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In 2015 real-time traffic management
requires demand modelling, say -
Johannes Schlaich, Thomas =~
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round 50 per cent of all
Germans have a smartphone’.
Three quarters of those access
Internet content on the go and 50 per

route planning tools and timetable
information. The current availability
of real-time data is increasing peo-
ple’s expectations. “Real-time” is no

cent use apps for different aspects of
day-to-day life: and these numbers
are rising. Transport-related appli-
cations are in the top five of the most-
used apps® This includes the latest
traffic information, navigation and

longer just a buzzword but is part of
the here and now, and modern traffic
management can no longer shy away
from it. But how can data streams be
processed smartly, what are the lim-
its to big data and how can demand
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modelling fill this gaping void?

Worldwide, 2.5 exabytes (or 2.5 bil-
lion billion bytes) of electronic data
are produced per day. It is hard to
imagine, but entirely true, that 90
per cent of all electronic data has
been produced in the past two years®.
And this statement will remain true
in the future as the numbers of data
sources and the volumes of infor-
mation they generate are set to
grow exponentially. Data on mobil-
ity behaviour make up a portion of
this: With each piece of information
on timetables and each route plan-
ning query, travellers disclose infor-
mation on their mobility behaviour
and contribute to the rise in data
volume. And yet today this infor-
mation is still often not available to
transport managers. Their real-time
information is fed from data from
detectors, floating car data (FCDJ,
automatic number plate recognition
systems (ANPR] and accident- and
road works reports. This is how they
obtain an overview of the current
traffic situation of the observed area
and can react to regular disruptions
thanks to their many years of experi-
ence (see image 1).

Thanks to traffic forecasts, the
transport manager is getting more
and more room for manoeuvre for
choosing the best measure to take.
Today there are two main distinct
approaches in traffic forecasting:
the statistical and the model-based
approach® (see image 2]. The sta-
tistical approach uses interpolation,
interference, data collection, arti-
ficial intelligence and mathemati-
cal models to compare observed
time periods with historical pat-
terns. The traffic flow and speed
variables are analysed and predicted
without explaining and reproduc-
ing the underlying phenomena, i.e.
the interaction between the vehicles
and the driver behaviour. Statistical



The statistical approach uses interpolation, interference,
data collection, artificial intelligence and mathematical
models to compare observed time periods with historical
patterns. The traffic flow and speed variables are analysed
and predicted without explaining and reproducing the

techniques are suited to projecting
low-volatility traffic measures or
recurring traffic patterns. They come
up against their natural limits, how-
ever, if there is not enough historical
data from sufficiently similar situa-
tions. This happens in particular with
unusual situations, when accidents
occur or road works are set up.

If someone wishes to react to these
situations in real-time, model-based
approaches can be used for the
forecasting. In contrast to statistical
processes, the model-based simu-
lation approach relies on a physical
interpretation of the traffic network
and conditions. This is added to the
supply through an explicit simula-
tion of the interplay between travel
demand and the transport network.
Model-based solutions such as PTV
Optima, which can output dynamic
forecasts for a time horizon of up to
60 minutes, combine for proven off-
line traffic modelling with real-time
data and algorithms.

On this basis, a traffic model cre-
ated in the traffic planning software
PTV Visum, for example, shows the
“typical” day (e.g. workdays or week-
ends]) in the transport area under
consideration. The transport supply
and demand are then represented
in the form of demand matrices.
Dynamic traffic assignments calcu-
late the time-dependent volumes
and turn proportions on the network
from the travel demand®®’® [see
image 3). PTV Visum passes all this
information on to PTV Optima.

underlying phenomena

Image 1: The map-based user interface
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In PTV Optima, the online data
therefore comes into play. The data
is used in real time in PTV Optima to
adjust base model capacities, speeds
or volumes from PTV Visum locally
to the latest circumstances. As PTV
Optima explicitly takes into account
the network structure, traffic flow
dynamics and travellers’ route choice
behaviour, it also reproduces the
traffic situation for links on which no
detectors have been installed (spatial
distribution] and can furthermore
predict the effects of planned and
unexpected results (temporal distri-
bution) and then evaluate and com-
pare different strategic measures.

Travel demand is very often produced
in the transport planning using a
classic demand model. This covers
the trip generation (how many routes
are done for each trip purpose?), the
trip distribution (what destination
has been selected?) and the choice of
transport (with which means of trans-
port is the destination reached?].
By modelling the decision-making
behaviour in this way, the model can
be made more sensitive to meas-
ures connected with typical transport
planning issues”™. For traffic man-
agement which emphasises private
transport, on the other hand, purely
empirical matrices can be used, such
as those obtained with mobile data'.
With the steady rise in the availability
of real-time data, the demand matrix
calculated in advance can be replaced
in the long run by real-time demand
from data sources which actually
come about by optimising individu-
als’ mobility (apps, navigation serv-
ices, and so on). In this way, real-time
data can detect not only the current
traffic situation, but also the current
destinations of travellers who are
potentially deviating from their “typi-
cal” day. In this case too, a forecast-
ing model is essential for predicting
the traffic flow using fast assignment
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Image 4: With PTV Optima, different scenarios can be simulated in parallel and compared in
real time. Parameters can be defined for this individually

procedures. These are processes that
are currently used in real-time traffic
management.

When disturbances are modelled
into the forecasts on the network, it
is necessary to react and rectify the
situation. Cities and regions have dif-
ferent objectives in this. Transport
for London (TfL), for example, meas-
ures its success by the reliabil-
ity of the transport network'. PTV
Optima is flexible in its use of Key
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Performance Indicators (KPI) which
deliver aggregated information on
the overall network status in addi-
tion to the graphical feedback, and
displays the basis for a decision that
can be assessed quickly (see image
4). The KPIs can be adjusted flexibly
and it makes no difference whether
the user has set the avoidance of
traffic, the minimising of travel time
or the reduction of negative effects
of planned or unpredictable events
as the main criteria. Typical tools for
reacting to this include traffic light
signals, the unblocking of traffic
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Traffic jam in Tokyo

lanes, variable message signs and
traffic information reported on the
radio and Internet.

To resolve traffic jams, these tools
are often used directly “on the Lliv-
ing object”. Through their experi-
ence, experienced employees in
traffic management offices can of
course already now choose effec-
tive strategies. However, this way
makes it impossible ever to find out
whether a different strategy might
not have been better. Seen from
this angle, is it not better to test
these and their alternatives in a vir-
tual world? Offline, in PTV Visum
for example, strategies which have
been developed can be introduced to
the PTV Optima online environment,
assessed, compared and ranked on
the basis of the current traffic situ-
ation, before they are then sent onto
the streets. PTV Optima is therefore
capable of calculating many combi-
nations of strategies simultaneously
within a few minutes, including for
large networks. This means that the
best possible strategy can be applied
as soon as possible. Using this proc-
ess, the transport manager builds
up his wealth of experience with
unforeseen circumstances, develops
confidence about the different sce-
narios and can choose from the opti-
mal measures recommended by PTV
Optima so that the traffic on the road
network returns to “normal”. 'c

nafjuaus] eAjj/ojoydxo015I @

7  forfurtherinformation, see G. Gentile, L. Meschini, N. Papola (2007), Spillback
congestion in dynamic traffic assignment: a macroscopic flow model with time-
varying bottlenecks, Transportation Research B 41, 1114-1138, ISSN: 0191-2615.

8 forfurther information, see PTV Group (2014), Manual PTV Visum 14.

9 Cf.Schlaich, J., Heidl, U., M&hl, P. (2013}, Multimodal macroscopic transport
modelling: State of the Art with a focus on validation & approval, Proceedings
of the 17th IRF World Meeting & Exhibition, Riyadh, Saudi-Arabia.

10 Cf. Friedrich, M. (2011): Wie viele? Wohin? Womit? Was kénnen uns
Verkehrsnachfragemodelle wirklich sagen?, Heureka 11 conference report, FGSV
(Road Traffic Research Association in Germany) Verlag, Cologne. [How many?
Where to? What with? What can travel demand models really tell us?]

11 Cf. Friedrich, M., Immisch, K., Jehlicka, P., Otterstatter, T., Schlaich, J. (2011), Generating

Origin-Destination Matrices from Mobile Phone Trajectories, Transportation Research

Record, Issue 2196, pp. 93-101, Transportation Research Board, Washington, D.C., USA

12 Transport for London (2012), Travelin London, Report 5, http://www.tfl.gov.
uk/assets/downloads/corporate/travel-in-london-report-5.pdf.

FYI

Dr.-Ing. Johannes Schlaich is Traffic
Software Product Management &
Services Director at PTV Group.

johannes.schlaichf@ptvgroup.com

Dr.-Ing. Thomas Otterstatter
is Product Manager for Real-
Time at PTV Group

thomas.otterstaetterf@ptvgroup.com

Sonja Koesling is PR &
Marketing Traffic Software
Manager at PTV Group

sonja.koeslingfdptvgroup.com

vision-traffic.ptvgroup.com

45

<
(o)
o
_|":.
g <
= =
0

(]
m =
— o
& 3
o)
o 8

[N
J
N —
<X &
<
[}
3
o

ONITT13d0W ANVINIQ



