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Abstract. In this work we present a system able to simulate crowds in
complex urban environments; the system is built in two stages, urban
environment generation and pedestrian simulation, for the first stage
we integrate the WRLD3D plug-in with real data collected from GPS
traces, then we use a hybrid approach done by incorporating steering
pedestrian behaviors with the goal of simulating the subtle variations
present in real scenarios without needing large amounts of data for those
low-level behaviors, such as pedestrian motion affected by other agents
and static obstacles nearby. Nevertheless, realistic human behavior can-
not be modeled using deterministic approaches, therefore our simulations
are both data-driven and sometimes are handled by using a combination
of finite state machines (FSM) and fuzzy logic in order to handle the
uncertainty of people motion.
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1 Introduction

The problem of constructing large and complex urban environments for real-
time simulations implies several challenges that arise in terms of acquisition and
management of large geometric and topological models, real time visualization,
and the complexity of the virtual human simulation. This field is increasingly
incorporating mathematical and computational tools within the processes of
designing urban spaces, consequently there is a need for plausible and realistic
crowd simulations in large scale urban environments that can be used by expert
designers [1].

Behavior of human crowds in the real world varies significantly depending
on time, place, stress levels, the age of the people, and many other social and
psychological factors, these variations shown in group behaviors are often charac-
terized by observable traits such as interpersonal space, the fluidity of formation,
the level of energy, the uniformity of distribution, the style of interactions, and
so on. It is difficult to achieve realistic simulations due to the complex behavior
and structures within the crowd.

The aim of the present work is to generate steering behaviors to simulate
agents in real scenarios without the need of having a huge amount of data (like
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hundreds or even thousands of Mb) and with just a few parameters to adjust. We
propose a hybrid method that takes into consideration real data for pedestrian
navigation and finite state machines combined with fuzzy logic that help us
model variety in each of the individual elements of the crowd, this way characters
that share similar profiles might react completely different in the same situation.

2 Related Work

Producing a realistic and useful urban environment requires some steps such as
modeling, processing, rendering, animating and displaying heterogeneous set of
models [21]. In this section we briefly discuss some of the major work that was
considered in the creation of the system.

2.1 Geographic Information Systems

Visualization software such as 3D globe based interfaces, navigation systems
presenting a 3D perspective are increasing rapidly due to the recent developments
in geographic information systems and data acquisition. This has created a need
for the development of algorithms to reconstruct 3D data using 2D objects [15].

The work of Essen [5] describes a method used to produce 3D maps taking
as a base a 2D city maps which contains relevant features. We extend this work
by using GPS traces that allows us to extract urban and city information to
create complex environments using real data and combining it with an interactive
crowd.

The work of Thomsen et al. [23] introduces a general approach for modeling
topology in 3D GIS, and addresses the problem of using real 3D data in compar-
ison with traditional 2D or 2.5D and how the context of topological abstraction
influences the final result, depending on the operations applied to a certain set of
data. Using a cell layout hierarchies are created and geometry can have a mesh
representation.

2.2 Crowd Visualization

Open world games are massively successful because they grant players absolute
freedom in exploring huge, detailed virtual urban environments. The traditional
process of creating such environments involves many person-years of work. A
potential remedy can be found in procedural modeling using shape grammars.
However the process of generating a complete, detailed city the size of Manhat-
tan, which consist of more than 100,000 buildings, can take hours, producing
billions of polygons and consuming tera-bytes of storage [13]. Steinberg et al.
introduces a parallel architecture system designed for efficient, massively paral-
lel execution on current graphics processing unit (GPU). This work takes into
consideration account visibility and different level of detail. This way faster ren-
dering is achieved due to less geometry. An adaptive level of detail is used as
well and a dynamic vertex buffer and index buffer that allows geometry to be
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generated at any point during grammar derivation on the GPU. It is important
to address that this simulations must run at interactive frame rates (at least
30 frames per second). Thalmann and Boatright [2,22] stated that additional
challenges such as Variety in both appearance and animation and behaviors.
Steering also has a big impact in the creation of realistic simulations [16].

The work of da Silveira et al. [21] presents an approach for real-time gen-
eration of 3D virtual cities, providing a generic framework that supports semi-
automatic creation, management and visualization of urban complex environ-
ments for virtual human simulation. It intends to minimize efforts in modeling
of complex and huge environments.

2.3 Pedestrian Steering Behaviors

Pedestrian steering behaviors or pedestrian motion involves the behavior of an
individual taking into consideration the other members of the crowd. According
to Pettre [16], steering has a big influence as a factor to get a plausible and a
realistic crowd. In order to address steering behavior, researchers have proposed
different approaches. One way is dealing the crowd as macroscopic phenomena
treating the crowd as a whole like Shinohara [20], other authors state that the
movement of a group of pedestrians is driven by physical laws similar to those
valid for dynamics of compressed fluids or gases like the work presented by
Hoogendoorn and Hughes [8,9]. However, these models have problems in sim-
ulating complex behaviors [4]. An alternative to the macroscopic approach is
treating every agent in the crowd individually. This approach is called micro-
scopic like vector based [17] and agent based [7,14]. The aforementioned methods
may lead to realistic results for specific situations, in order to do so, many finely
tuned specific rules are required, in some cases up to 24 parameters [10]. As
an alternative, researches have used data-driven techniques [3] by using video
samples to construct a large example database containing the motion of nearby
agents observed in video sequences to determine the moving trajectories of each
simulated agent. The drawback of pure Data-driven is that they usually don’t
model social group behaviors and when they do the data base grows significantly.
In other words, data-driven models create very realistic results but require many
examples and large amounts of memory in order to cover the complexity of social
human behavior.

3 Urban Crowd Visualization

As discussed previously, the process of creating a complex urban environment
is not a trivial task, many variables are involved in the process. Computational
resources must be addressed when creating large scenes and memory consump-
tion becomes bigger for every additional element in the given scene. Nevertheless
memory is not the only problem, since these scenarios also consider high den-
sity crowds within the simulation processing time is required as well and must
be properly bounded to ensure an acceptable performance. Figure 1l shows an
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example of an environment that uses visualization and level of detail techniques
in order to have urban scenarios with crowds composed by hundreds of thou-
sands of varied animated characters running at interactive frame rates without
compromising visual quality [24].

Fig. 1. Urban environment created using real data.

Rudomin et al. [18,19] state that large scale crowd simulations and visual-
izations combine aspects from different disciplines, from computer graphics to
artificial intelligence and high performance computing. Accordingly, We adapt
the mechanism to compute spatio-temporal data such as pedestrians or vehicles,
and combine it with map and geometric data used to describe specific places in
the world.

Figure 1 shows how we create the urban environment using the previously
discussed techniques, we use WRLD3D plug-in which gives us detailed informa-
tion about geographic locations, in this case we construct the simulation using
Barcelona city as a reference. Once the environment is created, we incorporate
the crowd into the simulation, our goal is to make the simulations as complex as
possible, to reach that goal we consider two different techniques that we combine;
first, we collect real data from GPS traces that describe routes that pedestrians
take within the city, this trace includes information about the latitude, longitude,
elevation and the time when the sample was taken, and our agents can follow
the given routes and be animated accordingly. Second, we consider autonomous
characters that can navigate the environment. We include simple behaviors such
as patrolling, following, avoiding obstacles or pedestrians just to state a few.
This behavior is controlled by finite state machines in which each agent has the
freedom to decide how to change states accordingly. Nevertheless, pedestrian
behavior cannot be modeled realistically using deterministic models, thats why
we incorporate fuzzy logic into the simulation, this way we can create different
profiles for each character, and work with concepts such as fast or slow inside
the simulation, what is true for an agent might not work in the same way for
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other. To decide whether a character is moving fast or slow and simulate prop-
erly we use a shared library of parameters that all characters inherit from, we
can manually tweak each of the variables for any given character or randomly
assign values. This allows us to create two different profiles for all the elements
in the simulation, the first profile is focused in information such as vision range,
maximum speed, weight, turn speed, to state some. The second profile is ori-
ented towards how each character understands fuzzy concepts such as fast or
slow, this way even if the members of the crowd have the same physical profile
they might behave very different according to their fuzzy parameters. One of the
main advantages of this method is that all agents have access to this knowledge
and without any changes to the script we can achieve a lot of variety in the
crowd behavior.

4 Generating Pedestrians Motion

Pedestrian motion is generated by mixing data-driven steering and group social
forces. We use trajectories of pedestrians stored as a set of vectors. Those vectors
encode the steering motion of real pedestrian interacting with each other in
public spaces. This data is used to generate a steering action given a set of
states affecting the surroundings of a virtual character. This steering action is
complemented by Helbing’s social group forces to allow the generation of groups
of people usually found on real scenarios [14].

4.1 Trajectories Structure Definition

The dataset of steering actions is conformed by a group of pedestrian trajectories
7 of each pedestrian k, formally 7, which defines a set of N displacements §;
from position P;(z;,y;) to Piy1(2it1,¥i+1). In consequence each displacement §
is given by:

0i = (Tig1 — T4, Yit1 — ¥i) (1)

Therefore 73, is conformed as:
Tk:{é(]uélv"'de} (2)

All the trajectories from the dataset are raw material to create a set of features
and actions stored in memory as vectors [11]. We propose a set of 3 features
which have strong influence in the steering decision of a pedestrian, those are
presented bellow.

— Goal vector: The goal vector is defined by Eq. 3.

N
goal = Z 0 (3)
i=0

Due to datasets exhibiting a wide range of origins and destinations originated
for each pedestrian and this is not desirable, we propose a vector alignment
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for all vectors of each trajectory in the dataset. To do so, we decided to apply
a rotation to the global coordinate system from the original data to one who
is always pointing to the “Y” axis. Accordingly given a goal vector, We use
a vector é; = (0,1) to get a normalization angle n, which is needed to align
the goal with “Y” axis. We call it a normalization angle which is calculated
using the following equation:

_1( &é2-goal )
= cos - 4

1=cor”t (oot W
Given a vector displacement §. The normalized version = of that vector
according to angle 7 is given by:

_ |0, % Cos(n) — 8, * Sin(n) (5)
7= 8, x Cos(n) + 0, * Sin(n)

Velocity: This factor comprises the rate of change of time, At of the dis-
placement of the pedestrian as a function of time. The velocity given by Eq. 6
provides part of the component of behaviors that describe collision avoidance.

Yi+1 — Vi
V= —— 6
p= s (6)
Closeness to goal: This feature outlines how close (in percentage) the pedes-
trian is from its current position to the final destination observed in the tra-
jectory dataset. The closeness to goal factor is defined by:

i ° Oall
0 = % (7)
goali; + goal;,

Obstacle code: The obstacle code ¢ is a factor that is calculated by using
eight discrete radial regions. This kind of subdivision has been frequently
used to capture the influence of the neighborhood in data-driven approaches
[25]. Perceptual studies have demonstrated that regions toward the intended
direction have a larger radius of influence on the trajectory of pedestrians [12]
that fact lead us to introduce a slight difference consisting on incrementing
the radius of the section pointing toward the direction of pedestrian’s motion
(see Fig. 2). The angle of obstruction ( of a pedestrian j in the neighborhood
of a pedestrian ¢ walking at a velocity v; is given by:

a = atan? (eiij, em-y) — atan?2 ('vl-y, ’Uix) (8)

a+2x7m a<0

o] = (9)
o a>0

From the Eq.8, e;; the vector is pointing from pedestrian i to j. With the

angle of obstruction «y the next quadrant adjustment is performed:

a1+g 041<%
B=q-1 IT<ar <3 (10)

3 3

06—7 06127
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Finally the quadrant obstructed by pedestrian j is:

Chiy (11)

™

p=1T

s, S,
[0,0,1,1,1,0,0,0] = 56

Fig.2. The space around the agent is divided into eight regions of radius r. The
occupied regions establish the obstacle code ¢.

The set of features v, 0, p, A;, A, define a state vector S (see Eq.12). In this
case A, and A, forms a 2D the vector defining the motion performed by the
pedestrian provides a certain state. All the vectors S which match the same goal
goaly, are packed in a look-up table A,, see Eq. 13.

S] = I:Qsiwaéiy707()07AwaAy] (12)
Ay =[S0, S1,-.., Sn] (13)

Therefore table A represents our knowledge-base. The input of the knowledge
base will be a state s, the system finds the closest match between the incoming
state vector inside the knowledge-base. Once we have a match, the system returns
the action vector A = (A;, Ay).

4.2 Social Data Driven Simulation Model

Finally the resulting steering vector of a pedestrian is modeled according to
Eq. 14. The A component of the steering force is given by the knowledge base as a
function of the pedestrian state presented in the simulation. The rest of the com-
ponents are given by f7“? which is the last component of the Moussaid model
of group social forces [14]. This fact allowed us to avoid demanding more memory
resources to store persistent data related to group formations in the knowledge
base. We chose the group force equation presented by Moussaid because repro-
duces faithfully the group formations in pedestrians.

dvi wa ToU;
g AL RN R i (14)
J#i
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5 Results

In order to evaluate the simulation of the pedestrian steering motions, we employ
a metric based on entropy as a measure of the size of the predicted error. Entropy
has proven to be applicable to data generated with small and large number of
pedestrians in sparse and dense scenes [6]. The measure of entropy is defined as
follows: Given a state of a real scene Z, the difference between the action vector
A(Z}) and the next state Zj; is calculated giving an entropy vector. In this
case the total entropy for a given path is calculated using Eq. 15. In this case,
the smaller the entropy the better the simulation.

N
En=> |Zr1 — AZ)| (15)
k=0

We ran a test measuring the entropy for a single path followed by a pedes-
trian again different simulation models: vector based, data-driven based and our
hybrid model (Fuzzy data-driven with group forces “FDDGF”), the result of this
test is presented in Fig.3. Our system ranked in the second place just slightly
above over pure data driven techniques. It is a fact that Data-driven methods
closely reflect the behavior of pedestrians in real scenes, but a major drawback in
this approach is that they require large amounts of data and scaling sometimes
becomes unfeasible. On the other hand, vector-based methods and rule-based
methods demand less memory but instead of that they need hard fine tuning
parameters that govern agent behaviors, which can be a very demanding task.
Our experiments show that mixing data-driven methods with group forces allow
us to achieve results comparable to those obtained with data-driven systems but
using less memory and avoiding fine tuning parameters jobs.

SINGLE AGENT ENTROPY TEST

EDDGF = Example Based Vector Based Rule Based

ENTROPY

Fig. 3. We present the measurement of average entropy on the prediction made by
vector-based models, data-driven models and our hybrid model (DDFG). Whiskers
show the standard error for each sample. The sample size was of fifty random pedes-
trians walking alone.

For our experiments we executed the simulation and visualization process in
a workstation with these characteristics: Intel Core i7-4810MQ CPU @ 2.80 GHz
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8, 16 Gb of RAM, GeForce 880M with Gb of video memory. For a simulation
in the city (Barcelona) with one thousand characters 4.3 million triangles are
needed and 3.1 million vertices. We use 1115 draw calls and 39 batched draw
calls. Tt takes a total of 300 MB of RAM memory, 112 MB of video memory and
it takes 28 ms to render each individual frame giving us a 35.71 frame rate. In
average each frame has 18000 objects and the total scene is composed by 42767
objects as shown in Fig. 4.

Fig. 4. An example of the system running with the described specs.

6 Conclusions and Future Work

The previously discussed works show a robust approach for urban crowd simu-
lation at interactive frame rates, the system is powerful enough to handle large
environments with many agents in real time without compromising visual quality
and the simulation of individual behavior. The system proves to be successful in
achieving meaningful diversity in terms of how characters react for specific input
or situations. Nevertheless this stage can be further optimized by including LOD
techniques not only to rendering stages but to simulation, animation, collision
avoidance and behavior taking into consideration the viewer position inside the
environment. This way simulation overhead could be further reduced.

Applications for virtual city generation range from research and educational
purposes such as urban planning and creation of virtual environments for sim-
ulation. Movie and game industries have a high demand for quick creation of
complex environments in their applications, since they are in constant need for
more art assets that form virtual worlds to support interaction, training, eval-
uation, virtual sets, and other uses. Security, crisis management and virtual
training can take advantage of this environments as well.
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