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1 DRIVING PROFILE GENERATOR 1

1 Driving Profile Generator

The driving profile generator is a tool to generate an antyitnmmber of car driving pro-
files such that the resulting profiles are in the same form@setheported in the German
Mobility Panel (MOP) BMVBS 2008, a large field study that reports car mobility for
about 12.000 individuals in Germany. The profile generagscdbed in this report is
able to generate simulated driving patterns for fotifedent groups of persons: employ-
ees, part time employees, retired people, and unemployguigeEach generated profile
comprises all car movements of an individual within one wekE&r each of these trips
several diferent pieces of information are provided, in particulargtet of the trip, the
duration of the trip, and the kilometers driven throughdé trip. To make the gener-
ated driving profiles follow patterns similar to those in #mapirically observed driving
profiles of the MOP, the panel's database has been stalligticalyzed and the results
are used as the basis for the profile generator. The follos@agion describes in more
detail how the MOP has been analyzed and how the major patterre been identified.
Thereafter, sectiod.2 describes in more detail how the profile generator makes use o
these statistical data to generate new driving profilesallinsection1.3 evaluates the

goodness of the generated driving profiles.

1.1 Analysis of the German Mobility Panel

There are three inputs for the profile generator that have deeved from the MOP.

The first input is a database that determines the probalbiiay there has been a trip
on a certain day, for each day of the week for each group oflpedfor instance, the
probability that an employee uses his or her car on a Monday&an determined.

The second input is the information about the probabilitgrobccurrence of a certain
mobility-chain on a certain day of the week. A mobility-chain contains &tidof one per-
son on one single day. For example, such a mobility-chaitddoe “ToWork-ToHome”.
This mobility-chain represents the fact that the respegerson did two trips on a par-
ticular day, i.e., one trip from home to work and afterwardg@back home. In the fol-
lowing these components of a mobility-chain will be calledbility-chain-components.

In the above example mobility-chain-component one is “Tok¥@and mobility-chain-
component two is “ToHome”. The following mobility-chairmponents are reported

within the MOP:



1 DRIVING PROFILE GENERATOR 2

. ToWork

. BusinessTrip
. ToSchool

. Shopping

1

2

3

4

5. Leisure
6. Service

7. ToHome

8. Mistake

9. ToHotel

10. To2ndHome

The probability for the occurrence of a certain mobilityaghon a certain day is cal-
culated by dividing the number of occurrences of a certaibifitg-chain by the number
of occurrences of all mobility-chains on a particular daighviboth information being re-
ported in the mobility panel. In order to reduce complexityldo increase the number
of mobility-chains within the period under observatiorg thifferent days of a week are
grouped into the two dierent day typesworking day (Monday to Friday) andveekend
day (Saturday to Sunday). As can be seen in Fidutkis grouping is a valid operation
because driving behavior is very similar from Monday to Byicand from Saturday to
Sunday, respectively.

Additionally, the mean, the standard deviation, the mimmand the maximum of
the starting times of the mobility-chains have been catedlaln order to determine solid
values for these parameters weekdays and weekend days, la@a been merged as de-
scribed above, hereby increasing the number of obsergpienmobility-chain. Further-
more, the original mobility panel database has been rediacidse mobility-chains that
have the highest occurrence probability and account for @084 the observed mobility-
chains during the respective observation period. Hencelyraccurring mobility-chains
are ignored and the main emphasis is put on modeling commwimglibehavior, for
which many observations are available in the mobility parddta. Similar to the group-
ing of weekdays, this data cleansing results in a largermmnm number of observations
per mobility-chain. Overall, the cleaned panel data i$ atile to describe the most popu-
lar driving profiles, which account for 70% of all driving aaty in all groups of persons
and for working as well as for weekend days.

The concept of statistically analyzing the occurrence obititg-chain probabilities
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Figure 1: Average kilometers driven byfidirent groups of people within each hour of the
representative week

Source: Own analysis. 1000 most up-to-date driving proéifesach group of people from the MOP

and to then generate artificial driving profiles that postiessame diurnal driving proba-
bilities requires mobility-chains to start and end on thesaay. Hence, a mobility-chain
that starts on a certain day also has to end on that same darg Imeidnight. This is why
driving profiles violating this constraint are excludednfrdghe database. This reduces
the number of driving profiles available for the analysisvrd1,436 in the original MOP
database to 7,674 (3,171 employees, 1,337 part-time eegso,077 retired people, and
1,089 unemployed people), i.e., 67% of the originally aal# driving profiles.

Figure 2 illustrates the ffect of eliminating those driving profiles from the MOP
database, where persons did not come home every day of tHe weecan be seen,
the overall average driving behavior of the employees gisuiifferent when comparing
the original MOP panel data and the filtered data subset. Menvenly during weekends
visible differences can be observed, the fit of the curves is still pretbg gwhich is also

the case for the other person types. The correlation betiieevalues (average kilome-
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ters driven per each hour of the day) from the restrictedbdesa and the values from the

unrestricted database is greater than 0.977 for each gfqagnple.

O Kilometers driven ——Employees unrestricted
------ Employees restricted
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Figure 2: Unrestricted versus restricted MOP database.ra@eckilometers driven by
employees within each hour of the representative week

Source: Own analysis. Driving profiles from the MOP database

The third type of input extracted from the MOP dataset and asanput for the pro-
file generator is information about the occurrence @edent mobility-chain-components
within different mobility-chains. Each mobility-chain consists ofesal mobility-chain-
components which all come attached with mobility-chaimponent specific parameters.
In particular, each mobility-chain-component contairfeimation on the distance driven,
the duration of the trip, average speed, and sojourn tirag,the resting time before the
next mobility-chain-component starts.

For all mobility-chain-components specific parameter&hmeen calculated: the mean
value, the standard deviation, the minimum, and the maximvaiores. These specific pa-
rameters characterize the distributions of the mobilhgin-components which can later
be used artificially generating mobiltity-chain-compotseof a certain mobility-chain.

In the following the mobility-chain “ToWork-ToHome” will gain be taken as an
example. The two mobility-chain-components “ToWork” antbHome” are described
through the above mentioned set of parameters. For instémeelistance that one par-
ticular person from the MOP has traveled from home to worKatbe recorded as being
ten kilometers and five kilometers for another person rasmdyg. Both persons then have
the mobility-chain “ToWork-ToHome” reported in the MOPIlifese people were the only
ones in the overall panel’'s data set where this mobilityitkas recorded, the extracted
statistical parameters for the two mobility chain compdséioWork” and “ToHome”
would beu = 7.5, 0 = 3.54, min = 5, andmax = 10. These information are used later

on to approximate the distribution of the kilometers drivera certain mobility-chain-
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component for the particular mobility-chain they occurned

For the duration, the speed, and the sojourn time the sanueiglase statistics are
calculated and stored. As mentioned earlier, in order to digdificant parameters, it
is important to have as many observations as possible. Esetbata the same data
cleansing has been applied that was used before. The faljo8&ction describes in more
detail how these three inputs from the MOP database can luttosgenerate artificial

driving profiles.

1.2 Functionality of the Driving Profile Generator

The driving profile generator uses the inputs that have beseribed in the last section to
step by step generate a one week driving profile like theyegrerted in the MOP. Due to
the diferent driving behavior of dierent groups of people, all the inputs are calculated for
each group of people (employees, part-time employeesedgbeople, and unemployed
people). Hence, when generating a driving profile, first,m@rmation for which group
of people the driving profile shall be generated is needethdriollowing the process of
generating a driving profile for an employee will be explainéfterwards, the starting
weekday has to be selected - for example Monday. There&fiteeach weekday the
profile generator decides whether or not there is drivinyi&gt This can be done using
input one which contains the probability of a car usage byleyges for each day of the
week. Thus, if the probability of a trip on a Monday for an eoyge is 80%, the profile
generator allows for trips on that day with 80% probabilihdadoes not allow for trips
with a probability of 20%. The result could, for example, battthe person does not use
the car only on Thursday.

As a next step, for all days except Thursday the profile géoehas to generate the
trips. At this point the concept of mobility-chains is us&or each of the days the profile
generator selects one of the mobility-chains stored intitywo (most popular driving
profiles that account for 70% of all mobility-chains) acdaglto their probabilities. For
all working days the profile generator uses the same datatbasebility-chains and their
respective probabilities as it uses the same databaseefolatfs on the weekend. This is
due to the grouping of days mentioned earlier. After thip sitthas been determined at
which day of the week the person is using the car and also fahwhobility-chains.

Afterwards, the parameters of the mobility-chain-compusédistance, duration, av-

erage speed, and sojourn time) and the starting times of dilitg-chains need to be
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defined. Input two also contains the mean, the standardtd®vjghe minimum and the
maximum of the starting time. The same specifications aréged in input three for the
parameters of the mobility-chain-components. The ideafisitl the distributions that can
describe the characteristics of the respective parametkethan use these distributions to
generate random values for the parameters. Figulegows a histogram of the distance
driven by employees on the way to work. This histogram is gigeto the case of the
mobility-chain "ToWork-ToHome" and the days from Monday taday. For a diferent

mobility-chain, group of people, or time frame, the histegrwill look different.
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Figure 3: Histogram of the distance of the way from home tokweithin the mobility-
chain "ToWork-ToHome" on a working day for employees

Source: Own analysis. Driving profiles from the MOP database

After a lot of curve fitting tests it turned out that none of t@mmon distributions
could fit the data significantly according to tests like thdrKogorov-Smirnov test, the
Cramer-von Mise test, or the Anderson-Darling test. Howeagcan be seen in figuge
the gamma distribution, illustrated by the line above thes lodi the histogram, provides a
pretty good fit (as an approximation) for that particularecdor other parameters like the
duration, the speed and the sojourn time, the gamma disttbalso provides a rather
good fit as well, although being not perfectly accurate. Faguillustrates the fit of the
gamma distribution for the duration within the same sitats before.

The situation is rather complicated since there are a lotféér@nt mobility-chains

with many diferent components, and each component consisting of seaaaheters.
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Figure 4: Histogram of the duration of the way from home to kmaithin the mobility-

chain "ToWork-ToHome" on a working day for employees

Source: Own analysis. Driving profiles from the MOP database

For each of these parameters the distribution has to be fihatdits the best. The ideal
case would be to have a curve fitting test, that is done for pacimeter independently.
However, such an approach would increase the complexitiieoptofile generator sig-
nificantly. In order to keep the profile generator as simpl@@ssible only the gamma
distribution has been used as an approximation for all tharpaters of the mobility-
chain-components and the starting time of the mobilityhthia The probability density

function of the gamma distribution looks as follows:

e—/lx/lkxk—l .
=X _ x>0
f(x) = { b tetd - (1.1)

0 : otherwise

The parameterg andk can be calculated from the mear) @nd the standard deviation

(o) using the following equations:

1= % (1.2)
2
k= % (1.3)

A71is also referred to as the scale parameter whekestands for the shape parameter.

Using the equation$.2 and1.3 the parameters of the gamma distribution can be calcu-
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lated with the mean and the standard deviation from inputamketwo for the respective
parameter. Having the distribution of a certain paramgteciied, random values can
be generated using this distribution. Taking the exampt®mobility-chain “ToWork-
ToHome” again, the distance driven by employees on theirtawayork on a working day
follows the gamma distribution with a certain shape parametd a certain scale parame-
ter. For a new employee driving profile this distribution teused to generate a random
number for the distance driven facing exactly the sametsitngsame mobility-chain and
same trip). Hence, when a large number of driving profilesfaployees is generated, a
histogram of the distance driven during a certain trip bys¢hemployees will follow the
gamma distribution that has been used to generate the Vfaluibese parameters.

Therefore, the mean and the standard deviation providegbirt one and two are used
to calculate the shape parameter and the scale parameter gatnma distributions for
the respective parameters. The resulting distributioaslaan used to generate random
numbers for the parameters of new driving profiles. The impub and three also include
the minimum and the maximum value of the observed paraméibese values are used
to avoid outliers generated from the distribution that doeast in reality. Hence, every
time the value for a parameter exceeds the limits (lower thenminimum or higher
than the maximum), a new random value is generated. Thisne datil the calculated
value lies in between the limits of the parameter. As a reshik mechanism produces
only realistic values. Figurb illustrates how this mechanism would restrict the gamma
distribution for the scenario that has been shown alreadigume 4.

Since the duration, the speed, and the distance are notdandept of each other,
but rather each one is determined by the two others, not l@etparameter values are
generated using the gamma distribution. The speed andstende are generated using
the gamma distribution whereas the duration is then catedlthrough the other two
parameters. If all three parameters would be generategémdiently, this could lead to
Inconsistencies.

Using the proceeding described above to generate all theareder values for the
components of the mobility-chains and the starting timethefmobility-chains on each
day of the week, provides the whole one week driving profilejust this would be
the functionality of the profile generator, it would generdtiving profiles that produce
a similar average driving behavior like the driving profifesm the MOP. However, it

Is also important, that each single driving profile seenviagially also “makes sense”.
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Figure 5: Histogram of the duration of the way from home to kmaithin the mobility-
chain “ToWork-ToHome” on a working day for employees indhgithe limitations of
the parameter

Source: Own analysis. Driving profiles from the MOP database

The functionality described so far would allow for a siteatin which on Monday a
person drives 10 kilometers from home to work and on Tuesll@ayame person drives
100 kilometers for the same route. Hence, the followingsulat take account of such

dependencies within a single profile, have been developed:

1. The distance between home and work has to be similar thoughe whole week
if the person directly drives from home to work or vice versi@nce, the first time
the person directly drives from home to work or from work torfey the distance
between home and work is fixed to a certain value. The nextti@elistance has
to be specified for a trip between home and work, the distamatehtas been fixed
earlier, is taken. In order to allow for some variation, adadetween 0.8 and 1.2
is multiplied with this distance. The factor is generated aandom number from a

normal distribution with a mean of one and a standard denadf %5

2. As already stated in rule 1, the distance between home aridivas to be similar
throughout the whole driving profile. In case of an indire@ywbetween home
and work, certain limits for the distance between home andwan be calculated.

An indirect way means that a person, for example, stops aupermarket on the
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way from home to work. It is possible that such a stop is justfway and
no additional kilometers have to be driven. However, theesogarket can also be
situated in the exact opposite direction of the working elddence, on one day the
limits for the distance between home and work are calculatethat on the next
day these limits can be considered. The upper bound of tkendis between home
and work is the sum of all the distances of the ways betweerereomd work and
vice versa whereas the lower bound is the distance of theripshinus the sum
of the distances of all previous trips. Of course, the lowarridl can never be less
than zero. The next time, a direct trip or an indirect tripwestn home and work

has to be determined, these limits have to be considered.

3. For a roundtrip, i.e., a trip from home to home or from waskwork including
other stations in between, the distance of the last tripd&s within certain limits.
The distance of the last way has to be larger than the distahtiee first way
minus the sum of the distances of all other previous wayss [Barer bound can be
interpreted as a situation in which the person first droveydvean the starting point
and then always drove towards the starting point again. Ofsey the minimum of
the distance of the last way is zero. Hence, if the calculatedmum is smaller
than zero, itis set to zero. The upper bound of the distanteedést way is the sum
of all previous ways. This represents the case that the pelsays drove further
away from the starting point and the last trip goes all the Wagk to the starting
point again. As before, the gamma distribution is used tegEe a value for the
distance, but the result has to lie in between the calculatets$, otherwise another
random value is generated with the gamma distribution trités within the limits.
This rule is only applied to roundtrips from and to work anshfrand to home, since
those are the only unique places that can be identified wiltl@ilriving profiles for

employees, part-time employees, retired people and ursgmegblpeople.

4. Since mobility-chains are developed day by day and eachakmonly one mobility-
chain, the mobility chains have to end before midnight, s they cannot influ-
ence the driving behavior of the next day. Otherwise mistaaild occur due to
an overlap between fierent mobilitiy-chains. Furthermore, the input of the geofi
generator are driving profiles that only contain mobilityats which end before

midnight on each day. Due to these two reasons, also theajedanobility-chains
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have to end before midnight. In case a mobility-chain do¢end before midnight,

all the components are calculated again.

5. Rule 1,2, and 3 generate limitations for the distance betweme and work. It can
be the case that these limitations are generated at theregiof the week and do
not fit with the a mobility-chain of the following days. It i&r instance, possible
that on a Monday the distance between home and work is setkitob®eters. If for
Tuesday a mobility-chain has been selected that contaiireet trip from home to
work with a minimum distance of two and a maximum distanceoaf kilometers,
the 10 kilometers from Monday are not feasible for that patéir mobility-chain-
component on Tuesday. Hence, the combination of mobihtyifts that have been
generated for each day, do not fit with each other. If suchuain occurs, the
whole week is started again and new mobility-chains aressddrom the database

for each day of the week.

6. In order to create a person specific driving profile for oreeky another féect is
considered. Since the mobility-chains are selected asuptd their probability
for each day of the week, it is likely that the sojourn time atkvdiffers between
different days of the week. However, there are people who tendtk wnger
hours than the average person and there are also peoplendhio teork less hours
than the average person. Therefore, another factor isdadlthat is multiplied with
the sojourn time at work for each day of the week. This factaralculated in the
same way as the variation factor in rule 1. If a factor of 0.9eserated at the
beginning of the week, this factor is used to reduce the sojtne at work of each

day by 10% for that particular person.

Using these six rules for the generation of one week drivirgfiles, each individual

driving profile makes sense in terms that very unrealisticasions are avoided.

1.3 Evaluation of the Driving Profile Generator

Every model has to abstract from reality. The following exés show where the profile

generator abstracts from reality and, therefore, is no¥d80curate:

e The mobility-chains on working days are grouped as well asribbility-chains on

the days of weekend although the driving behavior on thegs dey be slightly
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different for each day. It would be more precise to analyze thendribehavior
day by day. However, by grouping these days, the number dofreatons for
each mobility-chain increases. This improves the apprakion of the distribution

function of the mobility-chain-component parameters.

¢ Driving profiles that are used for the profile generator astrieted to those people
who come home every day. This leads to inaccuracies in thelbadeiving behav-
ior of all people (see figur@). In order to avoid this #ect another approach than

the mobility-chain approach would need to be developed.

e The curve fitting, exemplary shown in figudeand5in 1.2, is not perfectly accurate
due to the assumption of the gamma distribution for all patamvalues. Ideally,
each parameter should be estimated with the individuatibligion function that
fits best. However, the large number of parameters makeapgpi®ach much more

complex.

e The number of rules that have been developed are limitedktougs. In reality
there are probably many more rules and dependencies thattarensidered within
the profile generator. However, the more rules are appledytore predictable are
the driving profiles and the more complex the model beconfied.the information
about the driving profiles from the MOP would be considerely driving profiles
that occur already in the MOP could be generated. This woddmthat the same

driving profiles are used over and over again.

Figure6 shows a comparison between the average driving behaviongibgees from
the restricted database (people coming home before mitfjraghl the average driving
behavior of employees generated with the driving profileegator. It can be seen that
the profile generator does not generate the exact drivingvi@has can be found in the
MOP, due to the simplifications mentioned above. Howeverait also be seen that the
general patterns are captured by the profile generator.

In general, the profile generator tends to underestimat&itbeneters driven. This
effect can be observed when comparing the average kilomeieendturing one week.
Table 1 provides a comparison between the average kilometersndpee week by the
different groups of people. Therefore, when using the drivio§lprgenerator to generate

the driving behavior of people, thigtect has to be taken into consideration. However,
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Figure 6: 1,000 generated driving profiles versus 1,000rdrigrofiles from the restricted
MOP database. Average kilometers driven by employeesnéhch hour of the repre-
sentative week

Source: Own analysis. Driving profiles from the MOP datatzasgthe driving profile generator.

Table 1: MOP versus Driving Profile Generator. Average Kisbens
driven per Week

Unrestricted Restricted Driving Profile

Database Database  Generator
Employees 302 km 274 km 215 km
Part-Time Employees 173 km 159 km 136 km
Retired People 153 km 141 km 130 km
Unemployed People 123 km 114 km 86 km

the driving profile generator has primarily been developedénerate driving profiles
of people using an electric vehicle (EV). In general, it lkely that in the near future
people who use an EV instead of an ICEV, drive less kilometarawerage, since the
specifications of today’s EVs are more suitable for thoseplgethan for people who
drive long distances.

Although abstracting from reality at some point, the prajiémerator produces driving
profiles that are much alike the real driving profiles from M@P. In general, profiles
from the profile generator can be used for the driving behayigpeople using any kind
of vehicle. However, the results shown in talildlustrate that the driving profiles reflect
the driving behavior of people who on average drive shortgadces than today’s car
owners.

Initially, the profile generator has been developed as a vpplication at the Insti-
tute of Information Systems and Management (1ISM), Kahsrinstitute of Technology
(KIT), Germany. It can be accessed onlindetp: //ibwmarkets.iw.uni-karlsruhe.
de/ps. Alternatively a java-based stand-alone version of theeggtor is available, which

allows for generating large numbers of mobility profiles ad »r csv files. For further


http://ibwmarkets.iw.uni-karlsruhe.de/ps
http://ibwmarkets.iw.uni-karlsruhe.de/ps

1 DRIVING PROFILE GENERATOR 14

information on availability of the software please contdw “Telecommunications &

Energy” research group at lISNi{tp: //www.im.uni-karlsruhe.de).


http://www.im.uni-karlsruhe.de
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