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ABSTRACT

Active Suspension Systems (ASS) with control are gaining traction as researchers strive for optimal system
performance. They are significant in diverse commercial vehicle applications, catering to user demands.
This study employs the advanced Model Predictive Control (MPC) technique to enhance the smoothness
and safety of a half-car model. The simulation results showed the prowess of MPC controllers under varied
control force signal constraints, demonstrating superiority in curtailing vehicle chassis rotation angle and
speed by up to 46.93% and 43.34%, respectively. The controller was compared with an artificial neural
network controller utilizing only two state signals of the system, trained from MPC data, demonstrating
high accuracy with R reaching 0.97024 and mean squared error at 7.3557x10~. This study contributes to
the refinement of ASS by focusing on practical implementation and performance enhancement.

Keywords-active suspension system; model predictive control; machine learning; deep learning; artificial

neural networks; ride comfort; road holding

I.  INTRODUCTION

Active Suspension Systems (ASSs) enhance ride comfort,
handling, and vehicle stability by dynamically adjusting
components, counteracting chassis roll, and optimizing tire
contact with the road. ASSs in vehicles use advanced control
strategies such as Proportional-Integral-Derivative (PID),
Fuzzy Logic Network (FLC), and Linear Quadratic Regulator
(LQR) controllers to enhance system criteria. A PID controller
uses error feedback to adjust damping forces and maintain the
desired suspension response [1]. FLC can use linguistic
variables to handle uncertainties and variations in road
conditions [2], ensuring smoother ride adaptability. LQR
controllers optimize a quadratic cost function to balance ride
comfort and stability [3]. These control techniques enable an
ASS to continuously adapt and respond to changing road
conditions, ensuring optimal performance and safety while
providing passengers with a comfortable and controlled ride
experience. However, conventional controllers have limited
adaptability, struggle with complex systems, and require
manual tuning, whereas Model Predictive Control (MPC)
offers advanced control capabilities and robustness for complex
multivariable systems. This technique is highly effective,
seamlessly accommodates system nonlinearities, and excels in
diverse applications across industries due to its ability to handle
MIMO formulations, various physical restrictions, and multiple
objectives [4]. Several studies investigated active suspension
system control strategies in automobiles using ISO-based road
characteristics [5-7]. According to these simulations, MPC
greatly improves suspension performance and power demand

compared to LQR [8-9]. Semi-active vibration control
suspension systems use magnetorheological dampers to
improve automobile dynamics [10], specifically the quarter
vehicle's with semi-active suspension [11-15]. In [16],
constrained MPC formulation for longitudinal control and a
nonlinear MPC reduced computing cost. In [17], a Particle
Swarm-Optimization Model Predictive Controller (PSO-MPC)
was used to determine the best control actions. In [14], an
explicit MPC approach was presented to supervise the damping
force in semi-active vehicle suspensions, and an AFC-based
scheme was proposed to control active seat suspension in
heavy-duty vehicles. In [18], Parallel Quadratic Programming
(PQR), an iterative multiplication technique, was used to
address quadratic programming issues in a real-time MPC
model. In [19], the focus was on generalization, active
suspension test benches, and stability and robustness
conditions.

An Artificial Neural Network (ANN) is a powerful and
adaptive approach that can be applied effectively to improve
the performance of ASSs in vehicles by learning from real-time
sensor data and intelligently adjusting suspension components.
It effectively models complex relationships and improves ride
comfort, stability, and safety, reducing body roll, pitch, and
squat during maneuvers [20]. The multifaceted PSO approach
has been applied on quarter-car thorax and pelvis models,
demonstrating zero head acceleration, low sprung mass
acceleration, and equivalent road-holding qualities. In [21-22],
ANN models were constructed to accurately predict road
holding and ride comfort characteristics. Novel methods have
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been proposed for the development of automobile chassis
systems that approximate the correlations between design
factors and performance indices. In [23], the minimal
sensitivity approach was used to generate Pareto-optimal
alternatives and evaluate their robustness. Several simulations
showed that the B-spline neural network trajectory tracking
control architecture is capable of active disturbance
suppression [24-25], indicating that ANN, FLC, LQR, and PID
controllers are all capable of active disturbance suppression. In
[26], an intelligent control strategy for active truck suspensions
based on ANNs was presented, with the control arm of the
Macpherson suspension system being critical for a
comfortable, stable, and safe ride. In [27], a low-cost semi-
active car suspension system was presented, with a hydraulic
piston and throttle valve replacing passive conventional
suspension. In [28], an ANN control technique was used for
continuous damping control dampers in car suspension systems
to decrease the positional oscillation in road imperfections. In
[29], PSO was used for parameter optimization, showing an
84% decrease in iteration resources and a 48% improvement in
modeling accuracy for hydraulic adjustable dampers.

II. DESIGN CONTROLLERS FOR HALF-CAR MODEL

A. Vehicle Dynamic Modeling

Figure 1 presents a half-car model with 6 degrees of
freedom, simplified with the dynamics equations around the
equilibrium as follows:

Half-car model with ASS.

Fig. 1.
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B. Model Predictive Control for Active Suspension System

The MPC algorithm revolves around iteratively solving an
optimization problem at every time interval. The primary
objective is determining the optimal control inputs that
minimize a predefined cost function, ensuring adherence to
system dynamics and constraints across a finite prediction
horizon. This optimization process can be succinctly
represented in the following manner:

1) Objective Function

The proposed model seeks to minimize road hold and
comfort criteria for the half-car model. The objective function,
also known as the cost function, quantifies system performance
based on predicted system states and control inputs. This
function defines the goal of the control problem and can be
customized to meet specific requirements. The general form of
the cost function is:

] = 2lq (e, wge) + r(u)] ®)

where J is the total cost over the prediction horizon, g(x;, u;) is
the state cost with a function of the predicted system states x;
and control inputs u; at time step k, and r(u,) is the control cost
which consists of a function of the control inputs at time step k.

2) System Dynamics

The system dynamics, shown in Figure 2, are described by
a discrete-time model predicting state evolution over time
based on the current state x; and control inputs u;:

X1 = f O ug) ®)
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where x4, is the predicted state at the next time step (k+1),
and fis the state transition function that describes how the state
evolves based on the current state and control input.

constraints

Fig. 2. MPC architecture.

3) Constraints

The constraint is to limit the range of allowed controlled
force values to ASS to absorb the external vibration from the
road transferred to the vehicle. The constraints are defined as
follows:

g(x,u,) <0
h(xk) =0
where g(x;, u; ) is a vector of inequality constraint functions on

the states and control inputs, and A(x;) is a vector of inequality
constraint functions on the states.

C))

4) Optimization Problem

MPC aims to find the optimal control inputs that minimize
the cost function subject to the system dynamics and
constraints over the prediction horizon. The optimization
problem is formulated as follows:

minimize | = Y:[q(x, wy) + r(w)]
Xk+1 = f(xk'uk)
subjectto  glxy, u,) < 0
h(xk) =0

The optimization problem is solved each time step, taking
the current state of the system as an initial condition. The first
control input from the optimal solution is involved in the
system, and the procedure is repeated in the subsequent step,
effectively employing the receding horizon control. For these
proposed MPC models, the Sequential Quadratic Programming
(SQP) optimizer is used to define optimal control inputs. It
approximates nonlinear problems with quadratic subproblems,
linearizing the cost function and constraints at each step to
update control input 1. The process involves iteratively solving
these subproblems, aiming to converge to optimal control
inputs that satisfy system dynamics and constraints, ultimately
enhancing the MPC's ability to handle nonlinear and
constrained optimization tasks.

(10)

C. Artificial Neural Network for Active Suspension System

A standard ANN architecture for predicting dampers' acting
force includes input layers, interconnected hidden layers, and
an output layer, is shown in Figure 3. Input features x, at a
given time encompass relevant information, including past
observations from the half-car model with signals 6, and 6,.
These features are split into training, testing, and validation sets

(70-20-10) by trial-and-error, transforming weighted
connections and activation functions in hidden layers to make
predictions. The outputs of the 10 hidden layers at time ¢ are
expressed by:

ht = o(W,hiZ} + b)) (11)

Output

i B@ \7

[] I
® X
g n

Fig. 3. Construction of ANN controller for ASS.

In (11), h} signifies the output of the /™ hidden layer at time
t, W, denotes the weight matrix governing the connections,
h!Z1 represents the prior hidden layer's output at time #-1, b, is
the bias vector, and ¢ corresponds to the sigmoid activation
function. The ultimate output prediction y;,, is obtained by
applying the final hidden layer's output to the output layer to
observe the acting force F,rand F,, at ASS for the half-car:

Jerr = Wohp + b, (12)

where W, stands for the weight matrix associated with the
output layer, h, denotes the last hidden layer's output at time ¢,
and b, represents the bias term.

1 ~
MSE = ;Zivzl(yi -3) (13)
2 =1 _ Zim0iew)?
R =1 N i-9)? a4

where N is the number of samples, y; is the actual target value
of the ™ sample, 7, is the predicted target value of the i™
sample, and ¥ is the mean of the target values. The parameters
of the neural network, which include weights and biases, are
iteratively adjusted through the Bayesian regularization
backpropagation algorithm. This process aims to minimize the
disparity between the network's predicted value ¥;,,and the
actual observed value y;, ;. The model refines its weights and
biases through 156 successive iterations to enhance its
predictive accuracy by the Mean Squared Error (MSE) (13) at
7.3557x107 and R* = 0.97024 (14). Their ASS characteristics
are shown in Figure 4. Figure 4(c) shows the error histogram of
the ANN controller, demonstrating the distribution of errors
between predicted and actual values within the model
performance context. On the horizontal axis, various ranges are
displayed, while the vertical axis indicates the frequency of
data points within each error interval. This analysis highlights
that the error parameters related to the prediction of the ASS
control force fall mostly within the approximately + 45 N
range. This alignment with the prescribed constraints of the
mechanism strongly validates the feasibility of the proposed
approach.

III. SIMULATION RESULTS AND ANALYSIS

To assess and simulate the efficacy of the controllers in the
context of the ASS applied to a half-car model, the exogenous
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disturbance signals originating from the road profile were
assumed to be discretized step functions within the simulated
time domain. The computer configuration used in the
computation was an Intel® Core™ i7-11700F 64GB RAM,
NVIDIA GeForce 3080 RTX that trained ANN in 20 min. This
modeling approach allows for the analysis of controller
performance under realistic road conditions, as expressed by:

0 ift<1
Xep(8) = {O.l.et_l ift>1
_ 0 ift<1+delay

15)
X () = {0.1'et—1—delay if t =1+ delay
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Fig. 4.
model.

(a) MSE, (b) linear regression, and (c) error histogram of the ANN

Figure 5 shows the simulation results of the suggested
models under the influence of step pavement profile excitation,
with a rate of 1 s applied to the front suspension, 0.4 s to the
rear suspension, and valued at 0.1 m. The MPC model with a
control force limit of 2000 N is represented by the red dotted
line, while the MPCO model, constrained to a control force of
1500 N, is depicted by the blue dashed line. The solid black
line with star remarks depicts the results achieved through the
passive suspension model, while the green solid line denotes
the results achieved using the ANN controller.
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Fig. 5. Time response of chassis with exogenous disturbance:

(a) Displacement of chassis and its velocity due to time simulation,
(b) Comparing the chassis rotation and its velocity under different controllers.

Figure 5(a) shows a comparison of the chassis attributes,
contrasting the use of the ASS system with MPC and ANN
controllers against the passive suspension model. It is evident
that by increasing the constraint on the damping control force,
the performance of the MPC controller within the ASS model
exceeds that of the MPCO controller. Specifically, the reduction
in chassis speed is notable, with a decrease of 46% and 43% for
the MPC and MPCO controllers, respectively, compared to the
passive suspension model. Figure 5(b) shows that when
employing the ANN controller in the ASS system, a notable
reduction of 8.82% was achieved in the angular velocity of the
chassis, in stark comparison to the results exhibited by the
passive suspension model. Table I details the amplitude
reduction in the Root Mean Squared (RMS) values of the
signals compared to the passive suspension model.

The control forces employed in the ASS models are
showcased, contributing to the refinement of the proposed
model's smoothness and traction. In response to stepwise
excitation, controllers generate damping control forces to
mitigate detrimental vibrations that impact both the vehicle and
its occupants. These force magnitudes are strategically
determined to fulfill the criteria established for the constraint
conditions of the model, guided by the MPC control algorithm.
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The MPCO controller adheres to a control force threshold of
1500 N, while the MPC controller adheres to a limit of 2000 N,
as in [30-31]. The passive suspension model entirely depends
on traditional dampers lacking actuators, leading to a
simulation with a control force of 0 N. Figure 5 shows the
RMS error values for the X., X., 6. and @, of the models.
These observations reveal that the proposed suite of controllers
significantly contributes to advancing the controller's initial
objectives: vehicle comfort and road holding. Notably, the
RMS signals of the system employing the ANN controller
exhibit the most substantial reduction, succeeded by the MPC
controller and, ultimately, the MPCO controller. Therefore, in
an ideal scenario, the ANN controller optimally utilizes only
two measured sensor inputs, namely @, and @, harnessing the
acquired intelligence from the ASS model. This approach
effectively minimizes the sensor system expenses for the ASS
system while simultaneously maintaining the predetermined
objectives with a high precision level.

0.07357
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Fig. 6. RMS values of 6,,6,,X,, and X,.
TABLE L RMS REDUCTION OF FRONT/REAR WHEELS
AND INTERMEDIATE MASSES (%)
Model | X, X | X | Xuw | Xsf X | Xup | Xus
MPCO | 1424 | 36.07 | 12.79 | 43.17 | 11.32 | 4693 | 4.86 | 42.02
MPC | 14.38 | 36.18 | 12.84 | 43.34 | 11.24 | 4582 | 54 | 41.04
ANN | 11.05 | 2697 | 342 | 4.17 8.77 6.01 | 054 | 499

IV. CONCLUSION

This study aimed to improve vehicle movement smoothness
and safety using MPC controllers for a half-car model. The
controllers demonstrated adaptability to different conditions,
reducing chassis rotation by 46%. The ANN controller was
effective in training the ASS system with limited states,
achieving an R* of 0.97024 and an MSE of 7.3557x107.
However, directly measuring idealized states can be
challenging, prompting future investigations into state
estimation algorithms. The study lays the groundwork for
exploring deep learning models with unsupervised algorithms,
enhancing MPC models for accuracy in uncertain settings, and
conducting real-world experiments with disturbances and
uncertainties.
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