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Abstract: To address the anti-swing issue of the payload in bridge cranes, Proportional–Integral–
Derivative (PID) control is a commonly used method. However, parameter tuning of the PID
controller relies on empirical knowledge and often leads to system overshoot. This paper proposes
an Improved Sparrow Search Algorithm (ISSA) to optimize the gains of PID controllers, alleviating
adverse effects on payload oscillation and trolley positioning during the operation of overhead
cranes. First, tent map chaos mapping is introduced to initialize the sparrow population, enhancing
the algorithm’s global search capability. Then, by integrating sine and cosine concepts along with
nonlinear learning factors, the updating mechanism of discoverer positions is dynamically adjusted,
expediting the solving process. Finally, the Lévy flight strategy is employed to update follower
positions, thereby enhancing the algorithm’s local escape capability. Additionally, a fitness function
containing overshoot penalties is proposed to address overshoot issues. Simulation results indicate
that the overshoot rates of all algorithms remain less than 3%. Moreover, compared with the Sparrow
Search Algorithm (SSA), Particle Swarm Optimization (PSO), Simulated Annealing (SA), and Whale
optimization Algorithm (WOA), the optimized PID control system with the ISSA algorithm exhibits
superior control performance and possesses certain robustness and adaptability.

Keywords: bridge crane; sparrow search algorithm; PID control; fitness function; anti-swing control

1. Introduction

Bridge cranes play an indispensable role in modern factories as efficient handling
equipment. Their flexibility, efficiency, and low impact on the floor and surrounding equip-
ment make them essential handling tools in various types of factories. However, most
industrial cranes still rely on manual operation, which often results in low efficiency and
poor precision and can even cause the crane to swing due to the influence of the lifting mech-
anisms. This swinging can cause difficulties for operators in terms of system automation,
thereby prolonging task completion times and reducing production efficiency. Therefore,
anti-swing control of crane payloads and automatic trolley positioning technology have
become key factors in improving the automation level of crane lifting operations.

In recent years, with the continuous improvement in industrial automation levels,
the intelligent anti-swaying and positioning control of bridge crane systems has garnered
significant attention and numerous control methods have been rapidly developed. These
methods may differ in their basic objectives, but they can generally be categorized into
two main types: closed-loop control [1–3] and open-loop control [4]. Open-loop control
is relatively simple, as it only requires consideration of the input control signals without
concerning the position of the crane trolley or the angle of the payload sway. Input
shaping [5] is an open-loop technique used in real-time applications and has been widely
applied in anti-swaying control for cranes. This technique achieves the reduction in system
vibrations by convolving the command input signal with a series of pulses designed based
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on the system’s inherent frequency and damping ratio. Its fundamental principle lies
in effectively suppressing vibrations that may occur within the crane system through
meticulously designed pulse sequences, thereby enhancing system stability and control
performance. The application of this method not only reduces vibration amplitudes but
also improves the smoothness and precision of crane operation, thereby enhancing the
efficiency and safety of the handling process. To address the impact of payload hoisting
and the uncertainty of parameters, Cutforth and Pao [6] proposed an adaptive input
shaping method based on flexible modal frequency variations. This method aims to
cope with parameter uncertainties. Although input shaping techniques have achieved
certain effectiveness in the anti-swaying control of cranes, their control targets are ideally
determined using model parameters. Therefore, their performance may not be ideal when
encountering external disturbances. Huang et al. [7,8] employed command smoothing
techniques, coupled with dual pendulums and distributed mass payloads, to suppress
oscillations in bridge cranes. Kim et al. [9] proposed an enhanced adaptive unscented
Kalman filter. Simulations and practical experiments on a small-scale bridge crane system
demonstrated that the proposed method is suitable for estimating payload swaying angles
and friction forces.

Compared to open-loop control, closed-loop control allows for real-time and pre-
cise monitoring of both the payload swing angle and the position of the trolley during
crane motion, enabling feedback control based on the acquired information. Therefore,
in modern technological developments, the application of closed-loop control in crane
sway suppression is becoming increasingly widespread. Yang and Xiong [10] employed
the Linear Quadratic Regulator (LQR) method for the anti-sway control of overhead cranes.
Adeli et al. [11] designed a parallel distributed fuzzy LQR controller combined with genetic
algorithms for the anti-sway control of double-pendulum overhead cranes. Wang et al. [12]
addressed the sway suppression and positioning issues of a double-pendulum bridge crane
system by designing a novel time-varying sliding mode control (NTVSMC). This method
effectively reduces the driving force of the trolley while ensuring rapid and accurate po-
sitioning, thereby suppressing the swinging of the payload sway angle. Guo et al. [13]
devised a sliding mode control (SMC) method augmented with an extended state ob-
server (ESO) for the positioning and two-stage swing suppression of a three-dimensional
double-pendulum crane. Experimental findings demonstrate the method’s capability to
achieve rapid and accurate positioning while effectively mitigating swing oscillations.
Qiu et al. [14] proposed a disturbance observer for estimating external disturbances to
address the adaptive fuzzy finite-time control problem based on disturbance observers
for strict-feedback nonlinear systems. The effectiveness of this approach was verified
through simulation studies on a single-link manipulator. Rubio et al. [15] proposed an
observer-based differential evolutionary constraint control method for the safe reference
tracking of robots. Qian et al. [16] proposed an enhanced anti-sway tracking control strategy
based on adaptive neural networks for offshore crane systems, and the effectiveness of
this method was validated through experiments. The PID control is a commonly used
linear control technique in crane systems, where its three key parameters significantly
influence the system’s stability and response characteristics. Therefore, selecting suitable
parameters has become an important issue. In recent years, numerous scholars have de-
voted themselves to researching various intelligent optimization methods to achieve the
optimization of PID parameters. Liu et al. [17] proposed a backpropagation neural network
PID (BP-PID) control method for DC motor speed regulation. They compared its perfor-
mance to the fuzzy PID (FPID) and traditional PID control methods, demonstrating its
superiority. Xiao et al. [18] proposed a fuzzy PID control strategy optimized using the bee
colony algorithm. The improved PID controller achieved excellent control precision in the
torque control of magnetorheological (MR) clutches. Chen et al. [19] proposed a combined
Cuckoo Search Optimization with an Improved Grey Wolf Optimization (CSO-IGWO)
algorithm for tuning PID controller parameters. This algorithm utilizes the tent chaotic
mapping method for population initialization and incorporates Lévy flight strategy to
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update position equations, enabling grey wolf individuals to make large jumps to expand
the search space without easily becoming trapped in local optima. Fu et al. [20] combined
the wandering lion optimization algorithm (LSO) with fuzzy PID control, introducing the
LSO algorithm and incorporating a scattering operator, effectively enhancing its global
search performance. This method reduces the probability of the algorithm becoming stuck
in local optima and employs a nonlinear adaptive method to update inertia weights and
learning coefficients. Rubio [21] proposed an improved bat control algorithm to enhance
the trajectory tracking accuracy of robots. Experimental results indicate that the improved
bat control algorithm achieved the best increase in trajectory tracking accuracy, and the
proposed control method can be applied to other systems. Wang et al. [22] proposed an
opposition-based learning jumping spider optimization algorithm to adjust the parameters
of PID controllers, aiming to address the intelligent control problems related to the inlet
flow rate, pressure, and temperature of heat exchangers in gas turbine cooling systems.

Since the sparrow search algorithm (SSA) proposal in 2020 [23], the SSA algorithm
has been applied in many fields [24,25]. It mainly simulates the foraging behavior of
sparrows to solve global optimization problems. Compared to other swarm intelligence
optimization algorithms, the SSA algorithm has the characteristics of short learning time,
high optimization accuracy, fast convergence speed, and good stability. However, in some
cases, the SSA algorithm exhibits reduced search capability and decreased population
diversity during the later stages of iteration, leading to drawbacks such as slow conver-
gence speed, low solution accuracy, and susceptibility to local optima [26]. Therefore,
improving the SSA algorithm has become a research hotspot. Qin et al. [27] combined the
sparrow search algorithm with the traditional machine learning model Classification and
Regression Trees (CART) to establish an SSA-CART optimization model for predicting pork
prices. Jianhua and Zhiheng [28] proposed an optimization strategy that integrates the
butterfly optimization algorithm (BOA). By improving the position updating strategy of
the discoverers, the algorithm’s global exploration capability is enhanced. Xiong et al. [29]
adopted an elite chaotic reverse learning strategy to generate the initial population and
proposed an FOC-SSA algorithm. This algorithm improves the quality of initial individuals
and population diversity to enhance the algorithm’s capability to escape local optima and
convergence performance.

Based on the above research, it can be observed that with the continuous improvement
in and application of metaheuristic algorithms, each algorithm has its unique advantages.
Considering the novelty and limitations of the sparrow search algorithm (SSA), this study
explored strategies suitable for addressing practical engineering problems and proposes a
multi-strategy improved sparrow search algorithm (ISSA) combined with a PID controller
to optimize controller gains. Firstly, by introducing tent chaotic mapping for initializing the
sparrow population, the algorithm’s global search capability is enhanced while maintaining
population diversity. Secondly, to tackle the slow convergence speed problem of the SSA
algorithm when dealing with high-dimensional complex problems, the concepts of sine and
cosine are combined, and a nonlinear learning factor is introduced to dynamically adjust
the update mechanism of discoverer positions, thereby accelerating the solution process.
Lastly, the Lévy flight strategy is employed to update follower positions, introducing
perturbations and altering the current optimal solution, thereby enhancing the algorithm’s
local escape capability. Additionally, addressing the common occurrence of overshoot
in practical scenarios, a fitness function incorporating overshoot penalties is proposed to
mitigate overshoot issues. This algorithm is then applied to optimize the PID controller
parameters of a bridge crane. Through analysis of simulation results, the PID control system
optimized by the ISSA algorithm demonstrates superior control performance compared to
the SSA, PSO, SA, and WOA algorithms, while also exhibiting robustness and adaptability.

The content arrangement of this paper is as follows: Section 1 provides a general
introduction. Section 2 elaborates on the theoretical model of the bridge crane, establishing
its mathematical model using the Lagrangian equation. Section 3 innovatively introduces
the SSA algorithm and its enhancements with multiple strategies. Section 4 describes how
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the ISSA algorithm is combined with PID controllers and applied to bridge crane control.
Section 5 conducts simulations and analyses of the proposed method, examining the control
effects of various algorithms on parameter variations and disturbances in bridge crane
operations. Finally, conclusions are drawn in Section 6.

2. Mathematical Model of Bridge Crane

Many studies [30,31] have indicated that the coordinated motion of the trolley and
crane can be decomposed and understood as independent two-dimensional motions.
Focusing on the trolley’s motion allows the crane payload system to be simplified. As
illustrated in Figure 1, the control system regulates the horizontal motion of the trolley
on the bridge, thereby indirectly controlling the movement and sway of the payload by
manipulating the trolley’s motion.
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Figure 1. Two-dimensional model of a bridge crane.

In practical operations, the crane is influenced by various factors, including the shape and
mass of the payload, the length of the wire rope, external disturbances, and so on. This makes
it a multivariable nonlinear system. Considering the complexity of mathematically modeling
all these factors, in order to better establish motion models for studying sway suppression, it
is necessary to simplify the system while ensuring that it conforms to engineering reality and
sufficiently describes the system performance. By neglecting some relatively minor factors, the
following assumptions are made about the system:

• Assumption 1: The motion of the trolley and the load is considered to be that of point masses.
• Assumption 2: During operation, the friction between the track and the wheels is

proportional to the running speed. The effects of disturbances such as air resistance
and wind force are neglected.

• Assumption 3: The driving force of the trolley is controllable, and the attenuation of
transmission mechanisms such as motors is ignored.

The direction of the driving force acting on the trolley is defined as the positive
horizontal direction (to the right) in the system, with the downward direction from the
trolley’s center of mass designated as the positive vertical direction. The general form of
the Lagrangian dynamics equations can be described as follows:{

L
(
qi,

.
qi
)
= T

(
qi,

.
qi
)
− V

(
qi,

.
qi
)

d
dt

(
∂L
∂qi

)
− ∂L

∂qi
= Fi

(1)

where L is the Lagrangian operator, T represents the kinetic energy, V represents the
potential energy, time t is the independent variable, and the generalized coordinates qi
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(where i = 1, 2, 3) are the dependent variables. Here, q1, q2, and q3, respectively, represent
trolley position x, payload swing angle θ, and length of the payload’s cable l in Figure 1. Fi
represents the generalized external force acting on the generalized coordinate qi.

Using generalized coordinates to establish the differential equations for a system
consisting of a three-degrees-of-freedom trolley and load, the mathematical model of the
bridge crane hoisting system can be described as follows [32–34]:

L =
1
2
(mc + ml)

.
x2

+
1
2

(
.
l
2
+ l2

.
θ

2
+ 2

.
x

.
l sin θ + 2

.
xl

.
θ cos θ

)
− ml gl(1 − cos θ) (2)

where g is the gravitational acceleration. Simplifying the system of Equations (1) and (2),
we obtain the following:

(mc + ml)
..
x + ml

..
l sin θ + 2ml

.
l

.
θ cos θ − ml l

.
θ

2
sin θ + ml

..
θ cos θ = F − µ

.
x

ml
..
l + ml

..
x sin θ + ml

.
xl

.
θ cos θ = Fl

l
..
θ + 2

.
l

.
θ + g sin θ +

..
x cos θ = 0

(3)

Considering practical scenarios, bridge cranes often commence lifting operations only
after the load has been raised to a predetermined height, and lowering of the load occurs
once both the trolley and the load have reached their designated positions. Thus, the
deformation of the wire rope can be disregarded, denoted as

..
l =

.
l = 0. Furthermore, to

ensure safety, the sway angle is typically kept minimal, especially near the stable point,
where it approximates cos θ = 1, sin θ = θ,

.
θ = 0, as derived from Equation (3):{

(mc + ml)
..
x + ml l

..
θ + µ

.
x = F

l
..
θ +

..
x + gθ = 0

(4)

Taking the Laplace transform of both sides of Equation (4), we obtain the following:{
F(s) =

(
mcs2 + mls2 + µs

)
X(s) + ml ls2θ(s)

ls2θ(s) + gθ(s) + s2X(s) = 0
(5)

Simplifying Equation (5), the transfer functions for the position of the trolley and the
swing angle of the load can be obtained. G1(s) =

X(s)
F(s) = ls2+g

mc ls4+µls3+(mc+ml)gs2+µgs

G2(s) =
θ(s)
F(s) =

−s2

mc ls4+µls3+(mc+ml)gs2+µgs

(6)

where G1(s) denotes the transfer function for the trolley position, where the input is the
trolley driving force, and the output is the trolley position. Meanwhile, G2(s) represents
the transfer function for the load swing angle, where the input is the trolley driving force,
and the output is the payload swing angle.

3. Multi-Strategy Improved Sparrow Search Algorithm
3.1. Traditional Sparrow Search Algorithm

The sparrow population is primarily composed of discoverers and followers. Discov-
erers assist the sparrow population in locating food and guiding them to food sources,
while followers accompany the discoverers to obtain food. Additionally, a portion of
individuals in the sparrow population are randomly selected as sentries. Sentries emit
warnings upon detecting danger, prompting the entire sparrow flock to flee to safety. The
sparrow aggregation matrix is as follows:

X = [x1,, x2, x3, . . . , xn]
T

xi = [xi,1, xi,2, xi,3, . . . , xi,d]
T (7)
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where n represents the quantity of sparrows in the population, d represents the dimension
of the variable, i = (1, 2 . . . , n). The fitness function is used to evaluate the performance
or adaptability of each sparrow individual and is a critical component of optimization
algorithms. The fitness function of the sparrow population is represented by Equation (8):

F(x) = [ f (x1), f (x2), . . . , f (xn)]
T (8)

Each f (x) in F(x) denotes the adaptability of an individual. Sparrows with superior
adaptability are given precedence in obtaining food and function as foragers, guiding the
entire population towards the food source. The updating mechanism for the discoverers’
positions is outlined as follows:

Xt+1
i,j =

{
Xt

i,j · exp( −i
∂·T ), R2 < ST

Xt
i,j + M · N, R2 ≥ ST

(9)

where Xt
i,j represents the position of the ith sparrow in the jth dimension. t denotes the

number of iterations of the population. T stands for the maximum iteration times of the
population. ∂ represents a random number within the range [0, 1]. M represents a random
number following a normal distribution within the range [0, 1]. N represents a matrix of
size 1 × d, where each element in the matrix has a value of 1. R2 and ST, respectively,
represent the warning value and the safe value. When R2 < ST, it indicates that the
sparrows have not detected any predators during the foraging process and can continue to
expand the search for prey over a large area; otherwise, it indicates that predators of the
sparrow population have started to appear, and the entire sparrow population needs to fly
quickly to other areas.

Apart from discoverers, most sparrows are followers, which obtain food by following
the discoverers. The update rule for the follower’s position is given by Equation (10):

Xt+1
i,j =

 M · exp(
Xt

worst−Xt
i,j

i2 ), i > n
2

Xbest
t+1+

∣∣∣Xt
i,j − Xbest

t+1
∣∣∣·Z′ · N, i ≤ n

2

(10)

In the equation, Xbest represents the global best position, Xworst represents the global
worst position, Z is a 1 × d matrix, and Z′ = ZT(ZZT)

−1. When i ≤ n
2 , it indicates that the

ith follower has a higher fitness value and can obtain sufficient food; otherwise, it means
that its fitness value is lower and it needs to go elsewhere to replenish food.

In order to ensure the safety of the population, a small portion of individuals in the
sparrow population are selected as sentries. The position updating method for sentries is
given by Equation (11):

Xt+1
i,j =

{
Xt

best + b·
∣∣Xt

i,j − Xt
best

∣∣, fi > fg

Xt
i,j + k · ( |X

t
i,j−Xt

worst|
( fi− fw)+ε

), fi = fg
(11)

where b is a randomly generated number with a controllable step size following a normal
distribution within the range [0, 1]. k represents the sparrow’s movement direction, which is
a uniformly distributed random number within the range [−1, 1]. fi, fg and fw represent the
fitness values of individual sparrows, the global optimal fitness value, and the global worst
fitness value, respectively. ε is a small constant to avoid division by zero. fi = fg indicates
that the sparrow is at the edge of the population, making it vulnerable to predator attacks.

The flowchart of the traditional SSA is illustrated in the Figure 2.
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3.2. Proposed ISSA Algorithm
3.2.1. Tent Chaotic Map Strategy

The tent chaotic map strategy [35] is an initialization method used in optimization
algorithms. This strategy leverages the characteristic that the traversal of the tent chaotic
map is uniform and random. This makes it easier for the algorithm to escape local optima
and enhances its global search capability. Therefore, introducing the tent chaotic map
strategy helps maintain population diversity and improves the convergence speed and
optimization accuracy of the algorithm. The equation is as follows:

zi+1 =

{ √
2 · zi, 0 ≤ zi ≤ 0.5√
2 · (1 − zi), 0.5 < zi ≤ 1

(12)

where z is a random point between 0 and 1, and i represents the current iteration number.
Mapping the variable values generated by the tent chaotic map to the sparrow individuals
yields the initialization of the overall tent chaotic population.

Xi,j = XLB + (XUB − XLB)zi+1 (13)

In the equation, X represents the mapped individual; XUB and XLB denote the upper
and lower bounds for each individual and each dimension, respectively. z is the tent chaotic
sequence generated according to Equation (12).

3.2.2. Incorporating the Ideas of the Sine–Cosine Algorithm

In the basic SSA algorithm, when the fitness of sparrow individuals falls below the
threshold ST, the positions of discoverers gradually shrink with the increase in iterations,
leading to the convergence of the search space and increasing the risk of falling into
local optimal solutions. To address this issue, we incorporate the idea of the sine–cosine
algorithm (SCA) [36,37] into the updating process of the discoverers’ positions and we
introduce a nonlinear sine learning factor. In the early stages of the search, the learning
factor has a relatively large value, facilitating global exploration. Conversely, in the later
stages of the search, the learning factor has a smaller value, aiding in enhancing local
exploration capability and optimization accuracy.
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The nonlinear sine learning factor as in Equation (14) is as follows:

λ = λmin + (λmax − λmin) · sin(tπ/T) (14)

The equation for the updated positions of discoverers after improvement are shown below:

Xt+1
i,j =

 (1 − λ) · Xt
i,j + λ · sin(r1) ·

∣∣∣r2 · Xbest − Xt
i,j

∣∣∣, R2 < ST

(1 − λ) · Xt
i,j + λ · cos(r1) ·

∣∣∣r2 · Xbest − Xt
i,j

∣∣∣, R2 ≥ ST
(15)

In Equation (15), r1 is a random number in the range [0, 2π], and r2 is another random
number in the range [0, 2].

3.2.3. Lévy Flight Strategy

The Lévy flight strategy is a random search algorithm that follows the Lévy distribu-
tion, achieving a balance between short-distance exploration and occasional long-distance
movements. In the traditional SSA optimization process, when the discoverers iterate
a certain number of times without a change in fitness value, followers will take over as
new discoverers. This transition may lead to issues such as compromised global search
capability, limited local development, and susceptibility to local optima. To mitigate the risk
of falling into local optima, we introduce the Lévy flight strategy into the follower update
equation. This strategy enhances the flexibility of individual position changes, expands the
search space, and helps prevent the algorithm from becoming stuck, thus maintaining the
discoverers’ effective global search capability.

The updated equation for the follower’s position is as follows:

Xt+1
i,j =

{
M · exp(

Xt
worst−Xt

i,j
i2 ), i > n

2
Xp

t+1 + Xp
t+1 ⊗ Lvy(d), i ≤ n

2

(16)

where Xp
t+1 represents the current best position occupied by the discoverer. The mecha-

nism of Lévy flight is as follows:

Lvy(x) = 0.01 × r3 × ζ

|r4|
1
σ

(17)

where r3 and r4 are random numbers within a range [0, 1], and the value of σ can be taken
as 1.5. The calculation method for ζ is as follows:

ζ =

(
g(1 + σ)× sin(πσ/2)

g((1 + σ)/2)× σ × 2((σ−1)/2)

)
(18)

where g(x) = (x − 1)!.

3.2.4. General Framework of ISSA

The ISSA algorithm first initializes the population using tent chaotic mapping to
enhance population diversity. Next, it integrates the sine–cosine concept and introduces a
nonlinear learning factor to dynamically adjust the update mechanism of the discoverer’s
position, thereby accelerating the solution rate. Finally, the ISSA algorithm introduces the
Lévy flight strategy into the follower’s position updating method to perturb and mutate
the current optimal solution, enhancing local escape capabilities.

Step 1: Initialize algorithm parameters, including population size n, dimension d,
discoverers PD, sentinels SD, warning value ST, upper bound ub, lower bound lb, and
maximum iteration number T.
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Step 2: Initialize the entire population using the tent chaotic sequence from Equa-
tion (12), generating nd-dimensional vectors zi, then map them to the variable range of the
original problem space using Equation (13).

Step 3: Compute the fitness fi of each sparrow, then select the current optimal fitness
value fg and its corresponding position Xbest.

Step 4: Select the top sparrows with strong adaptability as discoverers, and the rest
as followers. After incorporating the sine–cosine algorithm (SCA) idea and introducing a
dynamic learning factor, update the discoverer’s position according to Equation (15).

Step 5: The remaining sparrows act as followers, introducing the Lévy flight strategy
and updating the follower’s position based on Equation (16).

Step 6: Randomly select sparrows from the sparrow population as sentries and update
their positions according to Equation (11).

Step 7: After one iteration, recalculate the fitness value fi of each sparrow and the
average fitness value fav of the entire sparrow population.

Step 8: Based on the current status of the sparrow population, update the optimal
position Xbest and its fitness value fg experienced by the entire population.

Step 9: Check if the algorithm meets the termination conditions. If yes, end the
algorithm and output the results; otherwise, return to Step 4.

The flowchart of the ISSA is illustrated in the Figure 3.
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3.3. Performance of ISSA

To validate the improved performance and effectiveness of the ISSA, we employed
the CEC-2005 test suite for evaluation. The CEC-2005 suite comprises a set of challenging
benchmark functions characterized by intricate local optima, effectively simulating the
complexity of real search spaces. Testing on these benchmark functions allows for a com-
prehensive assessment of algorithmic performance and robustness. Some of the benchmark
functions are listed in Table 1.



Appl. Sci. 2024, 14, 5165 10 of 26

Table 1. Benchmark test functions.

Function Name Search Space Dimensionality Optimum Value

F1 (Sphere) [−100, 100] 30 0
F2 (Schwefel 2.22) [−10, 10] 30 0
F3 (Schwefel 1.2) [−100, 100] 30 0

F4 (Schwefel 2.21) [−100, 100] 30 0
F5 (Generalized

Rosenbrock) [−30, 30] 30 0

F6 (Step Function) [−100, 100] 30 0
F7 (Quartic) [−1.28, 1.28] 30 0

F8 (Schwefel 2.26) [−500, 500] 30 −12,569.5
F9 (Rastrigin) [−5.12, 5.12] 30 0
F10 (Ackley) [−32, 32] 30 0

F11 (Griewank) [−600, 600] 30 0
F12 (Generalized

Penalized Function1) [−50, 50] 30 0

F13 (Generalized
Penalized Function2) [−50, 50] 30 0

F1–F7 represent multi-dimensional unimodal functions, which are typically difficult to
solve and are suitable for evaluating the solving and optimization capabilities of algorithms.
Meanwhile, F8–F13 represent multi-dimensional multimodal functions, characterized by
multiple local optimal points and barriers, and are suitable for evaluating the ability of
algorithms to escape local optimal values.

The experiments were conducted on an Intel(R) Core(TM) i5-12600KF processor run-
ning at 3.70 GHz, with 32.00 GB of RAM, using the Windows 10 operating system and
MATLAB R2022b. During the evaluation of the ISSA algorithm, it was compared against
SSA and three other widely respected metaheuristic algorithms (SA, WOA, and PSO).
By statistically analyzing the results from 30 independent runs, we could gain a more
accurate understanding of the ISSA’s performance relative to other algorithms. Through
the repeated debugging and operation of all algorithms, the parameter values are as shown
in Table 2.

Table 2. Parameter values of five algorithms.

Symbols Meaning ISSA SSA PSO SA WOA

N Population size 50 50 50 / 50
T Maximum iterations 200 200 200 / 200

PD Discoverers 0.2 0.2 / / /
SD Sentinels 0.1 0.1 / / /
R2 Warning value 0.8 0.8 / / /
λ Learning coefficient [0.4, 1] / / / /
c1 Learning coefficient 1 / / 2 / /
c2 Learning coefficient 2 / / 2 / /
ω Inertia weight / / 0.7 / /
v Velocity / / [−1, 1] / /
T0 Initial temperature / / / 100 /
Tf Final temperature / / / 0.001 /
α Annealing coefficient / / / 0.95 /
a Decreasing vector / / / / [2, 0]
b Constant factor / / / / 1

The experimental results are based on datasets obtained from 30 independent runs for
each benchmark test function. We utilize the average value and standard deviation for the
13 test functions as the final performance evaluation metrics. These metrics are presented
in Table 3.
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Table 3. ISSA and optimization results of other algorithms (SSA, PSO, SA, WOA) in test functions.

Function Name PSO SA WOA SSA ISSA

F1 (Sphere) Mean 5.30 × 104 2.62 × 103 3.05 × 10−31 7.83 × 10−178 0.00 × 100

Std 6.77 × 103 1.59 × 103 5.52 × 10−31 0.00 × 100 0.00 × 100

F2 (Schwefel 2.22) Mean 8.94 × 1011 5.09 × 101 4.00 × 10−17 2.48 × 10−91 3.16 × 10−207

Std 1.47 × 1012 1.47 × 101 7.53 × 10−17 6.58 × 10−91 0.00 × 100

F3 (Schwefel 1.2) Mean 1.00 × 105 1.44 × 104 7.55 × 103 3.40 × 10−238 0.00 × 100

Std 4.01 × 104 4.71 × 103 7.22 × 103 0.00 × 100 0.00 × 100

F4 (Schwefel 2.21) Mean 7.99 × 101 3.34 × 101 3.62 × 10−2 6.37 × 10−72 1.66 × 10−203

Std 5.41 × 100 3.43 × 100 5.25 × 10−2 1.80 × 10−71 0.00 × 100

F5 (Generalized Rosenbrock) Mean 1.60 × 108 4.68 × 105 5.09 × 10−1 1.52 × 103 8.55 × 10−4

Std 6.47 × 107 3.18 × 105 4.39 × 10−1 1.43 × 103 1.42 × 10−3

F6 (Step Function) Mean 5.54 × 104 2.26 × 103 6.97 × 10−3 1.28 × 10−6 7.49 × 10−7

Std 9.81 × 103 7.29 × 102 4.18 × 10−3 1.05 × 10−6 1.13 × 10−6

F7 (Quartic) Mean 8.15 × 101 7.03 × 10−1 2.21 × 10−3 2.93 × 104 9.42 × 10−5

Std 2.92 × 101 2.24 × 10−1 3.81 × 10−3 1.98 × 104 1.03 × 10−4

F8 (Schwefel 2.26) Mean −4.28 × 103 −7.65 × 103 −1.22 × 104 −7.46 × 103 −1.00 × 104

Std 6.15 × 102 6.01 × 102 7.75 × 102 1.56 × 103 1.30 × 103

F9 (Rastrigin) Mean 4.28 × 102 1.17 × 102 0.00 × 100 0.00 × 100 0.00 × 100

Std 2.16 × 101 1.99 × 101 0.00 × 100 0.00 × 100 0.00 × 100

F10 (Ackley) Mean 1.99 × 101 1.23 × 101 1.17 × 10−14 4.44 × 10−16 4.44 × 10−16

Std 8.55 × 10−2 2.11 × 100 7.42 × 10−15 0.00 × 100 0.00 × 100

F11 (Griewank) Mean 4.93 × 102 2.66 × 102 0.00 × 100 0.00 × 100 0.00 × 100

Std 9.11 × 101 1.09 × 101 0.00 × 100 0.00 × 100 0.00 × 100

F12 (Generalized Penalized Function1) Mean 3.30 × 108 5.67 × 103 9.67 × 10−4 3.63 × 10−7 1.81 × 10−7

Std 1.35 × 108 1.01 × 104 9.37 × 10−4 2.53 × 10−7 2.06 × 10−7

F13 (Generalized Penalized Function2) Mean 6.59 × 108 3.63 × 105 1.03 × 10−2 5.04 × 10−6 1.04 × 10−6

Std 2.85 × 108 5.43 × 105 1.15 × 10−2 5.44 × 10−6 1.12 × 10−6

Table 3 presents the mean and standard deviation of results obtained from 30 indepen-
dent runs of five algorithms on benchmark test functions under 30-dimensional conditions.
A smaller mean indicates the better optimization performance of the algorithm, while the
standard deviation reflects the system’s stability. As shown in Table 3, ISSA generally
outperforms the other four algorithms in terms of search accuracy and optimization stabil-
ity for both unimodal and multimodal benchmark test functions. Compared to classical
optimization algorithms and their improved versions, ISSA exhibits significant advantages
in solution accuracy and robustness. This indicates that the proposed ISSA effectively
improves upon SSA. Therefore, the proposed ISSA algorithm demonstrates robustness and
reliable performance in solving complex optimization problems.

4. Design of Adaptive PID Controller Based on ISSA
4.1. Traditional PID Controller

In the field of control systems, the PID (Proportional–Integral–Derivative) control
algorithm, as a classic feedback control method, is widely employed to regulate the dynamic
performance of systems. The PID controller adjusts the control output based on the current
error e(t) (difference between setpoint and actual value) and the rate of change of the error
ec(t), aiming to achieve stability, rapid response, and precise tracking of targets.

The PID controller consists of proportional, integral, and derivative terms, corre-
sponding to the current error, accumulated past errors, and the rate of change of the error,
respectively. The proportional term generates the control output by adjusting the error
magnitude, the integral term eliminates steady-state errors by accumulating the error over
time, and the derivative term predicts the future trend based on the rate of change of the
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error, thereby suppressing oscillations and enhancing system stability. The PID controller
is represented by Equation (19).

u(t) = Kpe(t) +
Kp

Ti

∫ t

0
e(t)dt + KpTd

de(t)
dt

(19)

In the Equation (19), Kp represents the proportional coefficient, Ti denotes the integral
time constant, and Td stands for the derivative time constant. The schematic diagram of the
PID control system is depicted in Figure 4.
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In Figure 4, r(t) represents the desired output, u(t) denotes the controller output, and
y(t) stands for the actual output.

4.2. Improved Adaptive PID Controller

The performance of a PID controller is highly dependent on its three parameters.
Determining these parameters typically involves adjustment based on empirical knowledge
or experimentation, a method that often consumes significant time and effort and may result
in unstable performance or suboptimal control effects. In the anti-swing control system
of a bridge crane, which represents a single-input multiple-output system, the outputs
include the position of the trolley and the swinging angle of the lifting load. Consequently,
the system designed in this study adopts a dual-loop feedback control model. Within this
model, the optimization objective is to find a set of PID values that minimize the error by
optimizing the three parameters. PID control is chosen for trolley position control due to
its requirement for high precision and elimination of steady-state errors, while PD control
is selected for payload swing angle control because it necessitates quick response and
oscillation suppression. The schematic diagram of the PID control system based on the
ISSA algorithm is depicted in Figure 5.

Appl. Sci. 2024, 14, 5165 13 of 29 
 

PID controller Controlled 
object

r(t) e(t) y(t)u(t)

+
-

 
Figure 4. Schematic diagram of the PID control system. 

In Figure 4, ( )r t  represents the desired output, ( )u t  denotes the controller output, 
and ( )y t  stands for the actual output. 

4.2. Improved Adaptive PID Controller 
The performance of a PID controller is highly dependent on its three parameters. De-

termining these parameters typically involves adjustment based on empirical knowledge 
or experimentation, a method that often consumes significant time and effort and may 
result in unstable performance or suboptimal control effects. In the anti-swing control sys-
tem of a bridge crane, which represents a single-input multiple-output system, the out-
puts include the position of the trolley and the swinging angle of the lifting load. Conse-
quently, the system designed in this study adopts a dual-loop feedback control model. 
Within this model, the optimization objective is to find a set of PID values that minimize 
the error by optimizing the three parameters. PID control is chosen for trolley position 
control due to its requirement for high precision and elimination of steady-state errors, 
while PD control is selected for payload swing angle control because it necessitates quick 
response and oscillation suppression. The schematic diagram of the PID control system 
based on the ISSA algorithm is depicted in Figure 5. 

Desired 
position

PID control
(position)

ISSA 
algorithm

Swing angle 
control 

Position control 

Angle data

Position 
data

PD control
(swing angle )

Fitness Kp KdKi

ISSA algorithm

Fitness Kp Kd

+

+

+

-

θ

x

 
Figure 5. Improved bridge crane PID control system with ISSA algorithm. 

5. Simulation Experiments 
5.1. Overshoot Optimization Methods 

Each initial particle generated by the intelligent algorithm contains a total of five pa-
rameters: pK , iK , and dK  in the PID controller, as well as pK  and dK  in the PD con-
troller. The intelligent algorithm is integrated with the simulation model of the bridge 
crane PID control system, enabling simulation analysis of the PID controller model to de-
rive the dynamic performance indicators of the system. Throughout the iteration process, 
the dynamic performance indicators of the system serve as adaptive fitness values trans-
mitted to the intelligent algorithm program. The adaptive fitness value determines 
whether the termination condition of the algorithm is met. If the termination condition is 

Figure 5. Improved bridge crane PID control system with ISSA algorithm.



Appl. Sci. 2024, 14, 5165 13 of 26

5. Simulation Experiments
5.1. Overshoot Optimization Methods

Each initial particle generated by the intelligent algorithm contains a total of five
parameters: Kp, Ki, and Kd in the PID controller, as well as Kp and Kd in the PD controller.
The intelligent algorithm is integrated with the simulation model of the bridge crane PID
control system, enabling simulation analysis of the PID controller model to derive the
dynamic performance indicators of the system. Throughout the iteration process, the
dynamic performance indicators of the system serve as adaptive fitness values transmitted
to the intelligent algorithm program. The adaptive fitness value determines whether the
termination condition of the algorithm is met. If the termination condition is satisfied,
the iteration concludes, and the optimal solution is returned. Otherwise, the iteration
computation continues, repeating the preceding parameter-setting steps until the optimal
PID controller parameters are determined.

The optimal PID gains are determined by minimizing the objective function. There are
typically four performance indices used to evaluate system performance [38]: (1) Integral of
Squared Error (ISE); (2) Integral of Absolute Error (IAE); (3) Integral of Time multiplied by
Squared Error (ITSE); (4) Integral of Time multiplied by Absolute Error (ITAE). Generally,
each system aims to reduce error, minimize overshoot, and enhance response speed. In
this study, the ITAE is employed as the performance evaluation criterion, as it enables the
system to exhibit rapid response characteristics. The expression for the fitness function is
as follows:

ITAE =
∫ T

0
t|e(t)|dt (20)

where e(t) represents the difference between the output and input of the control system,
while T denotes the simulation time. Additionally, considering the necessity of limiting
overshoot in crane position, a penalty term is introduced when the overshoot of the crane
position controller exceeds 0. Assuming the system comprises two outputs and two
controllers, the expression for fitness is as follows:

G =

{ ∫ T
0 ω1t|e1(t)|+ ω2t|e2(t)|+ ω3u2(t)dt, e1(t) ≤ 0∫ T
0 ω1t|e1(t)|+ ω2t|e2(t)|+ ω3u2(t) + ω4e1(t)dt, e1(t) > 0

(21)

where e1(t) and e2(t) represent the errors of the crane position controller and the swing
angle suppression controller, respectively. G denotes the fitness function for all algorithms
in the experiment. u(t) is a control value employed to prevent excessive control margins.
ω1 and ω2 are weighting factors for adjusting the effect of different errors on the fitness
function, typically ranging from 0 to 1. In this study, ω1 and ω2 are set to 0.95. ω3 is another
weighting factor, also typically ranging from 0 to 1. In this study, ω3 is set to 0.05. ω4
represents the overshoot penalty coefficient. When the error in the trolley position is greater
than 0, a larger ω4 will have a greater effect on the fitness value, and a calibrated value
with a larger overshoot will result in a worse fitness value. In this study, ω4 is set to 100.

5.2. Simulation and Analysis

In this section, the parameters of two PID controllers were set using methods such as
ISSA, SSA, PSO, SA, and WOA to validate the optimization effectiveness of the proposed
algorithms. A simulation control system for each optimization method was established
using the SIMULINK module in MATLAB, and the control performance obtained from
each parameter-setting method was compared and analyzed under common conditions. By
iteratively manually adjusting the parameters of the PID controller beforehand, the range
of variation for each parameter could be approximately determined, thereby significantly
reducing the scope of PID parameter optimization. The parameter ranges of the PID
controller obtained through repeated testing and operation are shown in Table 4.



Appl. Sci. 2024, 14, 5165 14 of 26

Table 4. Parameter ranges for PID and PD controllers.

Symbols Meaning ISSA SSA PSO SA WOA

[rmin, rmax]
Search range of parameter Kp

(PID) [0, 50] [0, 50] [0, 50] [0, 50] [0, 50]

[rmin, rmax]
Search range of parameter Ki

(PID) [0, 2] [0, 2] [0, 2] [0, 2] [0, 2]

[rmin, rmax]
Search range of parameter Kd

(PID) [0, 50] [0, 50] [0, 50] [0, 50] [0, 50]

[rmin, rmax]
Search range of parameter Kp

(PD) [0, 50] [0, 50] [0, 50] [0, 50] [0, 50]

[rmin, rmax]
Search range of parameter Kd

(PD) [0, 30] [0, 30] [0, 30] [0, 30] [0, 30]

To evaluate the control performance of the designed bridge crane PID control system,
the expected position signal of the crane trolley is set to a step signal of 5 m, and the initial
swing angle of the crane payload is set to 0◦. The simulation time is set to 30 s, and the
solver is chosen to be variable step size. The parameter values of the crane are shown in
Table 5.

Table 5. Parameters of the bridge crane system.

Parameter Definition Value Unit

mc Mass of the trolley 8 kg
ml Mass of the payload 8 kg

L Length of the
payload’s cable 4 m

µ Damping coefficient 0.2 Ns/m

g Gravitational
acceleration 9.8 m/s2

The improved PID controllers generated by five intelligent algorithms were connected
to the bridge crane control system, and the iteration curves are illustrated in Figure 6.
The performance index functions of the ISSA, SSA, PSO, SA, and WOA algorithms were
recorded as 17.03, 18.64, 37.15, 24.05, and 22.11, respectively. The performance index
function value achieved by the ISSA algorithm was the smallest among all algorithms,
exhibiting an improvement of 8.64% in search accuracy compared to the SSA algorithm.
The iteration count was reduced by 10.77% to 58 iterations. Compared to the PSO, SA, and
WOA algorithms, the performance index function values decreased by 20.02, 7.02, and
5.08, respectively, for the ISSA algorithm. These results suggest that the proposed ISSA
algorithm holds a certain advantage over other algorithms in terms of iteration count and
precision. The values of the PID parameters calculated by the five algorithms are shown in
Table 6.

Table 6. Parameters of bridge crane PID controllers obtained by ISSA, SSA, PSO, SA, and WOA
algorithms.

Algorithm
Parameters

Kp (PID) Ki (PID) Kd (PID) Kp (PD) Kd (PD)

ISSA 9.8435 0.0892 20.4867 0.9452 2.0364
SSA 10.3538 0.0878 22.9724 0.9985 6.2987
PSO 19.9788 0.0663 49.4362 9.9789 0.1376
SA 18.1187 0.0654 38.5331 7.5068 0.3206

WOA 13.1361 0.0810 29.1224 9.9413 12.0409
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The outputs of trolley position and payload swing angle obtained by the ISSA, SSA,
PSO, SA, and WOA algorithms are shown in Figures 7 and 8, respectively. The performance
metrics of the five algorithms are shown in Table 7.
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In the position curves of the trolley, the peak times for the ISSA, SSA, PSO, SA, and
WOA algorithms are 5.074 s, 7.904 s, 8.268 s, 12.392 s, and 8.673 s, respectively, while the
steady-state times are 4.791 s, 7.379 s, 15.586 s, 12.837 s, and 8.632 s, respectively. Among
these algorithms, the ISSA algorithm exhibits the smallest peak time and steady-state
times, followed by the SSA and WOA algorithms. Conversely, the PSO algorithm requires
the longest time to stabilize after reaching the peak, needing 7.378 s. Furthermore, the
ISSA algorithm demonstrates the smallest steady-state error of 0.002, followed by the SSA,
WOA, SA, and PSO algorithms, with errors of 0.006, 0.006, 0.048, and 0.050, respectively.
These results indicate that the ISSA algorithm performs well in controlling the trolley
position, meeting the positional control requirements of the bridge crane system effectively.
In the payload swing angle curves, the maximum swing angles for the SSA, PSO, SA,
and WOA algorithms are 0.163, 0.264, 0.217, and 0.188, respectively, while for the ISSA
algorithm, it is 0.158, which is lower than that of the other four algorithms. Additionally,
the ISSA algorithm exhibits a steady-state time for the payload swing angle of 9.382, which
is smaller compared to 0.011 s, 12.142 s, 13.384 s, and 4.893 s for the other four algorithms,
respectively. Both the maximum swing angle and steady-state time of the ISSA algorithm
are the smallest, indicating its effectiveness in suppressing the payload swing angle in
bridge crane applications.

Experimental data show that after incorporating overshoot penalty terms into the
fitness function, none of the control curves for the crane’s trolley position exhibit overshoot
for any of the five algorithms. Furthermore, the PID controller optimized by the ISSA
algorithm demonstrates excellent control performance in the bridge crane control system,
indicating its superior suitability for both trolley positioning control and payload swing
angle suppression compared to the other four algorithms.

5.3. Robustness Simulation Experiments

In practical operating scenarios, certain parameters of a bridge crane may incur
errors due to measurement methods and environmental variations. Therefore, to evaluate
the adaptability and stability of the PID gains obtained by each optimization technique,
simulations of the crane control systems using the five algorithms were conducted under
different operating conditions. The parameters corresponding to each of the five scenarios
are listed in Table 8.

Figures 9–18 illustrate the trolley position and payload swing obtained by the five
algorithms under five different working conditions. The values of the performance index of
the five algorithms under these conditions are presented in Table 9. In the position curves
under conditions 1 to 5, the ISSA algorithm exhibits the smallest peak time among the
four algorithms, with values of 5.014, 9.147, 8.247, 6.070, and 8.147, respectively. Under
conditions 2 and 4, all five algorithms demonstrate no overshoot. However, in conditions 1
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and 5, the PSO algorithm experiences overshoot, measuring 0.46% and 0.72%, respectively.
In condition 3, four algorithms exhibit overshoot, with PSO having the highest value of
0.7%. Across all five scenarios, ISSA showcases shorter settling times and lower steady-state
errors compared to the other four algorithms, with values of 7.101 and 0.002, 7.715 and
0.002, 7.469 and 0.005, and 7.136 and 0.002, respectively. In the payload swing angle curves
for the five scenarios, ISSA consistently demonstrates the shortest settling time for the
maximum swing angle compared to the other four algorithms, with values of 0.156 and
10.836, 0.157 and 11.030, 0.236 and 16.194, and 0.189 and 11.687, respectively.

Table 8. Parameters of bridge crane control systems under five other working conditions.

Working
Condition

Trolley Mass
(kg)

Payload
Mass (kg)

Cable
Length (m)

Damping
Coefficient

(Ns/m)

Gravitational
Acceleration

(m/s2)

1 6 8 4 0.2 9.8
2 4 8 4 0.2 9.8
3 8 4 4 0.2 9.8
4 8 8 2 0.2 9.8
5 8 6 4 0.2 9.8
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These findings suggest that, following the integration of overshoot penalty terms into
the fitness function, the occurrence of overshoot in the position curves across the five scenar-
ios is notably reduced for all five algorithms, with overshoot values consistently below 1%.
This indicates that the devised fitness function effectively suppresses overshoot. Further-
more, in comparison to the SSA, PSO, SA, and WOA algorithms, the PID control optimized
by the ISSA algorithm demonstrates enhanced adaptability and stability, enabling effective
control performance in bridge crane control systems across diverse operational scenarios.
Table 9. Performance index of five algorithms under five working conditions.

Working
Condition

Improved PID
Controller

Trolley Position Payload Swing Angle

Peak Time
(s)

Overshoot
(%)

Steady-State
Time (s)

Steady-State
Value (m)

Max Angle
(rad)

Steady State
Time (s)

1

PSO 8.206 0.46% 15.737 4.947 0.265 26.284
SA 12.422 0 15.368 4.948 0.217 25.239

WOA 8.697 0 8.632 4.993 0.187 12.940
SSA 8.902 0 7.715 4.998 0.160 11.254
ISSA 5.014 0 7.101 4.998 0.156 10.836

2

PSO 8.247 0 15.778 4.943 0.266 28.701
SA 12.503 0 15.368 4.956 0.218 22.766

WOA 8.861 0 7.879 4.994 0.188 15.149
SSA 9.229 0 7.960 4.998 0.161 11.149
ISSA 9.147 0 7.715 4.998 0.157 11.030
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Table 9. Cont.

Working
Condition

Improved PID
Controller

Trolley Position Payload Swing Angle

Peak Time
(s)

Overshoot
(%)

Steady-State
Time (s)

Steady-State
Value (m)

Max Angle
(rad)

Steady State
Time (s)

3

PSO 8.083 0.7% 19.707 4.945 0.330 46.358
SA 12.094 0 19.338 4.958 0.261 39.254

WOA 8.370 0.26% 10.907 4.994 0.258 26.358
SSA 8.411 0.44% 7.551 4.994 0.253 17.985
ISSA 8.247 0.42% 7.469 4.995 0.236 16.194

4

PSO 12.311 0 12.675 4.950 0.285 11.060
SA 12.635 0 14.090 4.953 0.247 11.896

WOA 11.867 0 11.988 4.994 0.186 8.791
SSA 6.853 0 7.379 4.997 0.149 7.925
ISSA 6.070 0 6.585 4.998 0.145 7.716

5

PSO 8.228 0.72% 19.953 4.951 0.294 29.776
SA 12.473 0 15.263 4.953 0.233 28.343

WOA 8.389 0 10.532 4.994 0.216 16.463
SSA 8.592 0 7.460 4.998 0.200 11.896
ISSA 8.147 0 7.136 4.998 0.189 11.687

5.4. Anti-Disturbance Simulation Experiments

Additionally, during practical operations, bridge cranes often encounter various sources of
disturbances. These disturbances may stem from operator commands or external environmental
uncertainties such as wind forces, fluctuations in payloads, and environmental noise, among
others. These disturbances can potentially affect the crane’s performance and lead to deteriora-
tion or failure of the control system. To validate the robustness of the algorithm, disturbance
tests were conducted on the system to simulate its responses under different disturbances and
influences. The algorithm’s resistance to disturbances was evaluated accordingly.

To simulate the effects of wind forces and environmental noise on bridge cranes operating
outdoors, white noise was added to the feedback signal during the simulation period of 15–20 s.
Figures 19–22 illustrate the trolley position and effective payload swing angle curves of the
bridge crane under two types of white noise disturbances. Table 10 presents the performance
indicators of the system after being subjected to disturbances. In Figures 19 and 21, the ISSA
algorithm demonstrates the minimum peak time and steady-state time, measuring 15.825
and 24.058, and 24.248 and 23.016, respectively. In Figures 20 and 22, the maximum swing
angle achieved by the ISSA algorithm is 0.052 and 0.014, respectively, both lower than the
corresponding values for the other four algorithms. The steady-state times are 24.403 and 25.299,
respectively, both lower than the PSO algorithm’s 10.149 and 9.104. It can be observed that under
external disturbances, the ISSA algorithm exhibits the optimal response and recovery speeds
among the five algorithms, demonstrating the favorable stability of the bridge crane system
controlled by the ISSA algorithm-optimized PID controller in the presence of disturbances.
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Table 10. Performance index of five algorithms under two types of noise.

White Noise Improved PID
Controller

Trolley Position Payload Swing Angle

Peak Time
(s)

Overshoot
(%)

Steady-State
Time (s)

Steady-State
Value (m)

Max Angle
(rad)

Steady State
Time (s)

1

PSO 15.900 2.20% 27.997 4.951 0.073 34.552
SA 15.839 2.20% 27.768 4.950 0.058 34.254

WOA 15.896 2.32% 24.115 4.993 0.059 29.527
SSA 15.896 2.24% 24.172 4.997 0.054 24.602
ISSA 15.825 2.22% 24.058 4.998 0.052 24.403

2

PSO 24.042 0 27.668 4.950 0.028 34.403
SA 24.384 0 27.736 4.950 0.026 33.856

WOA 24.453 0 24.111 4.993 0.019 27.736
SSA 24.316 0 23.632 4.997 0.015 26.294
ISSA 24.248 0 23.016 4.998 0.014 25.299

At t = 10 s during simulation, a step signal with a magnitude of 2 is introduced into
the expected position signal of the trolley to simulate the requirement of operator command
change. Figures 23 and 24 depict the trolley position curve and payload swing angle curve,
respectively, after the input command change. The parameters of the bridge crane system
are provided in Table 11. Following the change in the expected position of the trolley, the
ISSA algorithm exhibits the smallest peak time and the shortest steady-state time among the
five algorithms, with values of 14.905 s and 14.495 s, respectively. The maximum swing angle
of the payload is 0.063, with a steady state time of 18.471 s, both of which are smaller than
the corresponding values for the other four algorithms. It is evident that the ISSA algorithm
demonstrates faster response and recovery speeds than the other four algorithms following
the receipt of operator command change, indicating the better stability of the bridge crane
control system when using the ISSA algorithm in the event of input signal variations.
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Table 11. Performance index of the five algorithms after input command variations.

Improved PID
Controller

Trolley Position Payload Swing Angle

Peak Time
(s)

Overshoot
(%)

Steady-State
Time (s)

Steady-State
Value (m)

Max Angle
(rad)

Steady State
Time (s)

PSO 18.233 0 25.750 6.932 0.106 31.090
SA 22.340 0 25.955 6.931 0.071 32.125

WOA 18.724 0 22.067 6.991 0.074 20.340
SSA 17.701 0 17.224 6.996 0.065 18.614
ISSA 14.905 0 14.495 6.997 0.063 18.471
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the algorithm integrates the concepts of the sine–cosine algorithm and introduces a non-
linear learning factor to adjust the position updating mechanism of discoverers, thereby 
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6. Conclusions

This paper proposes an improved Sparrow Search Algorithm (ISSA) for optimizing
the PID parameters of a bridge crane control system. Firstly, the traditional Sparrow Search
Algorithm is enhanced by introducing Tent Map Chaos during the initialization phase of the
algorithm iteration to enhance the quality of initial solutions. Additionally, the algorithm
integrates the concepts of the sine–cosine algorithm and introduces a nonlinear learning
factor to adjust the position updating mechanism of discoverers, thereby enhancing both
local exploitation and global exploration capabilities. The Lévy flight strategy is introduced
to improve the follower’s position updating method, enhancing its ability to escape local
optima. Finally, to address overshoot in the trolley position of the crane, an overshoot
penalty term is introduced into the fitness function. Comparative analysis with existing
PSO, SA, WOA, and SSA algorithms demonstrates that the ISSA algorithm exhibits more
precise search capability while meeting the convergence requirements.

The application of the proposed algorithm to the control system revealed experimental
results indicating that the overshoot of all five algorithms was less than 5%, underscoring
the effectiveness of the improved fitness function. Furthermore, in comparison with other
algorithms, the ISSA algorithm demonstrated superior performance in both trolley position
control and effective suppression of payload swing angle. When subjected to varying
working conditions and external disturbances, the ISSA algorithm exhibited the fastest
response time and shortest steady-state time. These findings validate the robustness and
high performance of the ISSA algorithm. Consequently, the PID controller optimized
using the ISSA algorithm can be effectively employed for trolley position control and
payload swing angle suppression in bridge crane systems, thereby satisfying the control
requirements of such systems.

Subsequent research will combine other control methods of the proposed ISSA, such
as fuzzy control and neural networks, and apply them to more complex systems, such as
crane double-pendulum systems, power generation, and so on.
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