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Abstract—Autonomous driving systems must make precise
and reliable decisions to ensure safety and prevent collisions.
In this paper, we address the challenge of effectively training
autonomous vehicles to handle rarely encountered extreme sce-
narios in a virtual environment. To achieve this, we propose a
hybrid approach that integrates reinforcement learning (RL) for
autonomous driving within a federated learning (FL) framework.
This approach enables individual vehicles to collaboratively de-
velop a global model capable of handling diverse extreme tasks at
intersections. Additionally, it allows local vehicles to train models
in conjunction with roadside units (RSUs) without compromising
sensitive data, such as perception information. Simulation results
demonstrate that the proposed FL framework not only boosts the
convergence speed during the training phase by up to 114.26%,
but also improves autonomous driving performance, as evidenced
by higher reward values, lower collision rates, and reduced travel
time, compared to benchmark RL schemes.

Index Terms—Autonomous Driving, Reinforcement Learning,
Federated Learning.

I. INTRODUCTION

Safety has always been the primary concern for autonomous
driving technology, especially regarding higher levels of au-
tonomy, where driving decisions are handled entirely by the
system rather than by a human driver. To meet safety require-
ments, autonomous driving systems must make highly accu-
rate decisions to avoid collisions. This is typically achieved
through reinforcement learning (RL). However, RL generally
requires many interactions between the agent and the train-
ing environment to learn the optimal policies. Training such
models in real-world conditions can be excessively costly and
complicated. Therefore, we aim to generate extreme cases in
a virtual environment to facilitate the training of autonomous
vehicle agents. To our knowledge, most issues tackled by RL
in autonomous driving focus on highway scenarios, dealing
with tasks such as lane changing, ramp merging, and pla-
tooning. Intersection scenarios, particularly those involving
broken traffic lights, have received relatively little attention. In
addition, most research concentrated on managing traffic flow
rather than decision-making for individual vehicles. This paper
focuses on intersection scenarios with broken traffic lights and
explores the extreme cases that RL models may encounter.
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Since vehicles are highly mobile, quick decision-making is
needed in autonomous driving scenarios. If a vehicle relies
solely on local computation capacity to train its model, it
may miss the optimal instant for decision-making, leading to
accidents. Therefore, we require a novel model training archi-
tecture to enhance the efficiency of local model training and
improve decision-making accuracy. Vehicle edge computing
offers a promising solution by enabling vehicles to quickly
perform local computing tasks and collaborate with roadside
units (RSUs). Meanwhile, we aim to protect the privacy of
local vehicles, allowing them to train models with RSUs
without uploading their sensitive data. Federated learning
(FL) addresses these needs effectively. This paper proposes
combining the FL framework with RL tasks for autonomous
vehicles. The approach involves vehicles pre-training their
models using local data and then uploading the trained model
for aggregation at RSUs. This cycle continues until the model
converges. This method not only safeguards the privacy of
local vehicles but also uses a collaborative model to speed up
the convergence and improve the overall performance.

The main contributions of this paper are threefold.

• We utilize the SUMO simulator to design an intersection
scenario featuring various extreme cases for the agent.
This approach tackles the long-tail problem of scarce
extreme case data and high data collection costs.

• We integrate the RL process for autonomous driving
into a FL framework, allowing individual vehicles to
work together to develop a generic model for various
extreme tasks in intersection scenarios. Our framework
outperforms two benchmark RL schemes, demonstrating
faster model training convergence and improved overall
effectiveness in terms of average reward, collision rate
and average travel time.

• We investigate the impact of various aggregation intervals
between local vehicles and the RSU on the average
reward achieved by the FL model for various tasks. Our
results reveal that the relationship between the aggrega-
tion interval and the reward obtained exhibits a biphasic
response, where the aggregation interval should be neither
too short nor too long to achieve the best reward.

The remainder of the paper is structured as follows. Section
II reviews the literature on simulators and FL for autonomous
driving. Section III presents the methods for extreme case
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generation and the federated reinforcement learning (FRL)
framework for autonomous driving intersection navigation
tasks. Section IV presents the experimental results. Finally,
section V provides a summary of the paper and an overview
of future work.

II. RELATED WORKS

A. Simulators for Autonomous Driving

Simulators are often used for research in autonomous driv-
ing due to the advantages of saving time, cost, and labor.
Compared to real-world scenarios, simulators can rapidly syn-
thesize large-scale sensor data and replicate extreme weather
conditions, unpredictable behavior of aggressive drivers, and
intricate traffic scenarios. In addition, simulators have the
unique advantage of replicating traffic accidents without pos-
ing safety risks [1].

Much research has explored the use of high-fidelity driving
simulators to provide cost-effective and manageable alterna-
tives to real-world data. These simulators utilize the power
of game engines to generate realistic images with built-in
physics. Examples include CARLA [2], DeepDrive [3], and
NVIDIA Drive Sim [4]. However, the above simulators often
need to spend much time on rendering 3D models into real-
world background images, and the RL agents need to interact
with the environment a lot to learn the optimal policy. This
will inevitably prolong the model training time and degrade
the overall efficiency.

In addition, some simulators focus on processing sensor data
and support multimodal perception tasks, such as Sim4CV [5]
and AirSim [6]. A clear advantage of this class of simulators
is that it can speed up data collection under challenging
conditions, especially in bad weather conditions, thus saving
valuable time. For efficient generation of extreme cases, we
focus on modifying scenarios during the decision stage, once
perception is complete and annotations of surrounding vehicles
are available. By altering the parameters or behavioral models
of detected vehicles within the experimental environment, we
can systematically create extreme cases. Moreover, we can
directly utilize the simulator’s data capture function to input
the acquired data as state vectors for RL.

Therefore, considering that our simulator needs to imple-
ment traffic control and vehicle-to-everything (V2X) com-
munication, as well as be compatible with Gym [7], a RL
platform created by OpenAI, we adopt SUMO [8] as the
traffic simulator in this work. By setting specific parameters
in SUMO’s road network and vehicle route files as variables,
we can flexibly modify the traffic scenarios to create different
extreme cases.

B. Federated Learning

An important aspect of the learning phase for autonomous
driving is its significant dependence on location. Therefore,
aggregating training results from vehicles operating in dif-
ferent scenarios is highly beneficial. The cooperative vehicle
infrastructure system (CVIS) is increasingly recognized as a
valuable tool for achieving advanced autonomous driving with

improved accuracy. Wireless edge computing systems collect
locally trained model parameters from surrounding vehicles
through edge nodes and then aggregate them using FL.

FL is still in the early research phase concerning au-
tonomous driving. Zhang et al. [9] proposed a real-time,
end-to-end FL approach with a unique asynchronous model
aggregation mechanism. Another study [10] applied FL to
predict turn signals. Recent research [11] [12] has explored
the use of FL in 6G-enabled self-driving cars. In another
study [13], researchers utilized FL to address the problem
of distributed dynamic map fusion for intelligent connected
vehicles. Work [14] proposed a distributed machine learning
model-sharing architecture for self-driving cars that corrects
localization errors by sharing a vehicle localization error
evolution model. Liu et al. [15] proposed a lifelong federated
reinforcement learning (LFRL) architecture to enable robots
to integrate and migrate experiences, effectively utilizing
prior knowledge and quickly adapting to new environmental
challenges. Furthermore, reference [16] employed a joint RL
approach to expedite cross-vehicle training for more efficient
cooperative vehicle perception.

Although applying FL to autonomous driving can speed
up the training process and improve the overall performance,
problems such as communication burden and local model
quality exist. Therefore, in this paper, in addition to applying
the FL framework to the RL process for autonomous driving,
we examine the aggregation interval between local vehicles
and edge nodes within a specific timeframe to assess the
convergence speed of the model training process and the
model’s test performance in various extreme cases. This will
help us determine the optimal aggregation interval and strive
for a balance between communication cost and the quality of
the global model.

III. METHODOLOGY

In this section, we divide the entire FRL framework into
three parts and describe the methods and specific configura-
tions in each part.

A. Extreme Case Generation

Drawing upon the pre-crash scenario descriptions defined by
the National Highway Traffic Safety Administration (NHTSA)
[17], we develop a four-way intersection scenario in SUMO
to investigate the behavior of autonomous vehicles in extreme
cases related to malfunctioning traffic signals. Unlike high-
way scenarios, which have been extensively studied, existing
intersection scenarios typically concentrate on traffic flow
management with intelligent traffic signals. As a result, there
is a lack of understanding regarding how autonomous vehicles
can navigate signal failures through local or collaborative
strategies.

We design three extreme cases to address this gap by param-
eterizing variables within the SUMO simulation. The scenario
was implemented using SUMO’s network files (.net.xml) and
vehicle route files (.rou.xml). The details of the configuration



files are described below, and the corresponding parameter
settings are shown in Table I.

• For the network file, we establish a bidirectional single-
lane four-way intersection without traffic lights, allowing
vehicles to turn left, right, or go straight at the intersec-
tion. In addition, we set the parameter collision.check-
junctions to True to ensure that the system can detect
collisions at intersections.

• For the vehicle route file, we define two vehicle types,
i.e., RL agent and human-driven vehicles, which differ
in their speedmode and their routes. For speedmode, it
is set to 0 for RL agents, which means that while RL
agent vehicles observe right-of-way rules when approach-
ing intersections and adhere to the speed limit, they
ignore specific regulations such as safe speed, maximum
acceleration, deceleration, and hard braking to prevent
running a red light. At the same time, to mimic the effect
of signal failure, human-driven vehicles are assigned
a speedmode of 39, promoting aggressive acceleration
through occupied intersections. For their routes, RL agent
vehicles have three different routes, left turn, go straight
and right turn at the intersection, corresponding to the
three different tasks of the agent. On the other hand,
human-driven vehicles emerge from both sides of the
intersection and go straight, at an arrival rate of one
vehicle per 10 time steps.

TABLE I: Parameter settings for SUMO.

Vehicle Type Max Speed Color Depart Speed Speed Mode
Human 20.1168 Yellow Random 39
Agent 20.1168 Red 0 0

B. Reinforcement Learning

After creating a training environment for RL agents, we
present the chosen RL algorithm for the driving tasks and the
definition of its state space, action space, and reward function.

1) Reinforcement Learning Algorithm: This paper employs
the Deep Deterministic Policy Gradient (DDPG) algorithm
[18] for autonomous driving tasks due to its proficiency in
managing continuous control, avoiding local optima, process-
ing high-dimensional sensor inputs, and optimizing determin-
istic policies. Furthermore, incorporating experience replay
and target networks [19] enhances training stability, while the
off-policy design allows efficient data reuse. We use the Stable-
Baselines3 [20] RL library to implement this framework as
the local vehicle training module. Key hyperparameters, such
as learning rates, batch sizes, and coefficients for exploration
noise, are optimized for performance and convergence, as
outlined in Table II.

2) State Space: Given the limited sensing range of the
onboard sensors in autonomous vehicles operating in the real
world, we define a grid coordinate system centered on the
RL agent vehicle extending within a specified range, where
the influence of roadside buildings on the sensing field is not
considered. The center of the front bumper of each vehicle

TABLE II: Hyperparameter settings for DDPG.

Hyperparameter Value
Action noise Ornstein-Uhlenbeck action noise

Policy MLP policy
Network architecture [512, 512, 256, 64]

Buffer size 100,000
Learning starts 1,000

Batch size 256
Tau 0.001

Gamma 0.99
Learning rate 0.0001

Training time steps 10,000
Testing episodes 100

serves as its designated location. A schematic representation
of this coordinate system is illustrated in Fig. 1. The figure
shows that the observation range for the agent vehicle extends
40 m in front, 5 m behind, and 80 m to the left and right.
Considering that the length and width of vehicles defined in
SUMO are 5 m and 1.8 m, respectively, we set the dimension
of one grid as 6.15 m in length and 2.5 m in width to ensure a
safe distance between vehicles. As a result, at the vertical and
horizontal span, there are in total 18 and 26 grids. We use 0
or 1 to represent if there is a vehicle observed in a grid, and
at each grid, if there is an observed vehicle, we also record
the vehicle’s states, i.e., its velocity v and steering angle θ.
Finally, the state space is a 3-D 26× 18× 3 matrix. The state
space St and the state vector for each observed vehicle s(i,j)t

is represented as follows.
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Fig. 1: Schematic diagram of the grid coordinate system.

3) Action Space: Due to the constraints of SUMO in
vehicle kinematic control, this paper focuses exclusively on
managing vehicle acceleration. Given that the DDPG algo-
rithm is suitable for continuous action spaces, we define the
agent’s action space At as vehicle acceleration, which ranges
continuously from -1 to 1.



4) Reward Function: In tasks involving intersection nav-
igation, the primary objective for the agent vehicle is to
reach its destination as quickly as possible while avoiding
collisions. To reflect this goal, the reward function incorporates
several components: the time cost t, the requirement for
maintaining an appropriate speed v, the penalty for collision
c, and the reward for successfully reaching the destination
d. Additionally, recognizing that real-world drivers strive to
minimize disruptions to other vehicles, we include a penalty
if the RL agent vehicle causes other vehicles to brake and wait
due to improper driving, which are represented as b and w,
respectively. The specific formulation of the reward function
is detailed below, where R(S,A) and r(St, At) represent
the accumulated reward gained through one episode and the
reward earned per time step, respectively. The coefficients in
front of each item in the formula represent the corresponding
weight values.

R(S,A) =
T∑

t=1

r(St, At)

r(St, At) = α · t+ β · v + γ · (b+ w) + λ · c+ µ · d
(2)

C. Federated Learning

The workflow of the FL framework is outlined in detail
below. As illustrated in Fig. 2, the process can be divided
into two primary components: local vehicle model training
and edge node model aggregation.

1) Local Vehicles Model Training: The local vehicle train-
ing process follows the standard RL approach described in
Section III.B, where the agent vehicle learns the optimal
policy through numerous interactions within the environment,
ultimately achieving the highest reward value.

2) Edge Node Model Aggregation: In the edge node model
aggregation process, the Federated Averaging (FedAvg) algo-
rithm [21] demonstrates advantages in improving the robust-
ness and generalization of the global model, which reduce the
risk of overfitting to a single data source by aggregating the
models trained with data from different scenarios. Strategic
adjustments such as optimizing local training duration (epoch)
can be implemented to address convergence challenges arising
from data disparities. Furthermore, FedAvg accommodates
device heterogeneity including variations in computational ca-
pabilities and network conditions, while maintaining a generic
model architecture across clients. The algorithm’s flexibility
and simplicity make it a versatile choice for distributed learn-
ing systems. Specifically, we employ FedAvg to aggregate
models at the edge node through parameter averaging, which
can be formulated as:

ωagg =
1

N

N∑
i=1

ωi (3)

where ωi denotes the parameters of the i-th locally trained
model and ωagg represents the aggregated global model. To
investigate the interplay between communication efficiency

and model performance, we systematically vary the aggrega-
tion interval between local vehicles and the edge node while
maintaining a fixed total training budget of 10,000 time steps.
This experimental design allows us to analyze how aggregation
interval influences reward convergence characteristics under
heterogeneous conditions.

Fig. 2: The proposed federated reinforcement learning frame-
work via model aggregation over vehicles with specific tasks.

IV. NUMERICAL RESULTS

In this section, we conduct simulations to evaluate the
effectiveness of the proposed RL reward function as well as the
FL framework in the context of road intersection navigation
under extreme settings in SUMO, as described in Section III.A.

A. Reward Function Analysis

First, we run experiments to investigate the impact of
various reward function settings. Applying various weights
on travel time and collisions in the reward function can lead
to different driving styles, e.g., cautious driving resulting in
low collision rate and prolonged travel time, or traversing the
intersection quickly with a significantly elevated collision rate.
To analyze these trade-offs effectively, we fine-tune the coeffi-
cients α and λ in (2), where α addresses the time costs, while
λ penalizes collisions. The remaining coefficients in the reward
function take the values shown in Table III. Additionally, we
refer to another reward function from literature [22] designed
for self-driving navigation at unsignalized intersections. This
function also enables the vehicle to reach its destination as
soon as possible without collisions. Each reward function
setting is trained with 10,000 time steps and tested with 100
episodes.

TABLE III: Values of the coefficients used in the experiments.

Coefficient Value
β 0.04
γ -0.025
µ 5

Fig. 3 shows that a light weight on time cost leads to a
prolonged average travel time, i.e., 74.83 time steps, when α
being set to -0.005 and λ being set to -10. Although this can
ensure safety during operation as no collisions were found,
driving at a significantly low speed could adversely affect



the driving of other vehicles on the road. Another important
case is observed when α is -0.05 and λ is -1, such that the
collision rate for the agent vehicle rises to 9% due to the lightly
set penalty coefficient for collisions. The average travel time
is 44.87 time steps in this case, due to the agent vehicles
not reaching their destinations, thus recording a shorter time.
Modest weights, i.e., α = -0.05 and λ = -10, give a balanced
performance over travel time and collision rates. Compared to
the reward function detailed in [22], the travel time is reduced
by 6.49%, despite a 1% increase in collision rate.

Fig. 3: Coefficient tuning effects and reward comparison.

B. Federated Learning Evaluation

We conduct simulations to evaluate the effectiveness of the
proposed FL framework by comparing it to two benchmark
training frameworks using the reward function in (2) with α
= -0.05 and λ = -10. All three schemes aim to address the
challenge of passing through intersections efficiently, mini-
mizing collisions and disruptions to other vehicles, using the
RL models outlined in Section III.B.

1) Centralized RL Model (Central-DDPG): This scheme
utilizes one centralized server to train the RL agent for
random driving tasks, including going straight, turning
left, and turning right across multiple episodes. This ap-
proach requires only one model, which simplifies training
and deployment. However, a potential downside is that
the agent may struggle to specialize in specific tasks,
possibly resulting in slower convergence and suboptimal
performance in extreme scenarios.

2) Separated Task-Specific RL Models (Sep-DDPG): The
framework utilizes three task-specific agents trained inde-
pendently for distinct driving tasks: DDPG1 for turning
left, DDPG2 for going straight, and DDPG3 for turning
right. The advantage of this approach is that each model
can achieve high performance in its designated task.
However, a notable disadvantage is that maintaining three
separate models during both training and deployment
adds complexity and increases resource requirements.
For a comprehensive evaluation, performance metrics are
averaged across all three models.

3) Proposed FRL Framework (FedAvg_DDPG): The fed-
erated scheme trains RL models collaboratively, where
three task-specific agents periodically upload their locally
trained models to the edge server for aggregation into a
single global model. This approach combines the benefits
of task-specific specialization with the efficiency of a uni-
fied model, allowing for simplified implementation and
high performance during testing or deployment. However,
it requires maintaining three models during the training
phase, and the collaborative training by local vehicles and
RSUs incurs inevitable communication overhead during
model transmission.

We begin by comparing the training efficiency of the three
schemes. Fig. 4 illustrates the training process at each time
step. For the Sep-DDPG scheme, we average the instanta-
neous rewards obtained by the three task-specific agents and
plot the resulting averaged reward curve. As shown in the
figure, all three schemes exhibit a converging and upward
trend over time, but they converge at different speeds. For
instance, considering an average reward of 6.0 as a benchmark,
the FedAvg-DDPG scheme reaches this value at the 4593-
th time step, while Sep-DDPG and Central-DDPG achieve
the same reward at the 6068-th and 9841-th time steps,
respectively. This demonstrates that FedAvg-DDPG converges
significantly faster, with a speed improvement of up to 32.11%
and 114.26%, respectively. In addition, the proposed FedAvg-
DDPG scheme provides a gain of 21.00% in terms of the
finally achieved reward value, compared to the other two
benchmark schemes.

Fig. 4: The average reward obtained throughout training.

Next, we evaluate the test performance of the three schemes
to assess their effectiveness in achieving rewards, avoiding
collisions, and reducing travel time. For each task—going
straight, turning left, or turning right—the trained models
are tested in 100 episodes using random traffic flow passing
through the intersection with an arrival rate of one every 10
time steps. The average reward values, collision rates, and
travel times are presented in Fig. 5(a), (b), and (c), respec-
tively. The results demonstrate that the centrally trained model
(Central-DDPG) performs poorly across all three metrics com-



(a) Average Reward (b) Collision Rate (c) Average Travel Time

Fig. 5: Comparison of average reward, collision rate, and average travel time across different extreme scenarios.

pared to the task-specific models, whether trained separately
(Sep-DDPG) or collaboratively using FL (FedAvg-DDPG).
This is attributed to the centralized approach’s inability to spe-
cialize in specific tasks, leading to not only slower convergence
but also suboptimal performance in extreme scenarios. Be-
tween the two task-specific approaches, the proposed FedAvg-
DDPG model outperforms Sep-DDPG in all metrics. Notably,
FedAvg-DDPG significantly reduces collision rates across all
three tasks, highlighting its ability to enhance road safety.
Furthermore, the FL framework achieves this improvement
while maintaining only one global model, thereby alleviating
the system burden associated with managing multiple task-
specific models. These results underscore the effectiveness of
the proposed FL framework in improving both performance
and efficiency in autonomous intersection navigation tasks.

Fig. 6: The average reward obtained by FedAvg-DDPG vs
aggregation intervals.

In FL, determining the optimal frequency for aggregating
client models is a critical consideration. To address this, we in-
vestigate the impact of varying aggregation intervals—defined
as the number of local training epochs performed on each
client between two consecutive model uploads for aggrega-
tion—on the overall learning performance. As illustrated in
Fig. 6, the average reward curve exhibits a biphasic trend,
with the highest average reward of 6.84 achieved at a aggre-
gation interval of 2,000 time steps. Both excessively low and

excessively high aggregation intervals are found to negatively
impact the model’s performance, leading to a reduction in the
average reward. This suggests that an intermediate aggregation
interval strikes an optimal balance, enabling sufficient local
training while ensuring timely model aggregation to maintain
global performance.

V. CONCLUSION AND FUTURE WORK

This paper introduces a FRL framework to address the
timeliness requirements for autonomous driving at intersec-
tions. We tackle the long-tail problem of data scarcity using
SUMO simulation. The integration of FL enables collaborative
training among distributed vehicles, resulting in a global
model that outperforms individually trained agents in extreme
scenarios, achieving higher rewards, lower collision rates and
faster convergence. Our analysis of the aggregation interval
between vehicles and RSUs provides insights for system
optimization, identifying an optimal aggregation interval for
enhanced performance. Currently, experiments are limited to
simplified scenarios and have not yet considered real-world
environmental factors, such as roadside buildings, which can
affect communication quality. These complexities introduce
additional constraints when optimizing the global model. Our
future research will focus on addressing these challenges and
allowing autonomous systems to navigate more effectively in
varied environments.
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