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Abstract: Aiming to solve the problems of poor dynamic response characteristics and the weak anti-
jamming capability of the conventional proportional–integral–derivative (PID) controlled pump-motor
servo system (PMSS) under the actual working environment, this study created a brand new hybrid
grey wolf optimization (GWO) and particle swarm optimization (PSO) algorithm to determine the best
parameters of the PID controller for the PMSS speed control to make the PMSS achieve a constant speed
control. We developed a GWOPSO-PID controller and compared it with a conventional PID controller,
GWO-PID, PSO-PID, and GA-PID. In comparison to the other four control methods, the simulation
and experimental results demonstrate that the designed GWOPSO-PID control had better dynamic
response characteristics, with its rise times being reduced by 78.6%, 64.7%, 67.1%, and 41.5%, respectively.
Additionally, the system under the GWOPSO-PID control exhibits a good stability and robustness even
in the face of different load circumstances, with decreases in the re-equilibration times of 59.6%, 23.4%,
53.2%, and 41.9%, respectively, with a significantly improved immunity to disturbances.

Keywords: pump–motor servo system; constant speed control; PID control; GWOPSO algorithm;
load disturbance

1. Introduction

The hydraulic servo system has developed into one of the leading research goals in
hydraulic control as a high-precision feedback control technology [1]. Pump–motor servo
systems (PMSSs) as an integral component of electro-hydraulic servo systems (EHSSs), are
extensively applied in the manufacturing industry due to their excellent efficiency, sizable
load capacity, and high power-to-weight ratio [2]. Controlling the motor’s speed is one of
the fundamental difficulties in hydraulic servo systems. The most common controllers used
in hydraulic servo systems are still PID ones [3]. They have a straightforward construction,
dependable operation, and strong performance. The sensitivity of the conventional PID
control to the parameter changes is high [4]. The controlled impact will be greatly dimin-
ished whenever the control environment changes, making it difficult to effectively achieve
a consistent speed control of the motor.

Researchers from all around the world are currently focusing on the EHSS control
system. Numerous control methods were suggested to increase the consistency and ro-
bustness of the EHSS control, such as adaptive logic [5], deep neural networks [6], hybrid
algorithms optimization [7], and other artificial intelligence techniques to boost the control
accuracy of the EHSS. Samakwong et al. considered an optimization technique using a
GA to tune the PID controller parameters of an EHSS [8]. According to the results, the GA
optimized controller has a 60.6%, 46.1%, and 37.4% reduction in the response time com-
pared to Ziegler–Nichols, the automated tuning technique, and PSO, respectively. Wu et al.
proposed an intelligent water drop (IWD) algorithm that utilizes a two-stage mass equilib-
rium and multi-objective optimization to boost the rationality of hydraulic loading control
development [9]. For the central position control of the rolling strip, Jia L. et al. applied a

Machines 2023, 11, 178. https://doi.org/10.3390/machines11020178 https://www.mdpi.com/journal/machines

https://doi.org/10.3390/machines11020178
https://doi.org/10.3390/machines11020178
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/machines
https://www.mdpi.com
https://orcid.org/0000-0003-3187-2867
https://doi.org/10.3390/machines11020178
https://www.mdpi.com/journal/machines
https://www.mdpi.com/article/10.3390/machines11020178?type=check_update&version=3


Machines 2023, 11, 178 2 of 20

modified PSO optimized integral separation PID approach, resulting in a system with a
minimum position overshoot of 3%, which is far better than other control strategies [10].
Fadel et al. adopted a method of selecting suitable PID controller parameters by GA to
improve the transient response characteristics of a non-linear EHSS; the average percent
overshoot reduction is about 83% and the settling time reduction is about 50% [11]. Zheng
et al. designed a sliding mode controller based on a quantum particle swarm optimization
(QPSO) algorithm to improve the anti-interference ability of an EHSS, which led to an
increase in the tracking accuracy of 36.8% [12]. Furthermore, Wang et al. considered an
enhanced artificial bee colony (EABC) approach to achieve the optimization of the steel
strip deviation PID control system (SSDCS), with a 27.6% reduction in the system overshoot
compared to the basic artificial bee colony (BABC) algorithm [13].

For the problem of a local minimum stagnation in the traditional heuristic algorithms
mentioned above, researchers have successively proposed improvement strategies such
as hybrid optimization algorithms. Patel et al. created an artificial neuro-fuzzy logic PID
controller that used a hybrid method of bacterial foraging (BF) and PSO, outperforming
traditional controllers in the process [14]. Ye et al. mixed PSO and GA to determine
the optimal PID controller gain for an excavator valve-controlled cylinder system, which
reduced the rising time and settling time by 19.5% and 27.8%, respectively [15]. Le Dinh
and Temkin showed how to apply a hybrid BFPSO and adaptive PSO to obtain the PIDs
appropriate parameters, which leads to the PMSMs stable speed control [16]. As in the
investigation of Fan Y et al., the modelling and simulation of a force actuator system
using the self-growing Lévy-flight salp swarm algorithm (SG-LSSA) as an optimized PID
controller is given [17].

In addition, a lot of scholars are concerned about the existence of a load interference
in the EHSS. Chen et al. developed a novel control strategy for velocity servo systems
based on deep reinforcement learning that achieves automatic PID tuning and effectively
overcomes the effects of inertial surges and torque disturbances [18]. Çelik and Gör
developed a PI + DF high-performance controller with optimized parameters using a
stochastic fractal search (SFS) technique, which demonstrates the most precise speed
response in complicated circumstances [19]. Yu et al. have developed a force control
method combining tracking error compensation and load compensation control, which
can improve the control accuracy of a pump-valve composite drive system (PCDS) by
approximately 49% and improve the tracking accuracy by over 68% compared to PID [20].
Wang et al. proposed an improved active disturbance rejection control (ADRC) technique
based on the GWO, thus meeting the accuracy requirements of continuously rotating
motors under uncertain and strong disturbance factors [21]. Another study applied a load
force compensated fuzzy PID control algorithm based on an improved PSO to the adaptive
control of valve-controlled asymmetric hydraulic cylinder positions [22]. However, the
above work does not sufficiently consider the case of load disturbances.

Meanwhile, Yuan H B et al. presented an electro-hydraulic position tracking and
recognition system based on PI + MPC hybrid control [23]. Essa et al. illustrated the cuckoo
search algorithm (CSA) and GA optimized the parameters of the model predictive control
(MPC) to realize the force tracking control of the EHSS [24]. Feng et al. improved the PSO-
PID controller using an asynchronous variation strategy, which can improve the trajectory
tracking accuracy of the EHSS by up to 37.14% and 50.32%, respectively, compared to the
basic PSO-PID control method [25]. Feng et al. used RBF neural networks to improve the
adaptive sliding mode control method (SMC-RBF) to achieve the trajectory tracking of the
EHSS. The experimental results show that the SMC-RBF controller reduces the average
tracking error by 42.42% compared to the SMC controller [26]. He Z et al. introduced
an electro-hydraulic position servo system based on the synovial proactive disruption
avoidance composite control method [27]. It can be seen that more effort has been put into
force control systems and position control systems and less into speed control systems.

The aforementioned literature reveals that several researchers have examined the EHSS
control technique from various angles. Table 1 details the research gaps that exist in the
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main work that has now been published. Fine-tuning the PID controller’s settings using a
heuristic optimization approach is a highly efficient way to enhance the response properties
of the EHSS. However, due to the high non-linearity of the PMSS, its internal control chain
has a strong coupling relationship. Although traditional heuristic optimization algorithms
(such as GWO, PSO, GA, etc.) show great potential to solve PID optimization problems,
they still suffer from the defects of memory capacity and computational burden [28]. The
complicated and variable operating circumstances of the PMSS in real applications place
great demands on the system’s control performance. The resilience of the PID controller
that has been the optimized heuristic algorithm has to be increased although it has a high
tracking and steady performance. The study of an effective and practical PID parameter
tuning technology for researchers is crucial since the development of control technology is
on the horizon. Combining heuristic optimization algorithms has been a common way to
enhance algorithms in recent years, according to the peculiarities of specific algorithms [29].
Based on the aforementioned motives, this work suggests a brand-new technique called
GWOPSO, which combines the GWO and PSO algorithms to optimize the PID controller in
the PMSS and enhance the system’s dynamic response properties. The goal of this work is
to employ a solution that is straightforward and inexpensive to apply to tackle the speed
control issue for the PMSS. From the standpoint of an engineering application, this work is
significant and it is hoped that it will be adopted and used in the area of electro-hydraulic
servo control.

Table 1. The summary of research gaps in published primary work.

Authors Year Research Subjects and Methods Research Gap

Fadel et al. [11] 2019 Employing a PID controller with GA optimization to enhance the
transient response properties of a non-linear EHSS.

Traditional single optimization
algorithms suffer from

shortcomings in terms of search
speed and convergence accuracy.

Zheng et al. [12] 2021 Improved SMC using QPSO to increase EHSS immunity.
Wang et al. [13] 2022 Improved strip deviation control system based on the EABC.

Patel et al. [14] 2015 Hybrid BF and PSO optimized artificial neural
fuzzy logic PID controller.

Although they increase search
accuracy, hybrid optimization

techniques and control strategies
entail a significant
computational cost.

Ye et al. [15] 2017 Hybrid PSO and GA optimized PID control valves control the
cylinder system.

Le Dinh et al. [16] 2018 Hybrid BF and PSO algorithms for stable control of PMSM.

Chen et al. [18] 2018 Deep learning automatically adjusts the PID parameters to effectively
overcome inertial surges. Novel control technology under

conventional load disturbances
with insufficient consideration of

the load situation to fulfil the
actual application.

Wang et al. [21] 2020 Enhanced ARDC technology is used to achieve stable control of the
EHSS in the presence of unknown high interference sources.

Ma Y et al. [22] 2022
The solenoid hydraulic valve opening size is controlled by a fuzzy

PID with load force compensation, which is optimized
by a modified PSO.

Yuan et al. [23] 2018 Electro-hydraulic position system tracking and identification using PI
+ MPC hybrid control strategy. Force or position control has

gained a lot of attention in recent
years and scholars have paid little

focus to velocity servo control.

Feng et al. [26] 2022
A new adaptive technique for improving the force control

performance of hydraulic systems using RBF neural networks to
compensate for load disturbances.

He Z et al. [27] 2022 A composite control method for EHSS position control based on the
active avoidance of disturbances by sliding membranes.

Because of the challenges in identifying the parameters of the existing conventional
controller and the poor dynamic response characteristics of the PMSS, a split new GWOPSO
optimized available controller is developed to realize the speed control of the PMSS in this
paper. The followings might be used to describe the key contributions of this research article:

(a) To overcome the issues of the sluggish convergence and low accuracy of existing
heuristic optimization algorithms, a new PSO and GWO combination known as
GWOPSO is developed.

(b) The presented GWOPSO method is used for eight benchmark test problems and the
findings demonstrate that in terms of the calculation time and optimization correctness,
the GWOPSO outperforms the GWO, the PSO, the GA, and other comparable strategies.
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(c) Because the PMSS is a high-order non-linear time-varying system, it is challenging to
achieve a decent control effect when relying on the current control strategies. In this study,
we create a brand-new GWOPSO-PID controller and apply it to regulate the PMSS.

(d) Most of the existing studies have always been conducted in the ideal status of the
PMSS, ignoring the influences brought by load variations on the system’s performance.
The effectiveness of the GWOPSO-PID controller is evaluated by simulation and
contrasted with that of the conventional PID controller, GWO-PID controller, PSO-PID
controller, and GA-PID controller under various load situations by using the same
ITAE objective function.

(e) Experimental validation by a hardware implementation of an industrial PMSS. The
dynamic response characteristics of the GWOPSO-PID controller under different
load circumstances are confirmed by analysis and the robustness and viability of the
GWOPSO-PID controller are confirmed.

2. Problem Formulation

The explanation of the PMSSs operating system and the creation of the mathematical
model are covered in this part. As a consequence, it is split into the following three portions.

2.1. System Description

Figure 1 shows the schematic diagram of the PMSS. The constant pressure variable
pump is selected as the power element by the PMSS in this study. During operation,
the variable pump supplies oil to the variable motor and pushes it to rotate to move the
burden. The current control loop is shown by the blue circuit in Figure 1. The system
continually measures the motor speed through the speed sensor in the control link and
sends the gathered electrical signal in the form of a current to the A/D converter. The
A/D converter transforms the analogue quantity into a digital quantity and provides it to
the controller. The controller adjusts the opening size of the electro-hydraulic servo valve
by the difference between the set speed and the actual speed to complete the control of
the hydraulic cylinder piston rod expansion and contraction. The hydraulic cylinder is
a variable hydraulic cylinder. The cylinder rod solely on a single side is used to control
the variable motor’s swash plate swing angle to control the motor’s speed. The piston
rod on the other side is equipped with a displacement sensor, which tracks the telescopic
displacement of the piston rod in real-time and feeds that information back. In summary,
the PMSS consists of two components: the valve controlled hydraulic cylinder link and the
pump–motor coupling scheme that drives the load. It is well recognized that explaining
the PMSS has the goal of laying the groundwork for the development of effective speed
control measures for the PMSS. The operating parameters of the key components of the
PMSS are shown in Table 2.
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Table 2. Key components of PMSS operating parameters.

Equipment Name Manufacturer Model Rated Operating Parameters

Constant pressure variable pump Rexroth A4VSO40DR

Rated displacement 40 mL/r
Rated pressure 35 Mpa

Rated voltage 220 V
Rated current 24 A

Axial piston motors Rexroth A2FM56

Rated pressure 35 Mpa
Rated torque 100 nm

Rated speed 2300 r/min
Rated current 24 A

Electro-hydraulic servo valve Hengli 4WRLE Rated pressure 35 Mpa

Relief valve Rexroth DBETE-62 Rated pressure 15 Mpa

Variable hydraulic cylinder Hengli Non-standard customization
Itnerary 450 mm

Rod bore/cylinder bore 50 mm
Pressure range 2–31.5 Mpa

2.2. Valve-Controlled Hydraulic Cylinder Model

The electro-hydraulic servo valve is typically considered to be a two-stage order
oscillation connection and its transfer function is as follows in Equation (1) [30]:

Qv(s)
Uv(s)

=
Ev

s2

ω2
v
+ 2ζv

ωv
s + 1

(1)

where Qv(s) is the output flow of the servo valve; Uv(s) is the input voltage of the servo
valve; Ev is the flow gain of the servo valve; ωv is the natural frequency of the servo valve;
and ξv is the damping ratio of the servo valve.

The internal and exterior leaks of the hydraulic cylinder, as well as the pipeline
pressure loss and dynamic properties, are disregarded [31]. The flow continuity formula of
the hydraulic cylinder is:

qv = Ap
dxp

dt
+ CtpPL +

Vt

4βe

dPL
dt

(2)

where qv is the input flow rate of the hydraulic cylinder (equal to the output flow rate of
the servo valve); Ap is the effective area of the hydraulic cylinder piston; xp is the piston
displacement; βe is the equivalent bulk elastic modulus (including the oil, connecting pipes,
and the mechanical flexibility of the cylinders); Vt is the total compression volume; Ctp is
the total leakage coefficient of the hydraulic cylinder; and PL is the load pressure of the
hydraulic cylinder.

The Laplace transform of Equation (2) is:

Qv(s) = ApsXp + CtpPL +
Vt

4βe
sPL (3)

The balanced equation between the output force and the load force of the hydraulic
cylinder is:

ApPL = mp
d2xp

dt2 + Bc
dxp

dt
+ KLxp + FL (4)

where mp is the total mass of the piston and the load converted to the piston; Bc is the
viscous damping coefficient of the piston and the load; KL is the spring stiffness of the load;
and FL is any external load force acting on the piston.

The Laplace transform of Formula (4) is:

ApPL = mps2Xp + BcsXp + KLXp + FL (5)
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The mathematical model of the displacement sensor can be simplified as:

GX(s) =
UX(s)
Xp(s)

= KX (6)

where UX is the output voltage of the displacement sensor and KX is the transformation
coefficient of the displacement sensor.

2.3. Motor-Driven Load Model

The hydraulic motor displacement equation is:

Tm =
Tmmax

Xpmax
Xp =

Tmmax

αmax
α (7)

α = KαXp (8)

where Tm is the displacement; Tmmax is the maximum displacement of the motor; Xp is
the displacement of the hydraulic cylinder; Xpmax is the maximum displacement of the
hydraulic cylinder; α is the swing angle of the motor swash plate; αmax is the maximum
swing angle of the motor swash plate; and Kα is the conversion coefficient between the
displacement of the hydraulic cylinder and the swing angle of the motor swash plate.

The motor torque balance equation is:

Mt = ∆PTm = Jm
d2 ϕ

dt2 + Bm
dϕ

dt
+ Gϕ + Mc (9)

where Mt is the motor torque; ∆P is the pressure difference between the inlet and outlet of
the motor; Jm is the equivalent moment of inertia converted from the motor and the load to
the motor shaft; ϕ is the motor shaft rotation angle; Bm is the equivalent viscous damping
coefficient of the motor and load; G is the torsional spring stiffness of the load; and Mc is
any external load moment acting on the motor shaft.

The Laplace transform of Formula (9) is:

∆PTm = Js2 ϕ + Lsϕ + Kϕ + Mc (10)

In the case of ignoring the motor load torsional elasticity (G = 0) and external load
torque (Mc = 0) and only considering the load inertia and friction, the block diagram of
the transfer function of the PMSS is displayed in Figure 2. The main parameters of the
simulation model have been shown in Table 3.
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Table 3. Main parameters for simulation model.

Symbol Description Value

Ev Flow gain of electro-hydraulic servo valve. 0.01 (m3/s)/V
ωv Natural frequency of electro-hydraulic servo valve. 596.9 rad/s
ξv Damping ratio of the servo valve. 0.6
Ap Effective area of the hydraulic cylinder piston. 1.39 × 10−3 m2

Bc Viscous damping coefficient of the piston and the load. 0.22 N·m/(rad/s)
Ctp Total leakage coefficient of the hydraulic cylinder. 1.61 × 10−13 (m3/s)/(N/m2)
Kx Transformation coefficient of displacement sensor. 11
Kf Speed and torque sensor coefficients. 0.01
Jm Equivalent moment of inertia of loading mechanical system. 1 kg·m2

3. Overview of Optimization Techniques

This section presents a detailed description of the hybrid optimization algorithm using
GWO and PSO techniques, explains the application of the hybrid optimization algorithm in the
PMSS, and finally verifies the properties of the developed algorithm using benchmark functions.

3.1. GWOPSO Hybrid Optimization Algorithm Description

The GWO is a heuristic optimization method presented by Mirjalili and others in 2014,
inspired by the natural phenomenon of grey wolf hunting and foraging [31]. The GWO
algorithm has low requirements for the optimization of the internal parameters and can
find the global ideal solution very well.

In 1998, Shi Yuhui et al. introduced a standard PSO algorithm using inertial weight [32].
The inertia weight ω indicates how much the initial velocity is preserved. In the standard
PSO algorithm, the optimization performance of the particles also has a certain relationship
with the learning factors c1 and c2, which define the effect of an individual particle’s
experience and the collective experience on the particle’s mobility path [33]. The learning
factor is usually a fixed constant, and c1 = c2 is generally set. The PMSS is a highly
complex and non-linear system; the linear decreasing weight strategy and fixed learning
factors of traditional PSO cannot reflect the optimal speed control procedure of the system.
Thus, this study provides the grey wolf particle swarm algorithm (GWOPSO) by taking
advantage of the high scalability of the GWO algorithm and its easy combination with
other algorithms [34]. The introduction of the GWO technique is to dynamically enhance
the inertia weight and learning factors in the PSO method. The GWOPSO algorithm can
optimize the whole search space and improve the response speed of the PMSS in the early
stage; in the later stage, the GWOPSO algorithm can identify the global optimal solution
quickly and effectively to improve the stable precision of the PMSS.

Combined with the elite group guidance strategy in the GWO algorithm, that is, during
the selection procedure, the grey wolf guild approaches the elite collective in a surrounding
manner for ω, c1, and c2 within a certain range. The mathematical model is as follows:

vij(t + 1) = ωbestvij(t) + c1bestr1[pij(t)− xij(t)] + c2bestr2[pgi(t)− xij(t)] (11)

xij(t + 1) = xij(t) + vij(t + 1) (12)

where ωbest is the optimized inertia weight; c1 and c2 are the optimized learning factors;
and r1 and r2 are the uniform random numbers in the range of [0, 1]. The algorithm flow is
shown in Figure 3.

3.2. Case Study of Benchmark Function

To fully validate the optimization performance of the project, this work selected eight
classical benchmark object functions that have been widely used for optimization testing.
Table 4 shows the benchmark functions and their characteristics. The eight benchmark
functions are divided into two different types according to their function characteristics:
unimodal functions and multimodal functions. Among them, f 1–f 4 are unimodal functions,
which only contain one global optimum, so these functions can detect the development
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capacity of the method, while multimodal functions (f 5–f 8) contain multiple local optimums;
although the global optimum is challenging to locate, it may be used to assess the algorithm’s
capacity for global exploration [35]. Furthermore, the benchmark functions selected should
have different features in terms of the scalability, separability, and dimensionality to be
genuinely effective in objectively assessing new algorithms in an unbiased manner. The
benchmark functions presented in Table 4 consist of separable and non-separable functions [36].
Since each variable in a separable function is independent of the others, they are relatively easy
to solve, such as f 1. Another problem that the algorithm may encounter is the scaling problem
with many orders of magnitude differences, such as f 4. Additionally, the complexity of the
problem usually rises as its dimension increases. This dimensionality may be a significant
obstacle for nearly all optimization algorithms for highly non-linear issues [37]. As a result, in
this study, the functions of various dimensions are chosen for testing.
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Figure 3. GWOPSO algorithm flow chart.

The GWOPSO algorithm is used to optimize the eight benchmark functions and
is contrasted with the conventional PSO algorithm, GWO algorithm, and GA algorithm.
These algorithms have been shown to have a good optimization performance and have been
implemented in a variety of sectors of study and engineering [38]. Therefore, comparing
the GWOPSO algorithm proposed in this paper with it can verify whether the GWOPSO
algorithm has superiority in optimizing the performance.
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Table 4. Benchmark functions.

Function Formulation Dim Range Optimum

Sphere f1 =
d
∑

i=1
x2

i
30 [−5.12, 5.12] 0

Matyas f2 = 0.26
(

x2
1 + x2

2
)
− 0.48x1x2 2 [−10, 10] 0

Trid f3 =
d
∑

i=1
(xi − 1)

2

−
d
∑

i=2
xixi−1

30 [−d2, d2] −d(d+4)(d−1)
6

Schaffer N.2 f4 = 0.5 +
sin2[x2

1−x2
2]−0.5

[1+0.001(x2
1+x2

2)]
2

2 [−100, 100] 0

Levy
f5 = sin2(πω1) +

d−1
∑

i=1
(ωi − 1)

2[
1 + 10 sin2(πωi + 1)

]
+(ωd − 1)2[1 + sin2(2πωd)

]
where ωi = 1 + xi−1

4 for all i = 1, . . . ,d

30 [−10, 10] 0

Cross-in-tray
f6 =

−0.001

[∣∣∣∣∣sin x1 sin x2e|100−
√

x2
1+x2

2
π |

∣∣∣∣∣+ 1

]0.1 2 [−10, 10] −2.0626

Bohachevsky f7 = x2
1 + 2x2

2− 0.3 cos(3πx1) cos(4πx2)+ 0.3 2 [−100, 100] 0

Drop-wave f8 = −
1+cos

(
12
√

x2
1+x2

2

)
0.5(x2

1+x2
2)+2

2 [−5.12, 5.12] −1

In order to ensure fairness and prevent errors caused by randomness, the basic param-
eters of the four algorithms selected for comparison are consistent: the initial population
size is 50, and the total of the iterations is 100. Each test function is independently tested
30 times. The mean and standard deviation of the optimization findings are recorded
and the empirical values are shown in Table 5, which is dimensionless. At the same time,
to visually analyze the constriction of the algorithm, Figure 4 shows the convergence
comparison of the four methods to the benchmark object functions.

Table 5. Results of benchmark functions.

Sequence Evaluation indicators GWOPSO PSO GWO GA

f 1
Mean 0.02315 448.8789 5.7264 × 10−6 0.9294

Std 0.04398 47.9375 5.3229 × 10−6 0.3430

f 2
Mean 8.3880 × 10−15 1.4914 × 10−12 2.8532 × 10−29 7.2804 × 10−4

Std 1.1664 × 10−14 3.5638 × 10−12 8.7844 × 10−29 2.6633 × 10−3

f 3
Mean −401.7920 −65.2186 −388.3638 −288.1802

Std 11.8836 23.5376 59.0900 22.9790

f 4
Mean 0 3.0494 × 10−15 7.4014 × 10−17 8.353 × 10−4

Std 0 5.5514 × 10−15 3.5956 × 10−16 2.3532 × 10−3

f 5
Mean 0.1627 97.1864 1.1091 0.2612

Std 0.1223 16.9248 0.2559 0.1088

f 6
Mean −2.0626 −2.0626 −2.0626 −2.0626

Std 0 0 0 0

f 7
Mean 0 1.2250 × 10−10 0 4.6977 × 10−4

Std 0 2.9880 × 10−10 0 2.0728 × 10−3

f 8
Mean −0.9966 −0.9899 −0.9851 −0.9540

Std 0.0113 0.0180 0.0270 0.0279
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The fitness mean and standard deviation in Table 5 reflect the convergence accuracy
and stability of different algorithms under a given number of independent runs, respectively.
The bold data in the table are the best test results. Figure 4 shows the optimal convergence
curve of each algorithm on the benchmark function so that the constriction performance of
the four methods may be compared intuitively. Through Table 5 and Figure 4, it is shown
that on the unimodal function f 1–f 4, the GWOPSO algorithm maintains a high constriction
rate from the beginning of the iteration and obtains the global optimum of the functions f 3
and f 4. For the functions f 1 and f 2, the optimization accuracy of the GWOPSO algorithm is
second only to the GWO algorithm, but the GWOPSO algorithm has a faster convergence
speed. At the same time, the standard PSO algorithm is trapped in the local optimum on
these functions. The GWOPSO algorithm not only discovers the global optimum but also
outperforms the other three algorithms in terms of the search accuracy, as indicated by the
std and mean of the function f 4 in Table 5. Moreover, Figure 4d illustrates the GWOPSO
algorithm’s excellent convergence speed for the function f 4. On the multimodal functions
f 5–f 8, the average fitness of the GWOPSO algorithm is smaller than that of the standard
PSO algorithm and has a better stability. The convergence accuracy of the functions f 5 and
f 7 is greatly improved, which indicates that the introduction of the GWO algorithm into the
PSO algorithm is effective in improving the optimization accuracy of the original algorithm.
For the f 6 function, the four algorithms have successfully obtained the theoretical optimal
solution, but according to the convergence curve in Figure 4f, the GWOPSO algorithm has
the fastest constriction rate.

In summary, it can be concluded that the GWOPSO algorithm is generally better
than the standard PSO algorithm, the GWO algorithm, and the GA algorithm, and the
comprehensive optimization performance is particularly outstanding, showing a higher
search accuracy, faster convergence, and better stability.

4. GWOPSO-PID Controller for PMSS Speed Control

Conventional PID controllers are linear controllers that are widely used in process
control to enhance the instantaneous state and steady state behavior of the scheme. The
input of the PID controller is mainly the deviation e(t) between the input signal rin(t)
and the output signal yout(t). The output u(t) of the controller is obtained by performing
proportional, integral, and differential operations on the deviation e(t), thus controlling the
controlled object [39]. The PID controller’s continuous form is defined as follows:{

e(t) = rin(t)− yout(t)
u(t) = Kpe(t) + Kie(t)dt + Kd

de(t)
dt

(13)

where Kp is the proportional parameter; Kd is the derivative parameter; and Ki is the
integral parameter.

In the design process of the PID parameters, the three independent variables Kp, Ki,
and Kd have a very important effect on the dynamic property of the PMSS, such as stability
and timeliness. The research shows that the system can achieve a quick reaction time and
excellent controllability by selecting the appropriate three parameters [40]. In this study,
the GWOPSO algorithm is proposed to optimize the PID controller, select the appropriate
objective function, and determine the three-parameter combinations of Kp, Ki, and Kd. The
goal function’s value is used to gauge how quickly the control system responds. In this
paper, the ITAE performance index is introduced into the performance evaluation of the
PID scheme as the objective function of the GWOPSO algorithm [41]. The ITAE is the
absolute error multiplied by time, which penalizes the error that exists after a long time
and is considered to be an important indicator for measuring the system’s performance.
The ITAE can be written as:

JITAE =

∞∫
0

t|e(t)|dt (14)
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Finding the PID controller with the optimum performance may be done by solving the
three parameters tuning issue as a sort of optimal search problem for the three independent
variables. The ITAE is converted into an objective function and the three PID parameters
are labelled as the coordinate locations of the particles in space. The three parameters
of the PID controller are determined after the GWOPSO algorithm is performed and the
ideal objective function’s ITAE is derived. The ITAE function’s minimum value in the
algorithm design is used to determine the best PID parameters during the iterative update
procedure. The best particle position is chosen as the final PID parameter if the PID
controller’s controllability satisfies the criteria of the engineering application. Figure 5
depicts the GWOPSO optimized PID control’s basic operation. The error value e(t) between
the real-time speed detected by the speed sensor and the target speed is input to the PID
controller and the ITAE performance indicator. The GWOPSO algorithm finds the optimal
PID parameters by seeking the performance indicator. The PID controller operates on the
error with the optimal parameters to obtain the controller output u(t), which is the input to
the PMSS, to realize the constant speed control of the PMSS.
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5. Results and Discussion

Given the specification requirements of the experimental system, the controller should
be designed to minimize the occurrence of a machine overload. In order to reduce cost
losses, the GWOPSO algorithm operates under a non-linear constraint, thus determining
the next sequence of the particle’s movements [42]. The PSO, GA, and GWO algorithms
are also contrasted with the GWOPSO algorithm during the same period. To accomplish
the concept of equity while comparing the four algorithms, the number of cycles, the
scope of the parameter settings, and the optimal solution are adjusted to be under identical
conditions. The following are three fundamental components that were used to evaluate
the developed PID controller:

(a) Temporal response characteristic.
(b) Load disturbance response.
(c) Robustness analysis.

Subject to a certain degree of measurement error, it was assumed in this study that the
experimental results accurately represented the behavior of the hydraulic system under
test. The simulation error is also constrained and falls within an established acceptable
range [43]. As depicted in Figure 6, a simulation model was built with rotational speed
serving as the system’s feedback. To validate the simulation model, a PMSS test bench was
established, as shown in Figure 7. The hydraulic pump provided oil to the operational
system, and the pilot pressure ranged from 0 to 35 bar. To measure the piston displacement,
a pull-wire displacement sensor was installed externally on one side of the hydraulic
cylinder. The motor swash plate’s initial position is locked during the experiment, and the
speed sensor records the motor’s actual speed. The analogue signals from the displacement
and speed sensors are converted into digital signals for the controller through a high-speed
data acquisition module. The controller regulates the opening size of the solenoid valve
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according to the motor’s speed, which leads to a change in the extension length of the
hydraulic cylinder piston rod and realizes the adjustment to the motor speed. Table 6
displays the technical specification of the aforementioned measuring equipment.
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Table 6. The technical specification of the main measuring equipment.

Equipment Name Manufacturer Model Measurement Range Measurement Accuracy

Pull-wire displacement sensor Micro-Epsilon WDS-2500 0–2500 mm 0.1 accuracy class
Rotational speed sensors HBH HCNJ-101 0–3000 rev/min ±0.1% accuracy class

Pressure transducers Barksdale 625T4-16 0–400 bar 0.2% FS accuracy
Data acquisition card INTEST INDAM8024 - -

5.1. Temporal Response Characteristic

According to the actual working environment of the PMSS applied to large machinery,
this paper reflects the tracking performance of the system through the response characteristics
of the system under a no-load state. When the system is at no-load, the desired speed of the
motor is set to 600 rpm [44]. By inputting a step signal to the PMSS, the dynamic response
characteristics of the system under no-load conditions are analyzed. The step response curves
under the no-load condition of the motor speed of the PMSS are shown in Figure 8.
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As can be seen from Figure 8a, under conventional PID control, the motor speed
reaches a steady-state regulation time of ts = 7.3 s with an overshoot of Mp = 13.6%, while
under the GWOPSO-PID control, the system reaches a steady-state regulation time of only
2.4 s, a reduction of 67.1% compared to the conventional PID control, and no overshoot
occurs. In addition, the GWOPSO-PID reduces the motor speed adjustment time by 64.7%,
78.6%, and 41.5% compared to the GWO-PID, PSO-PID, and GA-PID controls, respectively.
To confirm the research observations, the aforementioned simulation results were validated
using the PMSS actual architecture. The experimental system adopts the same GWOPSO-
PID controller and the experimental results are shown in Figure 8b. The presence of
equipment, manpower, and poor materials led to errors between the experimental system
and the mathematical description. As a result, the experimental system responded slightly
slower than in the simulation model and produced small oscillations in the step response
tracking performance test at no load. Figure 9 displays the iteration curve for the ITAE.
GWOPSO has the greatest exploring efficiency among the four methods, according to the
ITAE iteration curve, demonstrating the best promotion capabilities.
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5.2. Load Disturbance Response

In the actual working environment, the external load of construction machinery may
increase or decrease slowly. During the simulation, the ramp signal in Simulink can be used
to simulate this load condition. The part displays the PMSSs reduction potential using both
the indicated controllers and several controllers that have undergone external disturbances
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testing. To emphasize the stability and accuracy of the proposed GWOPSO-PID controller
for load disturbance in the PMSS, a ramp signal with a slope of −2 is created during the
PMSS operation to simulate the system’s slowly changing load state. Figure 10 shows the
dynamic response of the PMSS for a slow-varying load disturbance.
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Combined with Figure 10 and Table 7, it can be seen that the GWOPSO-PID controller
has a better control quality, with a lower overshoot and shorter regulation time to restore a
rebalance when the external load state of the system changes slowly at 17 s compared to
the conventional PID controller. The system speed loss ωp = 14.6% and the adjustment time
ts = 3.02 s controlled by the GWOPSO-PID are much smaller than the other three control
methods. As shown in the picture, when compared to existing controllers, the provided
GWOPSO-PID controller has the best load torque reaction time in terms of the velocity
degradation and rebalance regulation time. Figure 11 shows that the GWOPSO convergence
curve swiftly increases in the initialization step and casually strolls the minimum ITAE
during split rounds, thereby proving GWOPSOs excellent refining performance and ability
to depart from the local optimal solutions. The load fluctuations are thus satisfactorily
suppressed by the suggested regulator too.

Table 7. PID parameters and dynamic response characteristic.

Parameters
Method

Conventional PID GWOPSO GWO PSO GA

Kp 14.0151 6.0134 1.0569 11.0801 9.0981
Ki 0.1479 0.0031 0.0444 0.0209 0.0723
Kd 2.2758 0.0063 0.0128 1.0431 0.0054
Mp 14.2% 0 0 0 0
ts 8.9 3.6 4.7 7.7 6.2

ωp 22.7% 13.2% 14.6% 20.8% 17.5%

5.3. Robustness Analysis

In the actual working environment of construction machinery, the load on the motor
shaft end may suddenly increase or decrease, and the load condition of the system at this
time is a sudden-varying load. In the process of a simulation, the step signal in Simulink
is usually used to replace this load condition. The behavior of the system is observed by
the robustness analysis when subjected to the system uncertainties. A robust controller
is very much required for a system for maintaining the system’s acceptable response in
abnormal cases. In this paper, to demonstrate the robustness of the proposed method, a
reverse step load torque is suddenly added to the PMSS at 15 s and the dynamic response
characteristics of the system are analyzed.
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Parameters Method 
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It can be seen intuitively from Figure 12 that the actual speed of the motor is the same
as the expected speed when the steady state is reached under the sudden-varying load state
and the system loses speed at the moment of sudden-varying load loading. The conventional
PID controlled PMSS has problems such as a large overshoot and long adjustment time. The
GWOPSO-PID controller effectively improves the above situation. Additionally, compared
to the GWO-PID control, PSO-PID control, and GA-PID control, GWOPSO-PID control
reduces the amount of system speed loss ωp by 3.6%, 6.1%, and 2.5%, respectively, and
the rebalancing regulation time ts by 35.5%, 44.3%, and 27.9%, respectively. The box plot
displays the system stability by calculating the ITAE graphical dispersion. It can be seen from
Figure 13 that the ITAE calculated by GWOPSO-PID has the smallest outlier and the lowest
dispersion degree in all of the algorithms, which demonstrates that the GWOPSO-PID has an
outstanding balance. The results further confirm the excellent robustness of the GWOPSO-PID
controller. In addition, to further emphasize the stability of the GWOPSO-PID controlled
PMSS, Figure 14 shows the Bode plot of the system. The Bode plot is closely linked to the
time-domain response and visualizes the response characteristics of the input and output of
the whole system. By adjusting the shape of the Bode plot, the design and verification of the
controller can be realized. From Figure 14, we can visualize that the crossing frequency of
the system is 28.2 rad/s, the phase margin is 86.1◦, and the gain margin is 28.7 dB. When the
open-loop logarithmic amplitude-frequency characteristic curve reaches the 0 dB line when its
logarithmic phase-frequency characteristic curve is still above the−180◦ line, i.e., the phase is
less than −180◦, then the closed-loop system is stable.
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6. Conclusions

The PMSS is frequently implemented for the precise speed control of mechanical
equipment and industrial processes. This research suggests a brand-new technique for the
PMSSs speed control that applies a PID controller based on the GWOPSO algorithm to
enhance the dynamic response characteristics and anti-interference capability of the system.
The main conclusions can be summarized as follows:

(1) We developed a novel hybrid optimization algorithm called GWOPSO. The GWOPSO-
PID controller was designed for the PMSSs speed control. The PID controller opti-
mized by GWOPSO has better parameters, so it presents higher control precision for
the PMSS.

(2) The GWOPSO-PID control PMSS simulation study and experimental verification. The
system’s adjustment time to reach a steady state under no-load conditions is decreased
by 78.6%, 64.7%, 67.1%, and 41.5%, respectively, compared to the conventional PID
control, GWO-PID, PSO-PID, and GA-PID. The system responds more quickly.

(3) We examined the system’s robustness and stability under various load scenarios.
According to the results, under slow-varying load situations, the system’s speed loss
is decreased by 9.5%, 1.4%, 7.6%, and 4.3%, and under sudden-varying load cases, the
system’s rebalancing time is reduced by 48.9%, 35.5%, 44.3%, and 27.9%, respectively.

The control strategy created in this study is better able to suppress any potential system
output variation brought on by load perturbations. In the future, to further actualize the
autonomous control of higher-order non-linear systems, deep learning technology should
be further coupled with this method.
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Nomenclature

Abbreviations
PMSS Pump–motor servo system GA Genetic algorithm
EHSS Electro–hydraulic servo system PID Proportional–integral–derivative
GWO Grey wolf optimization ITAE Integrated time and absolute error
PSO Particle swarm optimization
Symbols
Qv Output flow of the servo valve (m3/s) Ap Effective area of the hydraulic cylinder piston (m2)
Uv Input voltage of the servo valve (V) xp Piston displacement (m)
ξv Damping ratio of the servo valve (N/(m/s)) βe Equivalent bulk elastic modulus (Pa)
ωv Natural frequency of the servo valve (Hz) Vt Total compression volume (m3)
UX Output voltage of the displacement sensor (V) Mt Motor torque (N·m)
KL Spring stiffness of the load (N/m) PL Load pressure of the hydraulic cylinder (N/m2)
Xp Displacement of the hydraulic cylinder (m) FL Any external load force acting on the piston (N)
Ctp Total leakage coefficient of the hydraulic cylinder (m3/(pa·s))
mp Total mass of the piston and the load converted to the piston (kg)
∆P Pressure difference between the inlet and outlet of the motor (Pa)
Jm Equivalent moment of inertia converted from the motor and the load to the motor shaft (kg·m2)
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