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Abstract— Vehicle collision avoidance system (CAS) is
a control system that can guide the vehicle into a
collision-free safe region in the presence of other objects
on road. Common CAS functions, such as forward-
collision warning and automatic emergency braking,
have recently been developed and equipped on
production vehicles. However, these CASs focus on
mitigating or avoiding potential crashes with the
preceding cars and objects. They are not effective for
crash scenarios with vehicles from the rear-end or
lateral directions. This paper proposes a novel collision
avoidance system that will provide the vehicle with all-
around (360-degree) collision avoidance capability. A
risk evaluation model is developed to calculate potential
risk levels by considering surrounding vehicles
(according to their relative positions, velocities, and
accelerations) and using a predictive occupancy map
(POM). By using the POM, the safest path with the
minimum risk values is chosen from 12 acceleration-
based trajectory directions. The global optimal
trajectory is then planned using the optimal rapidly
exploring randoim tree (RRT¥*) algorithm. The planned
vehicle motion profile is generated as the reference
for future control. Simulation results show that the
developed POM-based CAS demonstrates effective
operations to mitigate the potential crashes in both
lateral and rear-end crash scenarios.

I. INTRODUCTION

Autonomous vehicles (AVs) have become a popular
research area in both the automotive industry and academia
with the objective of minimizing risks and enhancing safety
and comfort. Based on the National Highway Traffic Safety
Admiistration NHTSA), smashing into the rear of the car
ahead is the top cause of vehicle accidents, contributing up
around 30% of all traffic accidents annually [1]. Collision
avoidance system (CAS) is one of vehicle active safety
technologies for dealing with both lane-departure and
forward-collision problems, which has been designed and
implemented on some production vehicles. D. Sam [2]
concluded that most road accidents occured due to human
error, and over 90% of those accidents were caused by
visual information acquisition problems. However, most of
the currently developed CASs were designed to mitigate
crashes based on the errors caused by the ego vehicle (e.g..
driver distraction and drowsiness [3]) and static objects on
road, such as lane markings, road edges, and parked

vehicles. These systems are not effective when dealing with
crashes caused by other vehicles at fault. On the other hand,
except for the lane/road departure cases, traditional CAS
mainly focuses on handling the potential crashes from the
ego vehicle to the preceding cars. These systems do not
work at all for rear-end or lateral crash scenarios. For
aforementioned crash scenarios, if human drivers have been
operating the vehicle, the accidents can be handled since
drivers would be able to make the defensive maneuvers.
Unfortunately, AVs cannot deal with such crash situations
to mitigate or alleviate the collisions initiated by other
moving vehicles [4]. Many technical methods have been
proposed in this area to improve the intelligence of AVs for
risk evaluation and motion planning in simple scenarios,
e.g., only considering two vehicles on the two-lane road [5].
In this work, a collision mitigation system with features of
all-around (360-degree) collision avoidance capability is
proposed. The objective is to evaluate the surrounding risks
of the ego vehicle based on the driving environment, and
then find a feasible and smooth path from the start point to
the endpoint without colliding with any obstacles.

The risk assessment module is a prerequisite for motion
planning. Risk assessment computes the danger of potential
paths of the ego vehicle based on the swrounding
environment [6, 7]. Curent risk assessment methods are
not designed for multi-vehicle collision scenarios, and the
potential risks from other vehicles and the surrounding
environment are modeled separately. To overcome this
shortfall, a multi-vehicle risk assessment needs to be
developed for advanced CAS. Based on the results from risk
assessment module, the motion planning module finds the
safest trajectory that the ego vehicle should follow over the
next short period. However, the ego vehicle may collide
with other vehicles or obstacles on the road when mitigating
the potential collison with a target vehicle, which indicates
that all risks of the vehicle surrounding environment need
to be considered. In order to address this issue, several
researchers have modeled the risks of cars using the
potential field method [8]. The multi-vehicle scenarios may
have been modeled and represented, but the risks from
surrounding vehicles were obtained according to the current
positions. If the surrounding vehicle speed is high, the
collision avoidance system cannot rely on the planned
collision-free path. Therefore, a prediction for trajectories
of swrrounding vehicles is necessary. Meanwhile, the
control techniques will be utilized to enforce the ego vehicle
to follow the desired vehicle motion profiles [9-11].
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The presented work in this paper was primarily
motivated by [12], where the authors applied the predictive
occupancy map as a motion planning approach  for
avoiding crashes on road. There are three limitaions for the
proposed method in [12]: (1) the two-dimensional crash
danger assessment of surrounding vehicles covers only
about 37.5% of smrrounding area around the ego vehicle,
(2) the planned acceleration profile does not include the
reference sequence of yaw angle and velocities on the
desired trajectory, (3) the collision-free trajectory
generated in [12] is not global. In this paper, we propose to
generate the collision-free trajectory in the global sense by

utilizing the optimal rapidly exploring random tree (RRT#*).

The main contributions of the paper are summarized as
follows:

1) Thedynamic traffic condition on the straight road was
modeled using POM, which is able to identify risk
levels for all swrounding environments in both the
spatial and temporal spaces.

2) The ego veihcle motion profile is planned based on
the multi-vehicle risk assessment through POM,
which includes reference sequence of positions,
velocity, acceleration, and yaw angle.

3) The collision-free trajectory in the global sense is
obtained by utilizing the optimal rapidly exploring
random tree (RRT*) with POM.

The remainder of this paper is organized as follows.
The overall collision avoidance system is discussed in
Section II. A brief overview of the POM is introduced in
Section III. Section IV explains the motion planning and
trajectory generation for collision mitigation. Simulation
results of one lateral collision scenario are illustrated in
Section V. Finally, the results and conclusions are presented
in Section VL.

II. THE OVERALL COLLISION AVOIDANCE SYSTEM

This section mainly introduces the basic concept and
operation process of the proposed collision avoidance
system. The execution conditions and transition of the
driving modes of the automated vehicle under control is
discussed based on the risk level of the ego car. The overall
architecture for the proposed CAS control is also described.

A. The Basic Concept and Operation Process of MDCAS

This paper proposes a multi-directional collision
avoidance system (MDCAS), which can evaluate the
potential risks associated with surrounding vehicles from all
directions and can generate the corresponding collision-free
trajectory. As an operating mode of automated vehicles,
original CAS was designed to eliminate and/or minimize
human errors from the ego vehicle. The proposed collision
mitigation system obtains the risk values from the
perception information in the sensing system for all
surrounding objects and applies the correct maneuvers
accordingly. The overall structure and proposed decision-
making process of the CAS are given in Fig. 1. We assume
that the vehicle can continuously monitor the surrounding
environment through various sensors and evaluate the risk

levels of the ego vehicle. If the risk value of the ego car
(Risk,gqo) is greater than the pre-determined risk threshold
(Riskspresnoia)s the proposed collision avoidance system
will be activated which applies the motion planning
algorithm to calculate the future safest tracking trajectory.
At the same time, human driving operation or any
automated operation, such as lane keeping or mode, will be
overridden. Once the CAS is activated, it will maintain the
active status for a certain period of time. The CAS total
activation time of MDCAS, Typcas- is explained below
[12]:

Typcas = M X At (Ty < Typcas < T, 1)

where T, isthe start time of the proposed CAS, Ty is the
final time of the execution of the CAS, m is the iteration
number of the algorithm, and At is the sampling period of
the system.

As shown in Fig. 1, the spatial and temporal traffic
conditions are modeled using a predictive occupancy map,
and then the risk assessment module computes the risks of
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Fig. 1. Flowchart of multi-directional collision avoidance system.

the ego vehicle. The CAS is ON when Riskggy, =
Riskinresnoia - Otherwise, the AV will operate in other
automated driving modes, such as lane following control
mode or automatic lane change mode. Note that when the
CAS is ON, it does not mean that the maneuvers from CAS
are executed but it implies that the sensing system is
continuously monitoring the surrounding environment and
evaluating the risks of the ego vehicle. If the CAS is ON
and the evaluated risk values of all trajectory candidates are
higher than the trajectory threshold value (Tr@jspresnota)s it
means that current driving area is safer than any
swrrounding driving areas. Therefore, the ego car should
maintain the previously determined operation and wait for
an appropriate evasion space for collision avoidance..

III. OVERVIEW OF THE PREDICTIVE OCCUPANCY MAP

Collision risks considered in this paper are related to two
types of factors. One is the static and moving vehicles
surrounding the ego vehicle. The other is related to the
surrounding environment that include the drivable areas and
traffic lane markings on road.



Predictive occupancy map (POM) is defined as the top
view of an area surrounding the ego vehicle (e.g., 8 car
width and 8 car length). A POM is devided into a finite
set of squares called cells (e.g., a cell is 0.25m*0.25m).
Each cell in the occupancy grid has a value representing the
probability of the occupancy of that cell by an object. The
probability value close to 1 means that there is a high
probability that the cell contains an obstacle, and the value
close to 0 means that there is a high probability that the cell
is not occupied by any object. The ego vehicle coordinate
system will be used in the POM modeling process. In the
ego vehicle coordinate system, the ego vehicle is always
viewed as the origin with respect to other surrounding
environments. The vehicle is assumed to move in the x
direction of the ego coordinate systems.

The POM can predict future vehicle positions based on
the extrapolation of the relative position, velocity, and
acceleration of the neighboring vehicles to the ego vehicle
in the ego vehicle coordinate system. The level of the risk
in a cell is assigned risk scores from 0 and 10, with 0 being
no risk and 10 being the highest risk. In order to accomplish
the risk assessment and successful motion planning, the ego
vehicle dynamic obtained via the sensing system is
necessary, which can be represented as follows:

Vehego = [Pego,x' Pego,y' Vego,x: Vego,y' Aego,x' Aego,x] (2)

where Veh,g, is the vector of the ego vehicle dynamic
information. P4, is the x coordinate of the ego vehicle
position, F,g,, is the y coordinate of the ego vehicle
position, Vg, is the ego vehicle velocity along the x-axis,
Vego,y is the ego vehicle velocity along the y-axis, Aeggox
is the ego vehicle acceleration along the x-axis, and Agg,
is the ego vehicle acceleration along y-axis, in the world
coordinate systems. The surrounding vehicle n in the
world coordinate systems can be represented as follows:

Vehn = [Pn,x: Pn,y: Vn,x: Vn,y: An,xr An,y] (3)

If we consider only the relative motion of all vehicles to the
ego vehicle in the ego vehicle coordinate systems, the
values of ego vehicle positions, velocities, and accelerations
are all 0 in the ego vehicle coordinate systems. Fig. 2 shows
the dynamic information of surrounding vehicles relative to
ego vehicle, which can be expressed as (4):

Veh,, = Veh, — Veh,g,

= [Prn,x: Prn,y: V;’n,x: Vrn,y: Arn,x: Arn,y] (4)

where Veh, is the dynamic information vector of the
surrounding vehicle n (n is the obstacle index) in the ego
vehicle coordinate system. B, is the surrounding vehicle
position, 1}, is the surrounding vehicle velocity, A, is the
surrounding vehicle acceleration. Veh,, is the relative
dynamic information vector of surrounding vehicle n. B,
is the relative position of neighboring vehicle n, 1, is the
relative velocity of neighboring vehicle n, A,, is the
relative acceleration of neighboring vehicle n, and
subscripts x and y in (3) and (4) represent the longitudinal

and lateral directions in the ego vehicle coordinate system,
respectively. The ego vehicle coordinate system will be
used in the rest of the paper.
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Fig. 2. Surrounding vehicle dynamic information based on
the ego vehicle coordinate system.

A. Costmap Generation for Surrounding Vehicles

The costmap is also called an occupancy map that holds
information about the environment, such as the surrounding
areas that the ego vehicle cannot traverse. The costmap is a
component of POM, in which each cell is associated with a
cost value in the range [0, 1] representing the cost of
navigating through that cell. A cost value is an estimation
of the future driving risk of the ego vehicle with respect
ot the surrounding vehicles and obstacles.

The proposed collision avoidance system is designed for
avoiding the potential imminent crash within a short time
period. Thus, we use the constant acceleration (CA) vehicle
model to predict vehicle future movingtrajectories. The
equation of motion for the CA model in the ego vehicle
coordinate systems is

P=cA, - t2+V,-t (5)
where P is the driving distance within time interval t.

According to [12], the advanced time-to-occupancy
(ATTO) is defined as

Dn

(6)
where D,, is the position of the surrounding vehicle n
after traveling time t, and subscripts x and y represent the
longitudinal and lateral directions, respectively. The time
for applying the vehicle relative acceleration is d. The larger
the d value, the longer time using acceleration term.

Since the risk of vehicles has not been specifically
designated in the previous literature, in this paper, the
definition given in [12] will be used to represent the risk of
vehicles considering the relationship between positions and
traveling time. The POM is defined as the reciprocal of the
previously defined term ATTO at a certain driving space,
which can be represented below.

Vin + d"Arn
ETa— (M

When ATTO is 0, which implies that D, =0 and
vehicle crashes, R,(D,) becomes infinity. Thus, we set
the maximum risk value R4, = 10 (ATTO=0.1 sec)

Rn(Dn) = ATTOr?l(Dn) =



based on the system sampling time 0.1 sec, which is the
shortest time interval the vehicle can avoid crash. In this
case, the acceleration gain d is set as 0.1. Therefore, the
comprehensive risk representations for a two-dimensional
driving region based on the center of surrounding vehicles
can be concluded considering the vehicle dimension by
Equations (8) — (11), which is illustrated in Figure 3.

Case 1: when (abs(D,,, — P,,,) < 0.5W)

_abs(Vyx + d'Ary)
Ry(Dnyxs Dny ) = abs(Dp,x—Prn) —0.5L° ®

Case 2: when (abs(Dn‘x - me) < 0.5L)

abs(Vy,y, + d"Ary)

RlSle(DTl,X' Dn,y ) = abS(Dn,y_Prn,y) —o5w’ (9)
Case 3: when (abs(D,,, — P,,,,) <
0.5W & abs(D,, x — P,,,) < 0.5L)
Risk,(Dpx, Dyy ) = Rinax (10)
Case 4: when (abs(D,,, — P,,,,) >
0.5W & abs(D,,x — P,,,) > 0.5L)
. __ [ abs(Dyx—Prny) —0.5L
Risky(Dyx, Dy ) = ( st raay T
abs(Dyy~Prny) —0.5W )‘1 "
abs(Vyy + d-Ary) ( )

where L and W are the vehicle length and width,
respectively, and subscripts of x and y represent the x-axis
and the y-axis, respectively.
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Fig. 3. Planar collision risk evaluation of surrounding vehicles
based on ego vehicle local coordinate system.

Based on the equations (8)-(11), we can obtain the risk
values of every surrounding vehicle that can be detected by
the perception system around the ego vehicle. The
integration of all risks should be calculated relative to the
ego vehicle. Thus, the overall risk level Ryyerqn 1S
determined by taking the maximum risk values at every
driving region.

Roveran = max(Ry, Ry, ..., Ry) (12)

B. Costmap Generation for Surrounding Environments

The driving environment considered in this paper
consists of two types: drivable traffic area and lane
markings. For the drivable traffic area, we need to make
sure that the ego vehicle will operate in the road area
without colliding with roadside objects such as metal
guardrails or concrete dividers. For detected lane markings,

risk of the ego vehicle from lane change will be considered,
which means the lane change maneuver is not preferred if
other maneuvers can successfully mitigate crashes.

Risks regarding the drivable regions are calculated
based on vertical road edges on the road such as curb or
concrete divider. Areas inaccessible to the ego vehicles will
be set as the maximum risk value of 10. As can be seen in
Fig. 4, the formula of drivable boundaries is presented
below.

Rarivable = Rmax(Step(Dn,y - Prn,y - Boundleft) +
Step(_(Dn,y - Prn,y) - Boundright)) (13)

where Bound,.sy and Bound,,, are the distances
from left and right road boundaries to the center of the ego
vehicle, respectively, and step represents the step function.

Bound,gp;

|
Fig.4. Drivable region risk.

Crossing lanes on highways can increase the collision
risk of the ego vehicle with surrounding vehicles. In
addition, in some specific scenarios, the ego vehicle may
not have enough space to apply emergency lane change.
Thus, if the risks of lane change or driving in a longitudinal
direction are similar, the longitudinal deceleration to avoid
crash will be selected. Therefore, the risks of a traffic lane
can be written as

Dn, _Prn,
PO 4 Ry (14)

lane

Rigne = — |Riane—max * €OS (

where Wy, isthe width of lane marking, and Rjgne—max
is the maximum risk value of lane markings. It can be seen
from the equation above, the closer to the lane marking, the
greater the risk value on the costmap.

Since we have obtained both risks of drivable area and
lane, the total risk of the surrounding environment is
Renvironment = maX(Rdrivableleane) (15)

Therefore, the predictive occupancy map is combined with
all risks described above, such as surrounding vehicle risks
and environmental risks. The POM of the ego vehicle at the
origin is represented as:

POM = max(Roverais Renvironment) (16)

IV. MOTION PLANNING AND TRAJECTORY GENERATION

This section will mainly describe how the safest
acceleration-based route is selected through POM, and how



to obtain the vehicle moving profile in the global sense after
getting the desired trajectory via RRT* algorithm.

A. Risk Assessment of Trajectory Candidates

Twelve pre-defined acceleration-based trajectories
which are 30 degrees apart from each other on POM
according to [12] are determined and can be shown below.

Traj; = JPL-X_”,,LZ + Piy_iim” for i€ T[1,2,...,12] 17)

where Py _iim and Py,_;m, are the limited reachable
longitudinal position and lateral position, respectively.
Since the ego vehicle local coordinate is used, Pj,_;;, can
be computed by following the general CA prediction model
with the initial zero speed. Regarding the limited reachable
lateral position, we assume that vehicle lateral speed is zero
when arriving the desired position (a distance of changing
one lane width) for collision avoidance, which means the
vehicle will accelerate during the first half active time of
CAS, and decelerate during the second half active time of
CAS. The CAS final time (tf) and the reachable limits can
be represented as follow:

1 r[(l 1)
Pi_tim = ZAlx lim * €OS(——) tfz (18)

1
Piy—lim= Aly lim Sll’l( ) tf (19)

1
tr = ’4’ *Wiane E (20)

where Aj_;im and Ay, are the acceleration limits
along the x-axis and y-axis of the ego vehicle, which will
ensure vehicle stability while CAS activating [13]. p is the
road surface friction coefficient, and g is the gravity
constant.

T[(l 1)

Among the pre-determined 12 trajectory options, it is
significant to find the safest trajectory through the
comparison process. 10 waypoints on each of the 12
trajectory candidates are captured evenly along the path
since every length of the trajectory may be different, and
their max, mean, and min values are computed as [12]:

Rtraji—max = max{ Il{O POM(_ 75" 1y)} (21)
Rtraji—min = min{ I{’,O POM(_ ix) T 10 Ly)} (22)

Rtraji—mean = mean{ I{CO POM(_ ix 10 Ly)} (23)

To compare the assigned 12 trajectories, the following
process is followed. First of all, the maximum value of the
desired trajectory cannot be over the threshold value
(Trajinreshoia =4)- The value of 4 is determined based on
the simulation results, which makes sure that there are
appropriate number of candidate trajectories satisfied.

Rt‘raji—max < Trajthreshold (24)

After meeting the requirement of the first condition, the
trajectory with the lowest mean is chosen.

Trajdesired = Ilneijn(Rtraji—mean) (25)

If more than one trajectory satisfies the second condition
given in (25), the trajectory with the lowest min value will
be chosen, and this is the final chosen safest acceleration-
based trajectory for the vehicle on the predictive occupancy
map.

Trajgesirea = r{g?l:l(Rt‘raji—min) (26)

B. Trajectory Generation

The future driving direction and vehicle acceleration
can be obtained from the best final acceleration-based
trajectory depend on the POM in the previous section. Thus,
the final collision avoidance position (P, P,) at time tf
based on the global coordinate system is computed as

7[(1 1)

P _Pxo+on tf+ AlX lim COS( ) tfg (27)

(2%

p = | Do+ Wiane, (left lane change)
Y 7 | Pyo — Wigne, (right lane change)

The acceleration profiles along x-axis and y-axis of the
final trajectory are presented as

1
A, = 2P, g (29)

1 1
4 Wigne g: (0 < Tupcas < Etf)
4y = 11 (30)
=4 Wigne 'g' (E tf < Tupcas < tf)

Moreover, the velocity profiles of the ego vehicle on the
global coordinate along x-axis and y-axis can be
represented as

Ve =Veo T Ax " tf €2))
Vy=Vo + 4yt (32)

Optimal rapidly-exploring random tree algorithm is a
motion planning algorithm for a vehicle travels through a
known costmap [14], which was applied to find the safest
trajectory on the global coordinate based on the existing
POM, given starting point and endpoint of the path. Some
vehicle constraints are also implemented with customized
values in RRT* such as tolerance around goal pose, the
connection between consecutive poses, and the minimum
turning radius of the vehicle. Meanwhile, a path smoother
is used to smooth the path utilizing the cubic spline
interpolation, which will generate the desired yaw angle
along the safest trajectory.

V. SIMULATION RESULTS

To wverify the proposed multi-directional collision
avoidance system, some simulation results on two examples
of potential “side collision” and “rear-end collision” are
shown in Fig. 5 to Fig. 12. In “side collision” scenario, the
ego vehicle drives at a speed of 23m/s, vehicle 2 is in front
of the ego vehicle with a lower speed of 20m/s. Vehicle 4 is
located at the back of the ego vehicle with velocity traveling
speed of 23 m/s, and vehicle 3 is at the rear-right side of the



ego vehicle with higher longitudinal speed of 26my/s and
lateral speed of 0.95m/s to left. Thus, the ego vehicle risks
from front-end and rear-right side have been increased,
which are also presented as shadow areas on POM in Fig. 5

In order to prevent potential crashes, the risk assessment of
trajectory candidates based on the previous determination
procedwes is also in Fig. 6. From the data analysis,
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Fig. 5. Vehicle side collision scenario on POM.
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trajectory 4 was selected with a left lane change of the ego
vehicle, which has the lowest risk. After the acceleration-
based path is planned, the vehicle’s collision avoidance
movement path in a global coordinate is also generated
using RRT* (shown in Fig. 7). The red trajectory is the
desired path of the ego vehicle, which has the lowest risk.
In the planned vehicle motion profiles, the ego vehicle
longitudinal speed is maintained while its lateral
acceleration is increased. As can be observed in Fig. 8, the
lateral acceleration to left is generated, and then the lateral
acceleration to the opposite direction is applied once
arriving at the middle point of the lane to make the vehicle
lateral speed of zero. The desired vehicle yaw angle along
the optimum path is also generated. A 90-degree yaw angle
means that the ego vehicle is driving from left side to right
side along the path in Fig.7.

In the “rear-end collision” scenario, the ego vehicle
drives at a speed of 23nv/s, vehicle 2 is in front of the ego
vehicle with a much lower speed of 13m/s. Vehicle 4 is
located at the back of the ego vehicle with velocity traveling
speed of 24 m/s, and vehicle 3 is at the rear-right side of the
ego vehicle with higher longitudinal speed of 26mv/s. Thus,
the ego vehicle risks from front-end and rear-end side have
been increased, which are also presented as shadow areas
on POM in Fig. 9. In order to prevent potential crashes, the
risk assessment of trajectory candidates based on the
previous determination procedures is also in Fig. 10. From
the data analysis, trajectory 4 of a left lane change was
selected with the lowest risk. After the acceleration-profile
is determined, the global collision-free trajectory was
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Fig. 9. Vehicle rear-end collision scenario on POM.
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obtained as well as the planned motion profiles in Fig. 11
and Fig. 12, respectively.
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VI. CONCLUSIONS

This paper presented the development of a multi-
directional collision avoidance system using the constant
acceleration vehicle prediction model based on the
predictive occupancy map. It has been shown that the
proposed CAS is able to avoid the potential crashes from
all directions of the ego vehicle. Both vehicle moving
information and the static road environment were modeled
and represented using the spatial and temporal space of
POM with the visualization of risks. Trajectory candidates
were pre-defined and utilized to obtain the safest crash
mitigation path by comparing multiple trajectories. These
acceleration-based trajectory candidates were generated
according to the vehicle acceleration limit, which will
maintain vehicle stability when CAS is activated. Two
representative “side collision” and “rear-end collision”
scenarios were applied to verify that the proposed
algorithm can execute successfully to avoid potential
lateral and rear-end crashes. The simulation results
demonstrated the effectiveness and applicability of the
proposed system.
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