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ABSTRACT This paper discusses the feasibility of data captured in a long-term Naturalistic Driving
Study (NDS) for identification of vehicle dynamics. Driving data were captured for over a year. In this
data capture, there was minimal effort to define or control everyday driving practices. While the use of
real-world data for model parameter identification is a well-known method, NDS are commonly used to
explore the behavior of drivers or to analyze real-world traffic situations. Data from NDS have not yet
been used for the purpose of parameterizing vehicle dynamics models since everyday drives commonly do
not reflect the full range of vehicle dynamics. This leads to the question if the data from an NDS contains
the needed information to describe vehicle dynamics accurately. This paper shows that data captured
from long-term everyday vehicle usage is sufficient to characterize vehicle dynamics models. It uses
lateral vehicle dynamics as an example to show how the data quantity changes the model accuracy and
robustness. There is a point where any further data capture produces redundancy and does not add to
the overall information. The well-known single-track model serves as the modeling example which offers
options to simply compare the derived model behavior with a reference.

INDEX TERMS Driving data, information growth, naturalistic driving study, identification process, vehicle
dynamics.

I. INTRODUCTION

MODERN passenger vehicles are equipped with
multiple systems that rely on taking measurements

of the vehicle’s internal states, drivers activities, and the
vehicle’s environment. All these new systems rely on sensor
data or additional external information from infrastructure
and other vehicles. It has become an accepted fact that
vehicles take measurements and exchange information with
other vehicles or infrastructure [1]. While collecting more
measurements was mainly driven by introducing new func-
tions, the manufacturers and third-party companies have
become interested in exploring the additional possibilities
that these data offer. On the one hand, there are direct
economic benefits, and companies are trying to make the
best use of them. Studies by Capgemini estimate that the
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market volume of data taken from vehicles ranges from
80 – 800 bil [2]. McKinsey & Company come to similar
conclusions and state that vehicle data could have a market
volume of 450 – 750 bil [1]. On the other hand, the collected
data can be used to further optimize existing functions or the
product.
Modern passenger vehicles offer the option to send and

receive data via modems which makes the access to mea-
surements a lot easier if it needs to be analyzed outside
of the individual vehicle. Any company with access to the
data is also interested in defining mechanisms to leverage
it for business advantages. There are three major areas for
value creation based on vehicle data [1].

• Increasing revenue: many ideas and first business mod-
els exist. The question, therefore, is how to best
monetize available data.

• Reducing cost and
• Increasing quality.

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/

VOLUME 2, 2021 195

HTTPS://ORCID.ORG/0000-0001-7157-7083
HTTPS://ORCID.ORG/0000-0002-7945-1853


REICHERTS et al.: USE OF NATURALISTIC DRIVING STUDIES FOR IDENTIFICATION OF VEHICLE DYNAMICS

Opportunities to reduce cost or increase quality both rely
on a deep understanding of a product under real-world
conditions. Data sets from system usage can be used for
that purpose. Technical research and development depart-
ments are attempting to analyze the data mainly from these
optimization points of view. When doing that, it becomes
evident that the data collection process on modern passenger
vehicles during everyday drives, to a great degree, meets the
demands of so-called Naturalistic Driving Studies (NDS).1

This type of study is useful to explore the behavior of drivers
in real driving scenarios. For that purpose, NDS capture
data during a realistic drive situation (best during every-
day drives) where there is very little control of the actual
experiment. The vehicle captures data during a drive without
any visible evidence that it is happening. NDS data cap-
ture allows realistic vehicle use but demands a long study
duration to capture all effects of interest since they are not
triggered intentionally. These studies allow for research on
what happens with a vehicle over its lifetime or a drive cycle.
This information leads to the optimization and understanding
of technical requirements in more detail, considering actual
world usage.
Many steps during the development of modern motor

vehicles need models describing the vehicle dynamics. This
ranges from studies early in development to first calibra-
tions of control systems. Furthermore, models are also an
integral part of many vehicle control systems. However, ana-
lyzing the vehicle dynamics is out of the usual scope of
NDS. A different approach for this area of interest is com-
monly used– short but clearly defined experiments (e.g., lane
change, steering angle steps, slalom, etc.) that do not mimic
real driving situations, but excite certain states of a vehicle,
work well for this purpose. These extreme driving situa-
tions are rarely found in actual world drives since they are
defined to bring the vehicles’ abilities to an edge of its
performance.
Well-defined stimulation of the car allows for precise mea-

surements. Specific sensor setups are used for these tests.
Even with the vast number of onboard sensors and the abil-
ity to collect data from actual world driving, only a few
research projects have attempted using NDS-like data for
vehicle dynamics analysis or the parameter identification for
vehicle models.

1. NDS (Naturalistic Driving Study) is an experimental measurement
method to observe naturalistic (real) driving situations. It is often used to
study the behavior of the driver or the traffic. Some common properties of
NDS are the following.

• The driver uses her/his own vehicle (or a known vehicle) for regular
uses cases.

• Sensors and data-logging devices are inconspicuous so that the driver
becomes unaware of being monitored.

• There are no additional researchers in the vehicle.
• Data are taken continuously over a drive.
• The driver, the vehicle and surrounding traffic is observed For further

information on NDS and its usual use refer to: [3], [4], [5] or [6].

The results of the research project Dreams4Cars (2017) [7]
show that identifying parameters for a vehicle dynamics
model is possible based on data taken from regular (every-
day) drives on public roads. Many other studies have used
measured data for model parameter identification before and
this method is well known. The main question for vehicle
dynamics therefore is whether the information, which can be
captured during everyday drives allow for accurate models
over the entire range of vehicle dynamics.
Compared to NDS, the study performed in Dreams4Cars

was minimal since it used a specific 50km long track and
only two rounds were measured. The drivers were test engi-
neers and the drives where performed for measurement
purposes. It therefore cannot be counted as a practical imple-
mentation of NDS. The data taken in this project and used
in [8]–[10], and [11] to identify controller parameters of
an autonomous vehicle cannot fully be compared to field
data taken during private vehicle use. It still indicates the
potential for similar approaches. James et al. [10] notes that
data from everyday driving do not meet the requirements
for identification (full range of excitation). However, the
paper does not investigate what information can be collected
in everyday driving, how the information growth proceeds.
Additionally, the researchers did not study the completeness
of information to be gained from the captured data nor did
they discuss limits of the approach in a wider sense.
This paper shows that the NDS method can be used to

identify parameters for vehicle dynamics models accurately
and it proves that the captured data is sufficient to be used
for vehicle dynamics modeling. The scope of the work is
lateral vehicle dynamics using the single-track model as an
example. The model parameters can be quantified using the
data captured during the NDS and the resulting parametrized
model can be used to accurately describe the vehicle dynam-
ics beyond the range, which has been observed during the
study. All in all, this implies that modeling based on NDS
data is possible. Furthermore, even artificial neural networks
of similar approaches could also be based on NDS since the
needed information is captured in the data. Early param-
eter identification can lead to many new considerations,
especially with continuously taking measurements during
passenger vehicles’ actual use. The vehicle models could
be continuously parametrized during operation. Continuous
updating could show changes in the vehicle dynamics that
might indicate wear but could also be used to individu-
ally parametrize controllers. In some cases, using actual
data potentially allows for a further reduction of specific
tests on a test track. One interesting aspect also seems to
be that non-OEM research groups, which often lack some
of the physical parameters to model a vehicle and might
also not have the ability to perform standard dynamics tests
on test tracks, can use real-world driving data for modeling
purposes.
This paper is divided into the following sections.
• Description of the process of data collection during
NDS compared to standard vehicle dynamics tests.
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• Considerations of information growth during an NDS
with respect to vehicle dynamics.

• Description of the NDS setup and the captured data used
for this study. The data is compared to theoretical
vehicle dynamic boundaries and expected values for
everyday drives to evaluate its completeness/adequacy.

• Use of the data and data subsets to characterize the
vehicle dynamics model.

• Evaluation of the model with different parameter-sets to
show how the measurement duration affects the accu-
racy and robustness of the resulting model. This leads
to a rating of data sufficiency.

• A final discussion of the results and limitations of the
approach.

II. PROCESS OF NDS FOR IDENTIFYING VEHICLE
DYNAMICS
Identification of model parameters requires experimental
investigations and measurements. The recorded experimen-
tal data influence the identification process and are of great
importance. As described in [12], the commonly used pro-
cess for identification consists of five consecutive steps. In
the case the validation results are not acceptable, previous
process steps can be repeated and needed changes for exper-
iment design or measurements can be implemented. The
option to jump back to an earlier step and run multiple
iterations makes the overall method highly flexible. Any
new iteration uses the experience that was gained during
preceding iterations. With increasing complexity of a test
fewer iterations are usually accepted due to time and cost
considerations.
NDS are very time consuming which limits the option to

repeat them as a whole. It is however possible to change
the design of the experiment during the measurement phase.
The data needs to be analyzed continuously and changes
are implemented. The data analysis in parallel to the mea-
surement phase can also be used to define an end of the
data capture process. Changing the set-up while performing
the study will add complexity to the later analysis since the
captured data are not consistent. Changes of the set-up there-
fore need to be limited to a minimum. Furthermore, NDS do
not have a predefined termination, since it is unclear when
enough data will be captured. The endpoint is usually defined
by a project duration but could also be coupled to specific
criteria. Therefore, the classic process steps for parameter
identification need to be adjusted when attempting to use
NDS as part of the method. The identification process for
NDS is presented in Fig. 1. The most significant differences
are:

• A large amount of data due to long measuring duration
→ need to use a proper database and analyze large sets
of data.

• A growing database as well as continuous data analysis
and evaluation.

• Impractical option to rerun the entire test due to long
duration.

FIGURE 1. Identification process for NDS based on [1].

• NDS are exploratory, and the properties of the database
are not known a priori → the achievable model quality
is not known in advance, and reasonable termination
criteria must be defined. The achievable model quality
depends on the interaction of the chosen model structure
(e.g., number of model degrees of freedom) and the
database.

III. CRITERIA TO TERMINATE NDS
As the flowchart from Fig. 1 shows, the overall process is
stopped when one of three stopping criteria is fulfilled.

• The goal of the study is achieved. For this example,
this is creating a valid model. Validity of the model
is a criterion that is specific to the task and must be
derived from the intended application.

• The data is adequate, which means that no more
information with respect to the underlying task can be
gained when continuing.

• The maximum NDS duration is reached. This max-
imum duration is often determined by non-technical
restrictions (e.g., budget constraints or development
cycles).

If either the data is adequate or the max. study dura-
tion is reached without the data being sufficient to create
a valid model, the overall approach would prove not useful
for a given task. Adequacy as well as sufficiency of the
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data are complex to be evaluated and are discussed further
in the following section.
The captured data is sufficient if it allows to solve the

task. For this example, the sufficiency is proven once the
modeling task results in a valid model for the intended appli-
cation. This means it is not evaluated on the data itself but
implicitly shown while creating and validating the model.
The modeling scope and needed accuracy, however, need to
be defined beforehand.
The adequacy of data describes whether or not all

information that could be gained from the measurement
set-up is captured. This can only be answered on an indi-
vidual basis and for specific properties that are analyzed.
Information is an attribute of data that provides new knowl-
edge. When taking additional data without gaining new
knowledge, there is no information extracted from it. In case
of frequent repetition of the same experiment, the expected
information gain for further trials decreases. Whenever addi-
tional measurements during an NDS do not add other
knowledge concerning the underlying task, the collected
data are adequate and the NDS can be stopped at that point.
For NDS, this is an intriguing fact. The researchers often start
a measurement to investigate unknown systems/behaviors.
Therefore, it is unclear what situations or states are possible
and need to be part of an experiment. The experiment itself
is also explorative and, hence, indeterminate leading to the
need to introduce criteria for adequacy.
These criteria are mainly based on the probability for

further gain of information. One option to judge upon this
probability is the use of statistical methods to examine the
database. Furthermore, knowledge can be used to define
expected values or even to state physical boundaries. In
case there is not enough a priori knowledge for a prop-
erty under investigation, the termination criterion can solely
be made on statistical measures. In Liu and Zhu (2019) [12],
Liu et al. (2018) [13], and Wang et al. (2017) [14], a method
based on the information criterion of Kullback-Leibler [15] is
presented. The information growth of the data set is investi-
gated and serves as the termination criterion of the NDS. No
system knowledge is required for this approach. However,
it does not allow any direct conclusions to be drawn about
the achievable model quality after the identification. In this
paper, descriptive methods are used and combined with
knowledge about the measured variables. A statement can
then be made about the expected information growth of the
data set and its adequate size. Both approaches are options to
make a statement about an adequate data set. A combination
of them is presented in Reicherts [16] and leads to similar
results. The following section shows what this means using
the example of vehicle acceleration.

IV. NDS CAPTURED DATA AND DATA ADEQUACY
The data presented and analyzed for this paper has been
captured in a study at the University of Duisburg-Essen.
A 2013 Ford C-Max Energi Plug-In-Hybrid vehicle was used
for the period 7/1/2019 to 6/30/2020. Any employee of the

TABLE 1. Driving data of the study over a study over a study period of 12 months.

Chair of Mechatronics at the university could use the vehicle
for transportation during that period. The drivers did not have
any specific task related to this study nor were they asked
to follow any specific rules or processes.
Table 1 summarizes drive data captured during the study.

A drive is defined by a key cycle and a traveled distance
greater than 2km. A total of 273 individual drives is used
for further analysis.2 The collective sum of traveled distance
is 8,800km with a total duration of 140 hours. The mea-
surement setup and signal access parameters are described
in [17]. The data presented in Table 1 is a highly diverse
set that includes the entire possible range of vehicle speeds,
varying travel distances and duration (a few km to several
100km), and a variety of roads.
The total distance of approximately 9,000km over the year

is about 65% of the average mileage for a vehicle in Germany
in 2019. The reduced travel distance recorded in the first half
of 2020 can be attributed to the impact of the Covid pan-
demic. Comparative statistical data for Germany covering
2020 are not yet available [18]. For Germany, average high-
way usage is estimated at 30%-40%. This estimate is based
on data from Metz et al. [19] and Tewiele [20]. The data set
of this study contain a high percentage of highway mileage
of almost 60%. It follows that a higher average speed and
greater distance than German average traffic as a whole is
observed [21]. This is not astonishing when analyzing the
area that the vehicle was mainly used in. There is a very
dense highway net that is used for most travels. Compared
to the average vehicle use, this nuance is not an obstacle
for its use during the analysis of the data with respect to
vehicle dynamics. The complete range of speed is captured
as well as other needed dynamic properties.

2. Drives with less than 2km have been neglected for further analysis.
The vehicle has its own parking spot with a charging station which means
that the starting point for many drives is the same one. Meaning that the
first traveled distance is observed in many drives. Additionally, this criterion
was used to sort out parking maneuvers etc. The expected maneuvers, traffic
and road type are also seen in any longer drive. The assumption is that
these very short drives do not add information. By using that definition
almost 1/4 of the total drives cut be neglected which at the same time did
only decrease the traveled distance by 2.5%. Increasing the analysis time
by using theses short drives therefore seems to be unnecessary.
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To analyze the data with respect to it being adequate, the
vehicle physical boundaries and expected dynamics range are
analyzed. Physics limit the longitudinal and lateral acceler-
ation of any vehicle. For a regular passenger vehicle, the
maximum tire vector force at the contact patch allows for
approximately 1g of horizontal acceleration. The tire forces
are limited by the downforce (in the absence of aerody-
namic elements, this is the weight) and the road-to-tire
coefficient of friction. Therefore, a circle can be drawn repre-
senting the maximum acceleration (see Fig. 2), the so-called
Kamm’s Circle [22]. The longitudinal acceleration in positive
x-direction could also be limited further by the drivetrain’s
power [23].
A further part for consideration is that regular drive sit-

uations and the average driver will not push the vehicle to
exercise its physical limits. To achieve high lateral accel-
erations, aggressive evasive maneuvers are required. Only
full ABS braking events might show the full deceleration
capability. Both are typically avoided where possible and
therefore unlikely to be seen in NDS data. Previous studies
have shown what accelerations are to be expected for every-
day use of a passenger vehicle. In 1973, Rice [23] described
the expected range without using statistical distribution.
Fig. 2 overlays the physical boundaries and expected

values based on system knowledge with the measured accel-
eration data from the NDS discussed in this paper. The
statistical distribution of the measured data is particularly
interesting since it allows judgment of the information stored
in the data.
Fig. 2 shows the measured data and the quantities for

measurement points. The measured data match the expected
area for the type of drive scenarios that are mainly observed.
Its distribution density is relatively high for small acceler-
ations [ax, ay] ≈ [0, 0]. For rising distance to the origin,
the density is decreasing exponentially. Acceleration values
above 4m/s2 are rarely observed since the vehicle dynam-
ics for high lateral accelerations are unlikely to be seen in
everyday use. There is no information about high lateral
acceleration close to the physical vehicle limits. The dis-
tribution density is almost zero. A very similar distribution
for a large driving study is presented in Liu and Zhu [24].
The distribution indicates that it is very unlikely to mea-
sure higher accelerations when continuing the study without
changes. The data therefore indicate that it is adequate with
respect to acceleration.
Especially when discussing lateral acceleration, the envi-

ronment conditions are of interest. The maximum tire force
depends on the coefficient of friction μ between tire and
road. It varies for different road surfaces and is also influ-
enced by weather conditions (wetness, snow). Since these
conditions where not captured over the course of the NDS
they cannot be used as an additional input for further
analysis. With the help of the established tire model of
Pacejka (Magic Formula, [25]), the influence of the coef-
ficient of friction μ on the transmissible tire force and
potential influences to this study can be estimated. Two very

FIGURE 2. gg diagram: Acceleration data of the driving study. Comparison of the
observed acceleration with the acceleration value to be expected for everyday driving.

FIGURE 3. Typical characteristics for side force vs normalized vertical load and slip
angle on dry and wet road.

different tire-to-road contacts are compared to show how the
data could be influenced by this aspect. In Pacejka [25],
a friction value of μdry = 0.8 is assumed for a new tire on
a dry road and μwet = 0.65 for a worn tire on a wet road.
In the figure both variants are shown.
For everyday driving the quotient of ay

g ≈ Fy
Fz

< 0.4
and the tire behavior is approximately identical for differ-
ent tire-to-road conditions. Seasonal influences like weather
conditions cannot be detected. This finding represents a limi-
tation of the approach. NDS are not/ poorly suited to identify
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the influence of the friction coefficient on vehicle dynamics,
since the needed range of vehicle dynamics are not excited
properly. The observation of highly dynamic situations is not
excluded by the study design, but it is very rare in every-
day driving. The data set and the method seem unsuitable
for the identification of these events. Well known standard
maneuvers are the better choice to perform studies explicitly
for that type of condition.
An additional aspect when discussing general data quality

and its implications for other studies is that this small-scale
study, with only one vehicle and a limited group of drivers,
has a risk that the data collection is biased with respect to
car/driving behavior/driving context. Comparisons with other
studies show that the distribution of speed and acceleration
are similar. The driving dynamics of the test vehicle to be
identified are independent of the study design. However, the
study design has influence on the type of system excitation.
To ensure that the bias can be neglected, it was investigated
whether all expectable conditions were observed and thus
a typical and representative stimulation set is gained. For
a detailed analysis, please refer to Reicherts [16].
The observations allow for the following considerations.

• The data cover the range that would be expected and
have a distribution observed in other studies.

• The data taken show regular drives and the vehicle
dynamics to be observed.

• The measurement duration has been long enough.
• The data are adequate with respect to horizontal vehicle
dynamics since new measurements are unlikely to show
new acceleration values.

• The data are improper to identify tire characteristics for
different environmental influences.

• The data is unsuitable for studies on highly dynamic
vehicle behavior.

Further considerations of the data being adequate are
drawn based on vehicle dynamics model parameters in the
next section. Additionally, the sufficiency of the data with
respect to vehicle dynamics is discussed based on the model
validity.

V. VEHICLE DYNAMICS MODELS USING NDS DATA
In the previous chapter, the hypothesis of an adequate data set
is investigated based on previous experience on driving
physics. It can be shown that the entire expected dynamic
range is covered, and consequently, further information gain
is unlikely. A further confirmation of this hypothesis can be
provided by the parameter identification for a vehicle model.
Using the example characteristic dynamics properties from
the model, it is shown that they do not change with additional
data after a certain point and that, consequently, adequacy
is achieved. This method is also used to discuss how much
data has to be captured to be adequate.
Fundamentals regarding the identification of models can

be found in [26]–[28], and [29]. An overview of differ-
ent aspects is given in [30]. Using real-world measurements

FIGURE 4. Single-Track Model.

for model creation and parameter identification is a known
method.
Deriving a valid vehicle model based on large amounts

of data can generally follow two different patterns. The first
is using the data to train an artificial neural network. This
approach is discussed widely in multiple research areas and
is also part of the research that this contribution is based on.
The second approach is to use a physical vehicle model that
describes the physics of a general vehicle and then to identify
the model parameters of that model. The difference is that the
second approach demands knowledge of the physics before
starting the experiment. At the same time, however, it is
easier to interpret and validate the identified parameters.
This contribution uses a physical model to effectively discuss
adequacy and sufficiency of the collected data. This idea can
be leveraged to prove sufficiency for data before using it for
non-physical modeling methods (e.g., neural nets). Please
refer to [16] for further and more detailed information about
either one of the modeling methods.
Further discussion regarding the results uses the well-

known single-track model (bicycle model), which is widely
used to describe any passenger car’s lateral dynamics [22].
It uses the physics of the vehicle to describe the behavior.
The representation of the model as well as its parameters
are given in Fig. 4.
The model inputs are the longitudinal vehicle speed, vx,

and the steering wheel angle, δSW . The model output ana-
lyzed for this contribution is the lateral acceleration, ay.
The used single-track model is a relatively simple and lin-
ear vehicle model. There are more complex and nonlinear
models available that describe the physics of a vehicle in
more detail. This is especially true for extreme states. The
single-track model is, however, well suited for this study for
multiple reasons. As already described above, the NDS type
data collection rarely measures lateral accelerations above
4m/s2. For these accelerations, the tire forces are linear and
can be represented based on the linear combination of their

200 VOLUME 2, 2021



FIGURE 5. Visualization of the measured lateral acceleration for a drive for
standstill situation. Areas for not standing still are covered. Legend: Reference,
measured lateral acceleration.

cornering stiffness and the side-slip angle (F = cαα). The
vehicle state is therefore in the range of validity that holds
for this model [22]. Vicente et al. [11] state that, especially
with limited a priori knowledge, a model with high com-
plexity can suffer from poor model quality. This indicates
that the single-track model is a good choice for this study.
Nonlinear models would only differ from this behavior for
higher lateral acceleration. Knowing that these states are
rarely stimulated during regular driving, it is questionable
whether parameters describing the non-linearities could be
appropriately identified [11].
One limitation in the measurement setup is the rolling

motion of the vehicle. The roll angle cannot be detected by
the vehicle’s own sensors and the single-track model can-
not represent it either. It’s evident that during standstill, the
lateral acceleration would be ay = 0 m/s2 and the vehicle
speed is vx = 0 km/h. The measurements for ay often show
a constant value (see Fig. 5). These values do not result
from a measurement offset (error) but are caused by road
inclination. Therefore, the lateral acceleration for different
standstills is not the same and cannot be estimated based on
the given model inputs. Without considering this, the mea-
surements could lead to erroneous conclusions. The standstill
can be filtered out for parameter identification purposes.
A similar observation can be made when looking at curved

trajectories. A real vehicle will roll to some degree, which
adds to the measured lateral acceleration (due to gravity then
showing in the measurement) since the vehicle’s sensor will
roll with it and hence change its orientation. This is a sim-
ilar effect to the road inclination but is caused by vehicle
dynamics. The roll angle and the overlay of gravity on the
vehicle lateral acceleration increase with the lateral acceler-
ation. As shown, regular drives are usually in the area of
|ay| < 4m/s2. The effect as described can be neglected here.
The maximum expected error is about 6%.3

For this paper some well-known quantities are used to
show how the information growth over the NDS change the

3. The max. error for the measured lateral acceleration due to increased
roll angles has been estimated based on the roll gradient of the vehicle.
For 4m/s2 it reaches about 6%.

resulting model parameters, the model accuracy, and robust-
ness. The change of modeling parameters with a growing
amount of data allows for a discussion on the adequacy of
the data. No further change of modeling parameters with
more data indicates that there is little additional information
to be gained with respect to these parameters. Given a ref-
erence, the model can be checked for validity to also prove
sufficiency for the data. This portion is discussed in the next
chapter.
The so-called self-steering gradient, EG, is a vehicle

property that can be used to express the lateral dynam-
ics of a vehicle in a single value. It shows how close the
needed steering wheel angle, δsw, is to the pure kinematic
Ackermann steering angle, δa

δsw

is
= δa + EGay = δa + m

l

(
lhch − lvcv

cvch

)
ay. (1)

The data taken during the study is compartmentalized to
create independent modules. Starting from the finest possible
split, single drives (SD), to only one set containing the full
140h of driving data (AD). This leaves 273 single drives,
31 independent sets of 5h drive data each, 7 sets of 20h,
2 sets of 70h, and one set containing all the drives (called
H5, H20, H70, H140/AD). The sets consist exclusively of
complete drives, so they vary in size. The individual drives
are randomly assigned to the sets. The use of these different
sets shows how the information growth during the study
influences the model parameters.
Every data set can be used to identify the parameters for

the single-track model (m, Jzz, lv, lh, cv, ch, is) as well as EG.
Error is reduced when the boundaries for the identification
are based on datasheets. For this contribution, only publicly
accessible knowledge is used. E.g., the wheelbase can be
found on a data sheet. Knowing that the wheelbase is the
sum of rear and front distances to the center of mass (l =
lh+lv) lh and lv are no longer independent parameters (which
reduces the parameters to be identified). Initial values for the
vehicle mass, m, as well as for the steering ratio, is, are taken
from datasheets. The moment of inertia initial value and
the cornering stiffnesses are derived based on the methods
from [31], [32]. The parameter optimization is performed
with the initial values using the measured data.4 The cost
function used for this is a least squared error approach with
ek being the residual error at the kth step. It is the difference
of the measured lateral acceleration ay,ref ,k and the value

4. The global particle swarm optimization method followed by a local
gradient-based algorithm has been used during the studies presented here.
The initial values which have been set based on the described a priori
knowledge and their boundaries are

p =
[
mmin Jz,min cα,v,min cα,h,min lv,min is,min
mmax Jz,max cα,v,max cα,h,max lv,max is,min

]

=
[

1, 800kg 2, 200kgm2 65 kN
rad 110 kN

rad 1.0m 14.2

2, 000kg 3, 200kgm2 90 kN
rad 135 kN

rad 1.3m 15.3

]

This leaves 6 independent parameters to be optimized based on least square
errors.
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FIGURE 6. Dependence of the identified self-steering gradient on the amount of
data. The reference line shown is taken from a Ford CMax Diesel 2.0. The reference
serves as an orientation value and cannot be taken as an absolute target value.
Deviations are due to differences between the diesel and hybrid, the tire used, as well
as aging and wear on the vehicle.

from the single-track model ay,LSM,k.

ek = ay,ref ,k − ay,LSM,k (2)

VRMSE(p) =
√√√√ 1

N

N∑
k=1

e2
k (3)

p̂ = min
p
VRMSE(p) (4)

The choice of Least Squared errors was taken since this
function is well suited for optimization and a large data set
if its noise is Gaussian [27].
An independent simulation run is performed for each drive

within a set. The residual for each timestep, ek, over the
different drives is inserted into the cost function (4). The
parameters, p, are adjusted according to the optimization
routine. The simulations of each drive are run again, and the
residua are calculated and are fed back to the cost function.
The process of optimization continues until the termination
criterion of the optimizer is reached.
Fig. 6 shows the distribution of EG derived from the dif-

ferent sets of the same kind. The entire set of 140h obviously
does not have a distribution since there is only one single
set of that type. The variance for EG rapidly decreases with
an increasing amount of data within one set. For sets of 20h,
the distribution already shows no outliers and for the 70h
sets the deviation between the EG values is 1%. After the
first 70h of measurements, there seems to be little potential
to change the EG and, hence, to gain more information with
respect to the steering behavior. The independent data sets
are approximately similar since they do not store different
information. From this perspective, the data set can be con-
sidered adequate. Fig. 6 allows for similar conclusions based
on the overall model behavior.
The variance of the identified parameters or model prop-

erties can be used to judge the data’s adequacy. As described
above, this does not necessarily mean that the derived param-
eters correctly describe the physics of the real system. The

TABLE 2. Quality of the identified models for the validation data.

derived model can only be valid if the data fits to the needs
of the identification task. This discussion is continued below
with respect to the lateral dynamics of the vehicle.

VI. MODEL VALIDATION AND DATA SUFFICIENCY
Validity of a model can only be proven for a specific use case.
Numerical criteria can be used to show how well the model
matches a given reference. A single-track model describes
the lateral vehicle dynamics below an acceleration of about
4m/s2. The low model complexity does not include rolling
nor any nonlinear behavior of tires etc. The modeling of
these effects would add additional degrees of freedom and
therefore add uncertainty to any identification. Fortunately,
these effects are relatively unimportant for low speeds and
low lateral accelerations. With a set of physical parameters,
the model is called valid if it matches the reference drives
for these low accelerations.
This reference must be independent of the model or

the data that was used during the parameter identification.
There are two options that are often used. The model can
be validated using independent additional measurements or
a second more accurate and already validated model can
be used as a reference. Both options are used for different
aspects in this paper.

A. VALIDATION WITH NDS DATA
For validation purposes a set of data has been taken after
the NDS period (see Table 1, third column). To compare the
quality of different sets of parameters, numerical error values
are defined in the following paragraphs. They allow for one
single scalar value representing the quality over one or many
drives but also bring some level of lost information. The Root
Mean Squared Error (RMSE) is chosen. The RMSE is also
used as the optimization criterion (3) during identification.
TABLE 2 lists the RMSE values for the identified models
with respect to the validation data.
In view of the above discussion, the quality of the resulting

models has been demonstrated to be high. Even the model
with the highest RMSE values resulting from an identifica-
tion using only one single drive deviates from the value of
the model from all drives only in the second decimal place.
One of the lowest RMSE values of 0.2215 is reached using
a single drive for the parameter identification. The reason for
this is intuitive. One of the many single drives also seems
to be the best identification drive. However, the probability
of picking this is low. The parameters and the model quality
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FIGURE 7. Comparison of the measured and simulated lateral acceleration for
a validation run for cornering events. Legend: Reference, measured lateral
acceleration; Model AD/SD, simulated lateral acceleration. Model identified based on
All Drives (AD)/ min/max for models identified based on Single Drives (SD).

show a relatively wide distribution when using single drives.
The larger data sets ensure a smaller parameter distribution
and hence, a more robust model.
It also becomes evident that adding more data does not

increase the model quality beyond a certain point. The RMSE
scores of H20 onwards change only marginally. The EG
approaches a final value that changes only minimally with
further driving. This value is approximately the median of the
distribution of the H5 data sets. Since this value is unknown
in advance and can only be reliably determined with adequate
data, the study must not be terminated prematurely. The
median over all data sets remains approximately unchanged.
Fig. 7 shows a partial drive from the validation data which

is superimposed with the model results for the same inputs.
Furthermore, the figure includes the possible band of models
if single drives would have been used to identify the model
parameters. The reference and the model are almost identical.
The lateral dynamics can be described extremely well up to
|ay| < 4m/s2. The band defined by models based on single
drives additionally shows the influence from using a large
amount of data instead of single drives.
The comparison of the model with the drives from the

validation data implies that the vehicle’s lateral dynamics
are described very well. Regardless of which data set is used
for parameter identification, the RMSE remains above 0.2.
Deviations between model and measured drives can partially
be explained by the modeling assumptions that do not allow
for some of the effects to be shown. The model does not
use all of the real-world influences (inputs) to change the
outputs.

B. VALIDATION USING COMPLEX VEHICLE MODEL
To prove the validity of the identified model and, hence,
sufficiency of the data, an already validated complex vehi-
cle model can be used as an additional method. This has
the advantage that there is no measurement noise or external
influences such as road inclination, changing road friction,
wind, etc., to the reference data. Especially the option to
generate a roll compensation for the reference data is to be
mentioned here. Furthermore, the validation can be extended

to dynamics ranges that are not part of everyday-drives.
A validated ADAMS/Chassis model of a Ford CMax Diesel
2.0l as used during the development process serves as a refer-
ence for this discussion. The assumption is that this vehicle
and the models are very similar to the test vehicle (Ford
CMax Energi).
A typical maneuver to determine EG is a steady-state cir-

cular drive with a radius of 60m and a velocity starting at
10km/h and increasing to 70km/h [33]. The steering wheel
angle needs to be controlled in a way to stay on the cir-
cular track. A constant radius with increasing velocity then
results in increased lateral acceleration ay, hence allowing
for calculation of EG.

Fig. 8 compares the reference model and the single-track
model with parameters based on the different data sets.
The figure additionally shows the variance that the param-
eterized models have. The reference maneuver allows for
lateral accelerations up to 8m/s2. Higher accelerations are
not to be expected for a regular passenger vehicle under
normal conditions as described above. The shown quan-
tiles for the underlying measurements show that the vehicle
has been mainly used with low lateral accelerations, as was
expected. 75% of all measurements were below 1m/s2. 2m/s2

already accounts for more than 90% of all the measured
data points. Measurements that show higher lateral accelera-
tions are rare. The measured data indicate that accelerations
in the range below 5m/s2 contain more than 99% of any
measurement. This implies that the single-track model is
suitable to describe the lateral acceleration for the measured
data. It can be used for low and medium lateral accelera-
tions. For higher lateral accelerations the linear combination
of the Ackermann-angle and the self-steering coefficient is
no longer valid, and the single-track model then becomes
inaccurate.
The figure contains the median value of the derived mod-

els and the minimum and maximum for a certain data set.
The models are compared to the Ford reference model (solid
line). This reference shows the typical curve for the steer-
ing (wheel) angle. δSW increases linearly over the lateral
acceleration.
As already stated in previous chapters the data seems to

be adequate for lateral vehicle dynamics when analyzing sets
of 20h and above. Less data (5h sets or SD) lead to a high
variance of resulting models. How much data are sufficient
for a valid identification is a function of required accuracy
and the applicable acceleration range. Very low accelerations
seem to already be modeled well even with any 5h data set.
20h measurement sets lead to an excellent representation of
the reference model for the entire area that the single-track
model is valid for. The error for higher accelerations results
from different effects. On the one hand the error results from
little data for high acceleration and on the other hand from
the fact that the used single-track model is not capable of
correctly describing higher accelerations. Effects from non-
linearities and effects due to increased roll angles are more
important for these inputs. As stated at the beginning of the
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FIGURE 8. Validation of the lateral dynamic behavior of the identified models. Comparison of a complex multi-body model with the identified model from naturalistic driving for
a steady circle cornering maneuver. The quantiles from the Fig. 2 are plotted and delimit the range for which values were measured. Consequently, valid models can only be
expected for this range.

paper, the model quality can be limited by both the chosen
model and the database.
70h measurement sets decrease the variation even further.

The accuracy, however, compared to the reference model is
only improved slightly. In summary:

• An adequate amount of data is reached after 20h to 70h
measurement period.

• These data are also sufficient to model the lateral
dynamics of a vehicle up to 4m/s2. Beyond that limit,
the data do not add much information.

• The pure driver inputs and the simulated accelera-
tion cannot fully match measurements. There are many
uncontrollable and also unmeasured influences. A more
detailed analysis would be needed.
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• Despite very little data processing and filtering, the
identification process using large data shows robustness
even with the given measurement uncertainties/noise.

VII. CONCLUSION
This paper’s proposed method is proven to work based on
NDS data. Researchers can leverage this type of measure-
ment to gain good system knowledge to build and sufficiently
characterize models. The method does not demand expen-
sive test facilities nor specific maneuvers. It will not replace
existing methods or vehicle testing but can be used as an
additional pattern to gain information during regular oper-
ation. OEMs can use this method to continually identify
vehicles’ behavior and use it for condition monitoring or to
identify vehicle-specific models.
This paper demonstrates that the information needed for

the identification of a vehicle dynamics model is included
in everyday drives. For parameter identification purposes,
the vehicle’s regular sensors and everyday-drives can be
used, and no additional specific test maneuvers are required.
Parameters from everyday-drives therefore are an alternative
option to gain dynamics information. The use of explorative
studies (NDS) shifts the focus from planning and executing
a study towards data analysis. This leads to new challenges
during the identification process.
In extension to previous work, the analysis of captured

information related to the identification task was investigated
in particular. It could be shown that captured data, collected
over a few hours of daily driving, is enough to reach an
adequate database for further identification. Further measure-
ments add very little new information. Dynamics boundaries
(such as Kamm’s circle) can be used when looking at the
adequacy of data. The hypothesis of decreasing information
growth in the database over time can additionally be con-
firmed using the derived model and modeled quantities such
as the identified EGs. The values increasingly converge and
only with great effort minimal change can be obtained. The
user must be aware that in everyday driving, highly dynamic
vehicle behavior is very rare. This is a limitation of the study
design and thus, for the identification task.
Additionally, this paper shows what the sufficiency of

the data means with respect to a vehicle dynamics model.
For any of these considerations, an understanding of what
measurements are possible is key to further steps. Using
a vehicle for regular everyday drives will most certainly not
enable lateral acceleration measurements beyond a certain
point. At the same time the proposed method has proven to
be robust. Even with many uncertainties and noise during the
measurement, a high-quality model for vehicle dynamics can
be reached. Regardless of which data set is used, very similar
results were reached. Additionally, the identified model is
valid within defined limits. The data are therefore sufficient
for this purpose.
The method proved to have great potential using data from

everyday drives for dynamics model identification. It is not
limited for parameter identification of physical models but

can also be used for modeling of data-driven approaches. The
presented method shows which vehicle dynamic information
are contained in the data and which model quality can be
expected with data-driven models.

ACKNOWLEDGMENT
The authors thank Björn Berthold and Olav Lange both
employees of the Vehicle Dynamics CAE Department at
Ford Germany, for providing the reference simulations that
were used during the study. This was an important part
showing the validity of the overall approach.

REFERENCES
[1] Monetizing Car Data—New Service Business Opportunities to

Create New Customer Benefits, McKinsey Company, New York,
NY, USA, 2016. Accessed: Oct. 21, 2020. [Online]. Available:
https://www.mckinsey.com/industries/automotive-and-assembly/our-
insights/monetizing-car-data#

[2] Capgemini Invent, M. Winkler, R. Mehl, M. Matthies, and S. Monske,
Monetizing Vehicle Data: How to Fulfill the Promise, Capgemini
Invent, Paris, France, 2020. Accessed: Oct. 21, 2020. [Online].
Available: https://www.capgemini.com/resources/monetizing-vehicle-
data/.

[3] A. Eskandarian, Ed., Handbook of Intelligent Vehicles. London, U.K.:
Springer, 2012.

[4] T. Dingus, S. Klauer, and V. R. Lewis, “The 100-car naturalistic
driving study: Phase II—Results of the 100-car field experiment,”
Dept. U.S. Transp., Virginia Tech Transp. Inst., Blacksburg, VA, USA,
Rep. DOT-HS-810-593, Jan. 2006. Accessed: Jan. 8, 2021.

[5] I. van Schagen et al., Towards a Large Scale European Naturalistic
Driving Study: Final Report of PROLOGUE: Deliverable D4.2,
SWOV Inst. Road Safety Res., Leidschendam, Niederlande, Jan. 2011.
Accessed: Apr. 17, 2020.

[6] Y. Barnard, F. Utesch, N. van Nes, R. Eenink, and M. Baumann,
“The study design of UDRIVE: The naturalistic driving study across
Europe for cars, trucks and scooters,” Eur. Transp. Res. Rev., vol. 8,
p. 14, May 2016, doi: 10.1007/s12544-016-0202-z.

[7] Dreams4Cars, Dream-Like Simulation Abilities for Automated Cars,
Horizon 2020, Eur. Commision, Brussels, Belgium, 2017.

[8] M. Da Lio, D. Bortoluzzi, and G. P. R. Papini, “Modelling longitudinal
vehicle dynamics with neural networks,” Veh. Syst. Dyn., vol. 58,
no. 11, pp. 1675–1693, 2020, doi: 10.1080/00423114.2019.1638947.

[9] S. James and S. R. Anderson, “Linear system identification of lon-
gitudinal vehicle dynamics versus nonlinear physical modelling,” in
Proc. UKACC 12th Int. Conf. Control (CONTROL), Sheffield, U.K.,
2018, pp. 146–151, doi: 10.1109/CONTROL.2018.8516756.

[10] S. S. James, S. R. Anderson, and M. Da Lio, “Longitudinal vehi-
cle dynamics: A comparison of physical and data-driven models
under large-scale real-world driving conditions,” IEEE Access, vol. 8,
pp. 73714–73729, 2020, doi: 10.1109/ACCESS.2020.2988592.

[11] B. A. H. Vicente, S. S. James, and S. R. Anderson, “Linear system
identification versus physical modeling of lateral–longitudinal vehi-
cle dynamics,” IEEE Trans. Control Syst. Technol., vol. 29, no. 3,
pp. 1380–1387, May 2021, doi: 10.1109/TCST.2020.2994120.

[12] R. Liu, X. Zhu, X. Zhao, and J. Ma, “Statistical characteristics of driver
acceleration behavior and its probability model,” 2019. Accessed:
Apr. 3, 2020. [Online]. Available: https://arxiv.org/abs/1907.01747

[13] R. Liu, X. Zhu, L. Liu, and B. Wu, “Personalized and common
acceleration distribution characteristic of human driver,” in Proc.
21st Int. Conf. Intell. Transp. Syst. (ITSC), Maui, HI, USA, 2018,
pp. 1820–1825, doi: 10.1109/ITSC.2018.8569942.

[14] W. Wang, C. Liu, and D. Zhao, “How much data are enough? a
statistical approach with case study on longitudinal driving behav-
ior,” IEEE Trans. Intell. Veh., vol. 2, no. 2, pp. 85–98, Jun. 2017,
doi: 10.1109/TIV.2017.2720459.

[15] S. Kullback and R. A. Leibler, “On information and suffi-
ciency,” Ann. Math. Stat., vol. 22, no. 1, pp. 79–86, 1951,
doi: 10.1214/aoms/1177729694.

VOLUME 2, 2021 205

http://dx.doi.org/10.1007/s12544-016-0202-z
http://dx.doi.org/10.1080/00423114.2019.1638947
http://dx.doi.org/10.1109/CONTROL.2018.8516756
http://dx.doi.org/10.1109/ACCESS.2020.2988592
http://dx.doi.org/10.1109/TCST.2020.2994120
http://dx.doi.org/10.1109/ITSC.2018.8569942
http://dx.doi.org/10.1109/TIV.2017.2720459
http://dx.doi.org/10.1214/aoms/1177729694


REICHERTS et al.: USE OF NATURALISTIC DRIVING STUDIES FOR IDENTIFICATION OF VEHICLE DYNAMICS

[16] S. Reicherts, “Ein Beitrag zur Identifikation der Fahrzeugdynamik
basierend auf naturalistischen Fahrdaten,” Ph.D. dissertation, Faculty
Eng., Univ. Duisburg–Essen, Duisburg, Germany, 2021.

[17] S. Reicherts and D. Schramm, “Parameter identification of vehicle
dynamics models using CAN communication on real-life driving data,”
in Proc. Autom. Meets Electron. (AmE) 11th GMM Symp., Dortmund,
Germany, Mar. 2020, pp. 1–6.

[18] Verkehr in Kilometern - Inländerfahrleistung, Kraftfahrt-Bundesamt,
Berlin, Germany, 2020. Accessed: Nov. 11, 2020. [Online]. Available:
https://www.kba.de/DE/Statistik/Kraftverkehr/VerkehrKilometer/vk_
inlaenderfahrleistung/vk_inlaenderfahrleistung_inhalt.html

[19] B. Metz, A. Landau, V. Hargutt, and A. Neukum, Naturalistic Driving
Data–Re-Analyse von Daten aus dem EU-Projekt euroFOT, vol. 256.
Wuerzburg, Germany: FAT-Schriftenreihe, 2013.

[20] S. Tewiele, “Generierung von repräsentativen Fahr-und Lastzyklen aus
realen Fahrdaten batterieelektrischer Fahrzeuge,” Ph.D. dissertation,
Faculty Eng., Univ. Duisburg–Essen, Duisburg, Germany, 2020.

[21] Bundesministerium für Verkehr und digitale Infrastruktur (BMVI).
Mobilität in Deutschland - MiD 2008—Ergebnisbericht.
2008. Accessed: Nov. 14, 2020. [Online]. Available:
https://www.bmvi.de/SharedDocs/DE/Artikel/G/mobilitaet-in-
deutschland.html.

[22] D. Schramm, M. Hiller, and R. Bardini, Vehicle Dynamics. Heidelberg,
Germany: Springer, 2018.

[23] R. S. Rice, “Measuring car-driver interaction with the g-g diagram,”
presented at the Int. Autom. Eng. Congr. Exposit., Feb. 1973, p. 22,
doi: 10.4271/730018.

[24] R. Liu and X. Zhu, “Driving data distribution of human drivers
in urban driving condition,” in Proc. IEEE 20th Int. Conf.
Intell. Transp. Syst. (ITSC), Yokohama, Japan, Oct. 2017, pp. 1–6,
doi: 10.1109/ITSC.2017.8317703.

[25] H. B. Pacejka, Tire and Vehicle Dynamics, 2nd ed. Oxford, U.K.:
Elsevier, 2006.

[26] T. Söderström and P. Stoica, System Identification. New York, NY,
USA: Prentice-Hall, 1989.

[27] R. Isermann and M. Münchhof, Identification of Dynamic Systems.
Heidelberg, Germany: Springer, 2011.

[28] L. Ljung, System Identification: Theory for the User. Englewood
Cliffs, NJ, USA: Prentice-Hall, 1987.

[29] O. Nelles, Nonlinear System Identification: From Classical
Approaches to Neural Networks and Fuzzy Models. Heidelberg,
Germany: Springer-Verlag, 2011.

[30] K. J. Åström and P. Eykhoff, “System identification: A sur-
vey,” Automatica, vol. 7, no. 2, pp. 123–162, Mar. 1971,
doi: 10.1016/0005-1098(71)90059-8.

[31] R. W. Allen, D. H. Klyde, T. J. Rosenthal, and D. M. Smith,
“Estimation of passenger vehicle inertial properties and their effect
on stability and handling,” SAE Trans., vol. 112, pp. 1032–1050,
Mar. 2003.

[32] P. Hewson, “Method for estimating tyre cornering stiffness from basic
tyre information,” Proc. Inst. Mech. Eng. J. Automobile Eng., vol. 219,
no. 12, pp. 1407–1412, 2005, doi: 10.1243/095440705X35071.

[33] (Accessed: Apr. 22, 2020.) Passenger Cars—Steady-State Circular
Driving Behaviour—Open-Loop Test Methods, Standard ISO/PRF
4138, 2012.

SEBASTIAN REICHERTS received the Master of Science degree from
the University of Duisburg–Essen, Germany, in 2014, where he studied
mechanical engineering, specializing in mechatronics.

Following the master thesis, which was conducted with the BMW Group,
Munich, Germany, he joined the Department of Mechatronics, University
of Duisburg–Essen, where he worked on several industrial research projects
in the field of modeling and simulation of vehicle dynamics of passenger
cars, as well as the sensory acquisition of driving data. His Ph.D. thesis
is expected to be completed in 2021. For his Ph.D. thesis, he conducted
a one-year driving study in public road traffic. The thesis contributes to the
identification of vehicle dynamics based on naturalistic driving data.

BENJAMIN STEPHAN HESSE received the Dipl.-Ing. degree from the
University of Paderborn, Germany, in 2008, where he studied mechanical
engineering and mechatronics.

He then joined the Chair of Mechatronics, University of Duisburg–Essen,
Germany, for a Ph.D. project which was successfully finished in 2011.
He has worked in the development department of Benteler automotive
from 2002 to 2007 on several projects. From 2008 until 2011, he was
a Research Associate with the University Duisburg–Essen, where he became
an Academic Council. Since 2015, he has been working with the Product
Development Department, Ford Motor Germany.

DIETER SCHRAMM received the Ph.D. degree in engineering from the
University of Stuttgart in 1986, where he studied mathematics.

From 1986 to 2004, he worked in management positions in research,
development and technical marketing for leading international automotive
suppliers. In 2004, he was appointed as a Full Professor and the Head of the
Chair of Mechatronics, University of Duisburg–Essen. His research interests
are electrified and alternative fuel driven automobiles, driver assistance
systems, vehicle dynamics, and cable driven manipulators. Along with his
research activities, he is the director and a partner of several companies in
the field of research and post graduated education. In 2015, he was awarded
Dr. h. c. by the University of Miskolc, Hungary.

206 VOLUME 2, 2021

http://dx.doi.org/10.4271/730018
http://dx.doi.org/10.1109/ITSC.2017.8317703
http://dx.doi.org/10.1016/0005-1098(71)90059-8
http://dx.doi.org/10.1243/095440705X35071


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Helvetica
    /Helvetica-Bold
    /HelveticaBolditalic-BoldOblique
    /Helvetica-BoldOblique
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Times-Bold
    /Times-BoldItalic
    /Times-Italic
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryITCbyBT-MediumItal
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Recommended"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


