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Abstract: Most of the collision avoidance strategies in recent years only
consider steering or braking. The dynamic and complex nature of the driving
environment presents a challenge to developing robust collision avoidance
algorithms in emergency scenarios. To address the complex, dynamic obstacle
scene and improve lateral manoeuvrability, this paper establishes a multi-level
decision-making obstacle avoidance framework that employs the safe distance
model and integrates emergency steering and emergency braking to complete
the obstacle avoidance process. This approach helps avoid the high-risk
situation of vehicle instability that can result from the separation of steering and
braking actions. In the emergency steering algorithm, we define the collision
hazard moment and propose a multi-constraint dynamic collision avoidance
planning method that considers the driving area. Simulation results demonstrate
that the decision-making collision avoidance logic can be applied to dynamic
collision avoidance scenarios in complex traffic situations and improving the
safety of autonomous driving.
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1 Introduction

As the global economy continues to grow at a rapid pace, the rate of car ownership has
been on the rise. The World Health Organization (WHO) reports that road traffic
accidents cause nearly 1.3 million deaths and approximately 50 million injuries
worldwide each year and are the leading cause of death among children and young people
worldwide. The WHO released “Global Plan Decade of Action for Road Safety at its
headquarters in Geneva, Switzerland”, calling on countries to take measures to reduce
road traffic fatalities and injuries by at least 50% by 2030 at the latest (WHO, 2021).
According to the data, about 92% of road traffic accidents are due to improper operation
of drivers. In an emergency situation, drivers are not aware of the risk of encountering or
have too little time to react to take the right steps to avoid a collision (Liu et al., 2023;
Xia et al., 2022a).

The industry commonly uses passive safety control systems to improve driving
safety, including an anti-lock brake system (ABS), traction control system (TCS),
electronic stability controller (ESC), etc. (Bengler et al., 2014; Chen et al., 2023).
Although passive safety systems are crucial in reducing the severity of vehicle collisions,
the continuous development of sensors and data processing technologies has led to the
emergence of advanced driving assistance systems (ADAS), which can detect potential
dangers in various scenarios and make prompt decisions (Liu et al., 2022). By detecting
potential hazards and making correct decisions in different scenarios, ADAS systems can
significantly enhance driving safety (Xiong et al., 2020; Hua et al., 2019). In case of
emergency, the active collision avoidance movement can be divided into two major
categories, i.e., collision avoidance by changing the longitudinal motion of the vehicle
through emergency braking and collision avoidance by steering or braking to make
the vehicle change lanes in the form of emergency lane change to avoid the obstacle
(Gao et al., 2022; Hua et al., 2020; Liu et al., 2021). Longitudinal collision avoidance
technologies, represented by forward collision warning (FCW) systems and automatic
emergency braking (AEB) systems, warn the driver when there is a risk of collision in
front of the vehicle or automatically apply the braking operation when an accident is
about to occur, and such systems have been commercially implemented in many vehicles
and have effectively improved vehicle safety (Cicchino, 2017; Chen et al., 2019a).
However, when the vehicle is in emergency conditions such as low road adhesion
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coefficient, high relative speed to obstacles, or oncoming traffic in the opposite direction,
the impending collision cannot be avoided by longitudinal braking, and then the vehicle
can avoid collision by emergency steering around the obstacles.

Han et al. (2015) proposed a practical probabilistic method for collision decision-
making, where a Gaussian hybrid method is designed to calculate the collision
probability with the help of linear recursive collision time (TTC) estimation. Experiments
show that the method can greatly reduce the inherent nonlinearity of the collision
decision problem and the complexity of the collision probability calculation. The method
improves the reliability of the collision probability calculation and provides a solution for
developing real-time decision algorithms. Huang and Chao (2010) proposed a novel
bi-exponential TTC decision algorithm that can distinguish between safe passage in
adjacent lanes and basic hazard lateral collision situations. In addition, grey prediction
theory is introduced to estimate the relative distance of two vehicles one step ahead, and
this strategy can effectively avoid collisions. The results showed that with the reduction
of emergency braking system delay and collision time trigger threshold increases, the
percentage of pedestrian collisions avoided also increases, and several studies have
highlighted the importance of low system delays for vehicle-equipped autonomous
braking systems and that choosing the appropriate crash time threshold for emergency
braking systems is key to determining system usability, with too low a threshold leading
to an overly sensitive system and resulting in false alarms, and too high a threshold
increasing the risk of vehicle crashes (Haus et al., 2019). In order to avoid collisions
between vehicles and pedestrians while crossing the road, Yang et al. (2019) established
an AEB-P warning model based on TTC (time to collision) and braking safety distance
and defined the traffic safety level and working area of the AEB-B warning system, and
verified the plausibility of this control strategy through experiments. Tian and Wang
(2022) proposed a control strategy based on fuzzy logic control for the crash risk
assessment model and corresponding pedestrian AEB control strategy. The results show
that the developed AEB control strategy can accurately assess the collision risk and take
effective measures to avoid collisions with pedestrians crossing the road at a constant
speed. Considering the accuracy and timeliness of automatic system control, Hang et al.
(2022) proposed a rear-end real-time automatic emergency braking (RTAEB) system.
Real-time driver-based conflict recognition and collision avoidance performance are
inserted for braking intervention. The results show that the system can help to
successfully avoid all collision events, and the TTC threshold of 1.5 s and the maximum
deceleration threshold of —7.5 m/s® can achieve the best collision avoidance effect.

In an emergency situation, when the safety distance is short, the vehicle can quickly
employ steering to perform collision avoidance operations. Lane changes are limited by
friction between the tyres and the road surface, which imposes coupled limits on the
lateral and longitudinal acceleration of the vehicle, making steering operations more
difficult (Chen et al., 2019b, 2024a; Xia et al., 2022b). Funke and Christian Gerdes
(2016) demonstrated that self-driving cars can perform emergency lane changes in the
friction limit by generating and evaluating binary paths in real-time. Vehicle emergency
active collision avoidance path planning is one of the important parts of completing the
collision avoidance function. Whether the system can quickly plan a collision-free path
that meets the vehicle dynamics requirements is the key to collision avoidance path
planning. The methods commonly used for vehicle emergency active collision avoidance
path planning are: planning methods based on curve interpolation description, artificial
potential field method, planning methods based on optimisation, genetic algorithm, fuzzy
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and other methods (Chen et al., 2023a). Hesse and Sattel (2007) developed a path and
velocity distribution map based on potential field and elastic band theory. The method
can avoid obstacles in front of the vehicle when reaching the target location. However, in
real collision avoidance situations, the available data on obstacles is often quite limited.
For this reason, some studies have used potential fields to analyse all of the risks in a
vehicle’s surroundings (Chen et al., 2023b; Guo et al., 2017; Zhang et al., 2017; Bis et al.,
2009; Xia et al., 2021a). Kim et al. (2017) proposed a method that uses the concept of
potential risk. This method identifies the potential risks of the surrounding environment
and finds the best path for safety. Nilsson et al. (2015) performed trajectory planning for
a high-speed loop scenario with multiple obstacles by means of a convex optimal
planning method with transverse-longitudinal decoupling. Rosolia et al. (2016) used a
trajectory planning method with predictive control of an outer loop nonlinear model. The
method generates collision-free trajectories with synthetic inputs based on a simplified
vehicle model. The optimisation problem is solved by a generalised minimum residual
method augmented with a continuation method.

Obstacle avoidance operations in self-driving cars are mainly focused on solving
path-planning problems in some regular driving scenarios (Liu et al., 2020; Xia et al.,
2022a; Zhang et al., 2023; Song et al., 2023). Therefore, their performance may be
unsatisfactory in emergency obstacle avoidance situations. Lin and Tsukada (2022)
proposed a new model predictive path planning controller (MPC) combined with PF with
a specific trigger analysis algorithm for monitoring traffic emergencies to handle
complex traffic scenarios. This method can ensure safe autonomous driving when dealing
with traffic emergencies. The interpolation curve of the discrete optimisation-based path
planner is too conservative, which will lead to the inability to plan a safe collision
avoidance path in emergency situations. Therefore, Yu et al. (2021) designed a
segmented path planner for emergency obstacle avoidance conditions. In the first stage of
path planning, the smoothest and obstacle avoidance path is obtained using automatic
stop path planning. In the second stage, a suitable path for stabilising the vehicle is found
to determine the safety of vehicle driving based on the inputs of longitudinal acceleration,
velocity, and road curvature. Simulation results show that the proposed collision
avoidance motion planning method has a safer trajectory at the same longitudinal
distance. In order to avoid the problem of emergency scenarios driving on the highway,
He et al. (2023) established a transverse acceleration model and collision avoidance
minimum safety spacing model based on the theoretical analysis of the five polynomial
lane change trajectory model and verified the effectiveness and accuracy of steering
collision avoidance of self-driving cars on the highway in the simulation platform, which
can effectively improve the safety of highway driving. In addition to the safety of
collision avoidance, the safety of lateral stability is another key issue for self-driving
vehicles under high-speed conditions. Hang et al. (2021) proposed an integrated path-
planning algorithm. A nonlinear model predictive control is used to optimise the path,
and a multivariate Gaussian distribution and polynomial fitting are used to predict the
trajectory of moving obstacles. In the algorithm design, a series of constraints are
considered, including minimum turning radius, safety distance, control constraints, and
tracking error. Simulation results show that the algorithm can handle both static and
dynamic collision avoidance as well as lateral stability. And facing active collision
avoidance between autonomous vehicles with motion uncertainty and pedestrians, Feng
et al. (2020) proposed a candidate trajectory planning method considering spatial and
temporal sequences, which combines polynomial path planning and speed planning with



Multi-level decision framework collision avoidance algorithm 159

variable safety speed, based on which safety, stability, and efficiency as well as different
driving styles are evaluated from the candidate trajectories optimal trajectory. The results
show that the method is effective in planning safe, stable, and efficient trajectories in
emergency situations.

Both emergency steering and emergency braking are crucial for self-driving vehicle
collision avoidance systems. It is the basis for the successful introduction of higher levels
of autonomous driving and allows the autonomous vehicle to adjust its trajectory
planning to its capabilities, external conditions, and knowledge of human errors to
improve safety (Chen et al., 2024b; Xia et al., 2021b; Zhao et al., 2019). In Falcone et al.
(2007, 2008), it was pointed out that combining the steering system with the braking
system can effectively improve the yaw and the lateral stability of an autonomous
vehicle. Wang et al. (2022) integrated multiple driver assistance function to improve the
safety of the system effectively. The effectiveness of the algorithm was verified in
simulation experiments. In summary, the establishment of a perfect vehicle emergency
active collision avoidance control algorithm has high practical application prospects as
well as research value.

In order to ensure the safety of self-driving vehicles by taking a reasonable collision
avoidance approach in high-speed emergencies, this paper proposes a multi- level
decision framework collision avoidance algorithm for emergency scenarios. The
algorithm overcomes the limitations of braking and steering avoidance in the applicable
scenarios, calculates the current vehicle hazard level based on the safety distance model,
and adopts combined braking and steering to avoid collisions, which improves the lateral
manoeuvrability of the self-driving vehicle. When the vehicle collision risk is high and
emergency steering is used, a feasible collision avoidance path is decided by the
emergency active collision avoidance path planning module, and finally, the motion
control layer completes the whole collision avoidance operation by precise and stable
control of the target quantity. The overall architecture of the emergency active collision
avoidance control algorithm proposed in this paper is shown in Figure 1. The system is
divided into two layers, the upper layer is the decision planning layer, and the lower layer
is the motion control layer. The decision planning layer includes two parts, one is the
emergency collision avoidance multi-level decision module to adapt to different working
conditions, and the other is the emergency active collision avoidance path planning
module using the multi-constraint collision avoidance path planning optimisation method.
In the planning module, this paper proposes a multi-constraint collision avoidance path
planning optimisation method that considers the drivable area of the vehicle. In this
method, the vehicle drivable area considering collision avoidance constraint is finally
determined by establishing the prediction formula of kinematic obstacle position and
analysing and calculating the relationship between collision hazard moment and position
constraint. Then, the optimisation function considering the kinematic constraints as well
as the position constraints is established, and the final collision avoidance path is
determined through the optimisation solution. The lower motion control layer establishes
the vehicle transverse and longitudinal motion control module, including vehicle
longitudinal acceleration control based on feedforward plus feedback algorithm and MPC
path tracking control based on the vehicle dynamics model. Among them, the real-time
effect of the MPC tracking controller has been tested in previous work and can support
the tracking control in emergency situations (Chen et al., 2023c). In addition, the raw
information acquired by the sensors is processed so that the algorithm obtains stable and
effective sensory information during the execution.
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Figure 1 Emergency active collision avoidance control algorithm architecture (see online
version for colours)

The remainder of this paper is organised as follows: In Section 2 the designed multi-
level obstacle avoidance decision algorithm is proposed. In Section 3, the multi-
constraint collision avoidance path planning optimisation method proposed in the
decision algorithm is provided. Section 4 provides the results of simulation and
experimental studies. Finally, Section 5 summarises the contributions of the paper and

puts forward suggestions for future work. Our contributions are as follows:

1 For improved lateral manoeuvrability, this paper proposes a multi-level decision

avoidance framework that integrates steering and braking systems. The system takes

the optimal operation according to different risk levels to avoid the high-risk
situation of vehicle instability due to the separation of steering and braking actions.

2 In the planning module of steering obstacle avoidance operation, this paper proposes

a multi-constraint collision avoidance path planning optimisation method

considering the drivable area of the vehicle, defines the collision hazard moment,
and analyses and calculates the relationship between the collision hazard moment
and the position constraint, finally establishes the drivable area that meets the actual

collision avoidance requirements and obtains the planning path. The method reduces

the complexity of the algorithm, realises the precise restriction of the lane change
process, satisfies the requirements of the obstacle avoidance framework for
computational efficiency, and takes into account the driver’s comfort.

3 In order to verify the effectiveness of the algorithm, this paper systematically
composes four typical hazardous traffic scenarios under structured roads: collision
avoidance by stationary obstacles, collision avoidance by the front car emergency
stop, collision avoidance by pedestrians crossing lanes and collision avoidance by
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opposite direction traffic. The system can accomplish the collision avoidance task
under different scenarios, and the algorithm has high flexibility and scenario-using
capability.

2 Design of multilevel collision avoidance decision algorithm

The task of the vehicle emergency active collision avoidance decision algorithm is to
make behavioural decisions for vehicles in hazardous situations by using the current
vehicle state, vehicle surroundings, obstacle information, and driver’s behaviour. For
different dangerous traffic scenarios and collision risk levels, the vehicle can take
collision avoidance operations according to the set collision avoidance decision logic to
improve safety.

As shown in Figure 2, the process of establishing the vehicle emergency active
collision avoidance decision algorithm can be divided into four parts: self-vehicle braking
process analysis, safety distance model establishment, typical dangerous traffic scene
description and the emergency collision avoidance decision model construction.

Figure 2 General framework of multilevel collision avoidance decision algorithm (see online
version for colours)

The emergency active collision avoidance decision algorithm first analyses the vehicle
braking process through the motion formula. At the same time, the target braking end
state of the self-vehicle is divided into two categories: self-vehicle braking speed is zero
and self-vehicle braking speed is the target speed. The corresponding vehicle braking
safety distance formula is established, as shown in Figure 3. Based on the braking
distance formula and the definition of the minimum safe distance of the vehicle. This
paper establishes the distance-switching threshold between the four collision avoidance
behaviours of the vehicle. Finally, a collision avoidance decision algorithm that considers
typical hazard scenarios and satisfies the driver intervention exit mechanism is



162 G. Chen et al.

established. The decision algorithm carries out the corresponding collision avoidance
operation by calculating the current hazard level of the self-vehicle. When the path
planning module is unable to calculate an effective collision avoidance path, the system
selects the maximum braking force for pre-crash braking to minimise the damage caused

by the collision.

Figure 3 Vehicle collision avoidance hazard classification diagram (see online version
for colours)
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2.1 Collision avoidance safety distance model

As shown in Figure 4, when a vehicle takes an emergency braking operation, the change
in acceleration generally consists of four phases.

Figure 4 Vehicle braking acceleration change process
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where v,,, is the self-vehicle speed, a,,, is the self-vehicle target braking deceleration,
Voo s 18 the target vehicle speed at the end moment, 7, is the time of braking system
adjustment, and 7, is the time of braking deceleration growth.
Figure 5 for the vehicle minimum safety distance diagram. D, is the end of the
vehicle’s active collision avoidance, the relative distance between the vehicle and the
obstacles in front, L, is the braking distance of the vehicle, L, is the distance
of the obstacles in front of travel. Then the vehicle safety distance L can be expressed as

follows:

L = Lego - Lobj + Dsafe (2)

The vehicle safety distance model established in this paper is mainly used to distinguish
four vehicle target operations, namely safe driving, FCW, emergency braking, and
emergency steering. Then determine the safety distance of warning, the safety distance of
starting braking, and the minimum safety distance of braking for the four cases.
Assuming that the front obstacle movement state is kept constant, combined with the
analysis of the vehicle braking process, the obstacle movement process is divided into
three cases: stationary, uniform motion or accelerated motion, and emergency braking.
For the three cases of safety distance calculation, the derivation of the calculated safety
distance model can be adapted to the vehicle in front of the obstacles in different states of
motion, as shown in Table 1.

Figure 5 Vehicle minimum safety distance diagram (see online version for colours)
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Where the relative distance at the end of the braking moment D, , is:

3.6 Vo =0 3
safe = max(0.2364v,,, +1.6109,3.6) v,, >0 3)
The trigger braking deceleration a,,, ,,, and the maximum braking deceleration a,,, .
are:
aega min = mln(4m/szsﬂg)
7 “
aeg()_mw( = ma)C(7m / Sz,ﬂg)
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Table 1

Minimum safety distance of collision avoidance for different obstacle motion states

the safety distance of warning L,

Status of obstacles the safety distance of starting braking L,

ahead
the minimum safety distance of braking L
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2.2 Multilevel collision avoidance decision logic based on crash risk
assessment

For the side of the opposite lane vehicles across the centreline approaching conditions,
emergency braking is not effective to avoid the collision. At this time, only emergency
steering can be taken to avoid the collision. However, when encountering a situation
where the speed of the oncoming vehicle is too low or the relative distance is small,
steering to avoid collision is not in line with the general driver’s operating habits.
Therefore, in this paper, we establish the method of TTC risk assessment. The inverse of
the collision time is used to characterise the degree of collision risk when a vehicle in the
opposite lane crosses the centreline and approaches, which is calculated as follows:

~ Vobi

rrc = Yoo " Von 5)
L

where v,,, is the self-vehicle speed, v,, is the speed of the obstacle vehicle, and L is
the relative distance between the vehicle and the proximal face of the obstacle. In this
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paper, based on Sun Y’s classification of the inverse of the collision time corresponding
to the collision risk level, the collision warning threshold T7C;! is set to 0.3, and the
active steering collision avoidance threshold 77C! is 0.5.

For the oncoming vehicle working condition, when 7TC,. <TTC™ <TTC,!, the
vehicle is considered to be at risk of collision with the vehicle coming from the opposite
direction, but the risk is small, at this time the system only carries out a collision warning
to the driver. When TTC™' >TTC.!, emergency steering is taken to avoid the collision.
And when the risk of vehicle collision is too large, the current environment does not exist
an effective steering collision avoidance path, the system believes that there is no longer
collision avoidance, then the system with the maximum braking force braking for pre-
collision. The goal is to minimise the damage caused by the collision. Outside the entire
system, the driver’s right to take over is ensured. The system automatically exits vehicle
control when the system detects driver intervention. The decision logic of the vehicle
emergency active collision avoidance control algorithm is shown in Figure 6, where L is

the relative distance and v, is the speed of the obstacle vehicle.

Figure 6 Emergency active collision avoidance decision logic diagram (see online version
for colours)

3 Evasive manoeuvre planning with safety envelopes

In the vehicle collision avoidance process path planning algorithm, the safety constraints
include the calculation of the drivable area and dynamics constraints. The path in this
chapter is solved by the planning algorithm optimisation function to obtain a collision
avoidance path that meets the requirements of collision avoidance.
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3.1 Description of vehicle drivable area

As shown in Figure 7, during the vehicle emergency active collision avoidance, the
vehicle drivable area is determined by the lateral position of the obstacle W, and the
lane change width 7 . The self-vehicle position needs to be between the upper boundary
Y .. and the lower boundary Y, . These upper and lower boundaries are influenced by
the movement state of the obstacle. For stationary obstacles, the vehicle travelable area is
fixed; for moving obstacles, the vehicle travelable area needs to be combined with the
prediction of the obstacle position and the correction of the original travelable area

constraint.

Figure 7 Diagram of vehicle drivable area (see online version for colours)
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According to the relative position of the self-vehicle and the obstacle in the collision
avoidance process, the collision avoidance process is divided into two phases: the
collision avoidance phase and the merging phase. These two phases demarcation point
for the collision hazard moment 7*N,,, . After this moment, the vehicle’s lateral position
crosses the left end face of the obstacle, the vehicle is considered to have no collision
threat. When the vehicle is in the collision avoidance phase, the main purpose of the
system at this time is to avoid a collision between the self-vehicle and the obstacle. When
the vehicle crosses the obstacle, the vehicle enters the merging stage. At this time the
vehicle has no collision threat, where 7*N,, ., for the vehicle’s longitudinal position over
the front surface of the obstacle moment. Since in the merging phase, the size of the
longitudinal distance is related to the drivable area detected by the sensor. Therefore, the
minimum value of the longitudinal distance should be greater than the longitudinal
position of the far-end face of the obstacle. However, the distance is too large to meet the
driving habits of the driver when merging, so in the merging phase, the longitudinal
distance should be greater than or equal to the longitudinal distance in the collision
avoidance phase.

3.1.1 Determination of the drivable area of stationary obstacles

The position constraint established based on the drivable area of the vehicle can be
expressed as:

Y,.=W Viel--N,,

max
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0 Viel,..,N,,
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In the merging phase, the vehicle slowly moves into the target lane and gradually enters
the lane-keeping state. The collision risk at this time is low, so there is no strict
requirement for the lateral position. On the premise of not affecting the collision
avoidance effect, to reduce the computational burden of the planning algorithm, Ay is set

as the allowed lateral deviation of the vehicle at the end of the lane change moment. The
vehicle is allowed to have a certain range of deviation from the target lane at that
moment. Therefore, the position constraint of the vehicle can be expressed as:

0 Viel,...N,,
w,  VteN,,..N,
Y,.=W+Ay Vtel,...N,, Y, 1 % oo o2 )
: 0 VteN,,,...N, -1
W —Ay t=N,,

When establishing the location constraints for path planning, the self-vehicle and the
obstacle cannot be considered as mass points, and the influence of the size of the self-
vehicle and the obstacle on the constraints needs to be considered. This is to ensure that
the self-vehicle does not collide with the obstacle when it travels along the planned path.
Therefore, this paper defines the collision hazard moment in the collision avoidance
process, as shown in Figure 8.

Figure 8 Diagram of the collision hazard moment (see online version for colours)
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In Figure 8, point A4 is the midpoint of the rear axle of the vehicle, point C is the edge
of the vehicle in the longitudinal position of the midpoint of the rear axle, and the nearest
point with the obstacle, in this paper point B is called the collision risk point, & is the
heading angle of the vehicle, S, , S, are the distance from point A to the front and rear
end of the vehicle, D is the distance between the vehicle and the near end of the
obstacle, d is the minimum lateral distance between the midpoint of the rear axle of the
vehicle and the obstacle set to avoid the collision.

The collision hazard moment is defined as the moment when the longitudinal position
of the midpoint of the rear axle of the self-vehicle coincides with the position of the
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proximal surface of the obstacle. Because of the collision avoidance process, the
longitudinal speed of the vehicle is much larger than the lateral speed, so in the vehicle
over the obstacle car this time, the vehicle’s heading angle change is small. And in a short
period, the lateral relative distance between the self-car and the obstacle changes less, so
do not consider the case of the obstacle hitting the side of the self-vehicle. As the vehicle
heading angle increases, the distance of point C' from the obstacle is becoming smaller.
Therefore, setting a reasonable d value, can ensure that the vehicle in the maximum
heading angle C point does not intersect with the obstacle, can avoid the collision, and
can be expressed in the following formula:
B

d>——-— 8
2cos@, . ®

where the maximum heading angle 6 _ 1is calculated from the angle between the set

max

maximum lateral velocity and longitudinal velocity:

v
6,.= arctan% ©)

X

In the collision avoidance process, if the lateral position of the collision danger moment
crosses the left end face of the obstacle, it can be considered that no collision occurs with
the obstacle. Based on the collision danger moment to establish the vehicle can drive area
position constraint since the vehicle and the relative position information of the obstacle
can be effectively transformed into position constraint to ensure the safety of the collision
avoidance process.

3.1.2 Drivable area correction for moving obstacle conditions based on
collision hazard moments

In the emergency active collision avoidance process, the position of the moving obstacle
changes with time. This situation leads to the obstacle position constraint that does not
meet the actual collision avoidance requirements. Therefore, in the emergency collision
avoidance path planning process, this paper converts the position of the moving obstacles
at the moment of the actual collision risk into the corresponding position constraint by
determining the actual collision risk moment, and then the initial position constraint is
modified. In different obstacle motion cases, the position constraint process is established
with the collision risk moment, as shown in Figures 9-11.

Figure 9 Schematic diagram of the position constraint of the opposing motion of the obstacle
(see online version for colours)
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Figure 10 Schematic diagram of the obstacle isotropic motion position constraint (see online
version for colours)

Figure 11 Obstacle lateral drive-in position constraint schematic (see online version for colours)

According to the above front obstacle movement scenario, the calculation of the obstacle
collision hazard moment needs to consider the relative motion state of the self-car and the
obstacle along the lane direction. The results of the calculation are shown in Table 2.

To ensure the safety as well as the comfort of vehicle driving in the process of
emergency active collision avoidance, this paper sets up the cost functions of vehicle
lateral speed, lateral acceleration, and lateral jerk:

Newd

J, = (p,vf,t +q[a; +r,j_§[) (10)
t=1
where p,, ¢q,, and 7, are the weight values corresponding to the lateral velocity, lateral
acceleration, and lateral jerk of the collision avoidance path, respectively. The
smoothness and feasibility of the collision avoidance path are ensured by setting
reasonable non-negative weight values.

Vonin, <y < Vonas, Vtel,...,N,,
<v, <V, Viel..,N,,

<a, <a,, Vtel...N,,

vmin
' an

min,

jmin, Sjy, Sjmaxt vte l""’Nend

where y,, v,.a,,j, represent the lateral position, lateral velocity, lateral acceleration,
and lateral jerk of the self-vehicle at the sampling moment ¢. y, needs to satisfy the
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vehicle position constraint and requires each moment to ensure that the path lateral
position is within the vehicle travelable area. v, ,a, , j, all need to satisfy the kinematic
constraints of the vehicle and are influenced by the vehicle travel constraints and the road
adhesion coefficient.

Table 2 Motion obstacle collision hazard moment calculation

Longitudinal acceleration

of the obstacle Collision hazard moment
L
Vego ~ Vobi
Vegothmke >L+ xbral:e vegutbmke SL+ xbmke
a, <0 2
obj 2
Ezn@+mm T_KW_%W+J@W—%W)+2%¢;
2aveg0 27 a

In the emergency active collision avoidance process, ¢, (¢) is used to represent the
lateral motion state of the vehicle at sampling moment ¢, and Y denotes the set of
vehicle motion states at all sampling moments in the lane change process.

73 (t)=[y,,vy{,ayl,jy,]T Viel,...,N,, (12)

Y=[g, (1), (N, )] (13)

where b b . denote the constraints on the lateral motion state of the vehicle at the ¢

max >~ min

sampling moments, and with B, , B, denote the boundaries of the vehicle motion state

max % ""m

at all sampling moments during the lane change.

T
bmax (Z) = |:ymax’ vmax > amax, > Jmax, :| Vt € l’ ) Nend

r (14)
bmin (t) = |:ymin, > vmin, > amin[ > jmin, :I VI € 1’ R} Nend

Bmax = |:bmax (1) >t "bmax (Nend ):|T
Bm[n = I:bmin (1) >t .’bmin (Nend ):|T

From the above equation, the motion state constraint of the vehicle during the whole lane
change can be expressed by the following equation:

Bmin S Y S Bmax (16)

(15

During the lane change process, each moment of the vehicle path is required to satisfy the
physical motion equation. The lateral displacement at the current moment is obtained by
accumulating the lateral displacements in each previous sampling step, and the
relationship between each sampling step of the vehicle is expressed as follows:
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2

Y=yt IHa, = e N, 1
v,,=v, ta,T Vtel,..,N,, —1 17)
a, =a,+j, Vtel,..,N,, —1
Simplify it to:
7
a, 0. (1) =b Vkel,.,N,,, (18)
o, (t+1)
Among them:
2
1 T r 0 -1 0 0 O
2
a,=|0 1 T 0 0 -1 0 0| 5=[0 0 0] 19)
00 I 1 0 0 -10

The motion state constraint of the vehicle between each sampling step is represented as
follows:

AY =b (20)
Among them:
a, 0 0 0
e 0 a, 0 O @
1o o
0 U @y 3(N g =1)X(4XN 1y )
T
b=[0 0 - 0]3(NW_])
In summary, the standard form of secondary planning can be obtained:
min J, :lYTHY+FTY
Y 2
AY =D
s.t. (22)
Bmin S Y S Bmax
Among them:
0 0 0 0 h 0 0 O
0 2 0 0 0 h 0 O
= P H=| (23)
0 0 2 O 0o 0 .
0 0 0 2 0 0 h
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fend

The path planning problem of the vehicle emergency active collision avoidance process is
converted into the standard form of quadratic programming described in the above
equation, and by setting reasonable weight parameters and using optimisation methods
such as the interior point method or the effective set method to solve, a collision
avoidance path that meets the collision avoidance requirements can be obtained.

4 Simulation verification

Currently, there are several solutions available for addressing collision avoidance in
emergency scenarios, such as sensor-based collision avoidance, predictive modelling,
emergency braking systems, and path planning and decision-making. It’s worth noting
that the specific solution or combination of solutions employed may vary depending on
factors such as the autonomous driving system, level of autonomy, available technology,
and the nature of the emergency scenario. In this study, typical vehicle obstacle
avoidance scenarios, as shown in Table 3, are first summarised, then introduces the
simulation results of the algorithm in different scenarios, then introduces the combination
of braking and steering control and the vehicle hazard level calculation to evaluate the
performance of the proposed vehicle emergency active collision avoidance control
algorithm.

In Table 3, the relative distances of high and low collision risk scenarios and the
lateral distance of obstacles are the relative distances between the self-driving car and the
obstacles when the system determines the presence of collision risk. Since the parameters
of the stationary obstacle collision avoidance condition and the front car emergency stop
collision avoidance condition are similar, and the latter is more representative, due to the
limitation of space, this section selects a typical representative of the obstacle avoidance
condition for simulation experiments. The C-class passenger car model is selected in
Carsim and the main vehicle parameters are shown in Table 4.

Table 3 Emergency steering test scenario parameters

Collision avoidance Front Car Pedestrians crossing Opposite direction
scenarios emergency stop lanes traffic Unit
Self-vehicle speed 90 80 60 km/h
Obstacle speed 60 5 60 km/h
Obstacle acceleration -7 0 0 m/s*
Direction of obstacle In Fhe same To the left Reverse direction B
movement direction

Obstacle lateral

distance 0 2 1 m
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Table 3 Emergency steering test scenario parameters (continued)
Collision avoidance Front Car Pedestrians crossing Opposite direction
scenarios emergency stop lanes traffic Unit

Obstacle size (length

x width) 45x19 0.4 x0.6 45x19 m
longinadinal dtance 120 120 % m
T bmiing -
distance for brsking 43 4l - m
Robivedhmeof o 0 -
Rt ol g 5 w om
Table 4 Vehicle parameters

Symbol Description Value Units

m Vehicle mass 1820 kg

l C.g. distance to front wheel 1.265 m

A C.g. distance to rear wheel 1.895 m

I Yaw moment of inertia 4095 kg-m?

C, ; Front wheel cornering stiffness 148600 N /rad

C, Rear wheel cornering stiffness 97600 N /rad

i Steering Ratio 16.7 -

4.1 Scenario I: front car emergency brake collision

4.1.1 Simulation verification of high collision risk conditions for front vehicle
emergency brake

The simulation results of the front vehicle emergency brake’s high collision risk
condition are shown in Figure 12.

In the Stepl stage, the vehicle is driving normally at 25 m/s speed, and the obstacle
vehicle in front is driving at a uniform speed of 16.7 m/s. In the Step2 stage, the obstacle
vehicle suddenly brakes urgently with a reduced speed of 7 m/s’. At this time, the
longitudinal relative distance between the vehicle and the obstacle vehicle is 26 m, while
the minimum safe distance of braking is 42.3 m, and the risk of collision is large. The
collision cannot be avoided by emergency braking, and the system carries out collision
avoidance operation by emergency steering, and the system plans the collision avoidance
path and carries out tracking. In the Step3 stage, the vehicle successfully crosses the
obstacle vehicle and continues the merging process. In the Step4 stage, the vehicle
completes the collision avoidance process.
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Figure 12 The process of collision avoidance for high collision risk working conditions in the
front car emergency brake (see online version for colours)

Stepl

P Self Car @D Obstacle Car

The results of collision avoidance path planning are shown in Figure 13.

Figure 13 Planning path and constraint settings for high collision risk conditions of front vehicle
emergency brake (see online version for colours)

The results of vehicle tracking for the collision avoidance path are shown in Figure 14.

From the tracking results, it can be concluded that the maximum lateral acceleration
is 2.6 m/s’, the lateral deviation is less than 0.1 m, the heading deviation is kept within
0.01 rad, and the steering wheel angle changes smoothly.

4.1.2 Simulation verification of low-crash risk conditions for front vehicle
emergency brake

The simulation result curve of the front vehicle emergency brake’s low collision risk
condition is shown in Figure 15. From the simulation results can be obtained, the vehicle
to 25 m/s speed uniform speed, and the speed of the obstacle vehicle is 16.7 m/s. At this
time, the vehicle and the longitudinal relative distance of the obstacle vehicle ahead is
greater than the trigger braking safety distance under this condition, the vehicle for
normal driving. When the front obstacle vehicle suddenly emergency braking with 7 m/s*
deceleration speed, at this time the emergency collision avoidance decision algorithm
gets the trigger braking safety distance and braking minimum safety distance jump,
respectively to 75.7 m and 42.3 m. And then the relative distance is 60 m, and the vehicle
into an emergency braking state, with a 4 m/s® target deceleration speed for braking.
When the actual distance is equal to the minimum safety distance of braking, the vehicle
brakes with the maximum braking deceleration speed of 7 m/s* until the vehicle stops.
The longitudinal relative distance between the end moment of collision avoidance and the
front obstacle vehicle is 4.1 m, effectively avoiding the collision accident.
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Figure 14 Path tracking results of high collision risk conditions of the front vehicle emergency
brake (see online version for colours)
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Figure 15 Collision avoidance results of the front vehicle emergency stop with low collision risk
conditions (see online version for colours)
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4.2 Pedestrian crossing lane collision avoidance conditions

4.2.1 Simulation validation of high crash risk conditions for pedestrians
crossing lanes

The simulation results of the pedestrian crossing lane collision avoidance condition are
shown in Figure 16. In the Stepl stage, the vehicle initially drives normally at 22.2 m/s,
and the pedestrian moves up along the vertical direction of the lane at 1.4 m/s on the right
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side of the house. In Step 2, the pedestrian crosses the house to the side of the lane. At
this time, the self-vehicle detects pedestrian information. The longitudinal relative
distance between the vehicle and the pedestrian is 29.7 m. The lateral relative distance is
—2 m. And the minimum safety distance for braking is 40.8 m. Due to the high risk of
collision, the system adopts emergency steering for collision avoidance. The vehicle
plans the collision avoidance path and tracks it. In the Step3 stage, the vehicle
successfully crosses the pedestrian and continues the vehicle merging. In Step 4, the
vehicle completes the collision avoidance process. The results of collision avoidance path
planning are shown in Figure 17.

Figure 16 Collision avoidance process for pedestrian crossing with high crash risk conditions
(see online version for colours)

Figure 17 Planning path and constraint settings for high collision risk conditions for pedestrian
crossing lanes (see online version for colours)

The tracking results of the vehicle for the collision avoidance path are shown in
Figure 18. From the tracking results, we can see that the maximum lateral acceleration of
tracking is 2.5 m/s’, the lateral deviation of tracking is less than 0.1 m, and the deviation
of heading is kept within 0.015 rad. The steering wheel angle changes smoothly.
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Figure 18 Path tracking results for high collision risk conditions for pedestrians crossing lanes
(see online version for colours)
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4.2.2 Simulation validation of low crash risk conditions for pedestrians crossing
lanes

The simulation result curve for the low collision risk condition of the pedestrian crossing
lane is shown in Figure 19. From the simulation results in the figure, it can be concluded
that no pedestrian is detected by the vehicle at the beginning moment. The vehicle is
driving at a constant speed of 22.2 m/s. When the pedestrian is detected, the longitudinal
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relative distance between the vehicle and the pedestrian is 55 m. This distance is less than
the current trigger braking safety distance (67.6 m) and greater than the current braking
minimum safety distance (41.1 m), and the vehicle enters the emergency braking state at
this time. The vehicle starts braking at a target deceleration speed of 4 m/s>. With the
change of the self-vehicle speed and the longitudinal relative distance with the pedestrian,
the trigger braking safety distance and the braking minimum safety distance calculated by
the emergency collision avoidance decision algorithm also change. When the actual
distance is equal to the braking minimum safety distance, the vehicle brakes at the set
maximum braking deceleration rate of 7 m/s> until the vehicle stops completely. And the
relative longitudinal distance between the vehicle and the pedestrian at the end of braking
is greater than 0, which effectively avoids the collision accident.

Figure 19 Collision avoidance results for low crash risk conditions for pedestrian crossings
(see online version for colours)
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4.3 Collision avoidance for opposing vehicles

The simulation results of the collision avoidance condition of the opposite-direction
vehicle are shown in Figure 20. In the Stepl stage, the vehicle travels at a speed of
16.7 m/s. The obstacle vehicle crosses the centreline of the lane at 16.7 m/s and drives in
the opposite direction of the self-propelled vehicle. At this time, the countdown of the
collision time TTC™' is less than the set active steering collision avoidance threshold of
0.5, so the system does not perform active collision avoidance operation. In Step2 stage,
the system detects that the countdown of the collision time TTC™' is greater than the set
threshold, at this time the longitudinal relative distance between the self-vehicle and the
obstacle vehicle is 66.7 m. The collision risk is considered to exist, but if the emergency
braking collision avoidance operation is taken, the vehicle will still collide. At this time,
the decision algorithm takes emergency steering to avoid the collision, and the system
plans the collision avoidance path and carries out tracking. In the Step3 stage, the vehicle
successfully crosses the obstacle vehicle coming from the opposite direction and
continues the merging process. In the Step4 stage, the vehicle completes the collision
avoidance process.

Figure 20 Collision avoidance process for opposing vehicles (see online version for colours)

The results of collision avoidance path planning are shown in Figure 21.

Figure 21 Planning path and constraint settings for collision avoidance for opposing vehicles
(see online version for colours)

The tracking results of the vehicle for the collision avoidance path are shown in
Figure 22. From the tracking result curve, it can be concluded that because the self-car
has the judgement of collision risk in advance for the vehicles coming from the opposite
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direction, the time left for the collision avoidance phase (Step2) is also longer, and the
planned path is also more gentle, the tracking lateral deviation is less than 0.1 m, and the
heading deviation is basically kept within 0.005 rad, and the steering wheel changes
smoothly. This also proves the collision avoidance capability of the system for the special
situation of oncoming traffic.

Figure 22 Tracking results of oncoming traffic steering collision avoidance path (see online
version for colours)
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5 Conclusion

This paper proposes a multi-level decision framework obstacle avoidance algorithm for
emergency scenarios. The algorithm differs from other obstacle avoidance algorithms by
integrating the steering and braking systems, and the collision avoidance operations such
as collision warning, emergency braking, and emergency steering are taken according to
different risk levels, which improves the lateral manoeuvrability of the system. When the
system takes steering for obstacle avoidance, unlike traditional path planning algorithms,
the collision avoidance path planning method based on multi-constraint optimisation fully
takes into account the positional constraints and dynamics constraints of the vehicle in
the process of collision avoidance, and also takes into account the drivable area of the
vehicle and generates the motion trajectory by solving the optimisation problem under the
multi-constraint conditions. The conclusions are drawn as follows:

1 The decision avoidance algorithm can make correct operations quickly in the four
typical hazardous traffic scenarios in this paper.

2 The planning module can generate smooth collision-free trajectories suitable for
lane-changing manoeuvres in complex traffic situations, and the tracking control
module can complete tracking control tasks accurately and stably.

3 These results motivate future work that incorporates dynamic predictive modelling
of the traffic environment, which also includes curved roads, obstacles with lateral
speeds, and multi-obstacle hazard scenarios.

The MPC control algorithm achieves accurate and stable control of the path according to
the established vehicle prediction model, and the accuracy of the vehicle model
parameters significantly influences the control algorithm. Therefore, future work will
thoroughly investigate the online identification function of vehicle parameters within the
control algorithm. Furthermore, it is essential to further validate the proposed multilevel
decision framework obstacle avoidance algorithm in real-world road environments.

References

Bengler, K., Dietmayer, K., Farber, B., Maurer, M., Stiller, C. and Winner, H. (2014) ‘Three
decades of driver assistance systems: review and future perspectives’, IEEE Intelligent
Transportation Systems Magazine, Vol. 6, No. 4, pp.6-22.

Bis, R., Peng, H. and Ulsoy, G. (2009) ‘Velocity occupancy space: robot navigation and moving
obstacle avoidance with sensor uncertainty’, Dynamic Systems and Control Conference,
Hollywood, California, USA, p.48920.

Chen, G., He, L., Zhang, B. and Hua, M. (2019a) ‘Dynamics integrated control for four-wheel
independent control electric vehicle’, International Journal of Heavy Vehicle Systems,
Vol. 26, Nos. 34, pp.515-534.

Chen, G., Hua, M., Zong, C., Zhang, B. and Huang, Y. (2019b) ‘Comprehensive chassis control
strategy of FWIC-EV based on sliding mode control’, IET Intelligent Transport Systems,
Vol. 13, No. 4, pp.703-713.

Chen, G., Hua, M., Liu, W., Wang, J., Song, S. and Liu, C. (2023a) Planning and Tracking Control
of Full Drive-by-Wire Electric Vehicles in Unstructured Scenario, arXiv preprint arXiv:
2301.02753.



Multi-level decision framework collision avoidance algorithm 183

Chen, G., Yao, J., Gao, Z., Gao, Z., Zhao, X., Xu, N. and Hua, M. (2023b) ‘Emergency obstacle
avoidance trajectory planning method of intelligent vehicles based on improved hybrid A’,
SAE International Journal of Vehicle Dynamics, Stability, and NVH, Vol. 8, No. 1, pp.3-19,
https://doi.org/10.4271/10-08-01-0001

Chen, G., Gao, Z., Hua, M., Shuai, B. and Gao, Z. (2024a) ‘Lane change trajectory prediction
considering driving style uncertainty for autonomous vehicles’, Mechanical Systems and
Signal Processing, Vol. 206, pp.110854.

Chen, G., Yao, J., Gao, Z., Gao, Z., Wang, X., Xu, N. and Hua, M. (2024b) ‘Estimation of lateral
velocity and cornering stiffness in vehicle dynamics based on multi-source information
fusion’, SAE International Journal of Vehicle Dynamics, Stability, and NVH, Vol. 8, No. 1,
pp-31-47, https://doi.org/10.4271/10-08-01-0003

Chen, G., Zhao, X., Gao, Z. and Hua, M. (2023c) ‘Dynamic drifting control for general path
tracking of autonomous vehicles’, /[EEE Transactions on Intelligent Vehicles, Vol. 8, No. 3,
pp.2527-2537.

Cicchino, J.B. (2017) ‘Effectiveness of forward collision warning and autonomous emergency
braking systems in reducing front-to-rear crash rates’, Accident Analysis and Prevention,
Vol. 99, pp.142-152.

Falcone, P., Eric Tseng, H., Borrelli, F., Asgari, J. and Hrovat, D. (2008) ‘MPC-based yaw and
lateral stabilisation via active front steering and braking’, Vehicle System Dynamics, Vol. 46,
No. S1, pp.611-628.

Falcone, P., Tseng, H.E., Asgari, J., Borrelli, F. and Hrovat, D. (2007) ‘Integrated braking and
steering model predictive control approach in autonomous vehicles’, IFAC Proceedings
Volumes, Vol. 40, No. 10, pp.273-278.

Feng, J., Wang, C., Xu, C., Kuang, D. and Zhao, W. (2020) ‘Active collision avoidance strategy
considering motion uncertainty of the pedestrian’, [EEE Transactions on Intelligent
Transportation Systems, Vol. 23, No. 4, pp.3543-3555.

Funke, J. and Christian Gerdes, J. (2016) ‘Simple clothoid lane change trajectories for automated
vehicles incorporating friction constraints’, Journal of Dynamic Systems, Measurement, and
Control, Vol. 138, No. 2, pp.021002.

Gao, L., Xiong, L., Xia, X., Lu, Y., Yu, Z. and Khajepour, A. (2022) ‘Improved vehicle

localization using on-board sensors and vehicle lateral velocity’, IEEE Sensors Journal,
Vol. 22, No. 7, pp.6818—6831.

Guo, C., Kidono, K., Machida, T., Terashima, R. and Kojima, Y. (2017) ‘Human-like behavior
generation for intelligent vehicles in urban environment based on a hybrid potential map’,
2017 IEEE Intelligent Vehicles Symposium (IV), Los Angeles, CA, USA, pp.197-203.

Han, S.K., Ra, W.S., Whang, L.H. and Park, J.B. (2015) ‘Gaussian mixture approach to decision
making for automotive collision warning systems’, International Journal of Control,
Automation and Systems, Vol. 13, No. 5, pp.1182-1192.

Hang, J., Yan, X., Li, X., Duan, K., Yang, J. and Xue, Q. (2022) ‘An improved automated braking
system for rear-end collisions: a study based on a driving simulator experiment’, Journal of
Safety Research, Vol. 80, pp.416-427.

Hang, P., Huang, S., Chen, X. and Tan, K.K. (2021) ‘Path planning of collision avoidance for
unmanned ground vehicles: a nonlinear model predictive control approach’, Proceedings of
the Institution of Mechanical Engineers, Part I: Journal of Systems and Control Engineering,
Vol. 235, No. 2, pp.222-236.

Haus, S.H., Sherony, R. and Gabler, H.C. (2019) ‘Estimated benefit of automated emergency
braking systems for vehicle-pedestrian crashes in the United States’, Traffic Injury
Prevention, Vol. 20, Supplement 1, pp.S171-S176.

He, Y., Feng, J., Wei, K., Cao, J., Chen, S. and Wan, Y. (2023) ‘Modeling and simulation of lane-
changing and collision avoiding autonomous vehicles on superhighways’, Physica A:
Statistical Mechanics and Its Applications, Vol. 609, pp.128328.



184 G. Chen et al.

Hesse, T. and Sattel, T. (2007) ‘An approach to integrate vehicle dynamics in motion planning for
advanced driver assistance systems’, 2007 [EEE Intelligent Vehicles Symposium, Istanbul,
Turkey, pp.1240-1245.

Hua, M., Chen, G., Zhang, B. and Huang, Y. (2019) ‘A hierarchical energy efficiency optimization
control strategy for distributed drive electric vehicles’, Proceedings of the Institution
of Mechanical Engineers, Part D: Journal of Automobile Engineering, Vol. 233, No. 3,
pp.605-621.

Hua, M., Chen, G., Zong, C. and He, L. (2020) ‘Research on synchronous control strategy of steer-
by-wire system with dual steering actuator motors’, International Journal of Vehicle
Autonomous Systems, Vol. 15, No. 1, pp.50-76.

Huang, S.J. and Chao, S.T. (2010) ‘A new lateral impact warning system with grey prediction’,
Proceedings of the Institution of Mechanical Engineers, Part D: Journal of Automobile
Engineering, Vol. 224, No. 3, pp.285-297.

Kim, K., Kim, B., Lee, K., Ko, B. and Yi, K. (2017) ‘Design of integrated risk management-based
dynamic driving control of automated vehicles’, IEEE Intelligent Transportation Systems
Magazine, Vol. 9, No. 1, pp.57-73.

Lin, P. and Tsukada, M. (2022) ‘Model predictive path-planning controller with potential function
for emergency collision avoidance on highway driving’, /[EEE Robotics and Automation
Letters, Vol. 7, No. 2, pp.4662—4669.

Liu, W., Hua, M., Deng, Z., Huang, Y., Hu, C., Song, S. and Xia, X. (2023) 4 Systematic Survey of
Control Techniques and Applications in Connected and Automated Vehicles, arXiv preprint
arXiv: 2303.05665.

Liu, W., Quijano, K. and Crawford, M.M. (2022) ‘YOLOv5-tassel: detecting tassels in RGB UAV
imagery with improved YOLOVS based on transfer learning’, IEEE Journal of Selected Topics
in Applied Earth Observations and Remote Sensing, Vol. 15, pp.8085-8094.

Liu, W., Xia, X., Xiong, L., Lu, Y., Gao, L. and Yu, Z. (2021) ‘Automated vehicle sideslip angle
estimation considering signal measurement characteristic’, /[EEE Sensors Journal, Vol. 21,
No. 9, pp.21675-21687.

Liu, W., Xiong, L., Xia, X., Lu, Y., Gao, L. and Song, S. (2020) ‘Vision-aided intelligent vehicle
sideslip angle estimation based on a dynamic model’, /ET Intelligent Transport Systems,
Vol. 14, No. 10, pp.1183-1189.

Nilsson, J., Brannstrom, M., Coelingh, E. and Fredriksson, J. (2015) ‘Longitudinal and lateral
control for automated lane change maneuvers’, 2015 American Control Conference (ACC),
Chicago, Illinois, pp.1399-1404.

Rosolia, U., De Bruyne, S. and Alleyne, A.G. (2016) ‘Autonomous vehicle control: a nonconvex
approach for obstacle avoidance’, IEEE Transactions on Control Systems Technology,
Vol. 25, No. 2, pp.469-484.

Song, B., Shen, L. and Xing, L. (2023) ‘PINER: prior-informed implicit neural representation
learning for test-time adaptation in sparse-view CT reconstruction’, Proceedings of the
IEEE/CVF Winter Conference on Applications of Computer Vision, Waikoloa, HI, USA,
pp.1928-1938.

Tian, Z. and Wang, Y. (2022) ‘Research on autonomous emergency braking system strategy based
on pedestrian crossing the road’, Sixth International Conference on Electromechanical
Control Technology and Transportation (ICECTT 2021), Vol. 12081, Chongqing, China,
pp.277-288.

Wang, D., Tahmasebi, K.N. and Chen, D. (2022) ‘Integrated control of steering and braking for
effective collision avoidance with autonomous emergency braking in automated driving’,
2022 30th Mediterranean Conference on Control and Automation (MED), Vouliagmeni,
Greece, pp.945-950.

WHO (2021) Global Plan Decade of Action for Road Safety 2021-2030, World Health
Organization and the United Nations Regional Commissions, https://www.who.int/
publications/m/item/global-plan-for-the-decade-of-action-for-road-safety-2021-2030



Multi-level decision framework collision avoidance algorithm 185

Xia, X., Hashemi, E., Xiong, L., Khajepour, A. and Xu, N. (2021a) ‘Autonomous vehicles sideslip
angle estimation: single antenna GNSS/IMU fusion with observability analysis’, [EEE
Internet of Things Journal, Vol. §, No. 19, pp.14845-14859.

Xia, X., Xiong, L., Lu, Y., Gao, L. and Yu, Z. (2021b) ‘Vehicle sideslip angle estimation by fusing
inertial measurement unit and global navigation satellite system with heading alignment’,
Mechanical Systems and Signal Processing, Vol. 150, pp.107290.

Xia, X., Hashemi, E., Xiong, L. and Khajepour, A. (2022a) ‘Autonomous vehicle kinematics and
dynamics synthesis for sideslip angle estimation based on consensus Kalman filter’, /EEE
Transactions on Control Systems Technology, Vol. 31, No. 1, pp.179-192.

Xia, X., Xiong, L., Huang, Y., Lu, Y., Gao, L., Xu, N. and Yu, Z. (2022b) ‘Estimation on IMU yaw
misalignment by fusing information of automotive onboard sensors’, Mechanical Systems and
Signal Processing, Vol. 162, pp.107993.

Xia, X., Meng, Z., Han, X., Li, H., Tsukiji, T., Xu, R. and Ma, J. (2023) ‘An automated driving

systems data acquisition and analytics platform’, Transportation Research Part C: Emerging
Technologies, Vol. 151, pp.104120.

Xiong, L., Xia, X., Lu, Y., Liu, W., Gao, L., Song, S. and Yu, Z. (2020) ‘IMU-based automated
vehicle body sideslip angle and attitude estimation aided by GNSS using parallel adaptive
Kalman filters’, [EEE Transactions on Vehicular Technology, Vol. 69, No. 10,
pp.10668—10680.

Yang, W., Zhang, X., Lei, Q. and Cheng, X. (2019) ‘Research on longitudinal active collision
avoidance of autonomous emergency braking pedestrian system (AEB-P)’, Sensors, Vol. 19,
No. 21, pp.4671.

Yu, Y., Cui, T, Li, Y., Zheng, L. and Zhang, Z. (2021) ‘Motion planning based on steering
obstacle avoidance under emergency conditions’, 2021 6th IEEE International Conference on
Advanced Robotics and Mechatronics (ICARM), Chongqing, China, pp.213-218.

Zhang, D., Zhou, F., Jiang, Y. and Fu, Z. (2023) MM-BSN: Self-Supervised Image Denoising for
Real-World with Multi-Mask Based on Blind-Spot Network, arXiv preprint arXiv: 2304.01598.

Zhang, R., Xiong, L., Yu, Z. and Liu, W. (2017) A Nonlinear Dynamic Control Design with
Conditional Integrators Applied to Unmanned Skid-Steering Vehicle, SAE Technical Paper.

Zhao, S., Chen, G., Hua, M. and Zong, C. (2019) ‘An identification algorithm of driver steering
characteristics based on backpropagation neural network’, Proceedings of the Institution of

Mechanical Engineers, Part D: Journal of Automobile Engineering, Vol. 233, No. 9,
pp.2333-2342.



