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Abstract— Collision Avoidance/Mitigation System (CAMS)
for autonomous vehicles is a crucial technology that ensures
the safety and reliability of autonomous driving systems. Con-
ventional collision avoidance approaches struggle in complex
and various scenarios by avoiding collisions based on rules
for specific collision scenarios. This has led to learning-based
methods using neural networks for adaptive collision avoidance.
However, the approaches directly outputting control inputs
through neural networks have drawbacks in interpretability
and stability. To address these limitations, we propose a
trajectory planning method for CAMS that combines deep
reinforcement learning (DRL) and quintic polynomial (QP)
trajectory planning. The proposed method determines the
terminal state and confidence of the trajectory using DRL
and plans a QP trajectory based on them. By utilizing the
terminal state and confidence of the trajectory rather than
direct control inputs as the output of the neural network, it
generates a more realistic and continuous path. Moreover, this
approach considers collision avoidance and mitigation in an
integrated manner through the reward function of RL. Our
experimental results demonstrate that the proposed method
not only improves interpretability and stability compared to
existing learning-based methods but also upholds performance
in complex and various collision scenarios.

I. INTRODUCTION

Vehicle safety systems have been playing a significant
role in enhancing road traffic safety [1]. Among these
vehicle safety systems, the Collision Avoidance/Mitigation
System (CAMS) in the active safety system is instrumental
in minimizing the damage to drivers and passengers by
overriding the action of human drivers or automated driving
algorithms to avoid and mitigate collisions in imminent
collision situations [2].

Conventional motion planning methods for collision avoid-
ance operate based on rules for specific scenarios [3]–[5].
Such collision avoidance approaches have limitations in han-
dling a wide range of collision scenarios due to their heavy
reliance on predetermined rules and decision algorithms [6],
[7]. Hence, recent research has been actively conducted on
optimization-based and learning-based collision avoidance
and mitigation methods that can handle a wide range of
collision scenarios.
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Fig. 1: Functionality of an active safety system over time.
During the time between a high possibility of collision and
collision, existing CAMS operates separately based on the
criteria, and integrated CAMS operates comprehensively.

The optimization-based collision avoidance and mitigation
method [2] has the advantage of comprehensively assessing
the risks of surrounding vehicles in all directions through
Predictive Occupancy Map (POM). By leveraging the POM,
it can effectively handle complex collision scenarios involv-
ing multiple vehicles. Guardini et al. [8] address complex and
risky collision situations by considering all binary collision
risks of multiple vehicles in the scene through Probability of
Collision with Injury Risk (PCIR). However, most of these
optimization-based methods still have limitations when it
comes to scenarios where the trajectories of surrounding ve-
hicles are variable, as they are designed for scenarios where
surrounding vehicles have constant speed, acceleration, and
path.

On the other hand, by learning from diverse collision
scenarios, deep reinforcement learning (DRL) based methods
[9], [10] can consider not only complex collision scenarios
but also various collision scenarios where surrounding vehi-
cles have a wide range of speeds, accelerations, and paths.
However, they only consider collision avoidance, excluding
collision mitigation even when it cannot be avoided. In
contrast, several works focus only on minimizing collision
severity through optimization when collision avoidance is
impossible [11], [12]. Liu et al. [13] also consider only
collision avoidance based on the exclusive area of the rel-
ative velocity vector in complex collision situations. These
separated approaches have a severe problem: they can make
inappropriate decisions on avoidance and mitigation. For
example, only collision mitigation is considered even when
collision avoidance is possible, and only collision avoidance
is considered when collision avoidance is impossible.
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Fig. 2: Overall framework of the proposed method.

In consideration of both collision avoidance and miti-
gation, the methods using the time-to-collision (TTC) to
determine the unavoidable criteria were devised [14], [15].
Nonetheless, the deterministic separation between collision
avoidance and mitigation, as highlighted in red in Fig. 1,
implies that while the problem is alleviated, it is not fully
resolved.

There were efforts to address collision avoidance and
mitigation in an integrated manner, as depicted in purple
in Fig. 1, through the reward function of RL [16], [17].
However, they use the neural network’s output as direct
control inputs, such as steering, making it difficult or even
impossible to interpret the system’s behavior [18]. Since
the paths are outputted directly as a black box through the
neural network, they lack realism and continuity, which may
compromise safety and reliability. Lastly, Wang et al. [19]
comprehensively address collision avoidance and mitigation
by optimizing the Potential Crash Severity Index (PCSI)
and Artificial Potential Field (APF). However, it still retains
the scenario adaptation limitations of the optimization-based
approaches.

To address the limitations, we propose a trajectory plan-
ning approach for CAMS that combines DRL and quintic
polynomial (QP) trajectory planning. The proposed method
handles complex imminent collision scenarios of surround-
ing vehicles with various positions, speeds, and trajectories
through DRL. It generates a more realistic and continuous
path by utilizing the terminal state and confidence of the QP
trajectory rather than direct control inputs as the output of
DRL. Finally, it considers collision avoidance and mitigation
in an integrated manner through the reward function of DRL.
Experiments for validation are conducted in the CARLA
simulator [20], and our experimental results demonstrate that
the proposed method achieves collision avoidance perfor-
mance comparable to existing learning-based methods while

alleviating their interpretability and stability issues. The main
contributions of this paper can be summarized below:

• By utilizing DRL, handle complex and various collision
scenarios.

• By combining DRL with QP trajectory planning, alle-
viate the problems of interpretability and stability.

• By addressing collision avoidance and mitigation in
an integrated manner via the reward function of DRL,
find the optimal criteria for collision avoidance and
mitigation.

The remainder of this paper is organized as follows: In
Section II, Detailed explanation of the proposed algorithm
is provided. Section III presents the simulation environment
and experimental results. Finally, Section IV offers a sum-
mary and conclusion of our work.

II. METHODOLOGY

A. Overview
The proposed method consists of two main components:

the high-level decision maker, composed of a DRL agent, and
the low-level trajectory planner, which utilizes QP trajectory
planning, as depicted in Fig. 2.

The high-level decision maker determines the terminal
state and confidence for a QP trajectory, considering collision
avoidance and mitigation in an integrated manner. On the
other hand, the low-level trajectory planner utilizes the
terminal state from the high-level decision maker to plan
a QP trajectory (Blue in Fig. 2), and the confidence to
clip the trajectory only up to a reliable point (Red in Fig.
2). It then re-plans the trajectory (Green in Fig. 2) for
an updated terminal state. A tracking controller converts
the planned trajectories into vehicle control inputs. This
process is iteratively performed in various imminent collision
scenarios, allowing the DRL agent to learn appropriate high-
level decisions about collision avoidance and mitigation.
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B. High-Level Decision Maker

The high-level decision maker of the proposed algorithm
is composed of a DRL agent. We use the Soft Actor-
Critic [21] for the DRL algorithm, which is suitable for
continuous action spaces like autonomous driving. We define
the problem of determining high-level decisions for collision
avoidance and mitigation as a Markov Decision Process
(MDP) problem. MDP consists of tuple (S,A,P,R, γ),
where S is a set of states, A is set of actions, P = P (St+1 =
s′|St = s,At = a) is the transition probability that the next
state will be s′ when the current state is s and the current
action is a, R = E[Rt+1|St = s,At = a] is reward function
and γ is a discount factor, γ ∈ [0, 1].

The SAC algorithm is a model-free RL algorithm, which
means that the agent does not have prior knowledge of
the transition probabilities and solves the problem without
explicit information about them. Additionally, it incorporates
the concepts of maximum entropy and RL to promote
diverse action exploration and enhance its robustness. In
the problem formulation, the state space, action space, and
reward function are structured as follows.

1) State Space: As inputs to the DRL agent, the following
information is used:

• Global X, Y speed and yaw angle of the ego vehicle
• Relative X, Y position/speed and yaw angle of sur-

rounding vehicles
• Lane information of ego and surrounding vehicles

The number of surrounding vehicles can be adjusted accord-
ing to the scenario requirements. In our case, we assume
three vehicles are positioned around the ego vehicle.

2) Action Space: The outputs of the DRL agent are as
follows:

• R: Longitudinal distance to the terminal state of QP
trajectory

• L: Lateral distance to the terminal state of QP trajectory
• vT : Velocity at the terminal state of QP trajectory
• T : Time to reach the terminal state of QP trajectory
• p: Confidence of QP trajectory

L is selected from lateral distances for lane keep and
left/right lane change to generate lane-based collision avoid-
ance and mitigation paths. These decisions regarding lat-
eral movement are made within the road space, excluding
sidewalks where vehicles should not travel. The range of
the action is set to plan short trajectories between 1 and 2
seconds, suitable for imminent collision avoidance and mit-
igation. How these actions of the DRL agent are combined
with the low-level trajectory planner will be further explained
in detail within the low-level trajectory planner’s context.

3) Reward Function: The reward function is designed as:

Rtotal = wcollisionRcollision + wriskRrisk (1)

Rcollision =

{
−Collision Impact if collision occurs
0 otherwise

(2)

Rrisk = − max
i∈{1,2,...,n}

Riskvehi
(every time step) (3)

Riskvehi
=

{
clip(TTC−1

i , 0, 4) if TTC > 0 seconds
5 if TTC = 0 seconds

(4)

where i denotes the indices of n surrounding vehicles.
By imposing a penalty proportional to the collision impact,

the algorithm learns to avoid actions leading to collisions
and generate the trajectories to minimize collision impact if
a collision is unavoidable. This penalty allows for a compre-
hensive consideration of collision avoidance and mitigation
strategies.

Even without actual collisions, we enhance safety by
utilizing the inverse of TTC as a risk. The constant turn
rate & velocity (CTRV) model [22] is employed to compute
the TTC. This model is well-suited for predicting imminent
collision scenarios due to its computational efficiency and
validity for short time horizons [23]. The TTC-based risk for
each surrounding vehicle is clipped as in Eq. (4) to prevent
the risk from diverging infinitely [2]. Then, the negative
of the maximum value among the risks of the surrounding
vehicles is used as Rrisk.

C. Low-Level Trajectory Planner

In the low-level trajectory planner, QP trajectories are
planned based on the terminal states determined by the high-
level decision maker. Then, based on the confidence out-
putted through the neural network, the trajectory is clipped
only up to the highly reliable parts, as illustrated in Fig. 2.

x(t) = a0 + a1t+ a2t
2 + a3t

3 + a4t
4 + a5t

5 (5)

y(t) = b0 + b1t+ b2t
2 + b3t

3 + b4t
4 + b5t

5 (6)

The QP trajectory planning refers to determining the six
coefficients of the 5th-order polynomial [24] to define the
desired trajectory over time for both the x and y-axis. The
polynomial-based motion planning methods are well-suited
for lane-based path planning of autonomous vehicles. They
can satisfy constraints such as the required position, yaw
angle, and velocity at interpolating points [25].

a0

a1

a2

a3

a4

a5

 =


1 0 0 0 0 0
0 1 0 0 0 0
0 0 2 0 0 0
1 T T 2 T 3 T 4 T 5

0 1 2T 3T 2 4T 3 5T 4

0 0 2 6T 12T 2 20T 3


−1 

x(0)
ẋ(0)
ẍ(0)
x(T )
ẋ(T )
ẍ(T )

 (7)

with a0, a1, . . . , a5 ∈ R.
x(T ) = xego +R

ẋ(T ) = vT

ẍ(T ) = 0


y(T ) = yego + L

ẏ(T ) = 0

ÿ(T ) = 0

(8)

where xego, yego represent the current positions of the ego
vehicle along the x and y-axis, respectively. The values of
R,L, vT and T are determined through DRL.

To compute the coefficients of the QP trajectory for the x-
axis, it is necessary to determine T and the boundary condi-
tions at T seconds, as indicated in Eq. (7-8). These terminal
states of the trajectory play a crucial role in determining
which lane to move in for collision avoidance and mitigation,
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(a) (b) (c)

Fig. 3: Target imminent collision scenarios. (a) Fast approach of the vehicle ignoring traffic lights at the intersection. (b)
Abrupt lane intrusion of the vehicle ignoring traffic lights at the intersection. (c) Sudden lane intrusion of the vehicle from
the opposing lane on the straight road.

(a) Full Tracking (b) Init Tracking (c) Confidence based

Fig. 4: Planned trajectory based on the tracking level.

as well as generating the path’s shape. The equation for the
y-axis follows the same form as Eq. (7).

By outputting the terminal state R,L, vT , T of the QP
instead of control inputs like steering, it generates a realistic
and continuous path while handling complex and various
collision scenarios. In addition, yaw constraint is used for
the planned paths to prevent unrealistic path generation.

Coupling the path and velocity planning has the advantage
of finding a better solution in which path and speed interact
strongly, even in emergency collision situations. However,
if this coupled trajectory is tracked without re-planning
until the terminal state, sudden movements of surrounding
vehicles cannot be considered, as illustrated in Fig. 4a.
The approach of tracking only the initial segment of the
trajectory and then re-planning the trajectory, as depicted
in Fig. 4b, also has a limitation. This is due to the nature
of the polynomial-based method, where the initial portion
of the planned path features very gradual changes in yaw
angle and speed. Consequently, reaching the target point
takes considerable time, making it challenging to avoid
collision. Thus, we further output confidence p through the

TABLE I: DRL Hyperparameters.

Parameter Value
optimizer Adam [26]

learning rate 0.0003
discount factor 0.99

batch size 64
buffer size 106

number of hidden layers 2
number of hidden units per layer 256

neural network to determine how much the planned trajectory
should be trusted and followed. This improves the algorithm
by clipping and tracking the trajectory only to the reliable
point and re-planning the trajectory, as shown in Fig. 4c.

III. EXPERIMENTS AND RESULTS

The proposed trajectory planning method is trained and
validated in the CARLA simulator [20]. For the DRL agent to
learn to make appropriate decisions about collision avoidance
and mitigation, learning is conducted at collision imminence
levels divided from 1 to 3, ranging from collision situations
when collision avoidance is possible to situations when
collision avoidance is impossible. As the collision imminence
level increases, the distance between the risky and the ego
vehicle becomes closer, and the speed at which the risky
vehicle approaches the ego vehicle increases. The hyperpa-
rameters of the DRL agent used for training are shown in
Table I.

Based on the Fatality Analysis Reporting System (FARS)
and National Automotive Sampling System General Esti-
mates System (NASS-GES), about 40 percent of crashes that
occurred in the United States occurred at intersections [27].
Therefore, two collision scenarios that occur at intersections
and one collision scenario that occurs on a general straight
road are used as target scenarios, as shown in Fig. 3. In
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TABLE II: Collision rate & Average collision impact in various collision imminence levels.

Evaluation Metric
Collision

Imminence
Level

Algorithm

TTC-based AEB End-to-End RL Ours (Only Avoidance) Ours (Integrated)

Collision Rate [%]

1 39.2% 3.5% 3.4% 3.3%
2 51.1% 9.5% 14.1% 10.2%
3 75.9% 28.2% 25.3% 27.2%

All 54.7% 13.3% 13.1% 12.9%

Avg. Collision Impact [N·s]

1 7989 N·s 5678 N·s 5412 N·s 4773 N·s
2 8683 N·s 6721 N·s 7019 N·s 6450 N·s
3 7845 N·s 7901 N·s 7650 N·s 6644 N·s

All 8056 N·s 7338 N·s 7260 N·s 5793 N·s

scenario (a), the red risky vehicle ignores the stop signal at
the intersection and quickly approaches the blue ego vehicle.
In scenario (b), the risky vehicle ignores the straight-ahead
signal at the intersection and makes a sudden left turn toward
the ego vehicle. Lastly, in scenario (c), the risky vehicle
suddenly drives in reverse on the straight road toward the
ego vehicle through various paths. In all scenarios, the yellow
vehicle behind the ego vehicle causes a secondary collision
when the ego vehicle engages emergency brakes to avoid a
risky vehicle, further complicating the collision situation.

A. Performance Evaluation
To evaluate the collision avoidance and mitigation perfor-

mance, we conducted 1,000 simulation tests and compared
the results with a TTC-based Autonomous Emergency Brak-
ing (AEB) system, an End-to-End Reinforcement Learning
(RL) algorithm, and our algorithm that only considers colli-
sion avoidance. The comparison among the algorithms was
based on collision rate and the average collision impact.
The TTC-based AEB system is a system that performs
longitudinal speed control for collision avoidance based on
TTC. The End-to-End RL algorithm is trained with the
same state space, reward function as ours, and action space
consisting of throttle, steering, and brake. We assume that the
perception of the End-to-End RL algorithm in the experiment
is accurate. Lastly, in our algorithm that only considers
collision avoidance, the reward function is modified to im-
pose a constant penalty for collisions rather than a penalty
proportional to the collision impact.

Table II demonstrates that the proposed method achieves
a significantly lower collision rate than the TTC-based AEB
system across all collision imminence levels. It also exhibits
a comparable collision rate to the End-to-End RL algorithm,
and the algorithm focuses solely on collision avoidance.
Moreover, our approach shows the best collision avoidance
performance among the compared algorithms, both at col-
lision imminence level 1 and when including all collision
imminence levels. Although unexpected and potential colli-
sions must be considered in the tested scenarios, learning-
based methods, including ours, show generally high collision
avoidance rates.

Regarding collision impact related to collision mitigation
performance, the proposed method that considers collision
avoidance and mitigation in an integrated manner shows
the best mitigation performance at all collision imminence

(a)

(b)

Fig. 5: Examples of planned paths in simulation. (a) Planned
path in straight road collision scenario. (b) Planned path in
intersection collision scenario.

levels. The proposed method achieves comparable collision
avoidance performance to an algorithm that only considers
collision avoidance while showing a lower average collision
impact. It demonstrates that our approach performs collision
avoidance when collision avoidance is possible while also
performing collision mitigation when it is impossible. The
End-to-End RL algorithm was also trained using the same
reward function as the proposed method but shows relatively
lower collision mitigation performance.
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Fig. 6: Collision rate changes for noise in various collision
imminence levels.

B. Interpretability and Stability

The interpretability of the system plays a vital role in
autonomous driving [28]. For instance, in an autonomous
driving system, a planned path through the planning module
provides engineers and drivers with a clear understanding of
the system’s behavior, such as where the vehicle is heading.
This planned path can also interact with the prediction
module to assess whether following it would lead to potential
collisions. In a non-interpretable system, it becomes chal-
lenging to pinpoint which module encounters issues when
errors occur within the system, ultimately compromising the
system’s stability.

As depicted in Fig. 5, the proposed algorithm plans a
realistic and continuous path for collision avoidance and
mitigation in imminent collision scenarios. Through the
planned path, the ego vehicle’s goal point can be confirmed,
enabling various interactions with other modules. It provides
interpretability and stability for autonomous driving systems.
In contrast, the learning-based method that directly outputs
control input through a neural network lacks realism and
continuity because there is no path, and control input is
also output as a black box through a neural network, which
reduces the interpretability and stability of the autonomous
driving system.

C. Robustness to Noise

We conducted an additional experiment under noisy con-
ditions to assess the practical utility of our system in the
real world. In this experiment, our algorithm is trained using
a state that included noise in the position and velocity
information of surrounding vehicles. The noise used in the
experiment is Gaussian noise with a mean of 0 and a variance
of 1.

As shown in Fig. 6, the collision avoidance rate of our
method at each collision imminence level is degraded by
0.4%, 3.0%, 0.3%, and 0.3% in noisy environments. In con-
trast, the TTC-based AEB system exhibits more considerable
deterioration, with rates dropping by 4.2%, 4.4%, 2.9%, and

TABLE III: Ablation study for confidence p.

Tracking Level Collision Rate Avg. Collision Impact
Full Tracking 13.5% 6264 N·s
Init Tracking 40.7% 11188 N·s

Confidence based 12.9% 5793 N·s

5.2%. It is shown that the proposed approach is more robust
to noise, indicating it to be more suitable in real-world
conditions. On the other hand, the TTC-based AEB system
shows significant degradation in performance under noisy
conditions due to factors such as model errors.

D. Ablation Study

An ablation study was conducted to investigate the effect
of confidence p on performance. Table III shows that the
confidence-based method performs better regarding collision
rate and average collision impact than the Full and Init
Tracking methods. The Full Tracking method exhibits a
swift ability to reach the target point, but its performance
lags behind the confidence-based method due to its inability
to consider the sudden interruption of surrounding vehicles
while reaching the terminal point. Secondly, the Init Tracking
method faces challenges in collision avoidance because there
is little change in speed and yaw when only the initial
part of the trajectory is tracked. Consequently, it shows the
lowest performance among the compared methods. Lastly,
the confidence-based method follows only the reliable part
by utilizing the confidence p of the trajectory and generates
a new trajectory to address sudden changes in surrounding
vehicles. In addition, it moves quickly to the terminal point,
showing the best performance in collision avoidance and
mitigation.

IV. CONCLUSIONS

This paper presented a trajectory planning method for
integrated CAMS that combines DRL and QP trajectory
planning. The proposed approach deals with complex and
various collision scenarios via the DRL and leverages the
terminal state and confidence of the QP trajectory rather than
the direct control input as the output of a neural network to
create a more realistic and continuous path. The experimental
results indicate that the proposed method achieves a collision
avoidance rate comparable to the End-to-End RL algorithm
and the algorithm that considers only collision avoidance
while showing a lower average collision impact. It uses the
terminal state and confidence of the trajectory as the output
of a neural network, thereby improving interpretability and
stability while maintaining collision avoidance performance
compared to existing learning-based methods. Moreover,
by evaluating the performance of the proposed algorithm
in noisy environments, it is confirmed that the algorithm
maintains its performance without significant degradation
in noisy conditions. The proposed algorithm is expected to
contribute to reducing traffic fatality by ensuring the safety
and reliability of autonomous vehicles.

7581



REFERENCES
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