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Abstract. This paper aims to use driving data to create a profile of the
driver behavior, which can be then added as an additional layer to the
Local Dynamic Map of the vehicle. The main contribution of the paper
consists of using the Spherical KMeans Clustering, an unsupervised clus-
tering algorithm for multidimensional datasets, to segment the continu-
ous driving data into multiple segments (hyperspheres). Unlike the state
of the art, this helps in studying the behavior since all the data will be
processed at the same time regardless of the number of features. The gen-
erated hyperspheres are an abstract form of the initial numerical values,
and can be contribute to a better representation of the driver behavior.
We used the UAH Dataset [9] to present the proposed approach, and the
cross-validation technique to evaluate the segmentation results.
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1 Introduction

Connectivity is driving the future of transportation. Thanks to V2X technology,
which stands for ‘vehicle to everything’, cars are becoming increasingly connected
to each other, to infrastructure, to pedestrians and to the cloud. V2X relies on
different communication technologies to realize the vehicle to vehicle, vehicle to
infrastructure and vehicle to person communication and create what is known
as Cooperative Intelligent Transportation Systems (C-ITS). CITS are defined
as transportation system, where the cooperation between the road components
enables and provides an ITS service that offers better quality and an enhanced ser-
vice level [11]. The communication and cooperation allow drivers to share their car
settings anddriving profileswith other roadusers, to have enough knowledge about
their surrounding environment. This information about the surrounding environ-
ment is maintained by vehicles in a Local Dynamic Map (LDM) [4].

LDM is a conceptual data store that includes different types of data, orga-
nized in 4 layers [3,5–7]. The first layer (at the bottom) contains static data such
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as geographical information, the road network, etc. The second layer includes
semi-static data such as information on traffic signs (GPS position, content,
etc.). The third layer includes semi-dynamic or precisely temporal data such as
information on traffic (accident, traffic jam, etc.), traffic light (its value at a
given moment), weather, etc. The forth and upper layer has dynamic or highly
dynamic data. Information coming out with a high frequency such as the posi-
tion, speed and driving information of nearby vehicles, etc.

The main idea of this paper is to use driving data to create a profile of the
driver behavior, which can be then added as an additional layer to the LDM.
The added layer will provide information about driving behavior, and can open
up a whole new level of personalized applications when combined with other
LDM data. As a first step towards such implementation, this paper focuses
on the problem of driver profile generation. It proposes a dynamic and auto-
matic segmentation of the continuous driving data, essentially needed to build
an appropriate model of the driver behavior. Through this work, we intend to
build a flexible, multi-use and personnel model. Every driver will have a profile
that understand his patterns and behaviors and his preferences. Let’s take an
older driver with Alzheimer disease as an example [1]. A profile generated from
tracking his vehicle data will understand his patterns, can be his mind and help
him reduce the risk of crashes [2].

The remainder of the paper is organized as follows. Section 2 presents an
overview of the proposed approach. The materials and methods used to deal
with the data and to implement the proposed approach are presented in Sect. 3.
Section 4 presents the validation approach and discusses the obtained results.
Finally, some conclusions are drawn in Sect. 5.

2 Overview

In many behavioral studies, behaviors observed to proceed through a finite num-
ber of states may be represented using graphs. Driving is a continuous process,
which is generally observed and recorded as continuous trajectories or as dis-
crete sequences of measurable vehicle data. Therefore, driver behavior can be
represented by a directed weighted graph, with nodes corresponding to observed
driving states and edges to the transitions between them.

Driving behavior is analyzed in terms of changes in measurable properties
such as position, direction, and speed, which are acquired using different sensors,
either mounted within cars, user devices, or received through V2X communica-
tion. As the number of sensors increases, so the amount of data will also increase.
This data will need more intelligent and automatic approach to deal with it and
transform it into useful, easy to interpret information. The goal of the approach
presented in this work is to transform the numerical sensor data into a high
level abstracted form that will represent the driver behavior and make easier the
extraction of his driving patterns.

Figure 1 shows an overview of the steps involved in the proposed approach.
The first step consists of analyzing and studying the different driving variables
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Fig. 1. Overview of the proposed approach

to select important and uncorrelated features. This is mainly performed using
three techniques: Feature Correlation, Feature Importance, Permutation Impor-
tance. Once feature selected, the next step is segmentation. Segmenting the data
prior to building appropriate models is important to effectively use data. This
considered as the core of our approach: we propose an automatic, unsupervised,
clustering based segmentation. Since driving data is generally organized as trip
data, Kmeans algorithm [8] is used to generate K clusters per trip. Harmoniza-
tion is then used to fuse and update the clusters across all trips. These clusters
are finally used to construct the graph representing the driver behavior; the clus-
ters will represent the states of the graph. The transitions between states are
weighted and updated according to their occurrence, as in [10]. The generated
graph is thus a representation of the driver individual driving patterns and can
be used by ITS applications to provide more personalized assistance.

3 Materials and Methods

3.1 Dataset

UAH driveset is a public dataset containing naturalistic driving data captured
by a smartphone using the driving monitoring app DriveSafe [12]. The dataset
contains plenty of information of 6 different drivers on two different routes. A
list of the dataset variables used in this paper are presented below:

1. Timestamp (seconds)
2. Speed (km/h)
3. Latitude coordinate (degrees)
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4. Longitude coordinate (degrees)
5. Altitude (meters)
6. Acceleration in X (Gs)
7. Acceleration in Y (Gs)
8. Acceleration in Z (Gs)
9. Acceleration in X filtered by KF (Gs)

10. Acceleration in Y filtered by KF (Gs)
11. Acceleration in Z filtered by KF (Gs)
12. Roll (degrees)
13. Pitch (degrees)
14. Yaw (degrees)
15. X: car position relative to lane center (meters)
16. Phi: car angle relative to lane curvature (degrees)
17. W: road width (meters)
18. Distance to ahead vehicle in current lane (meters)
19. Time of impact to ahead vehicle (seconds) [distance related to own speed]
20. GPS speed (km/h) [same as in RAW GPS]
21. Course (degrees)
22. Difcourse: course variation (degrees)

3.2 Feature Selection

Feature selection refers to the process of selecting a reduced subset of the most
relevant features in data. Feature selection generally involves studying feature
correlation and feature importance.

Feature Correlation. Correlation-based selection is one of the popular tech-
niques used for feature selection. Formally, correlation is a measure among the
measure statistics that describes the association between the different random
variables. There exist many methods for calculating the correlation coefficient,
each measuring different types of strength of association. A strong association
between two variables means that they are strongly correlated and only one of
them need to be selected. Below are three of the best known methods, which
were considered in this work.

– Pearson Correlation Coefficient
– Spearman’s Correlation
– Linear Correlation

We studied the correlation between 18 variables instead of 22. The vari-
ables Timestamp (seconds), Latitude coordinate (degrees), Longitude coordi-
nate (degrees), and Altitude (meters) are by default selected as they will be
needed later to make projection on the map.

The results of correlation using Pearson Correlation Coefficient are presented
in Fig. 2. The other two methods provided the same correlation information.
Unfortunately, these methods are not enough as they perform well only for linear
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Fig. 2. Pearson correlation

relationships while many other forms of correlation may exist, as illustrated in
Fig. 3.

Therefore, we opted for another method to study the correlation. It consists
of presenting graphically each feature of data in function of an other one; in our
case there are 172 combinations resulting in at most 172 graphs.

The advantage of the used method is that, in addition to linear correlation,
can also detect non-linear relations, i.e. features that have a relation of unknown
geometric form, because the graph take a harmonic form. The method results in
6 highly correlated features, which are presented in Table 1.

Feature Importance. According to Table 1, we should either delete the fea-
tures in column 1 or those in column 2 as the features in both columns are
highly correlated. In order to decide which features to keep, we need to study the
importance of each feature. Features that are less important will be removed.
One common approach is to describe the importance of features relative to a
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Fig. 3. The different forms of correlation

Table 1. List of correlated features. Columns 1 correlated with columns 2

Columns 1 Columns 2

GPS speed Speed

Difcourse Course

Time impact ahead vehicle Distance ahead vehicle

Acceleration in X X filtered by KF

Acceleration in Y Y filtered by KF

Acceleration in Z Z filtered by KF

model. This can be performed in two ways, using an Impurity-Based approach
or Permutation Importance.

Impurity-Based Feature Importance. Some popular tree-based models provide
importance scores computed based on the reduction in the criterion used to
select split points. In this work, we used the XGboost model to measure impor-
tance. The results are presented in Fig. 4a. According to the obtained scores,
the features Yaw, W, Course and Speed have the higher scores and are thus
the most important, while Acceleration in X filtered by KF, Acceleration in Y
filtered by KF, Acceleration in Z filtered by KF, Acceleration in X, Acceleration
in Y, Acceleration in Z have the lowest scores and are thus the least important.
Combining these scores with the correlation results in Table 1, we choose to keep
the following variables: Speed, Acceleration in X filtered by KF, Acceleration in Y
filtered by KF, X, Phi, Acceleration in Z filtered by KF,W, Course, Time impact
ahead vehicle, Roll, Pitch, Yaw.

Permutation Feature Importance. Permutation importance describes feature
importance based on the impact each feature has on the trained model’s
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Fig. 4. Impurity-based vs permutaion feature importance using XGBoost

predictions. This is done by measuring the increase in the model’s prediction
error after permuting the feature’s values. Here also we used the XGboost model.
The results are presented in Fig. 4b. Comparing the results of the both tech-
niques, presented in Fig. 4, we see that there is a small difference in classifying
the importance of some variable, e.g. Speed has a higher score than GPS speed
in the impurity based method but a little less importance in case of permutation
importance.

The results of feature importance after removing features is presented in
Fig. 5. Considering all the resulted obtained so far we decided to only keep the
variables Speed, Course, Roll, Pitch, Yaw, Distance ahead vehicle, X. Features
that have an importance score less than the mean were deleted. Moreover, the
variable W corresponding to the road width was deleted as it can be extracted
from GPS data.

3.3 Data Segmentation

To efficiently deal with the continuous driving data and in order to keep perti-
nent information enough to be useful in real applications, an unsupervised and
automatic segmentation method is needed. In this work, we propose the use of
Kmeans clustering to segment driving data.

As shown in Fig. 6, driving data is organized as trip data. Therefore, seg-
mentation will be performed in such way that Kmeans is applied to each trip
separately to generate clusters of data which are iteratively merged to form the
final clusters. The Kmeans algorithm is applied over the 7 features selected in the
previous section. Each trip will then generate K clusters. One of the important
things in Kmeans clustering is to use an optimal number of cluster K. Using
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Fig. 5. Feature importance using XGBoost after removing least important features.

a low number could lead to clusters with significant differences while a very
large number will generate too many clusters which could lead to overfitting.
In order to find the optimal number of clusters, we used the elbow method, a
common technique used for this task. Applied over multiple features, Kmeans
will generate clusters that can be represented by hyperspheres (n-sphere), i.e.
using 7 features will generate 7-dimensional spheres (E7). Each hypersphere will
be defined by its center and its radius. Thus, we can store a minimum data by
storing the radius and the center without losing any information.

3.4 Data Harmonization

Segmenting driving trips allows keeping only relevant information. However, seg-
mentation can produce overlapping clusters, which can lead to grouping different
behaviors in the same clusters (same hyperspheres). To deal with issue, the har-
monization process is introduced. Harmonization is the process by which the
hyperspheres are updated, either by merging or splitting. The update is decided
by comparing the distance between the hyperspheres’ centers with a predefined
threshold. This update is applied iteratively to the hyperspheres generated by
each trip (output) as illustrated in Fig. 7. The harmonization method can be
briefly described as followed.



Analyzing Driving Behavior: Towards Dynamic Driver Profiling 187

Fig. 6. KMeans applied to data trips

Fig. 7. Data harmonization

Considering two spheres with centers C1 and C2 and radius R1 and R2,
respectively. Figure 8a shows an example of two intersecting spheres. Determin-
ing whether an intersection exists between the two spheres is similar to the case
of circles, as shown in Fig. 8b:

– if distance(C1, C2) > R1+R2 then there is an intersection (or a union exists),
and an update may be considered

– Others, no update is needed.

To decide whether to update the hyperspheres requires defining a certain
threshold D. The update is considered if [R2 − (distance(C1, C2) − R1)] > D
otherwise the hyperspheres are kept. To illustrate the two cases of intersection
and union, we show, for sake of simplicity, figures of circles instead of hyper-
spheres (Fig. 9).

Considering the case of intersection illustrated in Fig. 9, where x1, x2, x3 and
x4 are min(A), min(B), max(B) and max(A), respectively. The update is ruled
by the following:

if Distance(x1, x2) ≥ D then create an hypersphere
if Distance(x2, x3) ≥ D then create an hypersphere
if Distance(x3, x4) ≥ D then create an hypersphere
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Fig. 8. An example of intersecting spheres and circles

Fig. 9. Illustration of union and intersection in case of circles

The update may thus result in creating 3 or 2 new hyperspheres or just a
single hypersphere merging the two original ones. The case of union is dealt with
in the same way as intersection.

4 Experiments and Results

To validate the proposed segmentation approach, we use the leave one out cross
validation method. UAH dataset [9] contains an average of 7 trips per driver.
Thus, at each round of the cross validation, one trip is chosen as a test trip
and the others are used as training trips. Then, our segmentation method is
applied to the training trips and the test trip to get two separate sets of seg-
ments, namely, the training segments train hyperesphere and the test segments
test hyperesphere. The results are evaluated by comparing the segments in
train hyperesphere and test hyperesphere. The error at each round is mea-
sured as the number of the test segments not included in any training segments.
We define two metrics of errors.
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– Metric 1 (E1): measured as the number of Test hyperspheres that can make
a modification in the train hyperesphere, with a given threshold D, divided
by the total number of test hyperspheres. The test segments which can mod-
ify the segments from the train are defined as False Positives (FP).

E1 =
FP

|test hyperspheres| (1)

– Metric 2 (E2): measured s the number of the hyperspheres in the train that
can be modified by the test hyperspheres, divided by the total number of
train hyperesphere.

E2 =
modified train hyperspheres

|train hyperspheres| (2)

The values of E1 and E2 computed using cross validation are 6% and 1%,
respectively. This difference in the obtained values is logical since the second
error metric depends on the size of the train set, which is large compared to
the test set. Moreover, E2 computes the number of trains that can be modified,
however, some hyperspheres can be repeated several times, i.e. they can be
modified by several testhypersphere. This repetition is not taken into account,
i.e. the number will not increase.

5 Conclusion

In this paper, we deal with the problem of driver profiling. The aim is to trans-
form the numerical sensor data into a high level abstracted form that will repre-
sent the driver behavior and make easier the extraction of his driving patterns.
Driving behavior is represented by a directed weighted graph, with nodes corre-
sponding to driving states and edges to the transitions between them. The driv-
ing states are considered as an abstraction of continuous numerical values. The
paper focused on data segmentation. An unsupervised method (using kmeans) to
segment multiple driving features is presented. Since we are dealing with multiple
variable, the segments had a form of hypersphere. The resulting segments are
to be used as driving states to build the driver profile. Since driving is generally
recorded as trip data, rules to continuously update the segments were proposed.
The proposed approach was applied on the UAH-Dataset and evaluated using
cross-validation. In order to evaluate the data segments, two error metrics were
defined. Our future work focuses on segmentation of GPS data to create road
segments on which driver data will be projected.
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