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ABSTRACT: The purpose of this paper is to alleviate the potential safety problems associated with the human driver and
the automatic system competing for the right of way due to different objectives by mitigating the human-machine conflict
phenomenon in human-machine shared driving (HMSD) technology from the automation system. Firstly, a basic lane-
changing trajectory algorithm based on the quintic polynomial in the Frenet coordinate system is developed. Then, in order
to make the planned trajectory close to human behavior, naturalistic driving data is collected, based on which some lane-
changing performance features are selected and analyzed. There are three aspects have been taken into consideration for
the human-like lane-changing trajectory: vehicle dynamic stability performance, driving cost optimization, and collision
avoidance. Finally, the HMSD experiments are conducted with the driving simulator to test the potential of the human-like
lane-changing trajectory planning algorithm. The results demonstrate that the lane-changing trajectory planning algorithm
with the highest degree of personalization is highly consistent with human driver behavior and consequently would
potentially mitigate the human-machine conflict with the HMSD application. Furthermore, it could be further employed as an
empirical trajectory prediction result. The algorithm employs the distribution state of the historical trajectory for human-like
processing, simplifying the operational process and ensuring the credibility, integrity, and interpretability of the results.
Moreover, in terms of optimization processing, the form of optimization search followed by collision avoidance detection is
adopted to in principle reduce the calculation difficulty. Additionally, a new convex polygon collision detection method,
namely the vertex embedding method, is proposed for collision avoidance detection.

KEYWORDS: human-machine conflict, human-machine shared driving (HMSD), human-like lane-changing trajectory
planning, collision avoidance, trajectory prediction

the automated system by human drivers, who compete with the
automated system for the right of way.
There are five main categories of existing lane-changing

1 Introduction

The development of automotive intelligence is an important

direction and research hotspot in the 21* century. Its technical
architecture includes environmental perception (Cao et al., 2015;
Yan et al,, 2018), short-term prediction (Qi et al., 2017), behavioral
decision-making (Tan et al, 2019), trajectory planning (Zhou
et al., 2019a, 2019b; Peng et al., 2020), and path tracking (Xu and
Peng, 2019; Xu et al, 2020). According to SAE’s classification
criteria for intelligent vehicle, human-machine interaction
technology is at the L1-L3 level of intelligent automobile
development (Russell et al, 2016), which includes multi-level
technical functions (Yuan and Zhang, 2020; Kim et al,, 2016).
Previously, research on human-machine shared driving (HMSD)
focused on the control layer (Naand Cole, 2013; Li et al., 2019).
Today, researchers are increasingly concerned about human-
machine conflicts due to inconsistent human-machine tracking
objectives (Huang et al, 2021). Working with the automatic
system of trajectory planning that does not consider the driving
habits of human drivers may reduce the trust and acceptance of
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trajectory planning methods: graph search-based algorithm,
sampling-based algorithm, interpolating curve algorithm,
numerical optimization algorithm, and mechanism model-based
algorithm (Zheng et al,, 2019). With the objective of improving
human driver acceptance and satisfaction with lane-changing, a
few researchers have proposed human-like lane-changing
trajectory planning in which the lane-changing habits of human
drivers are gradually taken into account. For example, Ali
et al. (2021) proposed to capture the driver’s driving behaviour in
a driving simulator and investigated the factors influencing forced
and free lane-changing. A human-like lane-changing trajectory
planning algorithm based on cubic polynomial interpolation was
proposed by Zhang et al. (2019). Wang et al. (2016) proposed a
lane-changing trajectory planning model based on linear offset
and sine function to balance driver comfort and vehicle dynamics.
Zhu et al. (2018) proposed a sine-wave lane-changing model,
which integrates driver behavior recognition strategy to
implement a human-like lane-changing assistant system. He et al.
(2018) proposed a trajectory planning method based on quintic
polynomial by learning from human driving data.
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In the above human-like lane-changing trajectory planning
research, the basic technical route is data collection to style
classification and stylized trajectory planning. With respect to the
classification level of the degree of personalization, this technical
route presents a lower level of personalization. Although it could
reflect the style of human drivers to a certain extent, it shows
results in style attributes that fall under the typical segmentation
classification method, i.e., a lower level of personalization (Sun,
2020). The individual scenarios belonging to the edge of
classification are significantly different from those belonging to the
classification center. In addition, Zhang et al. (2021) demonstrated
that there are individual scenarios differences in the requirements
for autonomous driving. A classified and stylized technical route
could not satisfy the unique requirements of all individual
scenarios.

In order to improve the level of personalization of autonomy
and thus mitigate the potential conflict between the driver and the
automatic systems at the planning level, this paper proposes a
highly human-like lane-changing trajectory planning algorithm.
The logic block diagram of the proposed algorithm is shown in
Fig. 1. Firstly, the lane-changing features of human drivers are
analyzed with the collection of natural lane-changing data. Then,
based on the selected lane-changing features, the quintic
polynomial is introduced to generate trajectory clusters based on
the minimum fluctuation lane-changing objective. Furthermore,
the human-like lane-changing trajectory takes full consideration of
the dynamic stability performance of the vehicle, driving cost
optimization, and collision avoidance. The main contributions of
this paper could be concluded as follows:

1) At the macro level, a quintic polynomial trajectory planning
algorithm based on a single independent variable is developed in
conjunction with historical lane-changing driving data obtained
from human drivers. The lane-changing features and trajectory
expressions then can be directly combined. In contrast to machine
classification algorithms, it could be adapted to different human
drivers with higher accuracy through normal distribution analysis.
In the HMSD, it shows great benefits in mitigating human-
machine conflict, thus improving the vehicle safety in dangerous
situation for potential confrontation.

2) The optimal search algorithm is conducted before the
collision avoidance detection, reducing the computation time of
the algorithm. In addition, a new convex polygon collision
detection method is proposed for collision avoidance detection,

namely the vertex embedding method, which demonstrates great
efficiency in vehicle collision avoidance in real time using simple
geometry theory.

3) In terms of application scenarios, the method could be
applied to the field of human driver trajectory prediction because
the planned trajectory highly matches the human driver lane-
changing trajectory clusters. Therefore, it would be beneficial for
the further development of intelligent transportation systems with
mixed traffic participants.

This work is organized as follows: Section 2 establishes a lane-
changing trajectory algorithm based on the Frenet coordinate
system (FCS) with a quintic polynomial. In Section 3, we use the
extended driving simulator to collect the lane-changing data of
human drivers and analyze the lane-changing features. In Section 4,
human-like lane-changing trajectory obtained by stability search,
optimal search, and collision avoidance detection. In Section 5, the
planning algorithm and the confidence level of lane-changing
trajectory with human drivers are verified, and the trajectory
tracking co-simulation is implemented in Simulink/CarSim. In
Section 6, the planned human-like lane-changing trajectory is
employed for the HMSD experiments through a driving
simulator. And Section 7 includes the conclusions.

2 FCS-based lane-changing trajectory planning
with quintic polynomial

In order to provide a basic lane-changing trajectory algorithm for
a human-like lane-changing strategy, this section develops a lane-
changing trajectory algorithm based on the longitudinal and
lateral quintic polynomials of the FCS (Werling et al., 2012; Zheng
etal,, 2020).

The geodetic coordinate system (GCS) is used by most existing
vehicle positioning equipments (Yang, 2009; Vigue, 1992). In the
GCS, due north and due west are taken as coordinate axes.
Although the coordinate system is fixed and easy to obtain, it
poses an inconvenience to the application of local trajectory
planning. This is because the local trajectory planning of non-
linear roads involves considering the effect of road curvature on
the expression of the trajectory function. The FCS takes the road
center line as the abscissa and the normal direction perpendicular
to the road center line as the ordinate. The FCS could transform
the curve into straight lines, eliminating the above inconvenience.
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Fig.1 Logic block diagram of the highly human-like lane-changing trajectory planning algorithm.
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2.1 Longitudinal derivation in FCS

During the process of lane-changing, the human drivers typically
want to minimize the fluctuation of lateral and longitudinal
motion as much as possible to guarantee the stability of the
moving process. Therefore, longitudinal acceleration is regarded as
the fluctuation in longitudinal motion, and the performance
indicators are developed to minimize longitudinal fluctuation:

min [* (0t M
s.t.

5(t) = vi(t)

5(t) = (1)

a.(t) = ji(t)

s(t) = 0,5(t.) = se

Vi(t) = Vs, Vs(te) = Vee

as(ts) = as, as(te) = ag

where j; is the longitudinal jerk; sis the longitudinal displacement;
s, is the longitudinal displacement at the end of lane-changing; v,
v and v, are the longitudinal velocity, the start and end
longitudinal velocity of lane-changing, respectively; a, and a,, are
the longitudinal acceleration at the start and end of lane-changing,
respectively; f,and ¢, are the start and end time of lane-changing,
respectively. In order to solve the longitudinal trajectory, the
Hamiltonian function in Eq. (2) is developed:

1. R . .
H = 5]? + Aas + AaS + Agjs (2)

where A, A, and A are the Lagrangian operators corresponding
tos, 5, and j, respectively. According to the Pontryagin’s minimum
principle (PMP) (Kim et al, 2011), the Hamiltonian function
satisfies the in Eqs. (3)-(6) constraints:

_ OH,

/i«sl = Os =0= Asl = Ca (3)
R N N T )
ov;
Ao = _oH, =-Ldo=>As = leltZ — Cat+Cs (5)
Oa 2

OH, _ . . 1
0= 8]5 :]s + A‘$3 :>]s = _A'S:‘? = _Ecsltz + Cszt — Cs3 (6)
According to the longitudinal jerk, the longitudinal

acceleration, longitudinal velocity, and longitudinal displacement
could be derived by

S(t) = _lcsltzl + leZtZ - Cs3t+ Csa (7)
6 2
. 1 4 1 3 1 2
S(t) == 7ﬁ(f§1t + ngzt - ECsSt + Cs4t+ Css (8)
1 . 1 , 1 5 1
S(t) = —mcslt + ﬂCSZt - g@}t + ECsA}tZ + CsSt+ Cs6 (9)

where ¢; is the longitudinal quintic polynomial coefficient.
Assuming that the initial longitudinal displacement, longitudinal
velocity, and longitudinal acceleration are known, the longitudinal
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quintic polynomial coefficients can be obtained:
€ = 60[6t.(Vee + Vi) — 125, — (@ — ax)t2] /£ (10)
Co = 12[(14v,e + 16Vt — 305, — (2a. — 3a,)L]/t:  (11)

C3 = 3[(8Vse + 12Vss)te - 205e - (ase - 3ass)t§]/tg (12)

Cou = dis (13)
Css = Vss (14)
Cs¢ — 0 (15)

In order to minimize the fluctuation in longitudinal
acceleration as much as possible, the vehicle velocity at the
beginning and end of lane-changing is generally unchanged, there
are ¢q = 720(tvs — so) /2, co = 360(vste — s¢) /12, €3 = 60(vite—
5e)/t, cu = 0, cs = v, ¢ = 0. In addition, in order to keep the
longitudinal fluctuation as lower as possible, it is necessary to
reduce the longitudinal fluctuation, set s. = t.v;. In this case, the
longitudinal trajectory is

s() = vt (16)

It could be seen from Eq. (16) that the longitudinal trajectory is
mainly determined by the longitudinal velocity and lane-changing
time.

2.2 Lateral derivation in FCS

Referring to the longitudinal trajectory planning process, the
lateral trajectory planning results could be obtained:

I(t) = 6d.£’ /£ —15d.t' /£ +10d.t’ /£ (17)

where d, is the lateral displacement at the end of lane-changing,
the standard lane-changing lateral distance of 3.75 m according to
the common standards of Chinese roads. Equation (17) shows
that the lane-changing time and lateral displacement mainly
determine the lateral trajectory.

A two-dimensional trajectory could be synthesized after
obtaining the longitudinal and lateral trajectory. From Egs. (16)
and (17), the lateral displacement of the lane-changing trajectory is
generally fixed, and the vehicle velocity is also fixed when
minimizing the longitudinal jerk. So only the lane-changing time
is left as the only lane-changing trajectory parameter.

3 Data acquisition and analysis of natural lane-
changing data for trajectory planning

The information about human drivers should be added after the
basic lane-changing trajectory algorithm has been completed. To
calculate the lane-changing trajectory more like the driving habits
of human drivers from the planning level, the driving habits of
human drivers should be collected. This paper uses an extended
driving simulator to develop a scenario straight lane for a free lane-
changing test in order to collect the lane-changing features of
human drivers for trajectory planning. Compared to driving in
real traffic, the extended driving simulator test does not fully
simulate the driving experience, but still reflects the driving
features of different drivers. In addition, the extended driving
simulator test is more cost-effective and has a shorter development
cycle without violating the test principles and design theory. The
objective of this paper is to verify the feasibility of the principle of
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the technical route. Many technical routes in the engineering field
need to be tuned to practical applications. The results of the
extended driving simulator test are therefore considered to be
credible.

Lane-changing maneuvers are divided into free lane-changing
and forced lane-changing. Forced lane-changing often occurs in
scenarios where the vehicle has to change lanes due to traffic
conditions, such as overtaking when the vehicle in front has a slow
velocity, and the target lane has a small manoeuvrable area, or
turning to avoid an obstacle that suddenly appears in the lane. The
process of free lane-changing mostly occurs in urban scenarios
with small traffic flow to ensure lane requirements, or in urban
viaducts and highways with long vehicle spacing. The main
difference between the two lies in the operable time of lane-
changing and the operable road section. Free lane change could
cover most lane-changing scenarios.

In practice, intelligent vehicles equipped with high-precision
positioning equipment are collected, recorded, and processed to
obtain a data set of driving features of lane-changing trajectory at
different mean velocity bands. The data set is continuously
updated through rolling calculations with a fixed-length window.
Other data acquisition and analysis steps are identical to this
section.

3.1 Experiment setup

Driving simulator screen

- Experimental console

Simulator software
CarSim Real-time
X

e HControlDesk
-

Vehicle model and T Data dlspllay
environment and collecfon

sl dSPACE
m:_'_ HIL case
X

\

o

c
S
©

£

£
L2
£

(%]
=3
2
3
7]
o}
°EE
<

o
e o
o= g
c <
o
L
O
<
o
(2]

c
o
=
©
R
@
Q.
o
o
C
=
=
[s]

Real-time
program

v

v
Matlab 2022

© Algorithmic logic
Vehicle feedback status

DAQ board

X{(m)

The extended driving simulator used in this paper is shown in
Fig. 2. The extended driving simulator adopts the dSPACE 1106
series controller and Simulink/CarSim real-time simulation
platform. A 2 km long dual straight lane and random traffic
vehicles were set in CarSim software, and 20 human drivers were
recruited to change lanes freely at a constant velocity (V,) of
[10 m-s?, 30 m-s'] with 5 m/s intervals. The mean age of 20
human drivers was 24, and their driving years ranged from 1 to 7.

3.2 Lane-changing data analysis

In the 2 km long double straight lane, human drivers were asked
many times to intercept the left and right lanes. In this paper, the
collected 20 drivers’ data were used for lane-changing trajectory
interception and lane-changing feature analysis, respectively. The
human drivers A and B’s data were randomly selected for
presentation, analysis, and design due to the limitation of article
length. The lane-changing trajectories of human drivers A and B
in five-velocity clusters are shown in Fig. 3. Then the features of
lane-changing data were analyzed: the mean lane-changing time,
the maximum slope of lane-changing trajectory, etc. The main
lane-changing features of human drivers A and B in five-velocity
clusters are shown in Fig. 4.

In Fig. 3, the lane-changing trajectories of human drivers A and
B form respective trajectory clusters. In addition, with the increase
in vehicle velocity, the lane-changing longitudinal distance
increases. Fig. 4 shows that: (1) with the increase in vehicle
velocity, the mean lane-changing times, and the maximum slopes
of lane-changing trajectories of human drivers A and B show a
decreasing trend; (2) at the same velocity, the lane-changing times,
and the maximum slopes of lane-changing trajectories of human
drivers A and B show a fluctuating pattern with a certain value as
the center, respectively.

According to the law shown in Fig. 4, the multiple lane-
changing of a human driver at a given velocity is regarded as a
normally distributed process. Then the distribution of lane-
changing times satisfies Z,, ~ N(y,,, 07,). Where p,, is the mean
lane-changing time for vehicle velocity u and o, is the variance of
the lane-changing times at vehicle velocity . The mean value and
variance of the lane-changing time and the maximum slopes of
lane-changing trajectories at different velocities could be obtained
in Table 1.

The features of human drivers A and B at different velocities are
different: human driver B takes longer to change lanes than A, and
the maximum slopes of changing lanes are smaller. It shows that
human driver B is more cautious than A.

(b)
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Fig.3 (a) Lane-changing trajectory intercepted by human driver A at five clusters of vehicle velocities; (b) lane-changing trajectory intercepted by human driver B at five

clusters of vehicle velocities.
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Fig.4 (a) Main lane-changing features of human driver A at five vehicle velocities; (b) main lane-changing features of human driver B at five vehicle velocities.

Table1 Lane-changing features of human drivers A and B

Driver Feature 10 m-s™ 15m-s™ 20 m-s™ 25 m-s™ 30 m-s™
Mean time 54s 4.3s 34s 3.1s 30s
A Variance 0.6 s* 0.4 s 03¢ 0.2¢ 0.2s
Mean maximum slope 0.1212 0.0957 0.0864 0.0722 0.0691
Mean time 7.72s 5.57 s 549 s 4.59s 4.69s
B Variance 0.59 s 0.56 s* 0.39 s 0.35¢* 0.54 s
Mean maximum slope 0.0939 0.0886 0.0807 0.0619 0.0525
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Fig.5 (a) Main feature values of human driver A corresponding to the whole velocity range; (b) main feature values of human driver B corresponding to the whole

velocity range.

According to the above features, the vehicle velocity is used as
the abscissa to fit, and then the features in the whole velocity range
are deduced. The fitting features corresponding to the whole
velocity range are shown in Fig. 5.

4 Highly human-like lane-changing trajectory
planning based on human driver features

In this section, the basic trajectory clusters based on the collected
information of human drivers and the mean lane-changing time
are generated and perform constrained optimization solving. The
highly human-like lane-changing trajectory could be obtained
through  trajectory  synthesis and coordinate  system
transformation, trajectory stability search, optimal trajectory
search, and collision avoidance detection.
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41 Trajectory synthesis and coordinate system

transformation

Based on the minimization fluctuation-based lane-changing
trajectory expression derived in Section 2 and the analysis of the
influencing factors, the expression of the lane-changing trajectory
at a fixed velocity is simplified to a function with the lane-
changing time as the only independent variable. The theoretical
idea of human-like lane-changing trajectory is proposed in this
paper: based on the collected lane-changing time features of
drivers, a fixed spacing search is conducted to generate a set of
trajectory clusters, and then the final human-like lane-changing
trajectory is obtained by using objective function optimization.

In this paper, based on the collected lane-changing data of a
particular driver, we generated trajectory clusters at fixed intervals
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based on the mean lane-changing time of that human driver as the
center and a range of positive and negative 5 times the lane-
changing time as the range. That is, the range of lane change times
for the trajectory clusters is [y, — 50y, py, + 50y]). Although the
normal distribution already has a 99% probability sum for a range
of positive and negative 2.58 times the standard deviation, the
range of positive and negative 5 times the standard deviation is
still chosen in this paper considering planning completeness. In
the absence of special circumstances, the lane-changing features of
a given single human driver at a given velocity are stable. Even if
extreme conditions occur in practice, the influence of outliers on
the collected information would be reduced due to the
continuously updated historical lane-changing data. Therefore, the
trajectory cluster is nearly stable. In a specific scenario, the
coordinate system is converted to GCS. The lane-changing
features of selected human drivers A and B at five sets of vehicle
velocities are shown in Fig. 4.

The main factors affecting the number of trajectories generated
and the calculation time in this session are the variances of
historical lane-changing time and the fixed spacing step size.
When the variance of historical lane-changing time is large, more
trajectories are generated. When the spacing step size is smaller,
more trajectories are generated. However, a larger number of
trajectories means that the trajectories are closer to being
complete.

In this section, to balance the contradiction between calculation
time and completeness, clusters of trajectories in the FCS are
generated for natural drivers A and B at vehicle velocities of 10
and 15 m-s”, respectively, with lane-changing interval of 0.2 s
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(Fig. 6). A circular road in CarSim software is selected as the
planning scenario and intercepted the center line of a section of
road for coordinate system transformation, as shown in Fig. 7.
The route includes curves and straight lines of varying curvature,
which is a typical suburban route. Two planning scenarios are
selected. The first part is the curve with moderate curvature, which
corresponds to the lane-changing operation on the road with
curvature in a real scenario. The second part is the straight lane,
which corresponds to the free lane-changing or forced lane-
changing on the expressway or motorway in the real scenario. The
planning scenario and conversion trajectory clusters are shown in
Fig. 7.

Fig. 7(b) is converted from Fig. 6(a) and contains 30
trajectories. Fig. 7(c) is converted from Fig. 6(b) and includes 21
trajectories. Fig. 7(d) is converted from Fig. 6(c) and includes 36
trajectories. Fig. 7(b) is converted from Fig. 6(a) and includes 26
trajectories. The generated trajectories would be used for search
optimization in later sections.

4.2 Trajectory stability search

Due to the varying distribution of lane-changing time and
differing actual road center lines of human drivers, the generated
trajectory clusters may contain trajectories not conforming to
vehicle stability requirements. This situation is typically found in
local planning algorithms where vehicle kinematic properties are
not taken into account. Therefore, the number of current search
rounds is increased to remove unstable trajectories and retain only
clusters that meet the stability requirements. On the one hand, the
reference road center lines have different curvatures, leading to
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Fig. 6 (a) Planned trajectory clusters of human driver A at 10 m-s™; (b) planned trajectory clusters of human driver A at 15 m-s™; (c) planned trajectory clusters of human
driver B at 10 m's™; (d) planned trajectory clusters of human driver B at 15 m-s™. Different colors in the trajectory cluster represent different trajectories.
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Fig.7 (a) Planning scenario of circular road in CarSim software; (b) planned trajectory clusters of human driver A at 10 m-s™ in scenario 1; (c) planned trajectory clusters
of human driver A at 15 m-s™ in scenario 2; (d) planned trajectory clusters of human driver B at 10 m-s™ in scenario 1; (e) planned trajectory clusters of human driver B at
15 m-s™ in scenario 2. Different colors in the trajectory cluster represent different trajectories.

extensively obtaining the vehicle dynamics states at different
vehicle velocities and trajectories with a large and difficult
workload. On the other hand, the maximum lateral acceleration
limit method is selected to improve the operational efficiency and
to expand the application range of the stability search algorithms.
With the lateral acceleration of 0.4 g as the limiting instability
condition, only the trajectory with the maximum lateral
acceleration of less than 0.4 g (Zhao et al., 2019) could satisfy the
requirement of trajectory stability.

For the GCS trajectories, the first-order and second-order
derivatives of the plan in the X and Y directions are fitted with S as
the baseline, respectively. Then, the curvatures of the trajectories
and the lateral acceleration of the trajectories are calculated
according to Eqs. (18) and (19):

p=y" —yx")/[(x)+ ()] (18)
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a, = vip (19)
where p is the curvature; 4, is the theoretical lateral acceleration of
the planned trajectory. x' = dx/ds; x” = d’x/ds% y' = dy/ds;
y' =d’y/ds.

The lateral accelerations corresponding to the trajectory clusters
of human drivers A and B in the scenarios are shown in Fig. 8.
The trajectories with the maximum lateral acceleration greater
than 0.4 g are deleted, and the stable trajectory clusters after
searching are shown in Fig. 9.

In Fig. 8, in the two scenarios of human driver A, the planned
trajectory clusters contain trajectories whose maximum lateral
accelerations are more than 0.4 g Under scenario 1, three
trajectories exceed the 0.4 g stability threshold. Under scenario 2,
one trajectory exceeds the 0.4 g stability threshold. Moreover, the
trajectories that exceed the stability threshold all start in the
direction of the shortest lane-changing time. In contrast, all
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Fig.8 (a) Planning scenario of circular road in CarSim software; (b) planned trajectory clusters of human driver A at 10 m-s™ in scenario 1; (c) planned trajectory clusters
of human driver A at 15 m-s™ in scenario 2; (d) planned trajectory clusters of human driver B at 10 m-s™ in scenario 1; (e) planned trajectory clusters of human driver B at

15 m-s™ in scenario 2.
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trajectories of human driver B satisfy the stability requirements in
both scenarios. The reason is that human drivers have different
driving features and different needs for trajectories. It also proves
the necessity for FCS planning and the independent case of each
human driver. Compared with Fig. 7, the unstable trajectories
have been eliminated in Fig. 9.

4.3 Optimal trajectory search and collision avoidance
detection

For searching out the final execution trajectory, the cost function
of each trajectory is developed after the stability search, and the
trajectory with the minimum cost is selected for collision
avoidance detection. The trajectory passing collision avoidance
detection is the final optimal planned trajectory.

4.3.1 Optimal trajectory search

In the process of trajectory planning optimization based on
quintic polynomial, the cost function can be developed according
to the design requirements, and the trajectory with the minimum
search cost can be used as the optimal trajectory. To develop a
lane-changing trajectory close to the features of human drivers,
this paper focuses on the following three cost indicators:
personalization indicator, smoothness indicator, and lane-
changing efficiency indicator.

As the core indicator of human-like trajectory planning, the
rationality of its establishment would greatly determine the
goodness of trajectories. According to the analysis of the lane-
changing trajectory of human drivers, the features of human
drivers’ lane-changing are mainly reflected in the mean lane-
changing time and the maximum slopes of lane-changing
trajectories. In other words, if the mean lane-changing time and
maximum slope of the planned trajectory could be closer to that of
the driver’s historical lane-changing trajectory cluster, it represents
that the planned trajectory can better match natural drivers’ lane-
changing driving habits. Since the data of human drivers’ lane-
changing are collected on the straight road, the final trajectory is
affected by the actual road center line, the maximum slope term
should be compared in FCS. The human-like cost is set to two
items, namely, the proximity term of the lane-changing times and
the proximity term of the maximum slope of trajectories, and the
expression is

= (£ —ta) [t (20)

6o = (kiy = kum)* /K 21

where ¢}, ,, is the proximity cost of lane-changing time of the j-th
trajectory; #, is the lane-changing time of the j-th trajectory; #, is
the mean lane-changing time of human drivers at the current
velocity; ¢}, is the proximity cost of the maximum slope of the j-th
trajectory; ki, is the maximum slope of the j-th trajectory; k,, is
the mean maximum slope of human drivers at the current
velocity.

As an important indicator of trajectory planning, the
smoothness indicator affects the ride comfort. The trajectory
developed in this paper is based on the minimum longitudinal
fluctuation, so the longitudinal fluctuation cost could not be
considered when developing the cost function. People in the
vehicle are more sensitive to lateral fluctuation, so the lateral
stability design should be considered. In this paper, the lateral
acceleration is designed as the lateral stability feature, and the
objective is to minimize the lateral acceleration of the planning
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trajectory. The smoothness indicator expression is as Eq. (22):

d = [Z (%/4)2] /n (22)
i=1

where ¢ is the lateral stability cost of the j-th trajectory; @, is the

lateral acceleration at the i-th point of the j-th trajectory; » is the

planning point value.

The lane-changing efficiency refers to the time from the
beginning to the end of the lane change. Therefore, the shorter the
lane-changing time, the higher the lane-changing efficiency. In this
paper, the expression of the lane-changing efficiency indicator is as
Eq. (23):

=L/ (23)

where ¢, is the lane-changing efficiency cost of the j-th trajectory,
£ is the maximum lane-changing time, and m is the sequence
number of the longest lane-changing time trajectory.

According to the purpose of establishing lane-changing
trajectory, the weights of the above four cost indicators are
assigned. In order to reflect the human-like degree of the
trajectory as much as possible, the subjective parameter method is
chosen in this paper. It is worth noting that although the
subjective parameter method could impose limitations to the
application of the algorithm, it satisfies the problem-solving
objective of this paper. Moreover, the results of the subjective
parameter method are more satisfied with expectations. The
weight of lane-changing time, w, , is set to 0.3, and the weight of
the maximum slope approach term, w,, , is set to 0.2. The weight
of smoothness cost, w,, is 0.3, and the weight of lane-changing
efficiency cost, w,, is 0.2. It is necessary to emphasize that the
parameter settings depend on the importance that the designer
places on the different indicators.

The final cost function is as Eq. (24):

We} [C;Ltc C;J_S Ci ci]T (24)

=W W w

where ¢ is the lane-changing cost of the j-th trajectory. According
to Eq. (24), the cost value of each trajectory is obtained, and then
the minimum cost value is searched as the optimal planned
trajectory.

Jd* =, = min(d) (25)

4.3.2 Optimal trajectory search

The cost function could not be developed simply as a particle
because the vehicle occupies a certain volume of space. However,
the collision cost term is not considered in the cost function. To
guarantee the absolute safety of the planned trajectory, it is
necessary to perform the collision avoidance detection on the
optimal trajectory (Xue et al, 2019). If the collision avoidance
detection is passed, the optimal trajectory is the final output of the
optimal human-like planned trajectory. On the contrary, if
collision avoidance detection fails, it is necessary to remove the
optimal trajectory from the original stable trajectory clusters. After
that, it will search for the optimal trajectory once again, and carry
out the collision avoidance detection until the planned trajectory
has completed the collision avoidance detection.

In this paper, vehicles and obstacles are simplified as convex
rectangles on the ground plane. Most conventional collision
detection methods for the feature points and their corresponding
motion vectors are mostly transplanted from the two-dimensional
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game area (Chae et al, 2017). The main methods include the
center distance detection method, projection line method, and
vector crossing method. However, some methods are not
applicable to the collision detection of convex rectangles with
angles, and others have complicated calculation processes,
resulting in huge calculation volumes. This paper proposes a new
collision detection algorithm, the vertex embedding method,
which is used for convex polygons. The principle of this method is
shown in Fig. 10. There are two rectangles, ABCD and EFGH.
The four vertices of rectangular ABCD and rectangle EFGH are
connected in pairs to form 16-line segments. Each vertex has four
lines, which form four angles with the baseline. If a vertex of the
rectangle ABCD is inside the rectangle EFGH, the four angles
formed by the vertex would be in four quadrants. On the contrary,
when the vertex is outside another rectangle, the four angles
formed by the vertex are most in two quadrants.

Collision detection is divided into dynamic obstacle detection
and static obstacle detection. In order to minimize the volume of
calculation, the distance between the planned trajectory and the
dynamic obstacle vehicle is determined first, and collision
detection is carried out when the distance between them is less
than a certain extent. This step of processing would reduce the
operation time of the algorithm. For static obstacle detection, only
the nearest trajectory point is detected. The convex fitting shape
and size of static and dynamic obstacles are determined based on
perceptual information. Table 2 shows the collision detection

1
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quadrants |
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7 |

Overlap |
_- |
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/ edge
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D Two quadrants

Fig. 10 Schematic diagram of vertex embedding method.

algorithm developed in this paper according to the principle of the
vertex embedding method.

where s p'(), Lp(t), 0_p(f), and t p" are the longitudinal,
lateral, route, and time points of the optimal trajectory in FCS,
respectively; s_dynamic_s, [_dynamic_s, and v,_dynamic are the
longitudinal starting point, lateral starting point, and longitudinal
velocity of the dynamic obstacle in FCS, respectively; s_static_s,
[_static_s are the longitudinal point and the lateral point of the
static obstacle in FCS, respectively; d_threshold is the distance
threshold between the obstacle and the vehicle; I_v, w_v are the
length and width of the obstacle, respectively; Trigger_collision is

Table2 Collision detection algorithm

Algorithm 1. The collision detection algorithm based on vertex embedding method

Input: s_p'(t), L_p'(t), 0_p'(t), t_p’, s_dynamic_s, |_dynamic_s, v,_dynamic, s_static_s, |_static_s, d_threshold, |_v, w_v

1. Predicting based on constant velocity:

s_dynamic(t) = v,_dynamicxt_p'; |_dynamic(t) = I_dynamic_s;

2. The deletion of dynamic obstacle distance and static obstacle distance:

If (s_p'(t) - s_dynamic(t))* + (I_p'(t) - _dynamic(t))’ < d_threshold’
Outputt d=t
End
If min((s_p'(t) - s_static_s)* + (I_p(t) - I_static_s)?) is true
Outputt_s =t
End
3. Calculating the vertices of vehicles and obstacles
4. Calculating the angle of the vertex line:
Fori=1:8
0,(t_d) = function_calculating_angle(vertex_line_y(t_d),
vertex_line_x,(t_d));
0,(t_d) = function_calculating_angle(vertex_line_y(t_s),
vertex_line_x,(t_s));
End

5. Calculating the difference between the maximum and minimum of the four angles of the vertex:

Fori=1:8
Ormax_min_i{t_d) = max(6,(t_d)) - min(6,(t_d));
Ornax_min_i(1_s) = max(6(t_s)) - min(6,(t_s));
End
6. Judging the collision result:
If 6, min ((t_d) < 7T &€ Oy uin (E_8) < T
Trigger_collision = 1;
Else
Trigger_collision = 0;
End
Output: Trigger_collision

https://doi.org/10.26599/JICV.2023.9210004

% £ 2w

Tsinghua University Press

< IEEE



56

Dai Changhua, Zong Changfu, Zhang Dong, et al.

the result of collision detection algorithm, which equals to 1
means that the track does not collide, and equals to 0 means that
the trajectory would collide.

If Trigger collision is 1, the optimal trajectory is the final
planned trajectory. Conversely, if Trigger_collision is 0, the optimal
trajectory is deleted from the trajectory clusters. After that, the
optimal trajectory search and collision avoidance detection are
performed again until the planned trajectory is output through
collision avoidance detection, and the cycle ends.

Finally, the planned lane-changing trajectory must satisfy the
vehicle stability and collision safety constraints.

4.3.3 Summary of planning algorithm

When the safe trajectory clusters do not satisfy the collision
avoidance detection, no lane-changing trajectory would be
generated. At this point, the planning layer conflicts with the
decision layer and requires the decision layer to re-execute the
confirmation. As the logic algorithm of the decision layer is not
covered in this paper, it would not be discussed. When the lane
change trajectory is not generated, the vehicle would continue to
travel along the original lane.

In terms of the trajectory planning process in this paper, the
optimization objective is firstly proposed to generate the basic
trajectory clusters. Subsequently, the trajectory clusters are
subjected to an optimization search and a constraint search. In this
paper, the optimization constraint process proposed is
decentralized. This process of optimal trajectory planning is the
same as the one proposed by Zhou et al. (2019). However, it is
different from the nonlinear programming (NLP) problems with
uniform optimization constraints proposed by Li et al. (2020). The
discrete steps do not pose an NLP problem and make it easier to
know the specifics of the planning process.

According to the human-like means, the trajectory planning
optimization method and optimization process that this paper
focuses on is summarized in Table 3 to compare the difference
between the lane-changing trajectory planning algorithms
proposed. It is worth noting that the optimization method
mentioned in Table 3 refers to the optimization method adopted
for trajectory planning rather than improving a certain step.

Table 3 shows that this paper is significantly different from
relevant studies in the comprehensive treatment of human-like
means, optimization methods, and optimization processes. In
terms of human-like means, the statistical method is used to avoid
unexpected extremes, while keeping the algorithm process simple,
the results credible, completeness, and interpretable. In terms of
optimization methods and processes, the distributed optimization
search first and the subsequent collision avoidance detection

structure would lower the calculation difficulty in principle.

5 Verification of trajectory planning and
tracking

In this section, the three objectives of the algorithm are verified
through the planning procedure and tracking procedure: (1) to
validate the execution of the algorithm, the planning results of the
planning algorithm under different vehicle velocities and scenarios
are solved; (2) to demonstrate the potential of the human-like
planning trajectory in the field of trajectory prediction and to
mitigate the potential conflict between human driver and
automatic system, the fitting degree of the planning trajectory
relative to the lane-changing trajectory of human driver is verified;
(3) to verify the feasibility of the planned trajectory for the tracking
layer of intelligent vehicle, a tracking simulation program is
developed to track and verify the trajectory. The simulation
procedure operated on a desktop computer with an Intel i5-
7300HQ CPU (2.5 GHz), 16.0 GB RAM, Microsoft Windows 10
(64-bit), and MATLAB 2018a (64-bit).

5.1 Human-like trajectory planning with obstacles

In order to verify the feasibility of the algorithm, a dynamic
obstacle vehicle is set up in the target lane with the starting
position of (s, d.) and the velocity of 0.4v, while a static obstacle
vehicle is set up in the starting lane with a position of (s, + 57.68,
0), according to the process described above. The static and
dynamic obstacle vehicles are fitted into a rectangle with a length
of 2.9 m and a width of 2.5 m. In the above scenarios, the planned
trajectory is obtained, as shown in Fig. 11.

Figs. 11(a), 11(c), 11(e), and 11(g) show the planned trajectory
of human drivers A and B for scenarios 1 and 2 at 10 and 15 m-s™
velocities, respectively. Figs. 11(b), 11(d), 11(f), and 11(h) place the
planned trajectory under a cluster of experimentally collected
trajectories. The results show that the planned trajectories vary
between drivers at different vehicle velocities and scenarios, and
the planned trajectories are the same as the collected trajectory
clusters. It is not significantly beyond the actual track clusters.

The planned lane-changing time of human drivers A and B for
scenarios 1 and 2 at 10 m-s” and 15 m-s” velocities are 5.0257,
3.9971, 6.5551, and 4.9434 s, respectively. The differences in the
mean time of lane-changing collected from human drivers A and
B are 0.3743, 0.3029, 1.1649, and 0.6266 s, with the relative
difference of 6.9%, 7.04%, 15.09%, 11.25%, respectively,. The
planned results show that: (1) the performance of the algorithm is
high in terms of executability; (2) the human-like degree of
planned trajectory is high, which belongs to the high-level

Table3 Algorithm comparison

Ref. Human-like means

Optimization method optimization process

Based on the normal distribution features of historical lane

This paper changing trajectory clusters; Quintic polynomial

Zhang et al. (2019)

Single fitting based on a lane changing trajectory; Cubic polynomial

Distributed optimization
search

Optimization search before
collision avoidance detection

Coincidence degree with No collision avoidance

acquisition trajectory detection
Wang et al. (2016) Single fitting based on a lane changing trajectory; Sine function None None
Zhu et al. (2018) Factor analysis, fuzzy c-means clustering and back-propagation None None

Li et al. (2020) None

Zhou et al. (2019) None

neural network for classification; Sine and cosine functions

Nonlinear programming with The optimization process
unified optimization includes collision avoidance
constraints constraints

Distributed optimization
search

Optimization search contains
collision avoidance items
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Fig. 11 (a) Planned trajectory of human driver A at 10 m-s™ in scenario 1; (b) planned trajectory and the lane-changing trajectory clusters of human driver A at 10 m-s™;
(c) planned trajectory of human driver A at 15 m-s™ in scenario 2; (d) planned trajectory and the lane-changing trajectory clusters of human driver A at 15 m-s™
(e) planned trajectory of human driver B at 10 m-s” in scenario 1; (f) planned trajectory and the lane-changing trajectory clusters of human driver B at 10 m-s’;
(g) planned trajectory of human driver B at 15 m-s in scenario 2; (h) planned trajectory and the lane-changing trajectory clusters of human driver B at 15 m-s™.

personalization. (3) the planned human-like trajectory is the
highly fitting degree for the human driver’s trajectory change.

The total calculation time of the planners in the four cases was
0.321 s, 0.376 s, 0.381 s, and 0.379 s, respectively. Since the
planning algorithm in this paper is improved and applied based
on the reference (Zhou et al, 2019), this paper selects the
calculation time in this reference as the comparison object. The

https://doi.org/10.26599/JICV.2023.9210004

calculation time of the three scenarios in Zhou et al. (2019) is
0.687, 0.772, and 0.828 s, respectively. The calculation time of this
paper is 44%-61% faster than that of the reference (Zhou et al.,
2019). The improvement in completion time is explained by the
fact that the algorithm only calculates the collision avoidance
detection for points within the closest range of the optimal
trajectory from the obstacle, rather than searching for the optimal
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trajectory from all the collision avoidance safety trajectories.

5.2 Function verification of trajectory prediction based
on the historical information

The high fitting of human-like trajectory to the lane-changing
trajectory of human drivers provides strong potential for practical
applications: (1) it enables trajectory prediction based on historical
information; (2) it allows for the mitigation of potential trajectory
conflict between human driver and automatic system at the
planning level. First, it is proposed that the planned human-like
trajectory could reflect the lane-changing trajectory to a certain
extent, ie., lane-changing trajectory prediction. The human-like
trajectory could be broadcast through V2V communication
equipment in the intelligent traffic flow (Wu and Qu, 2022).
Simultaneously, the trajectory is a potential lane-changing
trajectory to be executed by the primary vehicle for the other
vehicles that receive it. Secondly, when the planned lane-changing
trajectory is close to the expected trajectory of the human driver,
the human driver could further reduce the additional driving
burden caused by the human-machine trajectory conflict, and the
automatic system would obtain more reliable input, thus reducing
the interference with system control.

To further validate the confidence level of the planned
trajectory relative to the human driver’s lane-changing trajectory
and the applicability of the algorithm to other human drivers, a
third human driver C was randomly selected from the remaining
18 human drivers for planning and trajectory prediction
verification in this section.

Figs. 12(a)-12(c) show the lane-changing trajectories and lane-
changing features of human driver C under five clusters of vehicle
velocities, respectively. Figs. 12(d) and 12(e) show the planned
trajectories of human driver C for scenarios 1 and 2 at 10 and
15 m-s™* velocities, respectively. In Figs. 12(f) and 12(g), the
planned trajectories are placed under the trajectory clusters
collected in the experiments. The results in Figs. 12(f) and 12(g)
are the same as those in Figs. 11(b), 11(d), 11(f), and 11(h). The
lane-changing time of human driver C is 5.0046 and 4.1552 s,
respectively, which are 0.1114 and 0.0173 s different from the
mean lane-changing time collected by human driver C, and the
relative differences are 2.18% and 0.41%. As the variances of the
mean lane-changing time of human driver C are 0.57, 0.37, 0.36,
0.34, and 0.20 s, the planned trajectories are within one-time
variance. The planned trajectories are used to represent the lane-
changing trajectory to be executed by the primary vehicle with a
high degree of reliability. This is a fitting method based on the
historical information, and the planned trajectory could be highly
fitted to the real trajectory clusters and thus be regarded as the
prediction result for the next lane-changing.

5.3 Trajectory verification based on single view angle
driver model

In order to verify the feasibility of planned trajectories in the
tracking control layer of intelligent vehicles, this paper develops a
single-view driver model for trajectory tracking verification using
the Simulink/CarSim co-simulation platform. In order to ensure
the reliability of longitudinal velocity tracking, the longitudinal
velocity is simply controlled. The main vehicle parameters in the
procedure are shown in Table 4, and the results are shown in
Fig, 13.

Fig. 13(a) shows the position error of six trajectories. The error
range of six trajectories is (0, 0.051 m), which is consistent with the
requirement of trajectory tracking. Fig. 13(b) shows the lateral
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acceleration of the six trajectories. The lateral acceleration range of
the six trajectories is (—0.28 g, 0.27 g), which does not exceed the
stability constraint of 04 g. Figs. 13(c) and 13(d) show the
trajectories of human drivers A, B, and C at 10 and 15 m-s7,
respectively. The results show that the planned trajectory with
current driver personality features could meet the requirements of
vehicle execution under the condition of guaranteed stability and
absolute safety.

6 Human-machine shared driving verification
of human-like trajectory planning

In order to validate the potential of the planned human-like lane-
changing trajectory to reduce human-machine conflict in the
HMSD, the driving simulator shown in Fig. 2 is used for the
HMSD driver-in-the-loop test in this section. The input of the
HMSD is the sum of the input of the human driver and machine,
the reference target of the steering system is the planned human-
like lane-changing trajectory, and the controller is a single view
angle driver model. The workbench is operated in real-time at
100 Hz.

Firstly, in order to provide a non-human-like lane-changing
trajectory for comparison, the human-like indicator in Eq. (24) is
deleted, leaving only the lane-changing efficiency indicator and
smoothness indicator. With the sum of the above two indicators
as the target income, comparative lane-changing trajectories are
generated following the trajectory planning process in Fig. 1. In
order to eliminate the interference of road curvature on the
experimental results, the two planned trajectories are transformed
to FCS, and the shared driving driver-in-the-loop experiments of
corresponding drivers are carried out, respectively. The testers are
informed in advance that the driving system is an HMSD system
and that the automatic steering system would assist in the lane-
changing. The testers could operate and input as his/her own
needs. 20 human drivers have participated in the driver-in-the-
loop test, and the HMSD results of human drivers A, B, and C,
corresponding to Section 3.1, are selected for presentation and
analysis. After the experiments, drivers’ shared driving subjective
feelings are interviewed and recorded as an auxiliary evaluation
indicator. The HMSD results of drivers A, B, and C at 10 or
15 m-s™ are shown in Fig. 14.

Fig. 14(a) shows the shared driving results of human driver
A under the human-like lane-changing trajectory and non-human-
like lane-changing trajectory proposed in this paper. When the
human-like lane-changing trajectory is the target of the automatic
steering system, the shared driving trajectory conforms the target
trajectory. The shared driving trajectory is slightly delayed when
the non-human-like lane-changing trajectory is the target.
Fig. 14(b) shows the steering input angle of human driver A in
two kinds of shared driving. When the human-like lane-changing
trajectory is the goal of the automatic steering system, the steering
input angle of human driver A is in the same direction as the
shared driving trajectory. When the non-human-like lane-
changing trajectory is the target, the steering input angle of human
driver A is in the same direction of the shared driving trajectory
within 10 m in the early stage of the lane-changing. However, the
steering input angle of human driver A is opposite to the direction
of the shared driving trajectory at the later stage of the lane-
changing. Fig. 14(c) shows the shared driving results of human
driver B under the human-like lane-changing trajectory and non-
human-like lane-changing trajectory proposed in this paper.
When the human-like lane-changing trajectory is the target of the
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Fig. 12 (a) Intercepted lane-changing trajectory of human driver C at five clusters of vehicle velocities; (b) main lane-changing features of human driver C at five clusters
of vehicle velocities; (c) main feature values of human driver C corresponding to the whole velocity range; (d) the planned trajectory of human driver C at 10 m-s™ in
scenario 1; (e) the planned trajectory of human driver C at 15 m-s™ in scenario 2; (f) the planned trajectory and the lane-changing trajectory clusters of human driver C at
10 m-s; (g) the planned trajectory and the lane-changing trajectory clusters of human driver Cat 15 m-s™.

automatic steering system, the shared driving trajectory fits the

target trajectory. When the non-human-like lane-changing
trajectory is the target, the shared driving trajectory is delayed to
the human-like lane-changing trajectory and has a long lane-

changing end adjustment stage. Fig. 14(d) shows the steering input

https://doi.org/10.26599/JICV.2023.9210004

angle of human driver B for both shared driving trajectories,
which behaves in the same way as Fig. 14(b).

Figs. 14(e) and 14(g) show the HMSD trajectory of human
driver C at 10 and 15 m-s", respectively. The performance of
Figs. 14(e) and 14(g) are similar to that of driver A and driver B in
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Table4  Simulation parameters The subjective driving experience of human driver A recorded

Symbol Interpretation Value (unit) that in the shared driving test with the human-like lane-changing
" Total mass 1,300 (kg) trajectory, the lane-changing performances are like his own
I, Moment of inertia 1,523 (kg:m?) operation, ?I}d driver A Fould feel the driving assistance; in 'the

] Eront axle distance 15 (m) shared driving test with a non-human-like lane-changing

! trajectory, the actual lane-changing operation performs urgently

b Rear axle distance 1.275 (m) which would increase the driver’s driving anxiety under the

i Steering ratio 16.7 driving condition. The subjective driving experience of human

T Model discretized step 0.001 (s) driver B recorded that in the shared driving test with a human-like
Cmnax Coefficient 0.024 lane-changing trajectory, the lane change operations perform
Conin Coefficient 0.015 closely; in the shared driving test with a non-human-like lane-

Figs. 14(a) and 14(c). Figs. 14(g) and 14(h) show the steering angle
input of human driver C at 10 and 15 m-s", respectively. The
performance of Figs. 14(g) and 14(h) are similar to that of driver A
and driver B in Fig. 14(b) and 14(d).

The results of shared driving trajectories in Figs. 14(a), 14(c),
14(e), and 14(g) show that human drivers still adhere to their own
objectives in the process of shared driving lane-changing, and the
trajectories are reflected as a more human-like lane-changing
trajectory. The steering input angle of the human driver in
Figs. 14(b), 14(d), 14(f), and 14(h) indicate that the human driver
would be more likely to accept the trajectory like their own
objective in the process of shared driving lane change, to form
mutual assistance between the two sides. However, when the
objective of the automatic steering system is significantly different
from that of the human driver, resulting in the discomfort of the
human driver, the human driver chooses the reverse input to
offset the input of the automatic steering system. This would make
the vehicle trajectory tend to the psychological expectations of
human drivers. This process is the human-machine conflict stage.
Figs. 14(b), 14(d), 14(f), and 14(h) show that the human-like lane-
changing trajectory in this paper could reduce the occurrence of
human-machine conflict.
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changing trajectory, compared with the previous one, the actual
lane change operation performs faster. The subjective driving
experience of human driver C recorded that in the shared driving
test with a human-like lane-changing trajectory, driver C could
feel noticeable driving assistance and lower steering interference
on driver C’s own driving operations; in the shared driving test
with a non-human-like lane-changing trajectory, compared with
the previous one, driver C could feel rapid changes in vehicle
status and increased driving anxiety during multiple tests. In
addition, driver C could feel the irregular torque fluctuation
disturbance from the EPS system, which could provide more
interference in the driver’s manoeuvres.

Following the test, the test drivers are asked to subjectively
choose their preferred lane-changing trajectory. 18 of 20 human
drivers chose the human-like lane-changing trajectory, and the
remaining 2 of 20 indicated that both trajectories are acceptable.

The experimental results demonstrate that the human-like lane-
changing trajectory proposed in this paper greatly benefits in
mitigating human-machine conflict in the HMSD systems. This
would further enhance the trust and acceptance of human drivers
to the HMSD system, reduce the possibility of human drivers
competing for the right of the road with the automatic systems,
and thus improve the safety of the HMSD system.
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Fig. 13 (a) Position error of trajectory tracking; (b) lateral acceleration of trajectory tracking; (c) tracking trajectory of human driver A and B at 10 m-s™ in scenario 1;

(d) tracking trajectory of human driver A and B at 15 m-s™ in scenario 2.
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Fig. 14 (a) Human A-machine shared driving trajectories at 10 m-s™; (b) steering angle of human A; (c) human B-machine shared driving trajectories at 15 m-s’;
(d) steering angle of human B; (¢) human C-machine shared driving trajectories at 10 m-s™; (f) steering angle of human C; (g) human C-machine shared driving

trajectories at 15 m-s; (h) steering angle of human C.

7 Conclusions

This paper proposes a human-like lane-changing trajectory
planning algorithm to mitigate the potential conflicts between the
human drivers and the automation systems from the path
planning level for autonomous driving cars. Firstly, a basic lane-
changing trajectory algorithm based on the quintic polynomial in
the FCS is developed. Following this, naturalistic driving data is
collected in order to bring the planned trajectory closer to human
behaviour, and based on which some lane-changing features are
selected and analyzed. The human-like lane-changing trajectory
considers vehicle dynamic stability performance, driving cost

https://doi.org/10.26599/JICV.2023.9210004

optimization, and collision avoidance. Finally, the single view
angle driver model and the HMSD driver-in-the-loop test verify
the proposed human-like trajectory tracking performance. Hence,
we can draw the following conclusions from this paper:

1) The proposed vertex embedding collision avoidance
algorithm could be efficiently employed in vehicle trajectory
planning with collision detection and avoidance.

2) The proposed lane-changing trajectory planning algorithm
with the highest degree of personalization provides a cluster of
lane-changing trajectories that are highly compatible with human
driving behaviour, and thus could further mitigate the potential
driving conflict between human driver and automation systems.
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3) The proposed trajectory planning algorithm’s search method
could reduce the planned trajectory’s computation cost compared
with other search algorithms.

4) The planned trajectory which highly fits the real lane-
changing trajectory clusters could be further employed as an
empirical human driver trajectory prediction result. The potential
application of the proposed algorithm could be further extended
for the research in the human driver trajectory prediction area.

It is worth noting that the trajectory planning algorithm
proposed in this paper is based on lane-changing decisions to
make actions, which may lead to no solution for the trajectory
planning algorithm if the decisions are faulty in terms of
environmental perception or velocity mismatch curvature. The
lane-changing trajectory planning algorithm also has some
application limitations and requires information on historical
human driver behaviors. However, there are no implications for
the application of this algorithm in the areas of human-machine
conflict reduction and human-like driving assistance.
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