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Abstract: Aiming at the problem of system controller performance failure caused by improperly
setting the value of each weighting coefficient of the model predictive control (MPC), a fractional-
order MPC strategy with Takagi-Sugeno fuzzy optimization (T-SFO MPC) is proposed for a vehicle
active suspension system. Firstly, the fractional-order model predictive control framework for active
suspension systems is designed based on a 1/4 vehicle model. Then, we analyze the influence of
different weighting coefficients on the suspension performance and introduce the Takagi-Sugeno
fuzzy optimization theory to adaptively adjust the weighting coefficients of the fractional-order
MPC controller. Finally, the system responses of the T-SFO MPC, traditional MPC, linear quadratic
regulator (LQR), and passive suspension control are numerically analyzed under various road
conditions. Simulation results show that suspension response with the T-SFO MPC is significantly
improved compared with passive suspension control, traditional MPC control, and LQR control,
and the weight coefficients of the T-SFO MPC can be adaptively adjusted according to the dynamic
changes of suspension response. Compared with passive suspension, the root mean square (RMS)
value of the vertical acceleration of the T-SFO MPC under various roads decreased by a maximum of
37.97%, and the RMS value of suspension dynamic deflection and tire dynamic load decreased by a
maximum of 32.94% and 37.8%, respectively. These results validate that the proposed control method
can achieve coordinated optimization of vehicle comfort and handling stability.

Keywords: active suspension; model predictive control; Takagi-Sugeno fuzzy theory; fractional-order;
vehicle comfortable

1. Introduction

The vehicle suspension system transmits the forces and torques acting between the
wheels and the body, which effectively dampens vibrations caused by uneven road sur-
faces [1,2]. In the technological development of vehicle suspension systems, suspension
control methods mainly include passive control, semi-active, and active control [3], and
the application of advanced control theories to active suspension systems is generally
recognized as one of the effective ways to improve suspension performance. The active
suspension control method attenuates vehicle vibration by generating active force through
the actuating device, which can achieve optimal control effect and has been widely used in
various vehicle vibration control applications [4].

At present, many scholars in this field have carried out in-depth research on the design
of active suspension system controllers, such as optimal control, sliding mode control,
and reinforcement learning control, to realize the goal of improving vehicle comfort and
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handling stability of suspension systems [5]. Zhao et al. proposed a sliding model control
strategy based on a linear quadratic regulator, which uses a proportional integral sliding
mode controller to track the reference force and calculates the reference force in real time
by the linear quadratic regulator and force command planner [6]. Bai et al. designed a
robust optimal integral sliding mode control strategy based on the initial optimal controller,
which can achieve the optimal control objective and has good robustness to uncertain
parameters and external disturbances [7]. Liu et al. proposed a robust integral terminal
sliding mode control method, which can enable the system to converge quickly in a finite
time far from the equilibrium point and reduce the jitter phenomenon in traditional sliding
mode control [8]. Wang et al. proposed a control method that integrates deep reinforcement
learning while considering system characteristics, using an action delay mechanism and
hard constraint module to solve time delay and actuator dynamic constraint problems,
thus verifying that the method can effectively alleviate vehicle body vibration in the
low-frequency range [9]. Lee et al. designed a deep reinforcement learning controller
that selected a built-in algorithm adapted to suspension in deep reinforcement learning
to improve the convergence of training, thus verifying the optimal performance of the
controller in terms of ride comfort [10]. Although these intelligent control algorithms have
achieved significant results in the field of suspension control, it is difficult to effectively
handle some issues, such as multivariate constraints, high real-time requirements, and
model uncertainty.

Model predictive control (MPC) is a control strategy widely used in vehicle control
technology for addressing multi-variate constraints in the rolling time domain. MPC
strategies commonly used in the field of vehicle suspension can be mainly divided into
traditional MPC, distributed model predictive control (DMPC), nonlinear model predic-
tive control (NMPC), and explicit model predictive control (EMPC). Papadimitrakis et al.
proposed a road foresight MPC based on a radial basis function (RBF) model, which effec-
tively approximates the nonlinear behavior of the suspension system, thus improving the
performance of the linear MPC [11]. Zhang et al. proposed a fast DMPC method based on
multiple intelligences, which utilizes the RBF neural network to solve the partial differential
equations of rolling optimization, thereby improving the computational efficiency of the
algorithm [12]. Ricco et al. proposed two new real-time implicit NMPC formulas, the first
based on a pseudoinverse decoupling transformation for obtaining the damping force con-
tributions and the second using an inverse formulation to verify that the adaptable NMPC
configuration has the best performance in all simulation scenarios [13]. Li et al. proposed
an EMPC based on road preview, which transforms the control problem based on rolling
optimization into an explicit polyhedral system and improves the computational efficiency
of the control system through offline pre-calculation of control state relationships [14]. In
recent years, a new type of fractional order model predictive control has attracted attention.
Yaghini et al. designed a linear time-varying fractional order model predictive control
method and verified that the proposed method has significantly stable performance when
faced with multiple input constraints [15].

Although traditional MPC can effectively handle various variable constraints, it still
has certain limitations in dealing with changes in road conditions and complex models.
In this regard, some control methods have integrated the idea of variable time domain
and variable weights into the MPC control framework. The selection of these parameters
needs to be debugged and optimized according to the actual system [16]. Zhang et al.
proposed a novel path-tracking model predictive control strategy with Laguerre functions
and exponential weights, introducing a fitted orthogonal sequence composed of Laguerre
functions to reduce the massive optimization control parameters of MPC with longer
control ranges [17]. Batta et al. defined four interference curves, step, dual mode, the third
mock examination, and ISO8608 D-type curves, as the weight basis of the MPC process to
optimize each configuration file, which verified the effectiveness of MPC in reducing the
driver’s absorption power based on the multi-mode active suspension concept [18]. Sun
et al. proposed a model predictive thrust control method applied to the evaluation function
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of linear motors, which uses the evaluation function to select the optimal voltage vector and
applies it to the next control cycle to achieve faster speed dynamic response [19]. Dogruer
et al. proposed a fast-constrained model predictive control algorithm with orthogonal
Laguerre polynomials and used Laguerre polynomials to prove that the optimization
parameter set can be minimized, thus verifying that online optimization takes less time [20].

However, these papers only optimize the intrinsic parameters of MPC without consid-
ering the stability of the controller and whether the variable weights are suitable for the
quality of the system response. If the controller objective can adaptively adjust to changes
in various road conditions, then the optimal system response can be obtained. Accordingly,
this paper proposes a fractional-order MPC strategy of active suspension based on T-5
fuzzy variable weight. First, a 1/4 vehicle active suspension system model with two de-
grees of freedom is established in Section 2.1; the fractional-order model predictive control
framework for active suspension system is designed in Sections 2.2 and 2.3 to reduce
steady-state errors and enhance the stability of the controller. Second, to adaptively adjust
the weights of each control quantity in the controller according to different road conditions,
a fractional-order MPC strategy with Takagi-Sugeno fuzzy optimization (T-SFO MPC) is
proposed to achieve adaptive optimization of the weights in Section 3. Finally, simulation
analysis is carried out on random terrain and bumpy roads to verify the proposed T-SFO
MPC in Section 4.

2. Design of a Fractional-Order MPC Controller for Active Suspension
2.1. Dynamics Modeling for Active Suspension

To obtain the actual driving condition of the vehicle suspension, a 1/4 vehicle active
suspension model with two degrees of freedom is adopted directly [21,22], as shown in
Figure 1. According to existing modeling methods, the differential equation of motion for
the 1/4 vehicle suspension model is derived based on Newton’s second theorem, as shown
in Equation (1).

mbib + ks(Zb—Zw) + Cs (Zb — Zw) —u=0
S N B TR - (1)
MwZw + t(Zw Zr) ks (Zb ZW) Cs (Zb ZW) +u=0

where my, and m,, are the spring-loaded mass and unsprung mass of the vehicle, respec-
tively; ks, ky and cs are the suspension stiffness, tire stiffness, and suspension damping
coefficient, respectively; z;, and z, are the body and wheel displacements, respectively;
zy is the displacement of road excitation; u is the input control force for the vehicle
suspension system.

My

Az

Az,
Az

Figure 1. The 1/4 vehicle suspension system model.
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The input control force u of the vehicle suspension is taken as the input vector of the
system, and the system state vector Z and output vector Y are chosen as follows:

Z = [Zb Zw Zp— Zw Zw — Zr] ! )
g T .
Y=[% 2zb—2zw Zw—Z)

Then, the state space equation of the system model can be expressed as follows:
Z=AZ+BU+FW 3)
Y=Cz+DU '

where A is the input matrix of the state vector; B is the input matrix for the control force; F
is the input matrix for the road excitation; C is the output matrix of the state vector; D is the
output matrix of the control force; U is the input vector of the control force; W is the input
vector of road excitation.

Among them, the following is true:

_Cs Cs _ ks 0
My, My, My
A niis _nsis ko _ ke B [1 1 0 O}T
frn w W My Mw , — —_— - =
1 -1 0 0 Moo Mw
0 1 0 0
Bom om0
b b My, 1 T
C=1]0 0 1 0 ,D:[Wb 0 0]
0 0 0 1

2.2. Predictive Model of MPC

The principle of the MPC control algorithm of active suspension is shown in Figure 2.
It mainly consists of a discretized predictive model of active suspension, fractional control
objective function, and working constraints. The state equations obtained from Equation (3)
are continuous and cannot be used directly for MPC controller design. Therefore, the
approximate discretization of the system state space model using the forward Euler method
can be expressed as follows:

Z~Z(k+1)—Z(k)/T. (4)

where T denotes the sampling period. Then the discretized state space equation can be
expressed as follows:

LU (k) : ()

where A = [ +TA, B = TB, F = TF, and [ is the unit matrix of the corresponding
dimension; Z(k) € R is the state quantity at time moment k; U (k) € R™ is the control
input quantity at time moment k; W(k) € R™ is the road disturbance at time moment k;
Y, (k) € R™ is the control output quantity; Y. (k) € R is the constraint output quantity.
The output matrix and feedforward matrix of the discrete state space model are consistent
with the continuous time state space model.
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Figure 2. MPC control framework of active suspension.

The MPC strategy can deal with optimization problems with constraints in a finite
time domain. Taking the latest measurements of the system as the initial condition, define
the prediction step size and control step size as Ny, and N, respectively, where Nc < Np.
Based on the linear discrete-time state space Equation (5) of the 1/4 vehicle suspension
model and the latest measured state quantity Z(k), the control increment U(k), and the road
disturbance W(k) is derived in N, iterations to obtain the predicted state quantities and
control outputs for the N, steps. After optimizing the MPC controller and obtaining the
control input for step N, the first control input is applied to the suspension discrete system,
and the system performs control progress [23]. Define the sequence of predicted output
quantities Y (k), the sequence of predicted state quantities Z(k), the control input quantities
U(k), and the sequence of predicted external input perturbations W(k) for the system from
the k-moment to the future Np-steps, respectively, as follows:

V) L [Yp(k+11k) Yok+2[k) ... Yo(k+Nplk) ]". (6)
2(k) E [z(k+1k) Z(k+2]k) ... Z(k+Nplk) ]". @)
k) L [utk+1k) Uk+2k) ... Ulk+NJk) ] (8)
W) L [Wklk) Wk+1k) ... Wk+Np,—1[k) ] )

Then, the output state equation of the active suspension model for the future Ny, steps
at time moment k within the control step is as follows:

Y (k) = AZ(k) + BU(k) + EW (k). (10)
where .
A=|GA 25 Cod "
vAd A ... G -
[ C.B Dy, 0 ]
C,AB CpB 0
B= . )
Np—Nc ~ ~i—1~
~ ~Np—1~ ~ ~Np—2~ ~ 4 ¢
CobA B CyA B Dp+t L GaA B
L = 4 Np x (Nc+1)
CyF 0 .0
F= . .
~ ~Np—1l~n ~ ~Np—2~ ~
CoA F CyA F - GoF
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2.3. Fractional Objective Function of MPC

The MPC controller needs to make the system output error close to the reference
output while satisfying the constraints of the suspension system. The response values
of the suspension system, z;, z,, — zw, and zy — zr, should track the reference values as
closely as possible. Moreover, during the roll optimization process, the control quantity
U(k) and the road disturbance W(k) will have some interference with the system output
value, so the input force of the active suspension should not be changed too fast to avoid
overshooting of the controller. To solve the problem of interference in the system output
values, incremental control of the system inputs is introduced and used as a cost in the
performance metrics to generate smoother control inputs. In order to reduce steady-
state errors and enhance the stability of the controller, this paper effectively combines the
principle of the Griinwald—-Letnikov fractional order integral with the objective function of
model predictive control. When the state and output quantities of the system are given, the
incremental values of the system reference output and system control input are defined
as Yye(k) = AZoe(k) + FW(k), AU(k) = U (k) — U(k — 1), respectively, then the fractional
order objective function of MPC is shown in Equation (11).

NpT [ Ao 3 2
J =0 QY (D) ~ Vg (K] I +Por™” [RuU(BI +POr || RauAU(K)

P 1 R n 2 N.T 1 P o . (11)
= [ ¢RI W) ~ T ] [Fdt [ 9t PURUD + [ ReubU(K)|*)

Q = diag(Ql/ QZ/ Tty QNC/ Tty QNP)’ Qi = diag(‘h/ ’72/ q3)/i == 1/2/ te /Np' (12)
Ru = dmg(RO/ Rl/ RZ, te IRchl)/ R] - [Qu]/] - 1/2/ tee /NC - 1 (13)
RAu - diag(ROI R11R2, tt /RNC—l)/Rn = [un]/n == 1/2/ e /NC -1 (14)

where Q is the error weight matrix between the predicted output and the reference output;
Ry is the weight matrix of the controller control input; R, is the weight matrix of the
controller input incremental; ® and ¢ are the fractional order integral and derivative
notation, respectively; # and B denote the order of fractional-order integrals; g; is the
weight of vertical acceleration; g, is the weight of suspension dynamic deflection; g3 is the
weight of tire dynamic deformation; g, is the weight of control input; ga, is the weight of
control input incremental.

Then, the fractional objective function of Equation (11) can be discretized using the
method described in [24,25] as follows:

A

Jro = [|QU(T, a1) [Y (k) — Yeet (k)] ||* + [ RuL (T, a2)U (k) |* + | RauD (T, a2) AU (K) ||

= . , S\ , . (15)
= QY (k) — Vet ()] ||” + [[RaU(K)|| + [|[RauU(K)||
where o o L
Q - QF(T,D(]), Ru - RuF(T/ IXZ)/ RAu = RAUF(T/ ‘XZ)' (16)
(T, a1) = T“ldiag(XNp,XNp_1,. ..,Xl,XO), (T, az) = T*diag(Xne, Xne—1, - - -, X1, Xo).- 17)

with X; = w;'xj — w(ﬁHH)’ S=Npforj=1,5= Nc forj=2and w;“j can be obtained

as follows:

T—a\ —wiq .
(1— ia’)wiall i>0
—

wp =491 i=0- (18)
0 1<0
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The quadratic programming problem is the key to solving the MPC optimization
problem, so the objective Function (15) needs to be rewritten in standard quadratic form.
Define the reference state Z.¢(k) at moment k; then, the system output error is as follows:

A ~

Y(k) - lA/ref(k) = AZ(k) - AZref(k) + Bu(k) (19)
The fractional objective function can be rewritten as follows:

Jro = Ug(k)"HUs(K) + E() QE(K) +2GT Us(k). (20)
where E(k) & AZ(k) — AZys(k), Ug(k) & [U(k)  AUK)]", H = diag (BTQB + Ry, Rau),
and GT = [E(k)TQB 0}. The second term, E(k) QE(k), is determined by the state
quantity of the system and is not affected by the control quantity U¢(k). Therefore, the
controller can ignore it in the optimization calculation to obtain the new objective function

as follows:
Jro = Ug(k) " HUg (k) + 2GTUg(k). (21)

The MPC controller can handle constraints explicitly, and its closed-loop optimization
problems need to consider multiple constraint settings. There exist thresholds for the
control force inputs to the controller of the vehicle active suspension, which are defined to
be Umax and Umin. Then, the controller inputs are constrained to be as follows:

umin S u(k + l|k) S umaX/i = 1/2/ e /NC- (22)

Due to the limitation of the mechanical structure, the dynamic deflection of the sus-
pension should be constrained within the range of the working stroke to avoid the damper
hitting the limit block. The maximum working stroke of the damper can be defined as Ygws.

|Zb - Zw‘ < Yows. (23)

To ensure the driving safety and maneuvering stability of the vehicle, it is necessary to
ensure effective contact between the tires and the ground, and the dynamic load of the tires
should be less than the static load of the vehicle, to reduce the impact of the wheels and the
road surface, i.e., the following:

|k (zw — 2r)| < (mp + my)g. (24)
Therefore, the controller output constraint should be satisfied:
Ymin < Yc(k‘i‘i‘k) < Ymax/i: 1,2, /Np- (25)

The optimization problem of the MPC objective function under multiple constraints
can be described as a quadratic optimal programming problem that solves for the optimal
value, which can be expressed while satisfying the system constraints as follows:

uit Jor = Us(k)" HUg (k) +2GTUr(k).
s.t. umir1 S U(k + l‘k) S umax/i = 1/2/' T /Nc- (26)
Ymin S Yc(k+ l|k) S Ymax/ i= 1/2/‘ t /Np-

3. Fractional-Order MPC Strategy with Takagi—Sugeno Fuzzy Optimization

Compared with the traditional Mamdani fuzzy control, T-S fuzzy control is more
suitable for dealing with complex nonlinear systems. Its output is a clear value or a linear
function related to the input quantity, which can be directly applied to the controller and
has the advantages of faster operation speed and more accurate control [26-28]. Therefore,
to enhance the adaptive capability of working conditions during vehicle driving, the T-S
fuzzy method is adopted to adaptively optimize the weights of fractional order MPC.
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3.1. The Effect of Different Weights on Suspension Performance

Before designing the T-S fuzzy controller, the effect of MPC weighting coefficients
on suspension performance needs to be considered. For the 1/4 vehicle suspension, the
vertical acceleration, suspension dynamic deflection, and tire dynamic deformation are
usually considered as evaluation indicators for the vibration characteristics of the vehicle
suspension. Therefore, these three performance indicators are set in Equation (2) for output
observation and used to analyze the impact of different weights on suspension performance.

Combining Equations (1)-(26), the simulation of the active suspension system can
be executed. From Equations (11)—(14), the weighting coefficients affecting the suspen-
sion comfort are g1, 42, 43, qu and ga,, which act on the vertical acceleration, suspension
dynamic deflection, tire dynamic deformation, control input, and control input incremen-
tal, respectively. By analyzing the performance of the vehicle suspension system with
different weighting coefficients acting under the same operating conditions, the weighting
coefficients are coordinated to realize the optimal control of the controller, which provides
the key design guidance for the T-S fuzzy rule table. This paper uses a single control
variable method to study the impact of different weighting coefficients on suspension
performance. The adjustable range of each weighting coefficient in the simulation progress
is shown in Table 1. The suspension vibration simulation is conducted by controlling one
of the weighting coefficients to vary in a specified increment while keeping the remain-
ing weighting coefficients constant. In the control scenario, the initial constants for each
weighting coefficient are q; = 50,42 = 50,43 = 60, g4, = 0.01, and gay = 1.5. By calculating
the root mean square (RMS) values of suspension performance under different weight
coefficients, the effect of different weighting coefficients on suspension performance is
shown in Figures 3-5, and the values of each weight coefficient are uniformly scaled within
the horizontal coordinate range.

Table 1. Adjustable range for each weighting coefficient.

Parameter Value
The weight of vertical acceleration g1 10:20:190
The weight of suspension dynamic deflection 4, 50:150:1400
The weight of tire dynamic deformation g3 10:25:235
The weight of control input gy 0.01
The weight of control input incremental gay 0.3:0.3:3
o 028} O—g, —h—q;
wn
g =g, =4y,
£
g
£ 021}
) L =he e
Q
o
<
<
2
= 0.14F .
>
Gy
S
2
=
007} ]
0 20 40 60 80 100
Weighting coefficient

Figure 3. RMS value of vertical acceleration under different weighting coefficients.
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£
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S 0.020F
2

g

5.

©

= 0.016}
=

:

Z
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<2 0.012f
o

:
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Figure 4. RMS value of suspension dynamic deflection under different weighting coefficients.

—O—q,—4—q,
0.0016

0.0012

0.0008

RMS of tire dynamic deformation/m

0.0004 L L L L
0 20 40 60 80 100

Weighting coefficient

Figure 5. RMS value of tire dynamic deformation under different weighting coefficients.

As can be seen from Figures 3-5, the RMS values of vertical acceleration and tire
dynamic deformation rapidly decrease with the increase in q;, while the RMS value of
suspension dynamic deflection shows a slow changing trend of first decreasing and then
increasing. Although a larger g; can make the vertical acceleration and tire dynamic de-
formation improved greatly, the optimization effect of the vehicle suspension dynamic
deflection has been greatly reduced. The reason is that a larger g; is not sensitive to im-
proving the suspension dynamic deflection, while a smaller g1 cannot effectively improve
the vertical acceleration and tire dynamic deformation. Therefore, only changing g; cannot
satisfy the requirement of vehicle suspension to improve comfort and needs to be coordi-
nated with other weighting coefficients. If the weighting coefficient g; is too large, there
is a gradual increase in the three performance indicators at this time, and this will cause
a significant decrease in the performance of the controller. When g, is small, the three
performance indicators have been greatly reduced, and the controller control effect has
been improved to some extent. Therefore, it is necessary to control 4 in a small range to
avoid a performance deterioration in the control effect of the controller. Smaller weighting
coefficients g, can lead to significant improvements in the vertical acceleration and tire
dynamic deformation, but the optimal range of control input increment for suspension
dynamic deflection is within a relatively small weight range. Too large a qa, will result
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in poor control performance. Therefore, it needs to be controlled within an appropriate
weight range to adjust the control effect on the three performance indexes.

3.2. Establishment of Takagi-Sugeno Fuzzy Optimization

From the above analysis results, it can be seen that the control system is susceptible
to vertical acceleration and suspension dynamic deflection. So, the vertical acceleration
tracking error e(Zp,) and the suspension dynamic deflection tracking error e(z,, — zy ) are
set as the fuzzy control inputs in the T-S fuzzy optimization, and the fuzzy outputs in the
T-S fuzzy optimization are the values of 41, 42, 43, and ga,. The domain of the T-S fuzzy
input variable e(Z,) is set to [-1.2, 1.2] and the domain of the input domain e(z, — zw)
is set to [—0.085, 0.085]. The fuzzy subsets of the input variables are set to five, which
are {VL (negative large), L (negative small), M (medium), H (positive small), and VH
(positive large)}, and the triangular affiliation function is used for both input variables. In
the T-S fuzzy optimization theory, the fuzzy inputs and the output variables have a linear
relationship, and the relationship can be described as follows:

Ri : If e(éb) = Ai and E(Zb - ZW) = Ai.

theny = p @7

where R; is the ith fuzzy rule, i = 1,2,--- ,n; y is the ith output variable; p is the corre-
sponding fuzzy value; A; is a certain fuzzy subset of the ith fuzzy rule.

The T-S fuzzy rules are detailed in Tables 2-5. The domains of fuzzy controller output
variables Pq,s Pays Pays and pq A, are set to [0, 1], and the following equation expresses the
relationship between the different weighting coefficients and fuzzy control output variables.

= pqlqlgain
92 = ququam
73 = Pq3q3gain
gau = Pay, unga'm

(28)

where g1gain = 50, T2gain = 50, q3gain = 60, and gaygain = 1.5.

Table 2. Fuzzy rule for output variable pg, .

( ) e(%b)
e(zp,—z
b VL L M H VH
VL 0.66 0.55 0.28 0.55 0.66
L 0.85 0.55 0.28 0.55 0.85
M 0.98 0.66 0.55 0.66 0.98
H 0.85 0.55 0.28 0.55 0.85
VH 0.66 0.55 0.28 0.55 0.66
Table 3. Fuzzy rule for output variable pg, .
e(.Zlib)
e(zp—zw)
VL L M H VH
VL 0.75 0.35 0.23 0.35 0.75
L 0.94 0.75 0.35 0.75 0.94
M 0.94 0.94 0.35 0.94 0.94
H 0.94 0.75 0.35 0.75 0.94

VH 0.75 0.35 0.23 0.35 0.75
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Table 4. Fuzzy rule for output variable pq,.

e(ib)
e(zp—zw)
VL L M H VH
VL 0 0.25 0.53 0.25 0
L 0 0.25 0.53 0.25 0
M 0.25 0.53 0.89 0.53 0.25
H 0 0.25 0.53 0.25 0
VH 0 0.25 0.53 0.25 0
Table 5. Fuzzy rule for output variable pq, .
e(ib)
e(zp—zw)
VL L M H VH
VL 0.58 0.58 0.4 0.58 0.58
L 0.4 0.4 0.3 0.4 0.4
M 0.4 0.3 0.3 0.3 0.4
H 0.4 0.4 0.3 0.4 0.4
VH 0.58 0.58 0.4 0.58 0.58

3.3. Design of T-SFO MPC

By designing the fuzzy optimization rules, the relationship between the fuzzy outputs
of the controller and the performance indicators of vehicle suspension can be determined.
When the vertical acceleration and tire dynamic deformation are reduced, g1 can be ap-
propriately reduced, while g,, 43, and ga, can be appropriately increased. When the
vertical acceleration, suspension dynamic deflection, and tire dynamic deformation are
increased, g1 can be appropriately increased, while g,, g3, and ga, can be appropriately
reduced. So, the establishment of T-S fuzzy variable-weight adaptive control with comfort,
maneuvering stability, and adaptability, and its control structure, are shown in Figure 6.

Tracking error of vehicle acceleration ’—> R
T-S Fuzzy controler

Tracking error of suspension dynamic deflection ’—>

e .
Reference ref
>

Y,

ref

P Fractional MPC controler &

Reference system error

U(k) Control input
\

Y(k) . Road disturbance
Suspension system <&

System output

Figure 6. Design of T-SFO MPC.

4. Simulation Result

To verify the effectiveness of the T-SFO MPC control strategy, the vehicle suspension
system is analyzed by numerical simulation. After manual debugging based on previous
work experience [2], the selected parameters of the vehicle suspension system are used in
Sections 2.1 and 2.2, as shown in Table 6. The selected MPC controller parameters are used
in Section 2.3, as shown in Table 7.
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Table 6. Vehicle suspension parameter.

Parameter Value
Spring loaded mass m, /(kg) 390
Unsprung mass iy, / (kg) 40
Tire stiffness ki / (N~m_1) 185,000
Suspension stiffness ks / (N-m~1) 19,500
Suspension damping cs/(N-s-m~1) 1900
Table 7. MPC controller parameter.
Parameter Value
Prediction step (Np)/control step (N.) 10/2
Sampling time/(s) 0.01
Control constraints/(N) U <3000|
Constraint of suspension dynamic deflection/(m) zp — zw <|0.06]
Constraint of tire dynamic load/(N) ki(zw — zr) <|4300|

Firstly, two different road excitations are established as an input state for the simulation
scenarios of the suspension system. Then, to compare the control effect, passive suspension
without control input in Section 2.1 is applied, the traditional MPC strategy in Section 2.3
and the T-SFO MPC strategy in Section 3 are used to control the active suspension system,
and the controlled suspension response can be obtained. Finally, the vertical acceleration
Zp, suspension dynamic deflection zp, — zy, and tire dynamic load k¢(z,, — z,) are taken
as the output state and evaluation indexes of the suspension response. The suspension
responses under passive suspension control, traditional MPC control, linear quadratic
regulator (LQR) control, and T-SFO MPC control are compared and analyzed.

4.1. Random Terrain Road

Random terrain road using Gaussian white noise to simulate the road excitation,
setting the white noise power as 1, the sampling time as 0.005 s, and the road unevenness
coefficient as 6.4 x 107> m3. The simulation can be obtained as the random terrain road

excitation, as shown in Figure 7.

0.2F

0.1

Random terrain/m

0 5 10 15 20 25 30 35
Time/s

Figure 7. Random terrain road.

Simulation results of four different control strategies on the response of suspension
systems under random terrain are shown in Figure 8, and the variation curves of four
weighting coefficients using the T-S fuzzy optimization strategy are shown in Figure 9.
The RMS values of vertical acceleration, suspension dynamic deflection, and tire dynamic
load for the vehicle suspension system with four different control strategies are shown in

Table 8.
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Figure 8. Vehicle suspension response under random terrain. (a) Vertical acceleration; (b) suspension

dynamic deflection; (c) tire dynamic load.

Table 8. The RMS values of suspension response under random terrain road.

Control Strategy

RMS(zp)/m:s=2  RMS(zp—zw)/m  RMS [ki(zw—z1)I/N

Passive
LQR
(Compared to passive)
MPC
(Compared to passive)
T-SFO MPC
(Compared to passive)

0.2739 0.0170 316.83
0.2499 0.0150 282.61
(1 8.76%) (1 11.76%) (1 10.80%)
0.1988 0.0127 230.30
(1 27.42%) (1 25.29%) (1 27.31%)
0.1699 0.0114 197.07
(1 37.97%) (1 32.94%) (1 37.80%)

As shown in Figure 8, the peak values of vertical acceleration, suspension dynamic
deflection, and tire dynamic load under the T-SFO MPC control are lower than those of
the other control strategies. Meanwhile, it can be seen that the T-SFO MPC control is more
adaptive compared to other controls when the vehicle is traveling on random terrain. There-
fore, the active suspension under the T-SFO MPC control can effectively suppress the body
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sagging vibration caused by the road surface unevenness and mitigate the high-frequency
impact of the suspension system on the body sagging upward. Moreover, compared with
the traditional MPC control, the T-SFO MPC control can effectively reduce the suspension
dynamic deflection while ensuring comfort is not affected, avoiding excessive amplitude
that may cause the vehicle to roll and sway. In addition, as shown in Figure 9, it can be seen
that each weight coefficient increases in the later stage compared to the previous stage. The
weight coefficient adjustment of suspension performance is significantly higher than that
of control variable weight coefficients, thus achieving the optimal suspension performance.
This proves that the proposed control strategy can automatically adjust weight coefficients
based on suspension response to adapt to deteriorating vehicle performance. As shown
in Table 8, compared with the passive suspension, the RMS values of vertical acceleration,
suspension dynamic deflection, and tire dynamic load are reduced by 37.97%, 32.94%, and
37.80%, respectively, for the suspension system under the T-SFO MPC control. Compared
with the traditional MPC control, the RMS values of vertical acceleration, suspension
dynamic deflection, and tire dynamic load of the suspension system are also reduced by
14.54%, 10.24%, and 14.43%, respectively. Therefore, under the excitation of random terrain
road, the control effect of the T-SFO MPC control strategy can significantly improve the
vehicle ride’s comfort and ensure the vehicle’s maneuvering stability.

30 40
— o
N S
8 28 g 35
i 2
S = 30
2 26 2
(9] (9]
o0 80 25
=
E 24 g
& 520
[} [}
22F
2 R
0 5 10 15 20 25 30 35 0 5 10 15 20 25 30 35
Time/s Time/s
(a) (b)
= 36 5 0.68
g4 g
Q k3
£ 40 & 0.64
3 3
o 159
op 32 o0
g =)
g -5 0.60
& 24 )
5 5
Z 16 =
0.56
0 5 10 15 20 25 30 35 0 5 10 15 20 25 30 35
Time/s Time/s

(c) (d)
Figure 9. Variation curves of weighting coefficients under random terrain. (a) q1; (b) g,; (c) g3;
(d) gau-

4.2. Bump Road

To further verify the adaptive performance of the T-SFO MPC control, a bump road is
set on a section of smooth road, and the mathematical model of the bump road is established
with a sinusoidal function, which is expressed as follows:

i(1—c0527w11f) o<t<h
zy =4 ? hoprs T m (29)
0 (> b

7

where Hj is the bump road height, H;y = 0.07 m; v1 is the speed of the vehicle traveling on
the bumpy road, v; = 20 km/h; L; is the length of the bumpy pavement, and L; = 0.8 m.
The bump road input excitation obtained from the simulation is shown in Figure 10.
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Figure 10. Bump road.

Simulation results of four different control strategies on the response of suspension
systems under bumpy road are shown in Figure 11, and the variations of each weighting
coefficient under the T-S fuzzy optimization strategy are shown in Figure 12. The RMS
values of vertical acceleration, suspension dynamic deflection, and tire dynamic load for
the vehicle suspension under four different control strategies are shown in Table 9.
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Figure 11. Vehicle suspension response under bump road. (a) Vertical acceleration; (b) suspension
dynamic deflection; (c) tire dynamic load.
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Table 9. The RMS values of suspension response under bump road.

Control Strategy RMS(z},)/m-s—2 RMS(z;,—zw)/m  RMS [ki(zw—z1)l/IN

Passive 0.3185 0.0196 364.98

LOR 0.3035 0.0180 339.62
(Compared to passive) { 4.71%) { 8.16%) (J 6.95%)

MPC 0.2536 0.0159 289.92
(Compared to passive) (4 20.38%) ({ 18.88%) ({ 20.57%)

T-SFO MPC 0.2223 0.0147 253.71
(Compared to passive) ({ 30.20%) ({ 25.00%) (J 30.49%)

As shown in Figure 11, when the vehicle passes through the bumpy road, all the
response peaks of the active suspension under the three control strategies are effectively
suppressed, among which the oscillations under the T-SFO MPC control are the fastest to
decay, and its vibration-damping effect is better than the remaining three control strate-
gies. As shown in Figure 12, when driving on a bumpy road, the weight coefficients are
continuously adaptively adjusted, and, when driving on a flat road, they begin to become
stable. As shown in Table 9, the suspension system under the T-SFO MPC control reduces
the vertical acceleration, suspension dynamic deflection, and tire dynamic load by 30.20%,
25.00%, and 30.49%, respectively, compared to the passive suspension. The RMS values
of vertical acceleration, suspension dynamic deflection, and tire dynamic load of the sus-
pension system are reduced by 12.34%, 7.55%, and 12.49%, respectively, as compared to
the traditional MPC control. These processes demonstrate that weight coefficients can be
effectively optimized by the T-S fuzzy strategy. Therefore, under the excitation of bumpy
road, the control effect of the T-SFO MPC control strategy can significantly improve the
vehicle ride’s comfort and ensure the vehicle’s maneuvering stability.

5. Conclusions

Aiming at addressing the comfort and maneuvering stability of vehicle suspension
systems under multiple road conditions, this paper proposes a T-SFO MPC control strategy
for active suspension systems. The effects of different weighting coefficients on the per-
formance of the vehicle active suspension system are analyzed by modeling a 1/4 vehicle
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active suspension system. Then, the effectiveness of the T-SFO MPC control strategy in im-
proving vehicle comfort in a variety of road conditions is verified by the simulation results.

The proposed T-SFO MPC control strategy can adaptively adjust different weighting
coefficients under a variety of road conditions, which is better than passive control, tradi-
tional MPC control, and LQOR control in terms of comfort and stability. Compared to passive
suspension control under random terrain and bump road conditions, the RMS values of the
vertical acceleration of the T-SFO MPC decreased by 37.97% and 30.20%, respectively, the
RMS values of the suspension dynamic deflection of the T-SFO MPC decreased by 32.94%
and 25%, respectively, and the RMS values of the tire dynamic load of the T-SFO MPC
decreased by 37.8% and 30.49%, respectively. Therefore, the proposed T-SFO MPC control
performs well under a variety of road conditions with strong adaptability. These results
validate that the proposed control method can achieve coordinated optimization of vehicle
comfort and handling stability.
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