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1 Driving Profile Generator

The driving profile generator is a tool to generate an arbitrary number of car driving pro-

files such that the resulting profiles are in the same form as those reported 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 generator described in this report is

able to generate simulated driving patterns for four different groups of persons: employ-

ees, part time employees, retired people, and unemployed people. Each generated profile

comprises all car movements of an individual within one week. For each of these trips

several different pieces of information are provided, in particular thestart of the trip, the

duration of the trip, and the kilometers driven throughout the trip. To make the gener-

ated driving profiles follow patterns similar to those in theempirically observed driving

profiles of the MOP, the panel’s database has been statistically analyzed and the results

are used as the basis for the profile generator. The followingsection describes in more

detail how the MOP has been analyzed and how the major patterns have been identified.

Thereafter, section1.2 describes in more detail how the profile generator makes use of

these statistical data to generate new driving profiles. Finally, section1.3 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 been derived from the MOP.

The first input is a database that determines the probabilitythat there has been a trip

on a certain day, for each day of the week for each group of people. For instance, the

probability that an employee uses his or her car on a Monday has been determined.

The second input is the information about the probability ofan occurrence of a certain

mobility-chain on a certain day of the week. A mobility-chain contains all trips of one per-

son on one single day. For example, such a mobility-chain could be “ToWork-ToHome”.

This mobility-chain represents the fact that the respective person did two trips on a par-

ticular day, i.e., one trip from home to work and afterwards atrip back home. In the fol-

lowing these components of a mobility-chain will be calledmobility-chain-components.

In the above example mobility-chain-component one is “ToWork” and mobility-chain-

component two is “ToHome”. The following mobility-chain-components are reported

within the MOP:
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1. ToWork

2. BusinessTrip

3. ToSchool

4. Shopping

5. Leisure

6. Service

7. ToHome

8. Mistake

9. ToHotel

10. To2ndHome

The probability for the occurrence of a certain mobility-chain on a certain day is cal-

culated by dividing the number of occurrences of a certain mobility-chain by the number

of occurrences of all mobility-chains on a particular day, with both information being re-

ported in the mobility panel. In order to reduce complexity and to increase the number

of mobility-chains within the period under observation, the different days of a week are

grouped into the two different day types:working day (Monday to Friday) andweekend

day (Saturday to Sunday). As can be seen in Figure1 this grouping is a valid operation

because driving behavior is very similar from Monday to Friday and from Saturday to

Sunday, respectively.

Additionally, the mean, the standard deviation, the minimum, and the maximum of

the starting times of the mobility-chains have been calculated. In order to determine solid

values for these parameters weekdays and weekend days, again, have been merged as de-

scribed above, hereby increasing the number of observations per mobility-chain. Further-

more, the original mobility panel database has been reducedto those mobility-chains that

have the highest occurrence probability and account for 70%of all the observed mobility-

chains during the respective observation period. Hence, rarely occurring mobility-chains

are ignored and the main emphasis is put on modeling common driving behavior, for

which many observations are available in the mobility panel’s data. Similar to the group-

ing of weekdays, this data cleansing results in a larger minimum number of observations

per mobility-chain. Overall, the cleaned panel data is still able to describe the most popu-

lar driving profiles, which account for 70% of all driving activity in all groups of persons

and for working as well as for weekend days.

The concept of statistically analyzing the occurrence of mobility-chain probabilities



1 DRIVING PROFILE GENERATOR 3

Figure 1: Average kilometers driven by different groups of people within each hour of the
representative week

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

and to then generate artificial driving profiles that possessthe same diurnal driving proba-

bilities requires mobility-chains to start and end on the same day. Hence, a mobility-chain

that starts on a certain day also has to end on that same day before midnight. This is why

driving profiles violating this constraint are excluded from the database. This reduces

the number of driving profiles available for the analysis from 11,436 in the original MOP

database to 7,674 (3,171 employees, 1,337 part-time employees, 2,077 retired people, and

1,089 unemployed people), i.e., 67% of the originally available driving profiles.

Figure 2 illustrates the effect of eliminating those driving profiles from the MOP

database, where persons did not come home every day of the week. As can be seen,

the overall average driving behavior of the employees groupis different when comparing

the original MOP panel data and the filtered data subset. However, only during weekends

visible differences can be observed, the fit of the curves is still pretty good, which is also

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

unrestricted database is greater than 0.977 for each group of people.

Figure 2: Unrestricted versus restricted MOP database. Average kilometers 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 used as input for the pro-

file generator is information about the occurrence of different mobility-chain-components

within different mobility-chains. Each mobility-chain consists of several mobility-chain-

components which all come attached with mobility-chain-component specific parameters.

In particular, each mobility-chain-component contains information on the distance driven,

the duration of the trip, average speed, and sojourn time, i.e., the resting time before the

next mobility-chain-component starts.

For all mobility-chain-components specific parameters have been calculated: the mean

value, the standard deviation, the minimum, and the maximumvalues. These specific pa-

rameters characterize the distributions of the mobiltiy-chain-components which can later

be used artificially generating mobiltity-chain-components of a certain mobility-chain.

In the following the mobility-chain “ToWork-ToHome” will again be taken as an

example. The two mobility-chain-components “ToWork” and “ToHome” are described

through the above mentioned set of parameters. For instance, the distance that one par-

ticular person from the MOP has traveled from home to work could be recorded as being

ten kilometers and five kilometers for another person respectively. Both persons then have

the mobility-chain “ToWork-ToHome” reported in the MOP. Ifthese people were the only

ones in the overall panel’s data set where this mobility-chain was recorded, the extracted

statistical parameters for the two mobility chain components “ToWork” and “ToHome”

would beµ = 7.5, σ = 3.54, min = 5, andmax = 10. These information are used later

on to approximate the distribution of the kilometers drivenin a certain mobility-chain-
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component for the particular mobility-chain they occurredin.

For the duration, the speed, and the sojourn time the same descriptive statistics are

calculated and stored. As mentioned earlier, in order to findsignificant parameters, it

is important to have as many observations as possible. For these data the same data

cleansing has been applied that was used before. The following Section describes in more

detail how these three inputs from the MOP database can be used to generate artificial

driving profiles.

1.2 Functionality of the Driving Profile Generator

The driving profile generator uses the inputs that have been described in the last section to

step by step generate a one week driving profile like they are reported in the MOP. Due to

the different driving behavior of different groups of people, all the inputs are calculated for

each group of people (employees, part-time employees, retired people, and unemployed

people). Hence, when generating a driving profile, first, theinformation for which group

of people the driving profile shall be generated is needed. Inthe following the process of

generating a driving profile for an employee will be explained. Afterwards, the starting

weekday has to be selected - for example Monday. Thereafter,for each weekday the

profile generator decides whether or not there is driving activity. This can be done using

input one which contains the probability of a car usage by employees for each day of the

week. Thus, if the probability of a trip on a Monday for an employee is 80%, the profile

generator allows for trips on that day with 80% probability and does not allow for trips

with a probability of 20%. The result could, for example, be that the person does not use

the car only on Thursday.

As a next step, for all days except Thursday the profile generator has to generate the

trips. At this point the concept of mobility-chains is used.For each of the days the profile

generator selects one of the mobility-chains stored in input two (most popular driving

profiles that account for 70% of all mobility-chains) according to their probabilities. For

all working days the profile generator uses the same databaseof mobility-chains and their

respective probabilities as it uses the same database for the days on the weekend. This is

due to the grouping of days mentioned earlier. After this step, it has been determined at

which day of the week the person is using the car and also for which mobility-chains.

Afterwards, the parameters of the mobility-chain-components (distance, duration, av-

erage speed, and sojourn time) and the starting times of the mobility-chains need to be
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defined. Input two also contains the mean, the standard deviation, the minimum and the

maximum of the starting time. The same specifications are provided in input three for the

parameters of the mobility-chain-components. The idea is to find the distributions that can

describe the characteristics of the respective parameter and then use these distributions to

generate random values for the parameters. Figure3 shows a histogram of the distance

driven by employees on the way to work. This histogram is specific to the case of the

mobility-chain "ToWork-ToHome" and the days from Monday to Friday. For a different

mobility-chain, group of people, or time frame, the histogram will look different.

Figure 3: Histogram of the distance of the way from home to work within 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 thecommon distributions

could fit the data significantly according to tests like the Kolmogorov-Smirnov test, the

Cramer-von Mise test, or the Anderson-Darling test. However, as can be seen in figure3,

the gamma distribution, illustrated by the line above the bars of the histogram, provides a

pretty good fit (as an approximation) for that particular case. For other parameters like the

duration, the speed and the sojourn time, the gamma distribution also provides a rather

good fit as well, although being not perfectly accurate. Figure 4 illustrates the fit of the

gamma distribution for the duration within the same situation as before.

The situation is rather complicated since there are a lot of different mobility-chains

with many different components, and each component consisting of severalparameters.
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Figure 4: Histogram of the duration of the way from home to work within 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 foundthat fits the best. The ideal

case would be to have a curve fitting test, that is done for eachparameter independently.

However, such an approach would increase the complexity of the profile generator sig-

nificantly. In order to keep the profile generator as simple aspossible only the gamma

distribution has been used as an approximation for all the parameters of the mobility-

chain-components and the starting time of the mobility-chains. The probability density

function of the gamma distribution looks as follows:

f (x) =



























e−λxλk xk−1
∫

∞

0 tk−1e−t dt
: x > 0

0 : otherwise
(1.1)

The parametersλ andk can be calculated from the mean (µ) and the standard deviation

(σ) using the following equations:

λ =
µ

σ2
(1.2)

k =
µ2

σ2
(1.3)

λ−1 is also referred to as the scale parameter whereask stands for the shape parameter.

Using the equations1.2 and1.3, the parameters of the gamma distribution can be calcu-
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lated with the mean and the standard deviation from input oneand two for the respective

parameter. Having the distribution of a certain parameter specified, random values can

be generated using this distribution. Taking the example ofthe mobility-chain “ToWork-

ToHome” again, the distance driven by employees on their wayto work on a working day

follows the gamma distribution with a certain shape parameter and a certain scale parame-

ter. For a new employee driving profile this distribution canbe used to generate a random

number for the distance driven facing exactly the same situation (same mobility-chain and

same trip). Hence, when a large number of driving profiles foremployees is generated, a

histogram of the distance driven during a certain trip by these employees will follow the

gamma distribution that has been used to generate the valuesfor these parameters.

Therefore, the mean and the standard deviation provided in input one and two are used

to calculate the shape parameter and the scale parameter of the gamma distributions for

the respective parameters. The resulting distributions are then used to generate random

numbers for the parameters of new driving profiles. The inputs two and three also include

the minimum and the maximum value of the observed parameters. These values are used

to avoid outliers generated from the distribution that do not exist in reality. Hence, every

time the value for a parameter exceeds the limits (lower thanthe minimum or higher

than the maximum), a new random value is generated. This is done until the calculated

value lies in between the limits of the parameter. As a result, this mechanism produces

only realistic values. Figure5 illustrates how this mechanism would restrict the gamma

distribution for the scenario that has been shown already infigure4.

Since the duration, the speed, and the distance are not independent of each other,

but rather each one is determined by the two others, not all three parameter values are

generated using the gamma distribution. The speed and the distance are generated using

the gamma distribution whereas the duration is then calculated through the other two

parameters. If all three parameters would be generated independently, this could lead to

inconsistencies.

Using the proceeding described above to generate all the parameter values for the

components of the mobility-chains and the starting times ofthe mobility-chains on each

day of the week, provides the whole one week driving profile. If just this would be

the functionality of the profile generator, it would generate driving profiles that produce

a similar average driving behavior like the driving profilesfrom the MOP. However, it

is also important, that each single driving profile seen individually also “makes sense”.



1 DRIVING PROFILE GENERATOR 9

Figure 5: Histogram of the duration of the way from home to work within the mobility-
chain “ToWork-ToHome” on a working day for employees including the limitations of
the parameter

Source: Own analysis. Driving profiles from the MOP database.

The functionality described so far would allow for a situation in which on Monday a

person drives 10 kilometers from home to work and on Tuesday the same person drives

100 kilometers for the same route. Hence, the following rules that take account of such

dependencies within a single profile, have been developed:

1. The distance between home and work has to be similar throughout the whole week

if the person directly drives from home to work or vice versa.Hence, the first time

the person directly drives from home to work or from work to home, the distance

between home and work is fixed to a certain value. The next timethe distance has

to be specified for a trip between home and work, the distance that has been fixed

earlier, is taken. In order to allow for some variation, a factor between 0.8 and 1.2

is multiplied with this distance. The factor is generated asa random number from a

normal distribution with a mean of one and a standard deviation of 1
15.

2. As already stated in rule 1, the distance between home and work has to be similar

throughout the whole driving profile. In case of an indirect way between home

and work, certain limits for the distance between home and work can be calculated.

An indirect way means that a person, for example, stops at thesupermarket on the
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way from home to work. It is possible that such a stop is just onthe way and

no additional kilometers have to be driven. However, the supermarket can also be

situated in the exact opposite direction of the working place. Hence, on one day the

limits for the distance between home and work are calculatedso that on the next

day these limits can be considered. The upper bound of the distance between home

and work is the sum of all the distances of the ways between home and work and

vice versa whereas the lower bound is the distance of the lasttrip minus the sum

of the distances of all previous trips. Of course, the lower bound can never be less

than zero. The next time, a direct trip or an indirect trip between 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 work to work including

other stations in between, the distance of the last trip has to lie within certain limits.

The distance of the last way has to be larger than the distanceof the first way

minus the sum of the distances of all other previous ways. This lower bound can be

interpreted as a situation in which the person first drove away from the starting point

and then always drove towards the starting point again. Of course, the minimum of

the distance of the last way is zero. Hence, if the calculatedminimum is smaller

than zero, it is set to zero. The upper bound of the distance ofthe last way is the sum

of all previous ways. This represents the case that the person always drove further

away from the starting point and the last trip goes all the wayback to the starting

point again. As before, the gamma distribution is used to generate a value for the

distance, but the result has to lie in between the calculatedlimits, otherwise another

random value is generated with the gamma distribution untilit lies within the limits.

This rule is only applied to roundtrips from and to work and from and to home, since

those are the only unique places that can be identified withinthe driving profiles for

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

4. Since mobility-chains are developed day by day and each day has only one mobility-

chain, the mobility chains have to end before midnight, so that they cannot influ-

ence the driving behavior of the next day. Otherwise mistakes could occur due to

an overlap between different mobilitiy-chains. Furthermore, the input of the profile

generator are driving profiles that only contain mobility-chains which end before

midnight on each day. Due to these two reasons, also the generated mobility-chains



1 DRIVING PROFILE GENERATOR 11

have to end before midnight. In case a mobility-chain does not end before midnight,

all the components are calculated again.

5. Rule 1,2, and 3 generate limitations for the distance between home and work. It can

be the case that these limitations are generated at the beginning of the week and do

not fit with the a mobility-chain of the following days. It is,for instance, possible

that on a Monday the distance between home and work is set to 10kilometers. If for

Tuesday a mobility-chain has been selected that contains a direct trip from home to

work with a minimum distance of two and a maximum distance of four kilometers,

the 10 kilometers from Monday are not feasible for that particular mobility-chain-

component on Tuesday. Hence, the combination of mobility-chains that have been

generated for each day, do not fit with each other. If such a situation occurs, the

whole week is started again and new mobility-chains are selected from the database

for each day of the week.

6. In order to create a person specific driving profile for one week, another effect is

considered. Since the mobility-chains are selected according to their probability

for each day of the week, it is likely that the sojourn time at work differs between

different days of the week. However, there are people who tend to work longer

hours than the average person and there are also people who tend to work less hours

than the average person. Therefore, another factor is included that is multiplied with

the sojourn time at work for each day of the week. This factor is calculated in the

same way as the variation factor in rule 1. If a factor of 0.9 isgenerated at the

beginning of the week, this factor is used to reduce the sojourn time at work of each

day by 10% for that particular person.

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

driving profile makes sense in terms that very unrealistic situations are avoided.

1.3 Evaluation of the Driving Profile Generator

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

generator abstracts from reality and, therefore, is not 100% accurate:

• The mobility-chains on working days are grouped as well as the mobility-chains on

the days of weekend although the driving behavior on these days may be slightly
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different for each day. It would be more precise to analyze the driving behavior

day by day. However, by grouping these days, the number of observations for

each mobility-chain increases. This improves the approximation of the distribution

function of the mobility-chain-component parameters.

• Driving profiles that are used for the profile generator are restricted to those people

who come home every day. This leads to inaccuracies in the overall driving behav-

ior of all people (see figure2). In order to avoid this effect another approach than

the mobility-chain approach would need to be developed.

• The curve fitting, exemplary shown in figure4 and5 in 1.2, is not perfectly accurate

due to the assumption of the gamma distribution for all parameter values. Ideally,

each parameter should be estimated with the individual distribution function that

fits best. However, the large number of parameters makes thisapproach much more

complex.

• The number of rules that have been developed are limited to six rules. In reality

there are probably many more rules and dependencies that arenot considered within

the profile generator. However, the more rules are applied, the more predictable are

the driving profiles and the more complex the model becomes. If all the information

about the driving profiles from the MOP would be considered, only driving profiles

that occur already in the MOP could be generated. This would mean that the same

driving profiles are used over and over again.

Figure6 shows a comparison between the average driving behavior of employees from

the restricted database (people coming home before midnight) and the average driving

behavior of employees generated with the driving profile generator. It can be seen that

the profile generator does not generate the exact driving behavior as can be found in the

MOP, due to the simplifications mentioned above. However, itcan also be seen that the

general patterns are captured by the profile generator.

In general, the profile generator tends to underestimate thekilometers driven. This

effect can be observed when comparing the average kilometers driven during one week.

Table1 provides a comparison between the average kilometers driven per week by the

different groups of people. Therefore, when using the driving profile generator to generate

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

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

Table 1: MOP versus Driving Profile Generator. Average Kilometers
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 developed to generate driving profiles

of people using an electric vehicle (EV). In general, it is likely that in the near future

people who use an EV instead of an ICEV, drive less kilometers on average, since the

specifications of today’s EVs are more suitable for those people than for people who

drive long distances.

Although abstracting from reality at some point, the profilegenerator produces driving

profiles that are much alike the real driving profiles from theMOP. In general, profiles

from the profile generator can be used for the driving behavior of people using any kind

of vehicle. However, the results shown in table1 illustrate that the driving profiles reflect

the driving behavior of people who on average drive shorter distances than today’s car

owners.

Initially, the profile generator has been developed as a web application at the Insti-

tute of Information Systems and Management (IISM), Karlsruhe Institute of Technology

(KIT), Germany. It can be accessed online athttp://ibwmarkets.iw.uni-karlsruhe.

de/ps. Alternatively a java-based stand-alone version of the generator is available, which

allows for generating large numbers of mobility profiles as xml or csv files. For further

http://ibwmarkets.iw.uni-karlsruhe.de/ps
http://ibwmarkets.iw.uni-karlsruhe.de/ps
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information on availability of the software please contactthe “Telecommunications &

Energy” research group at IISM (http://www.im.uni-karlsruhe.de).

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