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Abstract—Adaptive Cruise Control (ACC) is a widely adopted
Advanced Driver Assistance System (ADAS) technology that
enhances driving comfort and safety. As part of the broader effort
to advance autonomous driving, this paper investigates the imple-
mentation of ACC systems using two approaches: a standard PID
controller, valued for its simplicity, reliability, and widespread
use, and a machine learning-based model, designed to offer
similarly straightforward usability. The experiments were carried
out within the CARLA simulator, a platform that provides a
controlled environment for testing and evaluation. By comparing
the performance of these two methods, the study aims to evaluate
whether machine learning can achieve improved results while
retaining the ease of implementation associated with traditional
PID controllers. This comparative study highlights the strengths
and limitations of both approaches, offering valuable insights
into how machine learning can enhance ACC functionality and
contribute to safer autonomous driving systems.

Index Terms—Adaptive Cruise Control, ADAS, PID, Rein-
forcement Learning, Autonomous Driving, CARLA simulator.

I. INTRODUCTION

Advanced Driver Assistance Systems (ADAS) are trans-
forming the automotive industry by introducing innovative
solutions that enhance driver safety, comfort, and overall
vehicle efficiency [1]. Among these, Adaptive Cruise Control
(ACC) stands out as one of the most widely adopted and
mature technologies [2]. ACC systems maintain a set speed
and regulate the distance from the vehicle ahead, reducing the
driver’s cognitive load and contributing to accident prevention.
These systems are considered a cornerstone in the progression
toward autonomous driving, where control precision, adapt-
ability, and real-time decision-making are essential.

The design of an effective ACC system involves a careful
balance between simplicity, reliability, and adaptability to
complex driving scenarios such as varying traffic densities,
sudden braking, or erratic behavior of leading vehicles. Tradi-
tionally, Proportional-Integral-Derivative (PID) [3] controllers
have been the method of choice due to their straightforward
implementation and reliable performance under stable con-
ditions. However, PID controllers often struggle to respond
effectively to nonlinear or rapidly changing dynamics, limiting
their effectiveness in more complex scenarios. In contrast,

machine learning (ML)-based control strategies offer a data-
driven alternative that can capture complex relationships be-
tween input variables and control actions [4]. These models
can learn from both historical real-world and simulated driving
data, enabling them to generalize across diverse situations
and improving performance in terms of responsiveness and
adaptability.

In this paper, we present a comparative analysis of ACC
systems implemented using two distinct approaches: a stan-
dard PID controller and a machine learning-based model
using reinforcement learning (RL). Both implementations are
developed and evaluated within the CARLA simulator', an
open-source platform for autonomous driving research. Our
research hypothesis posits that a machine learning approach,
while maintaining a level of simplicity similar to that of the
PID controller, can achieve superior performance in complex
or dynamic scenarios, making ACC systems more effective
and robust. The objective is to assess the advantages and
limitations of each approach under different driving scenarios,
including both steady-state cruising and abrupt changes in the
behavior of leading vehicles.

II. RELATED WORKS

Adaptive Cruise Control (ACC) systems have been exten-
sively studied and implemented using both traditional control
methods and advanced machine learning techniques. Early
solutions often relied on PID controllers due to their simplicity
and ease of integration. However, modern advancements have
shifted towards incorporating more sophisticated approaches
such as Model Predictive Control (MPC) and Adaptive PID,
which offer better adaptability to changing conditions. Re-
cently, machine learning techniques, including Deep Rein-
forcement Learning (DRL), have shown promise in improv-
ing ACC performance by learning optimal driving policies
through interaction with the environment. Furthermore, hybrid
approaches are being introduced, combining classical control
methods and machine learning to leverage the advantages
of both techniques. These hybrid models aim to optimize
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performance and adaptability while maintaining stability and
effectiveness across different driving conditions.

A. Traditional Control Systems

The PID controller is one of the most widely used con-
trollers in industry due to its simplicity and ease of integration,
made possible by automatic tuning techniques that eliminate
the need for a detailed system model analysis. When using
a basic PID controller, it is possible to develop an ACC
system with various features, such as cruise control, following
function, speed selection, stop-and-go, and an emergency
braking system. Canale and Malan [5] presented a robust
design approach for ACC systems with stop-and-go feature
using simple P and PI controllers. The method incorporates
safety and comfort constraints through a tailored reference
acceleration profile generator that mimics driver behaviour.
The control system relies on standard vehicle documentation
and data fields to model dynamics via interval plant families.
This modelling enables the design of low-complexity, but
robust controllers capable of handling nonlinear behaviours
and ensuring smooth driving experiences.

However, a key limitation of PID is its difficulty in adapting
to different setpoints. When the setpoint changes, especially
if the change is rapid or significant, the PID controller may
not respond optimally. A more sophisticated controller such
as MPC [6] can optimize control actions based on the system
model, taking into account predicted changes, which allows
better adaptation to setpoint variations and system conditions,
ensuring a smoother and more accurate response. In [7] Naus
et al. present the implementation and evaluation of an ACC
with a stop-and-go feature using an MPC approach. The study
distinguishes between comfort metrics — such as acceleration
and jerk — and traffic-required behavior — such as relative
distance, Time-To-Collision (TTC) — implementing a hybrid
controller that optimizes both aspects and solving it as multi-
parametric quadratic programming.

Another possible solution is the use of Adaptive PID [8].
Adaptive PID is particularly useful, as it adjusts its parameters
in real-time based on changing system dynamics, which helps
to improve performance under varying conditions, such as
disturbances or changes in system behavior over time. Unlike
traditional PID, which uses fixed gains, an adaptive PID
ensures that the control system remains stable and effective
even when facing setpoint changes or environmental factors.
In [9] Simorgh et al. present an adaptive PID control design for
longitudinal velocity control of autonomous vehicles, leverag-
ing an adaptive control model to address nonlinearities, time-
varying conditions, and disturbances such as aerodynamic
forces and varying road conditions. The proposed controller
dynamically adjusts throttle and brake policies to ensure
accurate velocity tracking, incorporating robust update laws
to prevent parameter drift and maintain stability.

Moreover, modern approaches are increasingly integrating
standard control models with machine learning to enhance
their performance. Solutions leveraging these techniques have
been proposed for both PID [10] and MPC [11].

B. ML Control Systems

Recent advancements have seen the integration of machine
learning (ML) into ACC systems. In [12] Mosharafian et al.
present a Gaussian Process(GP)-based stochastic model for
Cooperative ACC (CACC) systems, aiming to enhance high-
way safety and capacity while reducing reliance on frequent
communication. By leveraging GP regression, vehicles predict
the speed trajectories of preceding vehicles using model-based
communication, which broadcasts hyper-parameters of local
GP models instead of raw data. This approach allows vehicles
to maintain situational awareness even during communication
failures, preventing the system from degrading performance.

Moreover, a significant contribution is the application of
Deep Reinforcement Learning (DRL) in ACC systems. DRL
enables the system to learn optimal driving policies through
interaction with the environment, improving decision-making
in complex driving scenarios. More advanced techniques, like
Deep Q-Learning (DQL) and the use of camera images for
training instead of traditional sensor-based detection, have
shown promising results. In [13] Das and Won propose a
dynamic ACC system for highways with ramps, leveraging
deep reinforcement learning to optimize headway distance in
real-time based on traffic conditions. The model employs a
Markov Decision Process and a deep Q-network to adaptively
adjust distances by considering factors such as traffic density,
vehicle speed, and ramp length. The system dynamically
respond to traffic and other perturbations highlights.

Other approaches have used GYM environments [14], with
techniques like Proximal Policy Optimization (PPO) [15],
which has become popular due to its ability to handle con-
tinuous action spaces and its stability during training. Further
promising results have been shown using the Deep Determinis-
tic Policy Gradient (DDPG) algorithm, which offers improve-
ments over traditional methods in managing the complexity
of multi-objective driving scenarios. In [16] Yan et al. present
a car-following strategy that combines DDPG and CACC
to enhance autonomous driving performance. The strategy
leverages the reliability of CACC for basic car-following tasks
and the exploratory strength of DDPG for complex scenarios,
achieving a balance between robustness and flexibility in
autonomous vehicle control.

Machine learning techniques face significant challenges re-
lated to user data privacy, as traditional methods often require
centralized data collection, which increases the risk of data
breaches and misuse. To address this issue, Federated Learning
(FL) has been proposed as a solution [17]. This approach
mitigates privacy concerns by enabling distributed learning,
where individual devices collaboratively train models without
sharing raw data. In doing so, FL enhances ACC performance
by improving scalability and personalization while safeguard-
ing user data privacy.

III. IMPLEMENTATION AND EVALUATION OF PID CONTROL

This section outlines the implementation and evaluation of
the PID control strategy. First, we provide details on the
design process and the selection of appropriate parameters.



The evaluation then focuses on analyzing the controller’s per-
formance across various test scenarios, comparing alternative
configurations, and identifying key factors that influence the
system’s stability and responsiveness.

A. Model Architecture and Algorithm Implementation

The ACC system was implemented using a dual PID con-
troller architecture, designed to separately manage acceleration
and braking. The PID controller for acceleration calculates
errors based on velocity, whereas the PID controller for
braking utilizes the inverse of the TTC (1/TTC), a parameter
derived from radar data that quantifies the urgency of potential
collisions. Both controllers operate using a buffer of size 42,
which stores the most recent errors to calculate the propor-
tional, integral, and derivative terms as defined in Equation 1.

e(k) — e(k — 1)
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The system calculates the safety distance to maintain based
on the vehicle’s current speed. Depending on the deviation
from the detected distance to the object with the lowest TTC,

it operates in one of four defined operational modes :

1) Cruise Mode: When no obstacles are present, the
system calculates the throttle value required to reach and
maintain the target speed.

2) Following Mode: If a moving obstacle is detected, the
vehicle adapts its speed to follow it while maintaining
the safety distance.

3) Braking Mode: When the obstacle ahead is closer than
the security distance, the system engages the braking
PID controller to bring the vehicle to reduce velocity
avoiding collision.

4) Stationary Mode: When the distance to the obstacle is
less than a certain threshold, the vehicle remains braked.

In addition, it is possible to choose from three different
actuation preferences, which will change the thresholds for
switching between modes.

B. Model Selection and Parameter Tuning

Parameter tuning was conducted iteratively to balance re-
sponsiveness and stability. Key considerations included:

« Proportional Gain (P): Determines the reaction strength
to the current error. High values improve responsiveness
but risk overshooting.

o Integral Gain (I): Compensates for accumulated past
errors. Excessive values can lead to instability due to
integral windup.

o Derivative Gain (D): Dampens the system response to
sudden changes, reducing overshoot and oscillation.

The values for Kp, Kj, and Kp were manually tuned
through extensive testing to achieve optimal performance.
Additionally, the buffer size of 42 and the sampling time
of 0.01s were chosen after experimentation to ensure smooth
control while avoiding excessive latency in error calculation.
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The system was also tested at various target speeds, ensuring
consistent behavior across different velocity ranges.
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C. Experimental Results

Performance evaluation involved four primary scenarios:

1) Scheduled vs. Random Sampling Time: In the sched-
uled approach, error updates occurred at fixed intervals,
while the random sampling approach updated errors
at each iteration of the control loop. The scheduled
sampling method demonstrated more consistent perfor-
mance, with reduced oscillations and improved stability
in throttle and brake responses. The result are shown in
Fig. 1,2,3

2) Buffer Size Consideration: A critical factor in the
system’s performance is the choice of buffer size. The



buffer size impacts the calculation of the control action,
influencing the overall responsiveness of the control
system.

3) Distance vs. 1/TTC for Error Calculation: A com-
parison was made between using raw obstacle distances
and 1/TTC as inputs to the Breaking PID controllers.
The 1/TTC approach provided more reliable and pre-
cise control as it inherently captures both distance and
relative velocity.

4) Introduction of Hysteresis Control Mechanism: An

additional control mechanism was introduced, incorpo-
rating hysteresis to prevent rapid switching in the control
actions. This helps to improve the overall robustness and
smoothness of the control system.
Additional tests were also conducted using speeds ex-
pressed in meters per second (m/s) and kilometers per
hour (km/h). No significant differences in performance
were observed, so the latter was used.
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D. Challenges and Limitations

During implementation, several challenges were encoun-

tered:

e Noise in Radar Data: Variations in radar readings led
to fluctuations in error calculations.

o Integral Windup: Prolonged errors in acceleration or
braking modes caused an oversaturation of the integral
term, requiring a bounded buffer mechanism to mitigate
this issue.

o Control Function: In addition, a potential limitation is
that the input to the PID is a simple operation, and not a
(non-)linear function.

E. Future Developments and Improvements

Several future improvements are proposed to enhance the
PID controller’s performance. One promising direction is
dynamic parameter tuning, where adaptive mechanisms adjust

the PID gains in real-time based on current traffic conditions,
allowing for more responsive and stable control. Additionally,
integrating advanced sensing technologies—such as combin-
ing radar data with LiDAR and camera inputs—can signifi-
cantly improve obstacle detection and classification accuracy.
Another avenue involves exploring hybrid control approaches
that merge traditional PID control with machine learning tech-
niques, aiming to harness the strengths of both methodologies.
Lastly, a more complex control structure could be adopted by
combining multiple PID controllers, enabling the system to
apply a more accurate and nuanced control function across
different driving scenarios.

IV. IMPLEMENTATION AND EVALUATION OF
REINFORCEMENT LEARNING CONTROL

This section outlines the implementation and evaluation of
a reinforcement learning (RL) control strategy, using the PPO
algorithm within a GYM-based simulation environment. First,
we describe the model architecture and the design of the RL
agent, followed by its evaluation across various test scenarios.
The evaluation focuses on comparing the RL controller’s
performance to traditional PID controllers.

A. Model Architecture and Algorithm Implementation

The ACC system was implemented using a dual-agent
strategy. In accordance with the operational modes described
in Section III-A, the first agent controls the cruise mode by
adjusting the vehicle’s speed based on the target velocity and
the vehicle’s current speed, analogous to the PID controller
used for acceleration. The second agent is responsible for the
remaining functions, specifically managing the following and
braking mechanism, by considering safety distance and the
proximity of the vehicle with the lowest TTC.

In this setup, the RL agents can control both throttle and
brake learning it through interaction with the environment and
feedback based on their actions.

B. Model Selection and Hyperparameter Tuning

For the model development, the primary focus was on defin-
ing the architecture of the RL agent rather than extensively
tuning hyperparameters. However, key hyperparameters were
set as follows:

o Learning Rate: A small learning rate of 3 x 107> was
chosen, despite its slower convergence rate. A lower
learning rate allows for more gradual updates, which may
help stabilize the learning process.

o Number of Steps: 1024 steps were set to allow the agent
sufficient interaction with the environment.

o Batch Size: A batch size of 64 was selected to ensure
stability in learning.

o Seed: A fixed random seed was used during training to
ensure reproducibility.

« Evaluation Callback: An evaluation callback was intro-
duced to assess the model’s performance at the end of
each training epoch. If the new model showed improved



performance compared to the previous best-recorded
model, it was saved.

For both agents, the action space was composed of a single
action ranging from -1.0 (maximum brake) to 1.0 (maximum
throttle), with actions for acceleration and braking being
mutually exclusive.

The termination condition for the scenario was not defined
by a negative event, but rather aligned with the completion of
each training epoch.

For the first agent, the observation space includes the target
velocity and the ego vehicle’s velocity, and the reward function
was defined as:

Target_Speed - Ego_Speed
10

reward(observation) = ()

For the second agent, the observation space includes the
security distance and the nearest obstacle distance and the
reward function was defined as:

errory = Security_Distance — Obstacle_Distance

errory
10

1
=)

For the first agent, the initial scenario involved spawning
the ego vehicle with a random initial velocity between 0 and
180 km/h, while the target velocity ranged from 30 to 150
km/h.

For the second agent, the initial scenario involved spawning
the ego vehicle with a random velocity between 0 and 150
km/h, with another vehicle placed ahead, at a safety distance
based on the ego vehicle’s initial velocity. The leading ve-
hicle’s speed was also randomly set within 0 and the ego
vehicle’s velocity.

if errory < 0, (3)

reward(observation) = if errory > 0

C. Experimental Results

The performance was evaluated by comparing the RL-
based model with the developed PID controller. Initially, the
evaluation focused on the cruise mode performance to assess
the potential of the RL controller. In Fig.4 the graph shows
the results of this experiment.

Subsequently, a more complex scenario was tested by com-
bining both RL agents and incorporating the same hysteresis
improvement discussed in 4. This scenario allowed for a
comprehensive evaluation of the overall performance of the
RL controller, particularly compared to the PID controller, in
a dynamic environment. The results are shown in Fig.5.

D. Challenges and Limitations
Several challenges were encountered during the implemen-
tation of the RL-based control:

o Convergence Time: The RL agent took significantly
longer to converge compared to the PID controller. This
was primarily due to the need for extensive training in a
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dynamic, continuous environment, which required many
episodes for the agent’s policy to stabilize.

o Observation Space Design: Designing an effective ob-
servation space that provides all the necessary informa-
tion for decision-making was a non-trivial task. Balancing
the amount of information without overwhelming the
agent was crucial to achieving efficient learning.

o Reward Design: Crafting an appropriate reward function
posed a significant challenge. A complex reward function
could lead to degraded model performance, as the agent
struggled to comprehend the situation properly.

E. Future Developments and Improvements

Several improvements are proposed to enhance the per-
formance of the RL-based controller. One possible direction



is the fine-tuning of a more complex model capable of si-
multaneously learning both acceleration and braking policies
through an iterative approach, which could lead to more
efficient and balanced behavior. Given the ”black box” nature
of reinforcement learning, it is also important to incorporate
additional safety layers; for instance, static safety policies
(i.e., triggering brake in risk scenarios) can act as safeguards,
complementing the learned behavior.

Furthermore, to support real-world deployment, especially
in resource-constrained vehicular environments, it is essential
to explore Edge Al approaches. This involves implementing
lightweight models that can operate on low-power embedded
boards, potentially leveraging TinyML techniques [18], to
ensure real-time decision-making without the need for constant
connectivity or high-performance hardware.

In addition, supervised approaches [19] could be utilized
to pre-train models on labeled driving data to learn founda-
tional behaviors such as lane-keeping or obstacle avoidance
to accelerate convergence and improve stability. On the other
hand, unsupervised approaches [20], could improve the rep-
resentation of driving environments. With both strategies, the
controller can become more robust, responsive, and viable for
practical applications in autonomous driving systems. Finally,
the user interface design [21] and subsequent user validation
[22] represent another important avenue for future research.

V. CONCLUSIONS

The PID controller demonstrated strong robustness, even
when facing variations in setpoints. However, its performance
was highly dependent on the careful management of switching
between operational modes, requiring manual adjustments
for optimal operation. In contrast, the RL-based controller
outperformed the PID, particularly in more complex scenarios.
It effectively handled both the following mechanism and the
stop-and-go feature, leveraging a unique model that provided
greater adaptability and effectiveness. An additional advantage
of this controller is its ability to learn effective braking dy-
namics based solely on distance information, whereas the PID
controller typically relies on TTC data, which provides strong
semantic meaning for managing braking actions, especially in
dynamic situations.

In conclusion, while the PID controller remains a reliable
and stable option for simpler conditions, the RL-based con-
troller offers enhanced adaptability and performance, espe-
cially in dynamic and complex driving environments, under-
scoring its potential for future autonomous driving systems.
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