. Nagatani, and K. Takimoto. 2003. Lattice gas simulation of experimentally studied

evacuation dynamics. Physical Review E 67 (2003), 067101.
D. Helbing and A. Johansson. 2009. Encyclopedia of Complexity and Systems Science. Vol. 16. Springer,

Chapter Pedestrian, Crowd and Evacuation Dynamics, 6476–6495.
D. Helbing, A. Johansson, and H. Z. Al-Abideen. 2007. The Dynamics of Crowd Disasters: An Empirical

Study. Physical Review E 75 (2007), 046109.
D. Helbing, J. Keltsch, and P. Molnár. 1997a. Modelling the evolution of human trail systems. Nature 388

(1997), 47–49.
D. Helbing and P. Molnár. 1995. Social force model for pedestrian dynamics. Phys. Rev. E 51 (1995), 4282–

4286. Issue 5.
D. Helbing, P. Molnar, and F. Schweitzer. 1997b. Computer simulation of Pedestrian Dynamics and Trail

Formation. Evolution of Natural Structures (1997), 229–234.
D. Helbing, F. Schweitzer, J. Keltsch, and P. Molnár. 1997c. Active walker model for the formation of human

and animal trail systems. Physical Review E 56 (1997), 2527.
L.F. Henderson. 1971. The Statistics of Crowd Fluids. Nature 229 (1971), 381–383.
L.F. Henderson. 1974. On the Fluid Mechanics of Human Crowd Motion. Transport. Res. 8 (1974), 509–515.
K. Hirai and K. Tarui. 1975. A simulation on the behavior of a crowd in panic. In Proc. of the 1975 Interna-

tional Conference on Cybernetics and Society. 409–411.
M. Höcker, P. Millbradt, and A. Seyfried. 2009. Simulation of Pedestrian Dynamics and Model Adjustments:

A reality-based approach. In Traffic and Granular Flow 2009.
S. Hoogendoorn and P.H.L. Bovy. 2003. Simulation of pedestrian flows by optimal control and differential

games. Optimal Control Applications and Methods 24, 3 (2003), 153–172.
S. Hoogendoorn and P. Bovy. 2004. Pedestrian route-choice and activity scheduling theory and models.

Transportation Research Part B: Methodology 38 (2004), 169–190.
S. P. Hoogendoorn, P. H. L. Bovy, and W. Daamaen. 2001. Pedestrian and Evacuation Dynamics. Springer,

Chapter Microscopic Pedestrian Wayfinding and Dynamics Modelling, 123–154.
S. Hoogerndoorn and P. Bovy. 2004. Dynamic user-optimal assignment in continuous time and space. Trans-

portation Research Part B 38, 7 (2004), 571–592.
S. Hoogerndoorn, P. Bovy, and W. Daamen. 2003. Walking infrastructure design assessment by continuous

space dynamic assignment modeling. Journal of advanced transportation 38, 1 (2003), 69–92.
S. P. Hoogerndoorn and P.H.L Bovy. 2001. State-of-the-art of vehicular traffic flow modelling. Proceedings of

the Institution of Mechanical Engineers - I 215 (2001), 283–303.
L. Hoyet, A-H. Olivier, R. Kulpa, and J. Pettré. 2016. Perceptual Effect of Shoulder Motions on Crowd

Animations. ACM Trans. Graph. 35, 4 (July 2016), 53:1–53:10.
L. Hoyet, K. Ryall, K. Zibrek, H. Park, J. Lee, J. Hodgins, and C. O’Sullivan. 2013. Evaluating the Distinc-

tiveness and Attractiveness of Human Motions on Realistic Virtual Bodies. ACM Trans. Graph. 32, 6
(2013), 1–11.

L. Huang, S.C. Wong, M. Zhang, C-W. Shu, and W.H.K. Lam. 2009. Revisiting Hughes’ dynamic contin-
uum model for pedestrian flow and the development of an efficient solution algorithm. Transportation
Research part B 43, 1 (2009), 127–141.

R.L. Hughes. 2002. A continuum theory for the flow of pedestrians. Transport Res B-Meth 36 (2002), 507–
535.

ACM Computing Surveys, Vol. V, No. N, Article A, Publication date: January YYYY.



A:30 F. Martinez-Gil et al.

R.L. Hughes. 2003. The Flow of Human Crowds. Annu. Rev. Fluid Mech. 35 (2003), 169–182.
X. Ji, J. Zhang, Y. Hu, and B. Ran. 2016. Pedestrian movement analysis in transfer station corridor: Velocity-

based and acceleration-based. Physica A 450 (2016), 416 – 434.
A. Johansson. 2009. Constant-net-time headway as a key mechanism behind pedestrian flow dynamics.

Physical Review E 80 (2009), 026120.
A. Johansson, D. Helbing, and P. K. Shukla. 2007. Specification of the Social Force Pedestrian Model by

Evolutionary Adjustment to Video Tracking Data. Advances in Complex Systems 10, 2 (2007), 271–288.
B.R. Kadali and P. Vedagiri. 2016. Review of pedestrian level of service. Transportation Research Record:

Journal of the TRB 2581 (2016), 37–47.
I. Karamouzas, P. Heil, P. Beek, and M. H. Overmars. 2009. A Predictive Collision Avoidance Model for

Pedestrian Simulation. In Proc. of the 2Nd Int. Workshop on Motion in Games (MIG ’09). Springer,
Berlin, Heidelberg, 41–52.

I. Karamouzas and M. Overmars. 2012. Simulating and Evaluating the Local Behavior of Small Pedestrian
Groups. IEEE Transactions on Visualization and Computer Graphics 18, 3 (2012), 394–406.

U. Kemloh, B. Steffen, A. Seyfried, and M. Chraibi. 2013. Parallel real time computation of large scale
pedestrian evacuations. Advances in Engineering Software 60-61, 0 (2013), 98–103.

I. Kim, R. Galiza, and L. Ferreira. 2013. Modeling Pedestrian Queueing Using Micro-simulation. Trans-
portation Research Part A: Policy and Practice 49 (2013), 232–240.

S. Kim, A. Bera, A. Best, R. Chabra, and D. Manocha. 2016. Interactive and adaptive data-driven crowd
simulation. In IEEE Conference on Virtual Reality (VR’16). IEEE.

A. Kirchner, H. Klüpfel, K. Nishinari, A.Schadscheneider, and M. Schreckenberg. 2003a. Simulation of com-
petitive egress behavior: comparison with aircraft evacuation data. Physica A: Statistical Mechanics
and its Applications 324, 3-4 (2003), 689–697.

A. Kirchner, K. Nishinari, and A. Schadscheneider. 2003b. Friction effects and clogging in a cellular automa-
ton model for pedestrian dynamics. Physical Review E 67, 5 Pt 2 (2003), 056122.

A. Kirchner and A. Schadscheneider. 2002. Simulation of Evacuation Processes Using a Bionics-inspired
Cellular Automaton Model for Pedestrian Dynamics. Physica A 312 (2002), 260–276.

H. Kladek. 1966. Über die Geschwindigkeistscharakteristik auf Stadtstraßenabschnitten. Ph.D. Dissertation.
Hochschule für Verkehrswesen Friedrich List. Dresden.

A. Kneidl, D. Hartmann, and A. Borrmann. 2013. A hybrid multi-scale approach for simulation of pedestrian
dynamics. Transportation Research Part C: Emerging Technologies 37, 0 (2013), 223–237.

R. Knoblauch, M. Pietrucha, and M. Nitzburg. 2007. Field studies of pedestrian walking speed ann start-up
time. Transport. Res. Record: Journal of the Transportation Research Board 1538 (2007), 27–38.

W. L. Koh and S. Zhou. 2011. Modeling and simulation of pedestrian behaviors in crowded places. ACM
Trans. Model. Comput. Simul. 21, 3 (2011), 1–23.

T. Kretz. 2007. Pedestrian Traffic. Simulations and Experiments. Ph.D. Dissertation. Department of Physics
of the University of Duisburg-Essen. Germany.

T. Kretz. 2009. Pedestrian Traffic: on the quickest path. Journal of Statistical Mechanics: Theory and Exper-
iment 3 (2009), p03012.

T. Kretz, A. Grünebohm, M. Kaufman, F.Mazur, and M. Schreckenberg. 2006. Experimental study of pedes-
trian counterflow in a corridor. Journal of Statistical Mechanics 2006, 10 (2006).

T. Kretz, K. Lehmann, and I. Hofäss. 2013. Pedestrian route choice by iterated equilibrium search. In Traffic
and Granular Flow, M. Chraubi, M. Boltes, A. Schadschneider, and A. Seyfried (Eds.). Springer, 47–54.

H. Kretzschmar, M. Kuderer, and W. Burgard. 2014. Learning to Predict Trajectories of Cooperatively Navi-
gating Agents. In Proc. of the IEEE International Conference on Robotics and Automation (ICRA). China.

J. Kuffner. 1999. Fast Synthetic Vision, Memory, and Learning Models for Virtual Humans. In Computer
Animation. 118–127.

R.D. Kühne. 2011. Greenshields’ legacy: Highway traffic. Transportation Research Circular (TRB) E-C149
(2011), 3–10.

T.I. Lakoba, D.J. Kaup, and N.M. Finkelstein. 2005. Modifications of the Helbing-Molnár-Farkas-Vicksek
social force model for pedestrian evolution. Simulation 81, 5 (2005), 339–352.

W.H.K. Lam, J.Y.S. Lee, K.S. Lee, and P.K. Goh. 2003. A generalised function for modeling bi-directional
flow effects on indoor walkways in Hong Kong. Transportation Research Part A 37, 9 (2003), 789–810.

W.H.K. Lam, J.F. Morrall, and H. Ho. 1995. Pedestrian flow characteristics in Hong Kong. Transportation
Research Record 1487 (1995), 56–62.

W. H. K. Lam and C. Y. Cheung. 2000. Pedestrian Speed-Flow Relationships for Walking Facilities in Hong-
Kong. Journal of Transportation Engineering 126 (2000), 343–349.

ACM Computing Surveys, Vol. V, No. N, Article A, Publication date: January YYYY.



Artificial Pedestrians: a Survey A:31

G. Lämmel, H. Klüpfel, and K. Nagel. 2009. The MATSim Network Flow Model for Traffic Simulation
Adapted to Large-Scale Emergency Egress and Application to the Evacuation of the Indonesian City
of Padang in Case of a Tsunami Warning. Emerald, Chapter Pedestrian Behavior, 244–265.

M. Larkin and C. O’Sullivan. 2011. Perception of Simplification Artifacts for Animated Characters. In Pro-
ceedings of the ACM SIGGRAPH Symposium on Applied Perception in Graphics and Visualization
(APGV ’11). ACM, New York, NY, USA, 93–100.

S. M. LaValle. 2006. Planning Algorithms. Cambridge.
K. H. Lee, M. G. Choi, Q. Hong, and J. Lee. 2007. Group Behavior from Video: A Data-driven Approach

to Crowd Simulation. In Proceedings of the 2007 ACM SIGGRAPH/Eurographics Symposium on Com-
puter Animation (SCA ’07). Eurographics Association, 109–118.

S. Lemercier, A. Jelic, R. Kulpa, J. Hua, J. Fehrenbach, P. Degond, C. Appert-Rolland, S. Donikian, and J.
Pettré. 2012. Realistic following behaviors for crowd simulation. Comput. Graph. Forum 31, 2 (2012),
489–498.

B. Leng, J. Wang, W. Zhao, and Z. Xiong. 2014. An extended floor field model based on regular hexagonal
cells for pedestrian simulation. Physica A In Press (2014).

A. Lerner, Y. Chrysanthou, and D. Lischinski. 2007. Crowds by Example. Comput. Graph. Forum 26, 3
(2007), 655–664.

D. W. Li and B. M. Han. 2011. Modeling Queue Service System in Pedestrian Simulation. Advanced Materi-
als Research 187, 1 (2011), 1–6.

G. G. Lovas. 1994. Modeling and simulation of pedestrian traffic flow. Transportation Research Part B:
Methodological 28, 6 (December 1994), 429–443.
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