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Abstract: The displacement tracking performance of the electro-hydraulic servo actuator is critical
for hydraulic active suspension control. To tackle the problem of slow time-varying parameters in
the existing actuator dynamics model, a nonlinear adaptive back-stepping control (ABC) approach is
adopted. Simultaneously, the parameters of the nonlinear ABC are difficult to configure, resulting
in a poor control effect. An enhanced particle swarm optimization (PSO) approach integrating
crazy particles (CP) and time-varying acceleration coefficients (TVAC) is suggested to optimize
the controller settings. Furthermore, in order to obtain satisfactory dynamic characteristics of the
transition process, the absolute value of the error time integral performance index is used as the
minimum performance index function of parameter selection, and the square term of the control
input is added to the performance index function to prevent excessive controller energy. Finally, it
can be observed from the simulation results of the highest value emax of the displacement tracking
error, the average value eµ of error, and the standard deviation eσ of error that the performance of the
ABC parameters optimized by PSO+CP+ATVC is superior to the manually given ABC parameters.
Therefore, this control method significantly improves the stability and speed of the control system. It
provides a new research idea for the parameter optimization of controllers.

Keywords: hydraulic active suspension actuator; nonlinear adaptive back-stepping control; crazy
particles; time-varying acceleration coefficients; controller parameter optimization; performance
indicator function

1. Introduction

The suspension system [1,2] is an important part of the automobile chassis; its struc-
tural design and vibration-damping performance control to a large extent determine the
ride comfort and handling stability of the vehicle in the process of running. At present,
the research on active suspension actuator control focuses on force control [3–5], in addi-
tion to impedance control [6], force/displacement hybrid control [7,8], and displacement
control [9]. Among them, there is relatively little research on displacement control. This
article combines our team’s research to conduct displacement control on the hydraulic
active suspension actuator.

The majority of hydraulic active suspension actuators use the structural form of the
non-symmetric hybrid cylinder, which, compared to the active air suspension and the
active electromagnetic suspension, has a small occupation of space, has the advantage
of weight relative to height, is very suitable for the limited space of the suspension sys-
tem, and has been gradually applied in vehicle suspension systems [10,11]. In fact, the
working environment of vehicle hydraulic active suspension is complex and varied, in-
cluding the differences in actuator forward and backward motion, distinct pressure flow
characteristics on both sides, etc. As a result, the constructed model includes some pa-
rameter uncertainty and nonlinear properties that make tracking control difficult. The
adaptive back-stepping control method [12] can effectively handle not only unknown
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systems with time-varying or slowly changing system parameters, but also the uncertainty
problem of non-matching conditions, and can estimate and compensate for the uncertain
factors of the controlled system. In electromechanical systems, it has been extensively
utilized. For example, for incommensurate fractional-order systems with a partial measur-
able state, one study presented an observer-based, robust adaptive back-stepping control
strategy [13]. Wei Y et al. [14] proposed a novel fractional-order adaptive back-stepping
output-feedback control technique for nonlinear fractional-order systems. For a class of
nonlinear systems with quantized input, an adaptive back-stepping control strategy has
been developed [15]. Shi X et al. [16] proposed an adaptive back-stepping dynamic sur-
face control approach based on the RBF neural network for a class of nonlinear systems
subject to additional disturbances. Yue F et al. [17] described a robust adaptive integral
back-stepping control approach with friction compensation for the accurate and stable
control of an opto-electronic tracking system in the face of nonlinear friction and external
disturbance. As a result, this study proposes incorporating an ABC approach into the
hydraulic active suspension to increase the displacement tracking accuracy and actuator
robustness. Ma A et al. [18] proposed a back-stepping sliding-mode control for an inverted
pendulum system with disturbance and parameter uncertainty. Although the ABC has
numerous advantages, controllers developed for high-order models sometimes contain
a large number of controller parameters, and parameter tuning is heavily influenced by
human subjective experience. Furthermore, parameters cannot be dynamically altered
in actual work processes, and traditional parameter-tuning methods, such as trial and
error methods, are usually the major methods, with low efficiency and certain faults that
substantially impact the controller’s performance.

The increasing evolution of intelligent computing science has resulted in fresh insights
and solutions to controller parameter optimization problems through the research and
development of intelligent algorithms. For example, W. Xu et al. [19] used the adaptive ve-
locity particle swarm optimization (AVPSO) technique to optimize the control parameters of
an anti-windup proportional and integral (AWPI) controller off-line. Ghogare MG et al. [20]
described the process control application of a single-input, single-output (SISO) level con-
trol system that uses a combination of fast terminal sliding-mode control (FTSMC) and
an optimization method. Jin Z et al. [21] proposed a hybrid wolf optimization algorithm
(HWOA) to automatically change the controller parameters of SMDTC for SPMSMs. Mo-
hanty B et al. [22] discussed the tuning of differential evolution (DE) algorithm controller
settings and their application to the load frequency control (LFC) of a multi-source power
system with many power generation sources, including thermal, hydroelectric, and gas
power plants. In terms of the trade-off between the ultimate domain and the communica-
tion burden, a nonlinear optimization problem is presented. The optimized STA gains are
acquired by using a PSO technique to solve the above-mentioned optimization problem.
Finally, the simulation and experiment findings validate the applicability of the proposed
self-triggered STA for PMSM [23]. Y Yin Z et al. [24] proposed an integrated sliding-mode
control optimized by differential evolution (DE-ISMC) to increase the resilience and realize
the precise positioning as well as the speed control of the servo drive system.

Therefore, in order to achieve the best control effect and address the issue of challeng-
ing manual parameter tuning, this paper first establishes a nonlinear model of the hydraulic
active suspension actuator, then designs a hydraulic active suspension actuator controller
based on the adaptive back-stepping method, and proves its stability. Additionally, for the
controller’s parameter optimization, we create a performance index function J that can
reflect the dynamic properties of the controlled object and convert the parameter-tuning
problem into an optimization problem for resolving constraints. Due to the characteris-
tics of the traditional PSO, such as being prone to falling into local optima and having a
slow convergence speed, the use of CP to reinitialize the speed of particles can solve the
problem of the premature convergence of the classical PSO to local optima. For fixed and
unchanging acceleration constants, we use TVAC to further improve the performance of
PSO algorithms. The final simulation results verify the correctness and effectiveness of
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the method, avoid blind trials, enhance the robustness of the control system, and provide
valuable reference for the actual application of parameter control.

2. Nonlinear Modeling of Hydraulic Active Suspension Actuator

The principle of the hydraulic active suspension actuator system is shown in Figure 1.
The displacement sensor detects the output of the rod and provides real-time feedback,
while the controller controls the electro-hydraulic servo valve based on the displacement
error. Considering different focus points, this article only focuses on the displacement
tracking control of hydraulic active suspension electro-hydraulic servo actuators and it is
not within the scope of this study to consider tire and other force situations.
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Figure 1. Hydraulic active suspension actuator system schematic diagram.

In order to as closely as possible capture the dynamic properties of the real system, a
nonlinear model of the electro-hydraulic servo actuator was developed using the schematic
diagram of the hydraulic active suspension actuator system illustrated in Figure 1.

The system dynamics Equation can be stated using Newton’s second law as

m
..
y= P1 A1 − P2 A2 −mg− BP

.
y (1)

where A1 is the equivalent area of the non-rod piston rod; A2 is the equivalent area of the
piston on the side of the piston rod; P1 and P2 represent the pressures in the non-rod cham-
ber and rod chamber; m is the mass; g is the acceleration of gravity; BP denotes the viscous
damping coefficient of the hydraulic fluid; and y is the actuator output displacement.

Neglecting the external leakage, the pressure dynamics inside the two chambers are
expressed as

.
P1 =

βe1

V01 + A1y
(
−A1

.
y− Ci(P1 − P2) + q1

)
(2)

.
P2 =

βe2

V02 − A2y
(

A2
.
y + Ci(P1 − P2)− q2

)
(3)

where V1= V01 + A1y; V2 = V02 − A2y; βe1 and βe2 are the effective oil bulk modulus; Ci is
the internal leakage coefficient of the actuator due to oil pressure; V01 is the initial volume
of the left control chamber of the system; V1 is the left chamber volume of the actuator; V02
is the initial volume of the right control chamber of the system; V2 is the right chamber
volume of the actuator; and q1 and q2 are servo valve flow equations, which are obtained
from the following Equations (4) and (5).
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The servo valve flow Equation is written as

q1 =
√

2kq1xv

[
s(xv)

√
Ps − P1 + s(−xv)

√
P1 − Pr

]
(4)

q2 =
√

2kq2xv

[
s(xv)

√
P2 − Pr + s(−xv)

√
Ps − P2

]
(5)

where kq1 = CdW1

√
1
ρ ; and kq2 = CdW2

√
1
ρ .

The function s(xv) is defined as

s(xv) =

{
1, xv ≥ 0
0, xv < 0

(6)

where Cd is the discharge coefficient; Ps is the supplied oil pressure; ρ is the density of oil;
kq1 and kq2 are the flow gains at the left and right ends of the servo valve spool displacement,
respectively; Pr is the return oil pressure of the system; and W1 and W2 are the area gradient
at the left and right ends of the throttle hole of the servo valve core, respectively.

Because the servo valve frequency is substantially higher than the system bandwidth
in the actual control, the displacement of the valve core can be almost linearly proportional
to the control output, expressed as

xv = kiu, s(xv) = s(u) (7)

where ki is the servo valve gain; and u is the system’s control output.
This section makes the following assumptions regarding the nonlinear model of the

hydraulic active suspension electro-hydraulic servo actuator without compromising the
overall performance of the control system.

Assumption 1. kq1= kq2 = kq; βe1= βe2= βe; Ps is a constant value; the electrical servo acceler-
ator operates under general working conditions, i.e., the pressure of the two cavities of the motor
should meet 0 < Pr < P1 < Ps and 0 < Pr < P2 < Ps.

According to Equations (4) to (7), q1 and q2 can be further represented as

q1 = GE1u (8)

q2 = GE2u (9)

where G =
√

2kqki; E1 =
[
s(u)
√

Ps − P1 + s(−u)
√

P1 − Pr
]
;

E2 =
[
s(u)

√
P2 − Pr + s(−u)

√
Ps − P2

]
The definition of the state variable x =

[
y,

.
y, P1, P2

]
, and the dynamic Equations (1)–(9)

of the hydraulic active suspension actuator can be transformed into state equations as follows:
.
x1 = x2.

x2 = 1
m (A1x3 − A2x4 −mg− BPx2)

.
x3 = βe

V01+A1x1
(−A1x2 − Ci(x3 − x4) + q1)

.
x4 = 1

V02−A2x1
(A2x2 + Ci(x3 − x4)− q2)

(10)

In order to facilitate the study of model reduction, we use Equation (11):
.
x1 = x2.

x2 = 1
m (x3 −mg− a1x2).

x3 = b3u− gc − a2hu
y = x1

(11)
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where x3 = A1x3 − A2x4 is the new state variable after order reduction in Equation (10);
a = [a1, a2]

T =
[
Bp, Ci

]T is the parameter’s unknown parameter vector; b3 =
(

A1E1
V1

+ A2E2
V2

)
Gβe; gc =

(
A1

2

V1
+ A2

2

V2

)
βex2; hu =

(
A1
V1

+ A2
V2

)
(P1 − P2)βe.

3. Nonlinear ABC Controller Design and Stability Testing for Hydraulic Active
Suspension Actuator

Assumption 2. The ideal trajectory tracked by the hydraulic active suspension actuator x1d(t) is
continuous and bounded, as are the ideal velocity

.
x1d(t) and acceleration

..
x1d(t).

The unknown vector â = [â1, â2]
T represents the estimated value of the parameters a1

and a2. The value amax = [a1max, a2max]
T is the upper bound of parameter

a, amin = [a1min, a2min]
T which is the lower bound of parameter a. To prevent excessive â

from exceeding the prescribed parameter range and impacting system stability, an adaptive
discontinuous mapping technique [25] is used, as illustrated in Equation (12).

Pro jâi (τi) =


0 i f âi = aimax and τi > 0
0 i f âi = aimin and τi < 0

τi otherwise
(12)

In this paper, a parameter adaptation law is given by
.
âi = Pro jâi (Γτi), âi(0) ∈ Ωa (13)

where Pro jâi (τi) =
[
Pro jâ1(τ1), Pro jâ2(τ2)

]T ; Γ > 0 represents the adaptive gain as a positive
definite diagonal matrix; and τ stands for the parameter adaptive function.

For any adaptive function τ, discontinuous mapping (12) has the following features:

â ∈ Ωâ
def
== {â : amin≤ â ≤ amax} (14)

∼
a

T[
Γ−1Pro jâ(Γτ)− τ

]
≤ 0, ∀τ (15)

3.1. Design of Nonlinear ABC Controller

Let the expected control law of the state variable xid(i = 1, 2, 3). Let ei = xid− xi(i = 1, 2, 3)
represent the error. The parameter estimation error is

∼
a i(i = 1, 2). The parameters of the

controller are ki(i = 1, 2, 3).
Step 1: Based on the first-order subsystem and state tracking error e1 = x1d − x1 in the

closed-loop system Equation (11), the dynamic equation of e1 is
.
e1 =

.
x1d −

.
x1 =

.
x1d − x2 (16)

Design the virtual controller x2d as

x2d =
.
x1d + k1e1 (17)

Step 2: Based on the second-order subsystem and state tracking error e2 = x2d − x2 in
the closed-loop system Equation (11), the dynamic equation of e2 is

.
e2 =

.
x2d −

.
x2 =

.
x2d −

1
m
(x3 −mg− a1x2) (18)

Design the virtual controller x3d and parameter adaptive estimation law â1 as follows:

x3d = mk2e2 + me1 + m
.
x2d + â1x2 + mg (19)

.
â1 = Pro jâ1

(
σ1

e2

m
x2

)
(20)
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Step 3: Based on the third-order subsystem and state tracking error e3 = x3d − x3 in
the closed-loop system Equation (11), the dynamic equation of e3 is

.
e3 =

.
x3d −

.
x3 =

.
x3d − (b3u− gc − a2hu) (21)

The final control law u and parameter adaptive estimation law â2 are as follows:

u =
1
b3

[
k3e3 + gc + â2hu +

.
x3d +

e2

m

]
(22)

.
â2 = Pro jâ2(σ2hue3) (23)

where Γ = [σ1, σ2], σ1 > 0, σ2 > 0.

3.2. Stability Analysis

Step 1: Define the Lyapunov function as follows:

V1(e1) =
1
2

e1
2 (24)

Taking the derivative of V1(e1) yields the following:
.

V1(e1) = e1
.
e1 = e1

( .
x1d − x2

)
(25)

By substituting Equations (16) and (17) into Equation (25), we obtain the following:
.

V1(e1) = e1
.
e1 = e1

( .
x1d − k1e1 −

.
x1d + e2

)
= −k1e1

2 + e1e2 (26)

Step 2: Define the Lyapunov function as follows:

V2

(
e1, e2,

∼
a1

)
=

1
2

e1
2 +

1
2

e2
2 +

1
2σ1

∼
a1

2
(27)

Taking the derivative of V2

(
e1, e2,

∼
a1

)
yields the following:

.
V2

(
e1, e2,

∼
a1

)
= e1

.
e1 + e2

.
e2 +

1
σ1

∼
a1

(
−

.
â1

)
(28)

By substituting Equations (18)–(20) into Equation (28), we obtain the following:

.
V2

(
e1, e2,

∼
a1

)
= e1

.
e1 + e2

.
e2 +

∼
a1

1
σ1

(
−

.
â1

)
= −k1e1

2 + e2

(
e1 +

.
x2d − 1

m
(
mk2e2 + me1 + m

.
x2d + (â1 − a1)x2 − e3

))
− ∼a1

e2
m x2

= −k1e1
2 − k2e2

2 + e2e3
m

(29)

Step 3: Define the Lyapunov function as follows:

V3

(
e1, e2, e3,

∼
a2

)
=

1
2

e1
2 +

1
2

e2
2 +

1
2

e3
2 +

1
2σ2

∼
a2

2
(30)

Taking the derivative of V3

(
e1, e2, e3,

∼
a2

)
yields the following:

.
V3

(
e1, e2, e3,

∼
a2

)
= e1

.
e1 + e2

.
e2 + e3

.
e3 +

1
σ2

∼
a2

(
−

.
â2

)
(31)

By substituting Equations (21)–(23) into Equation (31), we obtain the following:
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.
V3

(
e1, e2, e3,

∼
a2

)
= −k1e1

2 − k2e2
2 + e2e3

m + e3
.
e3+

1
σ2

∼
a2

(
−

.
â2

)
= −k1e1

2 − k2e2
2 + e2e3

m + e3
( .
x3d −

(
k3e3 + gc + â2hu +

.
x3d +

e2
m
)
+ gc + a2hu

)
+ 1

σ2

∼
a2

(
−

.
â2

)
= −k1e1

2 − k2e2
2 − k3e3

2 + e3
∼
a2hu +

1
σ2

∼
a2(−σ2hue3)

= −k1e1
2 − k2e2

2 − k3e3
2

(32)

Based on Barbalat’s lemma inference, we use the Lyapunov-like lemma [26]:

(1) V3

(
e1, e2, e3,

∼
a2

)
≥ 0, positive definite.

(2) Let f (t) = k1e1
2 + k2e2

2 + k3e3
2, just f (t) ≥ 0.

(3)
.

V3

(
e1, e2, e3,

∼
a2

)
≤ −k1e1

2 − k2e2
2 − k3e3

2 ≤ − f (t) is semi-negative definite
and bounded.

(4) The derivative of f (t) yields the following:
.
f (t) = 2k1e1

.
e1 + 2k2e2

.
e2 + 2k3e3

.
e3, and

.
f (t) ∈ L∞ satisfies the uniformly continuous f (t)→ 0 as t→ ∞ .

In summary, this control law u can ensure the global asymptotic convergence of the
system, i.e., the tracking errors e1, e2 and e3 of the hydraulic active suspension actuator can
converge to zero, thus enabling the entire system to track the desired trajectory.

4. PSO Improvement and Controller Parameters Optimization
4.1. PSO Basic Principles

Kennedy and Eherhart [27] introduced PSO, a computational intelligence optimization
algorithm inspired by individual competition, at the IEEE International Conference on Neu-
ral Networks in 1995. This algorithm seeks the best answer by mimicking the collaboration
and information sharing of individuals in a flock of birds.

Particle swarm optimization is a completely random technique for global optimization.
The steps of the basic particle swarm optimization algorithm are as follows:

(1) Assume the population size is N, the particle diameter is M, the position of each
particle is xij(t), and the velocity is vij(t) to begin the particle swarm;

(2) Determine each particle’s fitness value J;
(3) Compare each particle’s fitness value J to its unique extreme value pbest(i), and

i f J < pbest(i), replace J with pbest(i);
(4) Compare each particle’s fitness value J to the global extreme value gbest. i f J < gbest,

replace J with gbest;
(5) Iteratively update particle position and velocity, using formulae (33) and (34):

vij(t + 1) = ωvij(t) + c1r1
[
pij(t)− xij(t)

]
+ c2r2

[
pgj(t)− xij(t)

]
(33)

xij(t + 1) = xij(t) + vij(t + 1) (34)

where ω is the inertia weight factor; r1 and r2 are random values in the range of 0 to 1; c1
and c2 are acceleration constants; pij represents the individual best positions of particle i;
and pgj represents the optimal position of group g.

(6) Determine whether the algorithm satisfies the termination criteria. If this is the case,
terminate the process and report the optimization results; otherwise, proceed to step 2.

4.2. Improvement of PSO Algorithm

Although traditional particle swarm optimization techniques have benefits such as
simple programming, ease of implementation, high convergence time, and good robustness,
there are certain drawbacks, such as a lack of local search capability, a proclivity to fall into
local extremum, and a low search precision. The improvement of ω is a research emphasis,
with higher ω boosting global search ability and lower ω having greater local convergence
ability. The particle swarm optimization is also variable depending on the ω. The linear
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decreasing weight [28] approach presented in Equation (35) is currently used as a particle
swarm algorithm:

ω = ωmax −
(ωmax −ωmin)ITER

MAXITER
(35)

where ωmax and ωmin are the maximum and minimum values of ω; ITER is the current
number of iterations; and MAXITER is the maximum number of iterations.

However, for different optimization goal functions, the proportion necessary for each
iteration varies; therefore ω is only useful for a subset of problems. Furthermore, if the
optimal position is not identified in the early stages of evolution, the algorithm’s local
convergence ability steadily strengthens as ω decreases, and it is possible to fall into local
optima. If a suboptimal position is recognized early in evolution, a small value of ω can
swiftly search for the optimal position, but a linear drop in ω slows down the algorithm’s
convergence speed.

To compensate for these inadequacies, the crazy particles (CP) algorithm [29] has
been devised. Its applications include power dispatch optimization [30], power unit
combination [31], and others. By reinitializing particle speed, this technique tackles the
problem of a classical particle swarm’s premature convergence to local optima. Among
these, ρc increases the likelihood of finding the ideal solution within the spectrum of
complex solutions. Equation (36) depicts the function where ρc is ω, which increases the
likelihood of finding the optimal solution within the range of complicated solutions.

ρc = ωmin − exp
(
− ω

ωmax

)
(36)

Based on Equation (35), the velocity of particles is randomly initialized by Equation (37):

vij =

{
rand(0, vmax), i f ρc ≥ rand(0, 1)

vij, otherwise (37)

where ρc is the insane probability variation factor, and vmax is the maximum particle velocity.
Furthermore, for the acceleration constant, the default values of c1 and c2 are normally

2. However, literature [32] discovered through case studies that the effect obtained by
diverse combinations of acceleration constants is not inferior to a fixed value equal to 2.
In response to this circumstance, reference [33] suggested the time-varying acceleration
coefficients (TVAC) method to improve particle swarm optimization efficiency, therefore
fine-tuning the particle swarm throughout iteration. Allow the particle swarm to have
stronger self-awareness and less social ability at the start of optimization, which will aid
in quickening the global search. In later stages of the iteration, the particle swarm will
have less self-awareness and more social capacity. This allows the particle swarm to better
converge on the global optimal solution. Specifically, we show in Equations (38) and (39)
the following:

c1 = c1s + (c1e − c1s)
ITER

MAXITER
(38)

c2 = c2s + (c2e − c2s)
ITER

MAXITER
(39)

where c1s and c2s are the initial values of c1 and c2; and c1e and c2e are the final iteration
values of c1 and c2. In the majority of cases, c1s = 2.5; c1e = 0.5; c2s = 0.5 and c2e = 2.5.

4.3. Designing Performance Index Functions for Controller Parameter Optimization

To achieve adequate dynamic characteristics of the transition process, the absolute
value of the error time integration performance index is employed as the minimum goal
function for parameter selection. In addition, to avoid excessive control energy, the square
term of the control input is added to the performance index function [34]. As demonstrated
in Equations (40) and (41), we obtain the following:
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J1 =
∫ t

0

(
λ1|e1(t)|+ λ2u(t)2

)
dt (40)

where e1(t) is the tracking displacement error; u(t) is the controller output; and λ1 = 0.001
and λ2 = 0.999 are proportional coefficients.

A penalty function is utilized to avoid overshoot, which means that when overrun
happens, the overshoot amount is regarded as one of the best indicators. As illustrated in
the Equation (35), we show the following:

i f e1(t) < 0J = J1 +
∫ t

0
λ3|e1(t)|dt (41)

where λ3 = 10 is the proportional coefficient.

4.4. PSO+CP+TVAC Optimization ABC Parameters k1, k2 and k3 Processes

In order to verify the correctness and effectiveness of the algorithm proposed in this
article, a parameter optimization flowchart as shown in Figure 2 was constructed using
PSO+CP+TVAC to optimize the ABC parameters k1, k2 and k3 as examples.
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Therefore, with the increasing number of iterations, the fitness value J gradually
decreases, and finally the global optimal solution is obtained. The parameter values
corresponding to the optimal solution are the optimal controller parameters k1, k2 and k3.

5. Simulation Test Verification
5.1. Parameter Setting

We tested the optimization effect of the PSO, PSO+CP, and PSO+CP+ATVC
algorithms on the ABC controller parameters k1, k2 and k3. The simulation model is in
discrete form, with a sampling time of 0.3 ms. The predicted displacement tracking
signal is x1d = 0.11sin(2t). In a nonlinear adaptive back-stepping controller, the adap-
tive gain is Γ = [σ1, σ2]

T =
[
95, 000, 10× 10−50]T. The parameter’s initial value is a(0) =[

2600, 4× 10−12]T. The maximum value of parameter estimation is amax =
[
3000, 10× 10−12]T.
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The minimum value of parameter estimation is amin =
[
2600, 4× 10−12]T. Table 1 shows the

hydraulic active suspension actuator’s physical properties.

Table 1. Hydraulic active suspension actuator’s physical properties.

Parameters Values Parameters Values

m 1500 kg Cd 0.7
A1 5.67× 10−3 m2 W1 = W2 1.12× 10−2 m
A2 1.256× 10−3 m2 g 9.8 m/s2

βe 7.0× 108 Pa ρ 860 kg/m3

Bp 2600 N·s/m Ps 1.78× 107 Pa
Ci 3.0× 10−13 m3/s/Pa Pr 0 Pa

V01 = V02 1.0× 10−3 m3 G 3.78× 10−4 m4/
(

s·V·
√

N
)

The PSO parameters are set in this article to the following: N = 80; M = 3;
MAXITER = 100; min J = 1 × 10−10; vmax = 15; vmin = −15; c1 = c2 = 2;
xmax = [1200, 800, 800]T ; xmin = [150, 150, 150]T ; ωmax = 1.2 and ωmin = 0.6. PSO and
PSO+CP do not involve the four parameters c1s, c2s, c1e and c2e, whereas PSO+CP+ATVC
does not use c1 and c2.

5.2. Simulation Results Analysis

The PSO, PSO+CP, and PSO+CP+ATVC algorithms optimize the ABC controller’s pa-
rameters k1, k2 and k3, as shown in Figures 3–5. The convergence curves of PSO+CP+TVAC,
PSO+CP, and PSO fitness value J are shown in Figure 6. The optimization results of
parameters k1, k2 and k3 are shown in Table 2.
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Table 2. The k1 , k2, and k3 parameters for best results.

Parameters PSO PSO+CP PSO+CP+ATVC

k1 656.13 656.25 656.11
k2 656.18 656.26 656.13
k3 656.09 655.99 656.14

Figures 3–5 demonstrate that the controller parameters k1, k2 and k3 obtained by
the three optimization approaches converge satisfactorily before and after the 70th iter-
ation, demonstrating the validity of the PSO+CP+ATVC methodology. Furthermore, as
illustrated in Figure 6, the fitness function values optimized by the three optimization
methods PSO+CP+ATVC, PSO+CP, and PSO gradually converge to J = 7.8198× 10−4,
where PSO+CP+ATVC and PSO+CP could converge around the 17th generation, while
PSO+CP+ATVC has less fluctuation. PSO converges with the slowest convergence speed
in the 64th generation. As a result of adding CP and ATVC to the PSO algorithm, the
problem of the PSO algorithm’s premature convergence to local optima is improved, and
PSO has better self-awareness and lower social ability at the start of optimization, allowing
for a faster global search. In summary, the PSO+CP+ATVC algorithm produced faster
convergence, increased stability, and outperformed the competition.

5.3. Displacement Tracking Performance Comparison

In order to verify the displacement tracking effect of PSO+CP+ATVC-ABC, the
PSO+CP+ATVC parameters k1 = 656.11, k2 = 656.13 and k3 = 656.14 in Table 2 were
compared and analyzed with the manually given parameters k1 = 150, k2 = 158 and
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k3 = 162. The displacement tracking error between PSO+CP+ATVC-ABC and ABC is
shown in Figure 7, and the displacement tracking error between PSO+CP+ATVC-ABC and
ABC is shown in Figure 8.
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In Figure 8, three evaluation indicators are introduced to quantitatively explain the
efficiency of the PSO+CP+ATVC-ABC and ABC algorithm tracking control under steady-
state conditions: the maximum tracking error emax, the average displacement tracking
error eµ, and the displacement tracking error standard deviation eσ are all given. This is
illustrated in Equations (42)–(44).

(1) The maximum tracking error is defined as

emax = max
i=1,2...,p

{|e1(i)|} (42)

where emax is the greatest value of the error, and p denotes the amount of error data recorded.

(2) The average value of the displacement tracking error is defined as

eµ =
1
p

p

∑
i=1
|e1(i)| (43)

where eµ is the mean ability to track displacement errors.

(3) The standard deviation of the displacement tracking error is defined as
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eσ =

√√√√ 1
p

p

∑
i=1

[
|e1(i)| − eµ

]2 (44)

where eσ is the deviation of the displacement tracking error from its average value.
The displacement error data from 0.5s to 9.5s of steady-state operation are used in

Figure 8, and the results are provided in Table 3.

Table 3. Results of displacement error data: emax eµ eσ.

Controller emax(m) eµ(m) eσ(m)

PSO+CP+ATVC-ABC 6.1469× 10−6 3.6703× 10−6 1.7773× 10−6

ABC 6.7797× 10−5 3.6823× 10−5 1.9221× 10−5

Figure 7 shows the displacement tracking and Figure 8 shows the displacement
tracking inaccuracy, as does Table 3. In terms of tracking accuracy and dynamic prop-
erties, it can be determined that PSO+CP+ATVC-ABC surpasses ABC with manually
specified parameters.

6. Conclusions

This article researches the hydraulic active suspension actuator, develops a dynamic
model of the hydraulic active suspension actuator, and develops an ABC control technique.
The ABC controller lacks flexibility and reliability due to its manually entered parameters.
The controller parameters are optimized by using the PSO algorithm. Because of the limita-
tions of the PSO algorithm, such as its proclivity to lapse into local optimization and its slow
convergence speed, the premature convergence of a typical particle swarm can be avoided
by introducing CP to reinitialize the particle speed. ATVC is also used to improve the algo-
rithm’s performance for both fixed and continuous acceleration constants. The simulation
results validated the PSO+CP+ATVC-ABC algorithm’s accuracy and efficacy, improved the
control system’s robustness, and provided a useful reference for actual parameter control
applications. Furthermore, the excellent tracking accuracy achieved in this study is due
to the optimization of the strong controller parameters rather than the convergence of
the real-estimate parameters. In subsequent real-world applications, the convergence and
tracking performance of parameter estimates should be thoroughly considered.
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