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Abstract—In this paper, a novel approach of decision-making
and motion control is designed for realizing safe and personalized
driving of autonomous vehicles. A new lane-change intention
generation model and a new lane-change decision making algo-
rithm are proposed. The feature of the proposed decision-making
module is that the interactions between the ego vehicle and other
surrounding vehicles are represented by dynamic potential field
(DPF) and embedded in the gap acceptance model to ensure the
safety and personalization during driving. In addition, an inte-
grated trajectory planning and tracking control algorithm, which
incorporates the artificial potential field (APF) and constrained
Delaunay triangulation (CDT) into the model predictive control
(MPC) framework, is developed. The newly developed integrated
controller allows efficient execution of the expected motion. The
proposed approach is tested under different driving conditions
and further compared with an existing baseline method. The
results show that the proposed approach is able to make safe and
personalized decisions, and execute motion control more efficiently
for automated driving under dynamic situations, validating its
feasibility and effectiveness.

Index Terms—Autonomous vehicles, personalized safe driving,
decision making, motion control, DPF, CDT

I. INTRODUCTION

S a promising mechatronic solution, autonomous driving
is expected to help reduce traffic accidents, mitigate hu-
man drivers’ workloads and further improve the quality and
experience of the mobility. However, fully autonomous driving
is still far away from mass production and deployment, as
currently the smartness of automated vehicles is limited. Thus,
the automated vehicle technologies need to be further improved
to make reasonable decisions and properly plan motion in
various dynamic driving situations, to ensure safety, stability and
smoothness. Currently, there are still many open questions and
technical challenges existing in the development of automated
driving functionality modules, for example, safer and personal-
ized decision making and motion planning, that are worthwhile
exploring [1].
For autonomous driving, lane-change (LC) and lane keeping
are two important operations that require and assess the ability
and performance of decision making and motion planning
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functionalities [2, 3]. For example, the performance of a lane-
change maneuver greatly affects driving safety, ride comfort and
traffic efficiency, especially in complex dynamic environments
[4]. The study of ref [5] indicates that the lane-change maneuver
accounts for about 5% of all crashes and as high as 7% of all
crash-related fatalities. Typically, the process of a lane-change
maneuver can be divided into two phases: the decision-making
and the action execution. The decision-making phase includes
the intention generation and lane selection, while the execution
phase consists of the generation of a collision-free path and
tracking of the generated path.

During a lane-change maneuver, if the current lane cannot
meet the controlled vehicle’s motion expectation, a lane-change
intention will then be generated. To explicitly understand the
driver’s lane-change intention, a series of surveys is conducted.
The study of ref [6, 7] reveals that the velocity difference and
distance difference between the ego vehicle and its preceding
vehicle mainly affect a driver’s lane-change intention generation.
Ref [8] suggests that the passenger vehicles commonly change
their lanes in order to gain a higher speed. Ref [9] investigates an
intention model based on the deceleration to mimic the driver’s
willingness of lane-change. However, this implicit and indirect
expression can not provide an accurate description.

The intention generation is the prerequisite of a lane-change
decision-making, and the next step is to assess the safety and
feasibility of a lane change manoeuvre and make a decision. The
existing methods can be classified as follows: rule-based, dis-
crete models based, game theoretical based and learning-based
ones. The principle of the rule-based method is using traffic
rules to construct an expert system for traffic gap identification
[10]. Some representative rule-based models include the Gipps
lane change model [11], CORSIM model [12] and ARTEMiS
model [13]. They can be easily implemented in simple scenarios,
but would become unreliable in complex driving situations.
The main idea of the discrete model is to use an utility
function to evaluate the driving gain of each lane and determine
the target lane with the maximum gain. However, tuning a
large number of weighting parameters would be very time
consuming [14]. While Game theory is another typical approach
adopted in lane-change decision making. The best maneuver is
chosen by maximizing the payoff function [15]. However, the
assumptions that each player within the game has the payoff
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information of others is not always practical. Recently, learning-
based approaches become popular in the lane-change behaviour
studies [16]. However, large-size quality data is needed for
model training, which causes many restrictions in real world
applications. In addition, it does not consider the driver’s mental
states and cannot make high-level LC decisions that conform to
social norms, especially in complex dynamic environments [17].

Through the above review of the lane-change models, it is
found that the existing works have not fully considered the
driver’s aggressiveness level. An aggressive driver may prefer
closer cut-ins, closer overtakes, sharper steering operations, etc.
And the aggressive driving behaviours may lead to uncomfort-
able driving experience, improper merging behaviour and higher
risks of traffic accidents [18]. A cautious driver, on the contrary,
would take care of other surrounding vehicles’ intents and
benefits. Ref [19] indicate that the aggressiveness level usually
correlates to vehicle’s longitudinal and the lateral movements.
The estimation and classification of the aggressiveness level
can be obtained by logic-based methods including constructed
driving operational pictures (DOPs) [19], fuzzy logic [20], facial
character analysis (FCA)[21], SVM [22], random forest and
other learning methods. The logic-based approach is simple
and flexible, and can handle problems with imprecise and
incomplete data. The learned-based method can improve the
estimation accuracy. But, it requires a long time to train models
[23].

Once a desirable decision is made, the intended driving ma-
neuver needs to be translated into a trajectory in the target lane
[24, 25, 26]. The trajectory planning methods can be categorised
as follows: the geometry-based approach [27], optimization-
based approach [28] , graph-search approach [29] and Acrtificial
potential field (APF)-based approach [30]. The geometry-based
approach is known for its strong ability in calculation efficiency,
but it lacks consideration of vehicle dynamics. The optimization-
based approach can solve the above drawback, however it may
result in a complex non-convex optimization problem which is
difficult to be solved. The graph-search approach can generate a
cluster of trajectory candidates based on the designed patterns,
but it is very time consuming due to a large number of iterations
needed. APF is widely used in robotics to navigate an agent
to the target place without hitting obstacles. By generating
an attractive field attached to the goal point or region and a
repulsive field attached to the obstacle, the vehicle motion is
then navigated to avoid obstacles. However, the generated route
is likely to fall into a local minima due to inappropriate set-
up of parameters. To solve it, the combination of APF and
model predictive control (MPC) has been developed to provide
a continuous and smooth trajectory. But this method is very time
consuming.

According to the analysis and comparison conducted above,
we aim to develop a novel decision-making and motion con-
trol system, which includes a lane-change intention generation
model, a decision making model and an integrated trajectory
planning and tracking controller. Specifically, the lane-change

intention model is firstly developed based on the dynamic poten-
tial field and driver’s aggressiveness level. Then, a lane-change
decision making module is designed using personalized gap
acceptance model. Instead of considering the decision-making
as a deterministic process, we utilize the conditional probability
to build the model for decision-making. Next, an integrated path
planning and tracking control module is developed by incorpo-
rating CDT and APF into a MPC controller. The contributions of
our paper mainly include: 1) a novel personalized lane-change
intention model is developed by utilizing DPF and considering
the aggressiveness level of driving; 2) a new DPF-based gap
acceptance model, which considers both the relative velocity
and relative distance, is developed for lane-change decision
making to ensure safety and personalization; 3) an new MPC-
based motion control algorithm is designed by using CDT and
APF to further improve the computation efficiency of the control
execution.

The reminder of the paper is as follows. The high-level
system structure is introduced in Section II. The decision mak-
ing method, including the intention estimation of lane-change,
estimation of the aggressiveness level, and the safety evaluation
of the lane-change maneuver, is introduced in Section III. The
path planning and tracking controller are designed in Section
IV. The testing, validation and results are presented in Section
V. Finally, Section VI concludes this paper.

II. HIGH-LEVEL SYSTEM ARCHITECTURE

In order to develop the safe and personalized decision making
and motion planning functionalities for autonomous vehicles, a
targeted driving scenario is first defined as a straight two-lane
motorway, as shown in Fig. 1. For the decision making of the
lane change process, we only consider four vehicles, which are
the ego vehicle (denoted in short as ego) and the preceding
vehicle (denoted in short as preceding) in the current lane, and
the leader and follower in the target lane.

Leader

Direction of travel
— @D @D

Ego Preceding

Follower

Fig. 1: The defined driving scenario of a two-lane motorway.

The architecture of the entire system to be developed is shown
in Fig. 2. By considering the necessity, i.e. the lane-change
intention and evaluate the safety, a driving maneuver decision,
i.e. either lane-change or lane keeping, will be made. The motion
planning and control module will first generate a collision-free
corridor by using CDT, and then plan a feasible trajectory by
optimizing a constrained multi-objective cost function via the
MPC approach.
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Fig. 2: The high-level framework of the proposed decision-
making and motion control approach.

To develop the expected functionalities under the targeted
scenario, the following assumptions are made in this work:

o The initial velocity of the ego is larger than that of the
preceding;

o The velocities of the preceding, follower and leader re-
main constant during the decision making and lane-change
process;

o The target lane is the one into which the ego is contem-
plating movement;

o The ego is equipped with advanced sensing technology
which can provide accurate localization and perception
information for executing decision-making;

o During the execution of the lane-change maneuver of the
ego, the other surrounding vehicles remain in their current
lanes [31].

III. THE SAFE AND PERSONALIZED DECISION-MAKING

In the decision-making process of a lane-change maneuver,
two important factors, namely the necessity and the safety, are
considered. The concern of necessity is to determine whether
the lane-change maneuver of the ego is necessary and the ap-
propriate representation of the personalized intention generation
(Section III-A). While the concern on safety is to guarantee
a collision-free motion during the lane-change process, and
the safety consideration is introduced into a personalized gap
acceptance model (Section III-D).

A. Lane-change intention generation

Typically, the ego vehicle executes a lane keeping maneuver
when the current lane can meet its expectation. Once the driving
expectation cannot be satisfied, for example getting blocked
by a slower preceding vehicle, then the lane-change intention
is generated. As mentioned in Section I, the willingness of
changing the lane mainly depends on the relative distance and
relative velocity between the ego and preceding. Specifically,
when the ego’s velocity is no larger than that of the preceding,
the ego would prefer to remain in the current lane. When

the ego’s velocity exceeds that of the preceding, the lane-
change intention may be generated as their relative distance
decreases. In our paper, we adopt the DPF formula to measure
the desire of lane-change. As shown in Eq. (1), the DPF model
mainly contains two parts: Ua and U,.4. Ua is the von Mises
distribution, representing the potential field related to the relative
velocity. And Up is the potential field function associated with
the relative distance.

Upe =UaUpq
exp[n(Avye) cos(6)] — I
Unr =«
2mlo[n(Avpe)] (1)
b
_ (ze — xp)z (ye — yp)2
Ura = Ay -exp | = 20?2 205

where « is the maximum value of the potential field of Ua.
Ay is the maximum value of the potential field of U,.q. 0 is the
relative heading angle between the two vehicles. Avpe = v, —v,
is the relative velocity, and v, is the ego’s velocity and v, is
the preceding’s velocity. (z;,y;),t € {e, p} represents the ego’s
position and preceding’s position, respectively. o, and o, stand
for the convergence coefficients along the directions of axis X
and Y, respectively. b is the coefficient for changing the shape.
Iy(+) is the modified Bessel function of 0 order. By using Ua,
the potential field is drifted to the direction of Aw. It should
be noted that the distributions of the potential field in vehicle’s
longitudinal and lateral directions are different. In our study,
we set N(Avpe) = asign(Avpe)|Avye| where a is a design
parameter.
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Fig. 3: Schematic diagram of the dynamic potential field de-
signed based on the relative velocity and distance: (a) the
distribution of the DPF when ego is faster than preceding; (b)
the distribution of the DPF when ego is lower than preceding;
(c) dynamic potential field with v, = 13m/s and v, = 10m/s.

As shown in Fig. 3, if the ego moves faster than the preceding,
the drifted potential field will be generated towards the ego
(Fig. 3a). While the distribution of the potential field will be
drifted forward if the ego is slower than the preceding (Fig.
3b). Additionally, Fig. 3¢ shows the relationship between the
potential field and the relative distance. It shows that with the
decrease of the relative distance, the repulsive potential field is



IEEE/ASME TRANSACTIONS ON MECHATRONICS

VS S VL VL

-

e
<3

o

N o
(2]

o o o o
e 1
IS

Degree of membership
n

o N

Degree of membership

o

Fig/dpfnew3-eps-converted-

o

100 200 aAfA vV

)

max

o

20 40

Potential field

(a)

60

Velocity (km/h)

(b)

80

(©

Fig. 4: The membership functions: (a) the potential field; (b) vehicle’s velocity; (c) the aggressiveness level.

increased and reaches its peak value when the relative distance
converges to zero. Based on this relation, if the ego cruises
at a velocity that is no larger than the preceding and there’s no
braking operation executed, then it will be considered as beyond
a relatively safe distance.

As there are considerable interpersonal differences in driver’s
decision-making and driving performance, it is reasonable to
consider driver’s personalization. To realize personalized safe
driving, it is necessary to select different values for the thresh-
old of the lane-change intention generation module. Once the
intention is triggered, the larger the potential energy is, the
stronger the lane-change intention will be. Vice versa. To do this,
a concept of aggressiveness level is introduced in this work for
representing the personalization, and it will be associated with
the threshold selection of the lane-change intention generation.

B. Estimation of the aggressiveness level

In this work, the aggressiveness level of the ego’s driving
is estimated to indicate the willingness of the lane-change
maneuver and therefore to determine the threshold of lane-
change intention. Here, we divide the aggressiveness levels into
the following groups:

B Type A: low aggressiveness, i.e. cautious driving. The
drivers care about their safety and surrounding vehicle’s
benefits. Thus, they prefer to stay in the current lanes,
maintaining within a relatively safe condition.

Type B: medium aggressiveness, i.e. normal driving. This
driving style is positioned in between the aggressiveness
and cautious ones. The drivers prefer to do lane changes
when risks are low.

Type C: high aggressiveness, i.e. aggressive driving. The
drivers would like to take some risks to reach their driving
objectives (including higher speed and shorter travelling
time) whenever they have a chance.

Remark 3.1: The repulsive potential energy is inversely pro-
portional to the relative distance under a fixed relative velocity,

and the average potential energy is usually calculated over a
period of time. However, in this work, under the assumption
that the vehicles remain their velocities during a lane change
maneuver, we are able to use the ego’s initial velocity and initial
potential energy as the factors to determine the aggressiveness
level.

In order to classify the aggressiveness level, the Fuzzy
inference system (FIS) approach is adopted in this study. FIS
is utilized for mapping the inputs with the outputs by using the
fuzzy membership functions and fuzzy rules. This method has
been widely used in many application domains [32]. It consists
of three main components: the fuzzification, the rule evaluation
and the defuzzification. With FIS, the aggressiveness level of
driving can be estimated as:

1) Fuzzification: Fuzzification is a process to convert a input
value to a fuzzy value based on the membership functions. In
this work, the triangular membership functions and S-shaped
membership function are utilized. The fuzzy values of potential
field applied are listed as follows: very small (VS), small (S),
medium (M), large (L) and very large (VL). The fuzzy values
of vehicle’s velocity can be defined as: very low (VL), low (L),
Medium (M), High (H) and very high (VH). The output is the
level of the driving aggressiveness: low (L), medium (M) and
high (H). The membership functions are shown in Fig. 4.

2) Rule evaluation: The fuzzy rules are used to describe how
the FIS system makes a classification regarding the inputs. In
thsi work, the fuzzy rules are represented in the form of If-and-
Then and are summarized in TABLE L.

3) Defuzzification: Defuzzification is the process that com-
putes the output values based on the membership function.
There are many methods, including center of area (COA),
mean of maximums (MEMAX), center of gravity (COG) and
weighted mean of maximums (WMEMAX), for solving the
defuzzification. In thsi work, the COG approach is adopted
to estimate the level of the aggressiveness of ego which is
parameterized by p.,0 < p. < 1. The greater the value of

to.pdf
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TABLE I: Fuzzy rules for aggressiveness level identification

Index  Potential field Operator  Velocity = Rule weight  Output
1 VS and VL 1 L
2 VS and L 1 L
3 VS and M 1 M
4 VS and H 1 M
5 VS and VH 1 M
6 S and VL 1 L
7 S and L 1 M
8 S and M 1 M
9 S and H 1 M
10 S and VH 1 H
11 M and L 1 M
12 M and M 1 M
13 M and H 1 M
14 M and VH 1 H
15 L and L 1 M
16 L and H 1 H
17 L and VH 1 H
18 VL and L 1 H
19 VL and H 1 H
20 VL and VH 1 H

the p. is, the more aggressive the ego is.

C. Personalized decision making model

Based on the estimation of aggressiveness level of driving,
the personalized decision making model is developed. Different
thresholds in the relative distance-relative velocity state plane
as is designed for different driving styles as shown in Fig.
5. The lane-change intention is considered to be triggered
by different reference thresholds under different aggressiveness
levels of the ego, which can be reflected in the potential field.
Suppose that the initial point of the relative velocity and initial
relative distance between the ego and preceding is represented
by A. As the relative velocity is assumed to be constant during
the lane-change process, their relative distance will gradually
decrease over time, as shown by the vertical black dash line
downwards. After the relative distance reaches the threshold line
of intention generation (Point B), the ego starts to plan a lane
change. Based on our previous definition, the vehicles of a high
aggressiveness would generate the lane-change intention much
earlier than those ones with medium and low aggressiveness
(normal and cautious). Thus, the corresponding threshold line
for the intention generation of aggressive ones would be closer
to the initial point, as reflected in the figure.

The point S in Fig. 5 shows an emergency situation after
which the ego has to slow down at its maximum deceleration in
order to avoid the potential rear-on collision to the preceding.
The calculation of the minimal safe distance can be given by:

do= T 2
s—m+ue(r+§)+o 2)

where ¢, is the reaction time ranging from 0.8s to 1s for
human driving. In this work, it is set as 0.1s for the faster
responsiveness of autonomous vehicle. ¢; is the build-up time
of deceleration ranging from 0.1s to 0.2s. @y, 4, is the maximum
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Fig. 5: Schematic diagram of the reference line for decision
making.

deceleration for both the ego and preceding. d, is the minimum
clearance distance between the adjacent vehicle after the ego
reaches the same velocity as the preceding, and set d, as 2m in
this work. Point S is the point we would like to avoid. Therefore,
the threshold line for lane keeping (Point C) is designed to be
above the Point S. Point C represents the threshold for the lane
keeping decision generation. We assume that if a safe lane-
change decision is confirmed when the current state point is
within the segment BC, then a lane-change maneuver will be
executed immediately. Otherwise, a lane keeping decision will
be made once the ego reaches the Point C.

For simplification, the lateral positions of the ego and pre-
ceding are the same, i.e., Y. = y,. Then (1) can be rewritten in
a more general form as:

_exp[n(Av) cos(m)] — I dz, '
U(A’Upea dpe) =A QWI()[U(AU)} eXp | — { }

3
where A = o - Ay and d,. = x. — ), is the relative distance
between ego and the preceding in the longitudinal direction. It
can be seen that U.) is a function of the relative velocity and
relative distance. Then, the threshold line of the potential field
for lane-change intention can be calculated as

exp(Bi(1 — pe)) ‘ |:dpeO - ds:|
“4)

e 2
where dp,o is the initial relative distance. 3; is a coefficient. p,
is the estimated aggressiveness level of ego. Av,; is the relative
velocity between the ego and the leader (Ave; = v, — vy).
Similarly, the potential field of the threshold line for lane

keeping is designed as
dpeO +d5 |:dp€0 - ds}})
2
&)

U Cc = U (Ave fs { —
2
where Awvy is the relative velocity between the ego and the
follower (Avey = ve — vy).
As discussed above, a suitable decision can be made before
the ego entering the emergency region. It should be noted
that position of Point B, C and S may move up or down in

Up=U (A'Uela |:dp60 -

exp(Bipe)
e
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parallel due to the external disturbance or measurement error.
After a lane-change intention is generated, the safety of during
the possible lane-change maneuver will be evaluated for the
follower and leader.

D. Safety evaluation of the the lane-change maneuver

In order to evaluate vehicle’s safety during a lane-change
maneuver, in this work, the concept of critical gap is used. The
critical gap consists of lead critical gap and lag critical gap [33].
The lane-change maneuver is considered as safe and feasible
only when both the lead and lag critical gaps are acceptable
(Fig. 6). The lead and lag critical gaps are selected based on
the relative velocity between the leader and the follower, and
they can be calculated as:

Gy = exp(m + kiU (Aver, der) + Bi(1 — pe))

Gy =exp(ny + rpU(Avge, dep) + B (1 = pe)) ©
where U(Awv;j,d;j),4,5 € {e, f,l} represents the potential
energy and can be calculated through Eq. (3). v;; = v; —v; and
d;; denote the relative velocity, and the relative distance between
vehicle ¢ and vehicle j, respectively. 7;, k; and 5;, (i = I, f) are
design parameters. It should be noted that only when both G;
and Gy are smaller than the corresponding real gaps, then the
lane-change maneuver will be considered as safe and executable.

Follower Lag critical gap Lead critical gap Leader

Ego

Fig. 6: The gap acceptance model for the LC decision making.

As described in Eq.(6), the lane-change decision is made
based on the aggressiveness level of the ego and the potential
field forces generated by the leader and the follower. When
the ego moves faster than the leader, as their relative distance
decreases, the lead critical gap needed by the ego for doing a
safe lane-change would become larger. Similarly, the lag critical
gap increases as the relative velocity between the follower and
the ego increases. In addition, by introducing p. to Eq.(6), the
calculated gap can match with the human driver’s character-
istics. As described in Eq. (6), a larger gap is needed for an
autonomous vehicle with a lower aggressiveness than that for
one with a higher aggressiveness. The probability for executing
a lane change is therefore given by

P(LC)
P

= PIGl(t) > Gi(t)lpe] - PN ) > CpDlpe]

where Glm‘l and G}e“l are the real lead gap and real lag gap,
respectively. The conditional probabilities that the lead and lag
gaps are acceptable can be derived as

PG} (t) > Gu(t)|pe]
= P(In(G{*"") > In(G1)|pe)

1 Greal In(G (8)
:(I)<n(l )_n( l))
0y
and .
P[GF(t) > Gi(t)|pe]
= P(In(G}*"") > In(Gy)|p.) o

. <1n(G}wl) - ln(Gf)>

of
where ®(-) is the cumulative standard normal distribution, o,
and o denote the variance of the lead gap and the lag gap,

respectively. If P(LC) > 1 — P(LC), a lane-change decision
will be made.

IV. SAFE AND EFFICIENT MOTION PLANNING AND
TRACKING CONTROL

In this section, we formulate the path planning and tracking
control problem together as an integrated module. Firstly CDT
technique is used to identify the safe area from the current
position of the ego to the target point based on the driving
decision made (Section IV-A). The boundary of the safe area
is then represented by the APF model (Section IV-B). Then, a
CDT-APF based MPC controller is designed to simultaneously
plan the local path and optimize the control outputs (i.e. the
front wheel steering angle and the longitudinal acceleration) in
real time (Section IV-C). It should be noted that the artificial
potential field in this section is different from the one, i.e the
dynamic potential field model, used in Section III.

A. Collision-free driving area

In this work, CDT is adopted to determine the safe area
for generating collision-free paths. The Delaunay triangulation
graph can dynamically updated based on the changes occurred
in the dynamic driving environment. The target region is defined
as the position that is away from the leader or preceding with a
distance of d,. The safe area consists of a sequence of triangles
which connects the starting point to the final region (Fig. 7).

The method for identifying the safe area can be summarized
as follows:

(1) After a decision is made, identify the target region and
regard all the surrounding vehicles as rectangle obstacles;

(2) Discrete the driving region into /N constrained Delaunay
triangles. Find the triangle T,,7y € 7,1 < s,f < N, f #
s, T = {T1,T>,--- , Ty} to which the starting point S, and
final point F}, belong.

(3) Construct an adjacent matrix MPM*N to indicate the
adjacency of any pair of the triangles. The element M(j, m) =
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Fig. 7: The path planning scheme with CDT and APF.

,(j=1,---,N,m =1,---,N) when the triangles T; and
T, are adjacent. Otherwise, M(j,m) = 0.

(4) Based on the adjacent matrix M, create a tree structure
to find a possible way from T to T through a sequence of
triangles. The tree construction can be summarised in Algo-
rithm 1. In Algorithm 1, 7 is a tree structure whose root is 7.
InsertTree() is used to insert a node to the current tree under
the father node farnode, while branch is a sequence of nodes
from root to the leaf node. After the safe area is identified, the
boundary of the safe area is then considered as non-overcome
road boundary and can be represented through the APF model.

B. Artificial potential field model
In this section, we assign repelling artificial potential fields
to the boundary of the safe area:

P7(,y) = el Tt $)h

(10
where 7,7 = {low, up} represents the minimum distance from
the point (x, y) to the lower boundary and the upper boundary of
the safe area. w is the vehicle width and d.. is the safety margin.
h is the coefficient to adjust the magnitude of the potential field
value. The value of P"(x,y) should be large enough to keep
the ego within the safe area.

C. Model predictive controller design

In this section, we design a CDT-APF based MPC controller
for path planning and tracking control. A dynamic vehicle model
with three degrees of freedom is adopted. The state variables
are = [2%,y® ¥, vy, vy, 7). (29, y®) are the longitudinal and
lateral positions, respectively, in the body frame (X,Y). v,

Algorithm 1 Tree construction
Inputs : Triangles T, Tt
Adjacent matrix M
Output: 7
Initialize: 7 < InitializeTree(T),
Set Searchentity= {7}

while SearchEntity# () do
farnode=SearchEntity(1)
SearchEntity=SearchEntity-{ farnode}
SearchEntity= SearchEntity UM ( farnode, :)
Index = find(M(farnode,:) == 1)
for i =1:1:length(Index) do
childnode = Trypgeq(i)
[T, addnum] < InsertTree (7, farnode, Trngeq(s))
if childnode # Ty & addnum > 1 & childnode ¢
SearchEntity then
| SearchEntity < SearchEntity | J{childnode}
end
end

end

and v, denote the longitudinal and lateral speeds of the centre
of mass (CM), respectively. r = w is the yaw rate and v is
the inertial heading angle. The dynamics of the vehicle can be
modeled as follows [34]:

Vg = TVy + Gy,

2
Uy = —1rvy + —(Fepcosdy + Fop),
m
2
#= (U Fep = Lo For), (11)
% = v, cos) — vy sin,

7% = vy siny + Vy COS .

where m and I, denote the vehicle’s mass and yaw inertia,
respectively. a, is the longitudinal acceleration, and d; is the
steering angle of the front wheel. [y and [, represent the
distances from the CM of the vehicle to the front and rear axles,
respectively. R, is the rolling radius. F,; and F,. denote the
lateral tyre forces at the front and rear wheels, respectively. Tthe
systems’ input is u = [J, a,]T. We discretize the vehicle system
with a fixed sampling time 7}, and obtain zj41 = f4(xk, u)
and y, = P" (2, y7). yk is the potential field value associated
with the position coordinates. Then, the optimization problem
can be formulated as:

- ytarget||12/v + ||'Ut+k,t - Utarget”%—[

?%‘*‘ ||yteik,t

d’I"H_k
+ 5 +Z [

12)
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st Terparr = fUTeane, Uans), k=0,--- Hy—1 (13a)
Yerkt = [Ursres Yrrr, k] (13b)
Ukt = DUy gy + U k—1, (13¢)
Umin < Utgkt < Umaz, k=0, ,Hc—1 (13d)
w1, = u(t — 1) (13e)
xe e = x(t) (13f)

where t denotes the current time, and x.y ; denotes the pre-
dicted state at time ¢+ k obtained by applying control sequence
U = [urg, - ,utqre] to the system (zp11 = FHxr, ur))
with z,, = z(t). R, W, H and N are the output weighting
matrices, and @ is the weighting factor of the control input. H,
is the control horizon, while H), is the prediction horizon with
H, > H.. The first term is the core of the CDT-APF-based
MPC controller. It aims to minimize the potential energy given
by APF model. In this way, the position of ego is constrained
in a relatively narrow space, i.e., safe area, so that the ego
can quickly move to the target lane under the repulsive force.
The second and the third terms aim to make the ego drive
consistently with the target in the lateral direction and reduce
their relative speed. The target vehicle is either the leader or
the preceding vehicle. The forth term aims to minimize the yaw
acceleration throughout the maneuver, ensuring driving comfort
and efficiency. The final term reflects the consideration on the
size of u;yy . The control inputs are v = [6 f,am], and they
both subject to the physical limitations of the vehicles, i.e.,
5fmzn < (Sf < 6fma:1: and Agmin < Gz < Qgmaz- 5fmzn’ 6fma:1:s
Qzmin and Gpma, denote the saturation level of 6y and a,,
respectively. The above optimization problem can be effectively
solved by using the fmincon in MATLAB environment. It should
be noted that the above optimization problem can be transferred
to a Min-Max MPC optimization problem when considering
measurement error and disturbance.

V. TESTING, VALIDATION AND RESULTS

In this section, the proposed approach will be tested in
autonomous vehicles under typical scenarios, and its feasibility
and effectiveness will be validated. Results will be reported and
discussed.

A. Testing scenario
The testing scenario is set as follows:

1) The driving scenario is the two-lane motorway, and the
road width is set as 3.5m.

2) The ego vehicle starts from the initial position at (0, 0).

3) The physical limitations on vehicle actions are set as
—30 X 155 < 0y <30 X 155 and =5 < a, < 5.

4) The sampling time is set as 0.05s. The control horizon is
H, = 5, while the prediction horizon is H, = 10.

5) Other initial setting of the driving scenario is listed in
TABLE II.

TABLE II: Environment set-up in the testing

Parameter Value
Initial velocity of the ego 13 m/s, 15 m/s and 9 m/s
Initial velocity of the preceding 10 m/s
Initial distance to the preceding 35 m
Initial velocity of the leader 14 m/s
Initial velocity of the follower 12 m/s
Initial distance to the leader Sm
Initial distance to the follower 20 m

6) The parameters of the ego, the dynamic potential field
used in Section III-A and the gap acceptance model used
in Section III-D are selected as the same as ones in [33].

B. Testing results

Based on the above different settings of the driving environ-
ments, the corresponding probabilities of aggressiveness can be
calculated, representing the medium, high and low levels of the
aggressiveness, respectively:

pe = 0.5139, veo = 13 [m/s],
pe = 0.7163, veo = 15 [m/s],
pe = 0.2969, veo =9 [m/s].

Fig. 8 shows the results of decision making and motion con-
trol with p. = 0.5139. Fig. 8a shows a lane-change trajectory
of the ego by considering it own driving aggressiveness and
surrounding vehicles. Fig. 8b-d represent the ego’s status at
three different time points during the execution of a planned
lane change. It shows that at each time step, the current driving
maneuver can be discretized into several constrained Delaunay
triangles, which are indicated by the dash blue line. The safe
area that the ego travels is identified, and the information of the
corresponding boundary (the solid purple line) is implemented
in the potential field model. The proposed controller can gen-
erate a collision-free and smooth path for lane-change of the
ego.

To analyze the impact of aggressiveness level on the decision
making process, Fig. 9 , which represents the vehicle’s status
under different aggressiveness levels, is plotted. Subfigs. 9a-c
illustrate the time point of lane change intention generation,
lane change decision-making and lane departure with different
aggressiveness levels, respectively. For example, in Fig. 9a, the
lane-change intention is generated when the ego reaches around
35m in the longitudinal direction. The safety evaluation of the
lane-change maneuver is updated in real time, and a safe lane-
change is confirmed as reflected by the flag in LCs; ey = 1.
After the ego moves cross the dashed lane line and further moves
towards the target lane, there is no more lane-change intention
generated, as the flag changes back to 0 LC;iention = 0. In
addition, as shown in Fig. 9b, a more aggressive ego vehicle
generates the lane-change intention earlier and executes the
maneuver quickly since the limitations on its acceptable gap is
relative loose. In contrast, a cautious ego vehicle, as shown in the
Fig. 9c, is more likely to make a conservative decision, as it only
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Fig. 8: Results of the decision making during the lane change
under the medium level of aggressiveness ( p. = 0.5139).

performs the lane-change maneuver when the gap is relative
large. This conservative behaviour then leads to a lane keeping
decision (LK qfety = 1). Fig. 9d shows the velocity tracking
performance under different aggressiveness settings. This is the
third objective of the optimization problem and can be achieved
by controlling a,.

Discussion: The testing results show that the proposed ap-
proach is able to represent autonomous vehicles’ various driving
patterns by considering different aggressiveness levels during
the decision making process. Meanwhile, by implementing the
DPF in the gap acceptance model, the interactions between the
ego and its surrounding vehicles can be well represented, and
the safety and feasibility of the lane-change maneuver can be
effectively evaluated.

Remark 5.1: It can be inferred that the proposed approach
can work well in complex multi-lane scenarios as long as the
preceding in the current lane and follower and leader in target
lane can be accurately identified.

Besides the above testing of the decision-making function-
ality, the effectiveness and superiority of the proposed motion
controller also need to be validated. In this work, it is tested

and compared with a typical existing baseline method, i.e. the
APF-MPC based method. APF-MPC method has been widely
studied and used for collaborative driving and path planning
[35]. We compare the proposed approach with the APF-MPC
method with respect to the response time of decision-making
and trajectory planning performance. As the APF-MPC based
method incorporates the artificial potential filed model into a
MPC controller, thus, for comparison, the repulsive potential
field model is designed as same as the one in (10). And
the attractive potential field model is based on the velocity
difference between the ego and the target vehicle ( the leader
or the preceding).

The comparison results of the path planning and tracking
control during the lane-change maneuver are shown in Fig.
10. The Fig. 10 shows that both approaches can provide a
collision-free trajectory for the lane change maneuver. However,
the proposed one (the red line) is able to provide a faster
response to the decision made, and therefore the ego would
move faster to the target lane. The reason for this phenomenon
is that the repulsive force generated based on CDT in the
proposed method can provide a more explicit guidance during
path planning as shown in Fig. 10c. In contrast, the repulsive
force generated by the APF-MPC method is not concentrated
nor large (Fig. 10b). Therefore, the ego cannot quickly execute a
lane change maneuver under the baseline method. Fig. 10d also
indicates that the proposed approach can effectively improve
the yaw motion, ensuring the vehicle’s stability during the
lane change process. These testing results validate that the
proposed motion control algorithm is able to effectively execute
the personalized decision-making and plan safe trajectories,
showing its advantages over the conventional method.

VI. CONCLUSION

This paper investigates the safe and personalized decision
making and motion planning approach for autonomous driving.
A DPF-based model is firstly designed to describe the intention
generation of lane-change maneuvers for autonomous vehicles.
Then the gap acceptance model is developed to evaluate the
safety of the lane-change process by considering the interac-
tions between the ego vehicle and surrounding ones. Next,
an integrated path planning and tracking control algorithm
is developed to effectively execute the motion controls using
combined CDT and APF techniques.The simulation results show
that the proposed approach is able to make safe and personalized
decisions, and execute the motion control more efficiently for
automated driving under dynamic situations, validating the its
feasibility and effectiveness. Our further work will focus on
the algorithm improvement with consideration of measurement
error and disturbance, as well as the evaluation of the proposed
approach on an real-time experimental platform.
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