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Analyzing driving style is useful for developing intelligent vehicles. Previous studies usually consider the statistical features (e.g.,
the means and standard deviations of brake pressure) of the measured driving data or manually define the number of patterns
divided by behavior semantics to characterize driving styles. In this paper, we propose a driving style analysis to describe the
personalized driving styles from time-series driving data without specifying the levels in advance but by estimating them from the
data. First, range, range rate, and acceleration are selected as three feature variables to describe car-following scenarios. -en, the
car-following data are normalized to reduce the scale influence of different variables on the segmentation results. -e hidden
Markov model (HMM) and the finite mixture of the hidden Markov model (MHMM) are adopted to extract behavior semantics.
Compared with the HMM, theMHMM can identify the heterogeneity of data and then provide more reasonable primitive driving
patterns. Based on the results, this study uses the K-means clustering to label all the driving patterns semantically and identifies a
total of 75 different driving patterns. We use the normalized frequency distributions to describe personalized driving behavior
characteristics, and similarity evaluations of driving styles are applied using the Kolmogorov–Smirnov test. -e proposed
approach in this paper is useful for exploring the characteristics of driving habits.

1. Introduction

-e human factor plays an important role in affecting traffic
safety, and about 80% of traffic accidents are mainly caused
by human factors [1]. -e human factors include psychol-
ogy, physiology, and driving styles [2]. Driving styles are
habitual manipulation behaviors of drivers [3], which also
influence the traffic flow. In addition, driving styles are
closely related to fuel economy [4, 5], ride comfort [6], and
the risk of the vehicle [7, 8]. Some researchers focus on
distinguishing and classifying driving styles. Most studies
generally divided drivers into several categories based on the
statistical metrics of vehicle operation data. For example,
Murphey et al. [9] applied an online style classification
system to analyze the rate of change of acceleration and
deceleration and then classified the drivers into three cat-
egories: calm, normal, and aggressive. Meanwhile, Xu et al.
[10] selected the steering wheel position to describe the
variability of driving styles and built a driving style analysis
model by improving neural networks. Traditional studies

often simply classify all driver styles into several classes,
which may neglect the potential heterogeneous character-
istics of driving behaviors. -erefore, it is important to
conduct a detailed analysis of personalized driving style.
Personalized driving style analysis can obtain the charac-
teristics of drivers’ driving habits and help drivers clearly
understand the risks of their driving behaviors so that they
can be targeted to improve driving behaviors. Meanwhile,
personalized driving style analysis is also a core research
component of the personification development of intelligent
driving technology.

To obtain a personalized driving model, substantial
studies focus on statistical indicators of driving data (e.g., the
means and standard deviations of brake pressure and
throttle position). Shi et al. [11] used the naturalistic driving
data to train the parameters of radial basis function and
obtained a personalized driver model by using the locally
designed neural network and the real-world vehicle test data.
Wang et al. [12] proposed a driving style recognition method
based on conditional kernel density function and Euclidean
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distance, which divided driving styles into seven classes from
normal to aggressive, and the driving style of a driver at each
moment can be inferred according to probability values.
-ese studies adopt statistical indicators of driving data to
describe driving styles, which can easily capture the static
driving habits but cannot obtain the dynamic driving de-
cision-making process.

Grouping driving behaviors into simple primitive
driving patterns can improve the precision of personalized
driving style analysis. Nilsson et al. [13] presented a low-
complexity lane-change maneuver algorithm to calculate
and determine if, when, and how to perform lane-change
maneuvers. Many studies define driving behavior semantics
based on predefined templates. For example, Taylor et al.
[14] used a dynamic time warping model to estimate the
parameters of the car-following model and then described
the heterogeneity of driving styles. Meanwhile, some studies
defined the driving behavior semantics by the changes in
indicators (e.g., standard deviation) or derived signals (e.g.,
hidden states of hidden Markov models). Agamennoni et al.
[15] proposed a method for automatically finding the
boundaries between driving sequences, inferred the pa-
rameters of a multivariate linear driving model based on the
maximum likelihood, and segmented driving behavior se-
quences using sticky hierarchical Dirichlet process HMMs.
We introduce a specific mixture of HMM to analyze time-
series data. It avoids the traditional behavioral semantic
segmentation method and provides a better characterization
of levels for the analysis of these data while adapting to the
population. In addition, the use of several HMMs makes it
take into account dependency over time and thus improves
the traditional method based on cutoff points [16].

-e rest of this paper is organized as follows: the second
section introduces the hidden Markov model and the finite
mixture of the hidden Markov model. In Section 3, the data
description and preliminary data analysis are introduced.
Section 4 illustrates the results of behavioral semantic seg-
mentation and personalized driving style analysis. Finally,
Section 5 provides conclusions and future work for this
research.

2. Methodology

2.1. HMM Model. -e hidden Markov model (HMM) is a
dual stochastic process, and the state process is hidden. In
general, the observation sequence is used to determine the
unobservable state sequence [17].

As shown in Figure 1, node xi is the hidden state of the
observation and node yj is the observation. aij is the state
transition matrix of the hidden states; bij is the probability
distribution between the state sequence and the observation
sequence. -e HMM model usually satisfies the following
three requirements. First, the number of states in the HMM
model is limited. Second, the hidden states evolve dynam-
ically according to the state transition matrix. -ird, the
observation sequence only depends on the state sequence.

-e initial state probability vector, the state transition
probability matrix, and the observation probability matrix
can be described as follows:

π � π1, π2, . . . , πn( ,

A � aij 
n×n

,

B � bij 
m×n

,

(1)

where π is the initial state probability vector, aij (1≤ i, j≤ n)

is the probability of state i which changes to state j; bij

(1≤ i≤m, 1≤ j≤ n) is the observation probability at the time
t; n is the number of hidden states; m is the number of all
possible values of the observed variable.

An HMM model is generally defined by the notation
λ � [A, B, π]. -e observation probability matrix B is the
most important since it directly contributes to the observed
states [18]. For this paper, the most important parts are
computing the observation probability matrix and extracting
the valid semantics, which can help segment drivers’ be-
havior semantics in the car-following scene.

2.2. MHMM Model. For the driving behavior data ana-
lyzed in this study, the observation sequence is successive
and contains a large amount of data. To address this issue,
the finite mixture of hidden Markov model (MHMM)
allows the heterogeneity of the population to be taken into
account. And the probability of making an error in the
partition estimation exponentially decreases with time,
when the model parameters are known. -e MHMM
model is a combination of the hidden Markov model and
the finite mixture model. Compared with other clustering
methods, the finite mixture model (FMM) has the ad-
vantage that hidden groups in the data can be analyzed
[19]. To split the data with different characteristics, the
FMM model clusters the data into multiple homogeneous
subdatasets. Meanwhile, each subdataset has its charac-
teristic parameters and distribution type, which is espe-
cially suitable for continuous data analyzed in this paper.
A FMM model with K subgroups is defined in the fol-
lowing equation:
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Figure 1: A graphical model of HMM.
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h(y | x,φ) � 
K

k�1
δkf y | x, πk( , (2)

where x is the independent variable in a vector form; y is the
dependent variable; h is the conditional density; δk is the
mixing ratio which depends on the number of groups; φ �

(δ1, . . . , δK, π1, . . . , πK) are all parameters in the vector
form. If f is a member of the exponential families, as shown
in Equation (2), we can combine the FMM model with the
HMM Model to eventually obtain a MHMM model. -e
maximum likelihood estimation approach is adopted in this
study to estimate the parameters of the MHMM model.

3. Data Description

3.1. Data Source. All car-following data in this study are
from the Safety Pilot Model Deployment (SPMD) database.
In 2012–2014, SPMD recorded driving behavior data from
thousands of equipment vehicles in the USA. Equipment on
the vehicle includes a real-time data collection system and
electronic eye, and the data were all collected at a frequency
of 10Hz. -is database can continuously observe driving
behaviors over some time. -e observation equipment is
hidden from drivers, which can avoid disturbing their be-
haviors [20].

3.2. Data Extraction and Preprocess. On the one hand, a
single variable does not characterize the driver’s personal-
ized driving style well. On the other hand, the number of
variables should not be too large, which will lead to a
complicated model with redundant information [21]. -e
variables selected from car-following events are demon-
strated in [22], including the subject vehicle acceleration ax;
the relative range between subject and lead vehicles d,
d � x2 − x1, and the relative range rate v, v � v2 − v1.

For the frame dropping in the data, if the missing du-
ration with the same lead vehicle is less than 1 second, we use
linear interpolation to impute the missing data. -e con-
ditions for extracting the car-following events are as follows:
(1) the same lane; (2) the relative range <120m (the car-
following events ended when the relative range less than
5m); (3) the subject vehicle speed >18 km/h; (4) no over-
taking; (5) the duration >50 s [23].

3.3. Variable Segmentation and 2reshold Selection. In the
process of training and testing a model, to avoid the value
scale impact of the three feature variables on the behavioral
semantic segmentation results [24], we normalized the
feature variables in terms of drivers so that the mean was 0
and the standard deviation was 1. -en, we used the HMM
model and the MHMM model presented in this section to
segment drivers’ behavior semantics in the car-following
scenario, thus analyzing the personalized car-following
behavior characteristics further.

According to the physiological and psychological per-
ception thresholds of drivers, all characteristic variables are
divided into different levels to facilitate the semantic

interpretation of the primitive driving patterns. In this way,
the same driving behavior semantics extracted from dif-
ferent drivers can characterize the same driving patterns.

Based on the quantile characteristics of feature variables
and the driver’s comfortable thresholds, the relative dis-
tances are classified into three classes [25]: LD,ND,CD{ },
and the relative speeds and accelerations are classified into
five classes [26] RFB, FB,KE,CI,RCI{ } and
AA,GA,NA,GD,AD{ }, respectively. More specifically, in
order to clearly make a semantic explanation for primitive
driving patterns, we classify each variable into different
levels based on drivers’ physical and psychological per-
ception thresholds corresponding to their statistical feature.
-e variable segmentation is shown in Table 1.

4. Modeling Result Analysis

4.1. Segmentation Results and Comparisons. -e behavioral
semantic segmentation results are obtained based on the
hidden state sequences of HMM and MHMM. Consid-
ering the length limitation of the paper, we only show the
segmentation results from the representative trajectory of
driver #1, as shown in Figure 2. -e horizontal coordinate
shows the time in 0.1 s, the background color blocks are
the extracted driving behavior sequence units, and each
color represents a different type of driving behavior se-
mantics. -en, we make a further discussion and analysis
on the segmentation results of different models as
follows:

Figure 2 shows an example of the segmentation results
using these twomethods. As seen in Figure 2, it can be found
that HMM can divide the driving data into different be-
havioral semantic units according to the data distribution
characteristics, but this model is too sensitive to data fluc-
tuation, which leads to many behavioral semantic units with
a duration of less than 1.0 s, for example, at time 5.9 s, 26.2 s,
26.5 s, 45.2 s, 49.2 s, and 53.9 s with durations of 0.1 s, 0.3 s,
0.5 s, 0.5 s, 0.5 s, 0.4 s, and 0.1 s, respectively. -ese do not
correspond to the real driving conditions. Drivers hardly
adjust the driving maneuvers in such a short time (e.g.,
accelerating for 0.2 s and then taking the brake) [27].

-e MHMMmodel can also divide the driving data into
different behavioral semantic patterns. -e behavioral se-
mantic segmentation results can accurately extract effective
behavioral semantic sequences based on the data distribu-
tion characteristics. At the same time, the MHMM model
can effectively avoid the effect of random noise in data,
resulting in very short behavioral semantic segments (i.e.,
durations are less than 1.0 s). It shows that the MHMM
model not only divides time-series driving data into seg-
ments but also keeps the behavioral semantic pattern within
a reasonable duration. -erefore, in the next section, the
personalized driving styles are interpreted based on the
MHMM results.

4.2. Labeling Behavior Semantics. In this paper, MHMM is
used to segment the driving behavior semantics in terms
of car-following events. Different car-following events
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demonstrate distinct conditions. -us, it is expected that
different driving behavior semantics characterized by the
same states may be extracted from multiple drivers.
-erefore, we refer to behavior semantics defined in Ta-
ble 1 and label them, which are based on the driving
behavior semantic segmentation results of MHMM and
the mean value of feature variables in each behavior se-
mantic segment. To describe the semantic features con-
cisely and capture the dynamic change regularity of
behavior semantics, we use the following abbreviations to
label the semantic category labels:
SΔv ∈ RCI,CI,KE, FB,RFB{ }, Sax

∈ AA,GA,NA,GD,AD{ },
SΔ d ∈ LD,ND,CD{ }, where SΔ d, SΔv, and Sax

denote the
semantic labels of relative range, relative range rate, and
acceleration, respectively, and the meaning and value
range of each label are the same as shown in Table 1.

Based on the results of MHMM, some car-following
driving patterns are easily labeled with behavior semantics,
while some others are not. To clearly label the states, we find
common characteristics in the car-following driving pat-
terns and then cluster the data of each segment into a single
point, which can represent this car-following driving pat-
tern. We choose the K-means clustering method to cluster
the driving data, which is widely used [28–30]. As one of the
methods to analyze and extract feature parameters from a
large amount of raw data, clustering methods aim to classify
the data objectively and stably. In this case, objective means
that we can obtain the same results in each set of driving data
by using the same methods. Stable means that the classifi-
cation process remains constant across various drivers.

Based on the behavioral semantic segmentation results
of the car-following event in Figure 2, Table 2 shows central
values of the K-means clustering results for driver #1 and
standard deviations of three variables for each segment.
According to the clustering results, the labels of each se-
mantic segment can be labeled. -e results in Table 2
further demonstrate the advantages of MHMM; the rea-
sons are as follows: (1) the standard deviation of each car-
following segment is relatively small; (2) feature variables of
the same behavioral semantic category take values close to
each other; (3) there are significant differences in the values
of feature variables taken by different behavioral semantic
categories.

4.3. Normalized Frequency Distribution of Driving Style.
To analyze personalized driving styles, we interpret the
driving behavior semantics as a driver unit. In this way, we
can not only establish the mapping relation between the car-
following driving states and driving patterns but also obtain
the results of driver’s behavior preference and the transform
rules of driving patterns by aggregate analysis.

In this paper, we describe personalized driving behavior
characteristics by using the normalized frequency distri-
bution of driving behavior semantics, which is different from
traditional statistical indicators such as the mean and
standard deviation of feature variables, and normalized
frequency distribution can help us intuitively analyze driving
styles. Based on the labels of relative range, the semantic
segments are divided into three datasets LD,ND,CD{ } and
then compute the normalized probability of each distance
pattern. And the normalized probability of each distance
pattern is computed by the following equation:

p
(m)
■,∗ �

n
(m)
■,∗

■n
(m)
■,∗

,

■ � SΔv, SΔa ,

∗ � SΔ d,

(3)

where ∗ is the relative distance labels LD,ND,CD{ }; ■ is the
combination of 5 relative range rate labels and 5 acceleration
labels, a total of 25 types; n

(m)
■,∗ is the number of points in one

label, where the semantic label is ■ and the relative distance
label is ∗ ; p

(m)
■,∗ is the normalized probability of driving

behavior semantics, where the semantic label is ■and the
relative distance label is ∗ . -e sum of the normalized
probability f

(m)
■,∗ of driving behavior semantic is equal to 1 in

each driver.
Table 3 shows the normalized frequency distribution of

driving behavior semantics for driver #1. -e meaning of
semantic labels is provided in Table 1. As shown in Table 3,
we can find that the trend of relative range changes has a
clear impact on driving patterns. When the relative range
rapidly increases, drivers prefer to accelerate, and the fre-
quency of acceleration is higher than deceleration; when the
relative range rapidly decreases, drivers prefer to decelerate,
and the frequency of deceleration is higher than acceleration.

Table 1: Variable segmentation of feature variables.

Variable Variable state -reshold

Relative range (m)
Long distance (LD) >59.33

Normal distance (ND) (27.04, 59.33]
Close distance (CD) (5, 27.04]

Relative range rate (m/s)

Rapidly closing in (RCI) <−1.3
Closing in (CI) [−1.3, −0.2)
Keeping (KE) [−0.2, 0.2)

Falling behind (FB) [0.2, 1.0]
Rapidly falling behind (RFB) >1.0

Acceleration (m/s2)

Aggressive acceleration (AA) >0.19
Gentle acceleration (GA) (0.0522, 0.19]
No acceleration (NA) (−0.0642, 0.0522]

Gentle deceleration (GD) [−0.2, −0.0642]
Aggressive deceleration (AD) <−0.2

4 Journal of Advanced Transportation



Table 2: K-means centers of driver #1.

Label Range Speed Accel SD rangea SD speedb SD accelc

ND-CI-AD 29.80185 −0.26538 −0.22313 0.15853 0.19988 0.15684
ND-KE-AA 29.52291 −0.10909 0.25414 0.09957 0.18234 0.15768
ND-CI-NA 28.78316 −0.51579 0.04505 0.15799 0.03746 0.17498
ND-CI-GA 28.20534 −0.63333 0.16375 0.18831 0.13707 0.13919
CD-CI-GD 26.56686 −0.62857 −0.18614 0.19853 0.12044 0.19391
CD-CI-NA 25.18637 −0.50556 0.03352 0.51508 0.09599 0.16900
CD-CI-GD 24.45029 −0.40000 −0.18060 0.18381 0.09608 0.21643
CD-KE-GD 22.61867 0.01111 −0.18276 0.16289 0.09634 0.24673
CD-KE-GA 22.47040 0.02667 0.07677 0.03245 0.07037 0.20655
CD-CI-NA 21.21973 −0.38500 0.01663 0.61539 0.06846 0.20971
CD-KE-AD 19.98133 −0.10833 −0.21778 0.03188 0.09003 0.18506
CD-FB-NA 21.05853 0.41053 −0.02336 0.99289 0.14292 0.16675
CD-FB-AA 25.50710 0.54194 0.24808 1.25977 0.16078 0.20842
CD-KE-AA 23.78611 −0.04474 0.26866 1.14383 0.14832 0.15873
CD-KE-AD 22.94667 −0.10000 −0.29215 0.02881 0.15374 0.10402
SD rangea denotes the standard deviation of relative range. SD speedb denotes the standard deviation of relative range rate. SD accelc denotes the standard
deviation of acceleration.

100 200 300 400 500 600 700 800 900 1000 1100 1200 1300 1400 1500 1600 1700 1800
Time t [0.1 s]

(a)

100 200 300 400 500 600 700 800 900 1000
Time t [0.1 s]

1100 1200 1300 1400 1500 1600 1700 1800

(b)

Figure 2: Example of segmentation results of one event for driver #1 using two different models: from top to bottom are HMM (a), MHMM (b).

Table 3: Normalized frequency distributions of driving patterns for driver #1.

Label RFB FB KE CI RCI

Close distance

AA 0.00532 0.00159 0.01302 0.00391 0.00000
GA 0.00000 0.01504 0.00104 0.01718 0.00000
NA 0.00000 0.00838 0.00055 0.01369 0.00000
GD 0.00073 0.00293 0.00819 0.00703 0.00141
AD 0.00165 0.00336 0.00709 0.03711 0.00538

Normal distance

AA 0.00917 0.04322 0.00624 0.01217 0.00214
GA 0.02256 0.11432 0.05575 0.03888 0.02146
NA 0.01198 0.09158 0.05184 0.08332 0.00403
GD 0.00226 0.01553 0.02237 0.02335 0.00960
AD 0.01192 0.00844 0.00520 0.07244 0.02506

Long distance

AA 0.00098 0.00000 0.01761 0.00422 0.00000
GA 0.00153 0.00006 0.00006 0.00281 0.00391
NA 0.00196 0.00098 0.01296 0.02189 0.00153
GD 0.00073 0.00006 0.00000 0.00507 0.00000
AD 0.00043 0.00000 0.00141 0.00238 0.00000
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For example, when following a lead vehicle at a normal
distance, driver #1 prefers to take a gentle acceleration
operation and falls behind (ND-FB-GA), as shown in Ta-
ble 3. -e same is for other situations (long distance and
close distance), which indicates that the dynamic changes of
relative distance have a direct effect on the driver.

4.4. Similarity Evaluation of Driving Style. Similarity eval-
uation of driving style plays an important role in person-
alized driving style analysis. To reduce the difficulty of the
personalized customization on the driving assistance system,
we need to compute the similarity of different driving styles
reasonably and allow the drivers with similar driving styles
to share one class of the driving assistance pattern. However,
the randomness and dynamic of driving styles are chal-
lenging for similarity evaluation. Furthermore, driving be-
havior is usually a highly nonlinear process; thus, it is not
easy to directly evaluate the similarity between two drivers
with continuous observation sequences. -e common ap-
proaches can calculate statistical indicators directly [31], but
they cannot evaluate the similarity of driving styles in terms
of randomness and dynamic. -erefore, we use the Kol-
mogorov–Smirnov (KS) test [32, 33] to compute the simi-
larity of two drivers in driving styles and illustrate the
differences between drivers. -e steps of the KS test are as
follows:

Step 1. Assume that X1, . . . , Xn and Y1, . . . , Ym are
independent identically distributed samples from the
population distribution function, F(x) and G(x), re-
spectively, and all the samples are independent.
Step 2. -e null and alternative hypotheses are defined
as follows:

H0: F(x) � G(x), ∀x ∈ (−∞, +∞),

H1: F(x)≠G(x), ∃x ∈ (−∞, +∞).
(4)

Step 3. Construct test statistics: -e empirical distri-
bution functions of X and Y are SX(x) and SY(y),
respectively. Since the empirical distribution function
of the sample is a good estimate of the population
distribution, |SX(x) − SY(y)| should be small or tend to
0 for each value of x when the null hypothesis H0 is well
established as the test statistic is computed by

T � sup SX(x) − SY(y).


 (5)

We can compare the difference between F(x) and
G(x), and the rejection region is T≥ c{ }.
Step 4. Set the significance level and determine the
rejection region. -e distribution of T can be divided
into three cases: small samples with unequal capacities,
small samples with equal capacities, and large samples.

36
35
34
33
32
31
30
29
28
27
26
25
24
23
22
21
20
19

17dr
iv

er

driver

18

16
15
14
13
12
11
10

9
8
7
6
5
4
3
2
1

36353433323130292827262524232221201917 1816151413121110987654321

0.8
0.6
0.4
0.2
0.0

KS

Figure 3: KS test between two normalized distributions of driving patterns among all drivers.
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In the first two cases of small samples, the critical value
of the test can be obtained by Table 1. In the case of
large samples, according to the sample sizes m and n
and the significance level α, the quantile T1−α can be
obtained by

T1−α � λ
�����
m + n

mn



, (6)

where λ is the coefficient related to α, normally α is 0.05
or 0.01, the corresponding λ is 1.32 or 1.63, and the
rejection region of test is W � T≥T1−α .
Step 5. Calculate the value of the statistic T. On the one
hand, if T≥T1−α, we can indicate that the sample data
X1, . . . , Xn and Y1, . . . , Ym come from different pop-
ulation distributions, and a significant difference can be
found between X and Y. On the other hand, if T<T1−α,
we have no idea to reject the null hypothesis, which
means that the two population distributions are the
same.

A heat map presents the KS test between two normalized
distributions of driving patterns among all drivers, as shown
in Figure 3. -e red color represents a huge difference
between the driving styles of the two drivers, and purple
means that the two drivers are quite similar to each other. By
the way, the values of the statistic T are equal to 0, which are
drawn with dark purple color.

From Figure 3, on the one hand, we know that the
occurrence probability of behavior semantics for driver #21
is significantly different from many other drivers, especially
different from some drivers (i.e., drivers #3, #10, #23, #28,
#29, #30, etc). On the other hand, driver #13 is similar to
others, especially similar to drivers #4, #6, #7, #8, #10, etc.
Last but not least, drivers #15 ∼ #23 are significantly similar
to each other, as they have blocks of similar color. In
summary, the KS test can compare the degree of similarity or
dissimilarity of driving styles for two drivers.

5. Conclusions

In this paper, we select the MHMMmodel to label behavior
semantics. -e normalized frequency distribution of be-
havior semantics is adopted to analyze driving style. Feature
variables are divided into different behavioral semantic
patterns, and the similarity of different driving styles is also
compared through this model. -e main findings can be
summarized as follows:

(1) Compared with the conventional HMM model, the
MHMM model can better recognize the driving
patterns. MHMM can identify the heterogeneity of
data and divide the car-following data into different
behavioral semantics. -e MHMM model can also
provide reasonable behavioral semantic segmenta-
tion results.

(2) We can adopt the normalized frequency distribution
of driving behavior semantics to analyze personal-
ized driving styles, instead of statistical indicators,

which allows us to intuitively analyze driving styles.
-e normalized frequency distribution of driving
behavior semantics is consistent with the results of
previous studies and requires less computational
time.

(3) -e KS test can quantitatively evaluate the similarity
and dissimilarity of driving styles for different
drivers. -is method can be useful for identifying
personalized driving styles.

For future work, we consider expanding the sample size
to study the impact of different factors (e.g., gender, age, and
vehicle type) on driving styles. In addition, we should
consider more complicated traffic scenarios to further an-
alyze the driving styles.
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