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Abstract: Autonomous vehicles have gained extensive attention in recent years, both in academia and
industry. For these self-driving vehicles, decision-making in urban environments poses significant
challenges due to the unpredictable behavior of traffic participants and intricate road layouts. While
existing decision-making approaches based on Deep Reinforcement Learning (DRL) show potential
for tackling urban driving situations, they suffer from slow convergence, especially in complex
scenarios with high mobility. In this paper, we present a new approach based on the Soft Actor-
Critic (SAC) algorithm to control the autonomous vehicle to enter roundabouts smoothly and safely
and ensure it reaches its destination without delay. For this, we introduce a destination vector
concatenated with extracted features using Convolutional Neural Networks (CNN). To evaluate
the performance of our model, we conducted extensive experiments in the CARLA simulator and
compared it with the Deep Q-Network (DQN) and Proximal Policy Optimization (PPO) models.
Qualitative results reveal that our model converges rapidly and achieves a high success rate in
scenarios with high traffic compared to the DQN and PPO models.

Keywords: autonomous driving; deep reinforcement learning; navigation

1. Introduction

In the field of transportation, Intelligent Transport Systems (ITS) are seen as a guiding
light for creativity, a guarantee that not only improved road safety but also enjoyable driving
will be there. This technology centers on equipping road users with enough information
to make informed decisions so as to prevent road accidents and enhance general road
safety [1,2]. Nevertheless, the World Health Organization (WHO) has a more horrifying
revelation, with over 1.3 million deaths annually attributed to traffic due to both motorized
and non-motorized users such as walkers, cyclists, and motorbikers [3].

The invention of AVs offers hope for safer roads all over the world. It represents a
global solution to this concern. These companies aim to significantly reduce road accidents
by applying technology that can understand and interpret the behavior of road users,
therefore, protecting them on the road, especially pedestrians, who are considered the most
Vulnerable Road Users (VRUs) [4,5].

According to the transport revolution, AVs collaborate not only with each other but
also with road infrastructure and VRUs by sharing vital information. Nevertheless, the
challenge lies in navigating complex situations, especially in high-mobility areas. It is,
therefore, important to have vehicle control systems that are efficient in making decisions
while adapting to changing road conditions [6,7].
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Artificial intelligence (AI) shows promise for safer roads, with techniques like Deep
Learning (DL) [8] and Deep Reinforcement Learning (DRL) at the forefront. DL excels in
environment perception and object identification [9], while DRL methods are successful in
tasks such as motion planning[10], decision-making [11], and vehicle control [12], enabling
agents to learn and optimize actions based on interaction with their environment [5,13].

Despite the significant advancement of AV technology, there still is a significant re-
search gap in autonomous driving in relation to AV management in extremely complicated
scenarios with high traffic density [14,15]. More research is still needed to determine if AI
systems are effective in such demanding scenarios. Traditional traffic management systems
have difficulty dealing with the complexity and unpredictability of modern highways [16]
in the face of growing traffic volumes in cities [17]. Under such circumstances, machine
learning, particularly deep reinforcement learning, seems like a viable direction for de-
veloping intelligent vehicle control systems that can adapt to changing environments in
real-time [18].

By combining deep neural networks with reinforcement learning, DRL allows au-
tonomous agents to take optimal actions through trial and error. In advance of vehicle
control, DRL has the potential to guide how vehicles navigate in traffic, make critical deci-
sions, and respond to several challenges [19]. Benefiting from the power of DRL models, the
advanced control systems autonomously adapt to changing traffic conditions by improving
traffic efficiency and safety.

The limitations of existing research reside in the absence of comprehensive efforts
dedicated to guiding AVs in navigating roundabouts in dense traffic involving other
vehicles, cyclists, and motorcycles. Additionally, the existing studies address simplistic
scenarios, neglecting the complexities of real traffic in the city. To overcome these limitations,
we propose a novel approach that aims to facilitate the entry of AVs into roundabouts,
ensuring safety by minimizing the collision likelihood.

In summary, the main contributions of this paper are as follows:

1. We address the problem of entering roundabouts with dense traffic involving other
vehicles, cyclists, and motorcycles.

2. We propose a modified SAC algorithm in combination with CNN to extract the main
features of images captured by the front camera of the AV. We combine those features
with the description vector to help the AV reach its destination quickly.

3. We compare our model with DQN and PPO algorithms. The results demonstrate that
SAC outperforms traditional DQN and PPO models.

The remainder of the paper is organized as follows. Section 2 discusses the related
work on applying DRL algorithms for autonomous navigation and decision-making in the
context of AVs while shedding light on the novelty of our proposed approach compared
to existing ones. Section 3 presents an overview of reinforcement learning. Section 4
introduces our approach by presenting the Soft Actor-Critic (SAC) model, the state space,
the action space, and the reward function. Section 5 presents the simulator used to train
and validate our model, discusses our results obtained by SAC, and compares them
with the DQN and PPO models. The last Section 6, concludes our paper and discusses
future perspectives.

2. Related Work

The reason behind the widespread interest in DRL algorithms is their exceptional
data handling capacity and ability to capture intricate states in high-dimensional spaces,
specifically in the robotics field [20]. Their application in Unmanned Ground Vehicles
(UGV) [21] is particularly noteworthy; DRL algorithms are increasingly being investigated
for autonomous navigation tasks.

An example of such behavior in this domain is the number of works showing new
ways of extracting decision-making and control commands from laser scans [22,23]. What
distinguishes them from other methods used is that they can smoothly switch between
simulated models and actual situations that demonstrate good performance over time in
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terms of transferability. This further underscores the robustness and effectiveness of these
algorithms in practical applications.

According to [24], the study addresses the issue of mixed traffic involving human-
driven vehicles (HVs) and AVs. It advocates for an approach based on deep Q-networking
for managing AV movement through intersections aimed at enhancing the efficiency of
road utilization as well as safety levels. It shows its superiority over existing methods,
especially in dynamic traffic environments, effectively reducing driving distance, time, and
waiting time for AVs.

Elallid et al. [25] presents an approach that uses DRL to control AV driving through
intersections with high traffic. Their DRL framework is implemented based on DQN to
achieve an effective navigation strategy in the presence of other road users. The results
show that their model reduces travel time delays while avoiding collisions when compared
with existing traffic control methods.

Wang et al. [26] introduced a reinforcement-learning (RL) method for self-driving
cars in complex traffic conditions. The paper aimed to speed up learning by using motion
skills and the prior knowledge of experts. It used expert demonstrations and a double
initialization strategy in order to optimize leveraging expert priors. According to their
experiments, it is shown that this model outperforms other models with regard to learning
efficiency and driving performance in heavy traffic.

Chen et al. [27] address the challenge of on-ramp merging for AVs in mixed traffic.
They formulate the problem as a MARL task and develop an efficient MARL algorithm
with features such as action masking, local rewards, curriculum learning, and parameter
sharing. The proposed approach consistently outperforms state-of-the-art benchmarks in
terms of training efficiency and collision rate.

Wang et al. [28] present a DRL-based lane-changing model for autonomous vehicles
in mixed traffic. The model uses an analysis of natural driving trajectories to build a lane-
changing environment at the vehicle group level. In order to mimic mixed flow situations,
it uses the SAC algorithm to adjust velocity while taking into account the trajectories of
surrounding vehicles. Training and testing on real-world data show that the model achieves
a 90% success rate in lane-changing without a collision. In terms of safety and efficiency
evaluation indicators, the system improves both safety and efficiency when compared to
human driving.

Zengrong et al. [29] tackle the challenge of ensuring both safety and efficiency for
AVs navigating unsignaled roundabouts. They propose a driving policy based on the
SAC algorithm, enhanced with interval prediction and self-attention mechanisms, to focus
on potential conflict vehicles and predict driving risks. The algorithm was trained in a
low-dimensional environment and validated in the CARLA simulator. Results show a
15% reduction in collisions, improved safety, and effective decision-making at roundabout
entrances and exits. However, their work is tested only in CARLA without training to catch
more skills and did not include the perception model or take into account high mobility.

The paper by [30] explores optimizing traffic dynamics with a mix of AVs and human-
driven vehicles (HVs) using the PPO algorithm. In a roundabout scenario, the study found
that a higher presence of AVs of 80% reduces travel time and pollution and is perceived as
safer and smoother by human participants compared to a lower presence of 20%. The results
indicate that AVs can significantly improve urban traffic efficiency and safety. However,
this work did not include a perception model and did not take into consideration dense
traffic, which is the most complex scenario

Jingpeng et al. [31] address the challenge of improving the efficiency and safety of
AVs in navigating unsignaled roundabout scenarios with low penetration. They propose
an optimization-based behavioral choice model using the PPO algorithm. They used the
CoordConv network for spatial perception to capture and store low-dimensional environ-
mental information. The results demonstrate that their model achieves an improvement in
reward value function, training efficiency, and traversal time in simulations with varying
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numbers of vehicles, outperforming the PPO+CCMR algorithm, especially when fewer
vehicles are present.

The paper [32] addresses the problem of predicting potential conflict risks in round-
about merging scenarios to enhance active safety. It develops a hybrid deep learning
framework using a CNN and a long short-term memory network (LSTM), integrated with
the convolutional block attention module (CBAM). The framework utilizes an improved
2D-TTC indicator and analyzes vehicle characteristics through a roundabout coordinate
system. The findings show that the proposed model outperforms benchmark models,
with segmental predictions being more accurate than overall predictions. Additionally,
specific vehicle groups significantly impact conflict risk prediction, and understanding
these dynamics can improve safety management at roundabouts.

In light of the existing literature, it is important to acknowledge that previous studies
have mostly focused on controlling AVs in simplified environments, frequently ignoring
the complex dynamics involving various road participants, such as other vehicles, cyclists,
and motorcyclists. Furthermore, some approaches have not been trained and tested in
dense traffic scenarios.

In light of these limitations, we are motivated to provide a novel solution that can
address high-mobility scenarios, especially those that arise in roundabouts with heavy
traffic. To improve the realism of our model, we chose to use the three-dimensional CARLA
simulator for both the training and validation stages.

3. Deep Reinforcement Learning: An Overview

In recent years, DRL has made significant progress, becoming widely embraced across
various fields, particularly robotics. Previous studies have highlighted the effectiveness
of the model-free DRL approach in enabling autonomous acquisition of motion control
strategies. This recognition has led to substantial efforts to advance methodologies based
on DRL. At its core, a reinforcement learning algorithm operates based on the principles of
a Markov decision process (MDP), where the system’s current state depends solely on the
preceding state, regardless of the specific path taken. MDPs are typically represented as a
tuple (S ,A,R,P), where S denotes the state space of the environment, A represents the
available actions,R indicates the rewards or feedback received from taking actions at each
time step, and P characterizes the probability distribution governing state transitions [33].

At each time step, the RL agent observes the state st from the set S and takes action at
from the set A, subsequently receiving an immediate reward rt = R(st, at) where R is a
function mapping states and actions to real numbers: S ×A → R. Additionally, the agent
transitions to the next state st+1 ∈ S based on the transition probabilityP(st+1|st, at), which
is a function mapping state-action pairs to probabilities in the range [0, 1]: S ×A → [0, 1].

In RL, the agent typically determines its action through a policy denoted as at ∼ π(·|st)
wherein π is considered a probability distribution reflecting the agent’s beliefs regarding
its decisions at each time step within its environment. The objective for the RL agent is
to maximize the cumulative reward or total return as it progresses from an initial state
s. This cumulative reward, denoted as Vπ(s), is expressed as the expected value under
the distribution P , calculated across successive time steps from t = 0 to T, wherein each
reward rt is discounted by a factor γt. The expression for Vπ(s) is as follows:

Vπ(s) = Est∼P

[
T

∑
t=0

γt · rt

]
(1)

The function denoted as Vπ is recognized as the value function, while γ is the dis-
counting factor, which must adhere to the constraint of 0 < γ ≤ 1. In a similar vein, the
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state-value function, Qπ , is contingent upon the state st and the action at at time step t,
as follows:

Qπ(st, at) = rt + γ ·Est+1∼P [V
π(st+1)] (2)

= rt + γ ·Est+1∼P ,at+1∼π [Qπ(st+1, at+1)]

DRL algorithms are generally categorized into two main types: discrete algorithms,
such as Deep Q-Network (DQN) and its variant Double Deep Q-Network (DDQN) and
continuous algorithms, which include diverse methods like stochastic policy techniques
(e.g., Asynchronous Advantage Actor-Critic (A3C)) and deterministic techniques (e.g., Deep
Deterministic Policy Gradient (DDPG)). In the actor-critic framework, a fundamental RL
paradigm, two distinct neural networks are employed: the actor-network takes the state as
input and predicts optimal actions, while the critic network evaluates the quality of the
actor’s actions.

4. Methodology

The objective of this study is to ensure the safe navigation of AVs as they approach
roundabouts, reducing the risk of collisions with other vehicles by using the SAC algorithm.
Our proposed framework is represented in Figure 1.

CARLA Environment

Actor

Critic

ControllerState 𝒔𝒕

Action 𝒂𝒕

Reward 𝒓𝒕

RL Decision MakingPre-processing stage

Figure 1. Overview of our RL framework: We receive the state st from CARLA and feed it to a CNN
model to extract the main features. These features are then concatenated with a destination vector.
The SAC algorithm utilizes the concatenated vector from the previous step to make driving decisions,
taking action at, and subsequently receiving the reward rt.

We start by introducing the SAC algorithm, followed by describing the state space,
the action space, and the reward function of our model.

4.1. Soft Actor-Critic

Soft Actor-Critic (SAC) represents a progressed approach within advanced deep
reinforcement learning, characterized by its policy-based and model-free nature. Compared
to traditional RL methods, SAC uses the concept of soft strategy optimization. Rather than
focusing on maximizing rewards, SAC integrates the notion of entropy into its optimization
strategy to strike a balance between exploration and exploitation. This approach allows
the agent to handle tasks with a degree of randomness by enhancing adaptability and
flexibility. Consequently, SAC excels at tackling continuous action spaces, leading to notable
enhancements in learning efficiency and stability [34].
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Integrating maximum policy entropy into the SAC algorithm aims to encourage the
agent’s exploration of its environment. This allows the agent to achieve optimal actions,
improving the model’s capacity for generalization.

The primary objective of the RL algorithm is to learn a policy that maximizes the
expected future accumulated return π∗ = arg maxπ Vπ(s) and Vπ , which is computed by
the Equation (1). In addition to the fundamental objectives outlined earlier, the maximum
entropy reinforcement learning approach necessitates maximizing the action entropy for
every policy output as follows:

π∗ = arg max
π

T

∑
t=0

[
γt · rt + αH(π(·|st))

]
(3)

The definition of every policy entropyH is as follows:

H(π(·|s) = −
∫

a∈A
π(a|s) log(π(a|s))da = Ea∼π(·|s)[− log(π(a|s))] (4)

This goal is to enhance how effectively the policy explores by boosting both the antici-
pated future rewards and policy unpredictability. The temperature parameter, represented
by α, determines the significance of the unpredictability compared to the rewards. Maxi-
mum entropy RL methodically converges toward conventional RL as α→ 0. According to
the Bellman Equation (2), we can obtain the updated soft Bellman equation:

Qπ(st, at) = rt + γ ·Est+1∼P ,at+1∼π [Qπ(st+1, at+1)− α log(π(at+1|st+1))] (5)

One common technique that is extensively utilized in the SAC algorithm is double
Q-networks to address the overestimation issue. Hence, the parameters of the critic network
of SAC are updated by minimizing the mean Bellman-squared error (MBSE) loss function:

Lcritic(θi) = Est∼P ,at∼π

∥∥∥Qπ
θi
(st, at)−

(
rt + γ · Q̂π

)∥∥∥
2

(6)

Where Q̂π is the state-action value of the next step from double target Q-networks
and computed as follows:

Q̂π = Est+1∼P ,at+1∼π

(
min
i=1,2

Qtarget,i(st+1, at+1)− α log π(at+1|st+1)

)
(7)

Combining these equations, the total critic loss is the sum of the individual losses for
each Q-network:

Lcritic(θ) = Lcritic,1(θ1) + Lcritic,2(θ2) (8)

The loss function for the actor in the SAC model is designed to maximize the expected
return while integrating an entropy term to encourage exploration. The actor aims to learn
a policy πϕ that outputs actions that maximize the expected Q-value as estimated by the
critics, adjusted by the entropy of the policy. The actor loss Lactor is given by:

Lactor(ϕ) = Est∼P ,at∼πϕ(·|st)

[
α log πϕ(st | at)−min

i=1,2
Qπ(st, at)

]
(9)

4.2. State Space

In our scenario, we process a stack of four RGB images captured by the front camera
of the AV. Initially, these images have dimensions of 800× 600× 3× 4 pixels. We resize
and reduce them to 84 × 84 × 3 × 4 pixels, and then convert them to grayscale. This
transformation yields a new state, denoted as st, with dimensions of 84× 84× 4, which are
fed into the input of the neural network. The architecture comprises three convolutional
(Conv) layers, all featuring kernel sizes of 5× 5. Each layer contains 16, 16, and 64 kernels,
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respectively. Strided convolutions with a stride value of 2 are applied across all three layers.
Additionally, we employ average pooling with an output size of 1.

In the diagram provided (see Figure 2), the architecture comprises three Convolutional
(Conv) layers followed by average pooling. The feature maps resulting from these layers
have dimensions of 40× 40× 16, 18× 18× 64, 7× 7× 256, and 1× 1× 256, successively.
Finally, these features are flattened into a vector denoted as ht, with a dimensionality of
1× 1× 256. We can use the function fCNNs, depicted as follows:

fCNNs(st) = ht (10)

where st ∈ R84×84×4 and ht ∈ R256.

Figure 2. The CNN architecture consists of three convolutional layers and average pooling to extract
features, followed by a fully connected layer to accommodate the data for the network model.

To ensure the AV reaches its intended destination effectively, it is crucial to integrate
the current state ht with the destination vector destt ∈ R2. This destination vector is
expressed as destt = [Xdest − XAV , Ydest − YAV ], where Xdest and Ydest denote the x and y
coordinates of the destination position, while XAV and YAV represent the corresponding
coordinates of the AV at each time step t as shown in Figure 3. Subsequently, the update
function is as follows:

fCNNs(st, destt) = hdt, hdt ∈ R258 (11)

Figure 3. The architecture of the state network employs CNNs to extract main features from images.
These features are then concatenated with destination vectors to provide guidance for the AV to
successfully navigate toward its intended destination.
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4.3. Action Space

In the Carla simulator environment, the AV interacts with its environment using
three main control commands: acceleration, steering, and braking. These commands are
represented as float values with ranges: [0, 1] for acceleration, [−1, 1] for steering, and
[0, 1] for braking. The SAC algorithm is known as a continuous DRL algorithm, and it
necessitates selecting actions in a continuous manner. Hence, at each time step t, the
agent’s action at comprises a tuple (accelerationt, steeringt, braket), with each one within its
respective command range.

DQN is a discrete DRL algorithm, the agent must make discrete action choices as per
Table 1.

Table 1. Actions and their Corresponding Values.

Action Control Commands

Steering Throttle Brake

a0 0.0 0.6 0.0

a1 −0.5 0.5 0.0

a2 0.5 0.5 0.0

a3 0.0 0.3 0.0

a4 −0.5 0.3 0.5

a5 0.5 0.3 0.0

a6 0.0 0.0 0.5

4.4. Reward Function

Inspired by [35], we have designed our reward system to align with the challenges
posed by urban traffic conditions. Our aim is to guide AVs safely through roundabouts
without collisions while ensuring their timely arrival at their destinations. To achieve
this objective, our reward system is structured as four pivotal components: maintaining
the speed of the AV, penalizing collisions, ensuring the AV respects its lane by avoiding
unauthorized lane changes and considering the remaining distance to the destination.

For simplification, we define the current distance to the destination as dcu and the
previous distance as dpre. The AV’s forward speed is denoted by vspeed, while the measure
of the AV if moving off-road and in another lane is represented by Moffroad and Motherlane. In
the case of collisions, a penalty denoted as Ccollision = 100 is enforced, adjusting the reward
(Rt1) accordingly.

Furthermore, if the AV approaches the goal (dpre > dcu), it receives an augmented
reward (Rt2) in order to encourage the AV to progress towards the destination. Moreover,
the AV’s velocity should not surpass the speed limit value of 3 (derived from 30 divided by
10), designated as Rt3.

Maintaining the AV to respect its lane is important; we penalize the agent with minor
penalties if the AV is traveling in an unauthorized lane or off-road, as represented in Rt4
and Rt5. Ultimately, if the AV arrives at the intended destination successfully, it is rewarded
by Rt6 = 100. The reward function can be represented as follows :

reward =



Rt1 = −Ccollison
Rt2 = dpre − dcu

Rt3 =
vspeed

10 vspeed ∈ [0, vlimit]
Rt4 = −0.05×Moffroad
Rt5 = −0.05×Motherlane
Rt6 = 100
Rt = Rt1 + Rt2 + Rt4 + Rt5 + Rt6

(12)
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4.5. Training Models

DQN model: Our model training methodology aims to effectively train a neural
network for decision-making in dynamic environments. Initially, the neural network is
initialized with random weights. The agent starts taking random actions to explore the
environment, and during episodes, it exploits the knowledge learned during exploration.
Actions taken by the agent are stored in a replay buffer with their corresponding states. st,
destination vector dt, rewards rt, next destination vector dt+1, and next states st+1, forming
tuples of the form (st, dt, at, rt, st+1, dt+1).

During the training phase, the model selects a random batch, typically consisting of
128 samples, from the replay buffer. This batch is then fed through the policy network,
which predicts Q-values associated with each action. Subsequently, to update the Q-value
according to Equation (2), a second pass through the network is necessary to compute the
maximum Q-value for the next action, at+1. This additional pass is facilitated by what is
known as the target network.

Following this, the loss between the predicted Q-value and the output from the
target network is computed using the mean square error (MSE) metric. The ADAM
optimizer [36] is then utilized to minimize this loss, enabling the updating of weights
through backpropagation. This iterative process allows the neural network to progressively
refine its Q-value predictions, thereby improving the agent’s decision-making capabilities
throughout the training process. By iteratively adjusting the network’s weights based on
experiences gathered from the replay buffer, the model adapts and learns to make more
informed decisions in dynamic environments.

PPO model: The training process for the PPO algorithm follows several key steps.
Initially, two neural networks are initialized: an actor and a critic. The actor-network uses a
tanh activation function in the output layer to generate the probability distribution over
actions, while the critic network, which estimates the state value, employs a tanh activation
function in its output layer.

The agent interacts with the environment, then the samples are collected according to
the current policy. The advantages are computed and returned for each time step in the
collected trajectories. The PPO objective is defined as follows:

L(θ) = Et

[
min

(
πθ(at|st)

πθold
(at|st)

At, clip
(

πθ(at|st)

πθold
(at|st)

, 1− ϵ, 1 + ϵ

)
At

)]
where At the advantage function from the finite-horizon estimation of T steps is given as:

At = µt + (γλ)µt+1 + (γλ)2µt+2 + ... + (γλ)T−t+1µT−1

and µt = rt + γV(st+1)−V(st)
The objective function L(θ) is then used to update the parameters of both the actor and

critic networks. This objective ensures stable policy updates by preventing large changes in
the policy. By iterating through these steps, the policy and value function are gradually
refined in order to enhance the agent’s performance in the environment.

SAC model: The agent interacts with the environment according to its probabilistic
policy, denoted as πθ(·|st). This policy allows a balance between exploitation and ex-
ploration. In our implementation, we use Gaussian policy, wherein the policy network
generates two parameters that define the mean and standard deviation of a Gaussian
distribution, thus yielding actions represented as at ∼ N (µθ(st), σθ(st)).

To preserve the differentiability of the stochastic policy, we employ the reparameteri-
zation trick. This technique involves deriving action samples from the stochastic policy by
evaluating a deterministic function as follows:

at = tanh(µθ(st) + σθ(st)⊙ ξ), ξ ∼ N (0, I) (13)

Here, ξ indicates independent Gaussian noise, while the application of hyperbolic
tangent ensures that actions are bounded within a finite range.
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Our framework utilizes two Q-networks, the critic and target critic networks. Those
networks are necessary to ensure the stability of the learning process. The network’s weights
are updated through the Q-network to ensure the agent’s adaptation to the environment
over time. Similar to the DQN approach, the tuple (st, dt, at, rt, st+1, dt+1) is stored in a
replay buffer. During training, the model randomly selects batches of data from this replay
buffer. This allows the agent to learn from past experiences, breaking correlations in the data
and promoting more robust and efficient learning. To better illustrate the implementation
of our approach, we provide Algorithm 1.

The other settings of our models are represented in Table 2:

Table 2. The parameter settings of each model.

Parameter DQN SAC PPO

Learning rate 0.001 - -
Learning rate (actor) - 3× 10−4 3× 10−4

Learning rate (critic) - 3× 10−4 10−3

Number of Episodes 2000 2000 2000
Batch size 128 64 -
Clipping ϵ - - 0.1
Num. epochs - - 4
Replay Buffer 105 2× 105 -

Algorithm 1 Soft Actor-Critic with Destination Vector

1: Initialize actor network parameters ϕ and critic network parameters θ.
2: Initialize the entropy coefficient α.
3: Define the batch size N and create an empty replay buffer D.
4: Set target network parameters equal to the critic parameters: θtarget ← θ.
5: for each episode e = 1 to E do
6: Initialize images state st ∼ CarlaEnv.
7: Initialize destination vector destt ∼ CarlaEnv.
8: for each step t from 1 to Nsteps do
9: Select an action at ∼ πϕ(at|(st, destt))

10: Interact with the environment:
11: Observe the next state st+1, reward rt, and next destination destt+1
12: Store the transition in the replay buffer:
13: D ← D ∪ (st, destt, at, rt, st+1, destt+1)
14: if time to update the critic network then
15: Sample a batch of transitions (si

t, desti
t, ai

t, ri
t, si

t+1, desti
t+1)

N
i=1 from D

16: Compute the loss for the critic Lcritic(θ) using Equations (6) and (8)
17: Update the critic network parameters θ
18: end if
19: if time to update the actor network then
20: Sample a batch of transitions (si

t, desti
t, ai

t, ri
t, si

t+1, desti
t+1)

N
i=1 from D

21: Compute the loss for the actor Lactor(ϕ) using Equation (9)
22: Update the actor network parameters ϕ
23: if automatic entropy tuning is enabled then
24: Adjust the entropy coefficient α
25: end if
26: end if
27: if time to update the target network then
28: Update the target network parameters: θtarget ← θ
29: end if
30: end for
31: end for
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5. Experiments

In this section, we present our simulation setup, highlighting our simulator used for
both training and validation purposes. Additionally, we provide a comprehensive analysis
of results obtained in the training and testing phases.

5.1. Training Setting

We conducted extensive experiments in the CARLA simulator (version 0.9.10) with
PyTorch for controlling autonomous driving within a challenging roundabout scenario.
CARLA offers hyper-realistic physics to train and validate models in an environment close
to the real world [37].

Within this scenario, vehicles encountered numerous complexities, including maneu-
vering through multiple lanes, navigating through oncoming traffic, merging seamlessly
with existing flows, and prioritizing pedestrian safety at designated crosswalks. The com-
plexity of these challenges stems from the real-time decisions and good responses required
for safe and efficient navigation.

To ensure realism in our approach, we spawn diverse road participants in the traffic,
including pedestrians, cars, bicycles, and motorcycles. This allows us to test and assess the
performance of our autonomous driving algorithm across a wide range of traffic scenarios
and obstacles.

To recreate challenging traffic scenarios, we adjusted various factors like how fast
vehicles move, the distance between them, and how often new vehicles enter the sim-
ulation. This helps us simulate situations on the road that closely resemble real-world
driving scenarios. Then, we test our model in complex driving situations to achieve a
robust evaluation.

Furthermore, we integrated CARLA with Gym, an open-source Python library devel-
oped by OpenAI [38]. It was designed for reinforcement learning algorithm development
and evaluation, and Gym served as an interface to facilitate communication between the
DRL algorithm and the simulation environment.

Figure 4 represents a roundabout where the AV must navigate smoothly while ensur-
ing the safety of all road users, including cyclists, motorcycles, and other vehicles. This
scenario involves the presence of 120 vehicles moving in randomly, including motorcycles,
cyclists, and four-wheeled vehicles, all controlled by the CARLA traffic manager.

All vehicles except our AV are in autopilot mode. Each vehicle maintains a safe
distance of 2.5 m from others and respects a speed limit of 30 ms. The objective is to
facilitate the AV’s entry into the roundabout without any collisions, thereby ensuring
smooth and safe traffic flow.

The simulator begins by capturing images at an initial size of 800× 600 pixels. To
minimize data overload, we choose to capture 5 frames per second (fps) during both the
training and testing phases. Training episodes end based on the following conditions: (1) If
a collision occurs between the AV and other road users; (2) If the AV successfully arrives
at its destination; (3) If the number of episodes exceeds the maximum number of training
steps, which is set at 1100.
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(a)

(b)

Figure 4. (a) The AV gracefully enters the bustling roundabout, navigating through the presence of
other vehicles, including motorcycles and bicycles, with precision. (b) The AV dutifully adheres to
the meandering blue curve, faithfully following its path until it arrives at its intended destination.

5.2. Training and Testing Results

In this section, we present the performance of our model SAC compared to the
DQN model.

To show the learning performance in DRL, we often reward it as a standard criterion.
Figure 5 shows the average reward of SAC, PPO, and DQN algorithms during training. We
note that SAC converges faster than the PPO and DQN modes and achieves a high score of
approximately 91.9. However, PPO achieves around 58.4, and its curve is not very similar
to the curve of SAC. Furthermore, we notice that DQN is very low in terms of convergence
and achieves only a 36.6 score, which shows the superiority of our model SAC compared
to the two preceding models.

We employ the average success rate as the main assessment metric in order to fairly
assess the performance of the suggested framework in various scenarios, and each scenario
depends on the number of AVs spawned in our environment. We have selected four specific
densities for evaluation as follows: AVs = 120, AVs = 140, AVs = 160, and AVs = 210.

Throughout the testing phase, we employ extra metrics, such as the collision rate,
average time, average speed, average traveled distance, average steps, and average reward.

• Success rate (Succ %): During testing, we test our model for 50 episodes, and we com-
pute the percentage of episodes in which the AV successfully reaches its destination.

• Collision rate ( Coll %): It computes the percentage of episodes when the AV collides
with other vehicles. It is considered critical safety performance.

• Average time (Avg. time): It counts the time it takes for the AV to reach its destination
in each episode. We computed the average time of 50 episodes.

• Average speed (Avg. Speed): It computes the average speed of the AV during episodes.
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• Average Traveled Distance (Avg. Dis): is the distance traveled by the AV from its
start location to its destination.

• Average Steps (Avg. Steps): the number of steps that it takes for the AV to attain
its destination.

Figure 5. The average reward of SAC, PPO, and DQN during episodes.

Table 3 illustrates the quantitative comparison between the SAC, PPO, and DQN
models according to the previous metrics. We remark that the SAC model achieved the
best results compared to the PPO and DQN models in all metrics. Despite the high density
of AVs in the fourth scenario, we notice that SAC attains a 94% success rate, demonstrating
the effectiveness of SAC compared to PPO and DQN, which reach 80% and 52% success
rates, respectively. Moreover, SAC shows superior performance in controlling AVs to reach
their destinations quickly, as shown by the average number of steps and average time spent
in the four densities.

Furthermore, the collision rate is very low, at 2% in the first three densities and 6%
in the last density, indicating that SAC successfully avoids collisions with other vehicles,
ensuring safety on the road. In contrast, PPO and DQN have a high number of crashes
with vehicles, especially in the last density where the number of AVs is very high.

Additionally, our model shows that the AV’s traveled distance from its start location
to its destination is around 32 m in all directions, which demonstrates that our approach is
successful in finding the optimal path to the destination. However, PPO and DQN achieve
around 33 m and 34 m in the traveled distance, respectively.

Table 3. Quantitative evaluation of SAC performance compared to DQN. Best results, indicated by
bold data.

Model Dens. Avg. Re Avg. Time Avg. Speed Avg. Dis Avg. Steps Succ. Coll.
(s) (m/s) (m) (%) (%)

SAC

AVs = 120 93.01 6.70 3.77 31.58 31.64 98 2
AVs = 140 92.99 7.48 3.78 31.70 32.91 98 2
AVs = 160 91.79 8.50 3.64 31.72 35.06 96 2
AVs = 210 85.07 10.36 3.75 31.63 30.80 94 6

PPO

AVs = 120 62.1 7.01 3.60 32.51 36.01 88 12
AVs = 140 60.8 8.02 3.68 32.63 37.20 86 14
AVs = 160 57.2 8.70 3.55 32.72 38.10 83 17
AVs = 210 50.1 10.5 3.70 32.51 36.20 80 20

DQN

AVs = 120 35.74 7.89 3.58 33.48 47.13 70 30
AVs = 140 24.98 9.28 3.52 33.35 47.81 64 36
AVs = 160 29.40 8.63 3.45 33.57 49.0 66 34
AVs = 210 1.86 10.88 3.63 33.54 47.69 52 48
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6. Conclusions

This paper introduces DRL to enhance the vehicle control capabilities of AVs. Our
focus is on addressing the slow convergence of traditional RL models in complex scenarios
with dense traffic, particularly roundabout scenarios.

To overcome this challenge, we propose a Soft Actor-Critic to guide an AV to reach its
destination quickly without colliding with other vehicles. To achieve this, we utilize a CNN
model to extract the main features from four consecutive images captured by the front
camera of the AV. Then, we concatenate these features with the destination vector and feed
them to the SAC model to make decisions. We test and validate our model in the CARLA
simulator, which is the most powerful simulator for autonomous driving applications. The
results demonstrate the superiority of our model compared to the DQN and PPO models
in terms of convergence, high success rate, and low collision rate.

In future work, we aim to tackle even more complex scenarios and improve the
SAC algorithm by integrating CNN and attention mechanisms to benefit from previous
information as AVs navigate within their environment.
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