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longitudinal control and car-following scenarios. This study addresses this
challenge by developing a Motorcycle Adaptive Cruise Control (MACC)
system based on Model Predictive Control (MPC), specifically tailored to
motorcycle dynamics. The research contribution is the integration of
longitudinal and lateral MPC control with a sensor fusion framework to
manage speed regulation, safe following distance, and path-following
under motorcycle-specific constraints. The proposed system employs MPC
to predict future wvehicle states and compute optimal acceleration and
steering commands while respecting safety, comfort, and stability
constraints. Radar- and vision-based sensor fusion is used to estimate
relative distance, relative velocity, and lane geometry, providing reliable
perception inputs for the controller. A comprehensive MATLAB/Simulink
simulation framework is developed to evaluate system performance under
straight-road, curved-road, and mixed-traffic scenarios, including lane
changes and vehicle cut-ins. Simulation results demonstrate accurate
velocity tracking, consistent maintenance of safe inter-vehicle distances,
and stable path-following performance, with lateral deviations remaining
below 0.5 m on straight segments and 1.2 m on curved paths. Longitudinal
acceleration remains within predefined comfort limits, indicating smooth
control behavior. The integrated controller adapts effectively to dynamic
traffic conditions while maintaining safety margins. The findings confirm
the feasibility of MPC-based MACC for motorcycles under simulated
conditions. However, the results are limited to simulation-based validation,
and real-world deployment will require further investigation of
computational feasibility, sensor uncertainties, and experimental testing.
This work contributes toward the development of scalable and reliable
adaptive cruise control systems for motorcycle autonomy.
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1. Introduction

Electric motorcycles (EMs) are transforming today's transport and revolutionizing modern
mobility by offering an eco-friendly alternative to traditional internal combustion engine
motorcycles. They rely on electric powertrains, battery systems, and advanced control electronics to
achieve efficient, quiet, and emission-free transportation [1]. Their development aligns with the
global push toward sustainability, particularly in urban environments where noise and air pollution
are pressing concerns. Unlike conventional motorcycles, electric variants integrate components such
as battery management systems, power electronics, and energy-efficient electric motors designed to
meet a wide spectrum of commuter and performance demands [2], [3]. These developments not only
allow the achievement of environmental objectives but also result in the incorporation of advanced
technologies that improve safety and general riding comfort [4], [5].

At the core of these intelligent systems lies Adaptive Cruise Control (ACC), an advanced driver
assistance system (ADAS) originally developed for automobiles and now adapted for motorcycles
[6], [7]. ACC automates the process of maintaining a safe following distance and consistent speed
by sensing the environment and dynamically adjusting throttle and braking inputs [8], [9]. Employing
radar, lidar, cameras, and ultrasonic sensors, ACC systems monitor the position and behavior of
surrounding vehicles to make real-time control decisions [10], [11]. Radar systems, in particular, are
highly valued for their robustness under varying weather and lighting conditions [12], [13]. Lidar
sensors enhance spatial awareness by providing high-resolution three-dimensional environmental
maps [14], while camera systems provide valuable visual data for lane detection, obstacle
recognition, and traffic sign interpretation [15]. Ultrasonic sensors, although limited in range, are
especially useful in low-speed urban scenarios, such as parking and close-quarter maneuvering [ 16],
[17]. The synergy of these sensors, often through sensor fusion, creates a comprehensive perception
framework essential for accurate and safe cruise control [18], [19].

The integration of these sensors into motorcycle specific ACC systems, which is known as
Motorcycle Adaptive Cruise Control (MACC), presents a unique set of challenges due to the dynamic
and unstable nature of two-wheeled vehicles [20], [21]. Unlike automobiles, motorcycles exhibit
nonlinear behaviors including lean angles, variable rider posture, and higher sensitivity to external
and environmental disturbances [22], [23]. Therefore, the development of reliable and effective
MACC systems necessitates advanced control strategies capable of accounting for these complexities
[24], [25]. Existing ACC and MACC studies have mainly adapted car-oriented control strategies and
perception architectures to motorcycles, often with important limitations. Many works rely on PID-
like longitudinal controllers and simplified linear models [26], [27]. which struggle to capture lean-
angle-dependent stability and fast transients in motorcycle dynamics. Other approaches employ
single-sensor configurations, typically radar-only, that are vulnerable to occlusions, false detections
in curves, and limited lane-awareness [12], [21]. Several MACC prototypes are validated only in
simplified conditions, such as constant-speed following or low-curvature roads [6], [9], leaving
performance under realistic rider-induced disturbances and nonlinear responses insufficiently
explored. These shortcomings motivate the need for a motorcycle-specific MACC framework that
explicitly handles nonlinear dynamics and perception uncertainty rather than only extending existing
automotive ACC strategies.

Historically, classical control approaches, particularly Proportional-Integral-Derivative (PID)
controllers, have long been employed in cruise control systems due to their simplicity and
effectiveness. PID controllers adjust vehicle speed by calculating the error between the desired and
actual states and applying corrective measures. In motorcycles, PID controllers are often tuned to
manage throttle and braking responses while preserving balance and rider comfort [26]. Despite their
widespread use, PID systems may struggle in highly dynamic environments or when confronted with
nonlinear vehicle responses [27].

To address these limitations, researchers have increasingly turned to Model Predictive Control
(MPC), which leverages a model of the vehicle's future behavior to optimize control actions over a
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finite time horizon [28], [29]. MPC anticipates changes in the environment, such as traffic
fluctuations or road curvature, and computes control inputs that minimize deviations from the desired
trajectory [30], [31]. Its predictive capabilities make MPC well-suited for motorcycle applications,
where rapid adjustments are necessary to maintain safety and stability [32].

However, applying MPC in MACC is not straightforward. Real-time implementation must
consider limited on-board computation, short sampling times imposed by fast motorcycle dynamics,
and uncertainties in the underlying vehicle model [24], [25]. At the same time, the perception system
must cope with sensor latency and noise to provide reliable state estimates to the controller [13],
[19]. This creates a coupled challenge: without robust perception, MPC may optimize on inaccurate
information, whereas without predictive and constraint-handling control, the system may fail to
exploit the full potential of sensor fusion in demanding maneuvers such as cut-ins, tight curves, and
rapid speed changes [33], [34]. Therefore, an integrated design that jointly considers motorcycle
dynamics, computational constraints, and multi-sensor perception is essential for achieving reliable
MACC performance.

Intelligent control systems, including Fuzzy Logic Controllers (FL.Cs) and Reinforcement
Learning (RL) algorithms, further advance the capabilities of MACC. Fuzzy logic introduces human-
like reasoning to control systems, enabling accurate decisions under uncertainty. This is particularly
beneficial in motorcycle applications, where precise numerical models may not fully capture real-
world riding conditions [35], [36]. Fuzzy controllers interpret ambiguous or imprecise inputs, such
as varying rider behavior or uneven road surfaces, and deliver smooth, adaptive control outputs [33],
[37]. Reinforcement learning, on the other hand, allows systems to learn optimal control policies by
interacting with the environment. Through continuous feedback, RL-based controllers can adapt and
improve over time, even in unstructured or rapidly changing scenarios [38], [39]. These intelligent
systems are pivotal in pushing MACC toward true autonomy.

Machine learning, especially deep learning, has also played a transformative role in modern
ACC systems. Neural networks trained on large datasets can recognize complex patterns in sensor
inputs and infer appropriate control outputs [13], [40]. In the context of ADAS, machine learning
algorithms enhance functionalities such as object recognition, pedestrian detection, and traffic
prediction [41], [42]. For motorcycles, the use of deep learning opens new possibilities for rider-
assist features that account for context-aware decision-making and adaptive responses in congested
or unpredictable environments [43], [34].

Another emerging advancement is Cooperative Adaptive Cruise Control (CACC), which
expands traditional ACC by enabling communication between vehicles through vehicle-to-vehicle
(V2V) and vehicle-to-infrastructure (V2I) technologies [44]. CACC allows groups of vehicles to
coordinate their speed, acceleration, and braking patterns, promoting smoother traffic flow and
reducing congestion [45]. Although still in early development stages for motorcycles, CACC shows
promise in enhancing road safety and operational efficiency in urban mobility systems [46].
Cooperative frameworks could eventually support motorcycle platooning, improved intersection
management, and shared data on road conditions [47], [48].

Robust control strategies remain an essential element in ensuring system reliability across a
wide range of operating conditions [49]. These approaches are designed to tolerate model
inaccuracies, external disturbances, and sensor noise [50]. For MACC, robust control ensures that
safety margins are maintained even when the vehicle encounters slippery surfaces, sudden obstacles,
or rapid changes in rider input [51]. Studies have shown that incorporating robust design principles
leads to systems that are not only safer but also more adaptable to real-world conditions [52], [53].

Sensor fusion techniques are integral to the reliability and accuracy of MACC systems. By
combining data from multiple sensors, such as radar, lidar, cameras, and ultrasonic devices,
integrated with fusion algorithms, reduces uncertainty and produces a cohesive understanding of the
vehicle's surroundings [54], [55]. This integrated perception system improves decision-making
accuracy and supports features like autonomous emergency braking, lane-keeping assistance, and
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blind-spot monitoring [56]. As sensor technologies continue to evolve, so too will the fidelity and
responsiveness of MACC and related ADAS functions.

Developing effective MACC systems involves more than just applying automotive technologies
to motorcycles. It requires a deep understanding of motorcycle dynamics, rider behavior, and human-
machine interaction [57], [58]. Adaptive control methods tailored for motorcycle-specific conditions
must be sensitive to factors such as lean angle, road camber, and rider intent [59], [60]. Personalized
ADAS features such as intelligent headlight orientation, posture-based braking assist, and rider
monitoring are crucial to ensuring not just functionality, but also rider trust and comfort [61]. These
innovations contribute to safer, more intuitive, and context-aware systems that better support the
unique demands of motorcyclists. In this context, there is still a clear gap between current MACC
implementations and the requirements of real-world motorcycle operation. Existing systems only
partially address the combined effects of nonlinear dynamics, perception uncertainty, and real-time
hardware limitations, especially when operating in complex traffic and curved-road scenarios [23],
[62]. Consequently, there is a need for an integrated MACC architecture that couples a predictive,
constraint-aware controller with a robust multi-sensor perception layer specifically tailored to
motorcycles. Therefore, this study develops and evaluates a Motorcycle Adaptive Cruise Control
system based on Model Predictive Control and integrated radar-vision sensor fusion, implemented
and tested in realistic simulation scenarios. The research contribution is the formulation and
assessment of an MPC-based MACC framework that (i) explicitly considers motorcycle-specific
dynamic characteristics, (ii) leverages fused radar-camera perception to improve object detection and
spacing control, and (iii) analyzes performance across representative highway and mixed-traffic
conditions to evaluate real-time applicability on electric motorcycles. Such a unified approach has
not been sufficiently addressed in prior motorcycle automation research.

2. MACC System Development Framework

MACC system design includes a design process with software and control algorithms
cooperating to enable intelligent decision-making. System architecture is applied through front radar
sensors, multi-purpose cameras, and ultrasonic sensors to monitor the surroundings of the motorcycle
and execute optimal control actions. The Model Predictive Control (MPC) algorithm is the central
tool in this framework, dynamically adjusting speed and spacing according to real-time
environmental parameters and conditions, ensuring a safe and efficient operation.

The overall research procedure is summarised in the MACC system development flow shown
in Fig. 1. Vehicle and environmental data are first collected from GPS, multi-purpose camera,
ultrasonic sensors, and radar. These signals are then passed to the planning, decision, and control
unit, which selects the current driving condition (ramp, curve, or straight segment) and the
appropriate control mode (distance control or speed control). Finally, the actuator control layer
applies the computed brake and drive commands using the brake system model and engine/drive
model. In this framework, vehicle and environmental information is sequentially sensed, processed
by the control unit, and executed through the actuator layer to realise the MACC functionality.

2.1. System Architecture and Components

The MACC system is an intelligent framework composed of three integrated components:
sensors, a control unit, and actuators, which work together to enhance rider safety and stability. Overall
architecture of the system is represented in Fig. 1. Sensors like radar, lidar, and cameras serve as the
system's perceptual layer, which continuously monitors the riding environment. They capture critical
data on relative speed, distance to nearby vehicles, and lane geometry, providing the foundational
input for decision-making. This sensory layer enables the system to perceive and interpret dynamic
traffic conditions in real time.

Functioning as the system's computational core, the control unit processes sensor data in real time
using sophisticated algorithms. It evaluates parameters such as acceleration, motorcycle dynamics,
and the relative position of surrounding vehicles to compute precise throttle and braking adjustments.
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This intelligent processing ensures optimal actions, whether maintaining a driver-set speed or
adjusting to maintain a safe following distance.

Actuators form the system execution mechanism, translating control-unit commands into
physical actions. During braking interventions or speed adjustments, the actuators interface directly
with the motorcycle's throttle and braking systems. This closed-loop interaction between sensing,
confrol, and actuation ensures stable and responsive system behaviour while maintaining rider comfort
and safety. For system simulation, a MATLAB Simulink model was developed with dynamic
interactions between the MACC system and outside parameters such as traffic and road conditions.
The model constantly optimizes ACC performance in diverse conditions, checking its responsiveness
and adaptability.
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Fig. 1. System architecture and components block diagram

2.2. ACC System Control Architecture with Adaptability to Multiple Working Conditions

Adaptive Cruise Control (ACC), as an active safety system, is able to autonomously adjust the
brake and acceleration of a vehicle. The system is activated using a button on the steering wheel and
can be deactivated by braking input from the driver or another specific button. The primary role of the
ACC system is continuous moniforing of surrounding vehicles and road objects to ensure safe and
comfortable driving.

Driver-customisable settings, such as following distance, speed mode (e.g., economy or comfort
mode), and integration with road-related information, including speed limits, curvature, and accident
zones, are employed to dynamically determine vehicle speed. A comprehensive simulation of the ACC
system is implemented in the MATLAB Simulink platform, incorporating detailed dynamic couplings
within and outside the system. The simulation framework allows systematic evaluation of ACC
performance under varying traffic and road conditions.

2.3. Model Predictive Control Method (MPC) For Enhancing Vehicle Safety

The motorcycle-based ACC system enhances riding safety and comfort by automatically
adjusting speed and maintaining a safe distance from the preceding vehicle. A radar sensor measures
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the relative distance D,.,; and relative velocity V,.,; to the lead vehicle. Based on real-time data, the
control logic switches between two operating modes, as illustrated in Fig. 2.

® « Relative distance .
* Safe distance &
o9 — Vgiig
Speed Regulation

When D¢ 2 Dgqfe, the motorcycle tracks the driver-set speed Ve,

o Safe distance
e

Relative

. distance . .

istance Regulation
When Do, < Dy, the system switches to spacing mode maintaining

)

a minimum safe distance Dgq e

Fig. 2. Modes for adaptive cruise control

In speed regulation mode, the motorcycle travels at a speed set by the driver, denoted as V,;.
The ACC system aims to maintain this driver-set velocity unless safety constraints necessitate a switch
to another mode. When the relative distance D, is greater than or equal to the safe distance Dg4¢,.
the motorcycle tracks and maintains the velocity V.. In distance control mode, when the motorcycle
approaches the lead vehicle too closely, the ACC system shifts to spacing control mode. The primary
objective here is to maintain a safe following distance D, s, from the lead vehicle, ensuring collision
avoidance and comfortable spacing. If the measured distance D,.,; becomes less than D, ¢, the system
transitions into this spacing mode.

For the mode-switching logic, the ACC system continuously evaluates the appropriate operating
mode using real-time inputs from the radar sensor. The decision-making process follows clear rules
to ensure safety and performance. If the relative distance Dy = Dsqye , the system activates speed
control mode, prioritizing the maintenance of V... On the other hand, if Dspr, < D, the spacing
control mode becomes active to maintain a safe buffer from the lead vehicle. These rules allow the
ACC system to dynamically adapt based on the driving environment. The system switches seamlessly
between the two control modes according to the movement of the lead vehicle and radar feedback.
This real-time mode switching is required to ensure both a constant cruising speed and a safe following
distance, especially under varying traffic conditions.

2.4. Simulation Setup

A Simulink model simulates the lead vehicle and motorcycle dynamics. The lead car’s
acceleration follows a sine wave to emulate realistic driving fluctuations. The ACC System block
generates acceleration commands for the motorcycle in response.

The sample time T is set to 0.1 seconds, and the simulation runs for a total duration of 80 seconds.
This value provides a compromise between capturing the dominant longitudinal dynamics (time
constant 0.5 s in (1)) and keeping the computation feasible for real-time implementation, with several
control updates occurring within each dynamic time constant. The initial conditions are as follows:
the lead vehicle is positioned at 50 meters with a velocity of 25 m/s, while the motorcycle starts at 10
meters with a velocity of 20 m/s. These conditions represent a realistic highway-following scenario
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requiring speed adaptation and distance regulation. The relationship between acceleration and velocity
is modeled using the transfer function in (1):

1
G= s(0.5s + 1)
This first-order-plus-integrator model is a standard approximation for longitudinal vehicle
dynamics and captures the main behaviour of throttle/brake action on the velocity while avoiding

unnecessary model complexity. The ACC system is implemented using the Adaptive Cruise Control
System block in Simulink. It receives the driver-set velocity Vs, the desired time gap Ty, the

current motorcycle velocity Vp,otorcycie. and radar-measured inputs including the relative distance

D,¢; and the relative velocity V.. The output of the block is the desired acceleration for the
motorcycle. The safe distance Dy, ¢, is dynamically calculated based on the ego motorcycle’s velocity

using (2):

(1)

Dsa.fe = Ddefault + Tgap X Vego (2)

Here, Dgefaui: 18 the default standstill spacing, and Ty, is the desired time gap. For the simulation,
Tyap 1s set to 1.4 seconds and D, qy¢ 1S 10 meters. These values are consistent with typical time-
headway and standstill distances used in production ACC systems and provide a balance between
safety and traffic efficiency. The driver-set speed V., is specified as 30 m/s. In order to enforce
physical vehicle limits, the acceleration of the motorcycle is restricted between —3 m/s? and 2 m/s2.
Deceleration stronger than —3 m/s? and acceleration above 2 m/s? are generally perceived as
uncomfortable for riders in normal driving; therefore, these bounds approximate practical comfort and
safety limits. These limits are for physical realism and the safety of the motorcycle response. The
Adaptive Cruise Control System block in Simulink is also to the same effect; to ensure a common

reference, the same parameters should be used for the simulations; if not, the block configurations
should be updated.

3. Implementing Path-Following Control with Model Predictive Control

The Path-Following Control (PFC) system utilizes an adaptive Model Predictive Control (MPC)
strategy to determine optimal control actions. It dynamically adjusts both the longitudinal acceleration
and front steering angle of the motorcycle to maintain adherence to the desired path while satisfying
a set of predefined constraints. These constraints include safe following distance, velocity limits, and
permissible ranges for acceleration and steering angles. Fig. 3 shows the high-level PFC block, where
set velocity, longitudinal velocity, curvature, lateral deviation, and relative yaw angle enter as inputs,
and the MPC outputs the commanded longitudinal acceleration and steering angle.

As illustrated in Fig. 3, the PFC block integrates the functionalities of the Lane Keeping Assist
System (LKAS) and Adaptive Cruise Control (ACC) system into a unified controller. This integrated
structure enables the controller to manage complex driving scenarios by leveraging the strengths of
both lateral and longitudinal control components. This integrated system enhances driving safety and
rider comfort by simultaneously managing lane-centering through LKAS and dynamic speed
regulation via ACC. While LKAS ensures the motorcycle remains centered within the lane, including
straight paths and curves, ACC dynamically adapts the vehicle’s speed to maintain a safe distance
from a lead vehicle under varying traffic conditions.

3.1. Mathematical Modelling of Path-Following Dynamics

In this path-following control approach, we integrate two state-space models: one for lane-
keeping control and another for adaptive cruise control (ACC). By integrating these models, we have
an integrated control strategy that addresses both the longitudinal and lateral dynamics of the vehicle.
The longitudinal dynamics in (3) illustrate how the ACC Model regulates the longitudinal motion of
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the motorcycle. Its input is longitudinal acceleration in (m/s?), and its output is longitudinal velocity
in (m/s). A time constant (1) is used in the model to represent the delay in acceleration response:

1 1
Agcc = [_; 1‘ ' Byce = I_] ' Cacc = [0 1], Dpec = 0 (3)
0 0 0
For the lateral dynamics, the lane-keeping model handles lateral velocity and yaw dynamics.
The input is the steering angle in (radians), and the outputs are lateral velocity (m/s) and yaw rate
(rad/s). The state-space representation is given in (4):

—2(Cp + Cg) —2(CpLp — CpLg) 7 1
mVy IV, — Vg m
Apine = . Biine = 2C
tine N —2(CpLlp — Colg) —2(CpLg® — CgLg?) Hne = S Le @
mV, I;V. | I
1 0 [0
CLine = [0 1]! DLine = _0]

In the motorcycle dynamics model V. represents the longitudinal velocity of the motorcycle.
This velocity begins at an initial condition and is updated in real-time according to the longitudinal
velocity input signal during the simulation. The total mass of the vehicle is denoted by m, and I,
symbolizes the yaw moment of inertia, which plays a critical role in the vehicle's rotational dynamics.
The parameters Ly and L represent the longitudinal distances from the center of gravity to the front
and rear tires, respectively, with L. corresponding to the front tires and Ly to the rear tires. The
cornering stiffness of the front tires is denoted by Cr, while Cy represents the cornering stiffness of
the rear tires. These stiffness parameters are essential in defining the lateral forces generated by the
tires during cornering maneuvers, significantly influencing the vehicle's handling characteristics.

——] St velocity

Langhudinal accelerasion

—¥ Longludinal velocky

—— Curvatune

— M Lateral deviation

Sieenng ange

— Relative yaw angle

Fig. 3. Path-following control simulink block diagram
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We merge both models to create a comprehensive path-following predictive model. The full
state-space model is formed by combining the two subsystems as shown in (5):

AACC 0 BACC 0 CACC 0
A[o Al B=10 Bl C[o .l
(5)
D— Dace 0]
0 D,

This integration supports a predictive control scheme capable of managing both lateral and
longitudinal movements concurrently.

3.2. MPC Cost Function and Constraints

The MPC controller is formulated to minimise a quadratic cost function over a prediction horizon
N,, as shown in (6):

Np

] = Z(II ey (k) 115, +ll eq(k) 15, +1 A8 (k) IR, +1I Aa(k) 113,) (6)
k=0

where e,, is the longitudinal velocity tracking error, e, is the spacing or path-deviation error, Aé is the
change in steering angle, and Aa is the change in longitudinal acceleration. The weighting matrices
Q,, and Q, prioritise accurate speed and path tracking, while R5 and R, penalise aggressive steering
and acceleration changes. Since Aa is proportional to jerk, the last term explicitly reduces high-
frequency throttle and brake actions, improving rider comfort. The optimisation is subject to actuator
and comfort constraints, as well as a lateral-acceleration constraint to avoid exceeding the stable lean-
angle range of the motorcycle, as shown in (7):

Amin < @(k) < Gmax | Aa(k) |< Aamax | 6(k) |< Omax

V. (k)?
ay(k) = R((k)) = Qymax = gtan (ﬁamax)' (7)

where V, is the longitudinal speed, R(k) is the instantaneous curvature radius, gis gravitational
acceleration, and @, ,¢1s the maximum allowable lean angle. By enforcing this bound, the controller
prevents path-following commands that would require excessive lean and hence risk loss of stability
during cornering. The prediction model used in the MPC corresponds to the combined longitudinal
and lateral state-space model defined in (3)-(5).

3.3. Simulation and Validation

The simulation framework begins with the integration of the path-following control system into
a comprehensive motorcycle dynamics model, as illustrated in Fig. 4. This model incorporates both
longitudinal and lateral control aspects while accounting for the complex interactions between vehicle
kinematics and environmental factors to ensure realistic simulation results. Fig. 4 provides the detailed
Simulink implementation, in which the MPC-based controller drives the motorcycle model and
receives feedback on pose, wheel forces, and yaw rate. It shows how the MPC-based controller, the
powertrain and driveline, and the 3-DOF motorcycle body model are interconnected: the controller
outputs steering angle and longitudinal acceleration, the motorcycle model returns pose and velocities,
and these states are fed back into the controller and used to compute performance indicators such as
path deviation and inter-vehicle distance.

The developed Simulink model, as shown in Fig. 5, enables extensive testing of the control
strategy's effectiveness and robustness across various driving scenarios. These simulations evaluate
system performance under a range of conditions, including straight segments of highway, curved
roads, varying densities of traffic, and different road geometries. Key performance parameters are
continually monitored during simulations, with particular focus on the accuracy of trajectory tracking,
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path deviation, time response to dynamic environment changes, and adherence to safety constraints
like maintaining appropriate following distances. Fig. 5 illustrates this setup: the lead-car block
generates position and velocity, the yellow ACC subsystem computes the desired longitudinal
acceleration based on V... T,qp. Dyep. and V. and the motorcycle block applies this acceleration to
update its position and speed.
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| ¥ a | M
Fectan [Tt e] N o [ L |
LR 1 , Erf ——
T "‘-=+_'-.u_: rin p——a—

Fig. 4. Simulink diagram for path-following control with MPC

Validation procedures involve comparing simulation results with empirical data collected from
real-world driving scenarios. This comparison verifies the simulation framework's accuracy in
replicating actual driving conditions and assesses the control strategy's effectiveness. Additional
sensitivity analyses examine system robustness by introducing perturbations to critical parameters,
including vehicle dynamics, sensor noise characteristics, and environmental variables. These tests
evaluate the system's resilience and adaptability under various operational conditions. Following
successful validation, the path-following control system becomes a candidate for further refinement
and potential real-world implementation. Future development efforts may focus on enhancing system
capabilities through improved control algorithms and integration of additional sensor modalities to
expand operational applicability across broader driving scenarios.

The Motorcycle Adaptive Cruise Control (MACC) system simulation employs a virtual model
incorporating Model Predictive Control (MPC) functionality, as depicted in Fig. 5. This model
accurately represents the MACC system by capturing the essential dynamic relationships and
interactions. The Simulink implementation includes multiple cooperating components and subsystems
that collectively realize the complete MACC functionality. The simulation framework also provides
fundamental equations governing system behavior, establishing a theoretical basis for understanding
system dynamics. Detailed parameter specifications for the MPC-controlled MACC system are
included to precisely define its operational characteristics.

3.4. Sensor Fusion Integrated With Model Predictive Control

The integrated system architecture is presented in Fig. 6, showing the complete integration of all
components. The system enhances driving safety and comfort through dynamic speed adjustment in
response to road conditions and surrounding vehicle behavior. Unlike conventional cruise control
systems that maintain fixed speeds, the Adaptive Cruise Control (ACC) system can automatically
decelerate when detecting slower-moving preceding vehicles, thereby maintaining safe following
distances. Critical to ACC operation is the accurate determination of lane curvature and the
identification of the immediate preceding vehicle. The implemented solution combines two key
subsystems: a sensor fusion system and an adaptive cruise control system.

Sensor data from radar and vision systems are combined to generate a reliable representation of
the surrounding environment. In the INPUT stage, raw detections are collected. In the TUNNING
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stage, sensor measurements are fused using a state estimator. In the OUTPUT stage, the fused object
states are provided to the MPC-based ACC and path-following controllers.
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The sensor fusion system integrates data from both vision and radar sensors to create a
comprehensive understanding of the driving environment, enabling effective ACC response to
dynamic road conditions and other vehicles' actions. This sensor fusion enhances lead-vehicle tracking
and lane estimation, particularly under curved roads and dynamic traffic scenarios. The integration of
sensor fusion with MPC improves system robustness and control performance, supporting safe and
adaptive motorcycle operation.

Table 1 presents the geometric, mass, and suspension parameters used in the motorcycle
dynamics model, adapted from the reference [62]. These parameters are essential for accurate
simulation of vehicle response during both path-following and ACC control operations.
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Table 1. Parameters for motorcycle modelling [62]

Geometry and mass Front and rear suspensions
Parameter Value Unit Parameter Value Unit
Wheelbase 14595 mm Kf 16 kN/m
Rake 23.7 deg Csr 074 kN-s/m
Front trail (positive) 112 mm  Front stroke 150 mm
Front wheel radius 316 mm Ko 80 kN/m
Rear wheel radius 316 mm Cer 234 kN-s/m
Rider mass 70 kg Rear stroke 57 mm
Sprung mass (with rider)  228.6 kg Kif 180 kN/m
Front unsprung mass 15 kg Kir 180 kN/m
Rear unsprung mass 18 kg

The control system implementation involved evaluation and selection of appropriate control
strategies, with the MPC-based controller chosen for its dynamic adaptation capabilities. Testing was
conducted using a closed-loop Simulink model (Fig. 5) with synthetic data generated by the
Automated Driving Toolbox, creating realistic scenarios including varying road curvatures and
vehicle maneuvers. Practical implementation considerations included configuration of software-in-
the-loop (SIL) simulation settings with automatic code generation for the control algorithm, enabling
comprehensive system validation in a simulated environment.

The ACC system dynamically adjusts motorcycle speed based on real-time road conditions and
preceding vehicle behavior. While the driver sets the desired speed, the system can automatically
reduce speed when encountering slower vehicles. Accurate determination of lane curvature and
identification of the lead vehicle are critical functions, particularly given the potential for vehicles to
enter or exit the lane. The sensor fusion system shown in Fig. 6 combines data from complementary
sensors: vision systems offer lateral position information and lane marking detection for the vehicle
position within the lane, while radar sensors offer precise range and range rate measurements for
distance and relative speed estimation. This combined data enhances tracking precision for vehicles
and lane geometry even in difficult conditions.

The MPC controller facilitates advanced control capabilities for an improved reaction to abrupt
environmental change. Considering future states and system constraints, the MPC approach
guarantees adequate safety distance while facilitating rapid maneuvers by other cars. Development
difficulties included accurate relative position and velocity estimation, which were addressed by
sensor fusion techniques utilizing a combination of vision and radar signals. Lane detection and
tracking rely to a great extent on vision sensors for estimating lateral position. The MPC controller's
constraint-handling and predictive capabilities proved particularly beneficial in responding safely to
aggressive maneuvers such as sudden lane changes by other vehicles. The integration of sensor fusion
with MPC-based ACC control has demonstrated performance improvements in curved road
navigation and dynamic traffic conditions. This technological foundation supports the ongoing
development of more autonomous and reliable motorcycle control systems.

4. Results and Discussion
4.1. Longitudinal Control Performance

The simulation results demonstrate the controller's effectiveness in maintaining both the desired
velocity set by the driver and a safe following distance from the lead vehicle across various driving
conditions. As shown in Fig. 7, during the initial 3-second phase, the motorcycle exhibits rapid
acceleration to reach the target velocity. The steep acceleration curve confirms the controller's
responsive handling of driver inputs.

Between 3 and 13 seconds in Fig. 8, the system demonstrates adaptive behavior as the lead
vehicle initiates gradual deceleration. The motorcycle correspondingly adjusts its speed while
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maintaining a safe inter-vehicle distance, as shown in Fig. 9. During this phase, the inter-vehicle gap
consistently remains above the computed safe distance threshold, confirming correct switching
between speed and distance regulation modes.
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From 13 to 25 seconds, the motorcycle sustains the rider-defined speed while responding to
further deceleration of the lead vehicle. The decreasing gap between vehicles in Fig. 9 illustrates the
controller’s ability to regulate proximity without violating safety constraints. The period between 25
and 45 seconds highlights the controller’s robustness under fluctuating lead-vehicle speeds, as
reflected in the stable velocity and distance profiles shown in Fig. 7, Fig. 8, Fig. 9. Between 45 and
56 seconds, with adequate spacing available, the controller prioritizes maintaining the set velocity
(refer to Fig. 8). The subsequent phase (56-76 seconds) replicates the earlier pattern of speed
adjustments, with the system consistently maintaining proper following distances (refer to Fig. 9).

Throughout the entire simulation, the MPC-based controller ensures that the real gap between
the motorcycle and the lead always exceeds the predetermined safe distance, while acceleration
remains within the comfort bounds of —3 m/s? to 2 m/s%.. When this gap is ample, the controller gives
priority to maintaining the velocity set by the rider. This behaviour showcases the controller’s success
in striking a balance between safety and adherence to the desired speed. The simulation analysis
indicates that the MPC-based controller efficiently regulates the motorcycle's speed and distance in
relation to the lead vehicle. Through dynamic adjustments of acceleration and deceleration rates, the
controller preserves both a secure following distance and the velocity set by the rider, thereby ensuring
optimal performance across diverse driving scenarios. Although similar velocity-tracking behavior
has been reported in car-based MPC ACC studies, the presented results address motorcycle-specific
challenges, including tighter safety margins, higher sensitivity to acceleration changes, and stronger
coupling between longitudinal control and rider comfort. This distinction underlines the novelty of
applying MPC-based ACC to two-wheeled platforms.

4.2. Path-Following Performance

The path-tracking performance of the MPC controller was evaluated through comprehensive
simulations. Fig. 10 presents the mesh plot of the 2-D lookup table correlating acceleration and
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velocity with throttle position, providing valuable insight into the controller's decision-making
process. The actual path-following performance is demonstrated in Fig. 11, which shows the
motorcycle's trajectory relative to the reference path generated from a skidpad track
configuration.
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Fig. 10. Mesh plot of 2-D lookup table for acceleration and velocity

The system achieved excellent tracking accuracy, maintaining deviations within 0.5 meters
during straight segments and 1.2 meters in curved sections. These deviation limits are consistent with
reported bounds in autonomous vehicle literature and are particularly notable given the inherent
instability and lean-dependent dynamics of motorcycles. These results meet the stringent requirements
for autonomous vehicle path following. The implementation of MPC successfully controlled both
lateral and longitudinal vehicle dynamics throughout complex manoeuvres, as evidenced by the
precise trajectory following shown in Fig. 11. The MPC formulation enables simultaneous
consideration of lateral and longitudinal dynamics, allowing the controller to respect steering,
acceleration, and stability constraints during complex maneuvers. Unlike car-based MPC path-
following studies, the controller here operates under lean-sensitive constraints, making direct
numerical comparison insufficient and reinforcing the motorcycle-specific contribution of this work.

MPC's effectiveness stems from its optimization-based approach, which solves a constrained
optimization problem at each time step to determine optimal control inputs. This enables real-time
adjustments while respecting the vehicle's dynamic constraints. The simulation results confirm the
controller's ability to maintain both trajectory accuracy and safety margins under various operating
conditions. While the MPC approach demonstrated excellent path-tracking performance, it does
present computational challenges. The need to solve optimization problems in real-time requires
careful consideration of the available onboard computational resources. This trade-off between
performance and computational demand represents an important implementation consideration for
practical applications.

4.3. Integrated Sensor Fusion System

The development and result of the MATLAB Simulink model designed for Adaptive Cruise
Control (ACC) using sensor fusion are intended to validate the performance of the ACC system under
various driving conditions, focusing on how sensor fusion enhances the system's decision-making.
The simulation model comprises two core subsystems, which are the ACC with Sensor Fusion and
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the Vehicle Scenario subsystem. This model integrates the first simulation, which uses Model
Predictive Control, with the second simulation, which is Path-Following Control. The ACC with
sensor fusion subsystem manages the motorcycle's longitudinal acceleration using a model predictive
control, while the vehicle scenarios subsystem simulates the motorcycle's motion and the surrounding
environment. These help in incorporating synthetic data generation for radar and vision sensors that
feed into the confrol subsystem.
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Fig. 11. Motorcycle position using path-following with MPC

The simulation parameters were initialized with a sample time of 0.1 seconds, and the road
curvature was set to 760 meters to ensure accurate real-world scenario representation. The vehicle
dynamics modeling incorporated comprehensive parameters, including a total mass of 228.6 kg, yaw
moment of inertia, and detailed tire characteristics. These parameters were essential for creating
realistic motorcycle behavior in the simulation environment. The control system utilized Model

Predictive Control with carefully tuned gains for velocity error, spacing error, and relative velocity to
ensure optimal performance.

The simulation results demonstrate the system's capability to handle complex traffic scenarios.
As shown in Fig. 12, the velocity profile exhibits smooth transitions during both acceleration and
deceleration phases. Initially, the motorcycle accelerates to 20 m/s. Since the first vehicle is far ahead,
the driver must accelerate to 22 m/s to activate the ACC. From 11 to 20 seconds, another car cuts into
the lane, becoming the new lead car. The motorcycle slows down to keep a safe distance. This action
is controlled by information from the sensor and enhanced by MPC integrated with sensor fusion.

From 20 to 34 seconds, as the car in front changes lanes, the motorcycle accelerates again to reach the
initial set speed.
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Fig. 13 illustrates the system's ability to maintain safe following distances, with the actual gap
consistently remaining above the calculated safe distance threshold. The acceleration profile in Fig.
14 confirms the system's ability to provide comfortable riding conditions, with all acceleration values
remaining within comfortable limits for motorcycle operation, indicating implicitly low jerk behavior
even though jerk is not explicitly measured.
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The vehicle coordinate view in Fig. 15 provides a comprehensive spatial visualization of the
motorcycle's position relative to other vehicles and road geometry, demonstrating the effectiveness of
the sensor fusion implementation. The integrated sensor fusion system successfully combines data
from multiple sensor modalities to enhance decision-making capabilities. This integration allows for
robust performance in challenging scenarios such as vehicle cut-ins and lane changes. The system
demonstrates particular effectiveness in maintaining smooth speed transitions while ensuring safety
margins are respected, as evidenced by the consistent maintenance of appropriate following distances

throughout all test scenarios.
— motoreycle :

1 15 Time (s) w0 15 3 5

.

=

Acceleration lmlszj

=
w

Fig. 14. Acceleration of motorcycle using sensor fusion

4.4. Validation And Future Directions

The performance of the MACC system was thoroughly tested and evaluated in various driving
environments (straight-line, with curve, and mixed traffic) through different simulations in MATLAB
Simulink®. Performance metrics such as trajectory deviation, response latency, and compliance with
safety constraints were systematically monitored throughout the testing process. Although the
available validation was conducted with simulated data, real-world experimental testing will be
involved in future development to further validate the performance of the controller. Simulation results
will be compared with real motorcycle behavior to enhance the reliability and operational confidence
of the system. The primary limitation of this study is its reliance on simulated data and synthetic sensor
models. Real-world effects such as sensor misalignment, actuator delays, and unmodeled disturbances
are not fully captured. Additionally, the computational feasibility of MPC on resource-constrained
embedded platforms is assumed but not experimentally verified.

Sensitivity analyses were performed to assess the system's robustness against parameter
variations, including sensor noise, model uncertainties, and environmental disturbances. These tests
confirmed the control system's adaptability and resilience under varying conditions. The successful
application of the MPC-based path following controller establishes a solid base for real-life
applications in autonomous motorcycle cases. Compared with prior MPC-based ACC studies focused
on four-wheeled vehicles, the present work addresses additional challenges inherent to motorcycles,
such as tighter stability margins, rider comfort sensitivity, and integrated lateral-longitudinal control.
While absolute tracking errors may appear similar, the operating constraints and control objectives
differ fundamentally. Future research directions will concentrate on three key areas: the
implementation of hardware-in-the-loop (HIL) testing to narrow the gap between simulation and
physical systems, the real-time computational efficiency optimization for improving the controller

Muiz Mahmud Zaim (Motorcycle Adaptive Cruise Control Using Model Predictive Control with Integrated Sensor
Fusion)



International Journal of Robotics and Control Systems
ISSN 2775-2658 3429
Vol. 5, No. 6, 2025, pp. 3413-3434

performance, and the multimodal sensor fusion development for advancing the environmental
perception and decision making. These advancements will further strengthen the system's applicability
in complex, real-world riding scenarios.
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Fig. 15. Vehicle coordinate’s view with sensor fusion in Simulink

5. Conclusion

The design of adaptive cruise control systems for motorcycles must address unique challenges
related to two-wheeled vehicle dynamics, stability constraints, perception reliability, and integrated
confrol strategies. This study demonstrates that an MPC-based control framework, combined with
sensor fusion, can effectively manage longitudinal speed regulation and lateral path-following for
motorcycles under diverse simulated traffic scenarios. Simulation results show consistent maintenance
of safe inter-vehicle distances, smooth acceleration profiles within comfort limits, and accurate path
tracking with lateral deviations remaining within 0.5 m on straight paths and 1.2 m on curved sections,
highlighting the feasibility of the proposed approach for motorcycle applications.

The main contribution of this work lies in the integration of longitudinal and lateral MPC control
with a sensor fusion framework tailored to motorcycle dynamics, rather than in absolute performance
improvements over car-based ACC systems. By accounting for tighter stability margins and two-
wheeled handling characteristics, the proposed system advances the state of the art in motorcycle
adaptive cruise control and provides a scalable control architecture applicable to other two-wheeled
platforms. The conclusions of this study are limited by the simulation-based validation framework.
While the results indicate robust performance under modeled conditions, real-world factors such as
sensor misalignment, actuator delays, environmental disturbances, and sensor failures are not fully
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captured. No claims are made regarding compliance with autonomous vehicle certification standards,
and experimental validation is required before real-world deployment. The computational demands of
MPC remain a key implementation challenge. Although a sampling time of 0.1 s was shown to be
sufficient in simulation, real-time deployment on resource-constrained motorcycle embedded systems
will require further optimization of prediction horizons, solver efficiency, and hardware integration.

Future work will focus on hardware-in-the-loop and on-road experimental validation,
optimization of real-time computational performance, and systematic extension of the sensor fusion
framework to include additional perception sources and fault-tolerant mechanisms. These efforts aim
to bridge the gap between simulation and real-world deployment, and to support the development of
reliable, scalable, and rider-centric adaptive cruise control systems for next-generation motorcycles.
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