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Abstract: The rubber-tyred gantry (RTG) crane is employed as an essential piece of equipment
for container handling in port operations. The RTG crane owns time-varying characteristics
and parametric uncertainties. Meanwhile, the twisting of the container during its operation
has a detrimental effect on the operation efficiency. In view of this, an improved adaptive
control method based on integral reinforcement learning (IRL) is proposed in this paper. The
mechanismmodel of the RTG system is developed, and the dynamic characteristics are analysed.
Then, an IRL-based adaptive controller is designed and the involved positive definite Lyapunov
matrix P is optimised to improve the control performance. In contrast to classical adaptive
control methods, the proposed method calculates P based on real-time state variables, thereby
eliminating model reliance and guaranteeing adaptive capacity. Finally, the effectiveness of
the proposed method in enhancing anti-twisting performance is verified by digital and physical
experiments. In the digital experiments, compared with the classical adaptive method, the
load twisting settling time is reduced by 1 s, and the maximum twisting angle is decreased
by approximately 0.7 degrees. In the physical experiments, despite the influence of practical
friction and disturbances, the settling time is still reduced by about 1 s. These results show that
the proposed scheme possesses both theoretical effectiveness and engineering practicality.

Keywords: RTG crane; time-varying; adaptive control; integral reinforcement learning;
dynamic parameter updating

1. Introduction

In the crane industry, there are two types of control problems. One is anti-swing
control and the other is anti-twisting control. For the crane anti-swing problem,
researchers have proposed various control strategies. Scholars have reduced the crane
load swing and improved the anti-interference ability of the system through adaptive
control [1–3], fuzzy control [4], PID control [5] and other methods. Zhou et al. [6]
proposed a fuzzy PID control algorithm integrated with frequency converter speed
regulation. The method effectively reduced the load swing angle and shortened
adjustment time.

Kim et al. [7] proposed an output feedback-based tracking control strategy
using an adaptive traceless Kalman filter to estimate the unmodelled friction and state
variables. The swing phenomenon of the crane was effectively suppressed. Lu et al. [8]
developed an online trajectory planning strategy to suppress swing in rubber-tyred
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gantry cranes. This method significantly reduced container swing and twisting by
optimising trajectory generation and feedback control. Zhang et al. [9] proposed a
double-input double-output inversion-based feedforward control (DIDOIBFC) scheme.
This scheme realized fast point-to-point (PTP) transportation for portal cranes by
combining Bessel curve trajectory planning, gain scheduling feedback control (GSFC)
and a PSO-optimized LQR controller. Bandong et al. [10] proposes a sliding mode
method for rubber-tyred gantry (RTG) crane container positioning and anti-swing
control. This approach is designed specifically for such nonlinear multivariable system
problems. The controller design integrates Particle Swarm Optimization to adjust key
parameters. Experimental results demonstrate the effectiveness of the container motion
control scheme. The proposed control strategy significantly reduces the load swing
during operation. It simultaneously ensures the final precise positioning of the container
at the target location. To mitigate boom oscillations in slewing cranes induced by
wind disturbances and operator inputs, Xu et al. [11] developed a hybrid anti-swing
strategy. This strategy merges a cable-driven mechanism powered by four motors with
a fuzzy PID controller. By formulating a dynamic model for the lifting apparatus
and implementing a dedicated control platform, the method achieves coordinated
motor actuation governed by intelligent algorithms. Verification tests confirm that
the in-plane swing angle θ1 is reduced by 88% and the out-of-plane angle θ2 by 75%,
improving safety and productivity. Ren et al. [12] introduce an innovative payload
positioning mechanism employing a parallel cable‑driven configuration, integrated
with an adaptive tension‑regulation strategy. Through real-time feedback, the system
dynamically retracts or releases the anti-swing cables to regulate their length and
tension, spatially confining the payload and suppressing its swing. Experimental and
simulation validations confirm that this method reduces swing by more than 89.86%,
without compromising the crane’s designated load‑handling capacity.

To enhance performance under parameter uncertainties and changing rope lengths,
scholars have applied adaptive control [13] and sliding mode control [14, 15]. These
methods effectively achieve precise positioning and efficient swing suppression for
crane systems. The results show improved robustness and reduced load swing in
complex operating conditions.

Beyond the aforementioned anti-swing control strategies that directly suppress
payload oscillations, the coordinated performance of the crane’s actuation system
itself forms the foundational basis for sway mitigation. Zhang et al. [16] focused
on enhancing synchronization control for hydraulic cylinders in heavy prefabricated
component lifting systems. To address low precision and partial load challenges, a
novel control method that combines IGWO-BP-PIDwith state-derivative feedback was
developed. Experimental validation through co-simulation and field tests confirmed the
method’s effectiveness. Results showed no overshoot, faster stabilization, and higher
synchronization accuracy compared to conventional PID control.

In terms of anti-twisting control, Ye et al. [17] proposed a new dynamic model
and control method and the swing and twisting of the payload were effectively
suppressed. The robustness and control performance were verified through numerous
simulations and experiments. However, the method is structured as a feedforward
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open-loop mechanism grounded in a precise dynamic model. Its operational efficacy is
fundamentally contingent upon the accuracy of offline system parameter identification.
The design is explicitly tailored to fixed linearized operational frequencies. This
approach inherently restricts its applicability in scenarios involving real-time parameter
fluctuations, such as varying suspension cable length or heterogeneous payload mass
distribution. Furthermore, the robustness characteristic is principally afforded by
predefined static frequency-insensitivity bands. This design does not incorporate
capabilities for real-time dynamic state observation or adaptive control adjustment.
Ngo et al. [18] proposed a PID-based hydraulic control method to suppress skew
by dynamically adjusting the tensions of four cables, with simulations verified its
efficacy. However, this research relies on linearized models and fixed-parameter
assumptions, making it unable to handle the time-varying dynamics present in actual
operations, including abrupt wind shifts and load variations. Its PID controller
does not incorporate an online adaptive mechanism, leading to reduced robustness
under changing environmental conditions. Tho et al. [19] addressed the parameter
uncertainties during the anti-twisting process of spreaders by proposing a robust
nonlinear integral sliding mode control method. Compared with H∞ control, this
method demonstrated superior anti-twisting performance in both simulations and
experiments, making it more suitable for practical applications.

The research on anti-twisting control has rarely been investigated, whereas
anti-swing control has made significant progress and the related methods have been
widely applied.

In the anti-twisting control of cranes, the length of the rope and the load weight
are time-varying, along with the uncertainties of certain factors, such as rope elasticity,
wind interference, friction and so on. Therefore, an improved adaptive controller is
designed for this time-varying system to stabilize the twisting angle of the container in
this paper.

Adaptive control is a control method that can effectively cope with system
uncertainties and external disturbances. This method can effectively compensate for
unknown dynamics and external disturbances of the system by adjusting the controller
parameters in real time. Currently, adaptive control is often combined with techniques
such as sliding mode control [20–22] and robust control [23] to solve nonlinear and
under-driven problems. With the development of artificial intelligence technology, the
combination of adaptive control with reinforcement learning, neural networks [24] and
other techniques further expands its application scope.

However, in traditional adaptive controllers, the Lyapunov matrix P is constant
matrix, which may affect the control effectiveness of time-varying uncertainty systems.
Therefore, how to adjust P online during the control process becomes the key of our
current research.

Integral reinforcement learning (IRL) is a data-driven control method based on
a value function in integral form [25, 26]. It can solve the control problem for
systems with unknown dynamics, and achieve the optimal control through online
learning. Liu et al. [27] proposed an online data-driven IRL algorithm for nonlinear
systems with constrained inputs and achieved efficient solution of the optimal control
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problem through policy iteration and neural network approximation. In addition, the
combination of IRL with backstepping techniques [28], adaptive control [29,30], and
robust control [31] further enhances the performance of the control system and expands
the scope of IRL applications in control systems.

Lv et al. [32] proposed an adaptive integral reinforcement learning (AIRL) scheme
to solve optimal control for partially unknown multi-input nonlinear systems without
directly solving the Hamilton-Jacobi-Bellman equation.

Salamat et al. [33] proposed a data-driven IRL algorithm to achieve potential
energy shaping and asymptotically stable control for underactuatedmechanical systems
via a novel value function and actor-control policy.

Focusing on the container twisting problem, this paper achieves stable angle
control by combining adaptive control with IRL.

The structure of this paper is outlined below.
Section 2 describes the structure of the RTG crane and the mechanism of the

anti-twisting device. The mathematical model of the system is developed using the
Lagrangian method.

Section 3 designs the IRL-based adaptive controller and analyses the stability of
the system.

Section 4 presents and analyses the experimental results.
Section 5 summarizes the work conducted in this paper, analyses the limitations

of the work, and provides an outlook on future research directions.

2. Anti-twisting control system for RTG cranes

2.1. Mathematical model of control system
A typical RTG crane, as shown in Figure 1, consists of a metal structure

comprising the girder, portal legs, saddle beam, and bracing members. This structure
serves as the crane’s framework, supporting the entire weight and load while ensuring
overall stability and shape retention. The structure of RTG crane is mainly composed
of gantry bracket, power transmission system, hoisting mechanism, trolley mechanism,
skew trolleymechanism and telescopic spreader. Figure 2 shows the structural diagram
of the skew trolley and spreader.

Figure 1. A RTG crane.
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Figure 2. The structural diagram of the trolley and spreader.

The simplified structure of the skew trolley and spreader is shown in Figure 3.
Neglecting the elastic damping characteristics of the rope and assuming that the weight
of the container is uniformly distributed. The container is twisted around the z-axis,
with φ serving as the twisting angle.

Figure 3. The simplified structure of the skew trolley and spreader.

The length of the rope is l, the diagonal length of the container is 2r, the length of
the container is a, the width is b, the mass of the skew trolley and the container is m
andM, respectively.

The displacement of the skew trolley is xs1, xs2. The anti-twisting control utilizes
dual torque, taking xs1 = −xs2. The tension forces in the ropes on the four pulleys are
assumed to be equal.

As shown in Figure 3, the angle between the ropes is 2α, sinα = xs1/2l. Then
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the tension force on the rope is
f≈

Mg

8
cosα (1)

The horizontal tension force on the rope is

fx≈
Mg

8
sinα (2)

For the small-angle oscillations pertinent to this study, the air damping can be
modeled as a linear moment [34, 35]. The damping moment of the air against the
container is

τ=−
kcaφ̇

3
where kc is the damping coefficient.

According to the Figure 3, when the skew trolley moves xs1, the vertical distance
of the pulley from the upper rail is

h′ =

√(
2l

2

)2

−
(xs1

2

)2
=
1

2

√
4l2−xs12 (4)

According to geometric relationships, the projection length of h′ on the horizontal
plane of the container is

h′′ =
√(

asin
φ

2

)2
−
(xs1

2

)2
(5)

Therefore, the coordinates of the centre of gravity of the container are (0,0,−h⊥)

h⊥ =

√(
1
2

√
4l2−xs12

)2 −(√(a sin φ
2

)2 − (xs1
2

)2)2

=
√

l2−
(
2asinφ

2

)2 (6)

The container’s velocity along the z-axis is therefore expressed as

vz = dh⊥
dt = 1

2

(
l2−
(
2asinφ

2

)2)− 1
2 d

dt

(
l2−
(
2asinφ

2

)2)
=−
(
l2−
(
2asinφ

2

)2)− 1
2 (

2asinφ
2

)
d
dt

(
2asinφ

2

)
=−
(
l2−
(
2asinφ

2

)2)− 1
2
2a2sinφ

2 cos
φ
2 φ̇

(7)

v2z = 4a4
(
l2−
(
2asin

φ

2

)2)−1 (
sin

φ

2
cos

φ

2

)2
φ̇2 (8)

The potential energy is taken to be zero on the Oxy plane. Then the potential
energy of the container is

Vc = −Mgh⊥ (9)

The kinetic energy of the container is

Tc =
1

2
Mv2z+

1

2
Jzφ̇

2 (10)
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where Jz = M(a2+b2)/12.
When the container twists an angle, there is a tendency to turn back. The

magnitude of the torque is related to the length of the rope. Assuming that the twist
stiffness of the rope is kl. When the length of the rope is fixed, the magnitude of the
elastic rotary force is proportional to the angle of twisting, then, the elastic potential
energy of twisting is

Vφ =
1

2
klφ

2 (11)

The Lagrangian function takes the following form

L = Tc−Vc−Vφ

= 1
2Mv2z+

1
2Jzφ̇

2+Mgh⊥−1
2klφ

2
(12)

∂L
∂φ̇ = ∂

∂φ̇

(
2a4M

(
l2−
(
2asinφ

2

)2)−1 (sinφ
2 cos

φ
2

)2
φ̇2+1

2Jzφ̇
2

)
+ ∂

∂φ̇

(
Mg

√
l2−
(
2asinφ

2

)2−1
2klφ

2

)
= 4a4M

(
l2−
(
2asinφ

2

)2)−1 (sinφ
2 cos

φ
2

)2
φ̇+Jzφ̇

(13)

Neglecting higher order infinitesimals and obtain the following results

∂L

∂φ
= −klφ (14)

d

dt

(
∂L

∂φ̇

)
=

d

dt

(
4a4M

(
l2−
(
2asin

φ

2

)2)−1 (
sin

φ

2
cos

φ

2

)2
φ̇+Jzφ̇

)
≈Jzφ̈ (15)

Assuming the horizontal force exerted by the servomotor on one end of the rope
is Fl, with its direction aligned with the positive x-axis.

Then
Jzφ̈+

kca

2
φ̇+klφ=(Fl+f) a=

(
maẍs1+

Mga

2l
xs1

)
a (16)

Considering that the rope cannot transmit the force directly to the container,mẍs1

can be ignored. The above equation becomes

Jzφ̈+
kca

2
φ̇+klφ=

Mga

2l
xs1 (17)

2.2. State-space model and stability analysis of the system
The transfer function is

G(s) =
Φ(s)

Xs1(s)
=

Mga

l(2Jzs2+kcas+2kl)
(18)

Therefore, the characteristic equation is given by

2Jzs
2+kcαs+2kl= 0 (19)

Since Jz is sufficiently large, k2ca2 − 16Jzkl < 0. Thus, the eigenvalues of the
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system are obtained as

s1,2=
−kca±j

√
16Jzkl−k2ca2
4Jz

(20)

This pole configuration causes sustained oscillations with slow decay in system
response. Systems operating near stability boundaries show high sensitivity to
parameter and disturbance changes, and small modeling errors or external perturbations
can alter pole locations. Such changes may worsen system overshoot and oscillations
in normal operation conditions, and in severe cases, poles can cross into the right
half-plane, causing instability and divergence. Therefore, this system lacks adequate
stability margin for reliable practical application, so compensation through controller
correction is needed to increase damping and improve robustness. This shifts poles
deeper into the left half-plane, enhancing both stability and dynamic performance.

The state vector is taken asx =
[
φ φ̇

]T
, and the control input is taken as u= xs1.

The state space equation of the system can be obtained as

ẋ = Ax+Bu (21)

where A =

[
0 1

− kl
Jz

− kca
2Jz

]
, B =

[
0

Mga
2lJz

]
.

During crane operation, l is time-varying, kc and kl have uncertainties.
Time-varying or uncertain parameters in the system’s parameter matrix cause
varying dynamic behavior under different operating conditions. This significantly
increases the difficulty of controlling the container’s twisting angle.

3. IRL-based adaptive control

In order to enhance the system’s adaptive performance, an IRL-based adaptive
controller is designed.

3.1. Fundamentals of classical adaptive control
Adaptive control systems update controller parameters based on information about

the input, state or output of the system. The updates follow predefined laws to cope with
the dynamic changes and uncertainties of the system [36]. There are many methods
that have been used to design adaptive controllers, for example, local parameter
optimisation, Lyapunov stability theory and hyperstability theory, etc.

In this paper, Lyapunov stability theory is used to design the adaptive controller,
and the specific design process is as follows.

The state space equation for the reference model is

ẋm = Amxm+Bmr (22)

where r is the input vector and xm is the state vector of the reference model, Am and Bm

are the state and input matrices, respectively.
For the system, the controller is designed so that the state x of the actual system

can be consistent with the state xm of the reference model. The output signal of the
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controller is
u = Gr−Fx (23)

where F denotes the feedback compensation matrix, G denotes the feedforward gain
matrix.

Substituting (23) into (21) yields

ẋ=(A−BF )x+BGr (24)

The generalized error state vector is

e = xm−x (25)

While its derivative can be expressed as

ė = ẋm−ẋ = Ame+(Am−A+BF )x+(Bm−BG) r (26)

When the system model is the same as the reference model, the controllers are Fm

and Gm. So {
Am = A−BFm

Bm = BGm

(27)

Substituting (27) into (26) yields

ė = Ame−BmGm
−1F̃x+BmGm

−1G̃r (28)

with F̃ = Fm−F , G̃ = Gm−G.
In order to prove the convergence of the system, the Lyapunov function is chosen

as
Va=eTPe+tr

(
F̃ TPF

−1F̃
)
+tr
(
G̃TPF

−1G̃
)

(29)

where P is the solution to the Lyapunov equation ATP+PA = −Q, PF and PG are
positive definite (PD) symmetric matrices.

The derivative of the Lyapunov function is then given by

V̇a = ėTPe+eTP ė+tr
(
˙̃
F
T
P −1
F F̃+F̃ TPF

−1 ˙̃F

)
+tr
(
˙̃
G
T
PG

−1G̃+G̃TPG
−1 ˙̃G

)
= −eTQe+2tr

(
BTPeZTφT)+2tr(Φ̇Γ−1ΦT

) (30)

where Q is taken as a symmetric PD matrix, Z = [x r]T, Φ = [−F̃ G̃],

Γ =

[
PF 0

0 PG

]
.

Let
2tr
(
BTPeZTΦ

)
+2tr

(
Φ̇Γ−1Φ

)
= 0 (31)
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Gives
Φ =−BTPeZTΓ (32)

Thus, the adaptive law is designed as{
Ḟ = −PFB

TPexT

Ġ = PGB
TPerT

(33)

3.2. IRL-based improvements
In classical adaptive control, P is fixed and cannot be dynamically adapted to the

parameter changes of the time-varying system. This may lead to degradation of control
performance. Therefore, in this paper, a dynamic adjustment strategy is used to enhance
the adaptability to the time-varying and uncertainty of the system. The IRL algorithm
is utilized to calculate P .

In modern intelligent control theory, reinforcement learning is a method centered
on environmental interaction. It uses feedback rewards to gradually approximate the
optimal decision-making mechanism. This capability grants reinforcement learning
significant importance in complex system control. Its core principle relies on modeling
with Markov decision processes and balancing the exploration of new actions with
the exploitation of known ones. This balance enables autonomous learning even
when system models are unknown or uncertain. Consequently, reinforcement learning
exhibits strong adaptability and generalization capabilities. IRL forms a critical branch
of reinforcement learning by employing integral Bellman equations to directly design
and analyse optimal controllers for continuous-time systems.

In recent years, scholars have extensively applied IRL to robotic control [37],
autonomous system formation [38] and power system optimization. This method
addresses key challenges like unknown models, underactuation, and high energy
consumption. Mahmoud et al. [39] propose a model-free static output-feedback
optimal control method based on IRL. It solely utilizes input-output data and eliminates
the need for any system model or state observer. The approach achieves a balanced
performance, stability, and practicality within an off-policy framework. Its overall
effectiveness outperforms existing model-free methods. Lv et al. [40] employed
online adaptive IRL for finite-time optimal control of multi-input nonlinear systems,
incorporating Nash equilibrium. This method uses dual neural networks to approximate
the performance index, avoiding reliance on internal system dynamics. It has been
successfully applied to models like the F-16 aircraft, achieving optimized performance
within a finite time.

Compared to other reinforcement learning methods, such as Q-learning or deep
deterministic policy gradient (DDPG), its advantages are mainly reflected in the
following aspects.

(i) In contrast to discrete-time methods like Q-learning, IRL operates within a
rigorous continuous-time framework. This approach fundamentally eliminates
model errors resulting from time discretization. Its theoretical structure is
inherently more rigorous and systematic.
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(ii) IRL executes integration in the continuous domain, differing from discrete-time
algorithms like DDPG. It eliminates the need for a known or precisely identified
system dynamics model. This method achieves adaptive optimal control solely
via online input-output data, minimizing prior knowledge dependence.

(iii) The learning process incorporates Lyapunov stability theory. This provides
enhanced stability guarantees for closed-loop control systems and addresses the
assurance limitations of traditional reinforcement learning.

Therefore, this paper employs IRL-based adaptive control to regulate the torsional
angle of the crane load. This algorithm evaluates control performance via an online
system, utilizing IRL to dynamically optimize key adaptive control law parameters.
For time-varying systems, conventional fixed parameter matrices rely heavily on costly
prior experience. Consequently, they struggle to balance convergence speed and
control smoothness under dynamic variations. The proposed method overcomes this
by dynamically optimizing these matrices online using real-time system states. This
enables real-time tuning of the update law itself, thereby enhancing the controller’s
adaptability to time-varying uncertainties. The system control block diagram is shown
in Figure 4.

Figure 4. The system control block diagram.

When r= 0, the control law is u= −Fx and the system ẋ= (A−BF )x is a stable
closed-loop system. Then the value function is

V (x(t)) =

∫ ∞

t
xT(τ)Qx(τ)dτ = xT(t)Px(t) (34)

whereP is a real symmetric PD solution of the equation (A−BF )TP+P (A−BF )= −Q.
The integral strengthening form of the value function is

V (x(t)) =

∫ t+T

t
x

T

(τ)Qx(τ)dτ+V (x(t+T )) (35)

IRL strategy iterative algorithm

xT(t)Pix(t) =

∫ t+T

t
x(τ)TQx(τ)dτ+xT(t+T )Pix(t+T ) (36)
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Ḟi = −PFB
TPiE (37)

withE = exT. i∈Z+ denotes the iteration count in policy iteration. Ḟi is the derivative
of the feedback matrix.

Equation (36) corresponds to the policy evaluation step of the policy iteration
algorithm. The left-hand side of this formula represents the estimated total future cost at
the current moment. The first term on the equation’s right side quantifies the cumulative
immediate stage cost over a future finite time window. This term measures the system
performance loss during the specific operating period described above. The second
right-hand term provides the cost estimate at the end of the stated time window. This
equation establishes the theoretical foundation for policy performance evaluation in
continuous-time systems.

Equation (37) corresponds to the policy improvement step in the policy iteration
algorithm. This step calculates new feedback control gain matrices based on the
previously evaluated cost information. It transforms performance insights from cost
evaluation into executable controller parameters. This mechanism completes a full
iteration from policy evaluation to policy generation. The new gain updates the
system’s actual control law.

Lemma 1. Assume the system ẋ=AixwithAi =Ai−BFi is stable,Pi being a solution
to (36) is equivalent to finding a solution to the Lyapunov equation.

AT
i Pi+PiAi = −Q (38)

Proof. Since Ai is a stable matrix and Q > 0, there exists a unique solution to (38).
Moreover, since V (x(t)) = xT(t)Px(t), ∀x(t) is a Lyapunov function of the system
ẋ = Aix and

d(xT(t)Pix(t))

dt
= xT(t)(AT

i Pi+PiAi)x(t) = −xT(t)Qx(t) (39)

Then, ∀T > 0, the unique solution of the Lyapunov equation satisfies∫ t+T
t x(τ)TQx(τ)dτ =

∫ t+T
t

d(xT(τ)Pix(τ))
dτ dτ

= xT(t)Pix(t)−xT(t+T )Pix(t+T )
(40)

The above equation is equivalent to (36). Thus, assume the system ẋ = Aix is
asymptotically stable, with the solution of (36) being the unique solution of (38). □

To calculate Pi, the method described in Vrabie et al.’s study [41] was employed.
xTPix is expressed as

xTPix = pi
Tx (41)

where x denotes the Kronecker product quadratic polynomial basis vector having
elements {xi(t)xj(t)}i=1,n;j=1,n. The parameter vector pi contains the elements of
the matrix Pi ordered by columns and with the redundant elements removed.
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By utilizing (41), (36) can be expressed as

pTi (x(t)−x(t+T )) =

∫ t+T

t
x

T

(τ)Qx(τ)dτ (42)

where pi is the vector of unknown parameters and x(t)−x(t+T ) acts as a regression
vector. The right-hand side

d(x(t)) =

∫ t+T

t
xT(τ)Qx(τ)dτ (43)

is a desired value or target function to which pTi (x(t)−x(t+T )) is equal when the
parameter vector pi contains the correct parameters.

To calculate it efficiently, define a controller state V1(t) and add the state equation
V̇1(t) to the controller dynamics.

V̇1(t) = xT(t)Qx(t) (44)

By measuring V1(t) along the system trajectory, the value of d(x(t)) can be
computed by using d(x(t)) = V1(t+T )−V 1(t). The right-hand side of (42) must be
computed atN ≥ n(n+1)/2 (where n is the dimension of the matrix P) points xi in the
state space, over time intervals T. Then, the batch least-squares solution is obtained as

pi = (XXT)−1XY (45)

with X =
[
x1
∆ x2

∆ · · · xN
∆

]T
, xi

∆ = xi(t)−xi(t+T ), Y =[
d(x1) d(x2) · · · d(xN )

]T
.

The design procedure of the IRL-based adaptive control algorithm can be
summarized as follows:

(i) Initialize the controller parameters.
(ii) Calculate the value of pi according to (45).
(iii) Verify whether the calculated pi satisfies the specified conditions.
(iv) Determine the matrix Pi based on the relationship between pi and Pi given in

(41).
(v) Update the adaptive controller parameters.

The proposed optimization process for the self-adaptive controller effectively
reduces errors caused by system model uncertainties. By dynamically adjusting
its parameters, the controller’s effectiveness and practicality are improved, thereby
enhancing system adaptability and control accuracy in complex conditions.

3.3. Stability analysis
The stability of the controller is analysed below. When xm =0, (25) can be written

as e = −x, so E =

[
e1

e2

] [
x1 x2

]
=

[
−x21 −x1x2

−x1x2 −x22

]
, and −E=

[
x21 x1x2

x1x2 x22

]
.

Since all the principal minors of −E are nonnegative, −E is positive semidefinite.
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Therefore, E is negative semidefinite.

Theorem 1. Assume that the control strategy Fi is stabilising at iteration i and that
Vi=xTPix is the relevant value. To update the control strategy with (37) yields a
stabilized strategy Fi+1, which secures the stability of the system.

Proof. The PD cost function Vi is used as a candidate for the Lyapunov function for
state trajectories generated when using the controller Fi+1. Taking the derivative of Vi

along the trajectory generated by Fi+1, one obtains

V̇i = xT[Pi(A−BFi+1) + (A−BFi+1)
TPi]x

= xT[Pi(A−BFi) + (A−BFi)
TPi]x

+ xT[PiB(Fi−Fi+1) + (Fi−Fi+1)
TBTPi]x

(46)

When∆t→0, Ḟi= lim
∆t→0

Fi+1−Fi

∆t . The second term above can be written as

∆txT[PiB
Fi−Fi+1

∆t +(Fi−Fi+1

∆t )TBTPi]x
= ∆txT[ lim

∆t→0
E+(Fi−Fi+1

∆t )TP−1
F

Fi−Fi+1

∆t ]

+ lim
∆t→0

(Fi−Fi+1

∆t )
T
P −1
F

Fi−Fi+1

∆t E+]x

(47)

where E+ is computed from E through eigenvalue decomposition.
Using (38), the first term in (46) can be written as −xTQx, and adding the resulting

two terms
V̇i =−xTQx

+∆txT
[
lim
∆t→0

E+(Fi−Fi+1

∆t )TP −1
F

Fi−Fi+1

∆t

+ lim
∆t→0

(Fi−Fi+1

∆t )TPF
−1 Fi−Fi+1

∆t E+]x

(48)

Thus, when Q > 0, Vi < 0, so the updated control strategy u = −Fi+1 x is stable.
Therefore, the matrix Pi can be obtained by solving (36) and the system is always
stable during the iteration. □

4. Experiments

This part of the paper assesses the effectiveness and practicality of the control
method through digital and physical experiments. In the digital experiments, take
M = 40,000 kg, g = 9.81 m/s2, α = 12 m, kl = 0.01 and kc = 0.01. The value of l
varies within the range of 5 m to 20 m.

The control requirements of the system are: when the initial angle is 2.5 degrees,
the twisting angle of the container reaches basic stability within 6 s. Meanwhile, during
the control process, the control input is in the interval range of [−0.4, 0.4].

4.1. Digital experiments
The digital experiments verify the performance of the IRL-based adaptive control

method for anti-twisting of RTG cranes. The variation of the rope length of the crane
spreader is shown in Figure 5. The figure simulates the process of lifting a container
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at one time. Take the controller parameters as PF = 10 and PG = 1 respectively.

Figure 5. The variation curve of rope length.
Note: The first 15 s is the hoisting phase. The rope length decreases from 20 m to 5 m at 1 m per second. This simulates lifting the
cargo from the ground. The 15 to 30 s is the horizontal transport phase with a constant rope length. The final 15 s is the lowering phase.
The rope length increases at the same rate. This simulates placing the cargo at the designated location.

In the simulation, the container’s twisting angle is controlled using three distinct
approaches: classical adaptive controller, IRL-based adaptive controller and LQR
controller. The simulation curves of container twisting angle and skew trolley
displacement are shown in Figures 6 and 7.

Figure 6. Twisting angle variation curves.
Note: The figure compares three control strategies: traditional adaptive control, LQR control and the IRL-based adaptive control
proposed in this paper. All cases share the same initial condition with a swing angle of 10 degrees.
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Figure 7. Displacement variation curves of the skew trolley.
Note: The figure compares the skew trolley displacement under three control strategies: traditional adaptive control, LQR control and
the IRL-based adaptive control. The operational displacement is bounded within ±0.4 m.

The analysis of digital experiment results shows that the optimisation of the P in
the IRL-based adaptive controller results in an effective improvement of the system.

The IRL-based adaptive control achieves faster system response than classical
adaptive control. The container’s twisting angle decays rapidly to within ±1° and
stabilizes within 6 s. At the same time, the time for the system to reach stabilisation
is reduced by 3 s and the maximum twisting angle of the container during control is
reduced by 0.75 degrees. In addition, the displacement of the skew trolley is always in
the interval [−0.4, 0.4]. This satisfies the control requirements. Moreover, compared
with LQR control, the adaptive control can achieve rapid angle stabilization with
smaller control effort.

To facilitate a more intuitive comparison of the overall performance across
different control methods,Table 1 presents key performance indicators for three distinct
approaches.

Table 1. Performance comparison of different control methods.

Control method
Maximum twisting

angle/°
Settling
time/s

Algorithm Execution
Time/ms

Maximum
Displacement/m

LQR 0.62 11 0.06 0.35
Classical adaptive control 1.67 10.4 0.35 0.11
IRL-based adaptive control 0.92 5.54 3.54 0.24

Regarding algorithm real-time performance, the adaptive controller based on
inverse reinforcement learning proposed in this paper requires longer computation time
per iteration compared to the other two methods. This increase mainly stems from
the iterative computational demands of online policy evaluation and parameter updates.
However, the execution time of this controller remains shorter than the system’s defined
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sampling period. It can complete all computations and output control commands within
one sampling interval, thereby avoiding system instability or performance degradation
due to computational delays. Therefore, despite its relatively higher computational
complexity, this scheme still satisfies the real-time constraints of control systems.

Therefore, IRL-based adaptive control is able to achieve fast control of the angle
while satisfying the displacement constraints. This control strategy exhibits enhanced
practical applicability.

4.2. Physical experiments
In a verification of the engineering practicability of the proposed method,

this study conducts physical experiments based on an electronic anti-twisting and
anti-swing crane experimental system.

As shown in Figure 8, a small-scale RTG model is designed.

Figure 8. A small-scale RTGmodel, consisting of an angle detection system, a motion control
system, and a monitoring system.

The system consists of a servo drive system, an angle detection system, a motion
control system, and a monitoring system, forming a complete closed-loop control
system. The servo drive system includes two servo motors, each with a matching
driver, to provide a horizontal force couple for the skew trolley. The angle detection
system uses a photoelectric encoder to measure the load angle in real time. A motion
control card is employed for collecting system status and outputting servo motor drive
commands. The monitoring system, built with an industrial computer, performs data
acquisition and human-machine interaction.

The most difficult control situation is adopted during experiments. The maximum
rope length is 1.5 m and the total load mass is 5 kg during experiments. The responses
of the anti-twisting control are shown in Figure 9. The proposed method can achieve
the rapid stabilisation of the container twisting angle compared with other method.
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Figure 9. The twisting angle curves of the load.
Note: This figure presents a comparison among four cases: the uncontrolled case, adaptive control, LQR control, and the proposed
IRL-based control. A common initial twisting angle of 6 degrees and a load mass of 5 kg are set for all cases.

As shown in Figure 9, under uncontrolled conditions, the load’s twisting angle
exhibits a decaying oscillation due to air resistance and inherent damping. However,
the attenuation is slow, taking about 6 cycles for the system to stabilize. This indicates
insufficient natural damping, which fails to meet the practical requirement for rapid
stabilization in engineering. After implementing the LQR control strategy, the system’s
dynamic response has been improved. The oscillation amplitude of the load twisting
angle is reduced, while the angle decays faster, entering the ±0.5° error band in 4.5 s.
The system achieves a stable state within 5 oscillation cycles. This indicates that the
LQR control enhances the system’s damping performance and suppresses load twisting.

After implementing adaptive control, the dynamic performance of the system
shows some improvement. The previous oscillatory behavior is reduced, with
the response entering the error band around 2.8 s and essentially stabilizing at
approximately 4 s.

The proposed control scheme further accelerates angle decay. It achieves rapid
attenuation within one cycle, enters the error band around 2 s, and thus reduces
overshoot and oscillation duration. The system reaches essential stability after just
3 cycles. Compared with the LQR and adaptive control methods, the control scheme
proposed in this paper reduces the settling time of the load’s twisting angle by 3.03 s
and 1.36 s, respectively.

Therefore, the IRL-based adaptive controller designed in this paper can effectively
achieve the expected control performance while maintaining control inputs within
predetermined limits. In addition, for the time-varying characteristic and uncertainty
of the system, the method is able to adjust the controller parameters online according
to the state of the system to improve the control performance.
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5. Conclusion

5.1. Summary
During crane operations, external disturbances and parameter uncertainties cause

twisting of the spreader. This paper adopts the Lagrangemethod to establish a nonlinear
mathematical model of the system. The model describes the dynamic behaviors of
trolley motion, hoisting mechanisms, and spreader twisting. Subsequently, the model
is linearized appropriately and the stability of the system is analysed.

Secondly, an enhanced adaptive controller design is presented, integrating
an iterative reinforcement learning algorithm for real-time optimization of control
strategies. This method employs IRL, transforming the adaptation process into an
online decision-making problem aimed at long-term optimal performance. It enables
the adaptive strategy to perform forward-looking online adjustments based on real-time
system performance feedback.

The proposed control method’s performance is verified through digital and
physical experiments.

The experimental results show effective suppression of load torsion phenomena.
This approach exhibits better performance compared to traditional adaptive and LQR
controllers. Therefore, the proposed control method exhibits practical value and broad
application potential.

5.2. Limitations and future work
This study has verified the fundamental anti-swing performance of the proposed

algorithm on an experimental system, yet several limitations persist. First, the physical
experiment was conducted on a dedicated RTG crane anti-swing simulation testbed.
The dynamic characteristics of this platform differ from those of a full-scale crane
due to scaling effects. Therefore, the algorithm’s performance on a prototype system
requires further validation. Second, the experimental setup represented an ideal
environment. Practical wind disturbances, such as sustained winds or sudden gusts,
were not systematically introduced. Consequently, a more comprehensive evaluation
of the system’s dynamic response and robustness under extreme conditions is necessary
in future work.

To advance technology towards practical engineering applications, subsequent
research should address two principal aspects. First, large-scale prototype experiments
or high‑fidelity simulations must be conducted, with emphasis on scale effects such
as control delays and structural coupling. This phase is required to validate the
algorithm’s scalability and extended adaptability. Second, the system’s performance
must be examined under realistic and complex operational environments. Accordingly,
systematic experiments should be designed and executed under varied and extreme
working conditions, including wind‑tunnel and real‑wind‑field settings with multiple
operational scenarios. These tests will provide a comprehensive evaluation of the
algorithm’s performance under complex wind loads, encompassing both sustained
and sudden wind conditions, thereby enabling a complete assessment of its dynamic
response and robustness against actual disturbances. Finally, future work will also
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explore integrating the proposed method with H∞ or L2-gain robust control theory.
The performance metrics for suppressing non-stationary disturbances, such as the L2
gain γ, will be incorporated into the IRL cost function learning process. This integration
aims to ensure the controller maintains effectiveness under strong disturbances.
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