Original Research Article
Adaptive Anti-Swing and Positioning Control of Input-Delayed Bridge Cranes Using Hybrid PSO-GWO Optimization


.     
.
              . 
                     
	.
..






ABSTRACT

	[bookmark: _Hlk206490540]As key equipment in the field of engineering construction and logistics transport, bridge cranes play an important role in material handling operations. The load swinging during operations significantly affects work efficiency and may cause serious safety accidents. In addition, the inherent flexibility of the hoist rope introduces time delays in control inputs, further complicating anti-swing control. To reduce the swing during operations, this paper employs the Padé approximation to transform the time-delayed model of the bridge crane system into a delay-free augmented model. An adaptive controller is then designed to simultaneously achieve load anti-swing control and trolley positioning. Moreover, a hybrid particle swarm optimization-grey wolf optimizer (PSO-GWO) algorithm is used to enhance the control performance. Digital simulations under different parameter conditions demonstrate the effectiveness of the proposed control method. The trolley positioning is achieved within 5 seconds and the steady-state positioning error is essentially eliminated. The load swing angle stabilizes within 8 seconds, while the driving force required for the trolley remains moderate. This method effectively enhances the system's accuracy and response speed. Future research will focus on physical experiments and industrial application of the presented control approach and solving the disturbances from sensor faults or other uncertainties to enhance practicality.
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1. INTRODUCTION



[bookmark: _Hlk206572161]Bridge cranes serve as essential machinery for industrial material transport, extensively employed across various logistical settings, including port operations, manufacturing facilities, and storage areas. The underactuated nature, highly coupled nonlinear dynamics [1], and variable loads [2] of the bridge crane system pose significant challenges in achieving precise positioning and load swing suppression. To solve these problems, researchers have developed several effective control methods, particularly model predictive control, adaptive sliding mode control, and intelligent optimization approaches. These methods aim to achieve rapid and accurate positioning, effectively reduce swing angle and ensure system stability. Such methods not only advance the control theory of underactuated systems, but also offer practical solutions for engineering applications. Li et al. [3] proposed an  output feedback control strategy for nonlinear bridge cranes based on Takagi-Sugeno fuzzy modelling. A fuzzy state estimator is designed to approximate non-measurable system states, while the virtual-desired synthesis approach converts the original trajectory tracking task into a stabilization problem. Simulation results achieve zero positioning error and complete elimination of residual load swing. Compared with model predictive control and standard  controller, the proposed approach achieves 50% and 67% faster convergence, respectively. Tan et al. [4] proposed a composite control framework of a deep deterministic policy gradient (DDPG) algorithm with a super-twisting extended state observer (STESO) for underdriven bridge crane systems. The controller design is simplified by constructing equivalent state variables, and finite-time convergence estimation and compensation are achieved using STESO, which is combined with the DDPG algorithm to effectively eliminate tracking errors. Digital and physical experiments validate the hybrid control architecture's comprehensive capabilities in adaptive disturbance rejection and dynamic robustness enhancement. Li et al. [5] developed an accurate Lagrange model of a 7-degree-of-freedom bridge crane to design the first nonlinear closed-loop controller without linearization. Based on the energy analysis method, the friction uncertainty and actuator dynamics are effectively solved, while the synergistic control of bridge car displacement and cable length is realized. Experimental validation performed on a dedicated test platform confirms enhanced performance and improved robustness of the proposed control method compared to existing nonlinear control approaches. For crane systems with flatness properties, Kim et al. [6] developed an adaptive unscented Kalman filter (AUKF) to estimate unmodeled friction and unmeasurable states, utilizing condition-selective scaling to enhance filter convergence. Simulation experiments confirm that the method improves the accuracy of friction estimation and state observation. Nguyen et al. [7] combined the Takagi-Sugeno descriptor fuzzy modelling with the input shaping (IS) technique to design the tracking controller for variable cable length bridge cranes. The system nonlinearity is handled by fuzzy modelling, parallel distributed compensated integral control is used to improve the tracking performance, and the controller parameters are solved based on Linear Matrix Inequality (LMI). Simulations verify the effectiveness of the method in terms of perturbation suppression. Zhao et al. [8] developed an advanced control approach for three-dimensional (3D) double-pendulum bridge crane systems. Adaptive tracking control without velocity sensing is achieved by composite displacement signal and mechanical energy function design. Experimental results demonstrate the satisfactory robustness and regulation precision of the control scheme when handling uncertain model parameters. Nishimoto et al. [9] design a two-dimensional crane anti-swing controller based on positional command type, using a leaky integrator to achieve high-pass filtered integral damping of the swing angle. Effectively solves non-smooth signal tracking and actuator overshoot problems for human-machine collaboration and autonomous systems. Alyazidi [10] established an adaptive Kalman filtering framework to collect data and design a linear-quadratic optimal tracking controller for 3D crane systems with variable hoist rope lengths, wind disturbances and time-varying delays. Precise trajectory following of the system output to the reference input is attained by optimizing the reward function, with simulation tests confirming controller efficacy under time-varying delays. Zhao et al. [11] proposed a state feedback control strategy for bridge cranes based on a three-rule Takagi-Sugeno fuzzy model to solve the input time lag and actuator saturation problem. The dynamic response is enhanced by designing a decay rate acceleration mechanism to establish time-lag dependent stability conditions. The controller parameters are solved by LMI for accurate load positioning and pendulum suppression. The validity of the method under time-lag-saturation constraints is experimentally verified.
Adaptive control plays a vital role in diverse crane systems, effectively addressing underactuation, parametric uncertainties, and external disturbances. Wang et al. [12] developed a neural network-based adaptive controller achieving obstacle avoidance and load swing suppression for tower cranes through state constraints, substantially reducing operation duration. Li et al. [13] established a 7-DOF model for tower cranes with variable cables, employing sliding mode control with online time-delay estimation to counteract double-pendulum effects. Wu et al. [14] designed a reinforcement learning adaptive tracker utilizing actor-critic dual networks to enhance wave disturbance rejection in dual ship-mounted cranes. Wang et al. [15] proposed a lightweight fixed-time control scheme incorporating nonlinear tracking differentiators to alleviate computational burdens in overhead cranes. Gao et al. [16] innovatively ensures full-state constraints via composite-variable regulation, guaranteeing asymptotic tracking convergence for overhead crane applications.
Existing studies have explored the anti-swing and anti-jamming performance of bridge cranes, but relatively few studies have addressed the input delay problem. Therefore, this paper employs the Padé approximation method to approximate the input delay inherent in the crane system, thereby constructing a delay-free augmented model. A PSO-GWO optimized adaptive controller is designed for the resulting delay-free augmented model. Furthermore, the effectiveness of the proposed control method is validated through digital simulations under various parameter conditions.
METHODLOGY
2. Bridge crane system

As a critical piece of material handling equipment, the bridge crane is essential for load lifting and transportation in industrial manufacturing facilities, warehouses, and construction sites. Its structure mainly consists of a bridge, a trolley, hoist ropes and a Lifting hook. However, during crane operation, the load may undergo swing motions. Under certain conditions, this problem substantially impairs system performance, diminishing operational efficiency and potentially resulting in equipment failure or personnel hazards. In addition, control command transmission to the load exhibits time delays due to the inherent flexibility of the hoist ropes. The input delay phenomenon significantly degrades both the response speed and anti-disturbance performance of conventional control strategies, thereby exacerbating challenges in anti-swing control systems. Therefore, this section establishes a delay-free augmented dynamic model for the input-delayed bridge crane system and analyzes the performance.

2.1 Bridge crane system model 

The linear model of a 2D bridge crane can be expressed as

		








where  is the mass of the trolley and the bridge,  is the mass of the load,  is the displacement of the trolley,  is the driving force applied by the motor to the trolley through the transmission mechanism,  is the coefficient of friction,  is the length of the hoist rope,  is the swing angle of the load,  is the acceleration of gravity.


The elastic deformation of hoist ropes generates inherent time delays between control input and load dynamic response in bridge crane systems. The state vector is taken as  and the control input is taken as , then the system state space equation is

[bookmark: ZEqnNum255243]		

where  is the delay time, with



, , .

This input delay characteristic will significantly reduce the stability margin of the control system and greatly increase the difficulty and complexity of the controller design. To address the control challenge posed by time delay, this paper employs the Padé approximation method to convert the transcendental delay function into a rational fraction representation. This transformation allows the original transcendental terms describing the delay dynamics to be expressed as finite-dimensional polynomial ratios. The Padé approximation is widely used in dynamic systems, including quadrotor UAV trajectory tracking control [17], mechanical system reliability modeling [18], power systems, etc. Following the methodologies in [19] and [20], the transfer function of the time-delay element can be expressed as

		
Using a first-order Padé approximation, the time-delay element can be approximated as

[bookmark: ZEqnNum102015]		


where  is a delay-free instruction for the controller,  is the input after the approximate time delay.
Then,  can be written as

		

Defining a state variable and performing the inverse Laplace transform yields the following relation

[bookmark: ZEqnNum897490]		

[bookmark: ZEqnNum446623]		
Substituting  into  yields the state-space representation of the approximated time-delay element

[bookmark: ZEqnNum533503]		


Finally, using the Padé approximation method,  can be approximated as .
Therefore, by substituting  into , the delay-free augmented model of the system is obtained as

[bookmark: ZEqnNum328822]		



with , , .


This method converts the original time-delay system into an equivalent augmented system without containing explicit delay components. The controller designed for this augmented system ensures that the control input  achieves equivalent performance to the original delayed control input . This method employs a unified control framework to overcome the challenges associated with directly processing time-delay terms, thereby enabling coordinated control of both the primary and delayed dynamics of the system.

2.2 Controllability and observability of the system
[bookmark: _Hlk205455252]





To ensure the feasibility of the controller design, this section verifies the controllability and observability of the augmented model. According to the theory of linear systems, the canonicality of a system is determined by the rank of the canonicality matrix . If  ( is the system state dimension), then the system is fully controllable. The system is fully observable if the rank of the observability matrix  is equal to . 

For the delay-free augmented model established in this paper, both theoretical analysis and numerical verification confirm that the state-space representation satisfies  in the system dynamics. Therefore, the system is both fully controllable and observable in the neighborhood of the equilibrium point.

3. Controller Design

3.1 Design of Adaptive Controller

Adaptive control is an intelligent control strategy that can adjust its control parameters online according to the actual operating state of the system [21]. Its core theoretical advantage lies in strictly ensuring the global stability of the closed-loop system and dynamically adjusting the key parameters based on the tracking error. In this section, an adaptive controller is designed for the bridge crane system, with demonstrated capabilities in parameter self-tuning and Lyapunov stability. The controller simultaneously ensures accurate target positioning and load anti-swing control. The design methodology of the proposed controller is as follows.
The state space equation for the reference model is

		


For system , the controller is designed to ensure the system state  tracks the reference state . The output of the controller is

[bookmark: ZEqnNum779815]		


where  is the feedback matrix and  is the feedforward gain matrix.
Substituting  into , the system state equation can be expressed as

		
The generalized state error is defined as

		
The time derivative of the error is given by

[bookmark: ZEqnNum284836]		


When the plant dynamics coincide with those of the reference model, the adaptive parameters converge to their ideal values , .

[bookmark: ZEqnNum792286]		
Substituting  into  yields

		


with , .
The Lyapunov function is chosen as

		



where ,  and  are positive definite symmetric matrices.

The time derivative of  is given by

		




with , , , .
The adaptive law is designed as

		

This adaptive law ensures , thereby guaranteeing asymptotic system stability through the controller design method.

3.2 Optimization of the control parameter




In conventional adaptive controller design, the selection of the weight matrix  typically relies on empirical tuning by designers. This approach is not only time-consuming but also fails to guarantee optimal control performance, potentially compromising both convergence rate and system robustness. To solve this problem, this paper uses a PSO-GWO hybrid algorithm to determine . The PSO-GWO algorithm combines the global search capability of PSO with the local fine-tuning advantages of GWO to perform efficient search in complex, non-convex parameter spaces [22]. Therefore, in this paper, the PSO-GWO algorithm proposed in [23] is used to indirectly adjust the dynamic characteristics of the adaptive law by using the weight matrix  as the optimization objective, thus improving the system performance. The flowchart of the algorithm is as follows
[image: ]

Fig. 1. The flowchart of PSO-GWO algorithm



Firstly, the position update coefficient  and the random perturbation coefficient  are calculated

		




where  is the convergence factor and ,  are random numbers in the range .
The relative position of the current individual to the leader of the pack is then calculated to guide the direction of subsequent movements

		

where  is the inertia weight coefficient.
Updating the velocity and position of the particle, the update equation is

		






where , , and  correspond to the positions of , , and  wolves in the current iteration, respectively.
The fitness function of the algorithm is:

		


where  and  are the weight coefficients.


The fitness function enhances tracking precision by minimizing time-weighted squared error and control input energy. The time-squared error term assigns a greater penalty to errors that persist in the later response phase. This promotes faster system convergence and a reduction in steady-state errors. Meanwhile, the control energy term bounds the input signal amplitude. This prevents actuator saturation and reduces energy consumption. Selecting this fitness function can balance the relationship between tracking error and control volume by adjusting the weight coefficients  and , which is convenient to adjust the optimization direction according to the actual engineering requirements, and finally get the controller parameters with better comprehensive performance.
The control block diagram of the whole closed-loop system is as follows
[image: ]

Fig. 2. Control block diagram of the proposed system




By combining the PSO-GWO hybrid algorithm with an adaptive control algorithm, the weighting matrix  was optimized, leading to a significant improvement in the system's control performance. This approach not only avoids the subjectivity and complexity inherent in traditional manual parameter tuning, but also proposes an efficient optimization methodology for designing critical parameters in model reference adaptive control systems, showing both practical utility and research significance. Meanwhile, the proposed algorithm maintains the positive definiteness of , thereby ensuring . Therefore, the system is asymptotically stable.

4. results and discussion

This section presents digital simulations under three different parameter conditions to validate the effectiveness of the proposed adaptive controller optimized by PSO-GWO.






[bookmark: _Hlk206348255]i) Performance comparison of three controllers under fixed system parameters. The values of each parameter of the system during the simulation are as follows: , , , , , . The change curves of the displacement and swing angle of the trolley are shown in Fig 3. The change curves of control signal during the control process are shown in Fig 4.
[image: ][image: ]
(a)                                                                     (b)
Fig. 3. The variation curves of trolley position and swing angle

[image: ][image: ][image: ]
                     (a)                                            (b)                                              (c)
[bookmark: _Hlk206343946]Fig. 4. Control signal curves of different controllers: (a) Adaptive control, (b) PSO optimized adaptive control, (c) PSO-GWO optimized adaptive control.

[bookmark: _Hlk206356902]Table 1.	Control Performance Under Fixed Parameters

	Control method
	Trolley arrival time /s
	Trolley final position /m
	Maximum swing angle /°
	Load swing settling time /s
	Maximum control input /N

	Adaptive control
	6.71
	0.49
	-0.96
	6.75
	9.07

	PSO optimized adaptive control
	5.18
	0.5
	-1.67
	7.35
	15.42

	PSO-GWO optimized adaptive control
	4.39
	0.5
	-1.46
	6
	13.08



Figures 3, 4 and Table 1 collectively indicate that the proposed control method effectively achieves both positioning and anti-swing control for the bridge crane system with input delays. Compared to other control methods, the PSO-GWO optimized adaptive controller enables the trolley to reach the specified position precisely within 4.39 seconds. At the same time, the swing angle of the load is able to converge quickly, converging to 0 degree within 6 seconds and maintaining in a stable state. Therefore, this method improves the dynamic response efficiency and positioning accuracy of the system.
Fig. 4(a) shows the control signal curve from the classical adaptive control strategy. This control signal variations degrade positioning accuracy, extend stabilization duration, and promote wear in mechanical components. Fig. 4(b) presents the control signal curve from the PSO optimized adaptive control strategy. Compared with classical adaptive control, this strategy generates control signals with higher amplitude and a smoother curve. Such characteristics enable precise positioning, reduce stabilization time, and decrease wear on actuators like motors. Fig. 4(c) displays the PSO-GWO optimized adaptive control signal curve. Compared with the two preceding approaches, the control signal generated by this control method not only has a moderate amplitude, but also exhibits enhanced smoothness in its variation process. This characteristic reduces the operating frequency of actuators like drive motors, thereby decreasing overall system energy loss and wear from excessive regulation. This method demonstrates certain practical value for engineering applications.

ii) Performance comparison of three control strategies with varying time delays. To evaluate the performance of the three control methods under dynamic delays, the time delay was randomly varied between 0.1 and 0.3 seconds in this experiment. This configuration simulates the stochastic time delay phenomenon caused by the combined effects of wire rope flexibility, sensor signal transmission latency, and transmission mechanism friction during actual operation of the overhead traveling crane. The control performance of the three strategies under simulated real operating conditions with stochastic time delays is presented in Figure 5 and Figure 6.
[image: ][image: ]
                            (a)                                                                      (b)
[bookmark: _Hlk206343474]Fig. 5. The variation curves of trolley position and swing angle for time-varying delays
[image: ]
Fig. 6. Control signal curves of different controllers for time-varying delays

[bookmark: _Hlk206502756]Table 2.	Control Performance Under Varying Delays

	Control method
	Trolley arrival time/s
	Trolley final position /m
	Maximum swing angle/°
	Load swing settling time /s
	Maximum control input /N

	Adaptive control
	8.06
	0.49
	-0.94
	10.82
	9.13

	PSO optimized adaptive control
	5.2
	0.5
	-1.49
	7.98
	13.19

	PSO-GWO optimized adaptive control
	4.41
	0.5
	-1.36
	6.29
	12.03



Analysis of Figures. 5, 6 and Table 2 shows the proposed PSO-GWO optimized adaptive control strategy effectively handles time-varying delay cases. The proposed method reduces the trolley's arrival time to the target position to 4.41 seconds while eliminating steady-state error, achieving both faster response and higher positioning accuracy. Compared to conventional adaptive control and PSO optimized adaptive control, the proposed method reduces the load swing stabilization time by 3.65s and 0.79s, respectively. Additionally, the maximum swing amplitude is consistently constrained below 1.5°. Moreover, the trolley exhibits smoother motion, leading to reduced mechanical wear, improved operational safety, and demonstrated practical engineering benefits.

iii) Performance evaluation of the proposed controller under multiple load masses. The experimental tests included three load conditions, 1kg, 5kg, and 10kg, simulating the weight variations encountered when cranes handle diverse objects in industrial lifting tasks. The system response curves and control signal variation curves corresponding to different loads are shown in Figures 7 and 8.
[image: ][image: ]
                                  (a)                                                                      (b)
Fig. 7. Displacement and swing angle curves of PSO-GWO optimized adaptive control algorithm for load mass variations
[image: ]
Fig. 8. Control signal curves of PSO-GWO optimized adaptive control algorithm for load mass variations

These results demonstrate that the PSO-GWO optimized adaptive control strategy rapidly converges and maintains stability under loads of 1 kg, 5 kg, and 10 kg. Furthermore, it achieves high-precision positioning and effective pendulum angle suppression for the trolley. Digital simulation results confirm the trolley reaches the target position within 5 seconds. The load's swing angle stabilizes within 8 seconds, exhibiting a maximum amplitude below 1.5 degrees while the peak control signal stays under 14 N. The controller ensures stable system operation during dynamic load variations while maintaining consistent control performance. The experiment verifies substantial potential of the proposed control method in physical operating scenarios.
5. Conclusion

In this paper, the control problem of accurate positioning of the trolley and efficient suppression of the load swing angle is studied in depth for the bridge crane system with input delay characteristics. Firstly, modelling and transformations are carried out using the Padé approximation to establish a delay-free augmented model of the system and analyze its controllability and observability. Then, an adaptive controller based on PSO-GWO algorithm is designed. This controller is able to adjust the control parameters by using the powerful global search and optimization capability of PSO-GWO. The method not only significantly saves the time spent on manual parameter selection in conventional methods, but also ensures better control performance through its global optimization seeking capability. Finally, digital simulations demonstrate the effectiveness of the proposed method. The simulation results confirm the enhanced performance of the PSO-GWO optimized adaptive controller. In particular, in the tested cases, the trolley arrival time is reduced to less than 5s, the swing angle stabilized in less than 8s, and the control signal remained below 14N. This approach provides an effective solution to the simultaneous precise positioning and anti-swing problem for input-delayed bridge cranes in practical operations.
Although this paper verifies the control performance through digital simulations, physical experiments are still required, particularly to verify the control method's stability under harsh conditions including load disturbances, environmental disturbances and parameter uncertainties. This complete validation will demonstrate practical potential.
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Definitions, Acronyms, Abbreviations

Table 3.	List of Abbreviations

	Abbreviation
	Explanation

	3D
	Three-Dimensional. Denoting a crane system with actuated or unactuated motion in three orthogonal directions.

	AUFK
	Adaptive Unscented Kalman Filter, an estimation algorithm adjusting parameters online for nonlinear systems.

	DDPG
	Deep Deterministic Policy Gradient, a reinforcement learning method for continuous action spaces using actor-critic networks.

	GWO
	Grey Wolf Optimizer, an optimization technique mimicking grey wolf hunting behavior and social hierarchy.

	IS
	Input Shaping, a control technique modifying reference commands to reduce system vibration.

	LMI
	Linear Matrix Inequality, a mathematical formalism used for system analysis and controller synthesis.

	PSO
	Particle Swarm Optimization, a population-based stochastic optimization method.

	PSO-GWO
	Particle Swarm Optimization-Grey Wolf Optimizer, a hybrid optimization algorithm combining PSO and GWO mechanisms.

	STESO
	Super-Twisting Extended State Observer, a robust observer estimating system states and disturbances using higher-order sliding modes.

	UAV
	Unmanned Aerial Vehicle, an aircraft operating without a human pilot onboard
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