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Abstract

In the present work the problem of forecasting traffic states is investigated. Dif-
ferent traffic forecast algorithms are developed and applied in an advanced traffic
information system.
Therefore, first an overview about existing traffic forecast algorithms is given.
Four basic approaches can be distinguished: Parametric regression, nonparametric
regression, neural networks, and heuristics. The results of the former works show,
that a comparison between these methods is very difficult because in the works
very different data are used.
To decide what is basically essential for a traffic forecast algorithm, the data
of 4,480 inductive loop detectors of the motorway network of North Rhine-
Westphalia are empirically analysed for the period from 2000/10/05 until
2004/09/31. Because there are many sources for possible measurement errors,
several methods are proposed to avoid misinterpretations. The basic traffic data
that are measured with the loop detectors are the traffic flow, velocity, and the
occupancy. Thereby, for flow and velocity a distinction between lorries and pas-
senger cars is possible.
In statistically analysing this data in detail it becomes clear, that it strongly
depends on the forecast horizon which method works best. For horizons of a few
minutes parametric regressions of the most recently measured traffic data perform
best. With a growing forecast horizon it becomes more and more important to
use for the forecast the knowledge about the causes that have an effect on the
traffic at the particular time.
In order to put this knowledge in the forecast algorithm, a cluster method is
proposed leading to classified days with which the forecast traffic time series can
be calculated. This classified traffic time series is then combined with parametric
and nonparametric regression techniques that consider the most recently mea-
sured data to enhance the forecast results for different forecast horizons.
Finally, an application using the new traffic forecast algorithms is presented.
Therefore, the forecast data is combined with a spatial temporal traffic model to
transform the point information of the loop detectors into a line information a
network wide traffic state is consisting of. This can be seen in the traffic informa-
tion system OLSIM, that offers among other information a 30 and a 60 minute
traffic forecast.
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Zusammenfassung

Im Rahmen der vorliegenden Arbeit wird das Problem der Verkehrsprognose
untersucht. Verschiedene Prognosealgorithmen werden entwickelt und in einem
Verkehrsinformationssystem zur Anwendung gebracht.
Hierzu wird zunächst ein Überblick über bestehende Verkehrsprognosealgo-
rithmen gegeben. Vier grundsätzliche Ansätze können unterschieden werden:
parametrisierte Regression, Regression ohne Parameter, neuronale Netze und
Heuristiken. Eine Analyse der früheren Arbeiten zeigt, dass ein objektiver Ver-
gleich der Methoden schwierig ist, da in jeder Arbeit jeweils sehr unterschiedliche
Verkehrsdaten benutzt werden.
Daher werden zunächst Daten von 4.480 Induktionsschleifen welche auf den Auto-
bahnen in Nordrhein-Westfalen installiert sind im Zeitraum vom 2000/10/05 bis
zum 2004/09/31 analysiert. Verschiedene Möglichkeiten werden entwickelt, um
potentielle Messfehler zu vermeiden. Von den acht Datensätzen die übermittelt
werden beinhalten der Verkehrsfluss, die Geschwindigkeit und die Belegung die
grundsätzlichen Informationen. Hierbei können der Fluss und die Geschwindigkeit
nach Pkw und Lkw unterschieden werden.
Eine umfangreiche statistische Analyse der Daten zeigt klar, dass die richtige
Methode stark vom Prognosehorizont abhängt. Für Horizonte von einigen weni-
gen Minuten liefern parametrisierte Regressionen aus den zuletzt gemessenen
Daten die besten Resultate. Mit wachsendem Prognosehorizont wird es wichtiger,
Ursachen welche eine Wirkung auf den Verkehrszustand haben können in der
Prognose zu berücksichtigen.
Um dieses Wissen über Ursache und Wirkung in den Prognosealgorithmus ein-
fließen zu lassen, wird eine Cluster Methode benutzt. Diese hat klassifizierte
Tage zum Ergebnis, aus denen sich Prognoseganglinien berechnen lassen. Diese
klassifizierten Prognoseganglinien werden mit Regressionsmodellen mit und ohne
Parametern verknüpft, um Wissen über den aktuellen Verkehrszustand in das
Prognosemodell einfließen zu lassen und die Prognoseresultate für verschiedene
Prognosehorizonte zu verbessern.
Schließlich wird eine Anwendung der neuen Prognosealgorithmen vorgestellt.
Hierzu werden die Prognosedaten der Induktionsschleifen mit einem räumlich
zeitlichen Verkehrsmodell verknüpft, um aus den Punktdaten einen netzwerk-
weiten Verkehrszustand zu berechnen. Dieser kann schließlich im Verkehrsinfor-
mationssystem OLSIM als 30 oder 60 Minuten Prognose abgerufen werden.
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Chapter 1

Preface

“Prediction is difficult, especially the future.”

Niels Bohr

(1885 – 1962), Winner of the 1922 Nobel Prize in physics

Frequent road traffic congestion is a global issue and causes significant economic
damage. Especially in densely populated regions the capacity of the road network
is often at its limits and it is hardly possible or even socially untenable to extend
the road network. Many proposed solutions to this problem like dynamic traffic
management or advanced traffic information systems need traffic forecasts or at
least approximations about future traffic states. In the following an introduction
to the problem of forecasting traffic states is given.

1.1 Introduction

From the beginning of the history the knowledge about the future is a value that
humanity has been looking for, but for millenia, no feasible methods to make
statements about the future could be found. To handle this difficulty, resourceful
persons, at this times mostly priests, evolved methods of ambiguity to a high
standard. A very popular example is the Oracle at Delphi, which told the king
Kroisos of Lydia (∼ 595 – 547 B.C.) if he crossed the river, a great kingdom would
be destroyed. The kingdom that finally was destroyed was his own, so the Oracle
had been right. The “quality” of the first forecast methods was improved with the
range of possible interpretations. Even today many people dispute the content of
the innumerable biblical prophecies or the verses of Nostradamus (1503 – 1566,
actually Michele de Nostredame), the most famous prophet in the middle ages.
Nowadays, the evolution of modern physics provides feasible statements about
the future in many fields. Essential is the understanding of the environment and
the development of a physical model. With this model and a given initial state
(for instance, the present), in certain limits future states can be estimated. The
limits can be caused by the finite accuracy with which the model maps the reality,
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2 Preface

as well as by a finite predictability in general. A famous example of this comes
with quantum mechanics.

Thus, physical models are also developed for a better understanding and for
forecasts of traffic states. As easily can be seen from the extensive literature (see,
for instance, [Fukui et al., 2003, Helbing et al., 2000, Schreckenberg and Wolf,
1998, Wolf et al., 1996]), the main focus is to investigate the dynamics of spatial
temporal traffic models. Thereby it is no rareness, that the investigations are only
done from a theoretical point of view and without any empirical data. It should
not be forgotten that the validation of the model with the reality is a crucial task
of every physical investigation.

A class of models that are often validated with different kinds of empirical data
are based on the cellular automaton model of Nagel and Schreckenberg [1992]
(Nagel-Schreckenberg model). This model with its enhancements during the re-
cent years offer a powerful tool for short term traffic forecasts in that sense, that a
vehicle trajectory can be estimated from a statistical point of view. An example of
trajectories of vehicles simulated with the Nagel-Schreckenberg model on a single
lane roundabout with periodic boundary conditions can be seen in Fig. 1.1 (a)
and (b) for different densities.

tim
e

space

tim
e

space

(a) (b)

Fig. 1.1. Space time plot of the cellular automaton traffic model according to [Nagel
and Schreckenberg, 1992] with relative densities of (a) 0.15 and (b) 0.52. Shown are
trajectories of vehicles on a single lane roundabout (periodic boundary conditions) that
are green for high velocities and red for low velocities. Whereas the spatial temporal
traffic model makes estimates about the dispersion of the traffic congestions, the basic
parameter that influences the presence or absence of a congestion is the traffic demand
that has to be externally set up using the density. The task of the present work is to
make estimates about this external variable.

Whereas such traffic models provide information about the spatial temporal be-
haviour of vehicles, they are not able to make statements about the general traffic
demand. In the example of Fig. 1.1 this demand has to be adjusted externally
using the density. But as can be seen, information about the general traffic de-
mand is very essential. With a relative density of 0.15 in Fig. 1.1 (a) there are
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only a few vehicles with a low velocity (red), with a relative density of 0.52 the
whole roundabout is congested as can be seen in Fig. 1.1 (b).

In reality there is of course no single lane roundabout with periodic boundary
conditions. In fact there are many different sections between traffic lights, on- or
off-ramps, or intersections that act as sources or sinks, that means that perma-
nently vehicles appear or disappear. It depends on the general volume of traffic
that differs on timescales that are larger than the time a vehicle needs to pass the
particular section. Thus, the general task is to forecast the traffic data without
up- or downstream traffic data.

Forecasting traffic data with and without measured up- or downstream informa-
tion is in former works not always clearly distinguished. Thereby, it is a completely
different task. With upstream information a traffic model can approximate the
trajectory of a vehicle. With this trajectory the time the vehicle is arriving at
a downstream section can be estimated. In a similar manner with downstream
information the time a congestion is arriving at an upstream section can be ap-
proximated.

Without up- or downstream information future traffic has to be estimated with
models that use other information. The development of these models is the basic
task of this work.

For the application, the traffic information system OLSIM (OnLine Traffic
SIMulation) that is presented at the end of this work, the methods of forecasting
the data of the loop detectors are combined with a spatial temporal traffic model
to obtain information about the overall traffic state in a section. This makes sense
for two reasons. First, in reality loop detectors or any kind of detecting devices
are not installed all over the road network but at certain points. A realistic simu-
lation is the only way to obtain information about the traffic state apart from this
points. Secondly, the simulation provides better results on very short timescales
because it also uses up- and downstream information.

Before an application is ready for operation a lot of work has to be done. An
outline of this thesis is presented in the following.

1.2 Outline

In Chapter 2 an introduction to the basics of the physical background of traffic
engineering, basic statistics, and some quality measures is given. The next chapter
gives an overview about former works that investigate the problem of traffic
forecasting. The four basic approaches that can be distinguished are proposed as
well as combinations and comparisons. Chapter 4 presents the acquisition of the
empirical minute aggregated data of about 4,500 loop detectors that are used in
this work. A very important point that is unfortunately often neglected is the
handling of errors in measurement coming automatically in such mass data. An
extensive discussion how many of them can be detected and avoided is the main
focus of this chapter. In Chapter 5 these data are statistically analysed in regard
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to different effects on different timescales. For the secular trend even another
data source is used. Chapter 6 describes the new forecast method that provides
solutions to open questions that appear in former works. An application that uses
the new results is presented in Chapter 7. Finally, the conclusions and an outlook
are given in Chapter 8.



Chapter 2

Basics

“Mathematik ist eine Bedingung aller exakten Erkenntnis.”

Immanuel Kant

(1724 – 1804), German philosopher

This chapter gives an introduction to the basics of the physical background of
traffic engineering, basic statistics, and quality measures. The focus lies on those
terms that are frequently used in this work. More special techniques and algo-
rithms developed in this work are described in the particular chapter itself.

2.1 Measured Observables

Many people are quite common with expressions like “free flow”, “traffic con-
gestion”, or “stop-and-go”. To quantify traffic states we need certain measurable
observables that describe the traffic. Those that are needed for this work are
proposed in the following.

The traffic flow J gives the number N of vehicles that pass a cross section in a
given time interval T :

J =
N

T
. (2.1)

The density ρ is the number of vehicles N that are present in a certain part of
the road ∆x:

ρ =
N

∆x
. (2.2)

The velocity of a single vehicle n is the fraction of the distance ∆x passed by a
vehicle and the travel time ∆t the vehicle needs to pass ∆x:

vn =
∆x

∆t
. (2.3)

To be precise this is the mean velocity for the distance ∆x. To get the current
velocity ∆x must be chosen infinitesimal small.
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6 Basics

The mean velocity for N vehicles can be calculated using Eq. 2.8 accordingly.

The traffic flow J of N vehicles, their mean velocity v̄, and the density ρ are
connected with the well known hydrodynamic relationship

J = ρv̄, (2.4)

that holds, if a homogeneous traffic state is assumed. In traffic theory the flow-
density relationship is called the fundamental diagram.

The occupancy ρrel is a measurement for how long a part of the road with the
length L is covered by a vehicle n with length ln and a velocity of vn:

ρrel =
1

T

∑

t≤tn≤t+T

∆tn =
1

T

∑

t≤tn≤t+T

L + ln
vn

, (2.5)

thereby is ∆tn the time the part of the road is covered in the time interval T .

The occupancy can be related to the density under the assumption that the
occupancy is proportional to it. The observations of [Koshi et al., 1981] show,
that this is nearly the case. An occupancy of one means that vehicles are standing
bumper to bumper which leads to a density ρmax of

ρmax =
N

N∑
n=1

ln

=
1

l̄
, (2.6)

with the mean length l̄ of N vehicles.

Then, the relation between the occupancy and the density is quite easy:

ρ = ρrelρmax. (2.7)

Two approximations for ρmax are ρmax ≈ 1331
3 veh/min [Nagel and Schrecken-

berg, 1992] or ρmax ≈ 140 veh/min [Neubert, 2000].

2.2 Statistical Concepts

The statistical analysis of the loop detector data is the basis of this work. In the
following a short introduction is given for the most common methods and terms.
Note that all of the relations are estimations of the proper terms that hold for
discrete and finite time series. To go more into detail the reader is referred, for
instance, to [Clarke and Cooke, 1978, Gottinger, 1980, Sachs, 1984, Terrell, 1999].

Given N measurement values x1, x2, ..., xN the arithmetic mean or average x̄ is
calculated with

x̄ =
1

N

N∑

n=1

xn. (2.8)
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In particular the numerical mean is an approximation of the expected value E[x].
The variance σ2(x) is the second moment of the variables x about the mean x̄

σ2(x) =
1

N − 1

N∑

n=1

[xn − x̄]2 . (2.9)

Its square root, the standard deviation or dispersion σ(x), is a measure of the
average deviation of the measurements x from the mean x̄ or the estimated value:

σ(x) =

√√√√ 1

N − 1

N∑

n=1

[xn − x̄]2. (2.10)

The covariance σ(xy) between two paired measurement values x and y represents
a measure of the correlation between x and y. The covariance is

σ(xy) =

N∑
n=1

[xn − x̄] [yn − ȳ]

N − 1
=

N∑
n=1

xnyn − Nx̄ȳ

N − 1
. (2.11)

Note, that if x and y are independent hold

xy = x̄ȳ and σ(xy) = 0. (2.12)

The correlation coefficient rxy is a standardized measure of the correlation be-
tween two paired variables x and y. This is found by the relation

rxy =
σ(xy)

σ(x)σ(y)
. (2.13)

The correlation coefficient always lies within the interval [-1,1]. From Eq. 2.12
directly follows that rxy = 0 if x and y are independent. If x and y both tend
to increase simultaneously, then rxy > 0, and if x increases when y tends to
decrease, then rxy < 0. A perfect relation between x and y occurs when rxy = 1
or rxy = −1.
Note that the correlation coefficient is only a mathematical measure for the exis-
tence of correlation. But there can be different reasons for this. Two measurement
rows x and y can be correlated because of the following physical reasons:

1. x influences y.

2. y influences x.

3. x and y are mutually influenced.

4. x and y are externally influenced.

5. The correlation is random.
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2.3 Quality Measures

To evaluate the forecast a measure is needed to describe the performance. By
the forecast of metric values the difference between the forecast value yn and
the measured value xn is called the forecast error eForecast = yn − xn as well as
the absolute difference is called the absolute error eAE = |yn − xn|. To be more
able to rate the deviation, often the relative error eRE = yn−xn

xn
or the absolute

relative error eARE = |yn−xn|
xn

are used. In technical works that are often given as
percent error ePE = eRE×100 % or absolute percent error eAPE = eARE×100 %,
respectively.

Because the result is strongly influenced by random fluctuations, a single mea-
surement is not enough to rate the outcome. So several measurements calculating
several forecast errors are needed to get statistical relevance. In a lot of works
either the frequency of the error in a given interval or its mean is denoted.

Let x1, x2, ..., xN and y1, y2, ..., yN be two series of measured values to be com-
pared. In the following the most common measures are described.

• The mean absolute error (eMAE) is the mean of all absolute differences:

eMAE =
1

N

N∑

n=1

|xn − yn|. (2.14)

• The mean square error (eMSE) is the mean of all squared differences and is
more sensible to large outliers:

eMSE =
1

N

N∑

n=1

[xn − yn]2 . (2.15)

• The root mean square error (eRMSE) is the square root of the eMSE:

eRMSE =

√√√√ 1

N

N∑

n=1

[xn − yn]2. (2.16)

• The mean relative error (eMRE) is the mean absolute difference in relation
to one of the values. In general it makes sense to rate the difference to the
absolute value, especially if many different large values occur within the
measurement series. Indeed it will be very large of infinite if values appear
near or equal to zero, what is often the case within traffic time series. The
eMRE is calculated:

eMRE =

N∑
n=1

|xn−yn|
xn

N
. (2.17)
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• Similar facts hold for the relative root mean square error (eRRMSE):

eRRMSE =

√√√√ 1

N

N∑

n=1

[
xn − yn

xn

]2

. (2.18)

• The root mean square error proportional (eRMSEP) is the eRMSE divided by
the mean of the measures and avoids the problem of infinite values of the
eMRE:

eRMSEP =

√
N

N∑
n=1

[xn − yn]2

N∑
n=1

xn

. (2.19)

• The maximum error (eMAXE) is the upper bound of all differences:

eMAXE = max(|xn − yn|). (2.20)

• The mean error (eME) makes sense if positive and negative fluctuations
equalise each other:

eME =

N∑
n=1

[xn − yn]

N
. (2.21)

• The mean absolute percent error (eMAPE) is the eMRE in percent:

eMAPE =

N∑
n=1

|xn−yn|
xn

N
· 100 %. (2.22)

• The equality coefficient (Cequal) is a value between 0 and 1. For total equality
it is 1:

Cequal = 1 −

√
N∑

n=1
[xn − yn]2

√
N∑

n=1
x2

n +

√
N∑

n=1
y2

n

. (2.23)



10 Basics



Chapter 3

Methods of Forecasting Traffic:

State of the Art

“The most reliable way to forecast the future is to try to understand
the present.”

John Naisbitt

(*1930), American trend analyst and futurist

In this chapter important former works are introduced that have been done in
regard to traffic forecast. What distinguishes traffic forecasting from the more
traditional forecasts of transportation planning is the length of the forecast hori-
zon. While planning models use socioeconomic data and trends to forecast over
a period of years, traffic state forecasting models act on timescales from seconds
to month.

Traffic forecasting is an essential part of dynamic traffic control and traffic man-
agement systems. To inform upstream drivers about the downstream situation
using variable message signs often the so called one-step-ahead forecast is re-
quired. This means a forecast of the next discrete point in the traffic time series.
For instance, for minute aggregated data this means a one minute forecast. With
a forecast of half an hour up to one or two hours it is possible to act just in time
before incidents, for instance, with dynamic route guidance systems. Forecasts of
days are used for planning of, for instance, events or construction areas.

The methods, that are applied up to now in the field of traffic forecasting, can be
distinguished into four groups: parametric regression, nonparametric regression,
neural networks, and heuristics. In the following, first the methods are proposed.
Thereafter some of the works are mentioned, in which the forecast methods are
used. Sometimes also combinations or comparisons are used.

11



12 Methods of Forecasting Traffic: State of the Art

3.1 Parametric Regression

A large class of parametric regression models are the so called ARIMA (Auto
Regressive Integrated Moving Averages) methods. Many other well known algo-
rithms like exponential smoothing or moving averages are special cases of these
methods. In the following a short introduction to ARIMA modelling is given.
To go deeper inside the reader is referred to common literature about time se-
ries analysis and forecasting, for instance, [Brockwell and Davis, 1996, Kantz
and Schreiber, 1999, Thomopoulos, 1980] or the original work [Box and Jenkins,
1976], where the Box–Jenkins techniques of ARIMA modelling are introduced.

3.1.1 Introduction to ARIMA Modelling

It is an important fact, that ARIMA modelling only works with stationary time
series. A stationary time series is one, where all the data are in equilibrium with a
common mean and a common variance. This fact is already a large restriction for
possible forecasts. Nevertheless, the method is often successfully used especially
for short term forecasts of traffic data.
Two basic models are encountered: the autoregressive (AR) and the moving av-
erage (MA) model. In the AR model, the current entry xt of a time series is
related in a linear manner to its p most recent entries (xt−1, xt−2, ..., xt−p) and
to a Gaussian distributed white noise et with mean zero and variance σ2 by the
relation

xt = φ1xt−1 + φ2xt−2 + ... + φpxt−p + et. (3.1)

Thereby (φ1, ..., φp) are parameters that have to be chosen.
In the MA model, the current entry xt is related to the q most current one-step-
ahead forecast errors (et−1, et−2, ..., et−q) and the current noise et:

xt = −θ1et−1 − θ2et−2 − ... − θqet−q + et. (3.2)

Thereby (θ1, ..., θq) are parameters that have to be chosen.
This approach is based on the theorem known as the Wold Decomposition [An-
derson, 1971], that holds for stationary time series if the (et−1, et−2, ..., et−q) are
Gaussian distributed with mean zero and variance σ2.
At this point it is important to mention, that in spite of the same name Eq. 3.2
has only little to do with the moving averages of Eq. 3.13, Eq. 5.16, or whenever
at other places in this work the expression moving averages is used.
In the mixed Autoregressive Moving Average (ARMA(p,q)) model, the entry xt

is related to the p most recent entries (xt−1, xt−2, ..., xt−p), the q most recent
forecast errors (et−1, et−2, ..., et−q) and the current noise et in the following way:

xt = φ1xt−1 + φ2xt−2 + ... + φpxt−p − θ1et−1 − θ2et−2 − ... − θqet−q + et. (3.3)

Using the backshift operator Bα defined by

Bαzt = zt−α, (3.4)
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and the conventions

φ(z) = 1 − φ1z − ... − φpz
p, (3.5)

θ(z) = 1 − θ1z − ... − θqz
q, (3.6)

Eq. 3.3 can be written in the following form:

φ(B)xt = θ(B)et. (3.7)

Equation 3.7 describes together with the conventions in Eqs. 3.4 – 3.6 the
ARMA(p,q) model. Because in most cases the time series xt is not stationary,
there are several approaches to get them nearly stationary, for instance, by dif-
ferencing:

yt = [1 − B]d xt

φ(B)yt = θ(B)et.
(3.8)

With the conventions mentioned above Eq. 3.8 describes an Autoregressive Inte-
grated Moving Average (ARIMA(p,d,q)) model.
For time series that show strong seasonal patterns, like the weekly recurring
demand in traffic time series, a better stationarity can be achieved by a seasonal
ARIMA process (ARIMA(p,d,q)(P ,D,Q)S ), that is defined by

yt = [1 − B]d
[
1 − BS

]D
xt

φ(B)Φ(BS)yt = θ(B)Θ
(
BS
)
et,

(3.9)

with the following conventions for Φ and Θ:

Φ(z) = 1 − Φ1z − ... − Φpz
P , (3.10)

Θ(z) = 1 − Θ1z − ... − Θqz
Q. (3.11)

It is obvious, that there are a lot of parameters that have to be assigned to fit
an ARMA(p,q), an ARIMA(p,d,q), or a seasonal ARIMA(p,d,q)(P ,D,Q)S model
to the measuerd data. Depending on the model that is used the ways to estimate
the parameters may be different. One well known scheme that has been proposed
by Box and Jenkins [1976] is the three stage iterative procedure. A scheme of the
procedure is shown in Fig. 3.1. ARIMA models are fitted to an observed series
by: identification, estimation, and diagnostic checking.
At the identification stage, the tentative models to fit to the data, that is, val-
ues of p and q, are determined by inspecting the autocorrelation and partial
autocorrelation functions of the time series and its differences. Then they are
compared with those of some basic stochastic processes. In general the autocor-
relation function of a moving average process of order q has a cutoff after lag q,
while its partial autocorrelation function tails off. Conversely, the autocorrelation
of an autoregressive process of order p tails off in the form of damped exponentials
or damped sine waves, while its partial autocorrelation function has a cutoff after
lag p. For mixed processes, both the autocorrelations and partial autocorrelations
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Use the model for forecasting

or control

Postulate general class of

models

Identify model to be

tentatively entertained

Estimate parameters in

tentatively entertained model

No
Is the model adequate?

Diagnostic checking:

Yes

Fig. 3.1. Iterative procedure for ARIMA model development proposed by Box and Jenk-
ins [1976]. After the general class of models is postulated, a three stage iterative procedure
is applied. During identification the general number of parameters of p and q are deter-
mined. In the estimation stage the parameters are approximated. At last, in diagnostic
checking, it is verified whether the model is adequate. If this is not the case, the three
stage procedure starts from the beginning.

tail off. Failure of the autocorrelation function to die out rapidly suggests that
differencing is needed (d > 0).

At the estimation stage, maximum likelihood estimates are obtained for each
model parameter. An efficient method for computing the maximum likelihood
estimates of the model parameters has been proposed by Akaike [1973, 1974].
Finally, the fitted model is diagnosed to ensure that the estimated model residuals
are white noise deviations, otherwise the model should be redesigned by repeating
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the three stages of model construction.
Note, that this way to find an adequate model is extensive. Furthermore the
proposed way to visually inspect the autocorrelation and partial autocorrelation
function is somewhat arbitrary and difficult to automate. Because it is a well
known fact (see, for instance, [Ahmed and Cook, 1979, Ahmed, 1983]), that there
are no remarkable long term autocorrelations in traffic time series data often some
different low order ARIMA methods are used for forecasting and the results are
compared using quality measures like proposed in Sec. 2.3. Often they are also
compared with other parametric regression models. Those that are often used are
proposed in the following. Note, that many of them are special cases of low order
ARIMA models.

3.1.2 Special Cases of Parametric Regression

In the naive forecasting model the estimates of the future data are taken to be
the same as the most recently measured. The forecast x̂t of time t for every future
data is just

x̂t = xt. (3.12)

Although this forecast model is easy to apply and requires minimal data, the
forecasts generated are poor and of small practical value. On the other hand it
often serves as a comparison to other, more refined forecasting models.
In the moving average model µt, the average data of the N most recently time
steps is calculated:

µt =
xt + xt−1 + ... + xt−N+1

N
. (3.13)

The number of N must be selected by the forecaster. Like the naive model this
is a horizontal one and the value µt is used for all future data values. Note, that
Eq. 3.13 can also be calculated recursive:

µt = µt−1 +
xt − xt−N

N
. (3.14)

As already mentioned, in spite of the same name the moving average model or
just moving averages have only little to do with the MA model that is described
by Eq. 3.2. Whenever the expression moving averages is used in this work, either
Eq. 3.13 is meant if they are used for forecasts, or Eq. 5.16 if they are only used
to smooth a curve.
The double moving average model µdouble,t(τ) is an extension of the moving aver-
age model and is used for curves that follow a trend pattern. The trend adjustment
is received by adjusting the values for τ steps in future with

µdouble,t(τ) = 2µt − µ∗
t +

[
2

N − 1

]
[µt − µ∗

t ] τ, (3.15)

whereby

µ∗
t =

µt + µt−1 + ... + µt−N+1

N
, (3.16)
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or recursive

µ∗
t = µ∗

t−1 +
µt − µt−N

N
. (3.17)

One of the most common forecasting models in use today is the single smooth-
ing model st. Often it is also called exponential smoothing. To apply the single
smoothing model, the forecaster selects a smoothing parameter α with 0 ≤ α ≤ 1.
Then the forecasts become

s1 = x1, for the first value,
st = αxt + [1 − α] st−1, for each other.

(3.18)

Similar to the naive and the moving average model the single smoothing model
is a horizontal one for all future values. Because exponential smoothing is used in
operation in many different fields, adaptive approaches for adjusting the smooth-
ing constant α have been suggested by many authors. One approach that is often
used is introduced by Trigg and Leach [1967]. In the Trigg and Leach adaptive
model αt is set equal to a tracking signal αt = SEt/SAEt, whereby SEt is the
smoothed one-step-ahead forecast error et = st−1 − xt:

SEt = 0, for the first value,
SEt = γet + [1 − γ] SEt−1, for each other,

(3.19)

SAEt the smoothed one-step-ahead absolute error |et|:
SAEt = 0, for the first value,
SAEt = γ |et| + [1 − γ] SEAt−1, for each other,

(3.20)

and γ another smoothing constant with 0 ≤ γ ≤ 1. In general it hold −1 < αt < 1,
but initial conditions have to be chosen as αt = 0 until SAEt 6= 0 to avoid dividing
by zero.
The double smoothing average model sdouble,t(τ) is an extension of the single
smoothing model for trend patterns. It is calculated for τ steps in future by

sdouble,1(τ) = x1

b1 = 0

}
for the first value,

sdouble,t(τ) = xt + [1 − α]2 et +
[
bt−1 − α2et

]
τ

bt = bt−1 − α2et

}
for each other.

(3.21)
Thereby et = sdouble,t−1(1) − xt is the one-step-ahead forecast error and it holds
0 ≤ α ≤ 1.
Another trend model that applies smoothing techniques is called single smoothing
with linear trend strend,t(τ). As before, a smoothing parameter α with 0 ≤ α ≤ 1
is chosen and is used to assign weights to the past data values to forecast τ steps
in future:

strend,1(τ) = x1

b1 = 0

}
for the first value,

strend,t(τ) = αxt + [1 − α] strend,t−1(1) + τbt

bt = α2 [xt − strend,t−1(1)] + bt−1

}
for each other.

(3.22)



3.1 Parametric Regression 17

A similar method works with two parameters α and β. Within the single smooth-
ing with trend adjustment model strad,t(τ) the value for τ steps in future is cal-
culated by

strad,t(τ) = st + ∆stτ, (3.23)

with

∆s1 = 0, for the first value,
∆st = β [xt − st−1] + [1 − β] ∆st−1, for each other.

(3.24)

The value st is calculated with Eq. 3.18 and 0 ≤ β ≤ 1.
As it has been mentioned above, many of the parametric regression models are
special cases of low order ARIMA models if the parameters are chosen in the
right way. In this manner the the naive model is equivalent to ARIMA(0,1,0),
the single smoothing corresponds to ARIMA(0,1,1), and double smoothing to
ARIMA(0,2,2). More examples for ARIMA forecast equations are given in [Tho-
mopoulos, 1980].

3.1.3 ARIMA Modelling for Traffic Forecast

Ahmed and Cook [1979] and Ahmed [1983] use Box–Jenkins techniques to com-
pute one-step-ahead forecasts of traffic flow and occupancy data. As input serve
a total set of 166 time series representing about 27,000 min of detector mea-
sured data. The data are observations of three freeway surveillance systems in
Los Angeles, Minneapolis, and Detroit during the afternoon peak periods. The
Los Angeles data are 20 s aggregated data of traffic flow and occupancy per lane
and the data from Minneapolis and Detroit are flow and occupancy aggregated
over all lanes at 30 s and 60 s intervals, respectively.
Analysing the autocorrelation and partial autocorrelation functions the authors
conclude, that an ARIMA(0,1,3) model is reasonable. After fitting the model pa-
rameters a comparative evaluation of the forecasting performance is presented
comparing the model with the moving average model, the double smoothing av-
erage model, and the Trigg and Leach adaptive model. In evaluating the four
forecasting models, the mean absolute error eMAE and the mean square error
eMSE are used as evaluation criteria.
The ARIMA(0,1,3) model is seen to be superior, the values are stated by the
authors from 1.30 to 6.50 for eMAE and as 2.80 to 91.41 for eMSE. Unfortunately
at this points no units are given and the results for flow or occupancy are not
considered separately. The results of the other models are given in ratio to the
ARIMA model. The ratio to ARIMA of the moving average model varies between
1.00 and 1.27 for eMAE and between 1.00 and 1.45 for eMSE for a number of
N = 5 values in the moving average. The results indicate that both eMAE and
eMSE increase with increasing N .
The best results of the double smoothing average model are associated with values
of the smoothing constant 0.1 ≤ α ≤ 0.3 for that the ratio to ARIMA range from
1.00 to 1.64 for eMAE and from 1.00 to 1.43 for eMSE.
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Whereas the performances of the moving average and the double smoothing av-
erage model are comparable to the ARIMA(0,1,3) model, the Trigg and Leach
adaptive model does not improve the forecasts. The authors conclude with a dis-
cussion how the model can be used in applications and the parameters can be
updated in real time.
According to these results in [Ahmed and Cook, 1981, 1983] this one-step-ahead
forecast is used for motorway incident detection. Therefore the ARIMA(0,1,3)
model is applied on minute aggregated occupancies. If the measured occupancy
lies outside confidence limits of two standard deviations from the forecast value,
an incident is detected. The author states, that using a total set of 1692 min of
occupancy observations associated with 50 traffic incidents in the Lodge Freeway
in Detroit, USA, all of the 50 incidents could be detected with this method with
a false alarm rate of 0.014. The authors give the false alarm rate as the rate
of wrong incident messages out of the total incident messages generated by the
algorithm. Supposedly there are usually more than one incident message during
a traffic incident so the result must be taken with care. This is also, because
the idea of incident detection based on ARIMA time series forecasting is again
formulated later in a little bit different form by [Ferrari, 1988a]. Validating this
approach in [Hoops et al., 2000], a false alarm rate of at least 0.45 is observed,
whereby only a rate of 0.25 of the incidents have been detected. The reason for
this are random fluctuations of large magnitude (see also Sec. 5.5).
Davis et al. [1990] try to use this method for occupancies and storage rates at
on- and off-ramps not only to detect, but also to forecast congestions. In doing
so the authors come upon the challenging problem, that linear time series anal-
ysis works quite well forecasting mean values but not so well for those extremes
corresponding to the onset of congestion. Finally they use adjacent storage rates
to forecast congestions.
In [Williams, 2001] the ARIMA model is enhanced by using also the data of
upstream sensors for the forecast of downstream locations. Therefore Eq. 3.9 is
modified in the following way:

φ(B)Φ
(
BS
)
[1 − B]d

[
1 − BS

]D
[
Vt −

m∑

i=1

ωi(B)

δi(B)
BkiUi,t

]
= θ(B)Θ

(
BS
)
et,

(3.25)
where Vt is the traffic flow time series at the downstream forecast location and
Ui,t the i = (1, 2, ...,m) upstream data series at time t. Equation 3.25 describes
the so called ARIMAX model.
The pure delay of the ith upstream traffic flow series is indicated by ki, ωi(B) is
the numerator transfer function polynomial and δi(B) the denominator transfer
function polynomial for the ith series.
The investigated traffic data is used in many other works according to traffic
forecast, thus at this point a short description of the test field is given. The data
are stemming from four counting stations near Beaune, France, whereby three
of them are located approximately 90 km upstream from the forecast location in
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Beaune (see Fig. 3.2):

• Beaune - Southbound flows on motorway A6 at kilometer point 305.3,

• Avallon - Southbound flows from the direction of Paris on motorway A6 at
kilometer point 211.8,

• Langres - Southbound flows from the direction of Nancy on motorway A31
at kilometer point 98.8, and

• Beaume-Les-Dames - Southbound flows from the direction of Mulhouse on
motorway A36 at kilometer point 91.0.

The data are 30 min flow rates during the months July and August of the years
1984 until 1990.

Fig. 3.2. Geographical relationship of data collection points used within the ARIMAX,
the ATHENA (cp. Sec. 3.4 on page 43), and the KARIMA (cp. Sec. 3.5.2 on page 56)
method. The picture is stemming from [van der Voort et al., 1996]. The principal site
is in Beaune, where the flow along three motorways converges onto a single motorway.
The three upstream measurement points are at Avallon, Baume-les-Dames, and Langres,
about 90 km north of the Beaune counting station.

In a first step a seasonal ARIMA(2,0,2)(0,1,1)48 model based on the parame-
ter estimates for the years 1984 until 1988 is tested on the data of the year
1990 for comparison with two other traffic forecast techniques that use the same
traffic data for forecast, the ATHENA (Sec. 3.4 on page 43) and the KARIMA
(Sec. 3.5.2 on page 56) method. This is done by calculating the particular per-
cent error ePE and give the ratio of all ePE that lie in certain limits, for instance,
-5 % ≤ ePE ≤ 5 %. Then, these rates are compared among the methods.
In doing so, the ARIMA method provides the highest percentage of small forecast
errors with -5 % ≤ ePE ≤ 5 %. Nevertheless, the authors do not state, that it
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outperformes the other methods, because the smallest percentage of negative
outliers (ePE < −25 %) is performed by the ATHENA model, and the smallest
persentage of positive outliers (25 % < ePE) by the KARIMA method.

In the second step the parameters for the ARIMAX model are determined and it
is shown, that this model outperforms the seasonal ARIMA method. To do this,
first, an univariate ARIMA(4,0,0)(0,1,1)48 model is fitted to the response series
and each of the input data series. Then, cross correlations of the input series
against the response series are calculated to determine the response delay ki and
the preliminary order of the transfer functional polynomials ωi(B) and δi(B).
Any parameters, that are not statistically significant, are dropped from the final
transfer function model. As a result the transfer functional polynomials depend
on the investigated location and are of an order from 0 to 2 what corresponds
to travel times up to one hour from the input data location to the response data
location.

Using auto correlation functions and partial auto correlation functions the final
form of the ARIMA model is identified as an ARIMA(p,0,q)(0,1,1)48 where 1 ≤
p + q ≤ 5. Finally, the authors state the ARIMA(2,0,0)(0,1,1)48 as the best one.
Using it and fitting the parameter the authors state, that the ARIMAX model
consistently result in root mean square error eRMSE, that is about 15 veh/hour
lower than the corresponding univariate ARIMA model.

This result is not surprising, because what is done with the enhancement of the
univariate ARIMA model, is to use also upstream traffic data, that are available
in this special case. A similar approach is already done a few years earlier in [van
Arem et al., 1997] for forecasting link travel times. As stated in the introduction
of this work, adjacent traffic data without any on- or off-ramps between the
measurement stations is not the general case and moreover the task of a spatial
temporal traffic model.

Nevertheless the work of Williams [2001] is a good example, that for proper
forecasts the model must be enhanced with external information. This is the
reason, why parametric regression techniques, especially those of Sec. 3.1.2, often
are used in combined methods for very short term forecasts like the one-step-
ahead forecast. Also the results of the works of Ahmed and Cook [1983] and
Davis et al. [1990] have shown, that it is very difficult to forecast basic changes
only with ARIMA modelling. The basic difficulty lies in the fact, that the ARMA
process needs a stationary time series. Nevertheless in the following another often
used parametric regression technique, the Kalman Filter, is proposed.

3.1.4 Kalman Filter

An especially in the field of signal detection and automatic control often used
parametric regression technique is the so called Kalman Filter. The basic differ-
ence in regard to the techniques mentioned up to now is, that the state of the
system and the observation process is considered separately. The Kalman Filter is
named after its inventor Rudolf Emil Kalman, who published in 1960 his famous
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paper [Kalman, 1960]. In the following, only a short introduction can be given.
To go deeper inside the reader is referred to the existing extensive literature (see,
for instance, [Harvey, 1990, Haykin, 1990, Zarchan and Musoff, 2000]).
The Kalman filter model is based on the assumption, that at each discrete time
point t an observation vector ~yt is related to the state vector ~xt through an
observation equation. The state process is an unobserved first order Markov pro-
cess and is specified by a transition equation. On the basis of past observations
(~y1, ~y2, ..., ~yt), and the current observation ~yt+1 an optimal estimation of ~xt+1 is
required. It turns out, that the filter depends on the observations only through
the previous estimate of the state ~xt and the current estimation error, and so
allows a recursive computation.

At

B

C

past

tt

t+1

tu y

x

x

Fig. 3.3. Independence graph of the Kalman Filter model.

The basis of the model are the transition and observation equations:

~xt+1 = At~xt + B~ut + ~qt,
~yt = C~xt + ~rt,

(3.26)

where

t index of time,
~xt m × 1 vector of the states,
~yt n × 1 vector of the observations,
~ut l × 1 vector of the exogenous variables,
At m × m matrix relating the previous state to the current one,
B m × l matrix, that relates the exogenous variables to the state,
C n × m matrix, that relates the state to the measurement,
~qt m × 1 vector, that represents the process noise,
~rt n × 1 vector, that represents the measurement noise.
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The random vectors ~qt and ~rt are assumed to be independent of each other, with
zero mean and an m×m covariance matrix Q and an n×n covariance matrix R
given by

Qij = δij~qi~qj ,
Rij = δij~ri~rj,

(3.27)

with the Kronecker Delta δij .

The structure of Eq. 3.26 is held in the conditional independence graph (Fig. 3.3)
in which its missing edges indicate independences.

After an initialisation of an m× 1 state vector ~̂x0 and an m×m error covariance
matrix P0 the recursion, that determines the Kalman filter is

Kt+1 =
[
AtPtA

T
t + Q

]
CT
[
C
[
AtPtA

T
t + Q

]
CT + R

]−1
, (3.28)

~̂xt+1 = At~̂xt + B~ut + Kt+1

[
~yt+1 − C

[
At~̂xt + B~ut

]]
, (3.29)

Pt+1 = [I − Kt+1C]
[
AtPtA

T
t + Q

]
. (3.30)

The index T means the transpose of the matrix. The m × n matrix Kt is the
Kalman gain or blending factor, that minimises the error covariance matrix Pt.

Now, an estimation of the state ahead ~̂x
∗

t+1 can be forecast with

~̂x
∗

t+1 = At~̂xt + B~ut. (3.31)

To forecast more than one state ahead, ~̂xt can be replaced by the particular

estimation ~̂x
∗

t . Because the details of the computational and probabilistic origins
of the Kalman filter extend the scope of this work, the interested reader is referred
to [Brown and Hwang, 1992, Jacobs, 1993, Maybeck, 1979].

Whittaker et al. [1997] present a forecast system, that applies a Kalman Filter on
a motorway network around Rotterdam in The Netherlands. It contains about
50 on- and off-ramps and 500 loop detectors, which measure minute aggregated
data of, among others, flow, velocity, and occupancy. These monitoring stations
devide the network in about 500 motorway sections called links.

The state vectors ~xt are chosen as approximately 1000 × 1 vectors consisting of
the two variables flow Js,t and density ρs,t of each link s at time t. The monitoring
stations are represented by an approximately 500 × 1 observation vector ~yt, that
holds the information of the loop detectors, for instance, flow or occupancy. The
exogenous input ~ut is chosen as a 50× 1 vector of flows from monitoring stations
on the on-ramp entrances.

The transition matrix At carries both the network topology and the traffic dy-
namics. In the network topology three cases are distinguished:

• a single section s is followed by a single section s + 1,

• a single section s is followed by two sections s1 and s2 (fork, for instance,
at off-ramps),
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• two sections s1 and s2 are followed by a single section s (join, for instance,
at on-ramps).

The section to section transitions are obtained using three equations.

The first is a balance equation for the density ρs,t that is based on vehicle con-
servation

ρs,t+1 = ρs,t + d−1
s [Js−1,t − Js,t] , (3.32)

whereby ds is the area (lanes × length) of link s.

The second is a flow equation based on Eq. 2.4:

Js,t+1 = min(vs,t, vs+1,t)ρs,t. (3.33)

The third is a generic relationship between velocity and density with which the
velocities vs,t and vs+1,t are computed. Unfortunately the authors do not clearly
state how they cope with measured velocities. Similar equations are used for
sections to joins. For fork to sections turning fractions are performed from the
measurements.

Because the observed flow can just be assumed as the real one the matrix C is
directly obtained as block diagonal. To obtain estimates for the matrices At and
B a model

xt − φ1xt−1 = θ1ut−1 + et, (3.34)

which is a very simple form of the ARIMAX model (Eq. 3.25), is applied to the
measured data. In a 60 min window the parameters are re-estimated through the
whole day.

Describing all the details would extend the scope of this work and the interested
reader is referred to the original paper. But it can be understood, that applying
the approach to the whole network requires a lot of computer resources. It is
especially unfeasible for real time applications. Thus, the authors investigate a
subnetwork consisting of five links, that give a total of 29 state variables within
the state vector. As results the authors present figures of five-step ahead forecasts
for the occupancy and a comparison of two-step ahead forecasts with the naive
forecasting model for different noise variance matrices Q and R. Obviously the
naive forecast is outperformed, but note, that also within this application adjacent
sections are used.

As other parametric regression methods the Kalman Filter alone is not able to
forecast certain differences in the daily traffic data and is therefore often only used
in combination with other methods. A comparison between several parametric
regression methods such as different ARIMA methods, Kalman filter, but also
multiple regression techniques with adjacent detectors is investigated in [Saito
et al., 1997] for traffic signal control. Thereby it is an indisputable fact, that
the right choice of the parametric regression method strongly depends on the
particular investigated traffic data, that is again strongly dependent on the traffic
situations that can appear.



24 Methods of Forecasting Traffic: State of the Art

3.2 Nonparametric Regression

The basic difference between the parametric and nonparametric regression lies
in the fact, that for the latter a whole function has to be computed instead of
a set of parameters. Most of the nonparametric regression techniques used in
traffic forecasting are based on the idea of phase space embedding and finding
the nearest neighbourhood in phase space. In the following a short introduction to
phase space embedding and related techniques is given. An overview about these
nonlinear time series analysis can be found, for instance, in [Kantz and Schreiber,
1999].

3.2.1 Introduction to Phase Space Embedding

In a purely deterministic system, once its present state is fixed, the states at all
future times are determined as well. Thus, a vector space (called a state space
or phase space) can be established for the system so that specifying a point in
this space specifies the state of the system, and vice versa. Then the dynamics of
the system can be studied by studying the dynamics of the corresponding phase
space points.

The concept of the state of a system is powerful even for nondeterministic sys-
tems. A large class of systems can be described by a set of states and some kind of
transition rules which specify how the system may proceed from one state to the
other. Prominent members of this category are the stochastic Markov processes
for which the transition rules are given in the form of a set of transition proba-
bilities and the future state is selected randomly according to these probabilities.

What is often observed in an experiment is not a phase space object but a time
series. Therefore the observations have to be converted into state vectors. This is
the important problem of phase space reconstruction or phase space embedding,
which is technical solved by the method of delays or related constructions.

Given a sequence of scalar measurements sn, a delay reconstruction in m dimen-
sions is formed by the vectors ~sn given as:

~sn = (sn−[m−1]ν , sn−[m−2]ν , ..., sn−ν , sn). (3.35)

The time difference in number of samples ν (or in time units, ν∆t) between
adjacent components of the delay vectors is referred to as the lag or delay time. If
there are more than one observable, the vector can be multivariate and can consist
of different types of data at different time steps. Finding a suitable embedding,
especially the minimal embedding dimension, is an essential problem in nonlinear
time series analysis techniques.

One approach that solves this problem is the method of false nearest neighbours
(FNNs), proposed by Kennel et al. [1992]. For each point ~si in the time series the
nearest neighbour ~sj in an m dimensional phase space is found, that means, the
distance di,j = ‖~si − ~sj‖ in regard to a certain norm ‖·‖ is minimum. Then both
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points are iterated and

Ri =
|s(i+1)ν − s(j+1)ν |

di,j
(3.36)

is computed. If Ri exceeds a given heuristic threshold Rh, this point is marked
as having a FNN. The criterion that the embedding dimension is high enough is,
that the fraction of points for which Ri > Rh is zero or at least sufficiently small.
As norm usually the p-norm is used:

‖~x‖p =

[
n∑

i=1

|xi|p
] 1

p

. (3.37)

The most widely used are

• the Manhattan metric ‖·‖1,

• the Euclidean distance ‖·‖2, and

• the maximum norm ‖·‖∞ = max
1≤i≤n

.

Finally a forecast algorithm can be formulated. Given a scalar time series
(s1, ..., sN ), a delay time ν and an embedding dimension m has to be chosen
(in most cases the delay time follows directly from the discrete measurement, for
instance, for minute aggregated traffic data ν = 1 min). In order to forecast ∆ν
steps ahead of N , a parameter ε of the order of the resolution of the measurements
is chosen to form the ε-neighbourhood N (~sN ). This ε-neighbourhood N (~sN ) are
the k state space vectors ~sj for that hold ε > dN,j. For the k state space vectors
~sj ∈ N (~sN ) the individual “forecasts” sj+∆ν are looked up. For j +∆ν ≤ N they
are available because these are all points in the past.
The finally accepted forecast is then a combination of all individual forecasts.
That can be the arithmetic mean. In this case the forecast can also be formulated
as follows:

sN+∆ν = k−1
∑

~sj

Ind

(
1 − dN,j

ε

)
sj+∆ν. (3.38)

Here Ind(x) is the indicator function

Ind(x) =

{
1, if x > 0,
0, else.

(3.39)

and

k =
∑

~sj

Ind

(
1 − dN,j

ε

)
. (3.40)

Often the individual forecasts are even weighted, for instance, in regard to their
distance dN,j . Equation 3.38 formulates the so called k-nearest neighbour (k-
NN) model. An alternative to choosing the ε-neighbourhood is to just choose the
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number k of the nearest neighbours, that are taken into account. This approach
avoids the problem of quantifying the size of ε and especially the case, that there
are no neighbours in the ε-neighbourhood.

3.2.2 Nonparametric Regression for Traffic Forecast

One of the first approaches in forecasting traffic flow with nonparametric regres-
sion techniques is done by Davis and Nihan [1991]. The authors use the k-NN
method for calculations of minute aggregated traffic flow J(t) and occupancy
ρrel(t) data of time step t at one particular cross section on the Interstate 5
motorway between King and Snohomish counties in Washington State, USA.
The multivariate phase space vector to calculate J(t) and ρrel(t) is formed by

~sn = (J(t − 1), ρrel(t − 1), Ju(t − 1), ρrel,u(t − 1), Ju(t − 2), ρrel,u(t − 2),
Jor−d(t), Jor−u1(t), Jor−u2(t − 1)).

(3.41)

Thereby Ju(t) and ρrel,u(t) denote the flow and occupancy at an upstream section,
Jor−d(t) the flow at an downstream, and Jor−u1(t) and Jor−u2(t) the flow at two
upstream on-ramps. The choice of the time delays 0, 1, and 2 for the upstream and
downstream cross sections comes from their distance to the cross section whose
data is to be forecast. Albeit the selection of this vector is somewhat arbitrary.

The results are not discussed here in detail, because there is a very sparse database
of about one and a half hours of traffic data at the authors disposal. The interested
reader is referred to the original work.
An advanced nonparametric regression technique is used by Faouzi [1996]. The
author especially investigates how different nearest neighbourhood data can be
reasonably combined. Therefore he uses a method that is called kernel estimation.
To calculate a forecast at the N th time step ∆ν time steps ahead, all individual
forecasts sj+∆ν of all possible delay vectors ~sj, that are of an embedding dimen-
sion m, are weighted using a kernel function K(~x). Possible are the vectors ~sj for
that hold m ≤ j ≤ N − ∆ν. The forecast ŝN(∆ν) is calculated in the following
way:

ŝN (∆ν) =

N−∆ν∑

j=m

θjsj+∆ν, (3.42)

where the weights θj are defined as:

θj =
K ([~sN − ~sj] /wn)

N−∆ν∑
i=m

K ([~sN − ~si] /wn)

. (3.43)

Thereby, the bandwidth wn is a parameter that has to be chosen. It determines
how fast the influence of further neighbours decreases. The choice of this param-
eter is of great importance. When wn increases very stable forecasts with low
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variances are obtained but at the expense of flexibility. This problem is known as
the bias/variance dilemma [German et al., 1992].
For the kernel function K(~x) it is important, that it has desirable properties. The
simplest class of kernels consists of probability density functions that satisfy

K(~x) ≥ 0,
∞∫

−∞
K(~x)dmx = 1. (3.44)

The kernel function that is used in [Faouzi, 1996] is the Gaussian kernel on Rm:

K(~x) = [2π]−m/2 exp
(
−‖~x‖2

2
2

)
, ~x ∈ Rm. (3.45)

To get a trade-off between bias and estimator variance the parameter wn is chosen
as follows:

wn =
σ

n1/[m+4]
, (3.46)

whereby σ is the empirical standard deviation of the n observations before fore-
cast. Deheuvels [1977] has shown, that this choice limits the kernel influence on
the results and guarantees an optimal rate of convergence with respect to the
mean integrated square error criterion.
The embedding dimension m is found using a cross validation like procedure.
This means, that the mean square error of a test data set is minimised varying
different dimensions mx:

m = arg min
mx


m−1

x

N−∆ν∑

j=N−∆ν−mx+1

[sj+∆ν − ŝN(∆)]2


 . (3.47)

Thereby the operator arg means the argument of the operator min, in this case
mx. Unfortunately it is not given in [Faouzi, 1996], which embedding dimension
finally is used.
The algorithm is tested for one-step-ahead forecasts of five minute aggregated
traffic flow data collected at one single location in a test site area at Toulouse,
France. The data are collected from 1993/11/16 to 1993/11/19. The forecasts are
compared with an ARIMA(0,1,0) model that is completely outperformed by the
kernel estimator. The mean relative error of the prognosis results is stated by the
author as eMRE = 0.042.
Sun et al. [2003] use a similar algorithm called local linear regression (see also
[Fan and Gijbels, 1996]). This approach is based on the assumption, that a uni-
variate response y depends on multivariate covariates ~x = (x1, ..., xd) with an
unknown function y = f(~x). Given n observations (~xj , yj) with j = 1, ..., n, and
the observations ~xc, the forecast yc is estimated approximating the measurements
yj = f(~xj) with the firsts parts of a Taylor series around ~xc:

yj = yc +

d∑

i=1

∂

∂xi
f(~xc) [xji − xci] . (3.48)
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The prognosis value yc as well as the derivatives ∂
∂xi

f(~xc) are approximated using

the past measurements. For convenience let denote β0 = yc and βi = ∂
∂xi

f(~xc).

An estimator for the ~β = (β0, ..., βd) is calculated minimising the function:

n∑

j=1

[
yj − β0 −

d∑

i=1

βj [xji − xci]

]2

KB (~xj − ~xc) . (3.49)

It can be calculated straight forward, that the ~β that fulfills this condition is

~β =
[
XT

d WXd

]−1
XT

d W~y, (3.50)

where

Xd =




1 x11 − xc1 ... x1d − xcd

1 x21 − xc1 ... x2d − xcd
...

...
...

1 xn1 − xc1 ... xnd − xcd


 , (3.51)

and
W = diag (KB (~xj − ~xc)) , ~y = (y1, ..., yn) . (3.52)

Thereby is KB(~x) = 1
|B|K(B−1~x), where K(~x) is a kernel function with the

properties of Eq. 3.44. T indicates in this case the transpose of the matrix. Like
in the kernel estimation of Faouzi [1996], also Sun et al. [2003] use a Gaussian
kernel. B = wnI is the bandwidth matrix and |B| its determinant.
The multivariate covariate vectors act as the delay vectors and the embedding
dimension is calculated using a cross validation like procedure as in the kernel es-
timation, but in opposite to that this method is also used to choose the bandwidth
wn.
Note, that the forecast is finally calculated in Eq. 3.50. For the case that the
matrix XT

d WXd is nearly singular it is changed to

[
XT

d WXd

]∗
= XT

d WXd + diag(λ0, ..., λd). (3.53)

The λi are calculated as
√

n0/3 where n0 are the mean number of observations.
Finally this method is applied to forecast 5 min aggregated velocity data one- to
five-steps-ahead and the results are compared with the kernel regression method
and the k-NN model. The data are collected on Housten US-290 Northwest Free-
way, USA, during the morning peak hours from 6:00 to 10:00 at 32 days from
February 2002 to July 2002. At a segment of a length of 1.55 miles the travel
times are measured using an automatic vehicle identification system. From that
the velocities are calculated.
The authors state that the local linear regression method performs best, but the
database is very small and the velocity has very strong fluctuations. In fact the
kernel regression method for the one-step-ahead forecast is with a mean relative
error of eMRE = 8.91 very similar to the local linear regression method (eMRE =
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8.46). The authors conclude, that better comparisons shell be done with larger
databases.

Before using the k-NN method for forecast, Shin et al. [1999] use a Daubechies
wavelet transformation (see [Daubechies, 1988]) to smooth travel time data be-
tween bus stops from July 1996 to September 1996 of public buses in the Seoul
metropolitan area. The data is obtained by wireless communication facilities
which communicate between the buses and the stations. The data is collected
in different intervals, and after the noise is removed the nearest neighbour in re-
gard to a delay vector is used for one-, two-, and three-step ahead forecasts. Two
models are used: one with a time lag of 18 min and an embedding dimension of
5, and one with a time lag of 5 min and an embedding dimension of 6.

The reason for this work is a comparison of the state space forecasting model
with and without smoothing the raw data with the wavelet transformation. As
a quality measure they use the correlation coefficient r between the forecast and
the measured data. This is with r = 0.9989 remarkable higher with the smooth-
ing than without (r = 0.9835). The authors conclude, that especially on short
timescales fluctuations appear, that are mostly composed of unpredictable mea-
surement noise. Every kind of traffic time series that has to be forecast first should
be cleaned up of this noise. In the empirical data later in Chapter 5 can clearly
be seen, that indeed noise in traffic data is a very complex theme because the
amplitude of the noise is of a large magnitude. The question of random noise is
discussed in detail in Sec. 5.5. At this point it has also to be mentioned, that a di-
rect measurement of the travel time even nowadays is an exception. As discussed
later in Sec. 5.6.1 in most cases the travel time is calculated from other forecast
data.

Otokita and Hashiba [1998] even use the nearest neighbourhood method to es-
timate the travel time. Therefore the authors use measured flow and occupancy
data. Because for this method the measured data of the point in time that is
forecast is needed, it is more a simulation or calculation than a forecast of travel
times and the work is not discussed in detail at this point.

Nair et al. [2001] use nearest neighbourhood techniques to analyse traffic data and
use the results to forecast traffic flow. The experiment is performed for inductive
loop detector data on an 11 kilometer stretch of the San Antonio freeway system
in Texas, USA, during the months of January 1999 through June 1999. The
double loops are placed on the freeway every half a mile, for both the main lanes
and the on- and off-ramps.

The raw data are screened for errors and then aggregated into 5 min estimates of
average speed, flow, and average occupancy. For the analysis only the peak hour,
6:00 to 10:00 is used. The delay vectors ~sn for the velocity time series are formed
and the optimum delay embedding m is found with the FNN method. Then the
ε-neighbourhood according to the Euclidean distance is found. The parameter ε
is chosen on a trial-and-error basis. This means, the performance of the predictor
is observed for different ε and depending on the forecast result the radius ε is
chosen. For each phase space point ~sj in the ε-neighbourhood of ~sn the ∆νth next
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phase space point sj+∆ν is found. The first samples of these phase space points
are then averaged to obtain an estimate for the ∆ν-step-ahead forecast sn+∆ν.

The results are compared to a multilayer feedforward neural network (see
Sec. 3.3). The authors state, that although the forecast error is larger than that
for the neural network the results ascertain the deterministic nature of the time
series and motivate further analysis.

An approach where the state space is not only defined with a delay vector but
also with historical data is proposed by Williams and Smith [1999] and Smith
et al. [2002]. The authors describe a nearest neighbour nonparametric regression
model that is used to forecast traffic flow one-step-ahead. Because as database
act 15 min aggregated traffic flow, the forecast horizon is 15 min. The data are
stemming from two loop detector locations on the London Orbital Motorway M25
collected from 1996/09/04 to 1996/11/30.

After a test with different numbers of lagged values the authors conclude, that
state vectors with only lagged observations may not contain enough information
about the state of the system. In contrast to the models mentioned up to now, a
hybrid state vector ~s(t) is defined as

~s(t) = (J(t), J(t − 1), J(t − 2), Jhist, Jhist(t + 1)) . (3.54)

Here J(t) is the traffic flow at the time of day t and jhist(t) is the historical
average flow according to the weekday and to the time of day t.

Then, for the current state space vector ~sc(t) the potential neighbourhood is
calculated using the Euclidean distance up to a certain number of k nearest
neighbours ~si(t), whereby k is chosen between 5 and 40 inclusive in increments
of five. From the k nearest neighbours follow directly the k values Ji(t + 1) for
the time t + 1 of all i = 1, 2, ..., k nearest neighbours.

At this point it must be mentioned, that calculating the historical average flow
Jhist according to the weekday fills external knowledge into the model. The an-
alysis of traffic time series according to recurring time dependent patterns are
in general the subject of Sec. 3.4. To be precise, both methods are combined in
this approach, but because the general approach is the phase space embedding
technique, it is not discussed as the other combinations in Sec. 3.5.

Also in this work the authors do some considerations how the k nearest neigh-
bourhood data can be combined to a single forecast value Ĵc(t+1). Therefore six
different methods are investigated:

• The straight average approach takes just the mean of the k values Ji(t+1):

Ĵc(t + 1) =
1

k

k∑

i=1

Ji(t + 1). (3.55)

• The weighted by inverse of distance approach assumes, that selected neigh-
bours that are relatively closer in regard to the Euclidean distance di to the
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current state provide a better indication of the future condition:

Ĵc(t + 1) =

k∑
i=1

d−1
i Ji(t + 1)

k∑
i=1

d−1
i

. (3.56)

• The adjusted by J(t) approach assumes that the output elements will pro-
vide better information, if they are adjusted by the ratio of the flow Jc(t)
of the current state space vector ~sc(t) to the corresponding element Ji(t) in
the selected neighbour vectors ~si(t) before averaging:

Ĵc(t + 1) =
1

k

k∑

i=1

Ji(t + 1)
Jc(t)

Ji(t)
. (3.57)

• In the same manner in the adjusted by Jhist(t + 1) approach the output
elements are adjusted by the ratio of the historical flow Jhist,c(t + 1) of the
current state space vector ~sc(t) to the corresponding element Jhist,i(t + 1)
in the selected neighbour vectors ~si(t) before averaging:

Ĵc(t + 1) =
1

k

k∑

i=1

Ji(t + 1)
Jhist,c(t + 1)

Jhist,i(t + 1)
. (3.58)

• The adjusted by both J(t) and Jhist(t) combines the previous two adjust-
ments by averaging the ratios:

Ĵc(t + 1) =
1

2k

k∑

i=1

Ji(t + 1)

[
Jc(t)

Ji(t)
+

Jhist,c(t + 1)

Jhist,i(t + 1)

]
. (3.59)

• The adjusted by both J(t) and Jhist(t+1) and weighted by inverse of distance
approach combines the previous three adjustments:

Ĵc(t + 1) =

k∑
i=1

[2di]
−1 Ji(t + 1)

[
Jc(t)
Ji(t)

+
Jhist,c(t+1)
Jhist,i(t+1)

]

k∑
i=1

d−1
i

. (3.60)

In summary, the latter five calculation methods are heuristic attempts to improve
the straight average forecast by taking into account the relative distance of the
neighbours from the forecast point or the relation of key neighbour state elements
to the corresponding forecast point elements.
As a forecast performance the results are compared to the forecast

Ĵc(t + 1) =
Jc(t)

Jhist,c(t)
Jhist,c(t + 1) (3.61)
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and the seasonal ARIMA(1,0,1)(0,1,1)672 parametric model using the mean rel-
ative error eMRE. Although the adjusted by J(t) method is the best perform-
ing k-NN forecast method (eMRE = 0.0947), it does not match the performance
of the seasonal ARIMA forecasts (eMRE = 0.0883). Moreover the adjusted by
Jhist(t + 1) (eMRE = 0.105), straight average (eMRE = 0.1007), and weighted by
inverse of distance (eMRE = 0.0996) approaches are outperformed by the naive
model (eMRE = 0.0995).

3.3 Neural Networks

Neural networks is a broad term covering many different architectures. The op-
eration of these architectures can vary enormously. However, all neural networks
share some basic common features. In the following only a short introduction to
some basics of neural networks is given. Going more into detail would extend the
scope of this work, so the interested reader is referred to the extensive existing
literature, such as [Bishop, 1995, Hecht-Nielsen, 1990, Reed and Marks, 1999,
Ripley, 1996], and Dougherty [1995] gives a short review about Neural Networks
applied to transport problems.

3.3.1 Introduction to Neural Networks

Neural networks are composed of a number of very simple processing elements,
known as neurons (see Fig. 3.4). These neurons take in data from a number
of sources and compute an output dependent in some way on the values of the
inputs using an internal transfer function. The neurons are joined by weighted
connections. Data flow along these connections and are scaled during transmission
according to the values of the weights wi,m.
In general terms the relationship between the inputs (x0, x1, ..., xN ) of neuron m
and its output ym is given by

am =
N∑

i=0

wi,mxi, (3.62)

ym = f(am). (3.63)

The transfer function f(a) is typically a nonlinear function such as a sigmoid.
Note that the output can be binary or continuous.
The output of a particular neuron is a part of the input received by another.
To communicate with the outside world some connections take data in from an
external source, whilst others pass data back out. The neural network’s function-
ality is bound to the values of the connection weights, which can be updated over
time, causing the neural network to adapt or learn.
Although the network is basically described by Eqs. 3.62 – 3.63, several simplifi-
cations are needed to work with neural networks. Some of them are introduced
in the following.
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Fig. 3.4. A neuron m. Each input xi of other neurons are weighted with the weights
wi,m. After a summation a transfer function computes the output ym.

The neurons are arranged in layers with the existence or absence of a connection
between two neurons. The input layer is connected to the output layer with one
or more hidden layers. A typical scheme of a feedforward network can be seen in
Fig. 3.5.

The connection weights have a minimum and a maximum strength. Furthermore
all the neurons within a layer, or often the entire network behave in the same
way. This means, that all neurons use the same formula to compute an output
from the weighted inputs.

Finally, a rule is defined which determines how and when the weights are changed.
Neural networks can be categorised according to the type of learning rule em-
ployed.

Output layer

Hidden layer

Input layer

Fig. 3.5. A typical feedforward neural network with an input, a hidden, and an output
layer.
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In supervised learning, the computed output

ym = f


∑

j

xjwj,m


 (3.64)

is compared with a desired one dm, and a global error function is computed,
which updates the weights. An easy example is the perceptron learning rule for
single layer networks:

∆wi,m = η


dm − f



∑

j

xjwj,m




xi, (3.65)

with the learning rate η (the choice of learning rate η just changes the scaling of
wj,m).
In a similar manner works the delta learning rule, also known as the least-
mean-squares rule, the Widrow-Hoff rule, or the ADALINE rule (for ADAptive
LINear Element). It has the same weight update equation 3.65 but holds for
networks with a continuous transfer function f(am).
It is shown mathematically that single layer perceptrons do not converge to a
solution for a problem which is not linearly separable [Minsky and Papert, 1969].
A method that solves this problem is the back-propagation algorithm, which works
for multi layer networks.
The back-propagation algorithm calculates how the error changes as each weight
is increased or decreased slightly. Therefore the error derivative of the weights

∂
∂wi,m

e is computed. This can be done by first computing the rate rm at which

the error e changes as the output of a neuron m is changed. For the output
layer L this is just the difference between the current and the desired output. To
compute it for a neuron n in the hidden layer just before the output layer L, first
all weights wn,i between that neuron and the output layer neurons i have to be
multiplied by ri and then the products are summed up:

rn =
∑

i∈L

wn,iri. (3.66)

After calculating rn for all neurons n in the hidden layer just before the output
layer all other rates can be computed in the same manner moving from layer to
layer in a direction opposite the way the activities propagate through the network.
This is what gives back propagation its name. Once the rm have been computed
for all neurons, it is straight forward to compute the derivative for each incoming
connection of the neuron. It is just the product of rm and the activity through
the incoming connection.
Note that the majority of the applications used for traffic forecasts are back-
propagation neural networks, also known as multi layer perceptrons (MLP).
In reinforcement learning the network is just trained by inform whether it per-
formed well or badly for each iteration. If the neural network performed well,
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processing elements within the network which are outputting an active signal
are examined, and the strength of the most active input connections to these
neurons is increased. Often this is done on a winner takes all basis, that means
only the connection providing the strongest input is updated. Conversely, if the
neural network performed badly the strength of some connections are weakened.
Reinforcement learning is often known as Kohonen learning [Kohonen, 1995].

Self-organising networks operate purely on input data. All criteria for updating
the weights are determined internally. The main use of such networks are clas-
sification problems where it is not certain beforehand what the definition of the
classes should be. An example of this type of network is that of the adaptive
resonance theory (see, for instance, [Grossberg, 1976]).

Finally there are combined networks that use different learning methods for the
connections between different layers.

3.3.2 Neural Networks for Traffic Forecast

The interesting point in the work of Florio and Mussone [1996] is the chosen input
data. In opposite to most other investigations of traffic forecasts using neural
networks and even other algorithms, the authors do not only use flow, density,
and velocity, but also the percentage of heavy good vehicles, the brightness from
1 (darkness) to 6 (bright light), the visibility s from s = 0 m to s > 520 m,
three different weather conditions (clear, rain, snow/ice), and the state of variable
message signs (absence, accident, queue, fog).

The data collection environment is employed on the three-lane motorway section
Padua-Mastre in Venice, Italy. It runs for a distance of 11 km from the Dolo
tollgate to Mestre tollgate. The data are grouped according to detection sections
and are subdivided according to the type of information detected by each station.
The difference essentially consists of the different sampling period, which ranges
from 30 s to 120 s for the flow, the density, and the velocity. Because meteo-
rological data, brightness, and messages of variable message signs occur only in
certain stations, for all other detector stations the data from the closest section
are assigned to them.

The data are preprocessed and filled into a 2-hidden-layer feedforward neural net-
work. The input layer consists of 9 neurons where the data mentioned above and
the forecast horizon are filled in. The first hidden layer consists of 8, the second
of 4 neurons. As output the flow, the density, and the velocity are generated. The
transfer function is a sigmoid one.

The authors state, that the best results are received forecasting the velocity with a
mean relative error of eMRE = 0.05, whereas density and traffic flow are consisting
of unpredictable measurement noise that lead to eMRE = 0.30. Nevertheless, the
work is a good example for the attempt to put any kind of available data in a
neural network to forecast traffic data.

Chen et al. [1997] use a MLP with two hidden layers to investigate the effects
of detector spacing on the short term traffic flow forecasting performance. The



36 Methods of Forecasting Traffic: State of the Art

transfer function is a sigmoid one. Different network architectures are used, but
unfortunately details are not given in the article.

At first the authors use simulated data generated by the AIMSUN [Ferrer and
Barceló, 1993] traffic simulation software calibrated to the M2 motorway in Kent
corridor, Great Britain. Simulated loop detectors are placed at 500 m intervals
and also on on-ramps. The data are averaged over 5 min periods. To generate one-
step-ahead forecasts of one detector station a back-propagation neural network
with a single output is used. The output is the flow at time step t + 5 of the
forecast loop detector. As input serve the traffic flow off all other loop detectors
at time step t. As the experiments progress, detectors are gradually removed from
the set of inputs and the effect on forecasting performance is noted.

To train the network four different simulated flow profiles are generated that
range from quite light flow to very heavy flow. Three of them are used for training
a neural network and the randomly selected remaining one is used for testing.
Forecasting performance is observed by plotting the simulated and forecast values
over a set of input-output pairs. In order to obtain an optimal minimum, each
neural network model is trained by ten different initial weights and the best is
saved.

For detector spacings from 500 m to 3,000 m the relative root mean square
error eRRMSE of the forecasts is calculated. In case of 500 m detector spacing
hold eRRMSE = 0.25 and for 3,000 m eRRMSE = 0.3. At this point it has to be
mentioned, that it is always difficult to compare forecast results of different kind
of data, in this case even simulated traffic data. Nevertheless it can be said,
that for five minute aggregated data a relative error of about 0.25 is very high,
especially with information about upstream data. This means, that the neural
network is not able to reproduce the spatial temporal traffic model that is used
by the simulation.

For completeness it should be mentioned, that the work is extended to use real
traffic data from the M25 in London, Great Britain. Loop detectors are placed at
500 m intervals and measure among others minute aggregated data of traffic flow.
As input for the neural network only the upstream and downstream detectors are
used. Flow data between 06:00 to 21:00 of 1996/10/01 to 1996/10/24 are used for
training the network and data from 1996/10/25 to 1996/10/31 for testing. The
authors conclude, that although the real world data is very noisy the forecasting
performance is of “reasonable accuracy”.

Dougherty and Cobbett [1997] use a MLP to forecast flow, velocity, and occu-
pancy. The analysis is conducted with loop detector data at about 17 points
along inter-urban motorways in the Rotterdam/The Hague/Gouda triangle, The
Netherlands. Data are available in 1 min intervals for each lane, but the authors
state that initial experiments have not been very successful because of the large
minute by minute stochastic variation. The data are therefore combined across
the carriageway and averaged over a 5 min period.

During a large part of the work the authors deal with the problem of the input
selection. Because the network is more effective, if data from previous time steps
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are available, this gives hundreds of possible input data points. On the other
hand the required computational effort rises approximately with the square of
the number of inputs to the neural network. As a trade-off between the accuracy
of the model and the required computational effort, the authors decide to use
a MLP with 40 inputs and a single hidden layer with 10 neurons. To select the
inputs a method called “elasticity analysis” [Dougherty and Joint, 1992] is used.

Finally, the root mean square error proportional eRMSEP of one-, three-, and six-
step ahead forecasts of four different detector stations is calculated for all three
measures: flow, velocity, and occupancy.

A comparison with the naive forecasting model is deflating. Forecasting the veloc-
ity and the occupancy the neural network model is outperformed. Only forecast-
ing the traffic flow the neural network is able to keep up with the naive forecasting
model. Considering, that also in this case adjacent data is used for forecasting, the
results are poor. The authors conclude, that more tests are needed with different
neural network architectures.

This is later done in [Dia, 2001], where four different neural network architectures
are used to generate one-step-ahead forecasts of 20 s aggregated velocity data of
four loop detector stations placed on a 1.5 km section of the Pacific Highway
between Brisbane and the Gold Coast in Queensland, Australia. The raw data
are collected over a 5 hour period on two days in April 1995 and consist of 5,000
observations. 3,000 of them are used for network training, 500 for cross validation
and 1,500 for testing. The velocity measurements from the current time interval
at a given detector station serve as input and the output comprises the velocity
measurements at the same station at the future time interval.

A number of experiments are conducted to determine the best neural network
architecture. Apart from MLP, a recurrent network, a time lagged recurrent net-
work (TLRN), and a hybrid network is tested. The recurrent network feedbacks
the hidden layer to itself, the TLRN is a MLP that is extended with short term
memory structures, and the hybrid networks tested in the study comprise a com-
bination of a TLRN and a method that is called Principal Component Analysis.
See [Principe et al., 2000] for a detailed description of the mentioned components.

Each of the above models are trained on the training data set for a maximum of
1,000 cycles. At the end of each cycle, the trained model is tested on the cross
validation set and the mean square error eMSE of the forecast is computed. If
eMSE decreases, the model is saved and the training is continued. The training is
stopped, when eMSE on the cross validation data increase by a specified threshold.

Comparing the eMSE during training, cross validation, and testing, the authors
decide to use the TLRN for forecasts from 20 s to 15 min. The mean relative error
eMRE ranges from 0.06 for a forecast horizon of 20 s to 0.16 for 15 min. In a similar
manner travel times between two detector stations are estimated using the TLRN.
Therefore the velocity and the flow at time t of the two loop detectors serve as
input of the network. The output is the travel time at t + n where n = 20 s
to 15 min. To train the network the outputs are compared with the historical
travel time values which are determined by video taping the sections. The eMRE
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of the forecast travel times ranges from 0.05 (20 seconds) to 0.07 (15 min). As
already mentioned above, comparing the forecast results is very difficult. But in
regard to the effort that come with this approach and according to the fact, that
it has not been mentioned in the work, at least in which limits a certain velocity
breakdown is possible to be forecast, a large advantage of the neural network
cannot be established.

In spite of this, neural networks are in general often considered in the context
of traffic forecast or even traffic control. This comes, because pattern recognition
and the assignment to certain events is a basic task in traffic forecasting as can
later be seen in Chapter 5. In the next section several approaches are proposed
where traffic time series are manually analysed to develop classifications that
help to forecast recurring structures of traffic time series. The idea using neural
networks is, to automatise the cognitive abilities that are required for this anal-
ysis. Unfortunately it seems, that large improvements are needed before neural
networks can be applied in operation for traffic forecast applications.

Nevertheless, recent interesting and also promising works with artificial neural
networks should be mentioned at this point. A performance evaluation of neural
network models in traffic flow forecasting can be found in [Yun et al., 1998].
Of basic interest is often the impact of bottlenecks, in that manner in [Ledoux,
1997] queue lengths at urban intersections and in [Vemuri et al., 1998] traffic
delays in motorway construction zones are forecast with artificial neural networks.
In [McFadden et al., 2001] the focus is to forecast velocities on two lane rural
motorways. Qiao et al. [2001] investigates the problem of forecasting traffic flow
dispersion what is related to the field of traffic simulation. Murat [1999] even
applies an artificial neural network to forecast long term traffic volumes over
years. Short term traffic forecasts are investigated of urban traffic flow in [Yin
et al., 2002], of freeway traffic flow in [Abdulhai et al., 1999], and of link travel
times in [Innamaa, 2001, Park and Rilett, 1999, Rilett and Park, 2001, van Lint,
2004].

3.4 Heuristics and Knowledge Based Systems

In the original sense, heuristics means a strategy, that forms a sensible way to
the solution. What is meant here is a method, that rests on the assumption, that
there are similar traffic conditions on similar days. The approach is as follows: if
all influences at a certain date are known and if there are data that are measured
on days with the same influence, this data is used as an approximation of the
new day.

First systematic approaches of analysing historical values for traffic flow forecast
are described in [Leutzbach and Siegener, 1974]. The authors use hourly aggre-
gated data of two loop detectors. Their basic approach of long term forecasts is
based on the observation that the traffic flow strongly depends on the day of the
week and the time of day. Thus, the traffic flow time series of each detector is
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subdivided in 7 × 24 = 168 partial time series. Each partial time series J(t) is
estimated as the sum Ĵ(t) of a trend JT(t) and a periodic part JP(t):

Ĵ(t) = JT(t) + JP(t), (3.67)

whereby JT(t) is estimated by a linear regression and JP(t) is described by a
Fourier series:

JP(t) = a0 +
∑

k

[
ak cos

2πkt

p
+ bk sin

2πkt

p

]
. (3.68)

The period p = 52 can be interpreted as the interval of one year. The authors
state, that the significance of the coefficients ak and bk is tested statistically and
that normally no more than 2 coefficients of ak and bk are needed to estimate the
periodic components. The forecast is just the extrapolation of Ĵ(t).
Strong deviations are interpreted as special events. The authors distinguish be-
tween chronological predictable events like holidays and chronological unpre-
dictable events like extreme weather conditions or accidents. The predictable
events, that are considered in the forecast, are further distinguished in events
that occur on a fixed weekday (like the holidays of Pentecost and Corpus Christi
that occur on a Thursday) and such, that occur on a fixed date (like labour day
at the 1st of May or Christmas)1.
To adjust the time series, the authors first forecast the values with the model
Ĵ(t) and then manually pick out the days with bad forecast results. If that are
days with special events, the values are replaced with adjacent values. With those
adjusted time series new models Ĵn(t) are calculated.
Finally, the special events are considered. Therefore, for the events that are on
fixed weekdays, the differences between the measured traffic flow at these days
and the model Ĵn(t) are averaged over all special days. For the events at a fixed
date just the historical mean of these days is calculated whereby the trend is
added.
In their example they find 48 special days in one year. The long term forecast
results are partially bad because in the meanwhile the infrastructure has been
changed. In [Siegener and Schmitt, 1980] the relative root mean square error
eRRMSE dithers between 0.221 and 0.3 using this method. Note, that in opposite
to short term forecasts this method can be used for arbitrary forecast horizons.
In [Krause, 1988] an approach of forecasting incidents is investigated with the
objective to relieve the overload using dynamic traffic assignment. The facility
is placed around Dernbach and Koblenz and separates the traffic going north
to the motorways BAB 3 and BAB 61. The traffic data are stemming from 30
junctions fully equipped with loop detectors at the BAB 3, BAB 48, and BAB 61

1Note that such investigations strongly depend not only on the country but also on
the particular region and even on the time. The 17th of June, for instance, has been a
holiday at this time, but since the German Unification the holiday is displaced with the
3rd of October.



40 Methods of Forecasting Traffic: State of the Art

in a region around Cologne, Bonn, and Koblenz, Germany. To forecast the traffic
conditions and to detect the incidents in advance a forecast model along the time
achsis and a spatial temporal forecast is evolved.

For the spatial temporal forecast the author uses a traffic model to deduce travel
times from estimated traffic flow time series. The basic assumption is, that up to a
point of overloading the traffic flow propagates undisturbed through the network.
The traffic flow is the only value that is really forecast. The density and velocity
is calculated using a spatial temporal traffic model.

The spatial temporal model is based on the continuity equation. The density is
calculated using the difference of the traffic flow estimated at the beginning and
at the end of a section divided by the length of the section. Then an empirical
relation between the density and the travel time is used to deduce the travel time.
Because details of spatial temporal traffic models are not part of this work the
interested reader is referred to the original work.

What is of basic interest here, is the traffic flow forecast at each single section
without the influence of the adjacent sections. The basis of the traffic flow forecast
at the different sections si are classified traffic flow time series JGDn ,si

(t). Thereby
is GDn a group of certain days d ∈ GDn that are described by Dn. Three types
Dn are used: working days, Saturdays, and Sundays.

To enhance the forecast results a feedback model is proposed. This feedback model
is build up the principle, that each forecast value is compared with a measured
value after passing the time period of the forecast horizon. Therefore the forecast
error εt0 is calculated at the time step t0 the forecast is generated. This is done
at each time step. Using these values a weighted forecast error ε∗t0 is calculated:

ε∗t0 = βεt0 + β [1 − β]1 εt0−1 + ... + β [1 − β]m−1 εt0−m+1 . (3.69)

The choice of the parameter β and the number of analysis intervals m is from
essential relevance. The cumulative sum of the weights is smaller than 1 for finite
m. On the other hand the author does not want to choose too large m because
too old forecast errors should not influence the result. At this point the author
states, that for β should hold 0.2 < β < 0.4 and for m: 6 ≤ m ≤ 12. Note
that the cumulative sum of the weights is 0.74 for β = 0.2 and m = 6, so ε∗t0 is
systematically a factor 0.26 too small.

The first idea of the author is now to adjust the forecast traffic time series
JGDn ,si

(tp) for each future time step tp with the weighted forecast error ε∗t0 at
the point in time t0 the forecast is generated:

JGDn ,si,t0(tp) = JGDn ,si
(tp) + ε∗t0 . (3.70)

Some trials show that thereby oscillations could appear. The forecast values fluc-
tuate around the measured values. If the forecast values are too small for a long
period, a correction addend ε∗t0 is calculated that increases the forecast traffic
flow. In doing so, it is now possible, that the new forecast value is too high. Until
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this value is considered in ε∗tp a certain time interval, the forecast horizon tp − t0,
has to be passed.
This is why the author finally introduces a damping coefficient ηsi,t0,tp for each
cross section si and future time step tp:

ηsi,t0,tp = [1 − ηsi,t0 ]
[tp−t0] . (3.71)

Here is ηsi,t0 the section based damping coefficient. For completeness it has to
be mentioned, that a damping coefficient is also calculated for the process of the
propagating traffic flow.
Then the forecast traffic flow JGDn ,si,t0,a(tp) results as:

JGDn ,si,t0,a(tp) = JGDn ,si
(tp) + ε∗t0ηsi,t0,tp . (3.72)

The investigations are done with hardcopies of 15 min aggregated traffic flow
values at the carriageway and the differences at on- and off-ramps. The loop
detectors at on- and off-ramps measure just the traffic flow, the loop detectors
on the travelled way also the velocity.
Because the time series forecast is embedded in the spatial temporal model it is
hard to separate the effect of the feedback and of the damping from the results
given in the work. The author states that in general the feedback model improves
the results of the forecasts during congestions but at the expense of forecast
results during free flow situations. The damping coefficient improves the results
in free flow conditions in opposite to the results in congested situations. The
author states that for ηsi,t0 should hold 0.05 < ηsi,t0 < 0.2.
An approach in forecasting travel times is done by Janko [1994]. He uses historical
travel times ∆ts,m of certain sections s at certain times m to calculate classified
travel time time series ∆ts,m and uses them for forecast. To make the model
adaptive he applies the single smoothing model to the historical time series in
the following way:

∆ts,m,i = α∆ts,m,dc + [1 − α] ∆ts,m,i−1. (3.73)

Thereby is ∆ts,m,i the new smoothed classified travel time for the time interval
m on the section s calculated with certain days with a similar influence on traf-
fic. Accordingly, ∆ts,m,i−1 is the same value calculated without the travel time
data ∆ts,m,dc of the most recently day dc with a similar influence on traffic. The
parameter α is just the smoothing coefficient according to Eq. 3.18.
The finally forecast travel time ∆t∗s,m is adjusted to the ratio of the most recently
measured travel time ∆ts,m−1,dc (that is, this of the time interval m − 1) to its
historical value ∆ts,m−1,i as follows:

∆t∗s,m = ∆ts,m,i
∆ts,m−1,dc

∆ts,m−1,i

. (3.74)

The idea of exponential smoothed classified traffic time series is later again used
by Zackor et al. [1996]. The authors propose a method for forecasting traffic flow
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up to 48 hours ahead using classified traffic flow time series and current traffic
flow data. They divide the days in six groups of days with a similar influence on
traffic (Monday, TWT, Friday, Saturday, Sunday, and holidays, whereby TWT
means Tuesdays until Thursdays).
The forecast traffic flow Ĵd,s(i) at the cross section s for the particular group d
in the time interval i consists of the following factors and one addend:

Ĵd,s(i) = MDTs · bd,s(i) · fd,s · fm,s · fhol,s(i) · fU,s + ∆qSE,s. (3.75)

Here MDTs is the mean daily traffic flow of the cross section s, that means an
overall average traffic flow for all days.
The factor bd,s(i) is the ratio of the traffic flow Jd,s(i) in the time interval i of the
cumulative sum of the traffic flow measured during the days of the group d:

bd,s(i) =
Jd,s(i)

iday∑
i=1

Jd,s(i)

. (3.76)

Here iday = 1440∆t−1 min is the number of time intervals of the length ∆t. To
get the factor bd,s(i) adaptive it is exponentially smoothed with every new day
belonging to the same group d, so far this day is not influenced by one of the
following exceptional events:

• begin or end of school holidays,

• begin or end of long weekend,

• big events like fairs, exhibitions, or sporting events,

• known construction areas, and

• time periods when variable message signs indicate a detour.

With the daily factor fd,s the differences from the groups of days to the weekly
average are taken into account. It is the distribution of the mean daily traffic flow
MDTd,s of group d to the whole mean daily traffic flow MDTs = 6−1

∑
d

MDTd,s

during all the six groups d. In the same manner like bd,s(i) it is adapted after
every week using exponential smoothing, whereby weeks with a strong influence
of holidays or big events are not considered.
In a similar manner the factor of the seasonal influence fm,s reflects the monthly
differences. It is calculated as

fm,s =

Nm∑
l=1

MDTl,s

NmMDTs

. (3.77)

Here MDTl,s is the mean daily traffic flow at day l and Nm the number of days
during the month m. Because the time of the school holidays differs from year to
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year and the traffic due to school holidays would influence this calculation, the
effect is filtered with a denominator for the days during school holidays:

MDTl,s =

iday∑

i=1

Jl,s(i)

fhol,s(i)
. (3.78)

Like the other factors the seasonal factor fm,s is exponentialy smoothed.
The holiday factor

fhol,s(i) =
bd,hol,s(i)

bd,s(i)
(3.79)

describes the relationship of the hourly factor bd,hol,s(i) of day group d measured
at a day that is influenced by school holidays to the normal hourly factor bd,s(i).
Outside time periods with school holidays the holiday factor is one and it is only
calculated for cross sections s with a significant influence due to holidays.
The factor fU,s reflects the increasing traffic volume in regions with high spare
time activities especially in times of good weather conditions. The authors pro-
pose, that until further data analyses admit a more exact classification, the factor
should be fU,s = 1.1 in times of good weather conditions and fU,s = 1.0 else.
Finally, the addend ∆qSE,s in Eq. 3.75 describes the extra distribution of traffic
flow because of special big events like fairs or sport events. Because this value is
strongly dependent on the number of the expected visitors of these events, the
authors state, that it should be approximated analysing the increasing traffic in
the spatio temporal environment of the big events.
To consider the current traffic data the algorithm proposed in [Zackor, 1976] (see
Sec. 3.5.1 on page 49) is used. For completeness it has to be mentioned, that the
cross section based traffic flow forecast is combined with a spatio temporal traffic
model.
The forecast method is tested on the motorway network around the cities Frank-
furt and Stuttgart in Germany. The data are provided by 41 loop detectors. Those
are analysed during 100 days of different time periods and traffic situations for
the calibration of the model.
As results the authors state, that the mean relative error eMRE is usually under
0.1, but only in case of suitable classified traffic time series. The distinction in 6
daily groups seems to be suitable, but under special conditions additional daily
groups should be defined. In case of exceptional events one has to count on
increasing forecast errors, especially the duration and intensity of a traffic incident
cannot be forecast without external information.
A daily independent classification is proposed within the system ATHENA
[Danech-Pajouh and Aron, 1991] to calculate one-step-ahead forecasts of half
hourly traffic flow data. The data used are flow rates for southbound traffic dur-
ing the months July and August of the years 1984 until 1990 from four counting
stations near Beaune, France. The data are the same that are used by the ARI-
MAX method (see Sec. 3.1.3 on page 18) and later by the KARIMA method (see
Sec. 3.5.2 on page 56). The geographical relationship can be seen in Fig. 3.2.
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The traffic data are transformed in profile vectors, containing the half hourly
traffic flow divided by the total cumulative traffic flow since midnight. Thereafter
the profile vectors are divided in exact four classes using the k-means cluster algo-
rithm [McQueen, 1967]. Then, for every class and every half an hour a regression
model linking the traffic flow at hour t+ 1 to the flow at the hours t, t− 1

2 , t− 1,
and so on, is proposed. For example, if the forecast period is 8:00 to 18:00 (an
amplitude of ten hours) and the number of classes created is 4 per hour, then the
number of models for a given month is equal to 10 × 2 × 4 = 80. Unfortunately
it is not given how the regression model works on detail.

Fig. 3.6. Day class histogram within the ATHENA model for a particular profile vector
for 10:00 and the month August from 1984 - 1988 (picture from [Danech-Pajouh and
Aron, 1991]).

To forecast the traffic flow the most recently measured traffic profile vectors are
compared with these of the classes. The closest class to the observations in terms
of the route mean square error eRMSE is chosen to be the appropriate one for
forecast. Then the regression model is applied. The method is tested on several
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freeways in France and the authors state the eRMSE to lie between 0.05 and 0.20.

The interesting part of the work is the automatic daily independent classification
of the traffic flows. In other works that deal with the problem of historical traffic
time series the classification is done manually. In Fig. 3.6 the results can be seen
for a particular detector location. A reason for the number of exactly 4 classes is
not given, so it could make sense to investigate other classifications.

In [Lamboley et al., 1997, van Iseghem and Danech-Pajouh, 1999] a traffic forecast
method for urban traffic is presented. The test network is composed of the east
half of the Boulevard Peripherique and a part of the Paris urban network in
France. The data of the years 1992 to 1994 are used to forecast several days of
the year 1995. To characterise the traffic four indicators are introduced:

• indicator of mean flow,

• indicator of travel time,

• indicator of fluidity of the velocity in regard to free flow traffic,

• indicator of delay of the velocity in regard to free flow traffic.

All of the indicators are composed of the traffic values flow and the occupancy.
By using these indicators standard days are identified. After studying the hourly
variation in traffic annual and daily periods are specified. A distinction is made
between three groups of days: weekdays (outside summer holidays), Saturdays
(outside summer holidays), and Sundays (outside summer holidays). On the basis
of the daily and hourly variations in flow curves the authors decide to divide the
year into three periods:

• school term time: September to March,

• school term time with many disturbances due to a large number of public
holidays,

• summer holidays (July and August).

The day is divided into five periods:

• night: 21:00 to 4:00,

• build up: 5:00 to 7:00,

• morning peak: 8:00 to 11:00,

• afternoon: 12:00 to 15:00,

• evening peak: 16:00 to 20:00.



46 Methods of Forecasting Traffic: State of the Art

In the first step only those days without exogenous events (bad weather, strikes,
demonstrations, or public holidays) are investigated. To forecast the traffic flow
on the basis of the daily and hourly variations in flow curves the following multiple
regression equation is proposed to forecast the traffic flow one Ĵp,j+1,t and two

Ĵp,j+2,t days in advance, respectively:

Ĵp,j+1,t = a + bJp,j−1,t + cJp,j−6,t + dS + eD + fL + gH + hE , (3.80)

Ĵp,j+2,t = a + bJp,j−1,t + cJp,j−5,t + dS + eD + fL + gH + hE , (3.81)

where

Ĵp,j+1,t forecast flow at the day j for the day j + 1 for the periods p and t,

Ĵp,j+2,t forecast flow at the day j for the day j + 2 for the periods p and t,
Jp,j−1,t measured flow of the previous day j − 1 during the periods p and t,
Jp,j−5,t measured flow five days before (j − 5) during the periods p and t,
Jp,j−6,t measured flow six days before (j − 6) during the periods p and t,

p period of the year (three modalities),
t period of the day (five modalities),
j day the forecast is calculated,
S binary variable for Saturday,
D binary variable for Sunday,
L binary variable for Monday,
H binary variable for all public holidays,
E binary variable for the day before and the day after

all public holidays and the period between 1st and 14th of August.

The parameters a, b, c, d, e, f, g, h are coefficients in the equation that have to be
empirically determined.
In a second step the effects of exogenous events like weather and strikes are studied
but it is not clear, how the results are implemented in the forecast procedure.
The authors give the mean relative error eMRE forecasting the traffic flow to be
frequently less than 0.1, whereas it is 0.15 to 0.2 in forecasting the indicator of
delay.
To fill forecast traffic data into a macroscopic traffic simulation model, Meißner
[1998] needs forecast traffic values of the flow and the velocity. For this two
models are used. The first one is a linear regression method. A regression line is
calculated through the most recent measured data minimizing the distances to
the data points. For future values the line is used as a forecast.
The second one is a heuristic based method. The days are classified in certain
groups with similar traffic flow. Because for this work very few data are available,
the average flow and velocity of only three working days is used as a typical traffic
time series for working days. Furthermore the resulting time series is smoothed
intensely, but the author does not state over which time interval.
The more interesting part of this work are considerations about pattern matching
in regard to changes of certain peaks within a special class. The point in time
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of special phenomena like morning peak or afternoon rush hour can differ from
day to day. In the same manner traffic time series with similar characteristics can
differ in their absolute values.

This is why an approach is presented that should move the classified time series
along the abscissa and the ordinate in such a way, that it is in good agreement
with the recently measured values. Therefore, for each time series a regression
line is calculated at each time step t for the N most recent values. The slope
of this line is taken as the slope at the time step t1/2 = t − N/2. As measure
for the agreement of the classified with the current traffic time series acts the
absolute difference of the slopes at time step t1/2. This difference is minimised
moving the classified time series along the abscissa, that means along the time.
The author states, that if this movement is too large, the classified time series is
not typical for the particular day. The proposed limit for this method is given as
approximately one hour and thirty minutes.

If the minimum is found the classified traffic time series is shifted along the
ordinate until the traffic values are in agreement. For traffic forecasts this shifted
classified traffic time series is used.

The author compares the two methods calculating one hour forecast in regard to
the real time. Unfortunately the number of values used for each regression is not
given. To compare the forecast traffic time series with the measured one the mean
absolute error eMAE is used for both flow and velocity and the mean error eME

is used for the flow. Using these quality measures, the heuristic based method
seems to be superior, but as the author embeds both methods in his simulation
framework, the linear regression method seems to be more adequate. The author
ascribes this to the effect, that the current traffic time series does not follow the
classified one in case of unexpected strong deviations in the measured values.

For this reason, in many works classified traffic time series are combined with
regression techniques. It is quite remarkable, that in most cases the historical
traffic time series are only used for long term forecasts, whereas for short term
forecasts those methods are preferred, that use the most recent traffic data. A
large part of the following section describes works dealing with this problem.

For completeness, some more interesting works about heuristics and knowledge
based systems in regard to traffic forecast should be mentioned. Classified traffic
time series from past experiences are also presented in [Chadenas and Kirschfink,
1999, Czuka et al., 2000], in [Leerkamp, 1999] for urban traffic, for link travel
times in [Hounsell and Ishtiaq, 1997, Roozemond, 1997], and for the special case
of construction areas in [Beckmann and Zackor, 2001, Laffont et al., 1996, Ober-
Sundermeier, 2003]. In [Davis and Yang, 2001, Yang and Davis, 2002] theoretical
investigations about the uncertainty in forecasting traffic with monthly, weekly,
and day of week changes are made.
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3.5 Combined Methods

In the previous sections many forecast methods are mentioned. So, the idea to
combine those methods to enhance the forecast result is straight forward. Whereas
in [Faouzi, 1999] a fundamental combination of different forecasts for the same
data is discussed, the forecast results of different works have shown, that the
feasibility of a forecast method depends on the forecast horizon. Whereas low
order ARIMA time series models are feasible for short term forecasts, heuristics
in form of historical traffic time series are the only way to forecast the traffic state
with a horizon of hours up to days. In the next section works are described that
deal with that problem. Thereafter works are mentioned, where several methods
are combined in a different way.

3.5.1 Combining Short and Long Term Forecasts

The basic idea to combine the current value with a historical value is already
mentioned at the end of the work of Leutzbach and Siegener [1974]. The authors
shortly describe a method for short term forecasts up to one hour. Starting from
the long term forecast value they add a correction value. This correction value
is calculated from the most recently measured values, whereby a linear and an
exponential model is compared.

This approach in combining long term estimates with actual measures is again
later used by Siegener and Schmitt [1980]. The authors use the traffic flow data
of three loop detectors in the Rhein-Main Region, Germany. They analyse the
data during the years 1973 until 1976 to forecast the interval 1977/06/01 until
1977/09/30.

The forecast value Ĵh,w(t) of the tth weekday w and hour h is calculated as the
sum of the long term estimate J ∗

h,w(t) and a correction addend dh,w(t):

Ĵh,w(t) = J∗
h,w(t) + dh,w(t). (3.82)

The long term estimate J ∗
h,w(t) is directly token from the model of Leutzbach

and Siegener [1974] (see Sec. 3.4 on page 38). The correction addend dh,w(t) is
calculated using the differences of the most recently measured data Ji,w(t) to the
long term estimate J ∗

i,w(t) for all hours i of the forecast day up to the hour h− 1
(i = 1, 2, ..., h − 1):

di,w(t) = Ji,w(t) − J∗
i,w(t). (3.83)

Then, dh,w(t) is calculated using the exponentially smoothed values di,w(t) (see
Eq. 3.18) with the smoothing constant α. To find the optimal value for α the au-
thors calculate several forecasts with different α and chose the one (α = 0.3) with
the smallest relative root mean square error eRRMSE. They state that deviations
of α only lead to a small influence of eRRMSE.

The authors give the eRRMSE for one week forecasts from 1977/06/01 until
1977/09/30 between approximately 0.2 until 0.25. Furthermore they state, that
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the mean forecast errors have not always been smaller than the long term esti-
mates.
Finally, the model is used to generate short term forecasts of an interval of 5,
15, 30, and 60 min. At this point it has to be mentioned, that in the work even
the long term and the one week forecasts are calculated for 5 min and 15 min
intervals as well. But therefore only a linear approximation between the hourly
values is used. The authors give the eRRMSE for the forecasts between 0.129 and
0.244.
Zackor [1976] develops an algorithm for traffic control facilities, that includes
among others a model for cross section based short term traffic forecasts. As the
forecast value acts the traffic density ρ. The forecast is based on an analysis of the
traffic density in a time interval TA. Within this interval the density is detected.
Then a line ρ(t) is calculated using linear regression through the measurement
points. The regression line can be described with a few parameters:

ρ (t) = ρ2 +
ρ2 − ρ1

TA
t, (3.84)

with −TA ≤ t ≤ 0 and

t time,
ρ1 traffic density at the beginning of the regression line,
ρ2 traffic density at the end of the regression line.

The parameters ρ1 and ρ2 have to be quantified using the regression and comply
to estimations of the densities at the beginning t0 − TA and at the end t0 of the
analysis time interval:

ρ (t = −TA) = ρ(t = t0 − TA) = ρ1 (3.85)

ρ (t = 0) = ρ(t = t0) = ρ2 (3.86)

Because the author states that the function ρ(t) should fulfill the following con-
straints, if it is used for forecast (t > t0):

• continuously differentiable transition at the point t0,

• convergence against an expectation ρE,

the following function for t > t0 is proposed:

ρ (t) = ρ∗1 (t) + ρ∗2 (t) + ρ∗3 (t) , (3.87)

that consists of the following three addends:

ρ∗1 (t) = [ρ1 − ρ2] e
− t

TA , (3.88)

ρ∗2 (t) = 2ρ2 − ρ1, (3.89)

ρ∗3 (t) = [ρE + ρ1 − 2ρ2]
[
1 − e−λt2

]
. (3.90)
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Here λ is a damping coefficient.

This forecast function is calculated for m time steps tp,j:

tj = t0 +
jTP

m
, (3.91)

with j = 1, 2...,m, the length of the whole forecast interval TP, the number of all
single forecast intervals m, and the index j.

The expectation ρE of the traffic density is calculated from the expectation of the
traffic flow using a fundamental diagram. If the density is too high, a congestion
occurs and the traffic states are adjusted. The algorithm is tested in the Rhine-
Main region in Germany and the author recommends for the analysis time interval
TA = 10 min, the whole forecast interval TP = 30 min, and the partition into
m = 10 intervals each.

By Stephanedes et al. [1981] the following approaches to combine the historical
traffic flow Jhist,t with the current measurement Jcur,t to calculate one-step-ahead

forecasts Ĵt for time step t of minute aggregated urban traffic flows are investi-
gated:

Ĵt = Jhist,t + γ [Jhist,t−1 − Jcur,t−1] + [1 − α]
t−1∑
s=0

αs [Jcur,t−s−1 − Jhist,t−s−1]

+γ [1 − α]
t−2∑
s=0

αs [Jcur,t−s−2 − Jhist,t−s−2] , (3.92)

Ĵt = γ1Jcur,t + [1 − γ1]

[
µ̂0α

t + [1 − α]
t−1∑
s=0

αsJcur,t−s−1

]
, (3.93)

Ĵt = a0 + a1Jcur,t + a2 [Jcur,t − Jcur,t−1] + a3

[
N∑

k=1

Jcur,t−k/N

]
. (3.94)

Here γ, γ1, α, αs, αt, µ̂0, a0, a1, a2, N are several parameters that have to be cho-
sen according to the particular model. The authors call the methods UTSC-2
(Eq. 3.92), UTSC-3 (Eq. 3.93), and Eq. 3.94 is the approach proposed by the
authors. What is meant with historical data and how Jhist,t is calculated is not
explained in detail. The authors test traffic flow time series collected at six loca-
tions in the Minneapolis-St. Paul metropolitan area from October to December
1979. One minute and five minute forecasts are investigated, whereby for the
five minute forecasts the one minute data is just aggregated to five minutes and
the algorithms are the same. Forecasts are calculated and compared with the
measured data using the mean square error eMSE and the mean absolute error
eMAE for several parameters. The results are compared among the combinations
in Eqs. 3.92 – 3.94 as well as with the historical value Jhist,t and the current value
Jcur,t alone.

As a result the authors state, that for the 5 min forecast the historical value
as well as the UTSC-2 algorithm provide the best forecasts. For the one minute
forecast the Eq. 3.94 with the parameters (a0, a1, a2 = 0, a3 = 1), what is exactly
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the moving average model (Eq. 3.13), provides the best forecast results. The
approaches presented here show, that simple time series models provide suitable
results especially for very short forecast horizons like the one-step-ahead forecast
for minute aggregated traffic data. With a growing forecast horizon, in this case
for 5 min, historical values improve the results.

In [Kim, 1994] two forecast models are developed and evaluated: a link based
model and a network based model. The link based forecast model has two com-
ponents. One component is an ARIMA time series model based on the most
recently measured traffic data. The other component is the smoothed historical
traffic flow for the same period as obtained from previous days. These two com-
ponents are combined to represent the dynamic fluctuations in the traffic flow
behaviour. The combination is designed to calculate the forecast traffic flows for
a maximum forecast horizon of 30 min, divided into 6 min time intervals.

The second model is a network based forecast method that combines current
traffic, historical average, and upstream traffic. Three strategies are developed
for traffic forecast: a combination of historical average and upstream traffic, a
combination of current traffic and upstream traffic, and a combination of all
three variables.

The three models are evaluated through regression analysis and the author found
the third model as the most applicable. The developed models are applied to real
freeway data in 15 min time interval measured by regular inductive loop detectors.
The author concludes, that the forecast models are capable of producing reliable
and accurate forecasts under congested traffic condition and that the system
perform better in the 15 min range than in ranges of 30 min or 45 min.

Wild [1997] describes a forecasting method for traffic flow at cross sections (see
also [Wild, 1996]). As database act 16 inductive loop detectors placed in Cologne,
which measure 90 s aggregated data of the traffic flow. The data are recorded at
53 days of the years 1993 and 1994. The measured raw data are transformed into
9 min time series by adding up 6 values of the 90 s cycles. Missing values are
interpolated using an average of the adjacent values. The resulting 9 min time
series is transformed using the following procedure.

Fig. 3.7. To filter only the crucial peaks out of a noisy traffic time series, in [Wild, 1997]
it is transformed into a polyline. Thereafter each peak is considered as an object.
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Assuming that the critical patterns from the point of view of forecast are trend
changes and peak values, first all extrema of the time series are determined and
are interpreted as piece wise linear trend lines. In subsequent passes unimportant
short and steep peaks are cut. Therefore, starting at the beginning of the traffic
time series, each three adjacent values are considered and it is tested, whether
the median can be smoothed. As criterion act a horizontal and a vertical limit.
The results of the transformation algorithm can be seen in Fig. 3.7.

The resulting polyline or pattern is represented as a doubly connected list of
objects. Each object corresponds to one change point of the time series and is
connected to the previous and the next change point. After this, the resulting
polylines are arranged into groups (see Fig. 3.8) with several clusters. There-
fore the polylines are subdivided considering the different days of the week pat-
terns and site specific information like fair, shopping Saturday, or event in the
sportshall.

Fig. 3.8. The pattern classification with day groups and conditions from the Cologne
field trial. The picture is stemming from [Wild, 1997], where the groups are contained
with a pattern matching algorithm.

In doing so, for each polyline is tested, whether a group of the same day and
conditions already exists. If such a group does not exist, it will be created and
a new cluster will be filled with this archetypal pattern. If a group exists, the
new pattern will be compared with all present patterns from the group. This
pattern matching is based on the maximal vertical difference between patterns.
If the maximal difference to the best matching pattern is small enough to satisfy
the clustering criterion, the patterns belong to the same cluster. Then, some
characteristics of the new pattern are included in the objects of the representative
pattern for the cluster and the new pattern is discarded. If there are significant
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differences, a new cluster is created with the new pattern as a representative.
In order to forecast historical pattern, the detected and transformed patterns are
matched with the historical patterns in the data base. Therefore current condi-
tions are used, coming either from the operator or from an event calendar. Then,
the same similarity based pattern matching as used for classification performs
the final choice.
Finally, the current and the historic data are both used to forecast the future
traffic flow. Thereby it is considered, that the current data have a large influence
for short forecast horizons, whereby with a growing horizon the influence of the
historical data increases. The following equation fulfills this condition:

Jprog(tp) = Jhist(tp) + k∆J(t0), (3.95)

with
∆J(t0) = Jcur(t0) − Jhist(t0),

k =

{
η
[
1 − th

thmax

]
, if 0 < th ≤ thmax,

0, if th > thmax,

th = tp − t0.

Thereby is

Jprog(tp) =̂ forecast traffic flow,
Jhist(tp) =̂ historical traffic flow,
Jcur(t0) =̂ most recently measured traffic flow,

t0 =̂ point in time the forecast is calculated,
tp =̂ time of the forecast traffic flow,

η and thmax =̂ parameters to be chosen.

To evaluate this method, the database is filled up with data of 6 loop detectors of
42 days of the years 1993 and 1994. Then the traffic data of 10 days in March 1994
is forecast for three forecasting horizons (270 s, 900 s, and 3,600 s). To quantify
the difference between the forecast and the real data, different quality measures
are used and the results are compared with the 3 value moving average model
and the naive forecasting model. The results can be seen in Table 3.1.
Unfortunatly the database is very sparse, but it can clearly be seen, that for longer
forecast horizons the combinated method outperforms the other ones. For very
short term horizons the naive forecast model and the moving averages outperform
the proposed method. So it has to be investigated, whether the method in Eq. 3.95
can be improved or the parameters could be chosen in another way.
A similar method in combining short term traffic forecasts with historical data
is used by Matsumura et al. [1998]. The authors propose a travel time forecast
method that is based on statistical values and their differences to current mea-
sured link travel times. The forecast travel time T̂ (t, n) of a link at the nth point
ahead from the present time of day t is calculated as follows:

T̂ (t, n) = Ts(t + n) + Fn(D(t)), (3.96)
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horizon Wild µt naive
eMAE [veh/min]

270 s 1.56 1.47 1.38
900 s 2.05 2.07 2.04

3,600 s 2.66 3.73 3.69
eRMSE [veh/min]

270 s 2.07 1.92 1.84
900 s 2.67 2.74 2.72

3,600 s 3.49 5.11 5.07
eMRE

270 s 0.1460 0.1344 0.1276
900 s 0.1870 0.1798 0.1773

3,600 s 0.2363 0.2723 0.2694
eRMSEP

270 s 0.15 0.14 0.13
900 s 0.19 0.18 0.18

3,600 s 0.24 0.33 0.33

Table 3.1. Comparison of the forecast results for three forecast horizons using the model
proposed by Wild [1997] (Wild) with results of the 3 value moving average model (µt,
see Eq. 3.13) and the naive forecasting model (naive, see Eq. 3.12).

with

Fn(D(t)) =

{
[Cset−n]D(t)

Cset
, if Cset − n > 0,

0, else,

D(t) = Tc(t) − Ts(t),

thereby is

Ts(t + n) statistical travel time of the link at the nth point
ahead from present time of day t,

Cset forecast point from which the added or subtracted
value of the difference begins to become 0,

Tc(t) most recently measured travel time
of the link at present time of day t.

As the statistical travel time Ts(t) act the arithmetic mean of the travel times of
the link at a time corresponding to the present time of day t.

Travel time forecasts are calculated in 5 min intervals for a test area around
Osaka, Japan. The travel times are collected at 12 weekdays between 1997/09/09
and 1997/10/02 for the statistical analysis and at 8 weekdays between 1997/10/06
and 1997/10/17 for the verification of the forecast algorithm.

To measure the travel times three methods are used:

• estimating the travel time of each link based on data obtained from presence
type vehicle detectors,
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• calculating the difference in the passage time of one and the same vehicle
at multiple points by using a video detection and image processing system,

• calculating the difference in the passage time of one and the same vehicle
at multiple points by using the two way communication function of infrared
beacons.

The authors use mainly the vehicle detector data because there is an insufficient
number of vehicles with a two way communication function and there is also
a limited number of video detection devices. On each day travel time data are
collected from about 6:30 to about 20:00. The authors state the mean relative
error eMRE to be 0.114 and conclude, that this method is “adequately practicable
as an input to dynamic root guidance systems”.

Iwasaki and Saito [1999] combine an autoregressive model, whose parameters
are estimated using a Kalman Filter, with historical traffic patterns to forecast
velocities up to an hour. The traffic data is collected from an east bound of the
Tomei Expressway section located in the western suburb of Tokyo, Japan. At
this motorway section, vehicle detector stations were set up about each 2 km
that measure 5 min aggregated data of flow, mean velocity and occupancy on
each lane.

The proposed equation that combines both methods is the convex combination

v(t + 1) = [1 − β] vAR(t + 1) + βvhist(t + 1). (3.97)

The forecast velocity v(t+1) at time step t+1 is the sum of the velocity obtained
using the autoregressive model vAR(t + 1) weighted with 1 − β and an historical
velocity vhist that is weighted with β. The historical velocity is obtained using
the mean of data collected for about 3 years. The data is classified by each day
of the week for each detector. Nevertheless the authors state that the result of
statistical tests advise a 3 type classification. Those are weekday, Saturday, and
holiday patterns.

The authors apply the model on forecast horizons from 10 min to 60 min in
10 min steps and for parameters β from 0 to 1 in steps of 0.1. The results are
compared among each other using the root mean square error eRMSE. The lowest
value of eRMSE is reached for the 10 min forecast with β = 0.1. With an increasing
forecast horizon the better results are received with an increasing β. For a forecast
horizon of 60 min best forecasts are received with β = 0.6.

In a same manner Rice and van Zwet [2001] use a linear combination of current
and historical travel time data for one-step-ahead and 60 min forecasts of 5 min
aggregated traffic data. From the distance and the velocity data of 116 single loop
detectors along 48 miles of the Interstate 10 near Los Angeles, USA, the travel
times are approximated.

The work affirms again that for short horizons a combination of the most recent
measured values provides suitable results, whereas for longer horizons models
that include historical data work better.



56 Methods of Forecasting Traffic: State of the Art

3.5.2 Other Combinations

In [van der Voort et al., 1996] a hybrid method called KARIMA is proposed for
one-step-ahead forecasts of 30 min aggregated flow rates for southbound traffic
during the months July and August of the years 1984 until 1990 from four count-
ing stations near Beaune, France. The data are the same that are used by the
ATHENA model (see Sec. 3.4 on page 43) and later by the ARIMAX model (see
Sec. 3.1.3 on page 18). The test field can be seen in Fig. 3.2.
The difference between the KARIMA and a usual ARIMA method is, that the
KARIMA model applies the ARIMA method not to all the data, but first clusters
the data into several groups like days of the week. Then an ARIMA model is
applied to each cluster on its own.
At first the authors try to arrange the cluster manually dividing the data sets in
the months July and August as well as in workingdays and weekends. Comparing
the results with those of the ATHENA model it comes out, that the ATHENA
model is the superior one. Thus, the authors conclude that a better way of clus-
tering is needed.
This clustering is fulfilled with a Kohonen self-organizing map [Kohonen, 1995],
which is a special kind of a neural network. It consists of just two layers: a linear
input layer which is wholly connected to the second layer, the map, via weighted
connections. When a vector of input data is fed into the input layer, each of the
neurons in the map is stimulated and the neuron with the highest activity is
awarded the status of winner and its connection weights are increased.
First the authors test a 20×20 square grid structure of neurons. The input vector
contains the following 16 items of data:

• four values for the most recent half hour flow measurements at the four
sites,

• four values for the difference in flow from the previous values of flow,

• a time variable to indicate the half hour,

• seven binary variables, each indicating a different day of the week.

In doing so, the trained map exhibits seven very strong clusters representing the
seven days of the week. Because the authors are hoping to find a more sophisti-
cated clustering criteria, a new data set is created without the binary variables.
The map produced with this data set shows two large clusters and one smaller
cluster. Different methods of splitting up the map into several data sets taking
into account the spatial information and the strength of activity and fitting sepa-
rate ARIMA models for each data set fail to improve the forecast of the ATHENA
model.
As an alternative to a square grid hexagonal maps are tried as an alternative.
The self-organising maps used have 15 rows of 20 nodes each. Again various
combinations of input variables are tested and finally the input vectors contain
12 variables:
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• four values for the most recent half hourly flow measurements at the four
sites,

• a time variable to indicate the half an hour,

• seven binary variables, each indicating a different day of the week.

Unlike the square map, the hexagonal map does not converge on the solution of
producing a cluster for each day of the week. Instead of this there is a cluster with
low activity among a lot of nodes with high activity, so the authors decide to fit
several ARIMA(p,0,q) models to the two groups and find that the best models
have a value of 2 or 3 for p and a value of 1 or 2 for q.
Because the ARIMA model fit better to the group with the low activity neurons,
the authors divide manually the highly activated coordinates into three different
regions of data sets which show better results. Using this distinction into four
classes an ARIMA model is fitted to each class and used for forecast. A 60 min
forecast is computed by just summing two half hourly data points and using the
same method.
The forecast results seem to be as feasible as those of the ATHENA model, but
as the authors conclude, it is not possible to completely automate the process
of fitting the best model, as a manual interpretation of the clusters is needed.
Furthermore the authors point out that the model has been tested only on two
months of data which is not enough to explore long term robustness.
What is basically tried with this method is to replace the k-means clustering
of the ATHENA model, which is a basic approach for automatically classifying
several weekdays, with a neural network. But, as the authors stated, the cognitive
abilities of the neural network are neither good enough to fully automate the
process nor could it basically enhance the classification.
Ma et al. [2001] combine six different forecasting methods with a multi-agent
system. The best three models are picked up and with them the forecasting value
is calculated. Describing the multi-agent system would extend the scope of this
work and especially because also adjacent detectors are used and the results are
not considerably better than with other models, the interested reader is referred
to the original paper. An application of a travel time forecasting model based
on day of week changes that are further analysed with nonparametric regression
techniques is presented in [You and Kim, 2000].

3.6 Comparisons

Most of the methods that are presented so far are compared not only with the
real world measurements but also with other forecast methods. The problem with
this comparisons is, that they are mostly done to show the reliability of the model
evolved by the author. This leads always to the risk of a subjective interpretation.
Furthermore, in most cases a more complex model that is introduced is compared
to one or more simple models such as the naive forecast. In this section those
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works are mentioned, in that the comparison of complex forecast methods is the
focus of the work itself. Unfortunately the number of such works is very limited,
and as we will see the results are not always helpful.
Smith [1995] compares one-step-ahead forecasts of nonparametric regression, his-
torical averages, ARIMA models, and neural networks. Therefore he uses 15 min
aggregated traffic flow data. They are stemming from two sites on the Capital
Beltway in Northern Virginia, USA. The author states, that the nonparametric
regression significangly outperforms the others and uses it for multiple interval
forecasts. The author describes the nonparametric regression model is found to
perform well.
A comparison between ARIMA models, the ATHENA method, and neural net-
works used for one-step-ahead forecasts of half hourly traffic flows is presented
in [Kirby et al., 1997]. The authors use the same half-hourly data of the months
July and August as in the original ATHENA model (see Sec. 3.4 on page 43).
The objective is to forecast the traffic flow at Beaune in Fig. 3.2.
The neural network that is used for forecast is a back-propagation network with
one hidden layer. The input layer is of varying width, depending on the num-
ber of input parameters. The output layer has just the forecast traffic flow as
neuron. The number of nodes in the hidden layer is determined by experiment.
Furthermore a sigmoid transfer function and the delta learning rule is used.

Frequency of eAPE [%]
Forecasting technique 0–20 20+
30 min neural nets 91.5 8.5

ARIMA (Jul) Univariate 97.0 3.0
Multiple 97.1 2.9

ARIMA (Aug) Univariate 95.4 4.6
Multiple 95.5 4.5

60 min neural nets 84.8 15.2
ARIMA (Jul) Univariate 93.6 6.4

Multiple 94.8 5.2
ARIMA (Aug) Univariate 90.5 9.5

Multiple 93.5 6.5
ATHENA 97.5 2.5

120 min ATHENA 89.1 10.9

Table 3.2. Summary of the main performance results of a comparison between the
ARIMA, the ATHENA, and a neural network model for traffic flow forecast. Shown is
the frequency in % with which the absolute percentage error lies within zero and 20 %,
and beyond 20 % (table from [Kirby et al., 1997]).

The authors state that the use of six historical patterns is found in practise to be
the optimum as the improvement using a longer historical look back is negligible.
A description of the approach used to determine the optimum input set is given
in [Dougherty and Cobbett, 1997]. That means that six preceding values of both
the three upstream and the principal measurement site yielding 24 data points
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act as the input layer.

The ARIMA models used in this comparison rely in their simplest form. Un-
fortunately the exact parameters are not given in [Kirby et al., 1997], but it is
described that two models are used. The first is given by a linear function of the
previous Beaune flows through time. It is a univariate procedure. The second in-
cludes a function of historical flows at Beaune together with historical flows from
other upstream points and is a multivariate procedure. Furthermore the authors
decide to treat the months July and August separately to minimise the seasonal
effect within the model.

The results from the models are compared using the frequency of absolute per-
centage errors eAPE (see Table 3.2). As can be seen, neural networks perform less
well than ARIMA time series models when forecasting 30 min ahead, and less
well than both, ARIMA and ATHENA models, when forecasting 60 min ahead.
The ATHENA model provides the best results forecasting 60 min ahead. Fur-
thermore only little improvement is achieved by including the upstream data for
the ARIMA fits.

The authors state, that the training data used is particularly thin for models of
a neural network type so the poor performance is not surprising. They conclude
that it is not possible to generalise from the results of this study to suggest which
approach may be best in all circumstances because the arguments may be affected
by characteristics of the chosen data set. Nevertheless, a neural network is again
outperformed by other techniques.

That especially for short term forecasts complex models are not able to show
improvements in comparison to simple parametric regression methods show the
results of Lee and Choi [1998]. The authors compare an ARIMA model, a neu-
ral network, and a Kalman filter to generate one-step-ahead forecasts of minute
aggregated velocity data of the Olympic expressway in South-Korea. The sample
data are collected by an image detector during 10:00 – 12:00 on the 1998/05/17
at the Dongho-Hannam Bridge. The data consist of velocity, flow, and occupancy.

After the process of identification, parameter estimation, and diagnostic checking
the authors decide to use an ARIMA(2,1,0) model. The neural network used in
this work is a feedforward network with a sigmoid transfer function. It consists of
one input layer with one neuron, two hidden layers with 6 neurons each and one
output layer with the forecast velocity. As input unit serve the velocity, flow, and
occupancy data for the last 30 minutes. To train the network a back propagation
delta learning rule is used.

For the comparison the mean relative error eMRE, the mean square error eMSE,
and the equality coefficient Cequal is used. The results can be seen in Table 3.3. Al-
though the authors state, that the Kalman filtering model shows slightly superior
results to the other techniques, it is very bold to speak about an improvement of
the forecast. The observed time interval is very short, and the observed velocity
is fluctuating around a nearly constant value, as can be seen in Fig. 3.9.

In this work several raw data are given that can be seen in Table 3.3. Thus, the
forecast performance is compared with the naive forecasting model (Eq. 3.12), the
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time vobserved vforecast [km/h]
[km/h] neur. network Kalman ARIMA naive st µt

10:31 77.30 77.99 79.20 76.72 – – –
10:32 81.70 77.51 77.94 76.09 77.30 77.30 77.30
10:33 78.20 76.37 80.26 78.59 81.70 78.18 79.50
10:34 77.90 75.99 78.95 79.39 78.20 78.18 79.07
10:35 78.60 76.95 78.27 78.74 77.90 78.13 78.78
10:36 76.00 78.86 78.48 78.25 78.60 78.22 78.74
10:37 80.10 75.60 76.82 77.38 76.00 77.78 78.28
10:38 76.40 79.14 79.44 78.21 80.10 78.24 78.54
10:39 78.00 77.16 77.47 77.77 76.40 77.87 78.28
10:40 79.60 78.02 77.81 77.78 78.00 77.90 78.24
10:41 81.90 76.66 78.98 78.36 79.60 78.24 78.38
10:42 81.50 76.77 80.84 80.26 81.90 78.97 78.84
10:43 73.20 76.87 81.23 81.29 81.50 79.48 78.82
10:44 73.70 78.09 76.07 78.10 73.20 78.22 78.32
10:45 78.00 76.79 74.50 75.00 73.70 77.32 77.90
10:46 82.50 77.35 76.82 75.40 78.00 77.45 77.84
10:47 77.30 77.41 80.28 79.06 82.50 78.46 78.49
10:48 76.60 75.89 78.39 79.46 77.30 78.23 78.21
10:49 80.80 78.71 77.20 78.00 76.60 77.90 78.23
10:50 76.30 76.55 79.40 78.49 80.80 78.48 78.51
10:51 82.10 75.29 77.32 78.11 76.30 78.05 78.18
10:52 79.60 77.00 80.30 79.59 82.10 78.86 78.20
10:53 80.50 77.97 79.85 79.94 79.60 79.01 78.01
10:54 81.00 76.69 80.27 80.46 80.50 79.30 78.74
10:55 85.00 77.30 80.75 80.54 81.00 79.64 79.47
10:56 80.70 76.59 83.36 82.58 85.00 80.72 80.17
10:57 83.10 77.12 81.63 82.43 80.70 80.71 79.99
10:58 79.50 75.80 82.54 82.53 83.10 81.19 80.57
10:59 77.20 78.08 80.64 81.13 79.50 80.85 80.86
11:00 82.10 76.83 78.35 79.23 77.20 80.12 80.50

Forecast Errors

eMRE 0.0392 0.0339 0.0321 0.0386 0.0292 0.0303
eMSE 13.8230 9.9265 10.2922 12.9924 8.1247 8.1255
Cequal 0.9762 0.9801 0.9797 0.9773 0.9820 0.9820

Table 3.3. Comparison of different forecasting models for one-step-ahead forecasts of
velocities. The observed velocities vobserved as well as the forecasting results of a four layer
feedforeward neural network, a Kalman filter, and an ARIMA(2,1,0) model are stemming
from [Lee and Choi, 1998]. The forecasts of the other techniques are starting at 10:32,
because the observed data from 10:00 until 10:30 are not given in [Lee and Choi, 1998].
All of the three complex methods are outperformed by an exponential smoothing model
with α = 0.2 (st) and an 11 minute moving average model µt. Even the naive forecasting
model shows better results than the neural network.
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Fig. 3.9. Comparison of a four layer feedforeward neural network, a Kalman filter, and
an ARIMA(2,1,0) model as one-step-ahead velocity forecast methods by Lee and Choi
[1998]. It seems that the velocity fluctuates around a mean value and that no model
stands out in forecasting those fluctuations.

exponential smoothing model (Eq. 3.18) with α = 0.2, and the moving average
model (Eq. 3.13) with N = 11. The results are shown in Table 3.3 as well. As one
can see, the moving average as well as the exponential smoothing model clearly
outperform the more complex forecast methods. Furthermore, the naive forecast
model shows better results than the neural network. Note, that the more complex
forecast methods also use the data from 10:00 until 10:31 that are not given in
[Lee and Choi, 1998] and thus could not be used here for the other techniques
(thus, there is even no forecast for 10:31 in Table 3.3).
For completeness it has to be mentioned, that Lee et al. [1998] present a similar
comparison of a multiple regression, ARIMA, Kalman filtering, and neural net-
work model for velocity forecasts with different forecast horizons. Unfortunately
many details are not given, so it is hardly possible to reconstruct the method in
detail especially because they also use adjacent detectors.
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Chapter 4

Traffic Data of Inductive Loop

Detectors

“The whole thing is a number.”

Pythagoras of Samos

(∼ 569 – 475 B.C.), Greek mathematician and philosopher

In this chapter some main aspects of the traffic data that are used in this work
are described. The understanding of the data source, how the data are acquired,
how they are aggregated, and how they are transmitted to the final database from
where they are extracted for further analyses is an essential part of the scientific
work. Otherwise measurement errors as well as artifacts that are generated by
the control unit can lead to physical misinterpretations.

4.1 Acquisition of Traffic Data

The data used in this work are stemming from so called inductive loop detectors,
often also called presence detectors, in North Rhine-Westphalia (NRW), a federal
state of Germany. A loop detector is the inductive part of a series LC-oscillator
buried in one lane of the street. In NRW there are two different kinds of loop
detectors, detector type 1 and detector type 2. The measures of the different
types can be seen in Table 4.1, a schematic sketch of the detector geometry is
given in Fig. 4.1.

If a vehicle passes the circuit the inductance decreases and the frequency of the
circuit increases. A signal can be measured, as it is illustrated in Fig. 4.2. In this
way the traffic flow follows directly from the number of signals in a given interval,
in this case 1 min. With two loop detectors in a row the velocity can be calculated
with the time between two peaks and the distance of the loop detectors. From
the time the detector is covered in one minute directly follows the occupancy.
The characteristics of the curve give information about the kind of the vehicle.

63
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detector type 1 2

Lloop [mm] 2500± 5 1000± 5
Lgap [mm] 1500± 5 1500± 5
L [mm] 4000± 10 2500± 10
Dloop [mm] 1600± 5 700± 5
D [mm] 800± 5 350±

Table 4.1. Measures of the two types of inductive loop detectors in NRW.

L

L

L

L

loop

gap

D

D D D D

loop

loop

Fig. 4.1. Geometry of the inductive loop detectors in NRW.
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f

t

Fig. 4.2. Signal f of a lorry with trailer at two loop detectors in a row. The traffic
flow follows directly from the number of signals in a given time interval. From the time
between two peaks and the distance of the loop detectors the velocity can be calculated.
The occupancy follows from the time the detectors are covered.

For details about the mode of operation see the manual of the manufacturer
[Weiss-Electronic, 2001]. An electronic control unit interprets and aggregates the
data in intervals of 1 min. For all the data this calculation is straight forward
except for the velocity. From the distance of the heads of the loops L and the
time between two peaks ti there are two different possibilities to calculate the
mean velocity v.
The first is to use the arithmetic mean of the single velocities:

vvi
=

1

N

N∑

i=1

vi =
1

N

N∑

i=1

L

ti
, (4.1)

the second is to use the distance L divided by the mean time:

vti =
L

1
N

N∑
i=1

ti

. (4.2)

Because 1
N

N∑
i=1

1
ti
≥
[

1
N

N∑
i=1

ti

]−1

it holds

vvi
≥ vti . (4.3)

The difference between both definitions is that vvi
is the mean velocity in regard

to the number of measured vehicles N , whereby vti is the mean velocity in regard
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to the period of the measurement. This definition is equivalent to the sum of the
single velocities weighted by the part of the time the vehicle is located between
the two detectors, as it is shown in the following:

vti =
L

1
N

N∑
i=1

ti

=
NL
N∑

i=1
ti

=
t1

N∑
i=1

ti

L

t1
+ ... +

tN
N∑

i=1
ti

L

tN

=
t1

N∑
i=1

ti

v1 + ... +
tN
N∑

i=1
ti

vN . (4.4)

That provides an obvious interpretation of Eq. 4.3. A low velocity has more
influence on vti because the vehicle needs more time to pass the detector. Because
vti is more sensible to measurement errors for small velocities, vvi

is used as the
minute aggregated velocity.
All eight minute aggregated values that are provided by the electronic control
unit can be seen in Table 4.2. The traffic data fulfill the standard according to
the TLS-norm [Bundesministerium für Verkehr, 2000].

data description unit and systematic error in interval
resolution

Jveh flow of [veh/min] ∆Jveh < 20 % Jveh ≤ 10 veh/min
all vehicles ∆Jveh < 10 % Jveh > 10 veh/min

Jlor flow of [veh/min] ∆Jlor < 35 % Jlor ≤ 10 veh/min
lorries ∆Jlor < 20 % Jlor > 10 veh/min

vpc velocity of [km/h] ∆vpc < 3 km/h vpc ≤ 100 km/h
passenger cars ∆vpc < 3 % vpc > 100 km/h

vlor velocity of [km/h] ∆vlor < 3 km/h vpc ≤ 100 km/h
lorries ∆vlor < 3 % vpc > 100 km/h

th time headway [10−1s] – –
ρrel occupancy [10−2] – –
σ(v) standard deviation [km/h] – –

of the velocity
vexp exponential smoothed [km/h] – –

velocity

Table 4.2. Traffic data provided per lane and per minute by the loop detectors in NRW
with a systematic relative error in a given interval. For all data one byte is used. The value
255 indicates an measurement error. This standard is given according to the TLS-norm
[Bundesministerium für Verkehr, 2000]

These traffic values offer minute per minute information about the current traffic
state. Nevertheless not all of the values are of the same use. The time headway
th is the time that lies between two vehicles that pass a detector. This time can
be calculated in an easy way from the flow Jveh and the occupancy ρrel:

th,calc =
1 − ρrel

Jveh
. (4.5)
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So the additional transmission of th only helps to avoid some roundoff errors
calculating th and to detect some measurement errors as can be seen in Sec. 4.2.6.

The exponential smoothed velocity vexp is calculated each minute using Eq. 3.18
with two different smoothing parameters depending on the current value of vexp

[Bundesministerium für Verkehr, 2000]. So it is only a different method of aver-
aging the velocity.
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Fig. 4.3. Schematic sketch of the freeway network of NRW. The locations of the in-
ductive loop detectors are marked with an open rectangle. The density of the detection
concentrate on densely populated regions that are additionally marked. For a better view
the abbreviations “A” instead of the official name “BAB” are used for the name of the
motorways.

Also the standard deviation of the velocity σ(v) (calculated using Eq. 2.10 with
the velocities of each measured vehicle) offers no fundamental new information
on the traffic state. The reason why it is provided each minute lies in the fact,
that peaks of the variance indicate major changings in traffic states. This is why
the variance or standard deviation has been proposed in the past to be used as
a forecaster of traffic congestions [Kühne, 1984, 1987, 1991]. But it could not be
affirmed, that variations in the velocity come before the formation of a congestion
(see also [Ferrari, 1988a,b, 1989]) and algorithms that use this assumption are
not able to detect congestions before they appear [Grunewald, 2001, Hoops et al.,
2000].

So the traffic data that is essential for this work are the minute aggregated values
of Jveh, Jlor, vpc, vlor, and ρrel. From the given data the traffic flow of passenger
cars

Jpc = Jveh − Jlor (4.6)
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can be calculated as easily as the mean velocity of all vehicles

vveh =

{
Jpcvpc+Jlorvlor

Jveh
, if Jveh > 0 veh/min,

N/A, else.
(4.7)

Here, N/A means “Not Available” because no velocity can be measured in case
of Jveh = 0 veh/min. Data can be N/A for many reasons. Most of them are
measurement errors, such as discussed in Sec. 4.2.
The data are collected systematically in the database that is used for this work
from 2000/10/05 on. About 4,500 loop detectors are placed on German motorways
in the state of NRW (see Fig. 4.3). The exact number changes during the years
2000 until 2004 because the network is in permanent extension. For the day of
the 2004/05/31 holds, that 4,480 loop detectors are arranged in 2,440 direction
depending cross sections.

University of Duisburg−Essen

Recklinghausen
TCC Leverkusen /

subcentral

road station

loop detector

Fig. 4.4. The data transfer from the loop detectors to the University of Duisburg-Essen.
From the inductive loop detectors the data are transmitted via the road station to some
of several sub centrals, from there to one of two traffic control centers in Leverkusen and
Recklinghausen, and finally to the university Duisburg-Essen, where the data is stored
in the database.

All the data are transmitted to some of several sub centrals, from there to one
of two traffic control centers, and finally to the university Duisburg-Essen, where
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the data is stored in the database, that is used for this work (see Fig. 4.4). For
technical details about the transmission to the university see [Kaumann, 2000].
The name of each loop detector consists of the node (4 or 5 digits) the distance (3
digits) and the channel (3 digits). Each set of digits is separated by a hyphen. The
meaning of the node and the distance is not important for this work. The channel
implies the exactly placement on the road, for instance, lane and direction. In
case of cross section based analyses the channel is not given in the text, but the
driving direction. For instance, the loop detector 4092-072-002 is the detector
on the left lane of the cross section 4092-072 in driving direction north of the
motorway BAB 1.
Apart from the given systematic errors in Table 4.2 there are a lot of sources for
measurement errors. The most frequent measurement errors, their impact and
how their influence on further interpretations can be minimised is discussed in
the following.

4.2 Measurement Errors

The systematic errors of the fully functional loop detectors given in Table 4.2
come from the imperfection of the loop detectors together with the electronic unit
that interprets the signal. Apart from that, the geometry of the loops can cause
inaccuracies because of the probability that vehicles pass the detector unmeasured
[Kurkjian et al., 1980]. Since traffic data are measured, the problem how to deal
with incorrect or incomplete data sets is investigated [Wright, 1974].

For this work such inaccuracies are no problem if they are known from the first
and if they are not too large. But because of the large number of loop detector-
data used in this work not every traffic data set can be manually screened for
even obvious measurement errors. Nevertheless there are a lot of damaged loop
detectors or detectors that are off due to construction areas. Furthermore the
long way of the data from the signal to the database can cause different errors,
for instance, because the network goes down or there is a blackout in a traffic
central.

To avoid misinterpretations, in the following essential errors are discussed that
have to be eliminated. Note, here it is only possible to analyse the symptoms,
because there is no information available about the data before they are stored in
the database. Furthermore it is not part of this work to optimise the measurement
process. Nevertheless it is in most cases possible to state the source of the error.

4.2.1 Missing Data

If the network is slow or goes down, one of the two traffic control centers fails, or
the computer with the database fails, data are missing for a while. Apart from
the fact, that in some cases data of days with very interesting traffic conditions
are missing, this is actually no problem. If it is important, that the traffic data
are evenly spaced in time, the data can be checked for gaps before analysis. Then,



70 Traffic Data of Inductive Loop Detectors

only time series without gaps are considered. In this case the number of possible
time series is reduced. To avoid this, the gaps can be filled up with adjacent data
values. Especially for a small number of gaps, this works quite well.

In other cases it is more important to maintain a large time series in a row, and
it only must be ensured that not too many data values are missing, for instance,
if the mean daily traffic is calculated over years like in Sec. 5.2. In this case the
day can be checked for the quantity of missing data.

How errors due to missing data are avoided or in which way the algorithm is
modified is mentioned at the particular calculation. Essential statistics about the
number of days with Nmiss min missing data are given in Table 4.3.

traffic control center Leverkusen Recklinghausen
total number of days 970 970
days with Nmiss = 0 min missing data 679 478
days with 0 < Nmiss ≤ 720 min missing data 261 451
days with Nmiss > 720 min missing data 9 11
days with no data (Nmiss = 1440 min) 21 30

Table 4.3. Statistics about the number of days with Nmiss min missing data from
2000/10/05 to 2004/05/31. In the statistics the data from the traffic control centers
in Leverkusen and in Recklinghausen are distinguished.

4.2.2 Errors Detected by the Sub Central

If for any reason a single value is not detected, the value is set to 255. Furthermore
in each sub central there are some plausibility checks of each minute aggregated
data row. According to [Klukas-Illen and Weiss, 2001] all values of a minute are
set to 255 if

• B(Jveh) = 255 or B(Jlor) = 255,

• B(Jlor) > B(Jveh),

• B(Jveh) − B(Jlor) = 0 and B(vpc) 6= 0 and B(vpc) 6= 255,

• B(Jlor) = 0 and B(vlor) 6= 0 and B(vlor) 6= 255,

• B(Jveh) − B(Jlor) > 0 and B(vpc) = 0,

• B(Jlor) > 0 and B(vlor) = 0.

Thereby indicates B the non dimensional value of the transmitted byte. Further-
more B(ρrel) is set to 255 if B(ρrel) > 100. A validation of the data shows that
none of the conditions above could be observed, except B(ρrel) > 100. 162 detec-
tors provide occupancies from time to time higher than 100 %. To deal with this
circumstance the value of ρrel is checked for this whenever it is needed.
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Fig. 4.5. Frequency distribution of errors detected by the sub central at the 2004/05/31.
Together with 2,569 loop detectors that are completely free of this error more than 1,000
detectors with a small amount of errors offer reliable data. 611 detectors tatally failed at
this day.
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Fig. 4.6. Systematically underestimation of the velocity of passenger cars vpc. Although
no vehicle is measured a velocity of vpc = 0 km/h is transmitted to the traffic control
center. This can lead to systematical underestimations analysing the univariate traffic
time series of the velocity (black line). Setting those values to N/A the time series can
be cleaned and the underestimation avoided (red line).
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In some cases, for instance, if a loop detector is cut off due to a construction
area, the data is even set to 255 for a long time. In a similar way it sometimes
happens, that a detector is replaced by another a few meters up- or downstream.
Because the detector is identified by its location, this means that the former
detector provide permanent values of 255. This happens also to each detector
that is finally disconnected. For the 2004/05/31 holds that 611 loop detectors only
provide values of 255 all day long, whereas 2,569 detectors are completely free of
this error. In Fig. 4.5 the frequency of transmitted values of 255 at the 2004/05/31
can be seen. Because such errors are clearly detected, misinterpretations can be
avoided in the same way as it is done with missing data.

A combination that can lead to misunderstandings and that can unfortunately
not be avoided in the sub central is the transmission of the velocity vpc = 0 km/h
or vlor = 0 km/h, respectively, whenever Jpc = 0 veh/min or Jlor = 0 veh/min. In
Fig. 4.6 it can be seen that this leads to systematical underestimations analysing
the univariate traffic time series of the velocity. Late at night, when no vehicle is
measured, the velocity is also sometimes zero. This mistake can only be avoided,
if the multivariate traffic time series is taken into account.

Then, whenever Jpc = 0 veh/min or Jlor = 0 veh/min, respectively, the corre-
sponding velocities are set to the operator N/A that indicates, that they are not
measured at this time. So the underestimation can be avoided.

4.2.3 Rollback Error

The traffic data from the sub centrals update the data in the central every minute.
Furthermore every minute an image of all data is sent from the two traffic control
centers to the database at the university. In some cases, especially if there is an
incident at the subcentral, the data at the traffic control center is not updated,
and the same data is sent to the database. This leads to the case of the recurring
of the 8 values several minutes in series and this is why the error is called rollback
error.

The time for how long this error appears as well as the frequency can differ.
Fortunately, the error influences the measurements in the same way it can be
detected. A separate single rollback is nearly impossible to detect but influences
the measurement only in the way that a gap in the time series is filled up with
an adjacent value. Large rollback errors due to long term breakdowns of a sub
central, like they are shown in Fig. 4.7, can be detected quite easily, because they
influence the statistics of the time series in a dramatical manner, like it is shown
in [Grunewald, 2001].

To avoid also misinterpretations of short term correlations and the results of
the one-step-ahead predictor of the minute aggregated traffic data, the following
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Fig. 4.7. Rollback error at the loop detector number 7243-003-001 at the 2002/09/30.
Shown is the traffic flow Jveh during the day. This time series has a rollback func-
tion of Rrollback(~q, N) = 0.401, whereas for all further analysis a rollback function of
Rrollback(~q, N) < 0.1 is ensured.

rollback function Rrollback(~q,N) is defined:

Rrollback(~q,N) =

N∑
t=1

C(~q(t), ~q(t + 1))T (~q(t), ~q(t + 1))

N∑
t=1

T (~q(t), ~q(t + 1))

, (4.8)

thereby is ~q(t) the eight dimensional state space vector consisting of the measured
bytes at time step t of a traffic time series ~q with t = 1, 2, ..., N . The test function
T indicates whether the data of two adjacent vectors are available, not zero, and
not 255:

T (~q(t), ~q(t + 1)) =





0, if ~q(t) =
−−→
N/A or ~q(t + 1) =

−−→
N/A or

Jveh(t) = 255 or Jveh(t + 1) = 255 or
(Jveh(t) = 0 and Jveh(t + 1) = 0),

1, else.

(4.9)

Thereby
−−→
N/A is the eight dimensional vector of N/A values. The identity function

C indicates that these vectors are identical:

C(~q(t), ~q(t + 1)) =

{
1, if ‖~q(t) − ~q(t + 1)‖2 = 0,
0, else.

(4.10)

So the rollback function is a measure for the frequency of two identical data
sets in a row apart from other measurement errors. It is obvious that 0 ≤
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Rrollback(~q,N) ≤ 1 and the higher the rollback function the higher is the number
of adjacent identical measurements and so the possibility for rollback errors. The
data that can be seen in Fig. 4.7 has a rollback function of Rrollback(~q,N) = 0.401,
whereas empirical investigations show that a daily traffic time series (N = 1440)
provides reliable results for Rrollback(~q,N) < 0.1. So this condition is ensured for
all time series analysed in this work.

4.2.4 Obvious Errors

Apart from the errors mentioned above some errors appear that are obvious when
one is looking at the graph of a traffic time series, but they are nevertheless hard
to detect among millions of measurements. In Fig. 4.8 (a) such a traffic time series
of a particular loop detector at a day can be seen. Obviously the loop detector
measures for any reason completely unreliable values. Because such unreliabilities
have been a large problem analysing urban traffic data, in [Chrobok, 2000] some
methods are proposed how to detect them.
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Fig. 4.8. (a) Measurement errors of the inductive loop detector number 6133-006-034
at the 2004/01/28. Although the errors are quite obvious when someone is looking at
the graph, it is sometimes difficult to filter them among mass data. (b) Each intact loop
detector measures only values up to the maximum flow of the lane. In this case the
fundamental diagram of the cross section 4348-011 on the right lane (black crosses) and
left lane (red crosses) of a three lane motorway during the second half of the year 2003
can be seen. To avoid the problem of identifying the maximum for each loop detector, a
very high value of Jveh ≥ 80 veh/min is used as an error indicator.

One of those methods is to analyse the frequency distributions of measured data
searching for a maximum value that can be measured. Then the traffic time series
is scanned for data that lies beyond this limit. This method is based on the well
known physical fact (see, for instance, [Leutzbach, 1998]), that a maximal traffic
flow exists. This maximum depends on the capacity of the lane. It can be also
seen in the fundamental diagram in Fig. 4.8 (b).
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Optionally the method proposed in [Chrobok, 2000] can be already used in the
sub central [Klukas-Illen and Weiss, 2001] and the data can be marked with 255
as explained in Sec. 4.2.2. Thereby is the maximum value a parameter that has to
be manually adjusted. Unfortunately an analysis of the traffic data shows, that
this method is not used in all sub centrals. Thus, in this work all traffic time
series that are analysed are checked for the condition Jveh < 80 veh/min, what is
a very high limit also for lanes with high capacities.

4.2.5 Roundoff Errors

In [Chrobok, 2000] there are also some investigations about motorway traffic data
and also some of the data that are used in this work are analysed. Investigating
the probability distributions of velocity functions it has been found, that they are
in good agreement with Gaussian distributed functions. But also peaks have been
found that are in no agreement with naturally probability distribution functions
like the Gaussian distribution (see Fig. 4.9).
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Fig. 4.9. Roundoff errors of the velocity at the loop detector number 4092-072-002.
The probability distribution P (vpc) of measured passenger car velocities vpc from the
2001/01/01 to the 2004/06/31 shows large peaks that can only be explained with roundoff
errors in calculating the integer value of the velocity from the measured time a vehicle
needs to pass the detector. Mistakes can be easily avoided aggregating the data in 3 min
intervals. Then the peaks nearly completely disappear.

This peaks appear mainly for large velocities. Their appearance lies in the fact,
that the velocity is theoretically calculated internally via the time ∆t a vehicle
needs to pass a detector of the given length L mentioned in Sec. 4.1. Then the
velocity is given with an accuracy of 1 km/h. Because ∆t is measured in mil-
liseconds and no floating points for the calculation of the velocity are used, the
velocities in unities km/h correspond to different quantities of ∆t measurements.
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For low velocities this does not matter, whereas for high velocities holds that the
quantity of ∆t measurements for adjacent values can differ drastically. Even more
it can be, that some values could not be measured.

To make this more clear an example is given in the following. Imagine a detector
length of L = 2.5 m. Then, if a time ∆t = 87 ms is measured the velocity is
calculated as v = 2.5 m

0.087 s
3.6 s·km

m·h ≈ 103.45 km/h. So the integer value 103 km/h is
measured. But the next faster velocity that can be measured belongs to the time
∆t = 86 ms and is v = 2.5 m

0.086 s
3.6 s·km

m·h ≈ 104.65 km/h. Rounding off this value
the integer value of the velocity is v = 105 km/h. So there is no possibility of
measuring v = 104 km/h. The higher the velocity the higher is the number of
integer values of the velocity in kilometres per hour that could not be measured.
The only reason, why the value of v = 104 km/h appears in the data set in spite
of this is, that not each single velocity is transmitted but the minute aggregated
velocity (for instance, when two cars of v1 = 103 km/h and v2 = 105 km/h pass
the detector in a minute).

Because of the two possible different detector lengths L the peaks can appear
at different values. Note that not all of the loop detectors behave in this way. It
seems that newer ones use floating point operations internally. In any case this
effect is no problem because the inaccuracy is under the limit given in Table 4.2.
As can be seen in Fig. 4.9, if the data is aggregated in 3 min intervals a smooth
curve appears as expected.

4.2.6 Scaling Errors

Very hard to detect are measurements with a wrong scaling. This means, that one
or more of the measured traffic values of a loop detector are systematically too
low or too high. What makes the detecting even more complicate is when there
is no constant scaling factor, but in a particular region the values are unreliable.

One well known example of this are problems reliably detecting the number of
vehicles that pass the detector in very densely traffic states. Furthermore the
corresponding very low velocity is not detected. The reason therefore is the mea-
surement technique that is based on the movement of the vehicle. That means,
that a vehicle is only measured if it passes the loop detector completely. In every
other case neither the very low velocity nor the vehicle itself is detected. The
traffic flow is under-, the velocity overestimated.

The main effect of this phenomenon is discussed in detail in [Neubert, 2000] and
can be seen in the fundamental diagram if the density ρ is calculated using the
hydrodynamical relationship of Eq. 2.4 (ρ = ρ(Jveh, vveh)). In case of a congestion,
in the fundamental diagram very low flows Jveh at low ρ(Jveh, vveh) are found
like it is shown in Fig. 4.10 (a), instead of ending at the maximum ρmax if the
occupancy ρrel and Eq. 2.7 (ρ = ρ(ρrel)) is used like in Fig. 4.10 (b). Using ρ(ρrel)
instead of ρ(Jveh, vveh) is also the only way to solve this problem. Nevertheless
inaccuracies because of missing very slow vehicles cannot be avoided and in the
extensive literature no method is known how to solve this problem, apart from
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Fig. 4.10. (a) Errors because of movement based measurements. In case of congestion,
the traffic flow Jveh is over-, the velocity vveh underestimated and the fundamental dia-
gram turns back to zero. (b) Using the occupancy ρrel in calculating the density ρ(ρrel)
provides the correct fundamental diagram. How the problem with the vehicles, that are
not detected in the traffic flow can be solved is unfortunately not known.

changing the detection device.

Unfortunately just the occupancy ρrel is the measurement value, that is the most
difficult one to be measured uniformly. To explain this the Fig. 4.2 can help.
Imagine a threshold beyond which the signal is interpreted as a vehicle that
passes the detector. For the measuring of the flow or the velocity changings of
a certain size of this threshold do not matter. But even small changings of the
threshold influence the time, the detector is interpreted as being covered, and in
the same way they influence the measured occupancy.

In Fig. 4.11 fundamental diagrams of two detectors with a distance of a 538 m and
no on- or off-ramps between them are shown. Whereas the densities ρ(Jveh, vveh)
calculated with Eq. 2.4 lie in the same region, the densities ρ(ρrel) calculated with
Eq. 2.7 are in two different regions.

The decision which detector measures wrong occupancies coheres with the choice
of ρmax in Eq. 2.7. So it is even hard to quantify the faultiness of each detector.
For the same reason it is nearly impossible to obtain the real absolute value of
the occupancy.

In many cases as well as in the present work the different scaling of the occupancy
is no problem, because it is considered as a relative quantity. But if the occupan-
cies of two detectors are compared or even spatial correlations are investigated as
done in [Knospe, 2002], the different scaling can lead to completely wrong results.

For all applications or investigations that need comparable occupancies, for in-
stance, in controlling variable message signs, Grunewald [2001] proposes to rescale
the occupancies according to the density that belongs to the maximum mea-
sured traffic flow in the fundamental diagram. This means that a rescaled value
ρrescaled(l) = cρ(l)ρrel with the scaling factor cρ(l) that depends on the particular
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Fig. 4.11. Scaling errors measuring the occupancy ρrel in the fundamental diagram of two
loop detectors. Both detectors are placed at the motorway BAB 57, the detector 6253-
021-002 at km 77.212 and the detector 6253-027-002 at km 77.750. Because the distance
is only 538 m and there are no on- and off-ramps between them, similar traffic states
are expected. Indeed the fundamental diagram correspond to each other, if the density
ρ is calculated using the hydrodynamical relation ρ = ρ(Jveh, vveh). But if the measured
occupancy ρrel is used, the points lie in two different regions. This comes because the
measurements of the occupancy ρrel are not uniform.
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Fig. 4.12. Scaling errors of the traffic flow Jveh. Measuring Jveh at two adjacent cross
sections of the motorway BAB 2 at the 2003/12/05 show that only a fraction amount of
measured vehicles that pass the section at km 426.07 are measured about 5 kilometres
downstream at km 431.08. In contrast to scaling errors of the occupancy, scaling errors
of the traffic flow are not so frequent and it is quite clear which loop detector is defect.
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loop detector l is used for all further calculations. For instance, the loop detectors
that can be seen in Fig. 4.11 can be rescaled with cρ(6253-021-002) = 0.786 and
cρ(6253-027-002) = 2.857.
As mentioned above scaling errors of the velocity or the traffic flow are not as
common as of the occupancy. But nevertheless they can appear. Like in the case
of the occupancy, some obvious scaling errors can be found comparing adjacent
loop detector data when there are no on- or off-ramps between them. Note that
for comparing the traffic flow at different sections it is important to accumulate
the flow for all possible lanes of the cross section. The example in Fig. 4.12 shows
the traffic flow measurements of two adjacent cross sections with a distance of
about 5 kilometres, but with no on- and off-ramps between them. In opposite to
scaling errors of the occupancy it is in most cases quite clear which loop detector
measure unreliable values. In this example the detectors at kilometre 431.08 fail
measuring much too few vehicles. In fact, they nearly only measure the lorries,
and a few month later they totally failed.
Comparing the loop detector data with data of adjacent detectors is very time
consuming. For every pair of loop detectors it has to be ensured, that there is
no possibility for leaving the motorway between them. Furthermore there are not
everywhere adjacent loop detectors available that fulfill this condition.
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Fig. 4.13. (a) Measured th and calculated th,calc time headways of the loop detector
number 4098-063-002 during February 2002. The calculations come from the measured
traffic flow Jveh and the occupancy ρrel using Eq. 4.5. (b) The same graph for the loop
detector 2635-000-017 shows strong deviations from the bisecting line through the origin.

Another method to test the loop detectors for different scalings of the values is
using Eq. 4.5 and compare the measured time headway th and the calculated one
th,calc. Apart from some round off errors the values have to be exactly the same, if
the measurements are completely consistent. This holds in general, for instance,
for detector 4098-063-002 in Fig. 4.13 (a). But as can be seen in Fig. 4.13 (b) for
the detector 2635-000-017 this condition is not satisfied.
Because of the roundings, the inconsistencies can be identified interpreting the
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Fig. 4.14. Time headway testing using the analysis of different patterns that come with
deviations of the measured th and the corresponding calculated th,calc time headways.
Having th at the abscissa and th,calc at the ordinate, deviations of the bisecting line
through the origin can be interpreted as follows. (a) Systematic errors ∆Jveh in regard
to the real traffic flow Jveh lead to points lying on the curve th,calc = Jveh

Jveh+∆Jveh

th. (b)
Most common are errors because of varying deviations of the time headway. These can
be clearly identified because they cause straight lines at constant th,calc. In the same
manner constant (c) and varying (d) inaccuracies measuring the occupancy can be seen
as straight lines or scattering triangles that deviate from the bisecting line.
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patterns in the graphs. In Fig. 4.14 (a) – (d) the patterns of different defects are
shown. The most common error that is appearing in the data are fortunately un-
reliable measurements of the time headway, so in most cases the flow, occupancy,
and velocity can be used for analysis.
This method of time headway testing of the reliability of the measured data is
only possible if all of the three values are available. In this work time headway
testing is always used, when a univariate or multivariate traffic time series of a
single loop detector is needed. Note that identifying the particular pattern may
be difficult, especially when more than one traffic value is faulty. Furthermore
the magnitude of the deviation can differ.
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Chapter 5

Empirical Data Analysis

“Look back to earlier times and you will know the things to come.”

Chinese proverb

In this chapter an empirical analysis of the traffic data is presented up to
statistical results in regard to traffic forecast. The focus is to describe the
different effects on different timescales, whether and how they can be described
with classified traffic time series and how they can be forecast.

5.1 Secular Trend

The change of the traffic demand in future is an important factor not only for
the evolution of the economic growth but also for infrastructure planning in
any modern society. This is why there is a large interest of many institutions
in forecasting future traffic demands in large timescales [Bundesministerium für
Verkehr, 2003, Deutsche Shell AG, 1999]. The timescales of such forecasts are at
least a month, but normally years.

Also for traffic information systems that usually work on smaller timescales,
changings of long term conditions can influence the results of short term fore-
casts. For instance, the classification of mean daily traffic that is investigated in
Sec. 5.3 and later used in Chapter 7 comprises sometimes analyses of days that
occur only one time a year. In such a case long term changings of the traffic
demand influence drastically the results. Therefore, in this section some aspects
of the long term evolution of the traffic demand are analysed.

Investigating all aspects that could influence the traffic demand in years would
extend the scope of this work. A basic problem that comes with this attempt is,
that even some causes that will influence the traffic demand are not known yet
what leads to large mistakes. And also the impacts of present conditions that are
taken into account can be rated in a completely different way, what leads to a
large range of different forecast results as can be seen in Fig. 5.1.

83
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Fig. 5.1. Forecasting of secular trends used by the government in Germany. On the ab-
scissa is the year, on the ordinate the effort of freight transport measured in 109 tons · km.
Interpreting the impacts in a different way causes a varying set of different forecasts with
a large range. The figure is stemming from [Bundesministerium für Verkehr, 2003].
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So the objective in this work can only be to give an upper and a lower limit for
the long term evolution of the traffic demand. To investigate the secular trend the
data of the loop detectors cannot be used, because those data are available since
October 2000. Even other traffic counts are only available for particular sections
or small time intervals. But what is needed is a measurement that is obtainable
over a time interval of the last decades, most suitable would be a measurement
value that reflects the traffic load from the first years of the invention of power
driven vehicles up to now.

One measurement value that fulfills this condition is the vehicle inventory that
is published every year by the Federal Ministry of Transport of Germany [Bun-
desministerium für Verkehr, 2002]. Therein traffic data are available from the
year 1950 on. The total mileage would be an even more comparable measure,
but unfortunately this is only given for the last recent years. In Fig. 5.2 (a) the
inventory of all vehicles are shown as well as those of passenger cars and lorries.

Unfortunately there seem to be two obvious inconsistencies: In the year 1960 there
seems to be a wrong classification of passenger cars and lorries because almost all
vehicles are identified as passenger cars. From the year 1989 to 1990 the vehicle
inventory increases abnormally higher, from the year 1990 to 1991 abnormally
lower than in other years. Corresponding to this the lorry inventory seems to
decrease from 1990 to 1991. These inconsistencies may come due to faults in the
data collection during the reunification of Germany, but in [Bundesministerium
für Verkehr, 2002] there are no reasons given for that.

 0

 10

 20

 30

 40

 50

 60

 1950  1960  1970  1980  1990  2000

in
ve

nt
or

y 
N

 [
10

6 ]

t [year]

Nveh
Npc
Nlor

 0

 0.1

 0.2

 0.3

 0.4

 0.5

 0.6

 0.7

 1950  1960  1970  1980  1990  2000

ow
ne

rs
hi

p 
ra

te
 R

t [year]

Rveh
Rpc

(a) (b)

Fig. 5.2. (a) Inventory of passenger cars Npc, lorries Nlor and all vehicles Nveh in Ger-
many from 1950 up to now. (b) Vehicle ownership rate Rveh and passenger car ownership
rate Rpc from 1950 up to now. The data are stemming from [Bundesministerium für
Verkehr, 2002].

As mentioned above not all of the factors that influence the vehicle inventory can
be taken into account. But because of changings in the population development
during the last decades, it makes sense not to use the inventory, but to use the
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passenger car ownership rate Rpc, that calculates the number of passenger cars
Npc in relation to the population Npop:

Rpc =
Npc

Npop
. (5.1)

With a little bit different interpretation of the expression “ownership rate” this
can be done for all vehicles Nveh = Npc + Nlor whereby Nlor means the number
of lorries. The vehicle ownership rate Rveh can be calculated:

Rveh =
Nveh

Npop
. (5.2)

The interpretation differs in that sense, that most inhabitants really own the
passenger cars, whereby the vehicle ownership rate can be interpreted as the sum
Rveh = Rpc + Rlor with the lorry ownership rate Rlor as addend. But most of the
inhabitants do not own a lorry. This is rather a measurement for a demand in
mobility of goods that an inhabitant produces. Note that the definition of “lorry”
in case of measurements with loop detectors is given by the characteristic of the
signal, whereas the definition in [Bundesministerium für Verkehr, 2002] comes
from the official declarations. In Fig. 5.2 (b) Rpc and Rveh are shown from 1950
up to now.

The forecasts that predict the highest growth of traffic come from a constant
annual percentage increase, what leads obviously to an exponential growth:

Rveh(t) = R0 exp (c [t − y0]) . (5.3)

Thereby is t the time and the parameters c and y0 can be calculated approximat-
ing a least square fit through the past data. R0 = 1 veh/person is only needed
for the unit 1.

As can be seen in Fig. 5.3 (a) it makes no sense to use the fit through all the
data. Obviously the timescales are already to large for a theory of an exponential
growth. Using the data of the last ten years the function fits better with the
values c = 0.01420 year−1 and y0 = 2033.7 year. The corresponding function of
the passenger car ownership rate fits best with c = 0.01193 year−1 and y0 =
2054.3 year. Also these estimations can only serve as a model for an upper limit.
It can be calculated in an easy way that the law leads to exorbitantly high values
far in the future. In nature exponential growth only appears for a while until a
limit is crossed and the law looses its validity.

Thus, to get the lower limit for approximations of Rveh(t), a saturation model is
proposed. Therefore the theory of an exponential growth is enhanced with the
feasible assumption, that there exists a limited maximum number of vehicles and
a saturation is assumed.

1Of course also the formula Rveh,exp(t) = R0 exp(at) can be fitted but that leads to
very low numerical values.
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Fig. 5.3. Future estimation of the vehicle ownership rates. (a) The most common present
estimates come from an exponential growth. Whereas the fit through all the real data
from the past leads to completely unreliable results, the fit through the data of the last
ten years with the exponential model since 1994 may serve as an upper limit for further
approximations. (b) The saturation model provides a lower limit for the evolution of
the ownership rate. It comes from an assumption of a saturation using Eq. 5.8. The fit
parameters can be seen in Table 5.1.

As a first approximation we are searching for a function that fulfills all of the
following conditions:

• zero far in the past,

• exponential rising for a while,

• saturation after that,

• and converging to a limit.

An analytical function that fulfills the conditions is the hyperbolic tangent:

tanh(x) =
exp(x) − exp(−x)

exp(x) + exp(−x)
. (5.4)

To be able to fit the function to the constraints the parameters a, b, Sveh, Yveh

have to be introduced. The vehicle ownership rate Rveh(t) can be written in the
following form:

Rveh(t) = a tanh(Sveh [t − Yveh]) + b. (5.5)

Thereby the product of the parameters a and Sveh is the the maximum slope
of the curve and Yveh is the inflection point, the year with the maximum slope.
The parameters a and b can be substituted or eliminated, respectively. One of
them can be directly eliminated due to the constraints, that there have been no
vehicles far in the past. This means:
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lim
t→−∞

Rveh(t) = 0 ⇒ 0 = −a + b ⇒ a = b. (5.6)

Now let Rvehmax be the maximum of the vehicle ownership rate that can be
reached in future. Then, one parameter can directly be substituted:

lim
t→∞

Rveh(t) = Rvehmax ⇒ Rvehmax = a + b. (5.7)

Putting Eq. 5.6 and Eq. 5.7 in Eq. 5.5, the vehicle ownership rate Rveh(t) can be
written in the following form:

Rveh(t) =
Rvehmax

2
[tanh(Sveh [t − Yveh]) + 1] . (5.8)

In the same manner using Eqs. 5.5 – 5.8 the passenger car ownership rate Rpc(t)
can be approximated as follows:

Rpc(t) =
Rpcmax

2
[tanh(Spc [t − Ypc]) + 1] . (5.9)

The parameters Ypc, Yveh, Spc, Sveh, Rpcmax and Rvehmax have to be derived
from the data. Therefore Eq. 5.8 is fitted to the measurement points using a
least square fit. The results of the fitted vehicle ownership rate can be seen in
Fig. 5.3 (b). Table 5.1 shows the approximations of all the parameters. According
to this, the maximum vehicle ownership rate that is reached in the future is
Rvehmax = 0.71 veh/person, the maximum passenger car ownership rate Rpcmax =
0.59 pc/person what can lead to the interesting interpretation that far in the
future on average each person will own 0.59 passenger cars. The inflection points
both already have been and are with Yveh ≈ 1977 year and Ypc ≈ 1978 year close
to each other.

Yveh Sveh Rvehmax
1
2
RvehmaxSveh

[year] [year−1] [veh/person] [veh/(person · year)]
1977.46 0.043 0.71 0.0152

Ypc Spc Rpcmax
1
2
RpcmaxSpc

[year] [year−1] [pc/person] [pc/(person · year)]
1978.43 0.047 0.59 0.0139

Table 5.1. Fit parameters of the vehicle and the passenger car ownership rates. Ac-
cording to this far in the future all persons will own on average 0.59 passenger cars.
Interesting are also the inflection points during the years 1977 and 1978.

To compare these theories with another estimation a study in [Deutsche Shell
AG, 1999] can be used. This study delivers two different forecast models of the
future evolution of the traffic. The authors state that the first one, that is called
here shell(1), is based on the assumption of an economic growth of 0.018 year−1,
a stable population and an increased globalisation. Similar to this the second
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Fig. 5.4. (a) Comparison of forecasts of the passenger car ownership rate Rpc. The
forecasts of shell(1) and shell(2) lie between the exponential model that serves as an
upper limit for approximations and the saturation model that serves as a lower limit.
The same holds for the passenger car inventory Npc that can be seen in (b). The same
calculations can be done for the vehicle inventory Nveh (c), that is feasible for comparisons
with the complete traffic demand, and for the lorry inventory Nlor that is shown in (d)
for completeness in spite of the errors acquiring the data in the past.
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variant shell(2) is based on the expectation of an economic growth of 0.014 year−1,
a decreasing population and an international interconnection that is limited by
several governments.

Using the scenario shell(1) an increase of 8 million passenger cars up to the year
2020 is forecast, whereby the scenario shell(2) leads to an increase of 4 million
passenger cars. Thus, based on the number of passenger cars of the year 1999
when the prognosis is made, shell(1) forecasts for the year 2020 a number of 52.3
million passenger cars and shell(2) 48.3 million passenger cars.

To compare these approaches with the passenger car ownership rate, the inventory
has to be divided by the particular population that is expected for the year
2020. This is within shell(1) 82.2 million people because a constant population is
expected, and within shell(2) 80.339 million people, what is the decrease expected
in the second variant of Sommer [2000]. The comparison of the estimations can
be seen in Fig. 5.4 (a). Obviously the estimations lie between the estimated upper
and lower limits.

To complete considerations for the long term estimations not the ownership rates
are needed but the inventories. Therefore the rates have to be multiplied by
forecast populations. For this the estimations of the second variant of Sommer
[2000] are used. The results can be seen in Fig. 5.4 (b) – (c).

5.2 Seasonal Differences

To investigate the seasonal differences the traffic data of the loop detectors from
2000/10/05 up to 2004/07/31 provide reliable information. Therefore the traffic
flow of each lane is aggregated to a cross section based traffic flow and the minute
based traffic data are accumulated to mean daily traffic (MDT). This MDT are
exactly all vehicles that pass a cross section per day. To avoid errors only days
with more than 1,200 minutes of correct measurements are taken into account.

In Fig. 5.5 (a) the MDT of the cross section 5877-019 of the motorway BAB 40
driving direction east can be seen. Unfortunately the MDT can differ from day
to day and due to the fluctuations the graph is not very feasible for analysis.
Better information offer the 31 days moving averages (for the calculation see
Eq. 5.16) that can be seen in Fig. 5.5 (b) also for the cross section 4349-025
on the BAB 3 driving direction north and for the cross section 4488-096 on the
BAB 4 driving direction west. During the yule tide and the corresponding school
holidays the traffic demand clearly decreases on all motorways. In Fig. 5.5 (c) a
higher resolution of this effect can be seen. The summer holidays lead to different
effects that can be seen in Fig. 5.5 (d). They cause a decreasing traffic demand
on the motorway BAB 40, which is a typical motorway used by commuters who
go to work, whereas on the BAB 4 an increasing traffic is observed during the
summer holidays.

Also the absolute quantity of vehicles can differ strongly from motorway to motor-
way. Nevertheless the characteristics of the MDT of all motorways stay in general
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Fig. 5.5. (a) The MDT of the cross section 5877-019 on the motorway BAB 40 driving
direction east from 2000/10/05 to 2004/07/31. As can be seen the MDT differs strongly
from day to day. (b) The 31 days moving averages of the MDT of cross sections on the
German motorways BAB 3, BAB 4, and BAB 40 is more feasible for comparisons. In
general the characteristics stay the same. The biggest changes in the traffic demand are
caused by the yule tide with the turn of the year and the summer holidays, that are
both marked with the wide green bars on the abscissa. In (c) and (d) there are higher
resolutions of these effects. Whereas the yule tide in (c) leads to similar patterns, even in
these stable structures the same cause can have different effects. This can be seen around
the summer holidays in (d). At the BAB 40, what is a typical motorway for commuters,
the MDT decreases, whereas it increases on the BAB 4.
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similar. From the Table 5.2 can be seen that the traffic on the large motorways
are highly correlated. Those correlations are quite easy to interpret. The reasons
that cause the differences in the traffic demand are strongly dominated by the
calendar. In most cases the same cause lead to the same effect. On the one hand
the summer holidays are an exception in the sense, that they lead to different
effects. On the other hand that confirms the strong dominance of the calendar
affecting the traffic demand.

1. cross section 2. cross section r12(MDT)
number motorway direction number motorway direction

4135-015 BAB 1 south 4214-015 BAB 2 east 0.8656
4135-015 BAB 1 south 4349-025 BAB 3 north 0.8455
4135-015 BAB 1 south 4488-096 BAB 4 west 0.8716
4135-015 BAB 1 south 5877-019 BAB 40 east 0.7916
4214-015 BAB 2 east 4349-025 BAB 3 north 0.8155
4214-015 BAB 2 east 4488-096 BAB 4 west 0.8733
4214-015 BAB 2 east 5877-019 BAB 40 east 0.8990
4349-025 BAB 3 north 4488-096 BAB 4 west 0.8662
4349-025 BAB 3 north 5877-019 BAB 40 east 0.7560
4488-096 BAB 4 west 5877-019 BAB 40 east 0.8086

Table 5.2. Correlation coefficients r12(MDT) of the MDT on large German motorways of
the year 2002. In spite of the space dependency the MDT of the large German motorways
in different directions show high correlations which proves the large dominance of the
calendar as external variable.

This strong influence of the calendar can also be seen in the power spectrum.
Therefore the time dependent MDT(t) is disaggregated in sine and cosine shaped
contributions of different frequencies fn = ωn/2π and amplitudes an and bn,
respectively:

MDT(t) ≡ F̂ (k∆T ) =
1

K

K−1∑

n=0

cne2πifnk∆T , (5.10)

with
i =

√
−1, cn = an + ibn, and fn =

n

K∆T
.

This is done with the discrete Fourier transform

cn =
K−1∑

k=0

F̂ (k∆T )e−2πifnk∆T . (5.11)

Then, the power spectrum is defined as follows:

F (fn) := |cn|2 = |an|2 + |bn|2 . (5.12)

It is a measure for the intensity of the particular frequencies fn = 1/Tn with the
oscillation period Tn = K∆T/n. In Fig. 5.6 the power spectrum of the MDT of
the cross section 5877-019 in driving direction east can be seen.
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First at all the power spectrum declines with a power law

F (fn) = F0f
−ε
n . (5.13)

This can be seen in the double logarithmic scale of the axes and the line with the
slope −ε. Investigations of different cross sections show that ε = 2.0± 0.08. After
the decline it passes into a constant value that indicates gaussian white noise.
From this noise clearly distinguish multiple frequencies of 52 year−1 and indicate
weekly recurrent structures.
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Fig. 5.6. The power spectrum of MDT of the cross section 5877-019 driving direction
east. The blue line mark the Gaussian white noise and the red one the power law with
the exponent ε = 2.0. From the noise multiple frequencies of 52 year−1 clearly distinguish
and indicate weekly recurrent structures.

These weekly structures can be seen in more detail using a higher resolution of
the MDT during the year as in Fig. 5.7. The traffic demand of typical days can
be seen as well as the effects of different causes in consequence of particular days.
The traffic demand time series maps an interesting image of the social human
behaviour. Knowing the causes and the corresponding effects is an essential part
for each further investiation in regard to traffic forecast. In the 15 days moving
averages the decreasing traffic because of Easter, summer, and winter holidays
can be seen very clearly.
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Fig. 5.7. Seasonal recurring structures in the MDT of the cross section 5877-019 during
the year 2003. Within the typical days the highest traffic volume is measured on Fridays,
the least on Sundays. Furthermore the effects of different causes in consequence of par-
ticular days can be observed. The measured traffic demand maps an interesting image of
the social human behaviour. The central line marks the 15 days moving averages.
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To investigate whether there are periodic seasonal fluctuations apart from the
daily differences and apart from differences caused by special causes (for instance,
school holidays, bridging days or long weekends) the traffic demand time series
of comparable weekdays are investigated. Therefore all weekdays are chosen that
fulfill the following conditions:

• the MDT is reliably measured according to Sec. 4.2,

• the days are no holidays,

• the days are beyond school holidays,

• no bridging days, days before or after holidays, or long weekends are taken
into acount.

The results can be seen in Fig. 5.8 (a) and in higher resolution of the year 2003
in Fig. 5.8 (b). The workingdays behave in a very similar manner. This is why
the Tuesdays, Wednesdays, and Thursdays (TWT) are drawn with one line. The
largest differences can be explained with this classification. Nevertheless a few
fluctuations are still left.
Filtering all the holidays and the special conditions most seasonal fluctuations
disappear. The only one left can be seen around the turn of the year, especially at
Saturdays and Sundays. Whereas before Christmas there is an increasing traffic
flow at Saturdays because of much shopping traffic at the Sundays after the yule
tide there is especially little traffic. Unfortunately investigating the particular
reasons for the human behaviour would extent the scope of this work and is part
of a psychological analysis. Nevertheless for traffic demand forecast the presence
of the effects is of enormous importance. Note that these lie all outside the school
holidays, so no day between Christmas and New Year is drawn in the graph.
The fluctuations that are still left are definitly higher within the Saturdays and
Sundays than within workingdays, so it can be supposed, that there is a strong
influence of spare time activities and special events. Those special events are very
important to be taken into account for traffic flow forecast. Furthermore especially
at weekends the weather conditions may strongly influence the traffic demand.
Examples and problems that come with this are discussed later in Sec. 5.4.
A short look should be taken on the other traffic data. It can clearly be seen in
Fig. 5.9 that the MDT, the mean daily velocity, and the mean daily occupancy
strongly dependent on each other. Whereby the velocity and the occupancy are
mirror images of each other, the fluctuations of both are higher within days with
a high traffic demand. This effect can be better seen on smaller timescales and is
discussed later in Sec. 5.3.
Also the increasing density and decreasing velocity before the yule tide can be
seen. Apart from this no general seasonal fluctuations can be observed.
The high peaks of the density and the low peaks of the velocity indicate the
presence of a traffic congestion. So another way to investigate the traffic data is
to take a look at the probabilities of a congestion. Therefore the number of days
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Fig. 5.8. (a) Seasonal fluctuations of the MDT of the cross section 5877-019 within
particular weekdays. To avoid misinterpretations days with special attributes like holidays
are separated out. Classifying the days in regard to the weekdays can help to explain
many large changings. Workingdays behave in a very similar manner. Thus, Tuesdays,
Wednesdays, and Thursdays are drawn with one line (TWT). (b) The same graph but
in higher resolution for the year 2003.
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Fig. 5.9. (a) The seasonal time series of the mean daily velocity v and (b) the mean
daily occupancy ρrel for the cross section 5877-019 driving direction east for the year
2003 are mirror images of each other. On the one hand the classification that is also used
for the MDT works very similar. On the other hand in opposite to the traffic demand,
the fluctuations are higher within the working days.
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condition v < 30 km/h ρrel > 0.4

Monday 0.152 0.182
TWT 0.352 0.352
Friday 0.194 0.161

Saturday 0.028 0.028
Sunday 0.030 0.030

Table 5.3. Probabilities for congestions at the cross section 5877-019 driving direction
east. To investigate the probabilities for congestions the number of days that fulfill a
certain condition is divided by the number of all days of the particular class. As condition
is chosen either v < 30 km/h or ρrel > 0.4 measured at one minute of the day.
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Fig. 5.10. Congestion probabilities pcongestion at the cross section 5877-019 driving direc-
tion east of “normal” Tuesdays, Wednesdays, and Thursdays during the different months
of the year. As a definition of a congestion hold the two conditions v < 30 km/h and
ρrel > 0.4 measured at one minute of the day. Whereby the higher jam probabilities
during November and December can be expected because of the shopping traffic, the
congestion probability during April is also remarkably higher.

with traffic congestion is divided by the complete number of days. As definitions
for a day with a congestion hold two different conditions. A day is counted as
congested, if in one minute a velocity v < 30 km/h or an occupancy ρrel > 0.4 is
measured. As can be seen in Table 5.3 the results for these definitions are very
similar.

It is not surprising that the probability for a traffic congestion differs strongly
among the classes. The days with the highest probability of a congestion are
the Tuesdays until the Thursdays. A relative high number of these days are
available each month, so it makes sense to use this class of days to investigate the
congestion probability in dependence of the month to look for seasonal differences.
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Fig. 5.11. MDT of the year 2003 for all cross sections in driving direction north or east
on (a) Mondays, (b) TWT, (c) Fridays, (d) Saturdays, and (e) Sundays, and (f) in driving
direction south or west for TWT. The numbers are given in vehicles per day. Obviously
there are some stable general structures. For instance, there is more traffic on working
days than on weekends. Also at some locations there is always more traffic than at other.
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The results from 2000/10/01 to 2004/07/31 can be seen in Fig. 5.10. The higher
congestion probabilites during November and December are expected because
of the already mentioned shopping traffic. Apart from this, the high congestion
probability during April is remarkable, what may have something to do with
unexpected changes of the weather.

Up to now, all the investigations are made for particular cross sections. Although
it could be seen in Table 5.2 that there are correlations between different loca-
tions, in general there is a strong dependence of the traffic states on the location.
For a complete knowledge based system all the investigations have to be done for
the 4,480 loop detectors or the 2,440 cross sections, respectively. This would not
only extend the scope of this work. By and by there could appear basic changes in
the traffic network like expansions, what leads to a completely different traffic de-
mand. Furthermore the traffic demand can change from time to time due to other
external influences. Thus, such investigations have to be repeated frequently. How
this can be avoided and how the system can be made adaptive is discussed later.
At this point a short look should be taken on all the cross sections. Therefore in
Fig. 5.11 the MDT of the year 2003 for all of the cross sections in driving direction
north or east can be seen for all the classes of days mentioned above. As can be
seen, many results can be straight forwardly transferred. The classification of the
days leads to similar results for all the cross sections. The most traffic is measured
during working days, the less during the weekend. Furthermore, the regions with
much traffic and the regions with little traffic are similar for all the days.

But also in this MDT many differences can be seen and it can be supposed, that
a general classification for all cross sections is unsufficient. Furthermore, not all
the differences can be explained with recurring structures in the MDT, and not
all the recurring structures can be seen in the MDT. Therefore in the next section
a look is taken at smaller timescales and at the day to day differences.

5.3 Daily Differences

It is not arbitrary that the MDT is used in the previous section to investigate
the seasonal differences. Because there is in general little traffic at night, these
states of low traffic flow divide the traffic time series naturally in parts and it
makes sense to investigate the daily traffic time series. In Fig. 5.12 the differences
can be seen for the week from Monday 2004/07/05 to Sunday 2004/07/11 for
the traffic flow Jveh, the velocity vveh and the occupancy ρrel. It is also obvious
that on this timescale there are similarities during workingdays, whereas the
weekends are completely different. Note the very high velocity fluctuations at
night. They come from the fact, that each vehicle can drive as fast as its driver
wants because of missing vehicle interaction. Because of this effect the velocity
is nearly unpredictable or, in other words, a very high forecast error has to be
expected. On Monday an outburst of the velocity and the occupancy can be
seen indicating a traffic congestion. Obviously also on Thursday there is a traffic
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congestion at a time, when at the other weekdays only a small irruption can be
supposed.
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Fig. 5.12. The traffic time series of the traffic flow Jveh, the velocity vveh and the occu-
pancy ρrel for the cross section 5877-019 on the BAB 40 in driving direction east from
Monday 2004/07/05 to Sunday 2004/07/11. Because of little traffic demand at night each
day can be considered separately. Note that the days on the abscissa mark the noon of
the particular day.

In a higher resolution this can be seen in the traffic time series of Monday
2004/07/05 in Fig. 5.13 (a). During the traffic congestion from 8:30 to 10:15
the occupancy increases and the velocity and the traffic flow decreases drasti-
cally. Outside the interval of the traffic congestion the traffic flow follows certain
patterns that are characteristical for the traffic demand of a Monday. With the
velocity three regions can be generally distinguished. One is of course the traffic
congestion with a significantly lower velocity. The second is during the day out-
side the traffic congestion, that means from 5:00 to 8:30 and from 10:15 to 21:00.
In this interval, a mean velocity of v̄ = 103.8 km/h with a standard deviation of
σ(v) = 5.3 km/h is observed. The third region is at night, that means between
0:00 and 5:00 and after 21:00. Here, the mean velocity is v̄ = 106.6 km/h and the
standard deviation σ(v) = 11.2 km/h, what is significantly higher.
Because of the scaling the only difference that can be seen clearly in the occupancy
is during the traffic congestion. But it is a well known fact, that in free flow the
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Fig. 5.13. Daily traffic time series of the traffic flow Jveh, the velocity vveh and the
occupancy ρrel of the cross section 5877-019 on the BAB 40 driving direction east for
(a) the particular Monday 2004/07/05 and for the classified mean time series of the year
2003 for (b) Mondays, (c) Tuesdays until Thursdays, (d) Fridays, (e) Saturdays, and (f)
Sundays. Note the different scaling on the ordinate for the particular Monday and the
other ones. In the classified traffic time series the fluctuations are much lower as well as
the irruptions of the occupancy and the velocity.
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density and thus also the occupancy comes linear with the traffic flow. To see
this, another scaling must be used. This can be fulfilled when classified traffic
time series are observed and the fluctuations are much lower.

In Fig. 5.13 (b) – (f) the classified traffic time series of certain classified days of
the year 2003 can be seen. What is precisely meant with a classified mean traffic
time series x̄(GDn , t) is explained in the following. The daily traffic time series
x(d, t), whereby x can be any kind of traffic data (flow, veloctiy, or occupancy),
at day d is averaged for a certain group of days GDn . Thereby Dn indicates the
kind of days, for instance, Mondays, Sundays, or TWT. In the following manner
this is done for each minute t separately:

x̄(GDn , t) =

∑
d∈GDn

x(d, t)

∑
d∈GDn

1
. (5.14)

Thus, what is meant with the classified traffic time series is the mean value of each
minute separately, within a certain group of days. The classified days used here
are the same that are chosen in Sec. 5.2 and consist of the “normal” weekdays
of the year 2003. That means the groups are GMo=̂ Mondays, GTWT=̂ Tuesdays
until Thursdays, GFr=̂ Fridays, GSa=̂ Saturdays, and GSu=̂ Sundays.

As mentioned the fluctuations are much lower, so note the different scaling on the
ordinate in comparison to Fig. 5.13 (a). It can be seen that the characteristics of
the traffic flow and the occupancy are very similar, but it is important, that the
peak in the morning coincides with the irruption of the velocity. They are both
a little bit later than the morning peak of the traffic flow.

In opposite to the time series of the particular Monday in Fig. 5.13 (a), no values
of the occupancy are remarkable higher than ρrel = 0.12 and no values of the
velocity are under v = 90 km/h. The peaks are only an indicator for a certain
probability of a traffic congestion. With this classification the traffic congestion
of the particular Monday cannot be forecast.

Using classified traffic time series for traffic forecast is a common method of many
former traffic forecast approaches. Especially the heuristics and knowledge based
systems already mentioned in Sec. 3.4 use this. But also the ATHENA model (cp.
Sec. 3.4 on page 43) and the Kohonen map (cp. Sec. 3.5.2 on page 56) cluster the
traffic time series in certain weekdays. This comes because recurring structures
in the human behaviour lead to recurring structures in the traffic demand.

Many of these patterns, their effects and their occurance are analysed in detail in
[Chrobok et al., 2000] for the urban traffic flow of the city of Duisburg. Some of
them can also be seen in the traffic flow of Fig. 5.13 (b) – (f), although the data
are stemming from the motorway BAB 40. The clear structures like the small
morning peak and the broaden afternoon peak on working days can be seen as
well as smaller morning peaks on Saturdays, increased evening traffic on Fridays
and Saturdays, and in general low traffic on Sundays. The traffic pattern reflects
on detail the human life.
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Fig. 5.14. (a) Classified traffic time series “normal Mondays” of the year 2003 for cross
section 5877-019 driving direction east for the right, middle, and the left lane. (b) The
same classification for the right lane of this cross section whereas passenger cars and
lorries are distinguished.

In the same manner such classified daily traffic time series can be calculated for
any group of classified days GDn . Important is that N groups GDn with n =
1, 2, ..., N are chosen so that the pairwise GDn are disjunctive and all days d
are elements of the set union of all GDn . Than, the real forecast procedure is
the particular choice of these groups: the classification. In former works different
classifications are used as can be read in Sec. 3.4. There are several reasons why
the choice of the classification can differ strongly. In some cases, especially in older
works, the classification is the result of considerations that are made without any
or with a sparse database. But even when the classification is the result of an
intensive data analysis, it depends on the location where the data is stemming
from. This problem is already mentioned at the end of Sec. 5.2. And moreover,
for the lane resoluted information the data has to be analysed in regard to each
lane. This is exemplary done in Fig. 5.14 (a). For the differentiation of lorries
and passenger cars the particular time series have to be investigated, what is
exemplary done in Fig. 5.14 (b). All the analyses have to be done for all the cross
sections, what is unfeasible manually.

How to get a suitable classification automatically for all the loop detectors is an
essential part of Chapter 6. Another question is the predictability of the irruption
of the velocity in Fig. 5.13 (a). This problem falls together with the predictability
of special events that influence the traffic state. To answer this question the effects
of special events are discussed in the next section.
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5.4 Special Events

The most obvious special event that influences the traffic state is an accident. An
example for an accident at the 2001/05/11 at the cross section 4214-015 on the
BAB 2 driving direction east can be seen in Fig. 5.15. At 2:38 a lorry falls over
and the motorway is blocked. The traffic flow and the occupancy are nearly zero
and the velocity cannot be measured in that interval. This state holds for exactly
four hours until the place of accident is vacated.
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Fig. 5.15. The traffic flow, velocity, and occupancy measured during an accident on the
2001/05/11 at the cross section 4214-015 on the BAB 2 driving direction east. At 2:38
a lorry falls over. Flow and occupancy are nearly zero and the velocity is not measured
anymore. This state lasts for exactly four hours until the place of accident is vacated

It is quite obvious, that neither the accident itself, nor the effect on the traffic
state can be forecast. What can be performed is only a detection of the congestion.
Using analyses of former congestions a mean duration of the congestion can be
used as an approximation for the particular case. An accident is an example for
an event, that is nearly unpredictable.
Another factor that frequently influences the traffic state is the weather. Different
moderate weather conditions, like sunshine or rain, influence above all the traffic
demand caused by spare time activities. This effect can be mainly measured on
weekends and lead to high fluctuations of the mean daily traffic demand within
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the Sundays or Saturdays during the year (see Fig. 5.8 in Sec. 5.2).
To influence the commuter traffic, it needs very extreme weather conditions. In
Fig. 5.16 four examples of influences of the weather on the traffic state can be
seen. The first two examples are measurements at two days with rainstorms at
the cross section 5875-010 on the BAB 40 driving direction east. In both cases the
velocity decreases, but in a little bit different manner. Whereas on the 2002/06/20
also the traffic flow goes down, on the 2002/08/24 the irruption of the traffic flow
can hardly be distinguished from the other fluctuations.
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Fig. 5.16. Traffic flow Jveh, velocity vveh, and occupancy ρrel measured at days with
extreme weather conditions. (a) A rainstorm on the 2002/06/20 6:30 at the cross section
5875-010 on the BAB 40 driving direction east. Flow and velocity show a strong irruption
at this point in time. (b) Similar rainstorm on the 2002/08/24 14:11 measured at the
same cross section. Whereby the irruption of the traffic flow can hardly be distinguished
from the fluctuations, the velocity decreases and the occupancy increases for a while.
(c) Snow flurry that starts in the evening of 2004/01/28 influences the velocity of cross
section 5885-013 on the BAB 40 driving direction east. (d) Similar snow flurry on the
2004/02/27 starting at about 14:30 at the same cross section.

The effect of even more drastical weather conditions can be seen in Fig. 5.16 (c)
and (d). At the cross section 5885-013 on the BAB 40 driving direction east
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two cases of extreme snowy conditions are analysed. In both cases the velocity
decreases for hours. But at 2004/01/28 the snow starts falling in the evening
when there is little traffic demand. The traffic flow and the occupancy are not
effected. At 2004/02/27, when the snow starts falling at about 14:30 the traffic
demand is significantly higher. This condition leads to a traffic congestion as can
be seen in the increasing values of the occupancy.

The four examples of extreme weather conditions have one commonality. In all
cases the velocity is influenced what can be interpreted as follows. In opposite
to good weather conditions that leads to an increasing traffic demand because
of spare time activities, such bad weather conditions normally lead to a wetness,
slipperiness, or a reduced visibility. That causes the drivers to reduce their speed.
Finally this effect can be measured by a reduced mean velocity. Thus, the value
that is influenced by bad weather conditions is the velocity. Only if the traffic
flow is high enough this leads to a congestion.

It is also obvious, that the predictability of the effect strongly depends on the
ability of a weather forecast. Using the information about the future weather,
approximations of the traffic states can be made using a statistical analysis of
similar former conditions.

Up to now, all effects that have been discussed in regard to special events can
clearly be seen in the traffic data. But to be sure, that the effect is really caused by
the event, the particular traffic time series has to be compared with the “normal”
one. To be precise, for an analysis of the effect itself, this is mandatory.

As definition of the normal traffic time series can act the classified traffic time
series defined by Eq. 5.14. As group of days GDn those days d have to be chosen,
for that with the absence of the event would hold d ∈ GDn .

With this background the effect of the road works on the BAB 2 between the
junctions “Bönen” and “Hamm” can be investigated. Analysing the effects of con-
struction areas it has to be mentioned, that often at the places of the road works
the loop detectors are for technical terms out of order. What can be observed
by the detectors are the impacts around the construction area. Lane reductions,
speed limits, or complex lane guidances lead to slower velocities and can even
cause congestions.

The example in Fig. 5.17 shows the classified traffic time series of the class TWT
without, and TWTconstruction with the presence of the construction area that is a
little bit downstream of the cross section 4229-014 on the BAB 2 driving direction
east. The reduced mean velocity can clearly be seen. A little bit harder to see is
the increased mean occupancy caused by the tailbacks.

How the traffic state is exactly influenced strongly depends on many details of
the particular road works as well as on the location of the detectors. Nevertheless
it is possible with statistical analyses to increase the predictability of the impacts
of different road works under certain conditions. For instance, in [Beckmann and
Zackor, 2001, Ober-Sundermeier, 2003] different kinds of contruction areas are
investigated in detail to develop a unique method to systematically forecast the
length and the duration of tailbacks caused by construction areas in dependence
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Fig. 5.17. The traffic flow Jveh, velocity vveh, and occupancy ρrel on normal Tuesdays,
Wednesdays, and Thursdays (TWT) and on the same days when there is a construction
area downstream (TWTconstruction). The data are stemming from the cross section 4229-
014 on the BAB 2 driving direction east. In the traffic flow there are only a little bit
more fluctuations, because there are less days in this class. On the contrary the velocity
is significantly lower than on normal days because of a higher frequency of tailbacks.

on the lane reduction and lane guidance.

In opposite to accidents or weather conditions the event “construction area” is
exactly known before, at least one day, in most cases even longer before. The task
of the forecast is just to estimate the impact on the particular detector. The fact,
that the cause that influences the traffic state is known before, also holds for the
special events that are discussed in the following.

In general, the traffic demand on motorways is the result of the need for mobility
of each single road user. Similarities in the behaviour of the road users lead to
observable structures like the commuter traffic. In the example of the commuter
traffic the structures are very stable and recurring effects can be measured.

Big events like fairs, sporting events, demonstrations or other processions are
examples for events that cause a very similar behaviour of many road users but
are not periodically recurring like the commuter traffic. Especially they are not
always on the same weekday or at the same time. Like construction areas the
event itself is always already known before and the problem is to estimate the
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impact.

In Fig. 5.18 the example of a sporting event can be seen. Shown is the velocity
before and the traffic flow after two football matches of the German national
team in Dortmund. The data are stemming from the cross section 5907-027 on
the BAB 40 in direction east for the trip to, and in direction west for the trip
from the stadium. The match on Wednesday the 2001/11/14 against the Ukraine
starts at 20:30, the match against Scotland on Wednesday the 2003/09/10 at
20:45. The particular classified traffic time series are also shown, therefore hold
the classes TWT and TWTholi, respectively, because the 2003/09/10 lies within
the summer holidays.

The holidays might also be the reason for the differences in the velocity irruptions
that have been measured. Whereas on the 2003/09/10 in Fig. 5.18 (c) moderate
deviations from the classified time series are measured since 13:00 and at 20:00
only a short traffic congestion is observed, on the 2001/11/14 in Fig. 5.18 (a) the
velocity fluctates around the value of the classified time series until 18:30, when
there is a traffic congestion that takes two hours. Obviously, when analysing the
velocity it is insufficient to observe the effect in regard to the classified time series.

On the contrary this can be done with the traffic flow. The similarities in the
increased traffic flow after the match in regard to the classified traffic time series
are quite remarkable. Because of the difference in the kick off time the rise starts
only quarter an hour earlier on the 2001/11/14 in Fig. 5.18 (b) than on the
2003/09/10 in Fig. 5.18 (d).

In the following a closer look is taken on special days in regard to classified traffic
time series. Therefore the traffic flow of the day with the special event is divided
by the classified traffic flow and the relative traffic flow is observed.

Most of the special events that are discussed up to now only influence the traffic
in a particular region. The region might be bigger like in the case of the weather
or smaller, like in the case of the road works. But there are also some events apart
from holidays or any influence caused by the calendar that influence the overall
traffic state. Although in opposite to the recurring structures of the calendar
the effects are in most cases much smaller, what is again caused by interesting
characteristics of the human behaviour. Recurring events like christmas or New
Year’s eve lead to strong structures because all humans are familiar with those
dates. There are only few extra events that influence the overall traffic state
anyway and such events never lead to strong differences. Nevertheless they can
be measured.

To influence the global traffic state it needs events that are transfered to a broad
public, mostly by media. An event that fulfills this condition in Germany is the
football world championchip that is a really large media event. In Germany it
really influences the traffic state, especially, if the German team is playing and
the match is brought forward by television. In Fig. 5.19 (a) the time series of
the traffic flow divided by the particular classified traffic time series can be seen
for the cross section 5907-027 on the BAB 40 driving direction east for different
matches of different importance during the tournament 2002. In Table 5.4 the
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Fig. 5.18. Sporting events lead to different traffic states on affected motorways that can
be observed in the data. Shown are the data of Wednesday the 2001/11/14 when the
match Germany against the Ukraine starts at 20:30 ((a) velocity vveh on the way to the
stadium, (b) traffic flow Jveh on the way back from the stadium) and of Wednesday the
2003/09/10 when the match Germany against Scotland starts at 20:45 ((c) velocity vveh

on the way to the stadium, (d) traffic flow Jveh on the way back from the stadium). The
data are stemming from the cross section 5907-027 on the BAB 40 in direction east for
the trip to, and in direction west for the trip from the stadium. Furthermore the data
of the particular classified traffic time series can be seen. Whereas the similarities in the
traffic flow after the matches are remarkable, the velocities show a completely different
behaviour that might lie in the fact, that the 2003/09/10 is during the summer holidays.
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matches, the kick off times, and the particular used classified day can be seen.
The “importance” of every game increases from top to bottom.
Unfortunately the traffic data of the day with the first preliminary round game
are complitely missing and cannot be shown in Fig. 5.19. Because the kick off is
at different times, on the abscissa the data are shifted in regard to the official
kick off and final whistle time, respectively.
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Fig. 5.19. Relative traffic flow Jrel in regard to the particular classified traffic time series
during television broadcasts of matches of the German team during the football world
championship in 2002. Because the matches are at different times of the day, the data are
for a better comparability shifted in regard to the official kick off times. Shown are the
data of the second and the third preliminary round match, the eighth, quarter, semi final
and the final. Unfortunately the data of the first preliminary round match are missing
because of measurement errors. (a) Although an influence can be seen in the relative
data of the cross section 5907-027 on the BAB 40 driving direction east a clear pattern is
superposed by many fluctuations. (b) The patterns become clearer when the fluctuations
disappear because the data of all detectors of the BAB 40 are used. This is why in another
step the data of all intact loop detectors are analysed in Fig. 5.20.

Although it can already be seen, that there is a strong influence, the characteristic
is superposed by fluctuations. Those fluctuations can be avoided if more detectors
are used like in Fig. 5.19 (b), where the data of all intact detectors on the BAB 40
is shown, or in Fig. 5.20, where even all intact detectors of the whole network are
used. In this picture the pattern caused by the events can be observed without
any disturbance because of noise and the pattern can be interpreted.
First at all, what can be seen in Fig. 5.20, is that the television broadcasts of the
six games lead to similar patterns of different intensities. Interesting is, that with
an increased importance of the game, the effect also increases. That leads again
to the insight that the traffic demand maps a clear image of the social human
behaviour. What all curves have in common with each other is the increased
traffic flow before the game. Then, a decreasing traffic flow is observed during
the match with a local minimum followed by a local maximum around the half
time break. Note, that the half time is marked at the abscissa with two tics.
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opponent round date time weekday class

Saudi Arabia 1. prel. round game 2002/06/01 13:30 Saturday Saturdays
Ireland 2. prel. round game 2002/06/05 13:30 Wednesday TWT

Cameroon 3. prel. round game 2002/06/11 13:30 Tuesday TWT
Paraguay 1/8 final 2002/06/15 8:30 Saturday Saturdays

USA 1/4 final 2002/06/21 13:30 Friday Fridays
South Korea 1/2 final 2002/06/25 13:30 Tuesday TWT

Brazil final 2002/06/30 13:00 Sunday Sundays

Table 5.4. Important dates for the observed traffic time series during television broad-
casts of matches during the Football World Championship 2002. Note that the kick off
times are the local times in Germany. The importance of the matches increases from top
to bottom.
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Fig. 5.20. Relative traffic flow Jrel in regard to the particular classified traffic flow as
in Fig. 5.19 but for all intact loop detectors (about 3,200) of the whole network at the
particular days. The six TV broadcasts of the football matches lead to different intensities
of similar patterns. In all cases there is an increased traffic flow before the kick off. Then,
a decreasing curve is observed during the match with a local minimum followed by a
local maximum around the half time break (the two tics without any description mark
the end of the first, and the start of the second half time). A strong global minimum can
be seen just before the end of the match. Note, that on the ordinate the official times are
marked and the real final whistle is in most cases a little bit later. Interesting is that an
increasing importance of the game leads to an increased pattern.
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Finally, a strong global minimum is observed just at the end of the match. Only
a fraction of about 0.4 of the classified traffic flow are measured at the day with
the cup final.

The reason for the similarities in the patterns might lie in the fact, that the human
is a creature of habit. The human behaviour not only leads to strong recurring
structures in the day to day traffic time series. Finally, each event that leads to
an increased or decreased need for mobility, can be mapped like a fingerprint in
the traffic data. Actually this fact offers the opportunity to forecast future traffic
states.

Of course there are many more special events that cause differences in the traffic
data and it is a crucial question how to handle them when the data should be
forecast. In practice, there is especially a need for future estimations of the impact
of such mass events like football matches. Special events must be considered in
every traffic forecast application. Because they are in general known before the
problem is to estimate their impact. Some approaches are discussed at the end of
Sec. 6.2. Indeed the biggest problem in operation is, to transfer the information
about events systematically to the particular traffic forecast application as it is
discussed in Chapter 7.

Up to know special events have been discussed in that sense, that they have an
impact for a certain period. In most cases this is even the fact. But the example of
the long term construction area in Fig. 5.17 shows, that those time intervals might
be very long. External influences can change the traffic state for weeks, month,
years, or even basically. In practice this happens often because of changings in
the network, like in the example with the long term construction area. Basical
changes of the traffic demand happen because of extensions of the network. An
example of this is given in the following.

At the 2002/05/31 a basic change in the network has been fulfilled. A new bridge
across the Rhine river offers from that moment the opportunity to reach the inner
city of Düsseldorf much faster using the motorway BAB 44. The situation of the
motorways can be seen in Fig. 5.21. Before the bridge has been opened vehicles
could also turn in this direction but the motorway ends at a junction before the
Rhine river.

These vehicles, that turn off from the motorway BAB 57 in direction to the
junction or the new bridge, respectively, can be measured. The detector 5993-
000-137 is located on the parallel lane from the north downstream of the turning
lane to the right but, what is important, upstream of the turning lane to the left
and the turning lanes from the left and the right from the BAB 44. So, what is
measured at this point is exactly the traffic that turns to the left in direction to
the bridge. The detector 5993-000-129 is located just on the right turning lane
from the BAB 57 to the BAB 44 in direction to the bridge.

In Fig. 5.22 can be seen, how the classified traffic flow of the detectors changes.
Shown is the traffic flow of the class TWT up to the 2002/05/31 and of the same
class thenceforward to the 2004/07/31 for both, the detector 5993-000-129 (right)
and 5993-000-137 (left). It can be clearly seen that the classified traffic flow of
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Fig. 5.21. (a) At the 2002/05/31 a new bridge has been opened that offers the oppor-
tunity to reach the inner city of Düsseldorf faster via the motorway BAB 44. All drivers
who want to use the bridge have to pass the intersection of the BAB 57 and the BAB
44 that is called “Strümp”. (b) An enlargement of the rectangle area in (a) that marks
the intersection Strümp. The large squares mark the detectors that measure the vehicles
that turn off in direction to the new bridge left or right, respectively.
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Fig. 5.22. The opening of the bridge has a large impact on the classified traffic flow of
turning lanes to the bridge. The flow of the class TWT of the detectors 5993-000-129
(right) and 5993-000-137 (left) clearly increases after opening the bridge.
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both detectors clearly increases.

This example shows, that the classified traffic time series are not constant, apart
from changes because of the secular trend. On the one hand their stability offers
the possibility for forecasts. On the other hand it has to be continuously checked,
whether they are still suitable and adjustments have to be made from time to
time. Thereby it is very important to distinguish special events with a finite
duration from basic changes.

The analyses made up to now are basically structured from long time scales to
short ones. The former works discussed in Chapter 3 have shown, that long term
analyses of traffic data also provide suitable forecast results for long forecast
horizons. For instance, the stability of classified traffic time series provide useful
forecasts from one day ahead up to a horizon of months. Nevertheless often the
so called one-step-ahead forecast is of basic interest, what lies in the fact that
many traffic control applications need fast reactions to the current traffic state.
This is why in the next section effects on very small timescales are analysed: the
fluctuations or random noise.

5.5 Random Noise

In every set of measured data appear random fluctuations. When talking about
noise in a data set we have to distinguish two differnet kinds of noise: measurement
noise, and dynamical noise.

Measurement noise refers to corruption of observations by errors which are inde-
pendent of the dynamics. The dynamics satisfy ~xn+1 = F (~xn), but the measured
scalars are sn = s(~xn)+ηn, where s(~x) is a smooth function that maps all essential
scalars of the dynamics to the measured value and ηn are random numbers. Apart
from the errors in measurement discussed in Sec. 4.2 the remaining measurement
noise has an order of magnitude that can be seen in Table 4.2.

Dynamical noise, in contrast, is a feedback process following ~xn+1 = F (~xn + ~ηn),
where the system is perturbed by a small random amount ~ηn. In traffic data,
these perturbations are due to the randomness in the human behaviour on short
timescales. In case of no interactions between the vehicles the drivers could drive
as fast as they want, for instance, at night, what leads to a large variance in the
velocity. If there exist interactions, large fluctuations appear because of the per-
ception and reaction of the driver-vehicle entity. Even most recent spatial tem-
poral microscopic traffic models, like proposed in [Kerner et al., 2002, Knospe
et al., 2000, Lee et al., 2004], can only describe some basic features of the driver
behaviour in a statistical manner, but are not able to forecast the concrete be-
haviour of the particular driver, what is even probably impossible. As can be
seen in the raw data, for instance, in Fig. 5.13 (a), especially the fluctuations of
the traffic demand are of a large order of magnitude, much larger than those of
the measurement noise, what is negligible. This leads to a broad discussion with
many theoretical considerations about the uncertainity in forecasting traffic data
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(see, for instance, [Davis and Yang, 2001, Lan, 2001, Yang and Davis, 2002]).
When talking about noise the characteristics is of great importance. Therefore
the power spectrum (cp. Sec. 5.2 on page 92) provides useful information. In
Fig. 5.23 the power spectrum for two cross sections of the daily traffic time series
of a typical Monday with and without traffic congestion can be seen.
The behaviour of the noise is quite similar to that of the MDT in Sec. 5.2. Two
regions can be clearly distinguished. First the descent of the amplitude follows a
power law with an exponent that is nearly ε = 2.0. This descent is more distinctive
in case of a congestion. In a traffic time series without congestion this effect is
only fainty observable. Note that because of the double logarithmic scale this
holds for only a small frequency range. For higher frequencies and for a large
range hold ε = 0 what is typical for Gaussian white noise and a strong indicator
for randomness and unpredictability.
These results are in total agreement with the observations in [Helbing, 1997],
but disagree with many theoretical considerations, that suppose for ε values of
1.0 [Choi and Lee, 1995, Nagel and Herrmann, 1993, Nagel and Paczuski, 1995,
Zhang and Hu, 1995], 1.4 [Musha and Higuchi, 1978], or 1.8 [Yukawa and Kikuchi,
1996], that try to find an easy model describing the traffic on short timescales.
Furthermore all such models act on a spatial temporal base and do not try to
really forecast the traffic state.
Because the peaks of white noise cannot be forecast the mean value is of basic
interest for forecasts. The question is then, how to extract a suitable mean value.
In the following a few basic methods are discussed.
One easy method (AVG) is to divide the daily traffic time series x(tm) in M/L
intervalls I of a length L and use the mean value:

AVGL(x, τn) = 1/L
∑

tm∈I

x(tm). (5.15)

Thereby the time steps tm with m = 1, ...,M of the raw data change to the
averaged time steps τn with n = 1, ...,M/L. For instance, for a daily traffic time
series of minute aggregated data it holds L = 1 min. This method is often used
in both, scientific research and traffic management applications. The choice of
L depends strongly on the particular objective. Whereas for raw data can also
hold L = 20 s [Dia, 2001], L = 30 s [Ahmed and Cook, 1979, Ahmed, 1983], or
sometimes even single vehicle are available [Knospe et al., 2002b], the proposals
for further analyses range from L = 30 s [Persaud and Hall, 1989], L = 1 min
[Ahmed and Cook, 1983, Davis and Nihan, 1991, Lee and Choi, 1998], L = 5 min
[Chen et al., 1997, Dougherty and Cobbett, 1997, Faouzi, 1996, Iwasaki and Saito,
1999, Nair et al., 2001, Stephanedes et al., 1981, Sun et al., 2003], L = 9 min
[Wild, 1997], L = 15 min [Kim, 1994, Krause, 1988, Smith, 1995], L = 30 min
[Danech-Pajouh and Aron, 1991, Kirby et al., 1997, van der Voort et al., 1996,
Williams, 2001], L = 60 min [Lamboley et al., 1997, Leutzbach and Siegener,
1974, Siegener and Schmitt, 1980, van Iseghem and Danech-Pajouh, 1999, Zackor
et al., 1996], or anyway the MDT is observed as in Sec. 5.2 with L = 1440 min.
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Fig. 5.23. Power spectrums of the daily traffic time series without (left) and with a
traffic congestion (right) for traffic flow Jveh ((a) and (b)), velocity vveh ((c) and (d)),
and occupancy ρrel ((e) and (f)). The time series without congestion are stemming from
Monday 2004/04/19 at the cross section 5972-050 of the BAB 44 driving direction east.
The time series with congestion are stemming from Monday 2003/06/30 at the cross
section 4347-007 of the BAB 3 driving direction north. The blue line mark the Gaussian
white noise and the red one the power law with the exponent ε = 2.0. This descent is
more distinctive in case of a congestion.
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In many of the works a model for a one-step-ahead forecast is investigated and
the interval is equal to the raw data. In most cases the interval is even equal to
the interval for that the forecast has to be calculated. An exception is the work of
Siegener and Schmitt [1980], where an interpolation between hourly aggregated
traffic data is used for forecasts on smaller timescales.

A disadvantage of this method is, that the number of data values reduces from
M to M/L , what is often undesired. To avoid this, the moving average method
(MOV) can be used. It calculates for each time step tm the average of the interval
[tm − N ; tm + N ] with the length 2N + 1:

MOV2N+1(x, tm) =
x(tm − N) + ... + x(tm + N)

2N + 1
. (5.16)

The algorithm is the same as in Eq. 3.13 where it is used for forecast. The
only difference is that for forecast at a certain time step tf when the forecast
is calculated only data values tm < tf can be used. In the same manner the
exponential smoothing method proposed in Eq. 3.18 can be used to eliminate the
noise with the following modification:

EXPα(x, tm) = α

∞∑

n=0

[
x(tm + n) + x(tm − n)

2

]
[1 − α]n . (5.17)

Thereby the parameter α affects the influence of the value x(tm) on its smoothed
value EXPα(x, tm). For α = 1 the smoothed curve is identical to the raw data.
Note that precisely Eq. 5.17 holds for infinite time series. Numerical approxi-
mations have to go from n = 0, ..., N but only make sense for N >> 1. In any
case the term [1 − α]N+1 x(tN ) should be added to avoid a systematical under
approximation of EXPα(x, tm) (consider, that in case of a daily traffic time series
of minute aggregated data it holds N < M/2).

A large set of methods to eliminate noise uses a Fourier filter. Therefore the
Fourier transform is calculated using Eq. 5.11. Then on the Fourier coefficients
cn different mathematical algorithms can be applied. An easy method is, for
instance, to set coefficients of higher order to zero and use only the first P . Then,
in the backtransformation (Eq. 5.10) the new coefficients are used, that is, in the
example the first P :

FFP (x, tm) =
1

K

P∑

n=0

cne2πifnk∆T . (5.18)

In Fig. 5.24 the results of eliminating noise are shown for all of the four methods
with parameters that can be seen in table Table 5.5. Because the noise is larger
for a single lane than for a cross section, the investigation is done for the traffic
flow of detector number 5874-023-001 on the right lane of BAB 40 driving direc-
tion east of Monday the 2002/10/28. The differences of the methods are clearly
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smaller than the order of magnitude of the fluctuations and can only be seen in
Fig. 5.24 (b) where a higher resolution is used. In a similar manner the variation
of the parameters only lead to marginal changings. This is why for the following
investigations 9 min moving averages MOV9 are used what is arbitrary. For com-
pleteness it has to be mentioned that especially using Fourier transform there are
many different kinds of filtering algorithms. For technical issues please refer to
the standard literature, for instance, [Hamming, 1983].
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Fig. 5.24. Different methods eliminating random noise. The traffic data are stemming
from the loop detector 5874-023-001 on the right lane of BAB 40 driving direction east
of Monday the 2002/10/28. The different methods are explained in the text, the example
parameters can be seen in Table 5.5. (a) A difference between the different algorithms is
hardly to see because of the magnitude of the fluctuations. (b) Only with a high resolution
the differences of the four different algorithms of Table 5.5 can be seen.

Algorithm Equation Parameter Value

AVGL Eq. 5.15 L 9
MOV2N+1 Eq. 5.16 2N + 1 9

EXPα Eq. 5.17 α 0.2
FFP Eq. 5.18 P 256

Table 5.5. Averaging algorithms and example parameters used in Fig. 5.24.

To quantify the magnitude of the noise the probability functions are investigated.
Therefore, for 320 days of the class TWT from 2001/01/09 to 2004/07/20 of the
detector 5874-023-001 on the right lane of BAB 40 driving direction east, the
difference ∆Jveh

of the raw data Jveh and the 9 min moving averages MOV9(J)
is calculated:

∆Jveh
= Jveh − MOV9(Jveh). (5.19)

After that, the values are rounded up to the first decimal place and the number
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N(∆Jveh
) of same values ∆Jveh

is divided by the total number of measurements
N to get the probability distribution:

P (∆Jveh
) =

N(∆Jveh
)

N
. (5.20)

The result can be seen in Fig. 5.25. The values follow in good approximation a
Gaussian distribution

P (x) =
1

σ
√

2π
exp

(
− [x − µ]2

2σ2

)
, (5.21)

with a standard deviation σ around a mean value µ. The outliers at the edges
indicate transitions from or to traffic congestions, and could not be interpreted as
fluctuations. To evaluate the predictability both, the standard deviation as well
as the outliers are of large interest, especially for one-step-ahead forecasts.

The same investigations are done for the other traffic data and the results can
be seen in Fig. 5.26. Whereas the distribution of the traffic flow of lorries Jlor in
Fig. 5.26 (a)and the occupancy ρrel in Fig. 5.26 (b) only show a little bit different
characteristic of the outlierers, the transitions from free flow to congestion and
vice versa influence drastically the distribution of the velocities of passenger cars
vpc in Fig. 5.26 (c) and that of lorries vlor in Fig. 5.26 (d). To analyse the data in
the right way, the approximations of the velocities are done with a superposition
of three Gaussian distributed functions with positive factors that sum to one:

P (∆v) = [1 − α − β]P (0, σ) + αP (µ−, σ−) + βP (µ+, σ+), (5.22)

with 0 < α < 1, 0 < β < 1, and α + β < 1. Thereby P (µ−, σ−) is the estimated
distribution of the systematical values under the mean (black in the graph), and
P (µ+, σ+) that of systematical values over the mean (blue). For completeness it
has to be mentioned, that for the velocity of passenger cars hold α = 0.05 and
β = 0.15, for that of lorries α = 0.15 and β = 0.23. Note, that in case of the
fluctuations under the mean value the data swings around the analytical function
because of the same round off errors mentioned in Sec. 4.2.5.

What is of basic interest here is of course the order of magnitude of the fluc-
tuations that can be approximated by the central distributions. The standard
deviations as well as the variances of the random noise that are approximated
with this method can be seen in Table 5.6 for all the raw data.

All the methods of eliminating noise discussed up to now smooth the curve over
adjacent data values. With the smoothing parameters in Table 5.5 only the num-
ber of values are chosen that are taken into account or their weight, respectively.
But with the choice of these parameters comes always the problem, that on the
one hand the fluctuations do not dissappear if too few values are taken into ac-
count, on the other hand also some essential peaks are smoothed if the interval
is chosen too large.
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Fig. 5.25. The probability distribution P (∆Jveh
) of the differences ∆Jveh

of raw data
of traffic flow Jveh and the 9 min moving averages MOV9(Jveh) during 320 days of
measurements of the detector 5874-023-001. Note the semilogarithmic plot. Apart from
outliers at the edges the points follow in good approximation a Gaussian distribution
(red) with zero mean µ and a standard deviation of σ = 2.6 veh/min.

Another method to investigate fluctuations and that does not use adjacent data
values is the use of the classified traffic time series with Eq. 5.14. Thereby the
data are averaged over the same time of day within the days of the same class.
In this case, the noise within the classification is considered.

In Fig. 5.27 (a) an example of the class TWT can be seen. In comparison to the 9
min moving averages it can be clearly seen, that the curve is even smoother. This
strongly depends on the particular classification and the number of days used for
that. The standard deviation σ is now calculated for each minute separately. To
get an impression of the fluctuations within the particular class, the raw data of
a single day is not enough. Therefore in Fig. 5.27 (b) also curves added by ±σ
(red) as well as ±2σ (blue) can be seen. It is quite clear, that also within a certain
class the fluctuations are very high.

If the traffic data is considered as a superposition of different long and short term
effects like done in [Zackor et al., 1996] or in [van Iseghem and Danech-Pajouh,
1999], the question comes up, how the fluctuations influence the time series in
detail. The crucial point is thereby, whether the superposition is additive (ho-
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Fig. 5.26. The same investigations like Fig. 5.25 for the other raw data of detector 5874-
023-001 for (a) the flow of lorries Jlor, (b) the occupancy ρrel. The raw data are the points,
the red curve mark an estimated Gaussian distribution. For the velocities of passenger
cars vpc (c) and lorries vlor (d) the outliers that indicate systematical fluctuations under
or over the mean are separately approximated with the black curve for under and the
blue curve for over the mean.

Data σ σ2

Jveh 2.6 veh/min 6.76 [veh/min[
2

Jlor 1.7 veh/min 2.89 [veh/min[2

vpc 3 km/h 9 [km/h[
2

vlor 3 km/h 9 [km/h[
2

ρrel 0.02 0.0004

Table 5.6. Standard deviation σ and the variance σ2 of random noise for the different
minute aggregated raw data. The values are approximated with the Gaussian distribu-
tions that can be seen in Fig. 5.25 and Fig. 5.26.



122 Empirical Data Analysis

 0

 5

 10

 15

 20

 25

 30

0:00 6:00 12:00 18:00 24:00

J v
eh

 [
ve

h/
m

in
]

time

raw data 2003/05/13
class TWT
MOV9

 0

 5

 10

 15

 20

 25

 30

0:00 6:00 12:00 18:00 24:00

J v
eh

 [
ve

h/
m

in
]

time

raw data 2003/05/13
class TWT
± σ
± 2σ

(a) (b)

Fig. 5.27. (a) The raw data of Tuesday 2003/05/13 of the loop detector 5874-023-001
on the right lane of the BAB 40 driving direction east in comparison to the classified
traffic time series of the class TWT (red) and the 9 min moving averages MOV9 (blue).
Whereas the moving averages smooth the curve over adjacent values, with the classified
traffic time series the fluctuations are considered within the particular class, in this case
TWT. (b) A basic characteristic of the fluctuations is their standard deviation σ that is
now calculated for each minute separately within the class TWT. In addition to the raw
data and the classified data the lines for ±σ (red) and ±2σ (blue) are shown.

moscedasticity) or multiplicative (heteroscedasticity). In detail, homoscedastic-
ity means, that the variance σ2 of the fluctuations is independent of the mean
value. The complement, heteroscedasticity, means, that for different mean values
different variances are measured.

To answer this question, a closer look is taken on the variances σ2 within the
classified traffic time series. Therefore the loop detector 5874-023-001 on the right
lane of the BAB 40 driving direction east is chosen.

In Fig. 5.28 three time series can be seen. On the top is the classified traffic
time series of the flow Jveh for the class TWT (320 days from 2001/01/09 to
2004/07/20). In the central are shown the variances σ2 of the traffic flow values
within this class for each minute separately. To compare them with the order
of magnitude of the variance of the distribution P (∆Jveh

) (see Table 5.6), this
is marked as the red line. It is quite clear, that the order of magnitude is quite
similar, although, if the variance is calculated for each minute separately, it can
be seen, that it follows nearly the characteristics of the mean daily traffic flow
and is in any case heteroscedastic. Even more, with an inreasing traffic flow, also
the variance increases.

This motivates to consider the fraction σ2/Jveh of the variance σ2 in regard to the
classified flow Jveh, what can be seen at the bottom. The values lie between 0.4 and
1.4, and although the characteristics of the daily traffic time series dissappears,
it seems, that the values are a little bit higher at night than during the day.
Further investigations show, that this is quite typical for the classified traffic flow.
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Fig. 5.28. The variance of classified traffic flow within the days of the classification. On
the top is the classified traffic flow Jveh of the class TWT for the detector 5874-023-001
on the right lane of the BAB 40 driving direction east. In the central is the variance σ2

for all traffic flow values of the class TWT for each minute separately. At the bottom is
the variance divided by the classified traffic flow σ2/Jveh. All values are calculated for
each minute separately. The red line mark the variance of the distribution P (∆Jveh

) (see
Table 5.6).

Depending on the particular measurement location and choice of the classification
sometimes also at other times the variance can reach values up to one, two, or
even three times of the value of the classified flow.

To interpret this result it has to be considered what is done in detail. First, the
classified traffic flow is calculated with Eq. 5.14, so it depends on the class Dn and
is calculated for each time step t separately: Jveh = Jveh(GDn , t). To be precise,
what can be seen in Fig. 5.28 is the mean value of the traffic flow of all days that
are elements of the group GDn of the class Dn. In the particular case are this all
Tuesdays, Wednesdays, and Thursdays: Dn = TWT.

In the same manner the variance depends on the group GDn and the time t:
σ2 = σ(GDn , t)2. It is a measure for the fluctuations within the particular class
Dn and so for the stability of the classified traffic time series. The higher the
variance, the higher are deviations within the data of the classified days. If the
classified traffic time series is used for forecast the variance is a crucial information
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for the quality that can be expected for the forecast.

Obviously the deviations of the classified traffic flow are a little bit higher at
night. For the rest of the day hold in good approximation

σ(GDn , t)2

Jveh(GDn , t)
≈ const . (5.23)

Investigations with other loop detectors confirm Eq. 5.23 for several periods of
the day. Nevertheless, sometimes the fraction is increased. For this, there could
be several reasons.

One possible reason is, that the classification might be insufficient for the partic-
ular detector. The classification that is used up to now distinguishes the different
weekdays. But is this in general a suitable classification? To answer this ques-
tion, in Sec. 6.1 an algorithm is developed, that classifies daily traffic time series
automatically.

Another reason is that there are days with special events that cannot be con-
sidered within the classification. Whether the influence of special events can be
forecast or not depends strongly on the kind of the particular event. This question
is discussed in Sec. 5.6.2.

Furthermore, it can be sometimes basically difficult or even impossible to estimate
the traffic data at certain times. For instance, fluctuations at night, when there
is no interaction between the vehicles, are nearly unpredictable.

Up to now the investigations are only done for the classified traffic flow
Jveh(GDn , t). Especially the variance σx(GDn , t)2 in regard to the variance of the
distribution P (∆x) (see Table 5.6), and the fraction σx(GDn , t)2/x(GDn , t) offer
useful information about the quality of using classifications of any kind of traffic
data x for forecasts. Thus, the same investigations are done for the other available
traffic data of the detector 5874-023-001 on the right lane of the BAB 40 driving
direction east. For that also the 320 days of the class TWT from 2001/01/09 to
2004/07/20 are used.

For the traffic flow of lorries Jlor(GDn , t) that can be seen in Fig. 5.29 (a) holds
Eq. 5.23 quite exactly. Furthermore σJlor

(GDn , t)2 is of the same order of magni-
tude as the variance of P (∆Jlor

) (red line). This is completely different in the oc-
cupancy data ρrel(GDn , t) in Fig. 5.29 (b). In the fraction σρrel

(GDn , t)2/ρrel(GDn , t)
the highest outliers of all the traffic data are observed. Furthermore the variance
σρrel

(GDn , t)2 is much higher than the variance of P (∆ρrel
). This also holds for

both the velocity of passenger cars vpc(GDn , t) in Fig. 5.29 (c) and that of lorries
vlor(GDn , t) in Fig. 5.29 (d). For both velocities the variance is also significantly
higher at night. The reason therefore is already mentioned: because of the missing
vehicle to vehicle interaction the velocity is nearly random. Furthermore, during
the day the curve is very unstable at typical times with a high congestion proba-
bility. But for the other periods the magnitude of σv(GDn , t)2/v(GDn , t) is smaller
than one for both velocities and thus lower than those of the traffic flow.
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Fig. 5.29. The same graphs like in Fig. 5.28 for the other raw data obtained by the loop
detectors: a) traffic flow of lorries Jlor(GDn

, t), b) occupancy ρrel(GDn
, t), c) velocity of

passenger cars vpc(GDn
, t), and d) velocity of lorries vlor(GDn

, t). The variances of the
distribution P (∆x) for each particular traffic data x from Table 5.6 can be seen as red
lines. Whereas the fraction σ2/Jlor of the flow of lorries is very stable, that of the velocities
(σ2/vpc and σ2/vlor) is in general lower. Only at night and at typical congestion times it
is increased. The variance σ2 of the classified occupancy shows many large outliers what
is an indicator for large forecast errors, at least if the forecast is done with classification.
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5.6 Interpretation

At this point the basic results of the empirical data analysis are discussed in
connection with the results of the former works in Chapter 3. The objective
is to understand the physical background that is necessary to formulate a new
traffic forecast method that can be used for applications in general. Therefore it is
important to analyse which data can be forecast and which method is appropriate
for which forecast horizon.

5.6.1 Data to Forecast

In the forecast methods mentioned in Chapter 3 and in all analyses up to now
following data is estimated:

• flow J (even distinguished in that of all vehicles Jveh, passenger cars Jpc,
or lorries Jlor),

• demand Q,

• density ρ,

• occupancy ρrel,

• velocity v (even distinguished in that of all vehicles vveh, passenger cars vpc,
or lorries vlor), and

• travel time T .

Which data is chosen of course depends on which data is available for analysis, and
which data one is interested in. In most cases like in this work flow J , oppupancy
ρrel, and velocity v are directly measurable using inductive loop detectors. To
measure the density ρ directly is very difficult. In most cases ρ is estimated
assuming homogenous traffic conditions from J and v using Eq. 2.4. In this case
it makes more sense to forecast J or v directly, and if one is interested in ρ it can
be calculated thereafter.

This holds also for travel times T . Although in the meanwhile there are several
methods of directly measuring T as used in [Matsumura et al., 1998, Sun et al.,
2003], even in newer works T is estimated from other measured raw data [Bovy
and Thijs, 2000, van Lint, 2004], in most cases this is v.

Both, v and T are completely unsuitable for forecast in case of free flow. What
is meant with free flow here, is that there is no interaction between vehicles, like
often observed at night. Both data depend completely on the desired v, which
can strongly differ and lead to high deviations in forecasting it, as shown in the
variance of the classified time series.

At this point it must be known, that there is a strong dependence among the traf-
fic data. How the data depend on each other in detail has much to do with the
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dynamics of the traffic and is part of many former investigations and discussions.
For instance, whereas Kerner and Rehborn [1996] propose a three phase theory of
traffic, Helbing et al. [1999] distinguish five different kinds of congestions. The in-
terested reader is referred to the extensive literature, especially to the referrences
in [Ceder, 1999, Fukui et al., 2003, Helbing et al., 2000, ITS International, 2002,
2003, Taylor, 2002].

Apart from this discussion it is an undisputable fact, that free flow traffic and
congested traffic can be clearly distinguished. The free flow regime is clearly
characterised by high velocities. Each vehicle has no or nearly no interaction
with other vehicles and can drive as fast or nearly as fast as the driver wants.
This can be seen in an easy way in the fundamental diagrams in Fig. 5.30. The
regions for velocities v > 90 km/h cover a large region of the possible traffic
flow J , whereas only little changes of the occupancy ρrel and the velocity v are
observed. Thus, in free flow the traffic data that describes the traffic state most
exactly is the traffic flow J .

This changes drastically in congested traffic. Congested traffic could appear, when
the traffic flow J crosses a certain maximum limit. During a congestion J de-
creases, the occupancy ρrel (as well as the density ρ) increases and the velocity v
decreases. This can be seen in Fig. 5.30 (d) – (f).

How this happens in detail is investigated with spatial temporal traffic models
and is part of the discussions mentioned above. Many of the traffic models that
are proposed in this extensive literature could make estimations of the spatial
temporal extension and moving of a traffic congestion. In opposite to this, the
formation of a traffic congestion can only be phenomenologically described. The
exact time of a formation of a traffic congestion can only be statistically described
and has large variances in regard to the fluctuations that are observed in the
velocity and the occupancy.

The traffic data that are most feasible for forecasts are the traffic demand Q or
the traffic flow J , respectively. But whereas the traffic flow J is clearly defined as
a measureable observable in Sec. 2.1, up to now it is not clearly defined what is
meant with traffic demand. This lies in the fact, that both data are very similar
and in many applications the traffic demand and the traffic flow are only two
expressions for the same thing.

This is not the general case. There is a basic difference between the traffic demand
and the traffic flow. The traffic flow is an observable that is clearly defined by
Eq. 2.1 and can be easily measured by the inductive loop detectors. The traffic
demand is a measurement for the need for mobility on a certain section. It is the
number of vehicles, whose drivers try to pass the cross section. The traffic demand
can also be defined as the traffic flow on motorways with infinite capacity. That
means motorways, where all drivers could always drive as fast as they can. In
general, that means for the most time t of the day, the traffic demand Q(t) is
very similar to the traffic flow J(t). But to be precise, three cases have to be
distinguished. In the region where there is no vehicle interaction holds
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Fig. 5.30. Local fundamental diagrams of the cross section 5877-019 driving direction
east. Shown is the traffic flow J aggregated over the three lanes of the cross section on
the ordinate and the occupancy ρrel averaged over the three lanes on the abscissa. The
small points mark all measured data. The red squares show the data for the particular
velocities v.
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J(t) = Q(t). (5.24)

In this case the traffic demand is exactly the traffic flow. This happens mostly at
night.

During the most time of the day there is a lot of vehicle interaction, but the
vehicles could drive nearly as fast as they want and

J(t) ≈ Q(t). (5.25)

The third case is a traffic congestion. The capacity of the road could not cope
with the traffic demand:

J(t) < Q(t). (5.26)

In case of a congestion, vehicles cannot pass the road in the desired time and the
traffic flow is reduced by a negative addend ∆jam(t):

J(t) = Q(t) + ∆jam(t). (5.27)

These vehicles have to pass it a little bit later. Then the traffic flow is the sum of
the demand of this time and the flow ∆delay(t) that come from delayed vehicles:

J(t) = Q(t) + ∆delay(t). (5.28)

If a conservation of vehicles is assumed it holds

∫ tend

tjam

[∆delay(t) + ∆jam(t)] dt = 0. (5.29)

Thereby tjam is the time the congestion begins and tend the virtual time when
the last delayed vehicle passes the cross section because of this congestion.

The traffic flow can always be measured in opposite to the traffic demand. Thus,
the traffic demand is the data to be estimated. A schematical scetch of such an
estimation can be seen in Fig. 5.31. Some of these considerations are also already
used in [Krause, 1988], but it comes out that the estimation of the traffic demand
is very difficult. Especially in practise Eq. 5.29 does not hold exactly because of
underestimations of the measured J(t) in case of a traffic congestion. The problem
is already discussed in detail in Sec. 4.2.6.

The reason, why the traffic flow J shows that stable structures is, that all daily
or seasonal, recurrent or special, predictable or unpredictable causes first lead to
a certain traffic demand Q. Then, all the measureable traffic data are only the
observables of the traffic states, that are caused by Q. Because J is very similar
to it, the most feasible forecast results are obtained for J .

Nevertheless, if anyone wants to forecast anything in traffic, the first objective
must be to forecast the traffic demand. Unfortunately the traffic demand is not
measurable in an easy way. But the traffic flow is a reliable approximation for it.
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Fig. 5.31. 21 min moving averages of measured traffic flow J(t) and velocity v(t) of
the cross section 5877-019 at Thursday 2004/07/15. For the time beyond the traffic
congestion, that is indicated by the decreased velocity, it holds J(t) ≈ Q(t). For the time
with congestion the demand Q(t) is schematically estimated with the red line. In case
of the traffic congestion vehicles could not pass the cross section in the desired time and
J(t) < Q(t). Because they have to pass it later, then J(t) > Q(t).

Very important is the reason, why there are recurring structures in the traffic
demand. Of course a vehicle is neither present or absent on a network because it
is for instance 9:00. Rather, these temporal factors are only descriptive variables
that represent the effects of the temporal and location specific distribution of
activities that generate traffic demand. A basic method must be found, how
recurring structures can be found and how they could be used for forecasts. To
structure the problem, in the next section some considerations about the different
methods in regard to different forecast horizons are done.

5.6.2 Methods Depending on the Forecast Horizon

In Chapter 3 several former works forecasting different traffic data are presented.
With the empirical results obtained in this work it is now quite comprehensible
how they work, and which method is most feasible for forecasts. It can be seen
in the following, that this depends strongly on the forecast horizon.
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Especially the ARIMA and the parametric regression methods presented in
Sec. 3.1.3 work quite well for short term forecasts, especially for the one-step-
ahead forecast. How this works is quite easy to understand with the results of
Sec. 5.5. The most ARIMA methods used for traffic forecasts are of low order
and are basically used to eliminate the noise. This can also be understood if the
similarities of Eq. 5.16 and Eq. 3.13, or Eq. 5.17 and Eq. 3.18 are considered, re-
spectively. Therefore the most recent measured values are used depending on the
particular choice of the order of the model and the parameters. Physically, this
method is completely equal to the naive predictor. The traffic state is estimated
to keep as it is, perhaps with a positive or negative trend. The particular choice
of the parameters may depend on the particular investigated traffic data, but is
no basically different approach. Note, that investigations in [Chrobok et al., 2004]
show, that a trend model fast leads to large over- or underapproximations.

For short forecast horizons there is no better method to forecast traffic data than
these low order parametric regression techniques. Especially the investigations in
Sec. 3.6 have proved, that it does not depend on the complexity of the algorithm
how feasible the forecast results for one-step-ahead forecasts are.

The only way to improve these results is to use adjacent data, for instance, with a
spatial temporal traffic model. An investigation of this is not part of this work, but
in the forecast application presented in Chapter 7 a microscopic traffic simulation
model is used to enhance the short term forecast.

For longer forecast horizons classified historical traffic time series show feasible
results. Also the empirical results of the fluctuations within a certain classification
show, that a classification using similar conditions make sense. But to improve
the forecast results, also other external influences than the calendary differences
have to be considered. The circumstances that influence the traffic must be as
similar as they could. On the other hand not for every day of the year a classi-
fication is needed. The results that could be seen in Fig. 5.8 and Fig. 5.9 show,
that only a part of the mean daily traffic (MDT) differences can be explained
with the changings according to the weekdays. The question is, how an adequate
classification according to the circumstances that crucially influence the traffic
can be determined.

A way to do this is the application of a clustering algorithm as done in the
ATHENA method (cp. Sec. 3.4 on page 43). After the clustering each cluster
forms a class Dn and with the data of all days of the group GDn the classified
traffic time series can be calculated and can be used for forecast. This procedure
solves the problem of automatically finding a suitable classification. The problem
left is to assign different attributes to the days. These attributes must be also
those that come because of the calendar like “day of the week” or “holiday” as
well as those that come because of special events like “football”. The attributes
must be known and assigned from the first. Otherwise it is not possible to assign
later the day whose data should be forecast to the adequate cluster.

The classification according to attributes is nothing else than a way to put exter-
nal knowledge in the forecast algorithm. The analysis of the special events show,
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that any kind of knowledge can enhance the forecast result. Thus, those attributes
should be all causes that influence the traffic. But as discussed in Sec. 5.4, not
all of them can be forecast. Thereby, the predictability of the event or the cause
itself has to be distinguished from its effect on the traffic state or the accuracy
with which it can be estimated, respectively.

In regard to this, in Table 5.7 the events of Sec. 5.4 are qualitatively considered.
If the cause is not known before as in case of accidents, it does not make sense
to assume the attribute “accident” to the time series that should be forecast. In
the most cases, for instance, in case of road works or big events, the cause is well
known before and even in case of weather conditions there is a certain possibility
to feasibly forecast them hours before.

event predictability
cause effect

accident unpredictable unpredictable
weather depends on partially

weather forecast predictable
road works known before partially

predictable
big events known before partially

predictable
network known before nearly

changings unpredictable

Table 5.7. Different special events discussed in Sec. 5.4 in regard to the predictability of
the cause and the predictability of the effect. For an adequate forecast cause and effect
must be predictable.

The predictability of the effect with known cause depends on the stability with
which the same cause is leading to the same effect. In case of accidents there
are a variety of different possible circumstances. It is often even difficult to make
statements about for how long an incident influences the traffic hours after it
happened. Similar conditions hold for all unique events, especially changings of
the network. In this case it is unpossible to apply any model based on cause and
effect.

For all recurring events with stable effects the impact can be approximated. If the
event is always at the same time, a cluster including this event can be considered.
If the event is at different times like the television broadcasts of the football
matches, the netto effect must be filtered.

To consider circumstances that are not known but that also influence the traffic
state, nonparametric regression techniques in form of a state space model can
help (see Sec. 3.2). The benefit of a state space model is, that no considerations
about any events or even calendary differences are necessary. To forecast the
traffic states only the nearest neighbours in phase space have to be determined.
The problem with this method is, that the effects of special events, that are as
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well known before as their effects on traffic states in past, could not be considered
until the first changings in the measurements appear.

To understand this clearly the case of the television broadcast of the football
matches in Fig. 5.20 is considered. What a state space model does is, that states
in the past are compared with the current state. From the manner, how a similar
state in the past evolves, the future state is estimated. Apart from the fact how
the states are defined and which distance in phase space is used in detail, we could
consider the classified traffic time series as an aggregation of similar states in the
past and deviations from the fraction Jrel = 1 as distances. Now, the evolution
of the past is taken for the future approximation. But this means in most cases
exactly those states for that also hold Jrel ≈ 1. Not until the first clear deviations
of the traffic flow are measured, such as two or one hour before the kick off time,
this effect can be forecast in general. With larger forecast horizons, this event is
even completely unpredictable with the state space model.

This is based on the fact, that the state space model works only on the level of
the measured traffic data and does not use any external knowledge about the
reasons for that. But the measured traffic data and all the observables are only
the symptoms of the activities that lead to different traffic conditions. Thus,
solely using a state space model with measured traffic data can never reach the
accuracy of a system where the causes that lead to the traffic are considered.

Nevertheless, a state space model is useful when the causes that lead to a par-
ticular traffic state are not known and this is mostly the case. The events that
can be seen in Table 5.7 are only a small amount of everything that influences
the traffic. All the particular reasons of all the single drivers are not known, but
they influence the traffic. In this case a state space model works quite well and
offers useful information.

Note, that especially for a single cross section the forecast using a state space
model is even more difficult because of the fluctuations. Nevertheless all consid-
erations have to be done in regard to the particular location, that means for each
cross section separately. If any lane resoluted information is needed, this must
even be done for each loop detector separately. Thus, before using a state space
model the data have to be smoothed.

Up to now it could be seen, that different forecast algorithms mentioned in Chap-
ter 3 work for different forecast horizons. The information of causes that influence
the traffic are the base for feasible forecasts and they can be used in form of clas-
sifications. For all causes that are not known most recently measured traffic data
can be used in form of a state space model. For short term forecasts the most
recently measured traffic data prepared with low order parametric regression
models provide feasible results.

These answers lead directly to some problems that have to be considered in the
next chapter to develop a new general basic traffic forecast algorithm. The first
problem is how a suitable classification can be found and how the system can be
fed with information. Furthermore this must be done automatically for each loop
detector separately. This is the largest part of the next chapter.
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Thereafter, the forecast data must be calculated. In doing so basic changes of the
network have to be considered as well as events that are not part of the classifi-
cation. Because parametric regressions of most recently measured data show the
best results for short term horizons, it has to be investigated, for how long this
is the case. Finally the most recently measured data is considered according to a
state space model.
Before this is done, a short look should be taken on the neural networks, that are
not considered in this work for further investigations. The neural networks men-
tioned in Sec. 3.3 are a mathematical formulation of processes that are expected
to happen in the human brain. Thereby the basic idea is the opportunity of self
learning. If neural networks are considered as sufficiently sophisticated the whole
process of knowledge based systems could be treated by them automatically. But
the state of the art is far away from that. The neural networks used today are
not sufficiently comparable with the human brain. Those that are used for traffic
forecasts consist only of a few layers with some neurons. The former works show,
that they are neither able to enhance the performance of even the naive pre-
dictor on short timescales [Dougherty and Cobbett, 1997, Lee and Choi, 1998],
and even the ability to recognise recurring structures is limited to distinguish
the seven days of the week [van der Voort et al., 1996]. Many authors conclude
that the results are unsatisfying, but that they expect the neural network to be
superior to other methods sometimes. But the enhancement of neural networks
is not part of this work.



Chapter 6

New Forecast Algorithm

“Savoir pour prévoir, afin de pouvoir.”

Auguste Comte

(1798 – 1857), French philosopher

In this chapter a new traffic forecast procedure is introduced. Therefore, some
open questions are investigated that come from the former works and the em-
pirical results. In the following section a method is proposed that automatically
calculates the classification for each loop detector separately. Thereafter it is
analysed how the forecast data can be feasibly calculated with this classification,
especially in regard to automatic adaptivity.

Then it is considered how most recently measured data can be considered
in the forecast algorithm. Therefore the forecast horizons are quantified, for
which parametric regression methods of the most recently measured data
outperform the classified traffic flow time series. Furthermore another approach
to use most recently measured data is proposed that uses the method of
nearest neighbours in phase space. Finally, the results of long term forecast,
short term forecast, and combinations are shown for all the available traffic values.

6.1 Classification with Cluster Analysis

The idea of a classification is, that the causes that influence the traffic are con-
sidered in that sense, that for a certain time interval of a traffic time series under
certain conditions the traffic data can be estimated from past time series under
similar conditions. At night there is in general very little traffic and it makes
often sense to choose the 24 hours of a day as time interval.

The conditions can be assigned to the days in form of attributes. Thereby it
is essential to distinguish attributes with a large influence on traffic from those
without one. This distinction is important. If the classification goes too far and
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too many attributes per day are considered, days exist with unique attributes
and the classification cannot be used for forecasts.

Whereby long term forecasts with classified traffic time series are quite feasible,
in most works that are mentioned in Sec. 3.4 the classification is done manually.
Thereby, the individual classification differs and it depends, where the data are
exactly stemming from. As discussed there is also a strong spatial dependence
and if a lane resoluted information is needed the classification must be chosen
even according to this.

This leads directly to the question, how the process of classification can be done
automatically. About this only little investigations are done. Most of the works
deal with the problem of automatic pattern recognition [Bajwa et al., 2003,
Whiteley and Davis, 1993]. In some works cluster algorithms are applied, but
the attributes of the clusters are analysed manually. Within the ATHENA and
the KARIMA approach (see Sec. 3.4 on page 43 and Sec. 3.5.2 on page 56, re-
spectively) the properties of the day of the week changings are arranged with the
k-means cluster algorithm or a self organizing neural network, respectively. In
both cases the clusters are interpreted manually. In newer works like in [Nowotny
et al., 2003] or in [Chung, 2003] other cluster algorithms are used and also holidays
and weather conditions are considered as attributes.

Which cluster algorithm works best is often an essential question. All algorithms
can basically be distinguished in partitioning clustering and hierarchical cluster-
ing. Partitioning clustering partitioned objects in a particular number of clusters.
In hierarchical clustering this is not done, but a series of partitions takes place
resulting in a dendogram, which is a two dimensional diagram that illustrates
the fusions or divisions made at each successive stage of analysis. That may run
from a single cluster containing all objects to a certain number of clusters each
containing a single object.

The question, which cluster algorithm is most feasible according to daily traffic
data is considered in [Kleinhans, 2002]. Because a dendogram of such a large num-
ber of objects like thousands of daily traffic time series is difficult to interpret,
the author states that hierarchical cluster algorithms are not useful for that pur-
pose in general. Finally, a k-medoid cluster algorithm is for several reasons found
to be most feasible for that purpose. It also outperforms the k-means method
that is often used, for instance, for the ATHENA method. Thus, in the following
the k-medoid cluster algorithm is used. First, a short introduction is given. The
interested reader is even referred to [Kaufman and Rousseeuw, 1990].

6.1.1 K-Medoid Cluster Algorithm

What is needed first for every cluster algorithm is the definition of an object ~si

and a distance di,j to compare two objects ~si and ~sj. For that the definition of
a state space vector proposed in Sec. 3.2.1 can be used as an object and the p-
norm (Eq. 3.37) of the difference of two vectors as the distance. Kleinhans [2002]
states that for daily traffic time series as state space vectors the Manhattan
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metric (p = 1) works better than the Euclidean distance (p = 2), because the
squaring leads to an exorbitant influence of outliers. Then, the algorithm acts in
two phases.
In the first phase, an initial partition with k clusters is calculated. Therefore
all objects ~si are divided in so called normal objects ~nj and representatives ~rl.
Thereby, each normal object belongs to exact one of all representatives. A repre-
sentative with all its normal objects forms a cluster.
As the first representative the object is chosen for that the sum of the distances
is minimum:

~r1 = ~si, (6.1)

with

i = arg min
i


∑

j 6=i

d(~si, ~sj)


 . (6.2)

Thereby the operator arg means the argument of the operator min, in this case i.
To obtain a new representative ~rg, the normal object ~nc acts as candidate. Then
for each other normal object ~nj the difference between the distance Dj to its
current representative and the distance to the candidate d(~nj , ~nc) is calculated
and used as the contribution Cjc if it is positive:

Cjc = max(Dj − d(~nj, ~nc), 0). (6.3)

The candidate ~nc0 for that holds

c0 = arg max
c


∑

j

Cjc


 (6.4)

is chosen as a new representative ~rg = ~nc0 , that acts then as a representative for
all normal objects ~njg , for that it is the nearest representative

~rg = arg min
~rl

(
d(~njg , ~rl)

)
. (6.5)

Up to k (l = 1, 2, ..., k) representatives candidates are chosen and new represen-
tatives are calculated.
In the second phase, an attempt is made to improve the set of representatives.
This means, that the sum of the distances

Tjgg =
∑

jg

Cjgg (6.6)

of the normal objects ~njg to their representatives ~rg must be minimum.
Therefore, for each pair consisting of a representative ~rl and a normal object
~nc, the part P (Cjl, Cjc) for the normal object ~nj is calculated if ~nc would be a
representative and ~rl a normal object. Here P (Cjl, Cjc) is the part of this change in
the overall distance of the normal objects to their representatives. It is calculated
according to the following conditions:
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• if d(~nj, ~rl) > Dj and d(~nj , ~nc) > Dj , then P (Cjl, Cjc) = 0.

• if d(~nj, ~rl) = Dj , two cases must be distinguished:

– if d(~nj, ~nc) < Ej, then P (Cjl, Cjc) = d(~nj, ~nc) − d(~nj, ~rl),

– else, if d(~nj , ~nc) ≥ Ej , then P (Cjl, Cjc) = Ej − Dj .

Thereby Ej = d(~nj , ~rs) is the distance from ~nj to that representative ~rs, so
that Ej is the second smallest distance among all the distances from ~nj to
the representatives.

• if d(~nj, ~rl) > Dj and d(~nj , ~nc) < Dj , then P (Cjl, Cjc) = d(~nj , ~nc) − Dj .

Finally the sum of all contributions of the change of ~nc and ~rl is calculated as

Tlc =
∑

j

P (Cjl, Cjc), (6.7)

and this pair (~nc,~rl) is chosen for that Tlc is minimum. Is this minimum nega-
tive, the exchange is executed and the second phase starts from the beginning,
otherwise the algorithm ends.
Finally, the representatives ~rl together with all the normal objects ~njl

that belong
to them, act as one cluster.

6.1.2 Clustering of Days According to Attributes

The first objective is to calculate classified daily traffic time series. Thus, as
objects or state space vectors ~si act in general the daily traffic time series. The
results of investigations about the variances within a certain classification around
the mean value in Sec. 5.5 have shown, that also in cases of a suitable classification
the values of the velocity and the occupancy are very unstable. The analyses of
Kleinhans [2002] have proofed, that this is also the case if multivariate objects
are used for the cluster algorithm.
Thus, univariate state space vectors are used here. Furthermore to avoid misin-
terpretations because of fluctuations, the 24 hourly aggregated values µj of the
traffic flow are used:

~si = (µ1, µ2, ..., µ24). (6.8)

With this the k-medoid algorithm can be applied to the traffic flow of different
days of a particular cross section.
In [Danech-Pajouh and Aron, 1991] and [van der Voort et al., 1996] the cluster-
ing is only applied to group the days according to the day of the week changes.
The days that belong to each cluster are interpreted manually. Kleinhans [2002]
uses different numbers of k and visualises the clusters in the calendar with dif-
ferent colours. Nevertheless the properties of the clustered days are interpreted
manually.
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Thereby it is an indisputable fact, that the attributes of the days have to be en-
tered manually. Especially for feasible forecasts, it is essential to know the crucial
attributes of a day before. Thus, each attribute that is supposed to influence the
traffic state and to improve the forecast, must be assigned to each particular day.
Then, when the cluster algorithm is applied to all the days, the clusters must be
interpreted according to the attributes. Therefore, in [Danech-Pajouh and Aron,
1991] the authors use a predisposed number of k = 4 groups and the case that
each weekday has its own characteristics is excluded a priori.
To avoid this, if m attributes are considered the days have to be clustered in at
least m groups. If also misinterpretations of undetected errors in measurements
as well as special events that are not assigned to a particular day have to be taken
into account, the number of groups have to be chosen as at least k = m+1. This
rule is called in the following the m + 1-rule and means the minimum number of
k = m + 1 groups if an analysis in regard to m attributes is done. How large k
has to be finally chosen is discussed later.
Then, the cluster algorithm is applied and the ratio rai,c with that days with the
attribute ai belong to cluster c can be easily calculated by dividing the number
of days Nai,c with attribute ai that belong to cluster c by the total number of
days Nai

with attribute ai:

rai,c =
Nai,c

Nai

. (6.9)

An example for such ratios in case of the seven weekdays as attributes can be
seen in the histogram in Fig. 6.1. For convenience the following abbreviations in
regard to the day of week attributes are used:

• Monday =̂ a1 = Mo,

• Tuesday =̂ a2 = Tu,

• Wednesday =̂ a3 = We,

• Thursday =̂ a4 = Th,

• Friday =̂ a5 = Fr,

• Saturday =̂ a6 = Sa,

• Sunday =̂ a7 = Su.

As database hold in this example all days with more than 1,200 minutes feasible
traffic flow data according to Sec. 4.2 of the days from 2001/01/01 to 2004/07/31
(Ndays = 1307) of the loop detector 5877-019-001 on the right lane of the BAB
40 driving direction east. The number Ndays = 1307 of the days when data is
available is essential, because if k = Ndays, each day forms a separate cluster.
This means that each day is unique and forecasting using classification is not
possible. If classification should be used it must be ensured that k � Ndays which
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Fig. 6.1. Histogram of the seven weekdays according to 8 clusters after a k-medoid
cluster algorithm is applied to the traffic flow data of loop detector 5877-019-001. Shown
is the ratio rai,c with that the day of week represented by the attribute ai belongs to
one of the eight clusters c. The number of clusters is k = 8 according to the m + 1-rule,
what is a lower bound if m attributes are investigated. Whereas the days from Monday
to Thursday mainly belong to the groups c = 1 and c = 4, Fridays belong to c = 6,
Saturdays to c = 3, and Sundays to c = 2, c = 5, c = 7, and c = 8.

can be interpreted as an upper bound in opposite to the m + 1-rule, what is a
lower bound.

The question is, how the result can be interpreted automatically. Therefore it
is proposed to form a k-dimensional vector of belongings ~bai

with the ratio of
belongings rai,c of the different clusters c = 1, 2, ..., k. For the example above the
belonging vectors can be seen in Eq. 6.10 whereby the ratios are rounded to two
digits.
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~bSu = (0.00, 0.38, 0.01, 0.00, 0.30, 0.00, 0.11, 0.21),
~bMo = (0.22, 0.01, 0.02, 0.68, 0.03, 0.01, 0.02, 0.00),
~bTu = (0.23, 0.00, 0.01, 0.71, 0.01, 0.02, 0.02, 0.00),
~bWe = (0.22, 0.00, 0.00, 0.60, 0.01, 0.14, 0.03, 0.00),
~bTh = (0.31, 0.01, 0.01, 0.44, 0.06, 0.16, 0.08, 0.00),
~bFr = (0.16, 0.01, 0.03, 0.03, 0.03, 0.74, 0.00, 0.00),
~bSa = (0.00, 0.01, 0.93, 0.00, 0.01, 0.00, 0.02, 0.04).

(6.10)

Now the belonging vectors can be compared using distance measures d(ai1 , ai2) =
‖~bai1

−~bai2
‖ in regard to a certain norm ‖·‖. Which norm finally is used influences

the result only in marginal cases. But for comparability of the distances especially
in regard to different dimensions k of the vectors that are needed later, it has to
be considered that for all the belonging vectors hold ‖~bai

‖1 = 1 apart from their
dimension k. Thereby ‖ · ‖1 denotes the 1-norm or Manhattan metric. This lies in
the fact, that the vectors consist of the ratios of belongings rai,c that sum to one
independently of the dimension k. If another p-norm should be used, all vectors

have to be normalized in regard to that norm ~bnorm =
~b

‖~b‖p
before calculating the

distance.
For instance, consider the simple case of two very crucial attributes that arrange
the time series in k = 2 clusters. The belonging vectors are

~b1 = (1, 0) (6.11)

and
~b2 = (0, 1), (6.12)

the distance according to the Manhattan metric

dManhattan,1,2 = ‖~b1 −~b2‖1 = 2, (6.13)

and according to the 2-norm

dEuclidean,1,2 = ‖~b1 −~b2‖2 =
√

2. (6.14)

If now a cluster algorithm with, for instance, k = 4 is applied, the time series
may be arranged because of additional attributes dividing the two clusters of the
2-medoid algorithm in equal parts resulting in

~b3 = (0.5, 0.5, 0, 0) (6.15)

and
~b4 = (0, 0, 0.5, 0.5). (6.16)

Whereby the Manhattan metric stays the same

dManhattan,3,4 = ‖~b3 −~b4‖1 = 2, (6.17)
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the Euclidean distance is now

dEuclidean,3,4 = ‖~b3 −~b4‖2 = 1. (6.18)

Thus, if the Euclidean distance should be used, the vectors first have to be nor-
malized. In the example the 2 dimensional vectors do not change because the
norms of ~b1 and ~b2 are 1. But the 4 dimensional vectors are now

~b3,norm = (
√

0.5,
√

0.5, 0, 0) (6.19)

and
~b4,norm = (0, 0,

√
0.5,

√
0.5), (6.20)

and the distance is, as in the 2 dimensional case, dEuclidean,3,4,norm =
√

2.
For the belonging vectors in Eq. 6.10 the distances dManhattan in regard to the
Manhattan metric can be seen in the upper right half of Table 6.1. The values
on the diagonal are always zero, because the distance of a vector to itself is
zero for every norm. In the lower left half of the table the Euclidean distances
dEuclidean,norm of the normalized vectors can be seen.

ai Su Mo Tu We Th Fr Sa

Su 0 1.862 1.932 1.921 1.827 1.908 1.844
Mo 1.383 0 0.115 0.280 0.524 1.460 1.887
Tu 1.407 0.051 0 0.268 0.561 1.552 1.944
We 1.401 0.208 0.196 0 0.345 1.306 1.944
Th 1.363 0.403 0.407 0.282 0 1.193 1.922
Fr 1.392 1.320 1.317 1.164 1.061 0 1.910
Sa 1.385 1.391 1.408 1.414 1.406 1.387 0

Table 6.1. The distances of the belonging vectors ~bai
in Eq. 6.10 in regard to the

Manhattan metric dManhattan in the upper right half of the table and to the Euclidean
distance dEuclidean,norm in the lower left half. Note, that it is important to normalize
the vectors of Eq. 6.10 in regard to the particular p-norm, if the distances should be
comparable for different dimensions of the vectors. The distances offer useful information
which days behave in a similar manner and which weekdays are completely different.
As easily can be seen, the distances of the days Monday to Thursday are significantly
smaller than those of the other days, what is in excellent agreement with the results in
Sec. 5.3.

It can be seen, that the distances among the working days Monday to Thurs-
day are significantly smaller than those of the other days, what is in excellent
agreement with the results in Sec. 5.3. Whereas the quantitative values differ,
the qualitative result becomes quite clear. As mentioned above, the choice of
the norm is not essential for the basic result. For following investigations the
Euclidean distance is used.
To assign the attributes to a certain group, the distances are compared with a
certain limit dlim, and if for the distance d(~bai1

,~bai2
) of the belonging vectors with



6.1 Classification with Cluster Analysis 143

the attributes ai and aj hold

d(~bai1
,~bai2

) < dlim, (6.21)

the attributes are joined to a class Dn = (ai1 , ai1).

Normally this goes straight forward as can be seen by the values of Table 6.1. To
handle some conflicts, the following easy clustering algorithm is applied. Start-
ing from the smallest distance d(~bai1

,~bai2
) for that hold d(~bai1

,~bai2
) < dlim, the

particular two attributes ai1 and ai2 are joined. Then, the next smallest distance
d(~bai3

,~bai4
) between the attributes ai3 and ai4 is considered. In the case, that

d(ai3 , ai4) < dlim and the element ai3 is already in a class Dn = (ai3 , ..., aix), then
the element ai4 joins this group, only if the distance limit is not exceeded even
for all other elements in this group. Otherwise, the algorithm proceeds with the
next smallest distance, up to the case that the next smallest distance exceeds the
limit d(~baix

,~baiy
) ≥ dlim.

Because this kind of classification needs two cluster algorithms, the whole pro-
cess of assigning particular attributes to the days, using the k-medoid cluster
algorithm, forming the belonging vectors, and interpreting them to get the final
classifications is called in the following double cluster assignment (DCA). The re-
sults of the DCA are always a classification of certain classes Dn, that come from
daily traffic time series and attributes ai that are assigned to the days before.

dlim NDn
Dn

0.0 7 Su, Mo, Tu, We, Th, Fr, Sa
0.06 6 Su, (Mo,Tu), We, Th, Fr, Sa
0.21 5 Su, (Mo,Tu,We), Th, Fr, Sa
0.41 4 Su, (Mo,Tu,We,Th), Fr, Sa
1.32 3 Su, (Mo,Tu,We,Th,Fr), Sa
1.39 2 (Su,Sa), (Mo,Tu,We,Th,Fr)
1.42 1 (Su,Mo,Tu,We,Th,Fr,Sa)

Table 6.2. Different choices of the distance limit dlim influence the result of the weekday
classification Dn. For this example the Euclidean distances in Table 6.1 are used, so the
result is easily to reconstruct. Depending on dlim days form a group of crucial attributes
or classes Dn. Chosen are those limits dlim just when the classification changes rounded
to two digits.

With the parameter dlim it can be controlled how many deviations in the DCA are
accepted. If dlim is chosen too large, there is no distinction between the attributes.
If dlim is chosen too small, each attribute may be detected as a crucial one.
Actually, this is in case of the weekday classification no problem. But in the
following many other attributes are investigated. If each would form a separate
group, the result is that each day is unique and thus unpredictable. In Table 6.2
the classification for the example in Table 6.1 can be seen for those values of dlim,
for that the classification changes.
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According to the results of Sec. 5.3 and especially that in Fig. 5.13, the weekdays
Monday until Thursday are very similar for the loop detector 5877-019-001 or
the cross section 5877-019, respectively. Thus, a distance limit of 0.41 ≤ dlim ≤
1.32 should be reasonable. For the following examples dlim = 0.6 is chosen. The
classifications differ, because of the large dependency in space. Therefore, for the
following observations, 10 randomly chosen loop detectors apart from the detector
5877-019-001 are investigated. The topological data can be seen in Table 6.3, and
the results of the classification with the DCA in Table 6.4.

loop detector motorway BAB direction Nl lane

4135-015-033 1 south 2 right
4214-015-002 2 east 3 middle
4215-006-035 2 west 3 middle
4349-025-001 3 north 3 right
4488-096-033 4 west 2 right
5877-019-001 40 east 3 right
5877-019-003 40 east 3 left
6211-000-033 52 west 2 left
6250-032-001 57 north 2 left
6289-007-034 59 south 2 left
6256-009-002 61 north 2 left

Table 6.3. Topological data of several randomly chosen exemplary loop detectors. The
following investigations are done for all these detectors to get an impression about the
different spatial dependencies. Shown is the particular motorway on that the detector
is placed, the driving direction, the number of lanes Nl at the particular place of the
particular motorway in the particular direction, and the lane, where the detector is
placed.

Thus, for the weekdays an automatic classification algorithm is developed. This
can be applied for arbitrary loop detectors. With the distance limit dlim the tol-
erance can be adjusted. But only for daily differences according to the weekdays,
the classification would be unnecessary. In this case, just the seven weekdays
can be taken as suitable classification for all loop detectors. But as shown in
Chapter 5, there are more differences in traffic time series than those that come
because of weekdays. Therefore even other attributes should be considered, for
instance, special days.

To investigate this, as example 20 days of a year are marked with special at-
tributes. In most cases such attributes are holidays. But also attributes according
to special regional habits make sense. In the Rhine region such a habit is, for in-
stance, Carnival, with the days “Carnival Thursday”, “Carnival Monday”, or the
“Shrove Tuesday”. Another crucial attribute is a bridging day, that means a day
between a holiday and weekend. Also days before holidays behave in a different
manner as, for instance, shown in [Chrobok, 2000]. Together with the normal
days there are 21 different days so according to the m +1-rule a 22-medoid algo-
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loop detector NDn
Dn

4135-015-033 4 Su, (Mo,Tu,We,Th), Fr, Sa
4214-015-002 5 Su, Mo, (Tu,We,Th), Fr, Sa
4215-006-035 5 Su, Mo, (Tu,We,Th), Fr, Sa
4349-025-001 4 Su, (Mo,Tu,We,Th), Fr, Sa
4488-096-033 4 Su, (Mo,Tu,We,Th), Fr, Sa
5877-019-001 4 Su, (Mo,Tu,We,Th), Fr, Sa
5877-019-003 5 Su, Mo, (Tu,We,Th), Fr, Sa
6211-000-033 4 Su, (Mo,Tu,We,Th), Fr, Sa
6250-032-001 5 Su, Mo, (Tu,We,Th), Fr, Sa
6289-007-034 4 Su, (Mo,Tu,We,Th), Fr, Sa
6256-009-002 5 Su, (Mo,Tu), (We,Th), Fr, Sa

Table 6.4. Classifications of the weekdays for the exemplary loop detectors of Table 6.3.
As for the results of Table 6.2 the DCA is used with k = 8 clusters and a distance limit
for the belonging vectors of dlim = 0.6 whereby the Euclidean distance of the normalized
belonging vectors are used.

All Saints’ Day

New Year

Carnival Thursday

Carnival Monday

Shrove Tuesday

Easter Sunday

Whitsunday

Bridging Day

Before Holiday

Normal Day

Christmas Day

Boxing Day

Christmas Eve

New Year’s Eve

Good Friday

Easter Monday

Labour Day

Whitmonday

Ascension Day

Corpus Christi

German Unity Day

Fig. 6.2. Clustering of traffic data of the loop detector 5877-019-001 shows that some
special days behave in a similar manner. These are connected with a line and are framed
with a dashed rectangle. The kind the days are grouped is comprehensible. It is quite
remarkable that the algorithm proposes this kind of interpretation automatically without
any other information or manually interpretation. Applied is the DCA with a 22-medoid
cluster algorithm because of the m+1-rule (with the normal days 21 different attributes
are investigated).
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rithm is applied for the DCA. If again a distance limit of dlim = 0.6 according to
the Euclidean distance is applied, the clustered attributes for the loop detector
5877-019-001 lead to interesting results that can be seen in Fig. 6.2.
The results are quite comprehensible. The similar characteristics of Christmas
Eve and New Year’s Eve is automatically detected. Both days are for many peo-
ple half-day working days. In the same manner the similarity of Christmas Day
and Boxing Day is detected. Note, that Christmas Day and Boxing Day are in
Germany very similar holidays (first and second Christmas Day). Ascension Day
and Corpus Christi are in one group. Both days are holidays at a Thursday and
this situation always leads to a long weekend. A similar situation holds for the
holidays of Easter Monday and Whitmonday.
The manner the special days are grouped in detail is not surprising. But note,
that the results differ for each particular detector location. Also important for
such an application is the fact, that each day appears only one time a year, so
only three or four days have been available for this analysis. The results in Fig. 6.2
show, that the algorithm also works with other attributes than the day of week.
In a similar manner different attributes can be observed with the DCA, whether
they influence the traffic state or not. In Table 6.5 the monthly classification
can be seen for all the loop detectors that are also investigated in the example
above in regard to weekdays. The attributes are denoted from 1 =̂ January to
12 =̂ December. Then, according to the m+1-rule a 13-medoid cluster algorithm
is applied, for each month the belonging vectors are calculated and normalized
according to the Euclidean distance and compared with a distance limit of dlim =
0.6.

loop detector NDn
Dn

4135-015-033 7 (1,2), (3,4,5,9), (6,10), 7, 8, 11, 12
4214-015-002 3 (1,2), (3,11,12), (4,5,6,7,8,9,10)
4215-006-035 4 (1,2), (3,4,5,6,11), (7,8,9,10), 12
4349-025-001 6 1, (2,11), (3,10), (4,5,6,7,9), 8, 12
4488-096-033 7 1, 2, (3,4), (5,9,10), (6,7), 8, (11,12)
5877-019-001 6 1, 2, (3,11), (4,5,6,9,10), (7,8), 12
5877-019-003 7 (1,2), 3, (5,6), (4,7,9), 8, (10,11), 12
6211-000-033 4 (1,2,3,4,5), (6,7,9,10), 8, (11,12)
6250-032-001 4 (1,2), (3,10,11), (4,5,6,7,8,9), 12
6289-007-034 6 (1,4,10), (2,3,5,9), (6,7), 8, 11, 12
6256-009-002 7 1, (2,3,4,6), 5, (7,8), 9, 10, (11,12)

Table 6.5. Classifications Dn of the months using the DCA for several exemplary loop
detectors. The attributes are denoted from 1 =̂ January to 12 =̂ December.

As shown in Sec. 5.2 many seasonal differences come because of school holidays
and the effects differ depending on the motorway. This dependency can also be
seen in the monthly analysis in Table 6.5. But school holidays can also directly
be analysed. Therefore the attributes of the school holidays can be assigned to
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the days. In North Rhine-Westphalia there are four different school holidays in
the period the analysis is made: Easter, Summer, Autumn, and Winter. Together
with the possibility of no school holidays and according to the m+1-rule, the time
series are clustered with the DCA in k = 6 groups and interpreted as mentioned
above. The results can be seen in Table 6.6.

loop detector NDn
Dn

4135-015-033 2 (Noholidays,Easter,Summer,Autumn), Winter
4214-015-002 2 (Noholidays,Easter,Summer,Autumn), Winter
4215-006-035 4 (Noholidays,Summer), Easter, Autumn, Winter
4349-025-001 3 (Noholidays,Autumn), (Easter,Summer), Winter
4488-096-033 3 (Noholidays,Autumn,Easter), Summer, Winter
5877-019-001 3 Noholidays, (Easter,Summer,Autumn), Winter
5877-019-003 3 (Noholidays,Autumn), (Easter,Summer), Winter
6211-000-033 3 (Noholidays,Easter,Summer), Autumn, Winter
6250-032-001 2 (Noholidays,Easter,Summer,Autumn), Winter
6289-007-034 3 Noholidays, (Easter,Summer,Autumn), Winter
6256-009-002 2 (Noholidays,Easter,Summer,Autumn), Winter

Table 6.6. Similar Effects of different school holidays on the traffic flow time series of
several loop detectors. In all cases there is a basic difference between days with and
without holidays in Winter.

Now a closer look should be taken at the rule of the parameters that have to be
chosen: the distance limit dlim and the number of clusters k. Therefore it must be
understood what exactly happens during both cluster algorithms. The traffic time
series are grouped in k clusters. In case of k = 2 in each cluster are traffic time
series that are most possible different. These are in most cases that of working
days and of weekends. Consider, that this is consequential the case. Then all time
series of working days are in one cluster resulting in the normalized belonging
vectors ~bworking = (1, 0) and all time series of weekends in the other one resulting

in ~bweekend = (0, 1). So, the Euclidean distance between, for instance, Mondays
and Sundays, would be ‖~bworking − ~bweekend‖2 =

√
2 and that between Sundays

and Saturdays ‖~bweekend −~bweekend‖2 = 0.

But because of holidays, that can also be on weekdays which are normally working
days, this is not always the case. At Good Friday, for instance, there is little traffic
demand and this day is without a doubt in the cluster of the weekend. Because

of this, it holds in general
∥∥∥~bworking −~bweekend

∥∥∥
2

<
√

2. This is the only reason for

the choice of the distance limit dlim <
√

2.

With the number of clusters k it can be adjusted, how many dimensions the
belonging vector has. In opposite to the distance limit, with the parameter k
it can be basically adjusted, how many different time series are distinguished.
Consider the example above and the case that now all time series are grouped
in k = 3 clusters. If now the working days stay the same, but the Sundays and
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the Saturdays are grouped in separate clusters resulting in the belonging vectors
~bSa = (0, 1, 0) and ~bSu = (0, 0, 1) the Euclidean distance increases directly from
zero to

√
2. With the right choice of the parameter k also classifications of special

events can be considered as it is shown in the next example.

As discussed in Sec. 5.4 an often considered case is that of sporting events where
there is a lot of additional traffic supposed at certain sections. Now, for days when
such events are expected an own classified traffic time series can be calculated.
But if this is done for all events in a large scale network this leads directly to the
case of unique days. So what can be done?

Consider the case of a football match at a certain city at Saturday at 15:30,
what is in Germany a usual kick off time. In the state of North Rhine-Westphalia
there are at 2004/07/31 six football clubs in the first devision and each particular
match only influences a certain region. For the next example the loop detectors
5877-019-001 on the right lane of the BAB 40 driving direction east and 5924-
013-001 on the right lane of the BAB 42 driving direction east are considered.
The first one is also known from the classification above and is far away from
any football stadium. The second one is several hundred meters upstream from
the junction Gelsenkirchen Schalke, which is the off-ramp that leads directly to
a football stadium. Now, the days are marked with the weekday attributes, but
the Saturdays are divided in such with (Fb) and without (Sa) a football match.
The classification for several values of k for both loop detectors can be seen in
Table 6.7.

k 5877-019-001 5924-013-001

8 Su, (Mo,Tu,We,Th), Fr, (Sa,Fb) Su, (Mo,Tu,We,Th), Fr, (Sa,Fb)
9 Su, (Mo,Tu,We,Th), Fr, (Sa,Fb) Su, (Mo,Tu,We,Th), Fr, (Sa,Fb)
10 Su, (Mo,Tu,We), Th, Fr, (Sa,Fb) Su, (Mo,Tu,We,Th), Fr, (Sa,Fb)
11 Su, (Mo,Tu,We), Th, Fr, (Sa,Fb) Su, (Mo,Tu,We,Th), Fr, (Sa,Fb)
12 Su, (Mo,Tu,We,Th), Fr, (Sa,Fb) Su, (Mo,Tu,We,Th), Fr, Sa, Fb
13 Su, (Mo,Tu,We,Th), Fr, (Sa,Fb) Su, (Mo,Tu,We,Th), Fr, Sa, Fb

Table 6.7. Classifications Dn of the weekdays with different numbers of clusters k. With
an adequate number of clusters, also special events can be classified. The Saturdays are
distinguished in days without (Sa) and with (Fb) a football match. Whereby the loop
detector 5877-019-001, which is far away from the stadium, is not affected, the traffic
time series of loop detector 5924-013-001 form different clusters of Saturdays for k > 11.

So the cluster algorithm can also help to distinguish special events. Nevertheless
the adequate choice of k is a very complex problem. As can be seen in Table 6.7
from k = 11 to k = 12 in case of loop detector 5877-019-001, increasing of k can
also lead to a decreasing number of classes. This is in general not the case.

In Fig. 6.3 the classification according to weekdays and the Saturday with football
can be seen for the loop detector 5877-019-001 for several values of k. If the
number of clusters k is exactly the number of investigated daily traffic time series
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Fig. 6.3. Dependency of the number of classes NDn
according to 8 attributes (the 7

weekdays and Saturdays with Football) depending on the number of clusters k. The
limited case is that each daily traffic time series form a separate cluster, what means
that the classification does not make sense. This can be seen in the distinction in normal
Saturdays and Saturdays with Football, although this loop detector is placed where there
is no influence in regard to traffic because of football.

k = Ndays, each time series form a separate cluster, and an interpretation of the
clusters and so forecasting using a cause and effect strategy is impossible. This
can be seen in the number of classes that is NDn = 8, although the place with
the detector is not influenced by the football match.

Thus, it should always hold k � Ndays. In our example hold Ndays = 1307 so
Ndays is of an order of magnitude Ndays ≈ 103. Thus, for k should not exceed an
order of k ≈ 101 and the example k = 22 of the special days is already a high
number for the choice of k.

After an adequate number of clusters k is chosen, the question comes up straight
forward, how the attributes should be chosen and how the different classifications
can be connected. For this, a few considerations have to be made about the
attributes that make sense.

The classification algorithm should use the principle of cause and effect as already
discussed and should not be depending on special conditions that means on the
particular social environment that lead to the traffic demand. And in fact, the
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method can be applied on different national or religious holidays, different school
holidays, or different seasonal fluctuations. Furthermore, even with a different
calendar the algorithm works in the same manner. That is necessary, because the
attributes can also be certain regional or even local events that lead to different
traffic demand.
Nevertheless, this algorithm has always to be fed with information from outside
and some basic rules have to be fulfilled. One important task is to avoid random
correlations in the interpretation of the attributes. Therefore, the k-medoid clus-
ter algorithm should be applied on attributes in a special manner. It is important,
that each day is assigned to one attribute. Furthermore there should be no day
that is assigned to two attributes. It can be said, that the attributes should be
pairwise disjunctive and all days are elements of the set union of all attributes.
This basic rule for the attributes is in the analysis above already considered. The
seven weekdays are disjunctive as well as the months, and the school holidays.
Also the special days are disjunctive for the time, the data is investigated here
(for completeness, it has to be mentioned that in the year 2008 Easter is so early,
that the Ascension Day is on the first of May which is also the Labour Day in
Germany). To be precise, for the culture in Germany one has to distinguish the
special days in days that are fix in regard to the calendar (for instance, New
Year, Labour Day, or Christmas Day) and those that are fix in regard to Easter
(for instance, Carnival Monday, Easter Monday, or Corpus Christi). Another case
that can happen is that the bridging day is also a day before a holiday.

day d ~C(d)

2004/02/23 [Mo, Noholidays, CM]
2004/04/09 [Fr, Easter, (GF,EM,LD,WM)]
2004/05/19 [(Tu,We), Noholidays, BH]
2004/05/21 [Fr, Noholidays, BD]
2004/08/04 [(Tu,We), Summer, ND]
2004/10/03 [Su, Noholidays, [AD,CC,GU]

Table 6.8. A few examples of classification vectors ~C(d) for several days d when the
traffic time series of the loop detector 5877-019-001 are classified in NA = 3 attribute
groups A1 =̂ Weekdays, A2 =̂ SchoolHolidays, and A3 =̂ SpecialDays. According to
the special days abbreviations are used for Carnival Monday (CM), Good Friday (GF),
Easter Monday (EM), Labour Day (LD), Whitmonday (WM), Before Holiday (BH),
Bridging Day (BD), Normal Day (ND), Ascension Day (AD), Corpus Christi (CC), and
German Unity Day (GU).

Knowing this, the complete classification algorithm can be defined. All attributes
ai that are considered to influence the traffic have to be arranged in NA attribute
groups Aj (j = 1, 2, ..., NA). Each group Aj has to consist of mj disjunctive
elements aj,l ∈ Aj (l = 1, 2, ...,mj ) in that sense, that no day d can be assigned
to two attributes of this group. Furthermore all Ndays considered days d can be
assigned to one attribute of this group.
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loop detector NDn
Dn

4135-015-033 5 Su, Mo, (Tu,We,Th), Fr, Sa
4214-015-002 6 Su, Mo, Tu, (We,Th), Fr, Sa
4215-006-035 6 Su, Mo, (Tu,We), Fr, Sa
4349-025-001 6 Su, Mo, (Tu,We), Th, Fr, Sa
4488-096-033 5 Su, Mo, (Tu,We,Th), Fr, Sa
5877-019-001 5 Su, (Mo,Th), (Tu,We), Fr, Sa
5877-019-003 5 Su, (Mo,Tu), (We,Th), Fr, Sa
6211-000-033 5 Su, Mo, (Tu,We,Th), Fr, Sa
6250-032-001 6 Su, Mo, Tu, (We,Th), Fr, Sa
6289-007-034 5 Su, (Mo,Tu,We), Th, Fr, Sa
6256-009-002 5 Su, (Mo,Tu), (We,Th), Fr, Sa

Table 6.9. Classifications of the weekdays for the exemplary loop detectors of Table 6.3
using the DCA with k = 22 as well as a distance limit of dlim = 0.6 in regard to
the Euclidean distance between belonging vectors, that are normalized in regard to the
Euclidean distance.

loop detector NDn
Dn

4135-015-033 5 Noholidays, Easter, Summer, Autumn, Winter
4214-015-002 4 Noholidays, (Easter,Summer), Autumn, Winter
4215-006-035 5 Noholidays, Easter, Summer, Autumn, Winter
4349-025-001 4 Noholidays, (Easter,Summer), Autumn, Winter
4488-096-033 4 (Noholidays,Autumn), Easter, Summer, Winter
5877-019-001 5 Noholidays, Easter, Summer, Autumn, Winter
5877-019-003 5 Noholidays, Easter, Summer, Autumn, Winter
6211-000-033 5 Noholidays, Easter, Summer, Autumn, Winter
6250-032-001 3 (Noholidays,Easter,Summer), Autumn, Winter
6289-007-034 5 Noholidays, Easter, Summer, Autumn, Winter
6256-009-002 4 (Noholidays,Summer), Easter, Autumn, Winter

Table 6.10. Classifications of the school holidays for the exemplary loop detectors of
Table 6.3 using the DCA with k = 22 as well as a distance limit of dlim = 0.6 in regard
to the Euclidean distance between belonging vectors, that are normalized in regard to
the Euclidean distance.
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As already mentioned, examples for such groups are the attributes discussed
above, for instance, the seven weekdays from aj1,1 = Su to aj1,7 = Sa, the holidays
from aj2,1 = Noholidays to aj2,5 = Winter, or even the special days from aj3,1 =
NormalDay to aj3,21 = GermanUnityDay.

Then, the DCA is applied knowing the boundary conditions that an increasing k
in the k-medoid cluster algorithm leads to a refinement, whereas it should hold
k � Ndays. For each group Aj the elements aj,l are clustered with the DCA as
mentioned above to form NCj,Dj,n

groups Cj,Dj,n
of crucial attributes or classes

Dj,n. In the same manner, the groups Gj,Dj,n
can be defined consisting of the days

d ∈ Gj,Dj,n
that are assigned to the particular class Dj,n. Now, each of the Ndays

days d can be assigned to its NCj,Dj,n
= NA dimensional classification vector

~C(d) consisting of the classes Dj,n. Finally, two days d1 and d2 with the same

classification vector ~C(d1) = ~C(d2) can be assigned to the same group G ~C(d1).

In Table 6.8 are a few examples for several days d of the loop detector 5877-019-
001 with their classification vectors ~C(d) when the traffic time series are grouped
in k = 22 clusters. The result of the DCA according to weekdays are the five
classes Su, (Mo,Th), (Tu,We), Fr, and Sa. The school holidays are distinguished
in a separate class each, and the special days according to Fig. 6.2.

With the classification, the knowledge about the causes that have an effect on the
traffic is used. After the classification the question comes up, how the forecast can
be calculated from the classified days. This is considered in the following section.

Because a classification is needed for all further calculations and for traceability,
the result of the DCA is calculated in the following for all the loop detectors
of Table 6.3. Therefore, a k = 22-medoid cluster algorithm is used as well as a
distance limit of dlim = 0.6 in regard to the Euclidean distance between belonging
vectors, that are normalized in regard to the Euclidean distance.

The results in regard to weekdays can be seen in Table 6.9 and in regard to school
holidays in Table 6.10.

6.2 Calculating the Forecast

After an appropriate classification of the traffic time series is calculated using any
kind of knowledge, the question is, how it can be used to calculate the forecast
data. This problem is close to the question, how many data of a day with the
same classification vector are available. Although it can be avoided, that each
day is assigned to a separate cluster, it maybe the case, that formulating the
classification vector for the day d0 leads to the case, that the vector ~C(d0) does
not exist for former days dformer when traffic data are available.

In this case a general hierarchical disposition of the attribute groups helps to
achieve several days that can be considered for the forecast. For instance, in case
of the 2004/01/01 what has the classification vector ~C(2004/01/01) = [(Mo,Th),
Winter, New Year] it may be feasible to just look for other New Year’s.
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Fig. 6.4. Calculating the forecast traffic time series of traffic flow Jveh with Eq. 5.14
with a classification according to the weekdays (left) and according to the DCA classi-
fication algorithm proposed in Sec. 6.1 (right). The crucial attribute “Good Friday” is
automatically separated and lead to a large difference of the forecast traffic time series
at the 2004/04/09 (b) in regard to a normal classification according to weekdays in (a).
But also the small differences of the attribute “Before Holiday” lead to an enhancement
in (d) in regard to (c) at the 2004/05/19, as well as the attribute “Bridging Day” (f) in
regard to (e) at the 2004/05/21. For a better overview not the raw data but the 15 min
moving averages are shown.
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The general case is, that Nclass days of a certain classification vector are avail-
able. One possibility to achieve the forecast time series is to use the already in
Chapter 5 proposed Eq. 5.14. Using this algorithm already the improvements of
the enhanced classifications can be clearly seen in the 15 min moving averages of
the forecast and measured traffic flow Jveh of selected days of the loop detector
5877-019-001 in Fig. 6.4.

Most improvements are obtained, because the cluster algorithm separates the
special days from the normal weekdays. But to use the algorithm in operation
it must be shown, that the results do not get worse in periods, when other clas-
sifications, like that according to the weekdays, work quite well. Thus, for all
days from 2004/08/01 to 2004/09/30, when there are no special days, the minute
aggregated traffic flow is forecast for several loop detectors and the performance
is tested in comparison to a classification according to weekdays. In Table 6.11
the forecast results for a weekday classification are tested with several quality
measures. The data are the arithmetic mean of the particular quality measure of
the number of days Ndays, when appropriate data are available. In Table 6.12 this
is done with the DCA algorithm. It can clearly be seen, that the new algorithm
povides even for these days improvements for most of the loop detectors.

loop detector eMAE eRMSE eRMSEP eME Ndays

[veh/min] [veh/min] [veh/min]

4135-015-033 2.906 3.985 0.269 0.689 53
4214-015-002 2.594 3.507 0.296 0.654 34
4215-006-035 2.732 3.990 0.552 0.665 35
4349-025-001 2.757 3.647 0.288 1.292 61
4488-096-033 2.334 3.034 0.295 0.804 35
5877-019-001 1.828 2.348 0.273 0.451 58
5877-019-003 1.374 2.047 0.792 0.325 44
6211-000-033 2.101 3.157 0.535 0.953 61
6250-032-001 1.906 2.469 0.254 0.362 61
6289-007-034 3.933 5.515 0.420 0.796 4
6256-009-002 3.244 4.650 0.441 0.894 61

Table 6.11. Forecast results with a classification according to the seven weekdays. The
quality measure data are the arithmetic mean calculated over Ndays days for: the mean
absolute error eMAE, the root mean square error eRMSE, the root mean square error
proportional eRMSEP, and the mean error eME. Chosen are those days, when appropriate
data are available from 2004/08/01 to 2004/09/30. The measures are calculated with the
measured data and the classified traffic flow of the particular weekday calculated with
Eq. 5.14.

In some cases the cluster classification does not outperform the weekday classi-
fication for all quality measures. This can be, because random fluctuations have
a larger influence on the more detailed classification of the DCA. It calculates
the forecast with time series from a smaller number of days

∑
d∈G~C

1 with that
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loop detector eMAE eRMSE eRMSEP eME Ndays

[veh/min] [veh/min] [veh/min]

4135-015-033 2.880 3.968 0.260 0.499 53
4214-015-002 2.586 3.465 0.282 0.468 34
4215-006-035 2.748 3.999 0.538 0.604 35
4349-025-001 2.691 3.565 0.278 1.119 61
4488-096-033 2.316 3.003 0.284 0.555 35
5877-019-001 1.813 2.326 0.274 0.342 58
5877-019-003 1.333 2.004 0.824 0.182 44
6211-000-033 2.023 3.026 0.532 0.737 61
6250-032-001 1.899 2.458 0.251 0.317 61
6289-007-034 3.996 5.595 0.430 0.719 4
6256-009-002 3.267 4.678 0.438 0.969 61

Table 6.12. Forecast results with a classification according to the DCA. The quality
measure data are the arithmetic mean calculated over Ndays days for: the mean absolute
error eMAE, the root mean square error eRMSE, the root mean square error proportional
eRMSEP, and the mean error eME. Chosen are those days, when appropriate data are
available from 2004/08/01 to 2004/09/30. The measures are calculated with measured
and classified traffic flow, whereby Eq. 5.14 is used and the classification is obtained with
the DCA. Even for the period from 2004/08/01 to 2004/09/30, when there are no special
days, the cluster classification provides an improvement for most of the loop detectors.

loop detector eMAE eRMSE eMRE eME Ndays

[veh/min] [veh/min] [veh/min]

4135-015-033 2.846 3.925 0.258 0.498 53
4214-015-002 2.547 3.417 0.278 0.469 34
4215-006-035 2.712 3.944 0.531 0.604 35
4349-025-001 2.664 3.532 0.275 1.118 61
4488-096-033 2.278 2.955 0.279 0.554 35
5877-019-001 1.797 2.305 0.271 0.342 58
5877-019-003 1.324 1.988 0.817 0.182 44
6211-000-033 1.999 2.982 0.523 0.737 61
6250-032-001 1.893 2.450 0.250 0.317 61
6289-007-034 3.980 5.553 0.427 0.719 4
6256-009-002 3.257 4.663 0.436 0.968 61

Table 6.13. Forecast results of the CMS forecast method. An improvement of the forecast
is obtained, if the classified traffic time series is smoothed, in this case with a 15 minute
moving average. Apart from this, the classified traffic flow is obtained in the same manner
like in Table 6.12.
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the classified traffic data is calculated in Eq. 5.14. As already discussed, these
fluctuations are very large in comparison to the mean and unpredictable.

To cope with this problem the classified traffic time series x̄k(G~C , t) should be
smoothed over the time steps t before used for forecasting. This smoothing is the
more important the smaller the difference of adjacent time steps (in our case one
minute) and the lower the number of days

∑
d∈G~C

1 in the particular group G~C . The

smoothing can be done with, for instance, an ARIMA model.

As discussed, which model and which parameters work best strongly depends on
the particular kind of data. At this point it is only important, that the fluctuations
from minute to minute are avoided. Thus, in Table 6.13 the results can be seen,
if the classified traffic flow J̄veh(G~C , t) is smoothed with a 15 minute moving
average over adjacent minutes. This combination of the classification with the
DCA, calculating the forecast with Eq. 5.14 and smoothing the time series over
adjacent minutes with Eq. 3.13 is called in the following classified mean smoothed
(CMS) forecast method.

With this smoothing, the weekday classification is outperformed by the DCA
classification for nearly all quality measures, except for two loop detectors. The
results for the detector 6289-007-034 have to be handled with care, because fea-
sible data is only available for four days. The problem with the loop detector
6256-009-002 is, that there is a basic change in the traffic data. How this problem
can be solved is discussed in the following.

To consider basic changes in traffic demand as discussed in Sec. 5.4 on page 112
the model must be adaptive. Therefore Eq. 5.14 is very inertial, because every new
data set is weighted in the same manner like the old ones. This can be changed
in different manners with parametric regression methods, as already proposed by
Janko [1994].

Then, as index i hold the chronological numbering of the days di that belong to
the particular group di ∈ G~C . With that, in general all models that are introduced
in Sec. 3.1 can be used. But as already stated in that section, often low order
ARIMA models produce feasible results. When, for instance, a moving average
approach over the last NMOV days of the particular class should be used, Eq. 5.14
can be changed in regard to Eq. 3.13 to:

x̄(G~C , NMOV, t) =

NG~C∑
i=NG~C

−NMOV+1
x(di, t)

NMOV
. (6.22)

Here NG~C
=
∑

d∈G~C

1 is the number of days di (i = 1, 2, ..., NG~C
).

For each time step t the moving average of the traffic data x̄(G ~C , NMOV, t) is
calculated separately over the last NMOV days. It is obvious that NMOV ≤ NG~C

must always hold.



6.2 Calculating the Forecast 157

In a similar manner, an exponential smoothing model can be applied:

x̄(G~C , α, 1, t) = x(d1, t), for the first day d1,
x̄(G~C , α, i, t) = αx(di, t) + (1 − α)x̄(G~C , α, i − 1, t), for each other.

(6.23)

Note that for such adaptive procedures it is even more important to smooth the
resulting classified time series x̄(t) over adjacent minutes, because the averaging
over a large number of days is missing. The adaptivity of the forecast is at the
expense of the smoothing of the fluctuations. Thus, when the methods are ap-
plied in the following investigations, the resulting classified time series x̄(t) are
smoothed with 15 minute moving averages. Furthermore, the combination of the
classification with the DCA, calculating the forecast with Eq. 6.23, and smooth-
ing the time series over adjacent minutes with Eq. 3.13 is called in the following
classified adaptive smoothed (CAS) forecast method.

To show, how both adaptive procedure work, in the following the example of
the loop detector 5993-000-137, which is placed on the turning lane to the left
from the motorway BAB 57 to the motorway BAB 44 in direction to the new
bridge opened at the 2002/05/31 as discussed in Sec. 5.4 on page 112. The DCA
algorithm divides the weekdays in four classes, the school holidays in four classes,
and all special days in exactly ten classes. In the following example the traffic
time series for all days di with the classification vectors

~C(di) = [(Mo,Tu,We,Th), (Noholidays,Easter), Normal Day] (6.24)

are considered. That means all normal weekdays from Monday to Thursday that
lie outside school holidays or within Easter holidays.

The improvements of the adaptive procedures in regard to the CMS can be clearly
seen in Fig. 6.5. On the left there are shown the data of Tuesday 2002/05/28, that
means before the bridge is opened, on the right the data of Tuesday 2002/07/16
after the opening. Shown are the measured traffic flow Jveh in comparison to the
forecast traffic flow time series J veh(G~C

) according to the classification vector of
Eq. 6.24. The classified time series is then calculated as CMS (a) and (b), as
the 15 days moving average (Eq. 6.22, NMOV = 15, thereafter the resulting time
series is smoothed with 15 min moving averages over adjacent 15 minutes) in (c)
and (d), and and as the CAS in (e) and (f).

It can clearly be seen, that the CMS in Fig. 6.5 (b) is outperformed by the
adaptive procedures in Fig. 6.5 (d) and (f). Note, that as in Fig. 6.4 for a better
overview also for the measured data not the raw data are shown, but the 15 min
moving averages.

The general forecast results of the CAS with α = 0.2 can be seen in Table 6.14
for several loop detectors. Especially for the loop detector 6256-009-002 an im-
provement is obtained as mentioned above. Note, that in some cases the forecast
results are negatively influenced by the adaptivity, but apart from loop detector
4215-006-035 the results are even better than with the weekday classification in
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Fig. 6.5. The adaptive forecasts clearly outperform the classified mean (CMS) in case of
basic changes in the traffic data. This has been the case at the loop detector 5993-000-
137 because of a new bridge (cp. Sec. 5.4 on page 112). It can be seen the measured and
the forecast traffic flow Jveh. On the left is the data for Tuesday 2002/05/28, before the
bridge is opened. On the right is the same for Tuesday 2002/07/16 after the opening.
The forecast time series is calculated as CMS (a) and (b), as the 15 days moving average
(Eq. 6.22, NMOV = 15, thereafter the resulting time series is smoothed with 15 min
moving averages over adjacent 15 minutes) in (c) and (d), and and as the CAS in (e)
and (f). Note, that as in Fig. 6.4 for a better overview also for the measured data not
the raw data are shown, but the 15 min moving averages over the time of the day.
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loop detector eMAE eRMSE eRMSEP eME Ndays

[veh/min] [veh/min] [veh/min]

4135-015-033 2.901 3.947 0.262 0.469 53
4214-015-002 2.536 3.390 0.268 0.401 34
4215-006-035 2.767 4.019 0.532 0.818 35
4349-025-001 2.570 3.405 0.253 0.552 61
4488-096-033 2.288 2.966 0.277 0.538 35
5877-019-001 1.824 2.343 0.273 0.442 58
5877-019-003 1.325 1.995 0.839 0.205 44
6211-000-033 1.902 2.880 0.550 0.396 61
6250-032-001 1.901 2.453 0.245 0.204 61
6289-007-034 4.317 6.114 0.473 0.484 4
6256-009-002 3.165 4.522 0.441 0.511 61

Table 6.14. Forecast results for the traffic flow for the loop detectors of Table 6.3 for the
days from 2004/08/01 to 2004/09/30 with the CAS with α = 0.2. An adaptive procedure
offers the opportunity to react on basic changes of the traffic data. Although in some cases
like the loop detector 4215-006-035 the adaptivity has a negative influence in regard to
the CMS in Table 6.13, the results are even better than that of the weekday classification
in Table 6.11.

Table 6.11. Furthermore, if the algorithm works in operation, it is also recom-
mend to repeat the cluster algorithm with the attribute interpretation from time
to time.
With the classification of traffic time series, many kind of knowledge can be used
for forecasting. For most effects observed and analysed in Chapter 5 it is possible
to find solutions to estimate future traffic states. Nevertheless with the DCA only
those attributes can be used, that can be assigned to the whole day.
Consider the television broadcast of the football matches (Table 5.4). An attribute
could be “television broadcast of a football match starting at 13:30”, but not
“television broadcast of a football match in general”, because different kick off
times lead to effects at different times. In case of different times of the cause and
so the effect, the classification must be done without this event. Then, the only
way is to filter the net effect out. For the example of Fig. 5.20 the following basic
model is assumed:

x̄Forecast(dp, t) =

∑
dn∈GEvent

x(dn,t+∆tn)
x̄(G~C(dn)

,t+∆tn)

∑
dn∈GEvent

1
x̄(G~C(dp), t). (6.25)

The forecast traffic time series x̄Forecast(dp, t) for the time t of the particular day
dp that is influenced by the special event is the product of the mean influence
of the event and its classified traffic time series x̄(G ~C(dp), t) without this event.

The mean influence of the event is calculated by the mean of the fraction of the
measured traffic data x(dn, t + ∆tn) at days dn ∈ GEvent with this event and the
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classified traffic time series x̄(G ~C(dn), t + ∆tn) that would be that of the days dn

without this event. ∆tn = tn − tp is the particular time difference, with that the
events start at day dn at tn and at day dp at tp. The sum goes over all days dn

that are in the group GEvent with all days with the particular event and is finally
divided by the number of days

∑
dn∈GEvent

1 with the particular event.

Another approach is, to assume the different traffic as a cumulative one:

x̄Forecast(dp, t) = x̄(G~C(dp), t) +

∑
dn∈GEvent

x(dn, t + ∆tn) − x̄(G~C(dn), t + ∆tn)

∑
dn∈GEvent

1
.

(6.26)
Whereas this is a feasible approach for the traffic flow and even the occupancy
or density, the different velocities in Fig. 5.18 have shown that the forecast is not
straight forward for all data. Furthermore in case of such organized special events
many control strategies are applied to avoid congestions. People are told to avoid
the particular area or to use public transport. Sometimes the infrastructure is
temporary changed or even streets may be blocked. To consider all this, much
information is needed that is not available for this work.
At this point it has to be mentioned, that traffic event management is a basic
problem. Even nowadays the cumulative traffic of different events lead to large
congestions. This effect is sometimes amplified by construction areas that are
set up just to the wrong time. To discuss all this would extent the scope of this
work, but traffic forecast considering event management offers enough interesting
stuff for future research. What is basically missing is an event database (see also
Sec. 8.2).
Up to now, the forecast model calculates classified traffic time series. It is a
powerful tool for large forecast horizons. Nevertheless as discussed most recently
measured traffic data offer valuable information for very short term forecasts. How
most recent measured data can be considered is discussed in the next section.

6.3 Considering Recently Measured Data

A case that is often considered in regard to short term forecasts is the so called
one-step-ahead forecast. This means precisely, the forecast of the next traffic data
value with the knowledge of all values before. In the case of minute aggregated
traffic data that are one minute forecasts. As discussed low order parametric
regression models provide feasible results. For the set of loop detectors in Table 6.3
the averaged mean absolute error eMAE for the days with feasible traffic data for
the period 2004/08/01 to 2004/09/30 can be seen in Table 6.15 for the following
forecast models:

• naive forecasting x̂t (Eq. 3.12),

• exponential smoothing st with α = 0.2 (Eq. 3.18),
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• double smoothing average sdouble,t(τ) with α = 0.6 (Eq. 3.21),

• single smoothing with linear trend strend,t(τ) with α = 0.05 (Eq. 3.22),

• moving average µt with N = 15 (Eq. 3.13), and

• double moving average µdouble,t(τ) with N = 35 (Eq. 3.15).

The parameters are chosen, after the results are compared for different param-
eters. But note, that the optimal choice of the parameters strongly depends on
the particular data set. For all trend models hold τ = 1 because one-step-ahead
forecasts are calculated.

loop detector x̂t st sdouble,t(τ) strend,t(τ) µt µdouble,t(τ) Ndays

4135-015-033 3.286 2.712 3.517 2.768 2.776 2.845 53
4214-015-002 3.290 2.545 3.416 2.517 2.519 2.557 34
4215-006-035 3.182 2.513 3.328 2.529 2.499 2.560 35
4349-025-001 3.318 2.528 3.434 2.519 2.506 2.551 61
4488-096-033 2.577 1.997 2.683 2.015 1.969 2.005 35
5877-019-001 2.284 1.800 2.397 1.787 1.786 1.817 58
5877-019-003 1.632 1.333 1.716 1.332 1.324 1.355 44
6211-000-033 2.447 1.895 2.532 1.884 1.886 1.911 61
6250-032-001 2.517 1.922 2.615 1.893 1.893 1.919 61
6289-007-034 3.937 3.110 4.096 3.198 3.139 3.303 4
6256-009-002 3.997 3.098 4.139 3.091 3.071 3.138 61

Table 6.15. The mean absolute error eMAE in veh/min averaged over Ndays from
2004/08/01 to 2004/09/30 with feasible traffic data for the loop detectors of Table 6.3
and several one-step-ahead forecast models.

Especially the exponential smoothing and the moving average forecast model
outperform the forecasts with the classified traffic time series of Table 6.11 to
Table 6.14. It can also clearly be seen, that all trend models are outperformed
by the constant ones, what is in excellent aggreement with the urban traffic data
investigated in [Chrobok et al., 2004].

Feasible methods to combine the current with historical data already exsist and
are proposed in Sec. 3.5.1. At this point a more fundamental question should
be investigated: For how long does it make sense to consider the most recently
measured data?

To investigate this question, the short term forecast method must be considered
with an increasing forecast horizon τ and compared with the results of the adap-
tive classified traffic time series. For the following investigation the 15 minute
moving average model µt is used, which show the best results for several loop
detectors in Table 6.15.

In Fig. 6.6 the mean absolute error eMAE can be seen for traffic flow forecasts
with different forecast horizons τ for all loop detectors of Table 6.3. As classified
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Fig. 6.6. Mean absolute error eMAE of the loop detectors 4135-015-033 and 4214-015-002
(a), 4349-025-001 and 4488-096-033 (b), 4215-006-035 and 5877-019-001 (c), 5877-019-
003 and 6211-000-033 (d), 6250-032-001 and 6256-009-002 (e), and 6289-007-034 (f) for
different forecast horizons τ calculated with 15 min moving averages µt and the classified
traffic time series calculated with the CAS (with α = 0.2 in Eq. 6.23). The short term
method outperforms the historical data from only the one-step-ahead forecast (5877-019-
003) up to 45 min (6289-007-034). On average the short term forecast outperforms the
historical data for 13.5 min.
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traffic data act the CAS (with α = 0.2 in Eq. 6.23), that means the eMAE is
stemming from Table 6.14. Because this is a classified forecast, it is constant for
all horizons τ . To be precise, this eMAE is the mean value for horizons up to about
two months (from 2004/08/01 to 2004/09/31).

The short term method outperforms the historical data from only the one-step-
ahead forecast (5877-019-003 in Fig. 6.6 (d)) up to 45 min (6289-007-034 in
Fig. 6.6 (f)). On average the short term forecast outperforms the historical data
for 13.5 min.

For which forecast horizons τ the most recently measured data can outperform the
historical traffic time series is depending on the particular traffic time series and
especially what happens at this day. All unpredictable or only hardly predictable
events lead to an increased horizon τ , for that the ARIMA models outperform
any knowledge based system, because the knowledge does not help. In case of
the accident (cp. Sec. 5.4) the 15 min moving averages outperform the adaptive
historical time series for 82 min for the loop detector 4214-015-002.

For other special events like extreme weather conditions, but also for many re-
curring structures for that the reasons are unknown, it would be reasonable, if
the structures are identified in the historical data base and used for the fore-
cast. An approach to consider this are the nonparametric regression techniques
proposed in Sec. 3.2.1. In the following an approach is proposed combinig phase
space embedding techniques with knowledge based classified traffic time series.

As described in Sec. 3.2.1, first at all, delay reconstruction vectors ~sn of the whole
time series have to be defined. Therefore, just the time difference in number of
samples ν∆t as to be chosen. Because minute aggregated data is used, the time
difference is given as ∆t = 1 min, and because there is no reason, why valuable
information should be neglected ν is chosen as ν = 1.

In using phase space embedding methods it is an important fact [Kantz and
Schreiber, 1999], that the data is free of noise, or at least, that the noise is
reduced. This also has been comfirmed by the results of Shin et al. [1999] (see
also Sec. 3.2.2 on page 29). Thus, according to the results in Sec. 5.5, 9 min
moving averages instead of the raw data are used for the following investigations.
Whenever past data is investigated, the data are smoothed with Eq. 5.16. But
note, that if the algorithm is applied for forecasts, the 9 min moving averages
of the current state space vector can only be calculated from the data that is
already measured, that means, Eq. 3.13 has to be used.

With this, to define the state space vectors ~st0 at time step t0, only a suitable
minimum embedding dimension has to be found. If this would be done, it would
be straight forward to search for the NNs and use the FNN method in the original
sense. But as explained, the phase space embedding technique should be combined
with the knowledge based classification. To do this, not the whole phase space
is searched for similar states. For a particular day d0 at the time of day t0 only
state space vectors at days dn ∈ G~C(d0) that belong to the group of days G~C(d0)

with the same classification vector ~C(d0) like the day d0 are considered.
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Fig. 6.7. Ratio of false nearest neighbours (FNN) for different embedding dimensions m
and different thresholds Rh. To obtain a small fraction of FNN the embedding dimension
has to be chosen as large as possible.

The knowledge based embedding vectors of the smoothed traffic time series xdn,t

can then be described as

~sdn,t0 = (xdn,t0−m, xdn,t0−[m−1], ..., xdn ,t0−1, xdn,t0). (6.27)

Now, the question of a suitable embedding dimension m has to be investigated.
This is done with the method of false nearest neighbours (FNN) as described
in Sec. 3.2.1. Note, the NNs are only searched among certain classified days
dn ∈ G~C(d0) at the time step t0.
To compare the state space vectors, in the following the Euclidean distance is
used as norm.
In Fig. 6.7 the ratio of FNN for different choices of the embedding dimension m
and different choises of thresholds Rh, for which Ri > Rh holds (see Eq. 3.36),
can be seen. For this investigation the data of the days dn from 2001/01/01 to
2004/09/31 with the classification vector ~C(dn) = [(Mo,Th), Noholidays, Normal
Day] of loop detector 5877-019-001 are used. As time steps t0 are chosen every
60 min of a day (t0 = 0, 60, ..., 1380).
The results show, that the embedding dimension should be chosen as large as
possible to obtain a fraction of FNN that is as small as possible. The maximum



6.3 Considering Recently Measured Data 165

number of m depends on the time step t0 for that the state space vector is
calculated. The dimension m can just be chosen as m = t0, that is, the whole day
up to t0. This is done in the following, when the phase space vectors are used for
forecast.
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Fig. 6.8. The mean absolute error eMAE for different forecast horizons τ using different
forecast methods that consider most recently measured data. (a) If only the interpolated
value xdn,t0+τ of the NN is used (classified NN, black), the forecast performance decreases
in regard to the CAS (red). This problem can be solved, if the interpolated values of all
possible state space vectors are weighted using a kernel function (classified kernel NN).
(b) The forecast performance can be enhanced, if the combinations according to Eq. 3.95
are used. As current data Jcur(t0) act the 15 min moving averages of the most recently
measured data and as historical data time series Jhist(t) the CAS (black) and the classified
kernel NN (blue).

If only the interpolated value xdn,t0+τ of the classified NN is used, the forecast
results do not necessarily improve, as can be seen in Fig. 6.8 (a). Shown is the
mean absolute error eMAE for forecasts of the traffic flow of the period from
2004/08/01 to 2004/09/30 for the loop detector 5877-019-001 for three different
forecast methods for forecast horizons up to τ = 60 min.

Apart from the already mentioned CAS that can be seen as nearly a constant
value, the result of the forecast with the classified NN interpolated value xdn,t0+τ

according to Eq. 6.27 is shown, which does not improve the result. The reason
is that using only one value for forecast is very unstable and exactly a problem,
that is already known as the bias/variance dilemma [German et al., 1992].

This is why a third method is proposed here that is similar to the kernel estimation
(see Sec. 3.2.2 on page 26). According to Eq. 3.42 all iterpolated values xdn,t0+τ

of all possible phase space vectors are weighted with a factor θj that depends
according to Eq. 3.43 on a kernel function K and a bandwidth parameter wn.
The only difference here to the work of [Faouzi, 1996] is the different bandwidth
wn = γmm, that is chosen here because of the varying embedding dimension
m. As a trade-off between bias and estimator variance γm is chosen as γm =
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0.04 veh/min for the state space vectors that consist of traffic flow. As can be
seen in Fig. 6.8 (a) the method of weighting the NN with a kernel function leads
to a clear improvement of the forecast.

For the calculations of the next section also state space vectors are used, that
consist of other traffic data. For those, that consist of velocity γm = 1 km/h and
for those that consist of occupancy γm = 0.1 is chosen. Note, that the smaller
the values of γm the more similar is the result to the nearest neighbour model,
and the higher the value the more is the result similar to the mean value of all
interpolated values.

Finally it is compared, how a combination of these methods with the combination
algorithm of Eq. 3.95 that has been proposed by Wild [1997] behave on the
mean absolute error eMAE. Therefore the 15 min moving averages of the most
recently measured data are used as Jcur(t0) and the time series of the CAS and the
classified kernel NN as Jhist(t). The parameters tthmax = 37 min and η = 0.57 are
chosen according to [Chrobok et al., 2004]. The result can be seen in Fig. 6.8 (b)
for forecast horizons τ up to 60 min.

6.4 Forecast Results

The differences and especially the difficulty to forecast the velocity and the oc-
cupancy have been already discussed in Sec. 5.6.1. But for applications, like the
particular one that is mentioned in the next chapter, also estimations for other
traffic data is needed. For these cases, the dependence of the data among each
other offer the opportunity to apply the forecast algorithm also to the other traffic
data. Thus, at least, the forecast results are presented for all the available traffic
data. To get a broad overview about the forecast performance, the results are
presented as distributions P (eForecast) of the forecast error eForecast.

This can be seen in the following figures for all the essential traffic data measured
by the loop detectors, that is, the flow Jveh (Fig. 6.9), the flow of lorries Jlor

(Fig. 6.10), the velocity of passenger cars vpc (Fig. 6.11), the velocity of lorries
vlor (Fig. 6.12), and the occupancy ρrel (Fig. 6.13).

Shown are always the results for forecasts of traffic data of the loop detector
5877-019-001 for the period from 2004/08/01 to 2004/09/30. As classification act
the three dimensional classification vector with the attributes of the weekdays,
that of school holidays, and that of the special days. Note, that the classification
is always done according to the traffic flow Jveh.

In the figures can be seen:

• forecasts of classified traffic time series for arbitrary forecast horizons τ :

– (a) CMS,

– (b) CAS,

• one-step-ahead forecasts (τ = 1 min) of parametric regression methods:
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– (c) exponential smoothing method (Eq. 3.18 with α = 0.2),

– (d) moving averages (Eq. 3.13 with N = 15),

• forecasts for a forecast horizon of τ = 30 min with combinations according
to Eq. 3.95 with tthmax = 37 min and η = 0.57. As Jcur(t0) act the 15
minute moving averages of the most resently measured data and as Jhist(t):

– (e) CAS,

– (f) classified kernel NN.
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Fig. 6.9. Forecast results of forecasting the traffic flow Jveh of the loop detector 5877-
019-001 for the period from 2004/08/01 to 2004/09/30. Shown are the distributions
P (eForecast) of the forecast error eForecast rounded to integer values for the CMS (a) and
the CAS (b) for arbitrary forecast horizons τ . The one-step-ahead forecasts calculated
with (c) the exponential smoothing method (Eq. 3.18 with α = 0.2) and (d) the moving
averages (Eq. 3.13 with N = 15). Furthermore, for a forecast horizon of τ = 30 min two
combinations according to Eq. 3.95 are calculated, whereby as Jcur(t0) act the 15 minute
moving averages of the most resently measured data and as Jhist(t) the (e) CAS and the
(f) classified kernel NN.
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Fig. 6.10. Forecast results of forecasting the traffic flow of lorries Jlor of the loop detector
5877-019-001 for the period from 2004/08/01 to 2004/09/30. Shown are the distributions
P (eForecast) of the forecast error eForecast rounded to integer values for the CMS (a) and
the CAS (b) for arbitrary forecast horizons τ . The one-step-ahead forecasts calculated
with (c) the exponential smoothing method (Eq. 3.18 with α = 0.2) and (d) the moving
averages (Eq. 3.13 with N = 15). Furthermore, for a forecast horizon of τ = 30 min two
combinations according to Eq. 3.95 are calculated, whereby as Jcur(t0) act the 15 minute
moving averages of the most resently measured data and as Jhist(t) the (e) CAS and the
(f) classified kernel NN.
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Fig. 6.11. Forecast results of forecasting the velocity of passenger cars vpc of the loop
detector 5877-019-001 for the period from 2004/08/01 to 2004/09/30. Shown are the
distributions P (eForecast) of the forecast error eForecast rounded to integer values for the
CMS (a) and the CAS (b) for arbitrary forecast horizons τ . The one-step-ahead forecasts
calculated with (c) the exponential smoothing method (Eq. 3.18 with α = 0.2) and (d)
the moving averages (Eq. 3.13 with N = 15). Furthermore, for a forecast horizon of
τ = 30 min two combinations according to Eq. 3.95 are calculated, whereby as vcur(t0)
act the 15 minute moving averages of the most resently measured data and as vhist(t)
the (e) CAS and the (f) classified kernel NN.
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Fig. 6.12. Forecast results of forecasting the velocity of lorries vlor of the loop detector
5877-019-001 for the period from 2004/08/01 to 2004/09/30. Shown are the distributions
P (eForecast) of the forecast error eForecast rounded to integer values for the CMS (a) and
the CAS (b) for arbitrary forecast horizons τ . The one-step-ahead forecasts calculated
with (c) the exponential smoothing method (Eq. 3.18 with α = 0.2) and (d) the moving
averages (Eq. 3.13 with N = 15). Furthermore, for a forecast horizon of τ = 30 min two
combinations according to Eq. 3.95 are calculated, whereby as vcur(t0) act the 15 minute
moving averages of the most resently measured data and as vhist(t) the (e) CAS and the
(f) classified kernel NN.
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Fig. 6.13. Forecast results of forecasting the occupancy ρrel of the loop detector 5877-
019-001 for the period from 2004/08/01 to 2004/09/30. Shown are the distributions
P (eForecast) of the forecast error eForecast rounded to integer values for the CMS (a) and
the CAS (b) for arbitrary forecast horizons τ . The one-step-ahead forecasts calculated
with (c) the exponential smoothing method (Eq. 3.18 with α = 0.2) and (d) the moving
averages (Eq. 3.13 with N = 15). Furthermore, for a forecast horizon of τ = 30 min two
combinations according to Eq. 3.95 are calculated, whereby as ρcur(t0) act the 15 minute
moving averages of the most resently measured data and as ρhist(t) the (e) CAS and the
(f) classified kernel NN.



Chapter 7

Application

“Das Neue dringt herein mit Macht.”

Johann Christoph Friedrich von Schiller

(1759 – 1805), German poet and dramatist

This chapter describes an application that uses the results of this work: the
traffic information system OLSIM (OnLine Traffic SIMulation). One essential
part of the system are forecast algorithms that are used to forecast traffic states
30 and 60 min ahead. These forecast algorithms are applications of the scientific
results of this work. The whole system is even much more complex and at this
point only the framework of the system can be shortly described. The interested
reader is referred to the extensive literature, such as [Chrobok et al., 2004,a,b,
2002, 2003, 2001, Hafstein et al., 2003, Marinosson et al., 2002, Pottmeier et al.,
2004, 2003].

7.1 Traffic Information System OLSIM: Motivation

and Background

The traffic information system OLSIM is established, to give the Internet user
the opportunity to get information about the motorway traffic state in North
Rhine-Westphalia (NRW). Apart from the current traffic state, a 30 and a 60
minute forecast is available. The approach to generate the current traffic state
in the whole motorway network is to use the locally measured traffic data of
the loop detectors discussed in this work as the input into a spatial temporal
traffic simulation. Using simulations is nowadays the state of the art in every
traffic information or management system. With a simulation traffic states are
also estimated in regions that are not covered by measurements. Furthermore, it
directly provides estimates for other valuable quantities like trip travel times.
To provide information about future traffic states, forecast traffic data have to be
filled into the simulation instead of the current data. The basis of the calculation is

173
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the procedure proposed in Chapter 6. But for technical reasons, not all potentials
can be used for application.

In the following the principle of the whole information system is introduced.
Thereafter, the concrete forecast algorithm used by the system is explained. Then,
the spatial temporal traffic model is outlined and a short description is given, how
the model is applied to the real network. At last, the application is introduced
that visualises the information.

7.2 Principle

The intention in developing the traffic information system OLSIM is to offer the
opportunity to inform the road user fast and efficiently about the current and
the predictive traffic state. Therefore all available information has to be collected
and prepared in a manner that is useful for the user. The general setup of the
traffic information system OLSIM is depicted in Fig. 7.1.

traffic database:

current data

traffic database:

secondary data

current state,

forecast

simulations for

30, and

60 minute

visualisation
traffic database:

historical data

classification and

30 minute forecast

road works and road closures

inductive

loop detectors

variable

message signs

RDS/TMC

messages

60 minute forecast

classification and

short and long term
road works

information
according to

calendar

Fig. 7.1. The architecture of the traffic information system OLSIM. Different input data
are available that are depicted by the parallelograms on the left. After storing them
in different databases, the data are prepared for the 30 and 60 minute forecast with
algorithms that result from this work and are described on detail in Sec. 7.3. Finally,
the current and the two forecast traffic data sets are filled in one simulation each that
calculate the network wide traffic state from the point data. This state can finally be
visualised.

In addition to the loop detector data discussed in this work in detail, other
secondary data is available. The data of the control states of about 1,800 variable
message signs that are located across the network are provided every minute. The
location and the duration of road works are available as well. The information
of short term construction areas are sent daily, those of permanent construction
areas every week.

Another data source are the so called RDS/TMC-messages (Radio Data System
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/ Traffic Message Channel). These messages are information provided by the
traffic warning service and include all kind of warnings concerning the current
traffic, for instance, traffic jams, accidents, road closures, and reroutings. These
data are sent to the OLSIM system immediately when they are generated.

Apart from that, all the information according to the calendar like the attributes
weekday, month, holiday, school holidays, and so on are available. As discussed,
they are, of great importance. All these data are stored in different databases.
The most important one is that of the current data of the loop detectors. All the
other data are stored in a secondary database. Both data bases offer the basic
information for the classification.

Then, the data is fed into one of three simulations. Whereas for the online sim-
ulation that maps the current traffic state only the raw data is needed, the 30
and the 60 minute forecast simulations need the data of the particular forecast
procedures. Then, the results of all the three simulations are visualised. Further-
more some more informations of the secondary database like road works or road
closures are given to the user too.

7.3 Applied Forecast Model

As discussed in detail, first a classification to calculate historical data is needed.
For technical terms, it is not possible, to apply the DCA for each particular loop
detector separately. Thus, a classification for all the loop detectors is needed. As
a trade-off, for all loop detectors three dimensional classification vectors are used,
that consist of the classes according to the weekdays D1,n, that of the holidays
D2,n, and that of special days D3,n. The particular classes can be seen in Table 7.1.

D1,n Su, Mo, Tu, We, Th, Fr, Sa
D2,n Noholidays, (Easter, Summer, Autumn), Winter
D3,n Normal Day, Bridging Day, Before Holiday, Holiday, (All other days)

Table 7.1. Classes Dj,n used by the traffic information system OLSIM. For technical
terms it is not possible to apply the DCA for each particular loop detector.

Then, the forecast data are calculated for the traffic flow of all vehicles Jveh, the
flow of lorries Jlor, the velocity of passenger cars vpc, the velocity of lorries vlor,
and the occupancy ρrel.

As 60 minute forecast directly act the 15 minute moving averages of the classified
adaptive forecast using Eq. 6.23 with α = 0.2. For the 30 minute forecast this
time series is combined with the current traffic data using Eq. 3.95, whereby as
current data act the 15 min moving averages of the most recently measured data,
and the parameters are chosen as tthmax = 37 min and η = 0.57.
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7.4 Spatial Temporal Traffic Model

As mentioned, to obtain a network wide traffic state, a spatial temporal traffic
model is needed to generate the 2 dimensional line information from the point
information measured by the loop detectors. Because the data is fed into the
simulator and processed by it every minute it has to be at least as fast as real
time. So, the simulation model has to fulfill certain requirements in regard to
accuracy and efficiency. A class of models that fulfill these requirements also in
large-scale networks are the so called cellular automata models (see, for instance,
[Esser and Schreckenberg, 1997, Nagel et al., 2000, Rickert and Wagner, 1996,
Schreckenberg and Wolf, 1998]).
The model that is used by the system OLSIM is based on the first cellular automa-
ton model for traffic flow, that has been able to reproduce some characteristics
of real traffic [Nagel and Schreckenberg, 1992]. After several refinements using
velocity dependent randomisation [Barlovic et al., 1998] or anticipation and the
human reaction on brake lights (comparable to the dependency on velocity and
acceleration) [Knospe et al., 2000], the model becomes more and more realistic.
One basic problem left is, that all those models are developed under laboratory
conditions. That means, that in most cases models are designed for traffic on
only one lane. An approach to enhance the model above for two lanes is done
in [Knospe et al., 2002a]. But the network consists of many other elements like
on-, off-ramps, intersections, lane closures, speed limits, and so on. Thus, other
improvements have to be made until the model has been able to simulate the
motorway network of NRW faster than real time [Wahle et al., 2002]. The model
that is finally used by the traffic information system OLSIM is described in [Haf-
stein et al., 2004]. How the topology of all the elements above is implemented, is
described in the following.

7.5 Network Topology

An important point in the design of a simulator is the representation of the road
network. Therefore a digitised image of the network is needed. The problem with
geographic information systems is that there is no unique format for every kind of
application [Grande et al., 2004]. Existing geographic information systems could
not fulfill the requirements that are needed for a microscopic simulator of this
detailing. Thus, a new geographic information system called Olsim Track Data
Format (OTDF) has been designed.
The approach is based on the work of [Froese, 1998] and divides the network into
links. The main links connect the junctions and highway intersections representing
the carriageway. Each junction and intersection consist of another link, like on-
and off-ramps or turning lanes. Then, several attributes are assigned to each link.
The attributes are, for instance, the length, the number of lanes, or a possible
speed limit. Each link together with all attributes is called track. Each track is
divided into the cells that are needed for the cellular automaton traffic model.
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The tracks are joined using elements that are called exits. Each single exit repre-
sents a junction of two tracks. It comprises all the important information about
the junction that is needed by the simulation model, especially where exactly a
vehicle can enter or leave a track. With tracks and links together it is possible to
build a digital image of the topology of each traffic network. An example of an
intersection can be seen in Fig. 7.2.

1

3

4

2

Fig. 7.2. The complex structure of an intersection in OTDF. The vehicles are simulated
on the tracks. The small cells indicate the discretisation in the microscopic simulation
model and stay in this case for 20 cells of 1.5 m length. The tracks are connected with the
exits (grey regions). Those exits comprise all the important information where exactly a
vehicle can enter or leave a track. With the tracks and the exits it is possible to map a
digital image of any complex traffic network (picture from [Hafstein et al., 2004]).

In a complex network there are always more than one routes to get from an
origin to the destination. Moreover, from a physical point of view, loops lead
to the fact, that the number of ways is actually infinite. Looking at Fig. 7.2
this can be understood in an easy way. A vehicle can use the junctions 1 to 4
driving in a circle arbitrarily often before it continues in a different direction. This
is avoided in OTDF with so called connections. The connections comprehend
all necessary routing information at the junctions and intersections. With the
connections OTDF becomes a fully routing capable data format.
With tracks, exits, and connections the digital image of the topology of the mo-
torway network of NRW is built. Table 7.2 shows some design parameters of the
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network that hold for the 2004/10/31.

Another crucial information concerns the positions of the installed loop detectors.
They also have to be included in the digital map of the network. The positions in
the simulation are called checkpoints, and at these checkpoints the simulation is
adapted to the measured traffic data of the loop detectors. Therefore, algorithms
have to be found, to incorporate the real world measurements into the simula-
tion. First methods for this procedure are given for urban traffic in [Esser and
Schreckenberg, 1997]. However, these suffer from a major drawback, since they
destroy the dynamics of the system and are only sufficient for urban traffic, where
the dynamics are governed by intersections, mainly traffic lights.

area a 34,083 km2

inhabitants a ≈ 18,075,000
overall motorway length a 2,173 km
on- and off-ramps 876
intersections 73
number of tracks 3,814
lane resoluted track length 12,549.562 km
cells in simulator 8,366,375
loop detectors 4,480

Table 7.2. Design parameters of the North Rhine-Westphalian motorway network that
is digitised in OTDF for the traffic information system OLSIM. The data are the status
quo of the 2004/10/31.

aThe data are stemming from the state office for data processing and statistics NRW.

Thus, several methods like flow tuning, density tuning, and tuning of the mean
gap are investigated that follow the idea to add or remove vehicles adiabatically ,
that is, without disturbing the system [Froese, 1998, Kaumann, 2000, Kaumann
et al., 2000]. The method that is finally used by the system is an enhancement
of the tuning of the mean gap. Before vehicles are added or removed from the
simulation, the first step is to try to move vehicles behind the checkpoint in
front of it and vice versa [Hafstein et al., 2004]. This method is preferred to
pure insert/removal strategies because these can completely fail due to positive
feedback if a non existing congestion is simulated. Note, that the algorithms how
to adapt microscopic traffic simulations with real world measurements are still
part of present research.

7.6 Visualisation

There are several user interfaces that could be possible to transfer the information
about the network wide traffic state to the public. Because the traffic information
system OLSIM is designed for a broad public, a web-based visualisation has been
chosen.
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On the website a map of NRW is drawn, where the motorways are coloured
according to the simulated traffic state on the particular track. Therefore a traffic
state Z is generated from the mean velocity v and the density ρ on each track. This
is done as in [Klukas-Illen and Weiss, 2001] whereby for the traffic information
system OLSIM a few enhancements are made. In Fig. 7.3 can be seen, how the
state Z is calculated from the mean velocity v in km/h and the density ρ in
veh/km for each track. The state Z = 1 is missing, because it only indicates, that
no traffic state is available.

yes

no

yes

no

yes

yes

no

no

yes

no

ρ > 60 λ

ρ > 30 λ

ρ > 15 λ

υ < 30

υ < 80

Z = 6

Z = 6

Z = 5

Z = 4

Z = 3

Z = 2

Fig. 7.3. Calculation of the traffic state Z with the density ρ in veh/km and the velocity
v in km/h. If there are two lanes on the motorway hold λ = 2, otherwise λ = 3/2.
The state Z = 1 is not shown in the diagram because it only indicates, that no state is
available.

Because psychological investigations have shown, that most humans can only
distinguish four traffic states maximum, many even only three [Kochs et al.,
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2004], the states Z = 2 and Z = 3 can both be seen in the map as light green for
free flow. The other ones are dark green (Z = 4) for dense flow, yellow (Z = 5)
for stop and go traffic, and red (Z = 6) for a traffic jam.
On the website the user can choose whether he wants to see the current traffic
state, that of the 30, or that of the 60 minute forecast. Furthermore he can
select different maps in a way whether he wants an overview or one of several
detailed maps. For completeness it has also to be mentioned, that the map offers
some more information than only the traffic states like construction areas, road
closures, or many kinds of detailed text information. A screenshot of this can
be seen in Fig. 7.4. At the 2004/10/31 the website is available at the address:
http://www.autobahn.nrw.de.

Fig. 7.4. Screenshot of the visualisation of the 30 minute traffic forecast of
NRW at the 2004/10/26. At this time the website is available at the address:
http://www.autobahn.nrw.de.



Chapter 8

Conclusions and Outlook

”What we call Progress is the exchange of one nuisance for another
nuisance.”

Oliver Wendell Holmes

(1809 – 1894), American physician and essayist

In this chapter first a short summary of this work is given. The main conclusions
are shortly described. Nevertheless, in each scientific work not all questions can
be answered. Moreover, answering questions may lead to new, sometimes more
questions. Thus, a short outlook is given, that may be the basis for interesting
future works.

8.1 Conclusions

The objective of this work has been the development and application of an ad-
vanced traffic forecast algorithm with a physical background. The state of the
art report of current methods and applications of forecasting traffic has shown,
that the methods can be basically classified in four groups: parametric regres-
sion, nonparametric regression, neural networks, and knowledge based systems.
A comparison of the different methods is difficult because in the works highly
different kinds of traffic data are used.

Thus, the data of 4,480 inductive loop detectors of the motorway network of
NRW are empirically analysed. Because there are many sources for possible mea-
surement errors, several methods are proposed with that misinterpretations can
be avoided. The basic traffic data that are measured with the loop detectors are
the traffic flow, the velocity, and the occupancy. Thereby, for flow and velocity a
distinction in lorries and passenger cars is possible.

In statistically analysing these data in detail it becomes clear, that days with
similar properties show also similar characteristics in the traffic data. Many of
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the properties are dominated by the calendar. But also special events that possibly
depend on particular regions influence measurably the traffic state.

Many of the recurring structures can be forecast for arbitrary forecast horizons
with heuristics or knowledge based systems. Thereby the causes are identified,
that have an impact on traffic and their effect is measured. This method has the
benefit, that the knowledge about future causes like sport events or road works
can be used for the forecast. Any traffic forecast system that should forecast
certain events must be fed with information about them.

In practise this can be done with a classification of the days according to several
attributes that are implied by certain causes, for instance, the days of the week.
To assure, that there is a limited number of attributes, the classification must
be done taking the effect of each particular cause into account. The effect highly
depends on the particular traffic value. Some events influence the traffic flow,
some the velocity.

Sometimes even cognitive abilities are required to identify different patterns. This
is the reason why neural networks are often proposed in former works, but un-
fortunately at present common neural networks are not able to cope with this
problem automatically.

For horizons of minutes up to hours the most recently measured data offer use-
ful information for forecast. Especially for the one-step-ahead forecast the main
problem is to smooth the fluctuations which can be performed by parametric
regression techniques, so called ARIMA methods. In most cases models of low
order like exponential smoothing or moving averages provide feasible results. The
physical background is, that the traffic state is expected to stay as it is.

Another method to use most recently measured data is the nonparametric regres-
sion technique, whereby the traffic state is analysed with a state space model.
This leads to a few forecast enhancements, because not all recurring events that
influence the traffic are known from the first. But with a state space model the
traffic data cannot be forecast until the first impacts of the event are measured.

Using these results a new traffic forecast model is developed. To classify the
daily traffic time series a double cluster assignment (DCA) method is proposed.
Thereby the days are assigned to several attributes, that are supposed to influence
traffic states. Then, the DCA calculates automatically which attribute influences
each particular loop detector with an automatic cluster interpretation.

When the classification is done, the forecast traffic data time series can be cal-
culated. This can be straight forwardly done with just the mean value of the
classified days for each time of day. Because the number of days used in each
classification can differ strongly, it is always important to smooth the classified
traffic time series, for instance, with moving averages. To consider also basic
changes in the network, not just the mean value of the classified days should be
used for forecast. Instead of this, the classified traffic time series should be cal-
culated with parametric regression techniques. The enhancement of the forecast
is shown with 15 days moving averages and 0.2 exponential smoothing, what is
also used for the further investigations.



8.2 Outlook 183

To use the most recently measured data, it is investigated, for which forecast
horizons the short term parametric regression methods outperform the classified
traffic data. The results show clearly, that normally this is the case for one hour
maximum. With this result, a combination of the short term and the long term
forecast is straight forward.

Additionally an approach to combine the most recently measured data with the
historical information is investigated. It is shown, that the forecast with classified
traffic time series can be enhanced, when among all days of the same class the
nearest neighbours (NNs) in phase space are used and the forecast is calculated
with a kernel function that weights the NNs according to their distance in phase
space with a Gaussian distributed kernel function.

Finally the forecast results are shown for two classified traffic time series working
for arbitrary forecast horizons, two parametric regression methods for one-step-
ahead forecasts, and two combinations for 30 minute horizons.

Thereafter an application of the new traffic forecast algorithm is presented. The
traffic information system OLSIM offers among other information a 30 and a 60
minute traffic forecast. To obtain a network wide traffic state, a spatial temporal
traffic model is used to transform the point information of the loop detectors
into a line information. Therefore an advanced cellular automaton traffic model
is used.

8.2 Outlook

Unfortunately for technical reasons not all algorithms that are proposed in this
work can be used in the application. Thus, in the future the application has to
be enhanced applying the complete forecast algorithm, especially applying the
double cluster assignment (DCA) for each loop detector separately.

Furthermore an event database that has to be established and kept up to date is
basically missing. Note that in a traffic network like that of NRW there are many
regional events that influence locally the traffic. Taking them into account using
the new forecast technique can enhance the result.

The DCA proposed in this work is used for the automatic recognition of causes
and their impacts on traffic. In future it may be, that other systems can be evolved
with cognitive abilities that outperform this method. As candidates often neural
networks are discussed but there have to be many improvements as the results
of former works in Sec. 3.3 have shown.

An opportunity for interesting future research offers the visualisation or the user
interface, respectively. Currently, a web based visualisation is displayed. The ques-
tion is, whether the visualisation in the Internet is in future the optimal way to
reach the user. A problem at the moment is, that most travellers have got an In-
ternet connection at home or at work, but not in their vehicle. This leads to the
effect, that the system is used to plan the route pre-trip, that means before the
trip is started. With so called Advanced Traveller Information Systems (ATIS)
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[Adler and Blue, 1998, Barfield and Dingus, 1998], it is possible to inform the
traveller en-route, so that he can respond to this information. The information
can be brought to the traveller with, for instance, onboard systems, mobil phones,
or variable message signs.

This leads directly to the question whether another kind of information can be
offered to the driver. With the information about the traffic state, the driver has
no information how long it takes to pass a certain section. The intention at the
moment is to enhance the traffic information system OLSIM in that sense, that
also information about current and forecast travel times is provided. The travel
times follow directly from the travel times of virtual vehicles in the microscopic
traffic simulation.

Once travel times are calculated, the question can also be investigated, how the
route with the shortest travel time can be determined and a dynamic route guid-
ance system can be developed. Such a dynamic route guidance systems calculates
the route with the shortest travel time considering not only the static infrastruc-
ture but also the dynamic traffic states.

With the enhancements of traffic forecast and information systems another very
interesting problem comes up that is different from forecasts in other fields, for
instance, weather. The weather does not care about the forecast and cannot be
influenced therefore giving no response. In the case of stock market forecasts, if
many investors trust the forecaster, there can be a positive response. But fore-
casting traffic can lead to a negative response falsifying the prognosis [Arnott
et al., 1991].

Consider the case that there are more than one possible route to get from an
origin to the destination. If a congestion is forecast on one of those routes, say
route A, and the information is brought to the travellers, many of them may
decide to avoid that route A. If enough travellers do so, the forecast congestion
may stay away or appear on other routes, say B or C. This phenomenon is called
the self-destructing forecast.

Whether a self-destructing forecast appears or not, first at all depends strongly
on how many travellers get the information. If only a small part of them use
the information, those travellers have got an advantage over the others. In traffic
the minority has got benefits, the majority stays in a congestion. But in cases
of public systems, like the traffic information system OLSIM, the information is
generally obtainable for all travellers. The question is, at which time a certain user
limit is passed so that the traffic state is measurably influenced by the respond.

To estimate this influence, the driver reaction must be forecast. However driver
behaviour is difficult to understand and at the moment there are only theoretical
investigations into driver behaviour.

An approach of simulating the driver behaviour with a strategic and a tactical
layer is done in [Wahle et al., 2000]. Further theoretical analyses show [Selten
et al., 2004], that even in the simple case of a two route scenario three differ-
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ent kinds of drivers can be distinguished 1. First feedbacks of the OLSIM users
let expect, that in fact there are even many more strategies, how the travellers
respond to information. But detailed investigations are required in the future.
Consider the case, far in future, that nearly all road users can obtain reliable
traffic forecasts immediately and also their reactions can be estimated. Let ~f be
the traffic forecast vector consisting of the forecast traffic states of all sections in
the network. This leads to the reaction of the drivers that can be described with
a driver reaction function ~R(~f). This function has to be applied on the forecast
vector to obtain the traffic state vector ~s1 that is the result of the forecast and
the reaction of the drivers:

~s1 = ~R(~f). (8.1)

So, forecasting the traffic state ~f generates the traffic state ~s1.
Equation 8.1 leads to several interesting open questions. A driver who knows ~s1

has got benefits and a traffic information system that forecasts ~s1 from the first
outperforms others. But if ~s1 can be directly forecast this leads with the reaction
of the drivers to the traffic state ~s2 that can be easily calculated using Eq. 8.1 as

~s2 = ~R(~s1) = ~R(~R(~f)) = ~R2(~f), (8.2)

and the question comes up, why not directly forecasting ~s2 and so on.
This procedure can be iterated up to n times:

~sn = ~Rn(~f), (8.3)

whereby n can mean arbitrary often. The question is how the states ~s1,~s2,...,~sn

behave, especially under what conditions the iteration can converge.
But searching for a state ~sn for that finally hold ~Rn(~f) ≈ ~sn is based on the
assumption that the forecaster wants to provide a forecast that is as accurate as
possible.
But, moreover the driver reaction can also be used to control traffic. To do this
the forecaster can perhaps generate a certain traffic state ~o = ~R(~fgen) with his

forecast ~fgen. This can be, for instance, the optimal state in regard to the least
number of congestions or the smallest cumulative sum of travel times. But in
this case the forecaster has to consider that the reaction function can change if
the reality deviates too much from the forecasts. In this manner, the reaction
function also depends on the difference ~o − ~fgen.
Apart from the driver reaction there is at least another question: Can information
about individual traffic be extended to public transport? At the present even in
sophisticated regions of the world the timetable is the only available information
about public transport. If it would be possible to obtain and analyse data about
latenesses of public transport systems, forecast methods can be developed that
are not restricted to individual traffic. The future vision is an advanced traffic
management and control system for intermodal transport.

1At this point the author wants to give special thanks for helpful discussions and
suggestions to Reinhard Selten, Nobel-Prize winner in economics of the year 1994.
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AR Auto Regressive
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ARMA Auto Regressive Moving Average
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CA Cellular Automaton
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MAE Mean Absolute Error
MAPE Mean Absolute Percent Error
MAXE Maximum Error
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OTDF Olsim Track Data Format
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Robert Barlović, Thomas Grunewald, Sigurður Hafstein, Oliver Kaumann, An-
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an Engpässen auf Autobahnen unter besonderer Berücksichtigung von Ar-
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