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Abstract
For intelligent driving systems, the ability to recognize different driving styles of surrounding vehicles is
crucial in determining the safest, yet more efficient driving decisions especially in the context of the mixed
driving environment. Knowing for instance if the vehicle in the adjacent lane is aggressive or cautious
can greatly assist in the decision making of ego vehicle in terms of whether and when it is appropriate to
make particular manoeuvres (e.g. lane change). In addition, vehicles behave differently under different
surrounding environments, making the driving styles identification highly challenging. To this end, in this
paper we propose a dynamic clustering based driving styles identification and profiling approach where
clusters vary in response to the changing surrounding environment. To better capture dynamic driving
patterns and understand the driving style switch behaviours and more complicated driving patterns,
a position-dependent dynamic clustering structure is developed where a driver is assigned to a cluster
sequence rather than a single cluster. To the best of our knowledge, this is the first research paper of its
kind on the dynamic clustering of driving styles. The usefulness of the proposed method is demonstrated
on a real-world vehicle trajectory dataset where results show that driving style switches and more complex
driving behaviours can be better captured. The potential applications in intelligent driving systems are
also discussed.
Keywords: dynamic clustering analysis, driving style, mixed driving environment, vehicle trajectory

1. Introduction
Autonomous driving technology is evolving rapidly and with it, a new mixed-traffic environment in
which human drivers interact with self-driving cars is arising [1]. This scenario requires intelligent driving
systems to be able to react to an uncertain environment [2]. In this context, [3] identifies two types of
uncertainties: one originating from noisy sensors and the other coming from human intentions. For noisy
sensors, new technologies, such as high precision GPS and vehicle-to-vehicle communication, can help
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self-driving systems obtain more precise information about their surroundings. For human intentions
uncertainty, some studies have been done to predict human behaviours during driving [4][5][6].
As widely recognized, autonomous vehicles should be able to predict the intentions of other road
participants taking all the precautions in order to drive safely, yet not overreacting to threats with low
probability [7] [8]. When all surrounding vehicles are treated the same, the intelligent system is obliged
to make very conservative decisions to reduce all possible collision risks. However, based on real-world
observations, drivers are diverse and usually react differently to stimulus, which creates complex driving
behaviours and profiles. As a result, understanding the underlying driving behaviours and styles of drivers
becomes necessary in enabling a safe and efficient autonomous driving.
In this paper we focus on identifying different driving styles among human drivers, which is particularly
important in the mixed driving environment consisting of human drivers and autonomous/self-driving
vehicles. By using clustering techniques, we can find groups of drivers that share similar characteristics.
In addition, to account for the fact that some driving styles may show only under specific circumstances,
a dynamic clustering framework is considered. More specifically, multiple clustering analyses are done
by varying the input data using different cutting points of the vehicle trajectory data. In other words, a
position-dependent structure of the clusters is proposed. Such an approach has the capability to recognise
the evolving behaviours of drivers. For instance, a driver that started as a more impulsive type of driver
may change to a more cautious type as he goes on the road when the surrounding environment changes.
This dynamic clustering approach helps represent more complex driving profiles than traditional static
clustering. The US-101 dataset from the Next Generation Simulation Program (NGSIM) is used in this
paper, which contains the trajectories of vehicles in the U.S. 101 Highway of Los Angeles, California - a
five-lane road with one on-ramp access and one off-ramp exit [9]. Following the exploratory analysis, we
focus on drivers that take the on-ramp to access the free-way since they show a wider range of behaviours
than drivers that are passing through.
The main contributions of this study are summarized as follows:
• We propose a dynamic clustering framework for driving style profiling and identification where
dynamic and evolving driving styles under changing surrounding environment can be effectively captured.
To the best of our knowledge, this is the first paper to present a dynamic clustering approach to tackle
the problem.
• We develop a position-dependent dynamic cluster structure where a driver is assigned to a cluster
sequence rather than a single cluster. In such a way, it can not only capture the dynamic driving
behaviours but also can enable a better understanding of different driving pattern switches and more
complicated driving behaviours through improved interpretability.
• A comprehensive experimental study is conducted based on a real-world vehicle trajectory dataset
considering different static clustering algorithms to demonstrate the effectiveness of the proposed dynamic
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clustering approach.
The paper is organized as follows: a literature review is conducted in Section II . In Section III the
considered dataset and the data preprocessing are detailed. The proposed dynamic clustering based
driving styles analysis framework is given in Section IV while results are demonstrated in Section V.
Finally, the paper is concluded in Section VI.

2. Related Work
2.1. Driving Styles Identification
Many studies have been done to identify driving styles (DS) among human drivers. It is a complex
task for many reasons. First, DS is a concept with no unique clear definition.[10] states that there is no
agreed definition of DS in the literature. Some associate it with subjective factors such as the driver’s
attitude, mood or way of thinking about driving whereas others attempt to provide a more pragmatic
description, restricting it exclusively to the manner a driver operates the vehicle [11]. However, it is
commonly accepted that driving styles are influenced by two types of factors: human and environmental
factors. This implies that a driver may vary its DS according to the environmental factors he faces.
Most of the research on transportation systems identify two to three types of drivers, usually defining
them by their level of aggressiveness (or cautiousness). [4] identifies two types of DS: aggressive and
normal. It uses a semi-supervised support vector machine (SVM) approach to label the drivers. Similarly,
[5] uses k-means with SVM to classify drivers into aggressive and moderate types. [6] uses three different
driving styles in the lane-changing model: cautious, stable and radical.
In the field of psychology, research have also been done to classify drivers into different profiles.
For instance, [12] identifies four DS: risky, angry, careful and anxious. The approach links personality
traits and socio-demographic variables to the DS recognition, which could open new possibilities for more
quantitative approaches to incorporate such variables.
Although the above literature provides valuable insights on driving styles identification, they are
mostly classification based approaches, which requires a lot of efforts and costs to collect and label the
data. Due to such limitations, the collected data for classification based driving styles identification are
usually small. Therefore, they can only identify a few simple behaviour patterns such as aggressive and
moderate, which is oversimplified given the fact that there are possibly much more complicated behaviours
in real-world scenarios. Instead, our proposed dynamic clustering based approach is an unsupervised
learning approach which does not have the above limitations and can also better capture the dynamic
and complex driving behaviours.
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2.2. Clustering based approaches
Cluster analysis is the formal study of algorithms and methods for grouping objects. One of the
most popular algorithms for clustering is k-means [13]. It presents many advantages such as its simple
interpretation and its scalability to large samples but also some drawbacks such as it requires the number
of clusters to be defined in advance and the risk that it may converge to a local minimum (in other words, it
is sensitive to the centroids initialization). Some research have been proposed to improve the initialization
of k-means clustering. For instance, [14] propose k-means++, a randomized seeding technique to improve
the speed of convergence and accuracy of k-means. Another possible problem of k-means is that it does
not perform well in identifying clusters with a non-flat geometry. Spectral clustering [15], a technique has
its roots in graph theory can deal with the above problem. Same as k-means, in spectral clustering the
number of clusters must be pre-defined. Different from k-means and spectral clustering, density-based
spatial clustering of applications with noise (DBSCAN) [16] does not need to pre-define of the number
of clusters. This technique separates clusters of high density from low density, and identifies areas in the
data that have a high density of observations. However, it is not efficient in separating clusters when
they have similar densities.
Some research (e.g. [5]) have used clustering algorithms to assist in identifying driving styles in the
intelligent transportation systems, however, they are usually considered in a static clustering framework.
In other words, the existing clustering approaches cannot recognise the dynamic and evolving driving
styles of drivers when the surrounding environments change.
Dynamic clustering (DC), which embraces clustering scenarios with dynamic features, dynamic data
objects and/or dynamic clusters has been proposed recently in different research areas (e.g. [17]). In this
type of clustering, each observation is not assigned to a single cluster label, but a sequence of labels that
change dynamically according to an evolving variable. Typically, the variable considered in the clustering
analysis can change with time such that clusters location and memberships will evolve over time, which is
similar to time series clustering. Time series clustering has been used in different fields including biology,
energy, finances and psychology to discover complex time evolving patterns [18]. For instance, [19] uses
DC with a Bayesian approach to find links between genes and stages of the cell cycle. It proposes a
structure in which not only the cluster membership can change over time, but also in which clusters can
split and merge over time.
In the area of intelligent transport systems, few research have been done along this direction. In this
paper, we propose a dynamic clustering based approach where clusters vary depending on the position
of vehicles. By embedding existing static clustering algorithms into the proposed dynamic clustering
framework, the proposed approach can naturally account for dynamic driving behaviours when drivers
face changing surrounding environments. It enables a better understanding of different driving pattern
switches and can also help understand more complicated driving patterns to improve the interpretability.
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3. Data
In this section, we first describe the selected dataset and the underlying rationale. Second, we give
details of the data processing in smoothing and cleaning the data.
3.1. Description of the dataset
In this paper we use the US-101 dataset from the Next Generation Simulation Program (NGSIM).
The vehicle trajectory data collected on the US 101 highway was registered on June 15th 2005. Eight
syncronized cameras placed on top of a nearby building recorded vehicles passing through the study area.
The study area consists of 640 metres of a five lane freeway illustrated in Figure 1. Note that lanes 6, 7
and 8 correspond to the auxiliary lane, the onramp and the offramp respectively. For lanes 1 to 5, the
lane numbering is incremented from the left-most lane.

Figure 1: US 101 Highway Diagram

The recording has a duration of 45 minutes, which is segmented into three periods, 15 minutes each.
Period 1 represents a transitional traffic in the build up to congestion. Periods 2 and 3 represent primarily
congested conditions.
3.2. Defining mandatory and discretionary lane changes
Lane changes are one of the most important factors in analysing driving behaviours and styles. Following [20], we separated lane changes into mandatory (MLC) and discretionary (DLC). In this study,
MLC are defined as any lane change action taken to get out of the on-ramp or to access the off-ramp.
More specifically, four types of MLC are defined in this paper, which can be found in Table 1. All other
lane changes are considered as DLC.
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Table 1: MLC Definition

Type of mandatory lane change
Going from on-ramp to auxiliary lane
Going from auxiliary lane to off-ramp
Going from auxiliary lane to rightmost lane when coming from the on-ramp
Any lane change to the right when the vehicle is attempting to access the off-ramp

3.3. Selecting on-ramp drivers
According to [21] which analyses driving behaviour at motorway ramps, in the surroundings of an onramp multiple manoeuvres are observed (e.g. changes in speed, changes in headway, lane changes). This
phenomenon is referred to as turbulence. When turbulence is present there is a broader range of possible
driving behaviours to observe than in less turbulent environments. Figure 2 shows the distribution of
mean velocity and mean space headway. Vehicles taking the on-ramp show a wider range of velocities
and space headways than other vehicles. Also, they show more discretionary lane changes than the rest:
the average number of DLC per driver is 0.8 for on-ramp vehicles vs 0.2 for the rest of the vehicles. For
this reason, in this paper we focus on drivers that take the onramp in order to identify different driving
styles.

(a) Mean Velocity

(b) Mean Space Headway

Figure 2: On-ramp Vehicles vs Other Vehicles.

3.4. Data Processing
3.4.1. Smoothing velocity and acceleration
As can be seen in the Figure 3, original velocity and acceleration variables have unrealistic distributions. This has also been reported in other research [22]. For an example vehicle, velocity over time (see
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Figure 3(a)) shows abrupt changes between different velocities instead of smooth transitions. In addition,
the acceleration (Figure 3(b)) varies between hard acceleration and hard deceleration several times per
second. These behaviours are improbable in real-world observations. Similar abnormal observations can
be found in the velocity distribution (Figure 3(c)) and acceleration distribution (Figure 3(d)). These
unrealistic distributions are suspected to be the result of data collection or data post-processing. For this
reason, an exponential moving average filter was applied over these two variables, using a span of 30 for
velocity and of 120 for acceleration. The resulting distribution of the variables after smoothing can be
found in Figure 3 (dashed lines).

(a) Velocity over time

(b) Acceleration over time

(c) Velocity Distribution

(d) Acceleration Distribution

Figure 3: Velocity and acceleration smoothing.

3.4.2. Cleaning the data from tracking software errors
Vehicle trajectories were transcribed from the video data using software that automatically detects and
tracks the vehicles. When analysing the dataset, some inconsistencies were detected on the trajectories
of certain vehicles, which were caused by errors of the tracking system. To deal with them two rules were
considered. First, we defined that lane changes can only happen between adjacent lanes (e.g. it cannot
skip a lane in one single time-step). All vehicles that present this type of unfeasible lane change were
7

removed from the dataset. Second, some vehicles also showed extremely short overtaking manoeuvres.
This is when a vehicle changes to the adjacent lane and then comes back to the original lane in an
extremely short time. In such situations, the actual lane change did not happen and the vehicle remained
in the original lane.

4. Methodology
In this section, we first present the system framework of our proposed dynamic clustering approach
for driving styles analysis. Second, technical details of each key component in the system are described.
4.1. System Framework
In this paper, we proposed a new dynamic-clustering based driving style analysis approach to capture
the evolving driving patterns in the dynamic driving environment and complex driving behaviours such as
driving styles switching behaviours. The methodological and system framework is illustrated in the Figure
4 which mainly consists of the dynamic clustering structure and the dynamic clustering implementation
and analysis.
More specifically, by defining the position-dependent dynamic cluster structure that provides fundamentals for the proposed dynamic clustering framework (subsection 4.2), clustering implementation was
conducted based on data up to each cutting point, which involves the clustering attributes selection,
clustering algorithms and evaluation metrics (subsections 4.3-4.5). The clustering results were analysed
and aggregated for the dynamic clustering clusters profiling and driving styles analysis (subsection 4.6).
4.2. Dynamic cluster structure
We use a dynamic clustering approach where the position of the vehicle varies over time. We define
four cutting points in this study (p=300m, p=400m, p=500m and p=600m where p represents the position
and m stands for meters). The selection of these cutting points follows from a visual and exploratory
analysis considering the geometry of the study area of the highway. For instance, the first cutting point
p=300m is selected to be slightly after the on-ramp, which is expected to observe different and some
extreme driving behaviours (e.g. multiple lane changes in a short time frame). The subsequent cutting
points are selected to capture potential dynamic changing driving behaviours over time. For each cutting
point we perform a separate cluster analysis using only the information available to that point. This
is done to capture the space-dependent structure of clusters and the evolving membership of drivers as
they move along the highway. In such a way, cluster memberships will evolve over time. This accounts
for the fact that driving styles vary according to environmental factors [10]. For example, a driver may
be labelled as impulsive in the first 300 metres, but then changes to a more cautious driver as he moves
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Figure 4: The system framework of proposed dynamic clustering for driving styles analysis.

along the road. The output of this dynamic clustering analysis is a cluster membership sequence for each
driver.
The notations for describing the dynamic clustering approach are given in the Table 2 and are used
throughout the paper. Note that in our dynamic approach a driver is not assigned to a single cluster
but a cluster sequence. In such a way, it accounts for both the cluster membership at a specific point of
the highway and also transitions between different driving styles, which helps find more complex driving
patterns.
4.3. Clustering attributes
The considered clustering attributes are specified in the Table 3. More specifically, we considered the
available information on velocity, acceleration and space headway with the preceding vehicle. We also
built four additional variables to identify different behaviours of drivers coming from the on-ramp: first,
we included the number of DLCs. Multiple DLC could be a sign of an aggressive driving style; second,
we considered the distance the driver uses the auxiliary lane when entering the highway. A driver who
uses the auxiliary lane for a safe distance is usually more cautious than a driver who jumps directly into
the first lane of the highway; third, we considered two variables to reflect how drivers move horizontally
(across lanes)- the difference between the most-right and the most-left lane the vehicle was in and the
time elapsed in performing such manoeuvres.
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Table 2: Notations for dynamic clustering

N

Total number of vehicles

J

Total number of features

Xip

J-vector of observed features for vehicle i until position p, so that the
total data is represented by X = {Xip |i = 1, ..., N, p = 300, 400, 500, 600}

ζ

Set of possible clusters sequences ζ = {S1 , ..., SM } where M is the number
of possible cluster sequences

Sm

Vector of cluster sequence, whose component Ck,p is the k-th dynamic
cluster of position p and ckp is the centroid of that cluster, m = 1, 2, ...M

Table 3: Variables Description

Column Name

Description

VehicleID_Period

Unique vehicle identifier

Period

15-min period the vehicle belongs to

Vel_Mean

Average of the instantaneous velocities of the vehicle in [km/h]

Vel_Var

Variance of the instantaneous velocities of the vehicle in [(km/h)2 ]

Acc_Mean

Average of the instantaneous accelerations of the vehicle in [m/s2 ]

Acc_Var

Variance of the instantaneous accelerations of the vehicle in [(m/s2 )2 ]

Space_Hw_Mean

Average of the space with the preceding vehicle in [m]

Space Hw_Var

Variance of the space with the preceding vehicle in [m2 ]

Discretionary_Lc

Total number of discretionary lane changes by the vehicle.

Distance_AuxLane

Distance the vehicle was in the auxiliary lane.

Max_LaneDiff

Number of lanes between the most-right and the most-left lane the vehicle was in.

Time_Max_LaneDiff

Time spent by the vehicle in getting from the most right-lane to the most-left lane.
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4.3.1. Percentile variables construction
As aforementioned, the original dataset is segmented into three periods, each with different traffic
conditions, going from lower to higher congestion. To account for such facts, the original clustering
attributes were transformed to percentile values. That is, for each original clustering variable, a percentile
variable was created representing the relative measurements of the vehicle to the rest of the vehicles in
the same period. For example, a vehicle in Period 1 that has a percentile variable of 0.20 for velocity is
a vehicle whose average velocity (Vel_Mean) is in the 20th percentile of the Vel_Mean distribution of
all vehicles in Period 1. These variables were created to have a measurement that is not sensitive to the
difference in traffic conditions. Also, using these variables that take values between 0 and 1 serves as a
normalisation of the data and could avoid larger scale variables being more influential in the clustering
analysis.
4.4. Clustering algorithms
We considered three clustering algorithms in this paper: k-means, spectral clustering and DBSCAN.
However, after an initial analysis, DBSCAN is eliminated due to the fact that the density of observations
is not heterogeneous enough for this algorithm to work properly. k-means is selected due to its simplicity
and good performance. In addition, we adopted k-means++ to improve the initialisation of cluster
centroids for k-means. Spectral clustering is considered to identify possible non-flat geometry clusters in
the data.
4.4.1. k-means
In order to better describe the k-means algorithm in the context of our problem, we simplify the
notations by relaxing the notation p, i.e. assuming a fixed position p. As a result, Ck,p becomes Ck , with
the centroid denoted as ck . |Ck | represents the number of observations in the k-th cluster. The feature
vector Xip becomes Xi , with xij being the jth feature value for vehicle i. X represents all the data
points/ observations at the position p. K represents the total number of clusters at the specific position
p.
Following [14], the k-means algorithm is described in algorithm 1. In addition, centroids initialization
in the step 1 in the algorithm 1 is enhanced using k-means++. Let D(Xi ) denote the shortest distance
from a data point to the closest cluster centre we have already chosen. The k-means++ is described in
the algorithm 2.
4.4.2. Spectral clustering
Spectral clustering has its roots in graph theory where the goal is to identify communities of nodes
in a graph based on the edges connecting them. When clustering, the graph nodes are the observations
and the edges are given by the affinity matrix, which expresses how similar a pair of data points is to
11

Algorithm 1 k-means clustering
1: Choose the initial cluster centers c = {c1 , ..., cK }
2:

For each k, set the cluster Ck to be the set of points in X that are closer to ck than to other cluster
centers

3:

For each k, update the cluster center ck to be the mean attribute vector of all observations in cluster
P
Ck : ck = |C1k | i∈Ck Xi

4:

Repeat steps 2 and 3 until cluster centers c no longer changes

Algorithm 2 k-means++
1: Select the first center c1 by choosing uniformly at random from X
2:

Select a new center ck by choosing Xi ∈ X with weighted probability distribution

3:

Repeat step 2 until we have chosen all K centers

2
P D(Xi )
2
D(X
i)
X ∈X
i

each other. We use the spectral clustering proposed in [15] in this study where algorithmic details can
be found in the above cited reference.
4.5. Evaluation
Clustering validation can be categorized into external and internal clustering validation [23]. Due to
the fact that the external clustering validation requires the ground truth information (e.g. class labels)
which is usually unavailable as in this study, internal clustering validation needs to be used for clustering
evaluation. In this paper, we consider two internal evaluation metrics: the Silhouette Coefficient (SC)
and the Davies-Bouldin Score (DB). These metrics simultaneously measure the cohesion of the objects
within clusters and the separation between clusters. To determine the optimal number of clusters we test
different values of K, from 2 to 15, and choose the value that optimizes the evaluation metrics.
4.5.1. Silhouette Coefficient
This coefficient is obtained by contrasting the average distance of objects within the same cluster with
the average distance to objects in other clusters. That is, clusters with high similarity within a cluster
and low similarity between clusters will have higher SC values.
The SC for the cluster configuration is obtained from the Individual Silhouette Coefficients (ISC).
The ISC of a data point Xi is denoted as sili and defined as follows:

sili =

b(Xi ) − a(Xi )
max {a(Xi ), b(Xi )}

(1)

where a(Xi ) is the average distance between point Xi and all other data within the same cluster and
b(Xi ) is the smallest average distance of Xi to the points in other clusters.
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The SC is then given by:
PK

P|Ck |

sili
|Ck |

i=1

k=1

SC =

K

(2)

where it takes values between -1 and 1. If the SC value is greater, the corresponding cluster configuration
is better.
4.5.2. Davies-Bouldin Score
To define the DB score, we first need the definitions of the average distance within cluster (W CDk )
and the ratio of the intra-cluster distances to the inter-cluster distances (Rkl ).
For a cluster k, we define its average distance within cluster as:
W CDk =

|Ck |
1 X
d(Xi , ck )
|Ck | i=1

(3)

Then, we define the ratio Rkl for a cluster k with respect to another cluster l as:
Rkl =

W CDk + W CDl
d(ck , cl )

(4)

where d() is the Euclidean distance function and ck and cl are the centroids of clusters k and l respectively.
For each cluster k, we define Rk as the maximum ratio (maxl Rkl ). Finally, DB is given by
DB =

K
1 X
Rk
K

(5)

k=1

where a lower value indicates a better clustering configuration.
4.6. Clusters profiling and analysis
In this paper, clusters are profiled using 4 variables: the mean of the velocity, the variance of the
velocity, the mean space headway and the number of discretionary lane changes. We use these variables to
characterize the clusters in terms of impulsivity, taking very cautious drivers on one end of the spectrum
and impulsive-aggressive drivers on the other. Although in general high velocity is considered as an
indicator of aggressive driving styles, we do not consider drivers with higher mean velocities as more
aggressive. This is because all the data are taken from periods of traffic congestion and exhibit relatively
low velocities. In particular,
• We consider drivers with a larger space headway to be more cautious than drivers that leave very
little space with their preceding vehicles.
• We consider drivers that conduct more discretionary lane changes to be more impulsive.
• We consider drivers show a high variance in the velocity to be more impulsive and unpredictable
than others.
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Based on the clusters profiling at each cutting point and final clustering results, dynamic driving
patterns can be captured between different cutting points. In addition, more complex driving behaviours
such as driving styles switches along different cutting points can be identified.

5. Results
In this section, we first choose the optimal number of clusters for each cutting point and select the
clustering algorithm. Secondly, the dynamic clustering results are presented. Finally, driving styles
switching behaviours are discussed.
5.1. Selecting clustering algorithm
We choose the optimal number of clusters for each cutting point based on SC and DB, testing different
values of K ranging from 2 to 15.
5.1.1. Cutting point p=300m
For the cutting point p = 300m, the relationship between the number of clusters and the evaluation
metrics is presented in the Figure 5. When analysing SC and DB for k-means, we conclude that in both
cases the optimal K is 13 where SC reaches its maximum and DB at its minimum. Similarly, for spectral
clustering, an optimal K of 12 is selected. However, for the final clustering we choose to use k-means
with K=13 as it shows better performance in terms of validity indexes with a SC of 0.238 and a DB of
1.290.
5.1.2. Cutting point p=400m
For this cutting point, the influence of the cluster number on the evaluation metrics is illustrated in
the Figure 6. When analysing SC and DB for k-means, we conclude that the optimal K is 7. For spectral
clustering, it suggests an optimal K of 6. For the final clustering we choose k-means with K=7 as it
shows the best validity indexes, with a SC of 0.211 and a DB of 1.418.
5.1.3. Cutting point p=500m
The influence of the cluster number on the evaluation metrics is illustrated in the Figure 7. For this
cutting point, we conclude that the optimal K is 3 for k-means clustering where SC reaches its maximum
and DB at its minimum. For spectral clustering, the optimal K is also determined to be 3. For the final
clustering, we select k-means with K=3, obtaining a SC of 0.250 and a DB of 1.456.
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(a) SC (K-means)

(b) DB index ( K-means)

(c) SC (Spectral clustering)

(d) DB index (Spectral clustering)

Figure 5: The relationship between the number of clusters and evaluation metrics at cutting point p = 300m.

5.1.4. Cutting point p=600m
For the cutting point p = 600m, Figure 8 illustrates the influence of the number of clusters on
the evaluation metrics. When analysing SC for k-means, we conclude that the optimal K is 2 where
SC reaches its maximum. However, DB shows an erratic behaviour with no clear trend. For spectral
clustering, the optimal K is also determined to be 2. Since the SC of k-means is higher than spectral
clustering and the DB of k-means is lower than spectral clustering at K = 2, we select k-means with
K=2, obtaining a SC of 0.229 and a DB of 1.702.
5.2. Dynamic clustering results
Table 4 shows the summary statistics for clusters at different cutting points. For each cluster, the
mean velocity, the variance of velocity, the mean space headway and the average number of DLC are
shown. In brackets there are the standard errors of these statistics. In general, for the first a few clusters
one can observe more cautious driving styles with larger space headway, few lane changes and a low
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(a) SC (K-means)

(b) DB index ( K-means)

(c) SC (Spectral clustering)

(d) DB index (Spectral clustering)

Figure 6: The relationship between the number of clusters and evaluation metrics at cutting point p = 400m.

variance in velocity. For the last a few clusters, we can identify more impulsive driving styles with higher
velocity variances and more lane changes.
To better understand the lane change dynamics, Figure 9 presents trajectories of vehicles in each
cluster at different cutting points where the axes represent space coordinates of the highway. The shaded
area in each subfigure represents the section considered in the clustering according to different cutting
points. Lanes are termed from 1, the leftmost lane (fastest lane), to 5, the rightmost lane (slowest lane).
Lane 6 is the auxiliary lane that comes immediately after the on-ramp.
Specifically, for the cutting point p = 300m, clusters C1,300 to C4,300 do not have many discretionary
lane changes (DLC) compared with other clusters. Instead, Clusters C10,300 to C13,300 show much more
discretionary lane change behaviour (see Figures 4 (j)-(m)). Other clusters such as C5,300 , show a high
amount of lane changes but are considered less impulsive. This is because they have larger headway
spaces and drive at a more constant velocity.
For p = 400m, clusters C1,400 and C4,400 both show fewer lane changes. However, C4,400 is less cautious
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(a) SC (K-means)

(b) DB index ( K-means)

(c) SC (Spectral clustering)

(d) DB index (Spectral clustering)

Figure 7: The relationship between the number of clusters and evaluation metrics at cutting point p = 500m.

because it has the smallest space headway. Cluster C7,400 is considered to be the most aggressive with
the most lane changes, a high variance in the velocity and a small space headway.
For p = 500m, we identify three driving styles. Cluster C1,500 is the most cautious profile, which
shows a large space headway and fewer discretionary lane changes, and low velocity variance. Cluster
C2,500 is considered to be the moderate driving style. Compared with cluster C1,500 , it has more lane
changes and higher velocity variance. Cluster C3,500 is considered to be impulsive with very high velocity
variance, small headway space and more lane changes.
Finally, for p = 600m, drivers are classified into two groups: a larger group of cautious-to-moderate
drivers and a smaller group of impulsive-aggressive drivers. Having a look at the vehicle trajectories, we
can find all extreme lane changes (some drivers move from the auxiliary lane to lane 1 in less than 500)
occur in the cluster 2.
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(a) SC (K-means)

(b) DB index ( K-means)

(c) SC (Spectral clustering)

(d) DB index (Spectral clustering)

Figure 8: The relationship between the number of clusters and evaluation metrics at cutting point p = 600m.

5.3. Driving Styles Switches
With the above different cutting points, we found a total of 25 static clusters (13, 7, 3 and 2 clusters
for each cutting point p respectively) and a set of 136 cluster sequences (ζ) based on the dataset studied.
Note that the set of all possible sequences to which vehicles may be assigned could change (e.g. up to
546 = 13 × 7 × 3 × 2 sequences given the above static clusters) depending on the dataset chosen. In other
words, there are no transition links between some clusters across different cutting points identified in this
case study. For instance, cluster 6 at the cutting point p=400 meters does not have transition links with
clusters 1 and 2 at the cutting point p=500 meters. Using the proposed dynamic clustering approach, it
allows us to find more complex driving patterns as it accounts for not only the cluster membership at a
specific point of the highway but also the transitions between different driving styles. To better illustrate
that, Figure 10 shows all transitions between clusters. We can see that as p changes, some interesting
patterns can be visually identified. For instance, we can find some transitions are more likely to occur
than others. As an example, a driver of cluster C3,400 is more likely to change to C1,500 or C2,500 than to
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(a) Cluster C1,300

(b) Cluster C2,300

(c) ClusterC3,300

(d) Cluster C4,300

(e) Cluster C5,300

(f) ClusterC6,300

(g) ClusterC7,300

(h) Cluster C8,300

(i) ClusterC9,300

(j) ClusterC10,300

(k) ClusterC11,300

(l) Cluster C12,300
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(m) ClusterC13,300

(n) ClusterC1,400

(o) ClusterC2,400

Figure 9: Vehicle trajectories by cluster at different cutting points for lane change dynamics understanding. Ck,p represents
k-th cluster of cutting point position p and disperse trajectories indicate more lane changes in that cluster.

(p) ClusterC3,400

(q) ClusterC4,400

(r) ClusterC5,400

(s) ClusterC6,400

(t) ClusterC7,400

(u) ClusterC1,500

(v) ClusterC2,500

(w) ClusterC3,500

(x) ClusterC1,600

(y) ClusterC2,600
Figure 9:

Vehicle trajectories (continued) by cluster at different cutting points for lane change dynamics understanding.

Ck,p represents k-th cluster of cutting point position p and disperse trajectories indicate more lane changes in that cluster.
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Figure 10: Clusters transitions and driving styles switches.

C3,500 . In addition, we also find that transitions from highly cautious driving styles to highly aggressive
ones are less likely than transitions from e.g. cautious to moderate driving styles.
As can be seen from the above, when we include more information on the flat section of the highway
(i.e. with greater cutting points), the optimal number of clusters decreases and driving styles converge
into more general driving behaviours. This could imply that drivers change their driving styles depending
on surrounding driving environment. On the other hand, the fact that different number of clusters are
found by varying p implies in certain situations some defining characteristics are unobservable from the
data. Therefore, a dynamic clustering based approach, which can capture dynamic driving patterns,
becomes more important and necessary.

5.4. Further Results and Discussion
In this subsection, we include further results based on Fuzzy C-means. Different from K-means and
spectral clustering, Fuzzy C-means is a soft clustering algorithm where each observation can belong to
multiple clusters with corresponding membership coefficients [24]. Such a clustering algorithm has been
used in existing intelligent vehicles studies e.g. [25]. To allow for a direct comparison with other clustering
algorithms based on the evaluation metrics considered in the subsection 4.5, we made a modification for
the clustering evaluation of Fuzzy C-means by assigning each observation to the cluster with the maximum
membership coefficient [26]. As such, SC and DB index can be computed for the Fuzzy C-means. We
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follow the same experimental process as in the subsection 5.1 to investigate the influence of the number
of clusters on the evaluation metrics for Fuzzy C-means where the results can be found in the Figure 11.
For cutting point p = 300m, the results show that the optimal cluster number based on Fuzzy C-means
is either 2 or 3, which is very different from those found by K-means (K=13) and spectral clustering
(K= 12). By comparing the SC and DB index corresponding to optimal cluster numbers, it is noted that
K-means and spectral clustering achieve better clustering performance. Similar findings apply for the
cutting point p = 400m. For the cutting point p = 500m, both SC and DB index determine the optimal
number of cluster to be 3, which aligns with the conclusion of K-means and spectral clustering. For the
cutting point p = 600m, SC indicates the optimal number of clusters is two whereas the DB index gives
a much different choice (K= 15). The inconsistency of evaluation metrics for this cutting point is also
observed in the results of K-means clustering and spectral clustering.
Although it is preferable to have more datasets under different situations (e.g. rainy days or night
time) to investigate the adaptability of the proposed approach, despite an extensive search we believe such
datasets are either not publicly available or simply do not exist. This might be explained by the current
data collection practice for intelligent vehicles research which generally falls into two categories: on-board
data collection via e.g. sensors, GPS on the vehicle; data collection through external sensors e.g. cameras
mounted on the building near the study area. For the former, it is time consuming and expensive, often
resulting into small-scale and private data. For the latter, it usually needs extensive post-processing to
transform the data e.g. from videos to numerical data. As such, external conditions such as weather
will significantly affect the data accuracy and therefore often limit such data collection activities to some
particular conditions (e.g. sunny/ daytime) [27]. To mitigate the lack of public datasets under particular
situations, a hybrid approach combining real world vehicle trajectory data and simulation data could
be developed. Moreover, with the increasing development and deployment of intelligent and connected
vehicles, such vehicle trajectory data should be much easier to obtain in the future. Motivated by the
above analysis, in the future we plan to conduct a dedicated, systematic and comparative experimental
and simulation study by including more benchmarking clustering algorithms and more (and different
types of) datasets.
6. Conclusions
In this paper, we propose a dynamic clustering based approach for driving styles identification. We first
define the dynamic cluster structure where a cluster sequence rather than a single cluster is used. Second,
we consider different cluster algorithms to conduct the clustering by using different cutting points. The
proposed dynamic clustering approach, which has the capability to capture dynamic driving behaviours
and identify which driving style transitions are more likely to happen given different surrounding environments, is evaluated based on a real world dataset. The proposed approach is particularly important
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in the context of mixed driving environment consisting of human driven vehicles and autonomous/selfdriving vehicles. More specifically, from the perspective of autonomous/self-driving vehicles, the proposed
approach will enable the dynamic assessment of driving behaviours of surrounding vehicles (especially
the human driven vehicles) to improve the performance of autonomous/self-driving systems. From the
perspective of human driven vehicles, the proposed approach embedded with the on-board driving assistance system will provide enhanced driving safety by better understanding the surrounding environment.
One potential further work is to use the sequences of clusters to determine the probabilities of adopting
particular driving styles given the current and past cluster memberships, which can be combined with
relevant decision making methods (e.g. game-theoretic methods [28]) in order to make better decisions
for intelligent vehicles based on the perception of surrounding vehicles.
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Figure 11: The relationship between the number of clusters and evaluation metrics for Fuzzy C-means at different cutting
points p.

