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URBAN TRAFFIC MODELING

AND SIMULATION
DARIUSZ BADURA

ABSTRACT

The article describes the use of different methods of building
both micro- and macro-models of urban traffic. Traffic at inter-
sections can be modeled with a fixed time increment allowing
microscopic traffic analysis at the intersection. Attention was
drawn to the importance of event-based models, exemplified
by solutions based on hybrid and colored Petri nets. One of
the newer solutions is a model that uses agent-based technol-
ogy to take account of the impact of all traffic participants in
the city. The article also describes the use of neural networks
in the construction and implementation of urban traffic models.
Generative model of artificial neural networks can complement
data not reachable in actual traffic measurement, deep learning
can be used to posses data from video and impute of missing
data. A combination of macroscopic intersection models con-
structed from deep multilayer neural networks can be used to
construct a traffic light control system in a network of streets
and intersections.
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Introduction

Congestion of urban traffic is one of the
most serious problems of everyday life in
metropolitan areas. In order to address this
problem, Intelligent Transport Systems (ITS)
technologies have concentrated in recent
years on problems with urban traffic con-
gestion. Urban communication networks are
large, dynamic systems that remain a chal-
lenge in control engineering despite all sci-
entific and technological advances. In order
to control the urban communication network
by means of optimization methods, it is nec-
essary to establish an appropriate model of
the urban traffic network. This model should
be both accurate in describing network traf-
fic as well as in simple calculation.

In general, model is defined as a repre-
sentation of a system using necessary rules
and concepts. In the era of information
and computers techniques, in a situation
where there is often no effective analytical
model, simulation becomes an effective
tool for analyzing of reality. Simulation is
considered as a dynamic representation
of some part of the real world achieved by
building a computer model and calculated
its states over time. Computer models and
simulation are widely used in traffic and
transportation system analysis, but only
those with urban traffic analysis are in the
focus of this paper.
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Urban traffic modeling and analysis is
part of the advanced traffic intelligent man-
agement technologies that has become a
crucial sector of Traffic management and
control. Its main purpose is to predict con-
gestion states of a specific urban transport
network and propose improvements in the
traffic network.

At the turn of the 1970s and 1980s, simu-
lation models were primarily used to assess
traffic fluctuations at intersections, fuel con-
sumption, and exhaust emissions. Now ur-
ban traffic modeling and analysis becomes
an element of the nowadays traffic intelli-
gent management technologies that are
aimportant part of traffic management and
control. Its main objective is to foresee con-
gestion states of a specific urban transport
network and give proposal improvements
in the traffic network. There are three dif-
ferent information sources. Historical and
recent information data of a traffic network
about its density and flow, a data model
of the transport network infrastructure and
algorithms taking into account spatial and
temporal dimensions. The final purpose is
to improve optimization of the traffic infra-
structure such as traffic organization and
traffic lights (Nagui et al. 2000: 1-13).

At the beginning of the development of
computer science appeared the possibility
of simulation with the minicomputer sys-
tems, but their development has inspired
the deepening and broadening of such re-
search. Initially, the simulation tests were
limited to one area: intersections, intersec-
tion sequence, etc.

The needs today are much larger. There
are traffic accommodated control systems
at the intersection, traffic control coordina-
tionin larger areas, as well as traffic control
organization. Traffic control, the introducing
of new communication solutions, including
parking areas, are topics to be considered
together. The car can also be “guided” or
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the driver can be assisted in route selec-
tion. Today it is possible to personalize
the vehicle-specific control by introducing
a GPS-enabled application that allows you
to choose the right route for traffic and
traffic congestion. At another end, motor-
ists can use Advanced Traveler Informa-
tion System (ATIS) which bring processed
data to the end user to help him choosing
the best route. This all makes urban traffic
simulators important in the intelligent man-
agement of urban traffic.

The first work concerned on traffic simula-
tions was published work (Gerlough 1955).
From sixties, computer model simulation
has become a widely used tool in transpor-
tation engineering with applications both in
scientific research to planning, training and
demonstration. Research works on various
level focus on analysis, by collecting traf-
fic data from different sources, modeling
traffic flows and network, and developing
algorithms to predict traffic states either in
a far or a short-term future (Lippi et al. 2010:
259-273; Su Haoweli, Yu Shu 2007: 743-752).

Most urban traffic problems are network
related. In networks of intersections, one
has to combine different signalized and
unsignalized intersections and links with
arterial roads, motorways, city streets etc..
This makes the simulation model quite
complicated, but the number of compre-
hensive simulation tools for network analy-
sis is quite small. In addition, the develop-
ment of communications solutions and
technologies is causing the current mod-
els to become outdated.

1. Classification of method

and model simulation

Depending on number of details and
detail description which a model provide,
models can be classified into several cat-
egories:
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— Microscopic models, in which vehicles
and drivers behavior are described with
many details and individually on the traf-
fic stream.

— Submicroscopic models is like micro-
scopic models; the submicroscopic
models go even further by describing the
vehicle control behavior and the function-
ing of specific parts of the vehicle.

— Mesoscopic models, in which does not
distinguish nor trace individual vehicles,
but expresses the probability of having
a given vehicle at a given position, time
and speed.

— Macroscopic models, in which traffic is
represented at a high level of aggrega-
tion, thus not distinguishing vehicles in-
dividually (Badura 1983: 331-336).
Microscopic model is represented main-

ly by car-following models. Such models
based on the process of a vehicle follow-
ing another, and these models appeared
in the sixties, being one of the first micro-
scopic modeling approach and consists of
three type models:

— Safe-distance models Used to determine
the distance headway between a vehicle
and its predecessor

— timulus-response car-following models,
in which drivers try to conform to the
behavior of the preceding vehicle, this
process is based on the following princi-
ple: response = sensitivity X stimulus

— Psycho-spacing models; car-following
models presume that the driver react to
small changes in the precedent vehicle
velocity even when the headway dis-
tances are very large or small.

The second microscopic model type
is Microscopic Simulation models and it
is usually based on the psycho-spacing
modeling paradigm.

The third type appeared recently in the
domain of microscopic traffic flow theory
is the Cellular automaton models in which

the Cellular automaton describe the traffic
system as a lattice of cells of equal size
and in which vehicle move from cell to cell.

The fourth type of the micro-model is
particle models, which distinguish and
describe the vehicles individually, but their
behavior is described by aggregate equa-
tions of motions like in a macroscopic traf-
fic flow model.

2. Simulation mode based
on events versus continu-

ous modeling

In dynamic simulation models there are
two types of models:

— continuous model and
— event model.

When creating a model, it is important
to decide whether the primary phenom-
ena are events or whether the continuity
of change is important. The nature of the
modeled process is decisive for choosing
an event model. If the model maker con-
siders the dynamics of a moving car, how
does it change its state: changing posi-
tion and speed continuously, it would be
better a continuous model. However, the
process at the intersection is largely event-
driven: turning on green light, entering the
intersection, leaving the intersection. The
vehicles arrives at the intersection, creat-
ing queues waiting to enter the intersection,
regardless of their owns dynamics.

A good tool for constructing a simulation
model of events is the Petri network (Mu-
rata 1989: 541-580). They have been used
in research by various researchers. In the
1980s, Badura and Wrona (1986) proposed
a model of motion at an intersection using
models using the basic version of the Petri
nets in multiprocessor systems. Di Feb-
braro et al. (2004) described a model using
the hybrid version of the Petri nets and in
2006 a developed version of the so-called
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colored Petri nets was proposed (Dotoli,
Pia Fanti 2006: 1213-1229).

Within a cycle of lights, when there is red
light, aqueue may be temporarily increased,
but the distribution of traffic decides about
the traffic congestion rather than the dy-
namics of motion of a single vehicle. So we
have to deal with a stochastic process. It is
therefore possible to approach traffic in the
street network as a phenomenon of ran-
dom change with respect to traffic intensity,
so whole the urban traffic will be described
not by events but by statistical description.
It is easy to see that both the event and
statistic models look complementary. They
can also be a way to link real-time meas-
urements with prediction of phenomena
across the network.

3. Petri nets and artificial
neural networks as a mod-
ern tools for urban traffic

modeling

Contemporary researchers have a wide
assortment of tools to build models of re-
ality around us. Urban traffic models are
expected to reflect its dynamics, take into
account the variety of communication so-
lutions, and take into account the impact
on urban traffic of modern information-
control technologies. Among many tools
that meet these requirements, one can
distinguish: Petri nets, artificial neural net-
works, fuzzy logic, cellular automata and
multi-agent technologies. These IT meas-
ures can be used to create models facili-
tating the assessment of the impact of the
traffic light program on traffic (Barcelos de
Oliveira et al. 2010), in which authors used
a multi-agent system or traffic flow predic-
tion in the street network using a cellular
automata model (Brilon et al. 2010: 111-
-117) or fuzzy-neural networks in (Hongbin
Yin et al. 2002).
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In this chapter we will focus on the first
two tools as the most commonly used in
urban traffic modeling.

3.1. Petri nets

Petri nets (PNs) are widely used to mod-
el discrete systems such as: computer
systems, manufacturing systems, commu-
nication systems, etc. Petri net is a bipar-
tite graph consisting of places, transitions
and arcs. Marked Petri net is a net whose
places may contain a arbitrary number
of markers. In Coloured PN each marker
has own color from defined set of colors.
Number of markers in traditional — discrete
PN is an integer value but in continuous PN
one can be also real value, but in hybrid
PN places can contain both type of mark-
ers (Figure 1).

In a PN, the marking of a place may cor-
respond either to the Boolean state of an
object (for example a device or a resource
is available or not), or to an integer (for ex-
ample the number of vehicles in a queue).
A general analysis method is to compute
the set of reachable states and deduce the
different properties of the system.
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Figure 1. lllustration of Petri nets: a) discrete PN, b) graph transitions in PN, c) continuous PN and d) hybrid PN
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Source: Own elaboration based on David, Alla 2001: 32.

To illustrate this point, let's consider the
movement of the vehicle through the inter-
section. The vehicle appears in the queue
through the transition t3, treated as a
source of vehicles in the queue. The pres-
ence of a marker in place P3 symbolizes
the green light of the signaling light. Place
P4 corresponds to the free space at the in-

tersection, and the P2 place corresponds
occupation of the space at the intersection
by the vehicle. Removing the marker from
the P3 site causes the marker to appear at
P4 and vice versa. Similarly, the space at
the exit of the intersection corresponds to
the places P5 and P6 respectively.

Figure 2. The Petri net model of the movement of the vehicle through the intersection.

Source: Own elaboration.

3.2. Artificial neural networks
Artificial neural networks are a rich set of
tools and methods used in artificial intel-
ligence. They represent the most diverse
learning methods: from supervised learn-
ing through unsupervised and reinforce-

ment learning to mixed learning methods.
The same refers to the widely field of ap-
plication of ANN. The basic, most com-
mon, is approximation, that is, to reflect
the relationship between input and output
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data obtained through the learning proc-
ess under supervision. It may therefore
be well suited to reflect the dependence
of parameters in the urban traffic model.
Then identification of model parameters
takes place in the training process of the
ANN and does not require tedious analysis
of measurement data.

Other uses of neural networks are:

— classifiers,

— patterns recognition systems,

— identification of data groups - clustering,
— control systems,

— prediction of data,

— generalization of knowledge.

Classifiers make it possible to recognize
objects by assigning them a class, and
pattern recognition systems provide the
pattern object nearest to the recognized
object or give it a label. Classification ca-
pabilities of neural networks can be used
in a variety of decision support systems,
decision-making or control systems. Traffic
data collection systems can classify states
of an intersection or city traffic network,
identify of danger in traffic conditions, etc..
Especially in the modeling of traffic it can
be useful to the ability of prediction: con-
gestion, traffic jams, emergency situations,
traffic changes, when at any point of the
network will happen accident.

Recent years have brought a number of
new developments in neural network tech-
nologies. Intensive research into video and
audio processing has resulted in the range
of training methods for complex, multi-lay-
ered structures. There are methods called
deep learning, including such solutions
as:

— auto encoders,

— convolutional neural networks,

— deep believe network and deep Boltz-
mann machine.
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4. Urban traffic model

In car urban traffic we have to deal with
a network of roads and intersections, so
the traffic model should take into account
both these components. The network can
be various and the intersections can have
different configurations. One type of inter-
section in the city may be a traffic circle, on
which traffic depends to a large extent on
its size. Below we have been presented two
traffic models: the model of road traffic and
the model of intersection with traffic lights.

4.1. Road model
Many previous proposals (Badura, Wro-

na 1986; Di Febbraro et. al. 2001; 866-871)

presented road models, most of them

were macroscopic models. From the point
of view of urban traffic in the network of
streets and intersections, considering the
effectiveness of this traffic, it matters the
length of the section between intersections.

Just a simple observation to note that short

distances between intersections do not

have a significant effect on the behavior of
vehicles at inflow to the intersections.

The traffic pattern on the road stretch
depends on the shape and organization of
the road. It is worth saying that the model
presented below assumes unidirectional
flows. For this reason, any bidirectional
road stretch should be split into two sepa-
rate road stretches. Each unidirectional
road stretch can be spatially separated
into different length sections. In each sec-
tion the traffic behavior can be described
using a well-known second-order macro-
scopic model, introduced in (Payne 1971:
51-61), in which the traffic behavior is de-
scribed by means of the following overall
variables:

— the traffic flows f(t), i.e., the volume of
vehicles, described by the instantane-
ous number of vehicles exiting section
toward section, at time
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— the vehicle density p(1), i.e., the number
of vehicles per unit length, in section at
time;

— the vehicle speed v(t) that is quotient of
the above mentioned variables.

Due to various factors influencing the
variability of these parameters, not only
their mean values but also their distribu-
tions are important. This is particularly
important when the road is an inlet to an
intersection. Dynamic motion parameters
affect the speed of individual vehicles,
number of stopping and braking, fuel con-
sumption, exhaust emissions, etc.

4.2. Intersection modeling

Considering the efficiency of street and
intersection traffic as a digital image of fuel
consumption, exhaust emissions, driving
comfort, average travel speed, a macro-
scopic model may not be enough. Hence,
there are still attempts to microscopically
describe the motion of vehicles at the in-
tersection.

A good microscopic approach to traffic
modeling at an intersection is an event de-
scription using the Petri network (Badura,
Wrona 1986; Di Febbraro et. al. 2001; Do-
toli et. al. 2006. Parameters of this model
should always be determined by measur-
ing vehicle traffic at a particular intersec-

tion. Such a model can be used to create a
urban traffic network model or to determine
macroscopic traffic parameters at an inter-
section. Traffic measurements are made
under limited conditions resulting from the
current state at the time of measurement
and are not sufficient to determine mac-
roscopic model parameters. Data supple-
mentation can be obtained by simulation
based on a microscopic model.

General model

Let's consider the traffic area reported
in Figure 3, which consists of a particular
intersection with four incoming flow roads,
namely, R1, R2, R3 and R4, and three out-
going flow roads, namely RA, RB, and RC,
and the adjacent roads. Arabic numerals
indicate the input flows of the vehicles,
while the uppercase letters indicate the
output flows of the intersection. In Figure
1, the input flow represents the input vehi-
cle flow approaching the intersection from
the adjacent road and the input flow rep-
resents the flow crossing the intersection,
entering from the incoming direction, when
enabled by the traffic light. The output flow
represents the flow leaving the intersection
toward direction. Moreover, input flow de-
notes the queue of vehicles waiting for the
green light at an incoming direction.

Figure 3. Exemplary four-phase signalized intersection
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Figure 4. The block diagram of an intersection model
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Figure 4 shows a block diagram of an
intersection model in which three sepa-
rate elements are distinguished: the sig-
nal generator phase generator block, the
input flow handler model, and the output
flow handler model. Each of the four input
flow model is represented by a separate
input module and similarly each output
flow model is represented by a separate
output module. Scheme of the model
diagram can be presented in the form of
a coloured Petri net, where the input and
output modules represent the color loca-
tions corresponding to the directions of
entry and departure from the intersection.
Arches 1 and y were related to the transits
corresponding to vehicles entering the in-
tersection and the vehicles leaving the in-
tersection respectively.

The Petri net models

The following Figures 5, 6 and 7 show a
detailed picture of the modules in Figure 4
as a colored Petri net. The implementation
of the Petri network for the light-signal gen-
erator depends on the signal timing plan
of the intersection. Tables 1a and 1b show
two different signal timing plans. Table

1a assumes a sequence of four separate
phases for four input streams. Table 1b il-
lustrates another sequence of eight phases
with amber light phase distinction. Accord-
ing to both tables, Figures 5a and 5b show
the Petri network for both signal timing
plans. The network fragment marked (F)
with a dashed line in Figure 5a represents
a module from which other signaling plans
can be created. However, when signaling
phases have a more complex sequence,
creating of network requires an individual
approach, as network shown in Figure 5b
for the signal timing plan of the Table 1b.
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Table 1a The exemplary signal timing phase

Phase 1 2 3 4
1
2
Streem (flow) 3
4
Phase duration t, t, t, t, ty ts t, t

Source: Own elaboration.

Table 1h. The exemplary signal timing phase

Phase

Streem (flow)

Phase duration

Legend green amber red -

Source: Own elaboration.

Figure 5. The Petri net model of the phase signal generator:
a) for the phase plan from Table 1a; a) for the phase plan from Tahle 1b;

Source: Own elaboration.

Table 2. Places and transitions of the Petri net from Figure 5a and 5h.

Place Meaning
pe green period of the i-th phase
p? amber period of the i-th phase
p, the i-th phase is enabled
Transition Meaning
te the i-th green period ends and the i-th amber period begins
i the i-th phase ends and the j-th phase begins

Source: Own elaboration.
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The description of places and transitions
in the networks of Figures 5a and 5b are
presented in Table 2a and 2b, respectively.

The diagrams of the Petri nets showing
events of the vehicle entry the intersection

Forum Scientiae Oeconomia * Volume 5 (2017) * No. 4

(Figure 6a) and the events of the leaving
intersection by any vehicle (Figure 6b) are
very straightforward, and the descriptions
of the places and the transits these Perti
nets can be found in Table 3.

Figure 6. The Petri net models of: a ) entry of vehicles; b) leaving the intersection by vehicles.
SI
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Source: Own elaboration.

Table 3. Places and transitions of the Petri net from Figure 6a and 6b

Place Meaning

pr vehicles are in the queue at incoming direction |

p™ vehicles are leaving the intersection towards direction |
pd vehicles cannot flow through the i-th road
p? vehicles can flow through the i-th road

Transition Meaning

tn vehicles enter the queue at incoming direction |
ty vehicles leave the queue at incoming direction |
t vehicles enter the i-th road stretch from secondary road
tw vehicles exit from the i-th road stretch towards secondary
i road
te the i-th road streach becomes blocked
te the i-th road streach becomes unblocked
t vehicles leave the intersection towards direction i

Source: Own elaboration.

4.3. Urban traffic model and

deep learning.

The relationship between the above de-
scribed traffic and light-signal parameters is
complex. The size and structure of traffic at
the intersection depend on the time of the
year, the time of day and the day of the week,
as well as random events such as traffic ac-
cidents, social events, etc. The measure-

ment of these dependencies is difficult and
does not constitute a complete closed traf-
fic picture at the intersection. Selection of
timing traffic light control parameters should
take into account the structure of traffic, op-
timizing traffic not only within one intersec-
tion, but in a larger area of the city.
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Building a traffic model involves defining
the structure and parameters of the mod-
el. When designing a microscopic model,
the dynamics of the vehicles, the reaction
times of the drivers, the speed of the ac-
celeration of the vehicles, the distribution
of the flow traffic streams, and the distribu-
tions of these quantities should be deter-
mined. Today’s development of measure-
ment technology is very wide ranging from
various motion sensors to video, GPS and
gives you a lot of opportunities in deter-
mining the characteristics of motion vehi-
cles not only at the intersection. Real traf-
fic data collected from loop detectors or
other sensors often include missing data.
Incompleteness of data and noise in the
measurement image need improvement
accuracy by conducting a fine-tuning af-
terwards. Yanjie et al. (2014: 453-464) pre-
sented the deep learning approach, which
can discover the correlations contained in
the data structure by a layer-wise pre-train-
ing and improve the imputation. Vehicle
dynamics can be obtained from data ob-
tained from GPS devices and from video
cameras. Both techniques require complex
processing especially video. An effective
tool in processing this data is multi-layer
artificial neural networks (Xiaolei, Ma et al.
2017).

Complexity of the traffic at the intersec-
tion causes that during the measurement
of the macroscopic model parameters,
there will not be able to measure all the
situations that we are interested in. Then,
it will can use the microscope model to
complete the data. The network of streets
and intersections model can be obtained
using a macroscopic model of streets and
intersections. True, taking into account the
capabilities of today’s computer systems,
it is possible to use a microscopic model,
but experience indicates that this model
is not more accurate than a macroscopic

model requiring much less computational
effort. In addition, using the tools of gen-
erative multilayered neural networks to
train deep learning technologies, they pro-
vide far greater modeling capabilities, as
they are much more suited to modeling in
changing traffic conditions through con-
tinuous adaptation. The process of using
neural networks and deep learning tech-
nology in identification and exploitation of

the traffic model is illustrated in Figure 7.

It also presents the proposed scheme for

the use of the traffic model for optimal traf-

fic control.

The application of deep learning tech-
nology in urban traffic modeling can be
divided into the following categories:

— cleaning, refining noisy traffic data and
data imputation — Denoising Stacked Au-
toEncoder (DSAE) (Shu, Yugeng2008:743-
752) which is composed of a Denoising
AutoEncoder (DAE) and Stacked AutoEn-
coders (SAE) (Ledoux 1997).

— traffic video processing - Convolutional
Neural Networks (CNN)

— Road Traffic Classification - Deep Be-
lieve Network DBN and Boltzmann Deep
Machine BDM,

— traffic identification,

— tracking car routes.
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Figure 7. The diagram of the urban traffic structure models using in intelligent traffic control.
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Conclusions

This paper presents a proposal for mod-
ular urban traffic modeling, from a micro-
scopic model based on Petri net elements
through a macroscopic model describing
traffic flows and a generative model based
on a multi-layer deep neural network. Item
of the presented idea focuses on the event-
based models, exemplified by solutions
based on hybrid and colored Petri nets and
the use of deep neural networks in the con-
struction and implementation of urban traf-
fic models. Generative model of artificial
neural networks can complement data not
reachable in actual traffic measurement,
deep learning can be used to posses data
from video and impute of missing data.

The rules for determining parameters
of this model are based on various data
sources: sensors, video and GPS. The
model requires verification through using
real data obtained from traffic measure-
ment, intersection, and network of streets
and intersections. This is another task in
the presented modeling paradigm.
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