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Abstract: The research of early warning and control strategy considering driving styles during lane
changes is a hotspot in the field of automatic driving. However, many lane-changing studies only
emphasize the warning analysis when the following vehicle is faster than the subject vehicle, while
neglecting the potential risk when the subject vehicle is faster than the following vehicle in the
adjacent lane during lane changes. To study the lane-changing characteristics of drivers considering
driving styles and to establish a personalized lane-changing warning model under different relative
speed conditions, fifty participants (three females and forty-seven males) were recruited to carry
out a real road driving test. A novel Gaussian mixture model with the results of k-means clustering
was established to classify driving styles based on two-dimensional variables: average time gap and
average minimum time to collision. The clustering result was then verified. In addition, by analyzing
the relationship between the subject vehicle and the following vehicle in the adjacent lane during
lane changes, a lane-changing warning model considering driving styles under different relative
speed conditions was established. Results show that the clustering algorithm proposed in this paper
has high separability between samples, achieving a much softer clustering result that can provide a
reference for the parameter setting of the personalized driver assistance system. Furthermore, the
overall recognition accuracy of the hazardous lane-changing behaviors improved after drivers were
classified into different driving styles. The established lane-changing warning model has a better
recognition performance for aggressive drivers when compared with the other two driver types. The
results provide a basis for the algorithm design of the intelligent lane-changing warning system and
can improve the user acceptance of an advanced driver assistance system for self-driving vehicles.

Keywords: lane-changing warning model; relative speed ranges; cluster analysis; Gaussian mixture
model; driving style

1. Introduction

Studies have shown that lane changing is one of the most important causes leading
to road traffic accidents [1,2]. The number of rear-end collisions and side-swipe collisions
accounts for about 4% of road traffic accidents in Queensland, Australia [3]; 4.9% of all
2015 road traffic accidents were caused by overtaking and improper lane changing in
China [4]; and nearly 5% of all road traffic accidents and 7% of all fatalities in such accidents
are caused by improper merging or lane-changing operations in the United States [5].
During the process of lane changing, the poor perception and judgment ability or improper
operation of the driver may lead to rear-end collisions and side-swipe collisions more
easily [6,7]. Studies have shown that nearly half of drivers fail to use turn signals when
changing lanes [8,9]. When turn signals are correctly used during lane changes, the traffic
flow is increased and the possibility of road traffic accidents is reduced [9]. In addition,
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the results from one naturalistic driving study showed that the infrequent usage of turn
signals, an inaccurate judgment of gap distance and time gap, and a large relative speed
between the subject vehicle (SV) and following vehicles (FVs) will lead to an increase in
rear-end collisions and side-swipe collisions during lane changes [10].

To reduce rear-end or side-swipe collisions caused by lane-changing maneuvers, a va-
riety of lane-changing warning systems have emerged, such as the lane-changing decision
warning system and crash avoidance system [11]. A lane-changing warning system can
monitor the behaviors of the driver in real time and can give alarms in the form of voice or
vision if an insufficient time gap or gap distance is detected during lane changing [12–14].
Therefore, the lane-changing warning system plays a key role in the advanced driving
assistance system, which can effectively reduce the number of accidents and the risk of
rear-end or side-swipe collisions [15]. Wang et al. [11] conducted two extremity tests on a
freeway in China and proposed a two-stage lane-changing warning model based on the
minimum safety distance and deceleration value of FVs when considering the perception
characteristics of the driver, determining the two-stage deceleration threshold of −1.5 m/s2

and −2.7 m/s2. Fu et al. [16] analyzed the characteristics of drivers’ behaviors in perform-
ing and canceling lane changing based on the data collected from a real road test. The
researchers identified the drivers’ subjective judgement for risk assessment and established
lane-changing warning rules between the SV and surrounding vehicles in different speed
ranges. Mar et al. [17] proposed a crash avoidance system to optimize the processing
time of lane changes based on cascading fuzzy reasoning and determined appropriate
lane-changing rules by analyzing the relative distance and relative speed between the SV
and FVs under multiple conditions. Kim et al. [18] proposed an adaptive cruise control
and crash avoidance system to improve driving comfort and lane-changing safety and
determined the longitudinal and lateral control strategy of autonomous vehicles in a mixed
traffic environment by analyzing severe braking maneuvers and lane-changing trajectories.

Furthermore, driving style is the way drivers prefer to drive or the driving habits
that have formed over a period of time [19]. Lane-changing warning rules or models
conforming to different types of drivers should be developed to improve safety and the
acceptability of drivers during lane changes [20]. Liu et al. [21] proposed a Gaussian
mixture model (GMM) with the inputs of the k-means algorithm for clustering, classified
drivers into three types of driving styles based on two-dimensional variables (average time
gap and average time gap when braking), and established car-following warning rules
considering driving styles. Lotfi et al. [22] and Johnson et al. [23] classified drivers into
different driving styles based on the speed, acceleration, and other related signals collected
through smart phones. In addition, scholars have also classified drivers into various types
and have identified the characteristics of drivers with different driving styles based on
lane-changing behavior analysis. Takamatsu et al. [24] classified drivers into different types
by analyzing the trajectories, steering wheel entropy, and other related indicators of the vehicle.
Zhang et al. [25] proposed a driver classification method based on pattern recognition,
which can determine the skill level of the driver by analyzing the discrete Fourier transform
coefficient of steering angles and the lateral positions of the vehicle. Ren et al. [26] proposed
a lane-changing model considering driving styles by utilizing the neural network algorithm,
divided the samples into three types, and verified the classification accuracy of the model
based on a next-generation simulation (NGSIM) dataset. Hou et al. [27] carried out a
driving test on a freeway on a driving simulator and analyzed the characteristics of eye
movements and motion parameters among different driving styles. It was found that the
more aggressive a driver was, the less they focused on the surrounding environment and
the lateral control stability, while exhibiting a higher frequency of abrupt acceleration or
deceleration. According to the perception of lane-changing risk, Wang et al. [28] established
a lane-changing warning system considering driving styles to improve user acceptance
and determined appropriate warning thresholds for drivers with different driving styles by
using the signal detection theory.
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Most existing lane-changing warning systems focus on giving alarms to drivers when
there is an approaching rear vehicle in the adjacent lane [29], and the risk of collisions
between the SV and the FV is higher than that with other nearby vehicles during lane
changes [30]. Therefore, this study mainly focuses on the lane-changing analysis when
there is an FV in the adjacent lane. However, many lane-changing studies only emphasize
the warning analysis when the FV is faster than the SV, while neglecting the potential risk
when the SV is faster than the FV during lane changes. Therefore, this study analyzes the
lane-changing characteristics of drivers under different relative speed conditions, uses a
novel clustering method to classify drivers into different driving styles, and establishes a
personalized lane-changing warning model under different relative speed conditions.

2. Methods
2.1. Participants and Test Routes

Fifty Chinese drivers were recruited (three of whom were female) in the field test. The
ages of the participants were between 27 and 50 years, with an average value of 40.3 years
and a standard deviation of 6.5 years. The driving experiences of the participants ranged
from 2 to 30 years, with an average value of 14.0 years and a standard deviation of 8.3 years.
The distributions of their ages and driving experiences are presented in Figure 1. During
the test, the participants did not need to wear any test equipment. They simply drove
the instrumented vehicle according to their daily driving habits. The test session of each
participant was about 90–110 min.
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Figure 1. Distributions of the ages and driving experiences of the 50 drivers. (a) Age distribution
(b) Driving experience distribution.

The routes in this test included an urban road (marked in green), ring road (marked
in yellow), and expressway (marked in red), as depicted in Figure 2 through map match-
ing. The speed limits of these three kinds of routes were 40–50 km/h, 70–90 km/h, and
100–110 km/h, respectively.
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2.2. Apparatus

An instrumented vehicle equipped with multi-sensors was used in the field test, which
is exhibited in Figure 3. The multi-sensors used for the lane-changing analysis consisted of
a lane detection system (to measure the lateral distance to the boundaries of the left and
right lanes), a controller area network (CAN) acquisition card (to extract the SV speed, the
steering angle, and the signals of gas and brake pedals), a millimeter-wave radar mounted
on the rear bumper of the SV (to measure the relative speed/distance between the rear
bumper of the SV and the front bumper of the FV), and six video monitoring systems (to
record the videos of the driver’s face, pedal area, as well as the traffic environment and
driving conditions in the front, back, left, and right directions). The video systems were
used to assist in verifying uncertain lane-changing events after manual extraction. Data
such as the time gap and the time to collision (TTC) were then calculated. The frequency
of the recorded data used for the lane-changing analysis was set to 10 Hz for the whole
field test.
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2.3. Extraction of Lane-Changing Events

As described in the introduction section, only the lane-changing scenario when there
was an FV in the adjacent lane was studied. In this study, the starting and ending points of
the lane-changing events were determined at the moments when the SV had obvious lateral
displacement for the first time and the trajectory of the SV tended to be stable in the new
lane [31], as shown in Figure 4. To ensure the reliabilities of the extracted lane-changing
events, all lane-changing events in this study were manually selected and verified by the
video monitoring systems. During the entire process of the field test, a total of 2752 lane-
changing events were extracted from the 50 drivers, of which 1496 lane-changing events
consisted of the situations when the SV was followed by an FV in the adjacent lane.
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3. Driving Style Classification in Lane-Changing Situations
3.1. Clustering Model Establishment
3.1.1. K-Means Algorithm

Considering that no labelled data are needed in the implementation of unsupervised
machine learning algorithms, it is suitable for unsupervised machine learning algorithms to
be used in a variety of applications where it is difficult to obtain labelled data. The k-means
algorithm is considered to be one of the most commonly used unsupervised machine
learning algorithms. The way the k-means algorithm works is as follows.

Suppose a group of vectors x1, x2, · · · , xT is randomly divided into k clusters, where
the cluster center is represented by the mean vector (µ1, µ2, · · · , µK) of the data points
in each cluster. Each data point is then assigned to the nearest cluster according to the
Euclidean distance or other forms of distance between that point and the mean vector of
each cluster. The objective function Cost (i.e., based on the Euclidean distance) is minimized
by updating the mean vector of each cluster, expressed as follows:

Cost =
N

∑
i=1

(argminj

∣∣∣∣∣
∣∣∣∣∣xi − µj

∣∣∣∣∣|22). (1)

The cluster center is re-allocated iteratively until the convergence criterion is met, that
is, if the cluster center formed in the current iteration is the same as that formed in the
previous iteration, then the iterative approach is completed and the clustering result is
returned.

3.1.2. Gaussian Mixture Model with the Inputs of K-Means Algorithm

Although the k-means algorithm has obvious advantages such as simplicity, rapid
convergence, and good scalability, it belongs to a hard clustering algorithm, which means
that it will associate each data point to one and only one cluster. As a statistical model
based on probabilistic clustering, the GMM is mainly determined by two parameters: mean
value and covariance matrix [32]. The GMM combines the advantages of non-parametric
and parametric estimation and can express the distribution characteristics of data points in
the parameter space well [33]. The probability density function of the GMM is defined as
follows:

p(x) = ∑k
i=1 αi·pi(x) = ∑k

i=1 αi·N(x
∣∣∣µi, Σi) (2)

where k is the number of Gaussian distributions, and each distribution represents a cluster.
αi is the mixed coefficient of the GMM and meets the constraint of ∑k

i=1 αi = 1. N(x|µi, Σi)
is the probability density function of the ith Gaussian distribution, which is expressed as
follows:

N(x|µi, Σi) =
e−

1
2 (x−µ)TΣ−1(x−µ)

(2Π)
n
2 |Σ|

1
2

(3)

The parameters of the Gaussian distributions are listed as follows:

θ = [α1, α2, α3, · · · , αk, µ1, µ2, µ3, · · · , µk, Σ1, Σ2, Σ3, · · · , Σk (4)
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An iterative algorithm called expectation maximization (EM) is used in the GMM
to find the estimation of these parameters that maximize the likelihood of the objective
function, which is expressed as follows:

J(θ) = ln
[
∑k

j=1 p
(
xj
)]

= ∑k
j=1 ln p

(
xj
)
= ∑k

i=1 ln[αi·N(x
∣∣∣µi, σ2

i )] (5)

Considering the EM algorithm is sensitive to the values of the initial parameters, an
improper selection of the initial values will make it difficult for the GMM to obtain a global
optimal result. To this end, an improved GMM algorithm is proposed here by taking
the clustering result of the k-means algorithm as the values of the initial parameters for
the GMM, and a soft distribution result can be obtained by clustering with the improved
model. That is, each data point will be assigned to the possible cluster according to the
probabilities of that point belonging to different clusters. Finally, data with high probability
in each cluster are selected as the clustering result. The specific steps of the improved GMM
algorithm are as follows:

1. Initialize centroids by first shuffling all data points and randomly selecting k data
points as the cluster centers.

2. Compute the sum of the squared distance between each data point and k centroids
and assign each data point to the possible cluster based on the principle of the
minimum distance.

3. Update k centroids by iterating until there is no change to the centroids.
4. Compute the proportion and the mean vector of the data points in each cluster

determined by the k-means algorithm.
5. Take the clustering result of the k-means algorithm as the initial input parameters of

the GMM (i.e., mean vector and weight of a cluster and covariance matrix of clusters).
6. Run the improved GMM algorithm to obtain the optimized clustering result.

3.2. Lane-Changing Safety Indicator Selection

As described in Section 2.3, a total of 2752 lane changes were completed by the
50 drivers, among which 1496 lane changes were the situations when an FV in the adjacent
lane followed the SV. Considering that there is a car-following relationship between the
FV in the adjacent lane and the SV during lane changes to a certain degree, ensuring
the longitudinal safety during lane changes is of great significance in the selection of
lane-changing safety indicators. To this end, the relationships between the average gap
distance/time gap/TTC and the average speed of each lane-changing event are depicted
by scatter diagrams when there is an FV in the adjacent lane, as shown in Figures 5–7. As
can be seen from Figures 5–7, the average gap distance between the SV and the FV in the
adjacent lane tends to increase with the increase in the average speed of the SV during lane
changes, and the average time gap decreases with the increase in the average speed of the
SV, while the TTC is relatively stable and less sensitive to speed variations.

To select suitable safety indicators in lane-changing situations, the distributions of the
time gap and the TTC of these 1496 lane-changing events under different relative speed
ranges and speed ranges were analyzed by referring to Liu et al. [34]. Furthermore, to
show the characteristics of safety indicators in wide speed ranges, the lane-changing data
with the relative speed below −5 km/h and the speed of the SV greater than 10 km/h
were selected in this section. It should be noted that the relative speed is defined as
∆V = Vsubject_vehicle − Vfollowing_vehicle, so the relative speed analyzed in this section is
negative. The average time gap and the TTC in various relative speed ranges and different
speed ranges in the process of lane changes from the 50 drivers were calculated, as shown
in Figure 8.
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Figure 8. Average TTC (left) and time gap (right) for various relative speed and speed ranges.

As can be seen from Figure 8, for different speed ranges of the SV, the TTC is relatively
stable under high relative speed conditions (<−15 km/h), while the time gap is stable under
low relative speed conditions (≥−15 km/h). Therefore, it is more appropriate to use the time
gap as the safety indicator for lane-changing analysis when the relative speed is greater than
−15 km/h, and the TTC is recommended as the safety indicator for the lane-changing analysis
when the relative speed is less than −15 km/h by referring to Liu et al. [34].

3.3. Clustering Results and Verification

As mentioned in Section 3.2, the time gap and the TTC are used as the safety indica-
tors in lane changes. In addition, studies have shown that the average time gap can be
used as the driving style classification indicator in lane-changing situations [35], and the
minimum time to collision (TTC_min) can be used as the safety and warning indicator in
the longitudinal direction [36]. To this end, the average time gap and the average TTC_min
are used as the inputs of the clustering model established in Section 3.1, and drivers are
classified into different driving styles (conservative drivers, calm drivers, and aggressive
drivers) based on the number of clusters used in related studies [21,27,37]. The average
time gap and average TTC_min are selected as two-dimensional variables to establish
the clustering model considering driving styles in lane-changing situations. The contour
map and surface diagram of the GMM model based on the k-means clustering results are
depicted in Figure 9.
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To avoid the influence of the samples near the cluster boundary on the subsequent
analysis of warning rules, the typical samples with high probabilities were selected as the
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final clustering results according to the probability of every data point in each Gaussian
model. Based on this, 12 drivers, 18 drivers, and 6 drivers were selected and respectively
classified into the aggressive group, calm group, and conservative group. The clustering
results of driving styles in lane-changing situations are shown in Table 1, and the frequencies
in the different average time gap ranges and average TTC_min ranges during lane changes
for the three types of drivers are depicted in Figure 10.

Table 1. Clustering results of driving styles.

Driving Styles Driver #s Average Time Gap (s) Average TTC_Min (s)

Aggressive 6, 7, 16, 17, 20, 22, 23, 26, 28, 40, 43, 50 1.36 4.21

Calm 3, 4, 5, 9, 12, 14, 18, 21, 30, 32,
34, 35, 39, 41, 44, 45, 46, 47 1.55 5.84

Conservative 2, 8, 15, 24, 25, 37 1.83 7.62
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Figure 10. Distributions of average time gap (left) and TTC_min (right) for three types of drivers.

Furthermore, to verify the effectiveness of the clustering model built here, the distribu-
tions of the lane-changing durations for three types of drivers are presented in Figure 11.
As can be seen from Figure 11, a significant difference (F = 93.47, p < 0.001) existed in the
lane-changing durations for the three types of drivers. The results show that the peak
frequencies of the lane-changing durations for aggressive drivers, calm drivers, and con-
servative drivers are 3–4 s, 4–5 s, and 5–6 s, respectively. Therefore, it can be concluded
that the clustering model established in this paper has a good effect on the driving style
classification in lane-changing situations based on the distributions of the average time
gap, average TTC_min, and lane-changing durations for the three types of drivers.
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4. Lane-Changing Warning Model Considering Different Driving Styles

As mentioned in Section 3.2, the time gap and TTC are used as the safety indicators
in lane changes, and the time gap is recommended for the lane-changing analysis when
the relative speed is greater than −15 km/h, and it is appropriate to use the TTC when the
relative speed is less than −15 km/h. Considering that the lane-changing warning system
usually starts to work after exceeding a certain speed value, this study selects the value
of speed greater than 48 km/h (30 mph) for further lane-changing analysis and warning
model construction by referring to a naturalistic driving research report [31].

In addition, many lane-changing studies only emphasize the warning analysis when
the FV in the adjacent lane is faster than the SV, while neglecting the risk in the lane-
changing situation when the SV is faster than the FV in the adjacent lane. However,
according to the result of the lane-changing analysis in this study, safety cannot be guar-
anteed when the SV is faster than the FV. On the contrary, there are a large number of
lane-changing situations with a relatively large deceleration of the FV when the SV con-
ducts lane changes. Therefore, the lane-changing situation when the SV is faster than the
FV in the adjacent lane is also considered and analyzed in this study to be used for the
lane-changing analysis and warning model construction. According to the definition of
relative speed in Section 3.2, the relative speed is negative when the FV is faster than the
SV and is positive when the SV is faster than the FV.

4.1. Lane-Changing Safety Distance Model

(1) Ensure that the SV is always in front of the FV during lane changes

From the perspective of vehicle kinematics, the SV should always be in front of the FV
throughout the entire process of lane changing. The kinematic relationship between these
two vehicles is shown in Figure 12.
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Figure 12. The kinematic relationship between the SV and the FV during lane changes.

In Figure 12, DR is the longitudinal distance between the SV and the FV at the starting
point of lane changes, DS is the longitudinal distance when the SV completely enters the
adjacent lane, DF is the longitudinal distance of the FV, DW is the width of the SV, and θ is
the angle between the front of the SV and the boundary line of the adjacent lane.

Some requirements should be met to ensure that the FV is always behind the SV
during the lane-changing process. Specifically,

DR + DS −
1
2

DW sin θ ≥ DF (6)

In other words, the longitudinal distance between the SV and the FV at the starting
point of the lane changes should be met:

DR ≥ DF +
1
2

DW sin θ − DS (7)
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Therefore, the distance between these two vehicles at the starting point of lane changes
should be guaranteed: Max{DR,0}. That is to say, if the FV cannot keep up with the SV
during the entire lane-changing process, the minimum distance between these two vehicles
at the starting point of lane changes can be set to be zero.

(2) Ensure a safety distance between the SV and the FV after entering the adjacent lane

After meeting the requirements in (1), this can only theoretically guarantee the safety
in the process of lane changing. However, in the actual process of lane changing, it is nearly
impossible for drivers to accept that the distance between these two vehicles is close to
zero, especially under high-speed conditions. If the longitudinal distance between these
two vehicles is too small after entering the adjacent lane, there is still a greater risk of rear-
end collision. To avoid collisions between these two vehicles throughout the lane-changing
process, a safety distance should be maintained between these two vehicles after entering
the adjacent lane, that is, a safety distance model needs to be added after the SV changes
lanes. In general, commonly used safety distance models include the ISO 15623 forward
collision warning model, safety distance model based on the time gap, and classic safety
distance models, such as the Mazda model, Honda model, Berkeley model, and California
model [38–40]. Given that the time gap is set to be one of the safety indicators for the
lane-changing analysis in Section 3.2, a safety distance model based on the time gap is
selected in this study. To ensure a low rate of false alarm, a safety distance model with a
time gap value of 0.6 s is used here according to relevant literature [11].

In Figure 13, B0 is the relative distance between the SV and the FV after entering the
adjacent lane. BS is the travelling distance of the SV, and BF is the travelling distance of the
FV. To avoid possible collisions between two vehicles after entering the adjacent lane, the
following conditions should be met:

B0 + BS ≥ BF (8)
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Combined with the safety distance model with the time gap, B0 should meet the
following conditions:

B0 ≥ T(vF + aFt) (9)

To summarize, throughout the lane-changing process, it is ensured that the SV is
always in front of the FV in the adjacent lane, and there is a certain distance between two
vehicles. Thus, the minimum safety distance model can ultimately be obtained as follows:

DSS = Max{DR, 0}+ B0 (10)
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Namely,

DSS = Max
{
(vF − vS)t + 1

2 (aF − aS)t2 + 1
2 DW sin θ, 0

}
+ T(vF + aFt)

= Max
{
−∆vt + 1

2 (aF − aS)t2 + 1
2 DW sin θ, 0

}
+ T(vF + aFt)

(11)

where vS denotes the speed of the SV at the starting point of lane changing; vF is the speed
of the FV when the SV starts to change lanes; ∆v is the relative speed of two vehicles; aS is
the acceleration of the SV; aF is the acceleration of the FV; DW is the width of the SV (1.8 m);
θ is the angle between the front of the SV and the boundary line of the adjacent lane; t is
the duration time of lane changes; and T is the value of the time gap used here (0.6 s).

4.2. Lane-Changing Warning Model

Considering that the variations of acceleration values are not obvious for the SV and
the FV in the process of lane changes, the majority of the acceleration values are distributed
in the range of −0.5–0.5 m/s2, that is, most drivers do not have obvious acceleration
or deceleration operations during lane changes, as shown in Figure 14. Based on this,
the minimum safety distance model described in Section 4.1 is then simplified, and it is
assumed that the SV and the FV maintain a constant speed during lane changes. That is to
say, the acceleration values of the SV and the FV are set to be zero.
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Figure 14. Distributions of the FV (left) and the SV (right) acceleration values during lane changes.

Furthermore, the speed of the SV during lane changes is divided into four ranges:
≤70 km/h, 70–90 km/h, 90–110 km/h, and ≥110 km/h. Through data analysis and
calculation, the average duration time of lane changes in each speed range is 5.3 s, 5.1 s,
4.9 s, and 4.7 s, respectively. The average speed during lane changes in each speed range
is 60 km/h, 79 km/h, 99 km/h, and 116 km/h, respectively. θ is set to 1◦ by referring to
the results obtained by [11]. The simplified safety distance model for the lane-changing
analysis is presented in Formula (12), and the safety distance model in different speed
ranges is obtained, as shown in Table 2.

DSS =

{
−∆vt + 0.9 sin 1◦ + 0.6(vS − ∆v) ∆v < 0

0.6(vS − ∆v) ∆v ≥ 0
(12)
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Table 2. Lane-changing safety distance model in different speed ranges.

Speed Ranges (km/h) Lane-Changing Safety Distance Model

vS ≤ 70 DSS =

{
−5.9 ∆v + 10 ∆v < 0
−0.6 ∆v + 10 ∆v ≥ 0

70 < vS ≤ 90 DSS =

{
−5.7 ∆v + 13.17 ∆v < 0
−0.6 ∆v + 13.17 ∆v ≥ 0

90 < vS ≤ 110 DSS =

{
−5.5 ∆v + 16.5 ∆v < 0
−0.6 ∆v + 16.5 ∆v ≥ 0

vS > 110 DSS =

{
−5.3 ∆v + 19.33 ∆v < 0
−0.6 ∆v + 19.33 ∆v ≥ 0

The model described above is a safety distance model based on the time gap for lane-
changing analysis. In addition, the TTC is also commonly used as the warning indicator
for lane-changing analysis in current studies, such as the lane-changing warning model
with a threshold of 3 s or 5 s [11,31,41]. According to the results obtained in Section 3.2, the
TTC is used as the safety indicator when the relative speed is less than −15 km/h, and the
time gap is recommended as the safety indicator when the relative speed is greater than
−15 km/h (negative by definition). Hence, the safety distance model based on the time
gap and the TTC model are combined in this study, and a lane-changing warning model
under different relative speed ranges is ultimately established, as shown in Table 3.

Table 3. Lane-changing warning model under different relative speed ranges.

Speed Ranges (km/h) Lane-Changing Warning Model

vS ≤ 70
DWS =


−T∆v ∆v < −15
−5.9 ∆v + 10 −15 ≤ ∆v < 0
−0.6 ∆v + 10 ∆v ≥ 0

70 < vS ≤ 90
DWS =


−T∆v ∆v < −15
−5.7 ∆v + 13.17 −15 ≤ ∆v < 0
−0.6 ∆v + 13.17 ∆v ≥ 0

90 < vS ≤ 110
DWS =


−T∆v ∆v < −15
−5.5 ∆v + 16.5 −15 ≤ ∆v < 0
−0.6 ∆v + 16.5 ∆v ≥ 0

vS > 110
DWS =


−T∆v ∆v < −15
−5.3 ∆v + 19.33 −15 ≤ ∆v < 0
−0.6 ∆v + 19.33 ∆v ≥ 0

4.3. Recognition Results of Lane-Changing Warning Model

The lane-changing warning model built above can give a warning to the data located
in the warning area. However, it should be taken into consideration that there is no data
record specifically for lane-changing warning during the process of data collection in
the real road test. To this end, the lane-changing data are classified into three categories
according to the acceleration value of the FV when the SV starts to change lanes to verify the
validity of the warning model. That is, the acceleration value of the FV less than −0.5 m/s2

is used as the hazard perception threshold, and the lane-changing data are classified into
the hazardous area [42,43]; data with slight braking (−0.5 < aF ≤ −0.15 m/s2) is classified
into the potential conflict area [44]; and data with an acceleration value above−0.15 m/s2 is
considered as safe lane-changing data and is classified into the safety area. The distribution
of the acceleration of the FV when the SV starts to change lanes is shown in Figures 15 and 16.

When the TTC threshold is selected to be 5 s, the recognition accuracy is higher than
that when the TTC threshold is 3 s under four different speed conditions after calculation.
Therefore, the parameter T is set to be 5 s, and the lane-changing warning model can
ultimately be obtained.

In addition, in the process of lane changing, if the distance between the SV and the
FV is less than the minimum safety distance, the lane-changing warning model will issue
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an early warning. Based on the established lane-changing warning model, together with
the hazardous and potential conflict/safe lane-changing data defined in this section, the
recognition results under different speed conditions are obtained, as shown in Figure 17.
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Table 4 shows the recognition results of the lane-changing warning model under
different speed conditions. As can be seen from Table 4, the recognition accuracy of the
lane-changing warning model under different speed conditions is 76.1%, 79.3%, 87.9%, and
68.6%, respectively. To summarize, the overall recognition accuracy of the lane-changing
warning model at all speed ranges is 79.5% after calculation. However, when compared
with the warning model proposed here, the recognition accuracy of the traditional warning
model with TTC threshold of 3 s or 5 s is much lower (less than 10%) because it may neglect
the potential risk when the SV is faster than the FV during lane changes.

Table 4. Confusion matrixes of lane-changing data under different speed conditions.

(a) vS ≤ 70 km/h

Warning Area Safety Zone
Hazardous data 83 21

Potential conflict/Safe data 26 309
(b) 70 km/h < v ≤ 90 km/h

Warning Area Safety Zone

Hazardous data 96 28
Potential conflict/Safe data 25 277

(c) 90 km/h < v ≤ 110 km/h

Warning Area Safety Zone

Hazardous data 80 24
Potential conflict/Safe data 11 225

(d) v > 110 km/h

Warning Area Safety Zone

Hazardous data 24 6
Potential conflict/Safe data 11 45

Furthermore, based on the lane-changing data from the three types of drivers obtained
in Section 3.3, the recognition accuracy of the lane-changing warning model for aggressive
drivers under different speed conditions is 76.2%, 83.9%, 92.9%, and 81.3%. Likewise, the
recognition accuracy of the lane-changing warning model for calm drivers under different
speed conditions is 78.7%, 76.3%, 80%, and 70%. The recognition accuracy of the lane-
changing warning model for conservative drivers under different speed conditions is 75%,
75%, 100%, and 50%. When considering different driving styles, the recognition accuracy of
the lane-changing warning model for aggressive, calm, and conservative drivers at all speed
ranges is 84%, 78%, and 79.2%, respectively. The overall recognition accuracy of these three
types of drivers is 81%, as shown in Table 5. Therefore, the overall recognition accuracy
is improved after drivers are classified into different driving styles, and the recognition
results in different speed ranges for aggressive drivers are shown in Figure 18.

Table 5. Confusion matrixes of lane-changing data for the three types of drivers.

Warning Area Safety Zone

Hazardous data 243 69
Potential conflict/Safe data 57 692

According to the results described above, when compared with the other two types of
drivers, the lane-changing warning model established in this paper has a better recognition
accuracy for aggressive drivers, which provides a technical means to establish a person-
alized lane-changing warning model considering driving styles under different relative
speed conditions.
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5. Conclusions

This study collected the lane-changing data of 50 participants from a real road driving
test that was conducted in China and analyzed the characteristics of lane-changing events
under different relative speed conditions when there was a following vehicle in the adjacent
lane. The Gaussian mixture model with the inputs of the k-means algorithm was used
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for clustering, and drivers were classified into three types of driving styles (aggressive,
calm, and conservative drivers) based on two-dimensional variables: average time gap and
average minimum time to collision. Furthermore, the lane-changing warning model con-
sidering driving styles under different relative speed conditions was ultimately established.
The results from this study can be summarised as follows:

1. For different speed ranges of the SV, the time to collision was relatively stable under
high relative speed conditions (<−15 km/h), while the time gap was stable under low
relative speed conditions (≥−15 km/h).

2. A significant difference existed in the lane-changing durations for the three types of
drivers, and the peak frequencies of the lane-changing duration for aggressive drivers,
calm drivers, and conservative drivers were 3–4 s, 4–5 s, and 5–6 s, respectively.

3. The overall recognition accuracy of the lane-changing warning model considering
driving styles was 81%, and the overall recognition accuracy of the model for aggres-
sive drivers was relatively higher at 84% when compared with the other two types
of drivers.

The main contribution of this study lies in the combination of taking different relative
speed conditions into consideration for the risk analysis of lane-changing behaviors and
establishing the lane-changing warning model considering driving styles. Few studies
have been conducted on lane-changing warning models considering driving styles under
different relative speed ranges, especially when the SV is faster than the FV in the adjacent
lane during lane changes. In addition, the propoed clustering algorithm in this study
provides a new perspective on driving style classification and a reference for parameter
setting in the development of a personalized driver assistance system.

The limitations of this work include the following. Nearly all of the participants
recruited in the test were male drivers, which is because only three female drivers had
signed up to participate in the experiment despite efforts to recruit both genders. Therefore,
the results obtained here may only represent the characteristics of this specific group of
drivers. In addition, one may question that the recognition accuracy of the lane-changing
warning model in the speed range above 110 km/h is relatively low (68.6%) when compared
with the values under other speed conditions (76.1%, 79.3%, and 87.9%). The reason for
this difference is mainly because not many data points were extracted within the speed
range above 110 km/h.

The results of this study can provide technical support for the development of a lane-
changing warning system that can meet the needs and driving experiences for different
types of drivers, improving user acceptance of the advanced driver assistance system and
the human-like automatic driving system. In the future, the authors would like to recruit
more female participants to make the ratio of samples more balanced, as well as to increase
the number of samples. Furthermore, in future studies, the authors would also like to more
closely look at the environmental influences on driving behavior (e.g., in different road
conditions) and move the focus from an offline driving behavior analysis towards real-time
identification and early warning.
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