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Abstract
Automated driving is essential for developing and deploying intelligent transportation systems. 
However, unavoidable sensor noises or perception errors may cause an automated vehicle to adopt 
suboptimal driving policies or even lead to catastrophic failures. Additionally, the automated driving 
longitudinal and lateral decision-making behaviors (e.g., driving speed and lane changing decisions) 
are coupled, that is, when one of them is perturbed by unknown external disturbances, it causes 
changes or even performance degradation in the other. The presence of both challenges significantly 
curtails the potential of automated driving. Here, to coordinate the longitudinal and lateral driving 
decisions of an automated vehicle while ensuring policy robustness against observational uncertain-
ties, we propose a novel robust coordinated decision-making technique via robust multiagent 
reinforcement learning. Specifically, the automated driving longitudinal and lateral decisions under 
observational perturbations are modeled as a constrained robust multiagent Markov decision process. 
Meanwhile, a nonlinear constraint setting with Kullback–Leibler divergence is developed to keep the 
variation of the driving policy perturbed by stochastic perturbations within bounds. Additionally, a 
robust multiagent policy optimization approach is proposed to approximate the optimal robust 
coordinated driving policy. Finally, we evaluate the proposed robust coordinated decision-making 
method in three highway scenarios with different traffic densities. Quantitatively, in the absence of 
noises, the proposed method achieves an approximate average enhancement of 25.58% in traffic 
efficiency and 91.31% in safety compared to all baselines across the three scenarios. In the presence 
of noises, our technique improves traffic efficiency and safety by an approximate average of 30.81% 
and 81.02% compared to all baselines in the three scenarios, respectively. The results demonstrate 
that the proposed approach is capable of improving automated driving performance and ensuring 
policy robustness against observational uncertainties.

© 2023 Nanyang Technological University; Published by SAE International. This Open Access article is published under the 
terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0/), which permits distribution, 
and reproduction in any medium, provided that the original author(s) and the source are credited.
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Introduction

In the present-day world, automobiles have become an indis-
pensable means of transportation. However, the increased 
mobility provided by motor vehicles comes at a cost, such 

as an increase in traffic accidents [1, 2, 3]. Fortunately, with 
the rise of cutting-edge technologies such as artificial intel-
ligence (AI) [4, 5] or metaverse, automated vehicles are 
becoming increasingly promising as they are able to shoulder 
the burden and stress of human drivers, leading to enhanced 
traffic safety and efficiency [6, 7].

An automated vehicle involves the integration of multi-
disciplinary knowledge and theories, which is basically 
composed of sensing, decision-making, and motion control 
systems [8, 9, 10]. The decision-making system is the brain of 
automated driving, enabling an automated vehicle to reason-
ably determine driving behaviors according to environmental 
information and vehicle status [11]. In recent years, researchers 
have extensively reported numerous technological advances 
in automated driving [12, 13, 14]. Here our work centers 
around the decision-making system of automated vehicles.

The decision-making technologies utilized in automated 
vehicles can be broadly categorized into rule-based, modeling-
based, and learning-based methods [15]. The finite state 
machine (FSM) is a widely recognized scheme for rule-based 
driving decision-making [16, 17]. A hierarchical FSM strategy 
was developed, which utilizes a meta-state machine for 
different situations and a substate machine for the driving 
state of the vehicle in [18]. An adaptive FSM scheme was 
presented to control automated vehicles by following a 
sequence of states/behaviors to reach a destination in [19]. A 
behavior decision-making scheme based on rules was devel-
oped by combining a fuzzy rule base for modeling basic 
driving elements with a probabilistic FSM in [20]. In general, 
such methods are simple to implement and highly interpre-
table. However, since these approaches lack learning skills, 
they rely heavily on the prior knowledge of specialists. 
Moreover, it is difficult to design rules in complex scenarios.

The modeling-based decision-making schemes are gener-
ally based on game theory or Markov decision process (MDP) 
[15]. A Stackelberg game was adopted to cope with the auto-
mated driving decision-making problem in [21]. An auto-
mated vehicle determines its actions that maximize its utility 
by considering the actions that the following vehicles may 
take. All other vehicles perform similarly in each stage of the 
game. The Stackelberg game theory was leveraged to model 
the driving decisions by taking into account various driving 
styles and social interaction characteristics in [22]. A method 
for situation-aware decision-making in urban automated 
driving was presented using a partially observable MDP in 
[23]. An intention-aware online partially observable MDP 
scheme was designed to handle automated driving decision-
making tasks in [24]. By and large, such methods can derivate 
the optimal policies by mathematical models of strategic inter-
actions among vehicles or agents. Nonetheless, they are 
computationally intractable for large state and action spaces, 
since these schemes have to solve an optimization problem 

for each of the different situations. Moreover, such ways lack 
the generalizability to unseen cases.

The learning-based decision-making approaches gener-
ally are implemented through imitation learning (IL) and 
reinforcement learning (RL) [25, 26]. Xu et al. advanced a 
framework based on combining a fully convolutional network 
(FCN) with long short-term memory (LSTM) to learn driving 
policies via a large-scale crowd-sourced video dataset. Kuefler 
et al. [27] developed a generative adversarial IL method to 
tackle automated driving decision problems. Ngai et al. [28] 
proposed a multiple-goal RL technique to cope with the 
vehicle overtaking task by double-action Q-learning. Chen 
et al. [29] presented an automated driving decision scheme 
using deep hierarchical RL. Everett et al. [30] advanced an 
automated driving decision method for collision avoidance 
by combining deep RL with LSTM. Xu et al. [31] proposed an 
RL technique with multi-objective approximate policy itera-
tion to determine driving behaviors for automated vehicles 
on highways. You et al. [32] designed an integrated RL and 
deep inverse RL approach to obtain the optimal driving 
policy. By deep neural networks (DNNs) as powerful function 
approximators [33, 34], the learning-based methods can learn 
a single parametric representation that maps high-dimen-
sional perceived information directly to driving strategies 
while generalizing unseen situations [35, 36]. However, in 
general, the decision-making approaches with IL have high 
requirements on the quantity and quality of labeled training 
data or demonstration data that is expensive and time-
consuming to collect in practical applications. The decision-
making approaches with RL differ from IL schemes in not 
needing labeled data or demonstration data. Instead, RL 
agents acquire skills to perform tasks by repeatedly inter-
acting with the environment and learning from trial-and-
error [37, 38].

Although the aforementioned decision-making methods 
have achieved impressive success in a series of automated 
driving tasks, there is still room for improvement and perfec-
tion. On the one hand, the sensing and perception information 
of automated vehicles may contain natural stochastic noises 
or perception errors that could mislead automated driving 
systems into taking suboptimal or even cause catastrophic 
failures. Nonetheless, few studies concern and cope with this 
challenge. On the other hand, the longitudinal and lateral 
decision-making behaviors (e.g., driving speed and lane 
changing decisions) are coupled, that is, when one of them is 
perturbed by unknown external disturbances, it gives rise to 
changes or even performance degradation in the other. In 
other words, the longitudinal and lateral decision-making 
systems require to be effectively coordinated to guarantee 
vehicle performance. For instance, if observational perturba-
tions in sensor inputs cause an automated vehicle to swerve 
sharply, then the vehicle speed should be regulated effectively 
to ensure driving safety. Consequently, these two challenges 
greatly hinder the potential of automated vehicles. 
Notwithstanding, to the best of our knowledge, the robust 
coordinated longitudinal and lateral decision-making tech-
nique for automated driving has not yet been fully explored.
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Based on the earlier considerations, to ensure the auto-
mated driving performance and the policy robustness against 
observational uncertainties, we present a novel robust coor-
dinated decision-making (RCDM) approach for automated 
driving through robust multiagent reinforcement learning 
(RMARL). The proposed RCDM technique attempts to enable 
an automated vehicle to coordinate its longitudinal and lateral 
decision-making systems while ensuring driving policy 
robustness against observational uncertainties. This work’s 
main contributions are highlighted as follows.

•• A constrained robust multiagent MDP (CRMA-MDP) is 
presented to model the cooperative driving behaviors of 
the longitudinal and lateral decision-making systems of 
an automated vehicle under observational uncertainties. 
Additionally, a nonlinear constraint setting with Kullback–
Leibler (KL) divergence is developed to keep the variations 
of the longitudinal and lateral driving policies perturbed 
by stochastic observational perturbations within bounds.

•• A robust multiagent policy optimization (RMAPO) 
algorithm is advanced to enable the longitudinal and 
lateral decision-making systems to learn the optimal 
robust coordinated policies by solving the constrained 
optimization problem formulated via CRMA-MDP and 
the nonlinear constraint.

We assess the performance of the proposed method 
through three testing cases with varying traffic flow densities 
using the simulation of urban mobility (SUMO) platform [39]. 
Our results demonstrate that the proposed RCDM approach 
effectively enhances the performance of the automated vehicle 
while ensuring the driving policy robustness against 
observational uncertainties.

The remainder of this article is organized as follows. 
Section “Methodology” presents an illustration of the RCDM 
approach. Section “Technical Implementation” provides 
implementation details of our method. Section “Performance 
Evaluation” discusses the testing results and analyses. Finally, 
Section “Conclusion” concludes this work.

Methodology

Technical Framework
In Figure 1, we show a block diagram of the architecture for 
the proposed RCDM approach. The red vehicle represents the 
ego automated vehicle, whereas the other colored vehicles 
denote social vehicles. Since the longitudinal and lateral deci-
sion-making systems of an automated vehicle have a common 
objective (i.e., improving automated driving performance), 
the interaction between them can be regarded as a cooperative 
game (i.e., multiagent collaboration problem). The states of 
the longitudinal and lateral decision-making agents contain 
17 dimensions. The output of the longitudinal agent is the 
continuous vehicle speed. Furthermore, the lateral agent 
executes a discrete lane changing policy, including lane 
keeping, left lane changing and right lane changing.

In Figure 1, the longitudinal decision-making agent (i.e., 
system) makes an approximately optimal response to the 
action from the lateral decision-making agent, while the 
lateral decision-making agent will also take into the response 
of the longitudinal decision-making agent. The action of one 
agent can be completely observed by the other agent at each 
stage of the game. Moreover, Δt represents observational 
uncertainty at the time step t st,   denotes the state perturbed 
by stochastic perturbation at the time step t, st and st+1 repre-
sent states at the time step t and t + 1, rt and rt+1 denote the 
reward at the time step t and t at

s+1,   and at
lc  represent the 

perturbed actions of longitudinal and lateral decision-making 
agents at the time step t, πs and πlc denote the policies of longi-
tudinal and lateral agents, respectively.

Problem Modeling
In this section, we model strategic interactions between the 
longitudinal and lateral decision-making systems of an auto-
mated vehicle as a cooperative multiagent problem. Specifically, 

 FIGURE 1  Illustration of our robust coordinated decision-making framework for automated driving.
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we extend existing MDP formulations for explicitly modeling 
the multiagent behaviors under observational uncertainties. 
Hence, here CRMA-MDP is presented.

Definition 1 A CRMA-MDP is able to be characterized 
by a 7-tuple ( ),S A S, , , , , , wheren n np r C� �  denotes the state 
space.    n

n: 1 2× × ×  is a space of joint action, where i 
indicates the space of action that can be  taken by agent i. 
pn n: S A S� � �   represents the transition probability from 
the current state to the next state under the joint action for all 
agents. rn n: S A� �  represents the shared reward function 
for each agent. γ ∈ (0, 1) signifies the discount factor. Δ denotes 
the observational uncertainty. C is the constraint function. In 
CRMA-MDP, all agents share the state space and the reward. 
Moreover, in the RCDM task, the longitudinal decision-
making agent is taking speed policy πs and the lateral decision-
making agent is playing the lane changing policy πlc, then 
both agents observe the perturbed state st  and take perturbed 
actions   a s at

s s
t t

lc� �� �� | ,  and   a s at
lc lc

t t
s� �� �� | ,  at every time 

step t .  In addit ion, the transit ion probabi l ity 
s p s s a at t t t

s
t
lc

� �� � �1 1 | , ,  , the shared reward r r s a at t t
s

t
lc� � �, ,   can 

be obtained from the environment. Therefore, CRMA-MDP 
for each time step can be represented by s a a r st t

s
t
lc

t t, , , ,  �� �1 .
According to CRMA-MDP, our RCDM task is able to 

be formulated as the following constrained optimization task:

	

max

. . ,

,� �

�

�
s lc

s

t

T
t

t t
s

t
lc

t t
lc

r s a a

t C s a




�

� � �
�

�
�
�

�

�
�
�

�

0

, ,

s t , , ��

�

t s

t t
s

t lcC s a
lc

� ��
�

�
� �

� ��
�

�
� �



 � , ,

	 Eq. (1)

where T is the last time step, ϵs and ϵlc are predefined thresh-
olds, at

s and at
lc  denote the actions of the longitudinal and 

lateral decision-making agents, respectively. Additionally, the 
longitudinal and lateral driving policies’ KL divergence-based 
constraints Cπs(⋅) and Cπlc(⋅) can be defined as:

	
C s a D a s a a s a

s lc
KL
s s s lc s s lc� � �, , | , | ,�� � � � �� �½½ ( )  

	
Eq. (2)

	
C s a D a s a a s a

lc s
KL
lc lc lc s lc lc s� � �, , | , | ,�� � � � �� �½½ ( )  

	
Eq. (3)

	
s s� �� 	 Eq. (4)

where the observational uncertainty � �� �1 , and ∆ is the 
independent Gaussian noise with variance σ 2 . Here σ  is set 
to 1.00. Moreover, Cπs(⋅) or Cπlc(⋅) can measure the variations 
of the policies perturbed by stochastic observational perturba-
tions. Here, to improve the driving policy robustness against 
perturbations, we  try to maximize expected return while 
keeping Cπs(⋅) and Cπlc(⋅) within bounds.

For the longitudinal decision-making agent, the speed 
policy is represented by a Gaussian with mean and variance 
prov ide d  v ia  neu r a l  ne t work s .  We  denote 
� � �s s lca s a| , ,� � � � � 2  a nd � � �s s lca s a    | , ,� � � � � 2 , 
where μ and µ  are the mean of Gaussian distribution and 
Gaussian distribution with observational uncertainty Δ, σ 
and σ  are the variance of Gaussian distribution and Gaussian 
distribution with Δ respectively. Hence, the constraint Cπs(⋅) 
can be written as:

	
C s a D a s a a s a

s lc
KL
s s s lc s s lc� � �

�
�

�

, , | , | ,�� � � � �� �
� �

�

½½ ( )

log

  



 



� � �

�
� � � �

2 2 2

22
.

	
Eq. (5)

For the lateral decision-making agent, the lane changing 
policy is discrete, and the constraint Cπlc(⋅) can be expressed as:

	

C s a D a s a a s a

a

lc s
KL
lc lc lc s lc lc s

lc l

� � �

�

, , | , | ,�� � � � �� �
� �

½½ ( )  

cc s
lc lc s

lc lc s
s a

a s a

a s a
| ,

| ,

| ,
� � � �

� �
�

�

�
�

�

�

�
�

log .
�

�   

	

Eq. (6)

Optimization Approach
The proposed RMAPO method is introduced in this section. 
RMAPO attempts to enable the longitudinal and lateral deci-
sion-making agents to learn the optimal robust coordinated 
driving policies.

Here the expected return of the cooperative task can 
be decomposed into a sum of rewards at all the time steps. 
Since the policy at the current time step can only affect the 
future objective value, the dynamic programming algorithm 
is able to be leveraged to solve the policy backward through 
time. Hence, the optimization objective of driving decision-
making agents can be represented as an iterated maximization:

  

v s r s a a
s lc

s lc

s lc

s lc� �

� �

� �

,

,

,

max

max

� � � � ��
�

�
��

� ���

0 0

1 1

0 0 0



, ,

����
�

�
��

�

�
��
�

�
�
�

max [ ( )] .
,� �T

s
T
lc

r s a aT T
s

T
lc , ,

	 Eq. (7)

The longitudinal and lateral decision-making agents can 
be optimized from the last time step T. Here we require to 
solve the following constrained optimization task:

	
max

. . ,
,� �

� �
T
s

T
lc

f

c c

T
s

T
lc

T
s

T
lc

,

s t

� �
� �0 0

	 Eq. (8)
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with

	

c C s a

c C s a

f

T
s

s T T
lc

T

T
lc

lc T T
s

T

T
s

T
lc

s

lc

� � � �
� � � �

� � �





�

�

� �

, ,

, ,

,

�

�

 r s a a c cT T
s

T
lc

T
s

T
lc, , if and

otherwise

 � ��
�

�
� � �

��

�
�
�

��

,

,
.

0 0

	

Hence, the Lagrange function can be obtained:

    L f c cT
s

T
lc

T
s

T
lc

T
s

T
lc

T
s

T
s

T
lc

T
lc� � � � � � � �, , , ,� � � � � � � 	 Eq. (9)

where αT
s  and αT

lc are Lagrange multipliers in the optimization 
of the speed policy and the lane changing policy at the time 
step T.

If we attempt to minimize L T
s

T
lc

T
s

T
lc� � � �, , ,� � with respect 

to αT
s  and αT

lc  under πT
s  and πT

lc , then the following equation is 
able to be derived:

    f LT
s

T
lc

T
s

T
lc

T
s

T
lc

T
s

T
lc
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� �

, , , ,� � � � �
� �
min .

,0 0
	 Eq. (10)

Here, since the constraints are convex functions and the 
optimization objective is linear, the strong duality holds [40]. 
Suppose f T

s
T
lc� �,� � is maximized, the following relation can 

be derived:

	

max max min
, , ,� � � � � �
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T
s

T
lc

T
s

T
lc

T
s

T
lc

f LT
s

T
lc

T
s

T
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� �0 0
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, , ,

� �
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T
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T
lc

T
s

T
lc

T
s

T
lc

T
s

T
lc

T
s

T
lc

L

� �
� �

� �
min max

, ,0 0
��.	

Eq. (11)

The optimal � � �T
s

T
lc

T
s, ,  and αT

lc can be approximated itera-
tively. First given the current αT

s  and αT
lc , compute the best 

policies �T
s� and �T

lc� which maximizes L T
s

T
lc

T
s

T
lc� � � �, , ,� �. 

Furthermore, plug in �T
s� and �T

lc� , and approximate �T
s� and 

�T
lc�

, which minimizes L T
s

T
lc

T
s

T
lc� � � �

� �� �, , , . Therefore, the 
following expression can be obtained:
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T
s

T
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T
lc

T
s

T
lc

L� � � � �, arg max
,

, , , 	 Eq. (12)
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At the time step T – 1, the constrained Q-function and 
the constrained value function under observational uncer-
tainties can be defined as:
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T
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	 Eq. (15)

With Equation 14, �T
s� and �T

lc� , the optimal constrained 
Q-function under observational uncertainties can be obtained:
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Hence, if we move one step back to the time step T – 1, 
with Equation 16 and the duality theory, the following expres-
sion is able to be obtained:
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Similarly, the optimal driving policies and the optimal 
Lagrange multipliers at the time step T – 1 can be obtained 
by the following equations:
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Eq. (19)

In this way, the constrained optimization problem 1 can 
be solved recursively. However, without a limitation on the 
distance between the old and the new policies, to optimize 
agent would lead to instability with extremely large parameter 
updates. Here we  impose the constraint via forcing the 
distance between the old and the new policies to stay within 
a small interval. Although our scheme tries to solve the coop-
erative task, the decentralized value function is adopted to 
accurately assess the decision-making behaviors of the driving 
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agents. Therefore, for the longitudinal decision-making agent, 
its optimization objective can be written as:

	
max
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	 Eq. (20)

where θs represents the policy model parameters of the longi-
tudinal decision-making agent, Js(·) is the clipped surrogate 
objective of the agent, it is given via:
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Eq. (21)

where ( )θ ⋅ˆ s

A  is the advantage function of the longitudinal 
decision-making agent and ϵ is a clip ratio.

With generalized advantage estimation technique and 
the constraint Cπs(⋅), the advantage function ( )θ ⋅ˆ s

A  in Equation 
21 is able to be developed as:
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where λ is a decay factor, v sφ
target  is a target value function of the 

longitudinal decision-making agent, and ϕs are the parameters 
of the evaluation model for the agent.

The lateral decision-making agent is trained based on the 
method similar to the longitudinal agent. Therefore, the policy 
model parameters of the longitudinal and lateral driving 
agents can be  updated by maximizing the following 
loss functions:

	 J J C s as s s s s lcs
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where θlc represents the policy model parameters of the lateral 
decision-making agent and Jlc(·) is the clipped surrogate objec-
tive of the agent.

The evaluation model parameters of the longitudinal and 
lateral agents are able to be  learned by minimizing the 
following loss functions:
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where v lcφ
target  is a target value function of the lateral decision-

making agent and ϕlc are the parameters of the evaluation 
model for the lateral agent.

The optimal dual variables of the two agents can 
be approximated by minimizing the following objective:
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Technical Implementation

Algorithm
The proposed scheme optimizes both of the RL agents by the 
following alternating procedure. Both RL agents’ initial policy 
model parameters are determined based on a random distri-
bution. For each iteration, agents first require to collect the 
interactive data of M time steps and save them to memory . 
Furthermore, the longitudinal agent based on the policy πs 
and action from the lateral agent makes a response, and then 
the lateral agent with the policy πlc and action from the longi-
tudinal agent takes a response. The environment involves the 
reward functions and the transition probability to provide the 
interactive information. Then the policies of the two agents 
are optimized alternately. Algorithm 1 outlines the proposed 
RCDM for automated driving in detail.

State and Action
Figure 1 shows the observations of the longitudinal and lateral 
driving decision-making agents. In order to guarantee the 
policy model’s generalization, we convert the observations of 
the agent to the states through normalization. Aside from the 
states of the ego vehicle, we also leverage the relevant informa-
tion of the six nearest social cars in the ego vehicle’s lane and 
adjacent lanes on both sides. The state space of the longitudinal 
or lateral decision-making agent has 17 dimensions, including 
the relative distances between the surrounding social vehicles 
and the ego vehicle, the velocities of the surrounding social 
vehicles, the longitudinal acceleration, yaw rate, driving speed 
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and lane index of the ego vehicle, and the action from the 
other agent in the previous stage of the game.

The action space of the longitudinal decision-making 
agent is the continuous driving speed. The maximum traffic 
speed of all vehicles is 35 m/s. Furthermore, the action space 
of the lateral driving agent is discrete, including lane keeping, 
left lane changing and right lane changing.

Reward Function
One of the challenges in this research is learning the robust 
coordinated longitudinal and lateral driving policies from 
scratch, without prior knowledge. As a result, the reward 
function plays a crucial role in guiding the RL agent toward 
learning the preferred decision-making behaviors [41].

Since our research tries to solve a cooperative task, the 
shared reward function for each agent is designed. Transport 
efficiency, comfort, and safety need to be considered in deter-
mining the driving speed and lane-change behavior. 
Algorithm 2 outlines the shared reward function design in 
detail where ay denotes vehicle lateral acceleration, k repre-
sents dynamic factor [42], g represents gravity acceleration, 
and µ  denotes adhesion coefficient. The comfort in reward 
function is set based on the results of [43]. In terms of safety, 
not only collision but also vehicle dynamic stability is consid-
ered. Here, we leverage a linear two-degree-of-freedom vehicle 
dynamics model to describe the dynamic behaviors of the 
vehicle. According to a study [44], the vehicle yaw rate’s upper 
bound is able to be written as:

	 �
�

� 0 85
0

. .
g

v 	 Eq. (31)

Hence, the dynamic factor k is set as 0.85 in this work. If 
the measured vehicle yaw rate exceeds its upper bound and 
the driving speed is higher than 30 m/s, our RL agent will 
receive a penalty signal.

Network and Hyperparameter
The policy and evaluation neural networks are constructed 
with a single fully connected hidden layer of size 128, using 
ReLU activation functions. The key hyperparameters for the 
proposed algorithm are listed in Table 1.

Performance Evaluation

Environment
In this section, the experiment is implemented to assess the 
performance of the proposed RCDM scheme for automated 
vehicles. The SUMO platform has been available since 2001, 
and it is developed to cope with large-scale complex traffic 
flows and networks. SUMO is exclusively microscopic: each 
vehicle is explicitly modeled, has its own route, and moves 
through the network individually. Simulations are 

 ALGORITHM 1  Robust coordinated decision-making.
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 ALGORITHM 2  Shared reward function design.
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TABLE 1 The main hyperparameters of our RCDM approach.

Parameters Value Parameters Value
Clip ratio ϵ 0.1 Discount factor γ 0.95

Decay factor λ 0.95 Adhesion 
coefficient µ

0.90

Dynamic factor k 0.85 Actor learning 
rate la

0.00005

Dual learning rate lα 0.001 Critic learning 
rate lc

0.001

Constraint threshold ϵs 0.05 Constraint 
threshold ϵlc

0.001
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deterministic by default, but there are many ways to introduce 
randomness. Hence, here the SUMO platform is adopted to 
simulate the highway scenarios with the three stochastic 
mixed traffic flows based on different densities.

Figure 2 shows the proposed assessment method. P is 
utilized to represent the probability with regard to emitting 
a car each second. Pn, Pl, and Ph denote the probabilities 
concerning emitting a car each second in stochastic traffic 
f lows with normal, low, and high densities, respectively. 
Moreover, we set Pn, Pl, and Ph as 0.14, 0.07, and 0.21, respec-
tively. The proposed approach and baseline methods are evalu-
ated both during training and testing. We train and test the 
policy model based on each method using the stochastic traffic 
flows with the normal density. Meanwhile, we leverage the 
stochastic traffic flows with low and high densities to test the 
performance of the policy models. All social vehicles are 
driven by the intelligent driver model (IDM) of SUMO. All 
evaluations are conducted on a single computer equipped with 
a 2.90-GHz 12-core Intel i9-8950HK CPU.

Baseline
The multiagent proximal policy optimization (MAPPO) [45] 
scheme is a state-of-the-art baseline in MARL. Therefore, the 
coordinated decision-making (CDM) method with MAPPO 
(CDM-MAPPO) is implemented as a state-of-the-art baseline. 
The CDM-MAPPO agents with observational perturbations 
(CDM-MAPPO-OP) during interaction with the environment 
are employed as the second baseline method to analyze the 
impact of uncertainties on the training effect. Additionally, 
for the same reason, our RCDM agents with observational 
perturbations during interaction with the environment can 
be denoted as RCDM-OP. Here the observational perturbation 
obeys Gaussian distribution.

Soft actor-critic (SAC) [46] is a state-of-the-art RL algo-
rithm. To further benchmark the proposed approach, a longi-
tudinal and lateral decision technique with SAC (LLDM-SAC) 
is implemented as a competitive baseline. In this baseline, the 
longitudinal and lateral decision behaviors are determined 
via two SAC agents that output continuous and discrete 
actions, respectively. Besides, to evaluate the robustness of the 
agents, LLDM-SAC-OP is used to represent the LLDM-SAC 
policy perturbed by observation noises.

Metric
We leverage the driving speed and number of collisions to 
measure the travel efficiency and driving safety of the auto-
mated vehicle. Furthermore, the expected return is adopted 
t o  a s s e s s  t h e  au t o m a t e d  d r i v i n g  a g e nt ’s 
comprehensive performance.

In addition, to evaluate the policy robustness against 
observational perturbations, with Equations 5 and 6, 
we develop the following metric for robustness:

	 M
C s a C s a

r

lc ss lc

�
� � � � �� �, , , ,� �

2
.	 Eq. (32)

According to Equation 32, we can infer that the smaller 
variations of the policies perturbed by stochastic observational 
perturbations, then the smaller robustness metric, and 
stronger policy robustness.

Evaluation
Model Training We conduct five different training runs 
for each approach, using different random seeds and 1000 
episodes, in the stochastic mixed traffic flows with the normal 
density. The max time step of each episode is equal to 200.

The training performance of each method in the highway 
scenario with the traffic flows based on the normal density is 
presented in Figure 3. Table 2 provides the final performance 
of the different methods, where the best result in each column 
is shown in bold. All the approaches are assessed on five trials 
with different random seeds. The solid curve represents the 
mean, and the shaded region denotes the standard deviation.

It can be seen from Figure 3 and Table 2 that our RCDM 
and RCDM-OP schemes outperform the baselines by a large 
margin, both in terms of the learning efficiency and the final 
performance. For instance, compared with CDM-MAPPO 
and CDM-MAPPO-OP, RCDM gains 125.58% and 79.23% 
improvements concerning the final return, respectively. 
Moreover, the final running speed and collision times of our 
RCDM and RCDM-OP schemes are superior to ones of 
CDM-MAPPO and CDM-MAPPO-OP approaches.

It can be  found that, compared with CDM-MAPPO, 
CDM-MAPPO-OP can achieve better the final performance. 
Therefore, stochastic observational perturbations are benefi-
cial for improving the final performance in the training phase 

 FIGURE 2  Evaluation scheme by SUMO-based stochastic 
mixed traffic flows.
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of the agents. One possible explanation is that incorporating 
observational perturbations may improve the exploration 
capability of the CDM-MAPPO agents during training.

However, it is obvious that stochastic observational 
perturbations reduce the learning efficiency of the 
CDM-MAPPO method. Moreover, RCDM outperforms 
RCDM-OP in terms of the final return and collision times. 
RCDM performs comparably to RCDM-OP in the final 
running speed.

Additionally, the average time consumption of our model 
for each update is about 3.00 × 10–2 s.

Model Testing We test the final models trained via each 
algorithm under five random seeds. The average return, 
vehicle speed, and collision times across every 10 episodes are 
leveraged to assess the automated driving agents’ comprehen-
sive performance, travel efficiency, and driving safety, respec-
tively. Each policy model is tested for 200 episodes, and the 
maximum time step of each episode is 200.

The test results in Figure 4 and Table 3 demonstrate that 
our RCDM policy outperforms the LLDM-SAC and 
CDM-MAPPO policies by a large margin, both in terms of 
the return, speed, and safety, in the traffic flows with the low 
and high densities. Additionally, in the testing cases with 
observational perturbations, the RCDM-OP policy exceeds 
the performance of the LLDM-SAC-OP and CDM-MAPPO-OP 
policies consistently in terms of return, speed, and safety. 
Obviously, in contrast to the LLDM-SAC and CDM-MAPPO 
policies, the RCDM policy shows better robustness against 

observational perturbations. Additionally, our approach 
demonstrates consistent performance in highway scenarios 
with two distinct traffic densities.

More specifically, as shown in Table 3, compared with 
the CDM-MAPPO policy, our RCDM policy gains 59.16% and 
47.08% improvements in the matter of the return and driving 
speed in the stochastic traffic flow with low density, respec-
tively. Under observational perturbations, the return and 
travel efficiency of the RCDM-based automated vehicle are 
deteriorated by about 5.99% and 5.47%. The average collision 
times of every 10 testing episodes are increased from 0.00 to 
0.11. Furthermore, compared with the CDM-MAPPO policy, 
the return and transport efficiency of the automated vehicle 
based on the CDM-MAPPO-OP policy is degenerated by 
about 49.43% and 14.63%. The average collision times are 
dramatically increased from 0.00 to 3.00. In comparison with 
the LLDM-SAC policy, the average return of the automated 
driving agent based on our RCDM policy is improved by about 
34.73%. The RCDM policy performs comparably to the 
LLDM-SAC policy regarding transport efficiency. Unlike the 
LLDM-SAC-based automated vehicle, the one with the 
proposed RCDM policy does not cause any collisions in the 
stochastic traffic flows with the low density.

In the traffic flows with the high density, our method’s 
advantages are more obvious compared to the baselines. It 
can be found from Figure 4 and Table 3 that the RCDM policy 
is superior to the LLDM-SAC and CDM-MAPPO policies in 
terms of all the metrics in the highway scenario with high 
traffic density. For example, in contrast to the CDM-MAPPO 
policy, the RCDM policy gains 48.78%, 36.36%, and 271.43% 
improvements in the matter of the return, speed, and safety, 
respectively. Compared with the LLDM-SAC policy, the 
return, driving speed, and collision times of the RCDM-based 
automated vehicle is improved by about 179.43%, 14.01%, and 
3333.33%, respectively, in the traffic f lows with the high 
density. Under observational perturbations, the average 
returns of the automated driving agents based on the LLDM-
SAC, CDM-MAPPO, and RCDM policies are deteriorated by 
about 12.84%, 66.83%, and –2.30%, respectively. It meant our 
RCDM policy is least affected by observational perturbations.

 FIGURE 3  Training curves of the CDM-MAPPO, CDM-MAPPO-OP, RCDM, and RCDM-OP approaches in the normal-density 
traffic flows.
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TABLE 2 Final performance for different methods in 
model training.

Return Speed Collision 
times

CDM-MAPPO 148.19 ± 43.12 24.38 ± 1.51 5.00 ± 1.79

CDM-MAPPO-OP 186.52 ± 60.86 25.28 ± 1.13 3.40 ± 2.42

RCDM 334.28 ± 52.10 33.93 ± 0.50 1.40 ± 1.50
RCDM-OP 324.49 ± 28.33 34.34 ± 0.07 1.60 ± 0.80

© Nanyang Technological University
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To evaluate the impact of different types of noise on the 
policy model, we adopt the normal-density traffic flows to 
assess the performance of RL agents in the absence of noises, 
Gaussian noises, and Laplacian noises, respectively. We adopt 
the standard normal distribution to generate Gaussian noises. 
The Laplacian noise obeys the Laplace distribution [47]. Here 
the location parameter μ in Laplace(μ, b) is set to 0.00, and 
the scale parameter b in Laplace(μ, b) is equal to 1.00.

Figure 5 and Table 4 show the evaluation results of auto-
mated driving agents under different noise situations. In 
general, the results indicate that our RCDM automated driving 
agent surpasses the baselines via a large margin in the average 
return, vehicle speed, collision times, and robustness. For 

example, in the absence of noise, compared with the 
LLDM-SAC and CDM-MAPPO agents, the RCDM agent gains 
approximately 98.48% and 148.00% improvements concerning 
average return, respectively, the average vehicle speed of the 
RCDM agent is enhanced by about 10.01% and 62.17%, respec-
tively, and the average collision times of the RCDM agent are 
decreased by about 89.79% and 43.27%, respectively.

Additionally, in general, compared with the baselines, 
the performance of the RCDM agent is minimally affected by 
the Gaussian and Laplacian noises. For instance, based on the 
results in Table 4, in contrast to the case without noises, the 
average returns of the LLDM-SAC agent disturbed by Gaussian 
noises and Laplacian noises are changed by about 8.40% and 

 FIGURE 4  Evaluation of different policy models in the traffic flows based on the low and high densities. Here the observational 
perturbation obeys Gaussian distribution. (a)–(c): Average return, speed, and collision times of the different automated driving 
agents in the traffic flow with the low density; (d)–(f): Average return, speed, and collision times of the different automated driving 
agents in the traffic flow with the high density.
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TABLE 3 Evaluation of the policy models trained via different methods in the traffic flows with low and high densities.

Environment Metric LLDM-SAC LLDM-SAC-OP CDM-MAPPO CDM-MAPPO-OP RCDM RCDM-OP
Low density Return 262.08 ± 85.08 247.45 ± 52.56 221.95 ± 22.42 112.24 ± 85.10 353.26 ± 12.24 332.09 ± 24.82

Speed 33.10 ± 1.47 32.63 ± 0.50 21.88 ± 1.48 18.68 ± 11.17 32.18 ± 0.83 30.42 ± 1.73

Collision times 3.63 ± 2.52 3.63 ± 1.69 0.00 ± 0.00 3.00 ± 3.70 0.00 ± 0.00 0.11 ± 0.31

High density Return 109.49 ± 81.85 95.37 ± 52.91 205.93 ± 70.36 68.80 ± 60.84 305.72 ± 42.73 312.16 ± 27.00
Speed 26.91 ± 7.29 28.84 ± 2.85 22.55 ± 5.37 15.85 ± 9.41 30.68 ± 1.50 29.29 ± 1.80

Collision times 7.21 ± 2.31 7.90 ± 1.48 0.78 ± 1.36 2.21 ± 2.84 0.21 ± 0.41 1.05 ± 1.28
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27.16%, respectively. In comparison with the case without 
noises, the average returns of the CDM-MAPPO agent 
disturbed by Gaussian noises and Laplacian noises are 
changed by about 16.50% and 7.31%, respectively. In contrast 
to the case without noises, the average returns of the RCDM 
agent disturbed by Gaussian noises and Laplacian noises are 
changed by about 1.60% and 2.22%, respectively. Meanwhile, 
compared with the case without noises, the average vehicle 
speed of the LLDM-SAC, CDM-MAPPO, and RCDM agents 
disturbed by Gaussian noises and Laplacian noises are 
changed by about 3.30% and 5.55%, 18.87% and 3.66%, and 
0.43% and 1.27%, respectively. Furthermore, in comparison 
with the case without noises, the collision times of the 
LLDM-SAC agent disturbed by Gaussian noises and Laplacian 
noises are changed by about 7.09% and 46.71%, respectively. 
Compared with the case without noises, the collision times 
of the CDM-MAPPO agent disturbed by Gaussian noises and 
Laplacian noises are changed by about 170.19% and 290.39%, 
respectively. In contrast to the case without noises, the colli-
sion times of the RCDM agent disturbed by Gaussian noises 
and Laplacian noises are changed by about 61.02% and 
69.49%, respectively.

With Equation 32, we compute the policy robustness 
metric of each agent under Gaussian noises and Laplacian 
noises. Specifically, under Gaussian noises, in contrast to 
the LLDM-SAC and CDM-MAPPO agents, the policy 
robustness of the RCDM agent is enhanced by about 50.82% 
and 58.90%, respectively. Moreover, under Laplacian 

noises, compared with the LLDM-SAC and CDM-MAPPO 
agents, the RCDM agent gains approximately 73.29% and 
77.70% improvements concerning robustness, respectively. 
Hence, it is clear that our technique enables the automated 
driving agent to learn a more robust policy compared to 
the baselines.

In addition, the average time consumption of our model 
for each inference is approximately 5.00 × 10–4 s.

Conclusion
In this work, we aim to develop the RCDM technique that 
enables an automated vehicle to coordinate its longitudinal 
and lateral decision-making systems while ensuring the 
driving policy robustness against observational uncertainties. 
Specifically, CRMA-MDP is advanced to model the longitu-
dinal and lateral driving behaviors of the automated vehicle 
under observational uncertainties. Meanwhile, the nonlinear 
constraint setting based on KL divergence is developed to 
keep the variation of the driving policy perturbed by stochastic 
observational perturbations within bounds. In addition, the 
RMAPO algorithm is presented to approximate the optimal 
robust coordinated driving policy.

The results in three traffic f lows with different densi-
ties demonstrate that our method is able to effectively 
coordinate the longitudinal and lateral decision behaviors 

 FIGURE 5  Performance of automated driving agents in the normal-density traffic flows under different noise situations.
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TABLE 4 Statistical results of automated driving agents in the normal-density traffic flows under different noise situations. RE: 
Return; SP: Speed; NC: Number of Collisions; RO: Robustness.

Metric

LLDM-SAC CDM-MAPPO RCDM
Without 
noises

Gaussian 
noises

Laplacian 
noises

Without 
noises

Gaussian 
noises

Laplacian 
noises

Without 
noises

Gaussian 
noises

Laplacian 
noises

RE 170.52 ± 111.82 156.20 ± 91.30 216.84 ± 
86.87

136.47 ± 
67.72

113.96 ± 
81.17

146.44 ± 
59.53

338.45 ± 
50.51

333.02 ± 
54.12

330.95 ± 
49.94

SP 29.38 ± 6.48 30.35 ± 2.90 27.75 ± 4.44 19.93 ± 6.85 16.17 ± 9.69 20.66 ± 
2.04

32.32 ± 3.55 32.46 ± 
3.30

32.73 ± 1.25

NC 5.78 ± 2.97 6.19 ± 2.61 3.08 ± 2.79 1.04 ± 2.31 2.81 ± 4.05 4.06 ± 3.02 0.59 ± 0.92 0.95 ± 1.38 1.00 ± 1.38

RO 
(×10–3)

N/A 1.83 ± 0.72 34.70 ± 9.22 N/A 2.19 ± 0.04 41.56 ± 
3.53

N/A 0.90 ± 0.13 9.27 ± 0.61
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of an automated vehicle and shows better performance in 
comparison with baselines. Furthermore, the RCDM 
policy models have superior generalization to unseen situ-
at ions  a nd robu s t ne s s  a ga i ns t  per t u rbat ions 
on observations.

Here, we present potential enhancements and future work 
to the proposed approach: (1) taking into account the influence 
of low-level controllers on energy efficiency, such as inte-
grating steering and braking control systems. (2) Performing 
more comprehensive simulations that encompass various 
traffic elements. For instance, incorporating the status of 
traffic signals into the agent’s state and reward function. (3) 
Exploring alternative neural network architectures, such as 
the Transformer, improves the generalization of models. (4) 
Evaluating the models trained by the proposed method using 
a real vehicle equipped with an edge computing system (e.g., 
Jetson Xavier NX 16 GB).
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