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ABSTRACT

1

People’s driving behavior is in�uenced by di�erent human and
environmental factors, and several attempts to characterize it have
been proposed. Nowadays, the standardization of the CAN bus and
the increase of the electronic components units in modern cars
o�er a large availability of sensors data that make possible a more
reliable and direct characterization of driving styles. In this work,
we propose the concept of “Driving DNA” as a way of describing
the complexity of driving behavior through a set of individual and
easy-to-measure quantities. These quantities are responsible for
some aspects of the driver’s behavior, just as – in the metaphor –
genes are responsible for the tracts of an individual.
The concept has been tested on a dataset collected from the CAN
bus consisting of more than 2000 trips performed by 53 people,
in a wide scenario of road types and open tra�c conditions. The
Driving DNAs have been calculated for each person, and a graphical
visualization of their comparison is provided.

The process of understanding and characterizing human driving
behavior has recently gained a lot of importance due to its fundamental applications in connected autonomous vehicles, electric
vehicles and arti�cial transportation systems [11, 17]. Moreover, as
driving style in�uences accident risk [1] and fuel e�ciency [10],
technologies able to classify driving behavior can improve safety
and car eco-friendliness.
Di�erently from earlier studies, where models were based only
on GPS location [7], these can now rely on multiple layers on information coming from several hundreds of sensors and electronic
control units (ECUs) embedded in the car, whose intercommunication is made feasible through the CAN bus technology [9]. This
not only implies richer and higher quality data, but expands the
possibilities of large-scale data collections and extensive sensing
applications [12].
Driving behavior (or driving style) has no unique de�nition nor
measure, and it is a combinations of mixed factors and components
[11]. In this work, we propose the concept of driving DNA, looking at individual driving behavior as a global resultant of single
easy-to-measure characteristics (genes) that describe some speci�c
aspects of driving attitudes. This can be seen as a process in which
driving behavior is reduced to some single dimensions that can be
characterized and associated to measurable quantities.
More in general, the purpose of the present work is to show that
(1) it is possible, thanks to the CAN technology, to compute and
visualize individual driving attitudes, in form of driving DNA; (2)
di�erent people have di�erent driving behaviors (DNAs) and it is
possible to visualize and compare them; (3) ultimately, driving DNA
is useful for educative purposes in order to achieve a better driving
style.
The concept of driving DNA has been engineered and tested
upon a large dataset of CAN bus signals recorded in an uncontrolled
experiment, that involved 53 di�erent people and took place on
scenario characterized by a wide range of road types and tra�c
conditions.
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RELATED WORKS

In the following, we will denote any given signal as x, whose
components x i are the samples of the given quantity (e.g. speed,
GPS position, RPM, acceleration) at a constant rate of 4 Hz.

Previous works attempting to study driving skills and driving behavior implemented models tested only on driving simulators [18].
Studies dealing with data acquired with real cars, however, involve
very controlled experimental scenarios and di�erent from the everyday driving conditions. For example, Oliver et al. [16] built a
system recognizing driving maneuvers performed by the driver
upon some directions by an instructor physically present in the car,
while Carmona et al. [4] classi�ed normal and aggressive drivers
asking to 10 people to drive the same route twice, in a normal and
aggressive way respectively.
One of the few studies that broke the barriers of data collections
in a controlled environment is the one by Miyajima et al. [13],
where models of driver recognition and pedal operation pattern
were tested on a �eet of real cars involving 276 drivers. Moreover,
Castignani et al. [5], similarly to [4], attempted to characterize
driving aggressiveness using adaptive pro�ling mechanism instead
of �xed thresholds: the fuzzy logic algorithm implemented, however,
has the limitation that it is based on a 20 minutes calibration phase,
which can be intentionally diverted by the driver.
Larger experiments, like the SHRP2 project [2], analyzed the
driving style of a large number of people using traditional technologies, though not using CAN bus data. Moreover, in a previous
work [6], the authors of this paper leveraged the present database
in order to cluster drivers according to their driving behaviors using unsupervised learning techniques. Clusters however were not
behaviorally characterized since the database lacked ground truth
information.
The present work aims to overcome all the aforementioned limitations, using a large CAN bus signals database collected in a
uncontrolled experiment and coupling together di�erent aspects
of driving behavior which so far have been treated separately, like
fuel e�ciency, aggressive driving and accident risk.

3

4

DATASET

The dataset used in this work is made up of more than 2000 CAN signals recorded from 10 di�erent cars retro�tted with a data-logger1 .
The data acquisition phase has been performed in 2014 by Audi AG
and Audi Electronics Venture in the German city of Ingolstadt. A
total number of 53 drivers have been involved in the data collection,
providing a rich dataset of more than 2135 hours of driving over 55
days of experiments.
The datatype of the signals recorded is boolean, char, integer
or �oat, and their sizes vary from few MB to few GB for each
sensor. The original sampling frequency varies (up to 20 Hz), but
for computation and visualization purposes all �oating point signals
have been downsampled at 4 Hz, signi�cantly reducing the size of
the database to few MB of data per hour per car. In fact, considering
that the data collected on the car have to be processed on-board or
transmitted to a remote server via cellular network, it is important
to perform a preprocessing in order to keep the size of the database
as low as possible. This is particularly important as the amount of
data collected will increase with the advent of autonomous driving
cars [14].
1 No

DRIVING DNA

In molecular biology, genes are portions of the DNA sequence
which a�ect an organism’s traits [3]. Looking at driving behavior
as the expression of both exogenous and endogenous factors [11]
(being the former driving skills, demogra�c, distractions, fatigue,
etc.; the latter road type, weather and tra�c conditions, etc.), we
can interpret the Driving DNA as the mixed factors that determine,
coupled with the external environment, a person’s driving attitudes.
In the present work we try to identify di�erent dimensions or
factors – which we call DNA dimensions (genes in the metaphor) –
representing single characteristics of driving behavior, determined
by measurable quantities upon speci�c rules. In the following, we
propose to characterize driving style based on four dimensions,
accounting for cautious driving, attentive driving, safe driving, and
fuel e�ciency. Each of these dimensions is assigned to a speci�c
signal that is used to measure the corresponding driving characteristics. Signals were selected with the two-fold objective of keeping
the computation of the "Driver DNA" simple, and to capture signals
generated through direct interaction with the driver whenever possible. More speci�cally, we selected the following signals assigned
to each of the four dimensions: braking (cautious driving), turning
(attentive driving), speeding (safe driving), RPM (fuel e�ciency).
Each of them is associated with a score, ranging from 0 to 5, re�ecting the "goodness" of the single factor: the higher the score is, the
best behavior is achieved by the driver.
The scores are calculated individually for each driver, for each
DNA dimension and for every signal sample, based upon some
speci�c formulas de�ned in the following. We will call them instant
scores, as they change at a high rate and can be implemented in a
system that shows to the driver in “real time” the variation of the
speci�c dimension.
The instant scores, separately for each of the DNA dimension,
are then averaged in a suitable way over the sessions of the same
driver, in order to come up with robust values that fully characterize
each person.
In the following, the four proposed DNA dimensions are described.

4.1

Braking (cautious driving)

Signals used: frontal acceleration.
This measure represents the intensity of the braking actions, a
measure that is related to aggressiveness, comfort and ultimately
safety.
Given the frontal acceleration signal x, each value x i is averaged considering other samples falling in a two-second moving
temporal window, i.e. the set of samples Ui = {x i 4 , . . . , x i+4 }.
For each sample x i , the averaged value follows the formula x̄ i =
1 (max U + median U ), providing a value that represents both mei
i
2
dian and extreme values in the braking patterns over the two considered seconds.

personal information on the drivers have been recorded.
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In order to provide an instant score that ranges from 0 to 5 and
able to assess the breaking intensity, the values x̄ i are then normalized over a percentile distribution considering all drivers in the
database. In this way, a low score would represent a braking pattern
more aggressive than the average, a high score instead would refer
a better one. More precisely, considering the distribution of the x̄ i
for this speci�c DNA dimension and all users, we consider the six
quantiles q 1 , . . . , q 6 and assign to x̄ i a score k 2 {0, 1, . . . , 5} such
that qk < x̄ i  qk +1 (being q 0 the least number in the distribution)
and the score of 0 in the case of x̄ i = q 0 .
The quantiles qi could be evenly distributed in the interval [0, 1],
or could re�ect a di�erent distribution: in this way higher and lower
scores would be assigned with di�erent frequencies and therefore
particular behaviors would be enhanced with positive/negative
scores.

4.2

Finally, instant scores (ranging from 1 to 5) are calculated comparing the single quantities x i to the quantiles q 1 , . . . , q 6 of the
distribution of x i for all the drivers, similarly to what has been
described in §4.1 for the frontal acceleration signal.

4.4

Signals used: RPM.
Fuel consumption is a quantity that could not be directly measured from the information contained in the database, as the fuel
level signal is too noisy for any type of analysis. Moreover, the fuel
consumption – beyond re�ecting an eco-friendly driver’s behavior
– depends on many external factors, such as the steepness of the
road, vehicle occupancy and weather conditions [11], which are
hard to quantify.
In this work we assess the fuel consumption primarily basing on
the engine’s revolution per minute signal (RPM). This quantity, in
turn, is not necessarily tight to a bad driving behavior nor to a noneco-friendly attitude, for the same reasons explained before. In order
to overcome this di�culties, we implement a “swarm” approach,
comparing each driver’s performance with the ones of di�erent
drivers in a similar situations. This establishes a benchmark that –
although not extremely precise – gives a quick and direct measure
without relying on individual thresholds. It is important to note
that all the cars used in the data collection were of the same model.
More in particular, each road is divided in road segments, each
of them delimited by the intersections of the two closest roads.
In other words, being V the sets of all the road intersections, we
partition the set of roads upon all points in V . In this way it is
ensured that each driver is compared to a driver that drove on the
same road segment and for all its length (discarding the drivers
who began or ended the driving session in the middle of a road
segment), in similar conditions.
Given the RPM signal x, the score in this case is assigned comparing the single quantities x i recorded on road segment s to the
quantiles q 1 , . . . , q 6 of the distribution of x i for all the drivers on
s, similarly to what has been described in §4.1 for the brake pedal
signal.

Turning (attentive driving)

Signals used: lateral acceleration.
A similar process to the one described above for the braking
pattern is implemented for the lateral acceleration, a measure that
describe the aggressiveness in turning and more in general in the
use of the steering wheel, especially at high speeds.

4.3

Speeding (safe driving)

Signals used: speed, rain, GPS (road speed limit).
The speeding dimension represents the risk of accident induced
by speeding, expecially in case of adverse weather conditions. In
fact, it has been calculated that the accident risk increases by 50%
in case of rain [8, 15].
The measure is calculated as follows: for each timestamp ti , the
function f (ti ) is computed as
f (ti ) =

( ⇣

1

⌘
(t i ) 2
max (t i )

⇣

1 + 12 r (ti )

⌘

if (ti ) > max (ti )
,
otherwise

where (ti ) is the speed of the car at time ti , max (ti ) is the speed
limit2 of the road where the car was travelling at time ti , and r (ti ) is
a boolean function returning the weather condition3 in the location
of the car at time ti , de�ned as
⇢
1 if it is raining in ti
r (ti ) =
.
0 if it is not raining in ti
The value of the function f , also called CAR (Car Acident Risk),
is equal to 1 in case the speed limit is not reached and increases
linearly as the speed goes over the speed limit, with a factor of 1.5
in case of bad weather.
The values are then averaged over a window of two seconds,
de�ned as (remembering the 4 Hz sampling rate)
x̄ i =
2 Road

Energy e�ciency (fuel)

5

SYNTHETIC SCORE

Having computed the instant values for all the DNA dimensions
and for each driver, averaged values are obtained by averaging the
values of all the sessions, individually for each driver. In conclusion, thus, each driver j will be fully characterized by his driving
DNA (d j,1 , . . . , d j,4 ), being d ·,i the four DNA dimensions described
above.
The last step of this works is devoted to provide a synthetic score
to each driver, a unique scalar from 1 to 100 that synthesizes the
goodness of each person’s driving behavior. This is a function of
the values d j,1 , . . . , d j,4 , and the type of function can be designed
in di�erent ways, for example:

i+4
1 ’
f (t j ).
9 j=i 4

(i) calculating the arithmetic average of the values d j,1 , . . . , d j,4 ;
(ii) performing a weighted average on the values d j,1 , . . . , d j,4 ,
with set the weights to re�ect an assigned importance that
each DNA dimension has with respect to the others;

speed limits have been retrieved from OpenStreetMap.
weather conditions have been retrieved from Weather Underground.

3 Historical
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Score1 Score2 Score3

Figure 1: Visualization of the driving DNAs for all the 53 drivers, with the three di�erent computations of their synthetic
values (driving scores).

6

(iii) maximizing the variance of the synthetic scores for all the
drivers, performing a Principal Component Analysis (PCA)
on the values (d j,1 , . . . , d j,4 ) and projecting them on a monodimensional space that maximizes the variances of the projections.

COMPUTATIONAL AND COMMUNICATION
OVERHEAD

In a scenario of pervasive connected cars, it is important to design
models and methodologies that do not incur prohibitive computational and communication costs when scaled up to the millions
of cars currently circulating on the road. Introducing a notion of
“Driver DNA” while keeping computational and communication
overhead limited was the main motivation of this work. We have
already commented about the low computational complexity of the
proposed methodology. In terms of communication overhead, it is
important to observe that the features selected herein to characterize the “Driver DNA” are lightweight. Furthermore, we have proved
in [6] that with uniform random subsampling the signal sampling
rate can be reduced of two orders of magnitude with respect to
the original 4 Hz without impacting signal features. Such low sampling rates are apt to communicate extracted driver features to a
remote control center to implement, e.g., the “swarm” functionality described in Section 4.4. Thus, a main contribution of this
paper is presenting a methodology that, starting from very limited
subsamples of a small set of car signals, allows the derivation of a
signi�cant notion of “Driving DNA”.

In this way, di�erent drivers can be easily compared by means
of the synthetic score, in one of its formulations.
We now propose a simple but e�ective way of visualizing the
Driving DNA for each person, through a radar graph showing the
values of the four DNA dimensions described above.
Figure 1 shows for each of the 53 drivers their DNA radar graph,
whose axis indicate each averaged DNA dimension over all their
driving sessions, ranging from 0 (the center of the graph) to 5 (the
external edges of the axis). The bigger the area of the radar graph is,
the better the driver is performing. Underneath each radar graph,
three numbers indicate for each driver their synthetic scores (in a
scale from 0 to 100), computed using the three di�erent formulations
explained above.
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In this paper, the concept of Driving DNA is presented, allowing the
characterization of driving behavior through four di�erent easyto-measure factors, called DNA dimensions. To each driver is then
assigned a synthetic score, allowing a unique representations of
their driving skills.
The formulations of the four dimensions is the result of a process
of analysis of a real database that led to the de�nition of four
factors which are related to driving comfort, accident risk and fuel
e�ciency. This work, therefore, besides providing a �rst application
and example of the concept of Driving DNA, can be considered
as a methodology to reduce a big dataset of CAN bus signals into
easy-to-process smaller datasets.
The main di�erence of the present approach from classic machine
learning methods (such as neural networks or other unsupervised
or supervised learning techniques) is a very low computational
complexity and that the variables de�nitions and the results keep a
physical or phenomenological characterization or interpretation.
This makes it easy to build applications devoted to show and easily
compare performances between di�erent drivers. Moreover, this
opens the possibility of an almost-real-time visualization of the
DNA dimensions to be implemented on-board on the car’s dashboard in order to in�uence the driver towards a better driving style.

ACKNOWLEDGMENTS
The authors would like to thank Audi ERL, Allianz and all members
of MIT Senseable City Lab consortium for supporting this research.
The authors would also like to thank Hyemi Song for her assistance
with Figure 1.
Privacy disclamier: the data reported herein were collected during
experiments performed with drivers who were hired and were explicitly
informed of the data collection process. In case the presented methodology
should be used with consumer vehicles, it is fundamental to properly inform
the customer about usage of data and the purpose of the collection. This
needs to be done in order to comply with data privacy laws and regulations,
but also to support customers’ awareness and self-determination – especially
in cases where the realization of an application requires providing personal
data to third parties. It is the decision of the customer based on a declaration
of consent, if personal data may be collected and for which purpose it may
be used.

REFERENCES

[1] 2015. European Commission, Mobility and transport: Road safety, Oct. 12, 2015
http://ec.europa.eu/transport/road_ safety/index_en.htm. (2015).
[2] 2015.
SHRP2,
Strategic
Highway
Research
Program.
http://www.trb.org/StrategicHighwayResearchProgram2SHRP2/Blank2.aspx.
(2015).
[3] Bruce Alberts, Alexander Johnson, Julian Lewis, Martin Ra�, Keith Roberts, and
Peter Walter. 2002. Molecular Biology of the Cell (4th ed.). Garland Science, New
York.
[4] Juan Carmona, Fernando García, David Martín, Arturo Escalera, and José Armingol. 2015. Data Fusion for Driver Behaviour Analysis. Sensors 15, 10 (2015),
25968–25991. https://doi.org/10.3390/s151025968
[5] German Castignani, Thierry Derrmann, Raphael Frank, and Thomas Engel. 2015.
Driver behavior pro�ling using smartphones: A low-cost platform for driver
monitoring. IEEE Intelligent Transportation Systems Magazine 7, 1 (2015), 91–102.
https://doi.org/10.1109/MITS.2014.2328673
[6] Umberto Fugiglando, Emanuele Massaro, Paolo Santi, Sebastiano Milardo, Kacem
Abida, and Carlo Ratti. 2017. Driving Behavior Analysis through CAN Bus Data in
an Uncontrolled Environment. Transactions on Intelligent Transportation System
(under review) (2017).

41

