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Abstract 

The sway of the container winch drive system results in significant nonlinearity in Ship-to-Shore (STS) crane operations. 

As a result, achieving an accurate winch path becomes challenging, raising safety concerns for the operator and increasing 

the risk of accidents to both goods and equipment. This paper presents a Deep learning-based Model Predictive Control 

(DMPC) designed to improve the precision of the winch control signal during STS operations, ultimately reducing the load 

sway amplitude. First, a Long Short-Term Memory (LSTM) is employed to compute a state prediction model that forecasts 

the load sway angle and winch displacement amplitude. The predicted state 𝑥̂(𝑘 + 1) serves as input to the DMPC controller, 

which determines the winch control value through an optimization function. Finally, the proposed solution is tested through 

two scenarios, yielding promising results that demonstrate its effectiveness. 
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1. Introduction

Ship-to-shore (STS) cranes are widely used for transferring 

cargo between vessels and the quay, employing wire ropes 

and a mechanical spreader frame. The crane operates by 

lowering the boom to a horizontal position during handling, 

allowing for the transfer of containers from ship to shore 

and vice versa. Containers are secured via the hatch cover 

and spreader frame. In contrast, the main hoist and trolley 

can operate simultaneously under winds below 20 m/s. 

However, the drive system is sensitive to external 

disturbances such as wind and irregular trolley motion, 

which often cause undesirable load sway. This sway 

reduces operational efficiency, increases the time required 

to suppress oscillations, and poses safety risks. The high 

sway leads to collisions with structures or personnel, 

causing equipment damage and accidents. In severe cases, 

crane structural components could be compromised, 

potentially leading to tilting or collapse. To address these  

*Corresponding author. Email: dungdv@ut.edu.vn

issues, manufacturers adopt control solutions focused on 

operational improvement.  

Many studies aim to apply modern techniques to 

mitigate load sway in container crane operations. Zhang et 

al. [1] developed a partially saturated nonlinear controller 

for underactuated overhead cranes, based on passivity and 

energy-shaping methods. Their approach constructs an 

assignable storage function characterized by a desired 

damping matrix and, notably, quadratic in a newly defined 

coupled error vector. Additionally, linear control strategies 

have also been extensively investigated. Lu et al. [2] 

proposed a sliding mode control method, which guarantees 

satisfactory control performance even when the crane 

operates under adverse conditions. Moreover, to mitigate 

the inherent chattering of sliding mode control, a 

disturbance observer has been designed for overhead 

cranes to estimate and subsequently eliminate the effects of 

external disturbances. Chen et al. [3] proposed an adaptive 

tracking control method that achieves effective tracking 
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performance in the presence of parameter uncertainties and 

external perturbations. Specifically, by exploiting passivity 

properties, an energy-like shaped function was designed as 

a Lyapunov candidate, upon which an adaptive tracking 

controller was developed to handle parameter 

uncertainties. A typical phenomenon in large-scale cranes, 

such as gantry cranes, is the occurrence of lateral structural 

vibrations caused by trolley motion and the limited 

stiffness of the crane structure. These structural oscillations 

interact with load sway and therefore must be considered 

in any control design process. In practical conditions, the 

optimal control force was addressed [4-5], ensuring a 

robust control signal [6-7]. However, structural vibrations 

of the crane are only partially attenuated, which has 

motivated the design and implementation of advanced 

control strategies such as model predictive control (MPC) 

[8-9]. In particular, a novel control approach based on 

multivariable MPC combined with particle swarm 

optimization has been proposed to suppress both transient 

oscillations and residual vibrations of the payload handled 

by overhead cranes. 

Figure 1. Operations of the STS cranes at Tan Cang 
– Cat Lai port, Vietnam

In recent years, artificial intelligence [10-11] and deep 

learning [12] have developed new approaches to address 

complex control and operational challenges. These 

technical problems are effectively fixed through advanced 

analytical techniques applied to large datasets. Some 

studies have built upon theoretical achievements in related 

fields such as big data. While the others have proposed 

sustainable practical applications in the transportation 

aspect, particularly for optimizing delays and reducing 

various prediction errors [13-14]. Zhang et al. [15] 

developed a model-independent control method, termed 

derivative-proportional sliding mode control, to achieve 

simultaneous trolley positioning and load sway 

suppression in gantry cranes. Similarly, Golovin and Palis 

[16] introduced a robust control approach for active

damping of elastic structural vibrations in gantry cranes.

Yongming et al. [17] investigated the impact of vertical

deformations in cranes on antisway control with a novel

three-mass, three-degree-of-freedom elastic dynamic

model of the trolley system to address sway. During crane

operations, disturbances (arising from sensor measurement 

errors and environmental conditions) are stochastic and 

fully accounted for in normal control designs. 

Therefore, investigating intelligent control solutions for 

mitigating load sway in STS crane operations has become 

a crucial task. This study develops a Deep learning-based 

Model Predictive Control (DMPC) to enhance the accuracy 

of control signals during crane operations, thereby 

reducing load sway. Specifically, a state prediction model 

for the STS crane is constructed using a Long Short-Term 

Memory (LSTM) neural network to accurately estimate 

both the system states and the payload swing angle. The 

predicted states 𝑥̂(𝑘 + 1) are provided as inputs to the 

DMPC controller, which computes the quality control 

forces by an optimization function. Feasible results 

provided from two testing scenarios, in comparison with 

comparison approaches, confirm the effectiveness of the 

proposed solution. 

The remainder of this paper is organized as follows: 

Section 2 presents the dynamic model of the STS crane, 

providing the mathematical foundation for controller 

design. Section 3 describes the DMPC controller design, in 

which the LSTM network is employed to accurately predict 

the system states, thereby enabling optimization of the 

control force through the DMPC framework. Section 4 

expresses the experimental results and performance 

evaluation of the DMPC controller under two testing 

scenarios. Finally, Section 5 summarizes the conclusions 

of this work and outlines directions for future study.  

2. The STS crane model

During the operation of STS cranes, load sway is primarily 

induced by the simultaneous movement of the lifting or 

lowering of the container. The goal of this study is to design 

an effective controller to minimize container sways, 

thereby enhancing productivity and ensuring operational 

safety. The STS kinematic model includes two main 

components: the trolley-payload system and the fixed 

supporting structure, as represented in Figure 2. In the case 

of ideal conditions, the friction force (translation 

mechanisms, and the rails), cable elasticity, and external 

disturbances are neglected. Based on Newton's theory II 

[18], the acting force of the trolley along the x-axis can be 

expressed as follows: 

𝑀𝐶

𝑑2𝑥

𝑑𝑡2
= 𝑢 + 𝐹𝑠𝑖𝑛𝜃 (1) 

The force exerted by the payload is defined as 

𝑀𝐿

𝑑2(𝑥 + 𝑙𝑠𝑖𝑛𝜃)

𝑑𝑡2
= −𝐹𝑠𝑖𝑛𝜃 (2) 

In addition, the trolley force with respect to the motion 

along the y-axis can be described as follows: 

𝐹𝑐𝑜𝑠𝜃 + 𝑀𝐶𝑔 = 0 (3)
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Figure 2. Structure of the ship-to-shore crane 

The force associated with the payload is rewritten by 

𝑀𝐶

𝑑2𝑥

𝑑𝑡2
+𝑀𝐿

𝑑2(𝑥 + 𝑙𝑠𝑖𝑛𝜃)

𝑑𝑡2
= 𝑢 (4) 

where ML denotes the mass of the lifted payload, and MC 

represents the mass of the trolley, with θ being the sway 

angle of the payload. The parameter l corresponds to the 

cable length, while x denotes the displacement of the 

trolley. To transport the payload from the vessel to the 

quay, the dynamical system is subjected to the trolley 

control force u and the cable tension force F. By 

transforming equations (1), (2), (3), and (4) with 𝑠𝑖𝑛𝜃 ≈ 𝑋 

and 𝑐𝑜𝑠𝜃 ≈ 𝑌, the dynamic equations governing the 

trolley–payload system can be expressed as follows: 

{

𝑥̈ =
𝑢 +𝑀𝐿𝑔𝑋(𝑙𝜃

2 + 𝑔𝑌)

𝑀𝐶 +𝑀𝐿𝑋
2

𝜃̈ = −
𝑢𝑌 + 𝑀𝐿𝑋(𝑔 + 𝑙𝜃

2𝑌) +𝑀𝐶𝑔𝑋

𝑙(𝑀𝐶 +𝑀𝐿𝑋
2)

(5) 

𝑥̇ = [

𝑥1̇
𝑥2̇
𝑥3̇
𝑥4̇

] =

[

𝑥2
𝑢 + 𝑀𝐿𝑔𝑋(𝑙𝜃

2 + 𝑔𝑌)

𝑀𝐶 +𝑀𝐿𝑋
2

𝑥4

−
𝑢𝑌 +𝑀𝐿𝑋(𝑔 + 𝑙𝜃

2𝑌) +𝑀𝐶𝑔𝑋

𝑙(𝑀𝐶 +𝑀𝐿𝑋
2) ]

(6) 

To enable the analysis and design of the anti-sway 

controller, the operation of the container transfer process 

from the vessel to the quay must be linearized around the 

stable operating point. At this equilibrium point, equation 

(6) can be linearized and represented in the following form:

 [
𝑥̈
𝜃̈
] =

[

𝑢 + 𝑀𝐿𝑔𝜃

𝑀𝐶

−
𝑢 +𝑀𝐿𝑔𝜃 + 𝑀𝐶𝑔𝜃

𝑙𝑀𝐶 ]

(7) 

=

[

0
𝑀𝐿

𝑀𝐶

𝑔 

0 −
𝑀𝐿 +𝑀𝐶

𝑙𝑀𝐶

𝑔
]

[
𝑥
𝜃
] +

[

1

𝑀𝐶

−
1

𝑙𝑀𝐶]

𝑢 

The linearized system can be expressed as 

{
𝑥̇(𝑡) = 𝐴𝑥(𝑡) + 𝐵𝑢(𝑡)
𝑦 = 𝐶𝑥 + 𝐷𝑢 

(8) 

Substituting (7) into (8), the state equation representing 

the trolley–payload system is given by 

𝑥̇ =

[

0 1 0 0

0 0
𝑀𝐿𝑔

𝑀𝐶

0

0 0 0 1

0 0
−(𝑀𝐶 +𝑀𝐿)𝑔

𝑀𝐶𝑙
0
]

[

𝑥1
𝑥2
𝑥3
𝑥4

] +

[

0
1

𝑀𝐶

0
−1

𝑀𝐶𝑙]

𝑢 

(9) 

[
𝑦1
𝑦2
] = [

1 0 0 0
0 0 1 0

] [

𝑥1
𝑥2
𝑥3
𝑥4

] + [
0
0
] 𝑢 (10) 

Remark 1: In the case of the trolley moving, 

environmental disturbances combined with drive system 

errors induce sways of the payload, thereby causing a 

collision for the STS crane. Consequently, reduction of the 

payload sway angle becomes both essential and practically 

significant.  

The input 𝑢 consists of the force generated by the 

control signal 𝜏𝑀𝑃𝐶  and the force exerted by the

environment 𝜏𝑒. In this study, external environmental

disturbances cannot be neglected. It is necessary to account 

for the forces and moments generated by wind. The wind-

induced forces and moments in surge, sway 𝜏𝑒 =
[𝑋𝑤𝑖𝑛𝑑 , 𝑌𝑤𝑖𝑛𝑑], are expressed as
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Figure 3. Structure of the DMPC controller for sway reduction of the STS crane 

{
𝑋𝑤𝑖𝑛𝑑 =

1

2
𝐶𝑋(𝛼𝑅)𝜌𝑎𝑉𝑅

2𝐴𝑇

𝑌𝑤𝑖𝑛𝑑 =
1

2
𝐶𝑌(𝛼𝑅)𝜌𝑎𝑉𝑅

2𝐴𝑇

(11) 

therein 𝐶𝑋 and 𝐶𝑌 are the wind force coefficients, 𝜌a is the

air density, 𝐴𝑇 and 𝐴𝐿 are the frontal and lateral, 𝑉𝑅 is the

relative wind speed, and 𝛼𝑅 is the relative wind direction

angle. 

Remark 2: The dynamic model of the STS crane is 

formulated under explicit simplifying assumptions: the 

system is represented in a two-dimensional plane, lateral 

structural vibrations are excluded, and the payload is 

modeled as a concentrated point mass. Friction, cable 

elasticity, and external disturbances are neglected in the 

baseline model to facilitate controller design. Therefore, 

the proposed approach is evaluated within a limited 

operating range, focusing on sway angles of 0.3 to 0.5 rad 

and payload masses between 15 and 25 tons. 

3. Developing the deep learning-based
model predictive control

3.1. Phases and Objectives 

In this study, the LSTM network [19-20] predicts the future 

operation state of the STS crane, denoted as 𝑥̂(𝑘 + 1), 
based on the current state 𝑥(𝑘), and control input 𝑢(𝑘). 
Accordingly, the LSTM serves as a data-driven dynamic 

model, providing essential input to the MPC controller for 

accurate prediction and determination of the control signal 

value. The proposed DMPC solution is structured into three 

stages as follows: 

• Stage 1: Developing the STS crane model in the

MATLAB 2024a to enable the implementation of

control strategies for sway reduction.

• Stage 2: Constructing a prediction model based on an

LSTM neural network to estimate the subsequent state

of STS crane operations.

• Stage 3: Designing the DMPC controller, in which the

prediction model (at Stage 2) determines the precise

control force through the optimization function 𝐽(𝑘).
The DMPC approach incorporates the LSTM model as

an independent function to simulate the crane's future 

behavior over a prediction horizon Np. At each time step, 

the controller compares the predicted state with the 

reference to compute the error and subsequently formulates 

an optimization problem to obtain the optimal sequence of 

control signals within the control horizon Nc. The proposed 

solution's objective is to minimize load sway to guarantee 

the STS's stable condition. 

3.2. The LSTM neural network 

Recurrent neural networks (RNNs) are time-dependent 

architectures that have been widely applied in various 

domains, such as natural language processing [21], and 

particularly in time-series data analysis [22]. Within their 

recurrent structure, each neural unit receives an input 𝑥𝑡 to
compute the corresponding hidden state ℎ𝑡, while the

recursive connections enable information to propagate 

from the current step to subsequent steps. The LSTM 

architecture enhances this process by selectively retaining 

relevant information for prediction and discarding 

irrelevant data. The structure of the LSTM network is 

described in Figure 3. 

In this LSTM structure, 𝑥𝑡 denotes the input, with ℎ𝑡−1
being the output of the previous layer. The term 𝑓𝑡
corresponds to the forget gate output, and 𝜎 denotes the 

Sigmoid activation function [23-24], which serves as the 

output of the input gate. Furthermore, 𝐶𝑡̃ represents the

output of the candidate gate, with tanh denoting the 

hyperbolic tangent function, and 𝐶𝑡 being the output of the

memory cell. The LSTM network determines which 

EAI Endorsed Transactions on 
Transportation Systems and Ocean Engineering 

| Volume 1 | Issue 1 | 2025 | 



 Integrating model predictive control with deep learning for sway reduction in ship-to-shore crane operations 

5 

information should be discarded from the cell state through 

the forget gate. Subsequently, the previous output ℎ𝑡−1 and

the current input 𝑥𝑡 are processed to generate a nonlinear

mapping via the sigmoid function, thereby defining the 

vector 𝑓𝑡 associated with the cell state 𝐶𝑡−1.

𝑓𝑡 = 𝜎(𝑊𝑓[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) (12) 

where 𝑊𝑓 denotes the weight matrix and 𝑏𝑓 represents the

bias of the forget gate. The input gate employs the sigmoid 

activation function [17] to regulate the amount of new 

information incorporated at the current time step. The 

𝑡𝑎𝑛ℎ layer generates a vector of candidate values that are 

subsequently added to the cell state, expressed as follows: 

𝑖𝑡 = 𝜎(𝑊𝑖[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) (13) 

𝐶𝑡̃ = 𝑡𝑎𝑛ℎ(𝑊𝐶[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) (14) 

therein, 𝑊𝑖 expresses the weight matrix of the input gate,

and 𝑏𝑖 represents its bias. In addition, 𝑊𝐶 is the weight

matrix of the candidate gate, with 𝑏𝐶  denoting its bias.

Accordingly, the cell state is updated as follows: 

𝐶𝑡 = 𝑓𝑡 ∗ 𝐶𝑡−1 ∗ 𝑖𝑡 ∗ 𝐶𝑡̃ (15) 

The output is computed based on the cell state, as 

represented in (16). The cell state is determined via the 

hyperbolic tangent function (ranging from −1 to 1) and 

multiplied by the output of the sigmoid gate, as follows: 

𝑜𝑡 = 𝜎(𝑊𝑜[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜) (16) 

ℎ𝑡 = 𝑜𝑡 ∗ tanh (𝐶𝑡) (17) 

for 𝑜𝑡 denotes the output gate, with 𝑊𝑜 being the weight

matrix and 𝑏𝑜 the corresponding bias.

3.3. Designing the DMPC for STS crane 
sway reduction 

The LSTM network input consists of the vector 𝑥(𝑘), 
which includes the state variables (𝑥1𝑘, 𝑥2𝑘 , 𝑥3𝑘 , 𝑥4𝑘), with

the control input 𝑢(𝑘) representing the external force 

applied to the system, as expressed in (10). Accordingly, 

the subsequent predicted output is computed through the 

LSTM model as follows: 

𝑥̂(𝑘 + 1) = 𝑓𝐿𝑆𝑇𝑀(𝑥(𝑘), 𝑢(𝑘)) (18) 

The predicted value 𝑥̂(𝑘 + 1) is integrated into the MPC 

framework [25] to estimate the control force for the STS 

crane, which is expressed as: 

𝑢(𝑘) = 𝑢(𝑘|𝑘), 𝑢(𝑘 + 1|𝑘),⋯ , 𝑢(𝑘 + 𝑁𝑐 − 1|𝑘) (19)

where 𝑢(𝑘 + 𝑝 ∣ 𝑘) defines the control input at time step 

𝑘 + 𝑝, computed at the current time k. The control signals 

include the trolley driving force, which regulates the trolley 

position 𝑥 and reduces the swing angle 𝜃. Accordingly, the 

control force can be decomposed by 

𝑢(𝑘 + 𝑝 ∣ 𝑘) = [𝑢𝑥( 𝑘 + 𝑝 ∣∣ 𝑘 ), 𝑢𝜃( 𝑘 + 𝑝 ∣∣ 𝑘 )]
𝑇 (20)

for 𝑢𝑥 represents the control signal for the horizontal

position of the trolley, whereas 𝑢𝜃 denotes the control

signal for attenuating the swing angle 𝜃. The objective of 

the DMPC controller is to minimize the error between the 

output path and the desired reference, while simultaneously 

imposing constraints on both the control force and the 

variations of the control signals, as follows: 

𝐽(𝑘) = ∑  

𝑁𝑝

𝑝=1

(∆𝑥(𝑘 + 𝑝|𝑘))2 + 𝜆 ∑

𝑁c−1

𝑝=0

(△ 𝑢(𝑘 + 𝑝 ∣ 𝑘))2 

(21) 

where λ is the weighting factor, and ∆𝑥(𝑘 + 𝑝|𝑘) =
𝑥𝑟𝑒𝑓( 𝑘 + 𝑝 ∣∣ 𝑘 ) − 𝑥̂(𝑘 + 𝑝 ∣ 𝑘) denotes the tracking error

between the desired value at time step 𝑘 + 𝑝, referenced 

from the initial time 𝑘, and the predicted value 𝑥̂0(𝑘 + 𝑝|𝑘)
computed at the current iteration. Accordingly, the 

subsequent predicted state 𝑥̂1(𝑘 + 𝑝|𝑘) within the

prediction horizon 𝑘 + 𝑁 is expressed as 

𝑥̂1(𝑘 + 𝑖|𝑘) = 𝑥̂0(𝑘 + 𝑖|𝑘) + 𝑎𝑖  ∆𝜏(𝑘) (22) 

It can be expressed in the matrix form as follows: 

𝑥̂𝑁1(𝑘) =  𝑥̂𝑁0(𝑘) + 𝑎∆𝜏(𝑘) (23) 

In practical operation, the control input signals are 

constrained by the mechanical structure and the capabilities 

of the drive mechanism as follows: 

𝜏𝑚𝑖𝑛 < 𝜏(𝑘) < 𝜏𝑚𝑎𝑥 (24) 

whereas 𝜏𝑚𝑖𝑛  and 𝜏𝑚𝑎𝑥 denote the limits of the applied

force. The DMPC response is adjusted through 𝛥𝜏(𝑘) as 

Δ𝜏(𝑘) = 𝑑𝑇[𝜔𝑝(𝑘) − 𝑥̂𝑃0(𝑘)] (25) 

Here, 𝑑𝑇 is computed as follows:

𝑑𝑇 = 𝑐𝑇(𝐴𝑇𝑄𝐴 + 𝑅)−1𝐴𝑇𝑄 (26) 

where, 𝑐𝑇 = [1 0… 0] and 𝐴𝑃×𝑀 =

[

𝑎1
⋮

…
⋱

0

𝑎𝑀
⋮

… 𝑎1

𝑎𝑃 ⋯ 𝑎𝑃−𝑀+1]

, Q 

and R denotes the error weighting matrix and the control 

weighting matrix, respectively.  

Accurate determination of the control output ensures 

stable operation of the STS crane throughout the overall 
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process, and beter control performance. In DMPC, the 

controller output is continuously predicted over the control 

horizon 𝑇𝑐, which may result in predicted signals exceeding

allowable limits, potentially causing damage to the 

actuating equipment. The operating process of DMPC are 

espress in Algorithm 1. 

Algorithm 1: The DMPC operation process 

Input: 𝑥(𝑘), LSTM model 𝜃∗, 𝛥𝑡, 𝑁𝑝, 𝑁𝑐, 𝑄, 𝑅, 𝑆,mmax 

Output: Predicted states 𝑥(𝑘),Optimal control 𝜏(𝑘) 

1 Initialize: Constraints 𝜏𝑚𝑖𝑛 < 𝜏(𝑘) < 𝜏𝑚𝑎𝑥

2 Initialize: STS’s state 𝑥𝑟𝑒𝑓( 𝑘 + 𝑁𝑝 ∣∣ 𝑘 )

3 while 0 < m < mmax do 

4 Measuring output ← 𝑥0(𝑘 + 𝑝|𝑘)

5 Estimating state 𝑥1(𝑘 + 𝑖|𝑘) ← (22)

6 Estimating state 𝑥(𝑘 + 1) ← LSTM(U(k),Np)

7 Computing contraints ← (24) 

8 Computing 𝐽 ← (21) 

9 Sloving optimal min 𝐽 

10 Computing Δ𝜏(𝑘) ← (25)

11 Computing 𝜏 ← Δ𝜏(0)

12 Increasing m ← m+1 and return Step 3 

13 end while 

14 end 

3.4. Stability analysis 

In this study, 𝑥(𝑘) = [𝑥, 𝑣, 𝜃, 𝜔]⊤ expresses the STS’s

state with 𝑢(𝑘) being the control force. In addition, 𝑑𝑘
expresses the LSTM prediction error, considered as 

additive noise. From (18), the STS nonlinear system is 

rewritten as 

𝑥(𝑘 + 1) = 𝑓(𝑥(𝑘), 𝑢(𝑘)) + 𝑑𝑘 (27) 

In case of ∥ 𝑑𝑘 ∥≤ 𝑑̄, 𝑓 denotes a continuous nonlinear

function, Lipschitz on the constraint domain around 𝜃 ≈ 0. 

That is, there exists a constant 𝐿𝑓 > 0 such that

∥ 𝑓(𝑥1, 𝑢1) − 𝑓(𝑥2, 𝑢2) ∥≤ 𝐿𝑥 ∥ 𝑥1 − 𝑥2 ∥ +𝐿𝑢
∥ 𝑢1 − 𝑢2 ∥

(28) 

where 𝐿𝑥 and 𝐿𝑢 are the Lipschitz constants specific to each

variable. The state error is constrained by 

∥ 𝑥𝑘+1 − 𝑓(𝑥𝑘 , 𝑢𝑘) ∥≤ 𝐿𝑓𝑑̄ (29) 

In the Lipschitz area, the LSTM prediction error causes 

only a bounded bias, and the system under DMPC 

maintains practical stability. Specifically, there exists a 

Lyapunov function 𝑉(𝑥) as 

𝑉(𝑥(𝑘 + 1)) − 𝑉(𝑥(𝑘)) ≤ −𝛼(∥ 𝑥(𝑘) ∥) + 𝛾(𝑑̄) 
(30) 

therein 𝛼 represents the rate of decrease in the Lyapunov 

derivative with 𝛾 denoting the influence of disturbances on 

the system, this demonstrates that the state converges 

locally to a disturbance-invariant set whose radius is 

proportional to the bounded prediction error 𝑑̄. 

4. Results and evaluations

4.1. Configuration parameters 

The testing cases were conducted in the MATLAB 2024a 

computational environment, with the parameters of STS 

are presented in Table 1. The LSTM model was trained by 

a dataset obtained from the nonlinear dynamics model of 

the STS crane system. To illustrate the characteristics and 

scope of the input data, Table 2 presents the representative 

initialization conditions (𝑥0, 𝜙0, 𝑢max) of 20 sample data 

sequences out of a total of 200 simulation sequences used 

for the training process. 

Table 1. Structural parameters of the STS crane 

Parameter Symbol Value 

Trolley mass 𝑀 25000 kg 

Payload mass 𝑚 50000 kg 

Cable length 𝑙 30 m 

Gravitational acceleration 𝑔 9.81 m/s² 

Sampling time 𝑇𝑠 0.1 s 

Number of operational cases 200 

Duration of each case 180 s 

Table 2. Samples of the training data 

No 
𝑥0
(m) 

𝜙0
(𝑟𝑎𝑑) 

𝑢𝑀𝑎𝑥
(N) 

No 
𝑥0
(m) 

𝜙0
(𝑟𝑎𝑑) 

𝑢𝑀𝑎𝑥
(N) 

1 0.91 -0.065 27.22 11 -0.69 -0.032 15.36 

2 1.29 -0.065 26.68 12 -0.53 0.039 17.70 

3 0.27 0.049 20.52 13 0.59 0.076 27.44 

4 -0.66 0.043 17.96 14 0.32 -0.024 23.79 

5 -0.14 -0.003 17.86 15 -0.01 0.045 27.16 

6 -0.49 0.042 24.11 16 -0.28 0.069 17.86 

7 -0.20 0.056 19.05 17 0.94 -0.016 23.68 

8 -0.86 0.024 17.83 18 0.26 0.022 19.74 

9 -1.61 -0.053 21.62 19 0.026 -0.07 19.81 

10 -0.27 -0.06 21.08 20 -0.17 0.07 25.18 
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Before proceeding with the detailed training using the 

dataset, we conducted a comparative training experiment 

using two loss functions: MAE and RMSE. The results 

obtained after 300 epochs (Figure 4) show that the model 

using RMSE converged better and achieved lower 

prediction errors. Therefore, RMSE was chosen as the loss 

function for training the LSTM model in this study.  

The state prediction model was trained with 128 

hidden layers, enabling the model to capture the nonlinear 

dynamic characteristics of the STS crane. The training 

process utilized the Adam optimization algorithm [26-27], 

which provides fast and stable convergence, with a learning 

rate of 0.0001, allowing appropriate weight updates while 

avoiding large variations.  

Figure 4. Training loss comparisions 

Training data was conducted over 20,000 epochs to 

ensure comprehensive learning from the training dataset. 

Additionally, a mini-batch size of 32 was used to balance 

the computational efficiency and stability in parameter 

updates. The convergence of the model during training is 

illustrated in Figure 5, showing a steady decrease in the 

evaluation function after approximately 1,000 epochs. This 

result indicates that the training process was effective 

without overfitting. The stable convergence reflects a 

rational selection of training parameters, particularly the 

small learning rate and sufficiently large number of epochs, 

allowing the model to learn deeply from the operational 

data of the STS crane. The RMSE [28-29] achieved a 

minimum value of 0.1945. 

Figure 5. Training results of the LSTM network 

The authors developed two testing cases: the first case 

involved varying the load swing angles to evaluate the 

feasibility of the proposed solution; the second case carried 

out the proposed approach under increasing container 

payloads to assess the quality of the control strategy. 

The control system is evaluated as stable and effective, 

with sufficient phase and gain margins, verifying its ability 

to withstand disturbances and uncertainties, as shown in 

Figure 6. The results demonstrate that DMPC consistently 

maintains gain margins above 10dB and phase margins 

greater than 40°, surpassing standard stability thresholds 

(GM > 6 dB, PM > 30°). These margins confirm that 

DMPC provides strong closed-loop stability, effective 

sway suppression, and reliable adaptability to load 

variations, validating it as a practical control strategy for 

STS crane operations. 

Figure 6. Stability analysis by using gain margin and 
phase margin 

4.2. Case 1 

In the first testing case, the DMPC controller is performed 

under varying swing angles to assess its precision in control 

and its effectiveness in reducing load swing, with the STS 

crane operating at a minimum load of 15 tons. In this 

testing, the trolley was moved from 0 m to 3 m, with the 

control velocity computed by the DMPC algorithm based 

on predictions from the LSTM network. The focus of this 

case was to monitor the trolley’s horizontal position 

response and the swing angle amplitude of the cable. To 

evaluate the controller’s robustness, three initial swing 

angles were introduced. These variations represent 

different levels of initial disturbance, allowing for a 

comparative analysis of the DMPC, and MPC strategies. 

The results, as described in Figure 7, clearly verify the 

effectiveness of the DMPC controller compared to the 

MPC [25], particularly in handling load sway and 

variations in sway angles. The comparison results in Table 

3 show that the DMPC has better position control with 

significantly reduced overshoot, specifically 0.7 % for 

DMPC compared to 2.07 % for MPC in a sway angle of 0.3 

rad. In addition, the proposed solution maintains a low 

level of 0.74 % to 0.81 % as the sway angle increases, 

whereas MPC reaches 2.14 % to 2.25 %. The settling error 

of DMPC is also markedly lower, at only 0.01 m compared 

to 0.015 m for MPC at 0.3 rad, and 0.026 m versus 0.032 

m for MPC at 0.5 rad.  
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(a) 

(b) 

(c) 

Figure 7. Results of case 1 for sway angle: (a) 0.3 
rad, (b) 0.4 rad, (c) 0.5 rad 

Furthermore, the NNMPC [30] is an approach that 

integrates neural network-based prediction into the MPC 

framework, which also shows improved performance over 

traditional MPC. The comparison results summarized in 

Table 3 show the changes in the sway angles. At a sway 

angle of 0.3 rad, NNMPC achieves an overshoot of 0.8 %, 

slightly higher than DMPC but significantly lower than 

MPC. Its steady-state error is 0.011 m, and the settling time 

is 15 s, both better than MPC’s 0.015 m and 20 s, 

respectively. As the sway angle increases to 0.5 rad, 

NNMPC maintains competitive metrics with 0.82 % 

overshoot, 0.028 m steady-state error, and 21 s settling 

time. These results demonstrate that DMPC, owing to the 

accurate predictive capability of the LSTM model, can 

compensate sways more effectively. 

Table 3. Comparision results for the first case 

Swing angle DMPC NNMPC MPC 

Overshoot (%) 

0.3 (rad) 0.7 0.8 2.07 

0.4 (rad) 0.74 0.76 2.14 

0.5 (rad) 0.81 0.82 2.25 

Steady-state error (m) 

0.3 (rad) 0.01 0.011 0.015 

0.4 (rad) 0.015 0.017 0.021 

0.5 (rad) 0.026 0.028 0.032 

Settling time (s) 

0.3 (rad) 12 15 20 

0.4 (rad) 15 17 26 

0.5 (rad) 18 21 32 

Moreover, the DMPC exhibits a notable advantage in 

system stabilization speed. The settling time of DMPC is 

consistently shorter than that of MPC, with DMPC 

achieving stability in just 12 s at a sway angle of 0.3 rad, 8 

s faster than MPC, and 18 s at 0.5 rad compared to 32 s for 

MPC. These results indicate that the flexible response and 

optimized control capability of DMPC allow the system to 

achieve a stable state. Therefore, the DMPC not only 

significantly improves position control and reduces 

overshoot but also demonstrates better effectiveness in 

minimizing settling error and shortening settling time, even 

under large sway angle conditions, confirming its high 

potential for application in an actual STS crane. 

4.3. Case 2 

In the second case, we focus on assessing the adaptability 

of the proposed control solution under substantial 

variations in load and impact of environment. The wind 

parameters acting on the STS include the lateral wind area 

𝐴𝐿 = 2.4 m2, the frontal wind area 𝐴𝑇 = 9.34 m2. The

wind speed is 𝑉𝜔 = 2 m/s with a wind angle of  𝛽𝜔 = 200
∘.

This case was designed to emulate actual conditions, in 

which the container mass is not constant. Specifically, the 

payload was incrementally increased from 15 tons to 20 

tons, and finally to 25 tons. For each load level, the trolley 

was commanded to move from position 0 m to 3 m, with 

the velocity determined by the MPC algorithm based on an 

LSTM prediction model. This case aims to verify the 

controller’s effectiveness in maintaining accurate trolley 

position control and, importantly, in minimizing cable 

swing amplitude in case the STS crane changes payloads. 
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(a) 

(b) 

(c) 

Figure 8. The second case results for payloads: 
(a) 15 ton, (b) 20 ton, (c) 25 ton

The results shown in Figure 8 confirm the effectiveness 

of the DMPC in controlling the sled position and 

minimizing the cable sway amplitude when the system is 

subjected to variations in the load mass. The simulation 

results presented in Table 4 indicate that the DMPC is 

better than the MPC [25] and NNMPC [30], especially in 

stabilizing the load sway and adapting to different loads. 

The simulation results presented in Table 4 show that the 

DMPC has a significantly lower overshoot at the 15-ton 

load level; specifically, the DMPC is lower than the MPC 

by 1.1 %. At the 25-ton level, the DMPC also maintains a 

significantly lower overshoot of 4.7 % compared to the 

MPC's 8.3 %, ensuring better accuracy. Furthermore, the 

steady-state error is also reduced compared with the 

DMPC, with the 15-ton level having a lower error of about 

35.5 % compared to 0.031 m with MPC. At the 20-ton 

level, the steady-state error of the DMPC solution reaches 

a low of 0.06 m, expressing a reduction of 0.02 m compared 

to MPC. At the 25-ton level, the DMPC also results in a 

low steady-state error of 0.11 m, while NNMPC records 

overshoots of 2.7 %, 3.8 %, and 5.1 % for payloads of 15, 

20, and 25 tons, respectively, that higher than DMPC in 

each case. Similarly, its steady-state errors of 0.021 m, 

0.064 m, and 0.14 m are consistently above those of 

DMPC. Settling times also favor DMPC, which stabilizes 

faster across all payloads. These comparisons reinforce that 

the DMPC offers the most reliable and precise control 

performance under dynamic load conditions. 

Table 4. Comparision results of the second case 

Payload DMPC NNMPC MPC 

Overshoot (%) 

15 (ton) 2.4 2.7 5.3 

20 (ton) 3.6 3.8 7.4 

25 (ton) 4.7 5.1 8.3 

Steady-state error (m) 

15 (ton) 0.02 0.021 0.031 

20 (ton) 0.06 0.064 0.08 

25 (ton) 0.11 0.14 0.16 

Settling time (s) 

15 (ton) 20 24.2 26 

20 (ton) 23.3 25 28.7 

25 (ton) 26.5 27 30.6 

Furthermore, the DMPC achieves significantly faster 

settling times than MPC at the 15-ton level, meeting the 

stability in 6 s faster than MPC.At the 20-ton level, the 

reduction is 5.4 s, and the proposed solution stabilizes in 

26.5 s compared to 30.6 s for MPC at the 25-ton level. 

These results indicate the controller’s flexible response and 

rapid stabilization capability in dynamic operating 

environments, satisfying the conditions stated in Remarks 

1, and 2. Overall, the findings confirm the high potential of 

the DMPC solution for practical application in the STS 

crane. For a payload of 20 tons, the total computation time 

was measured as 18.7528 seconds during a 60‑second 

control process with a sampling time of 0.01 s. This 

corresponds to an average computation time of 

approximately 3.1 ms per step, which is significantly lower 

than the actual control cycle for the STS crane (5-20 ms). 

These results confirm that the proposed DMPC can operate 

in real time without introducing delays that would affect 

system stability or control performance. 
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5. Conclusion

This study developed an LSTM neural network integrated 

with MPC to accurately control the operation of STS 

cranes, aiming at reducing the sway amplitude and 

improving the control response. The LSTM neural network 

calculates a state prediction model in predicting the load 

sway angle and winch displacement amplitude. Thus, the 

STS predicted state is used as input for the DMPC 

controller to determine the winch control value, which 

reduces the load sway angle through the optimization 

function. The results from the two testing cases indicate 

that the DMPC can adapt to load variations while 

maintaining stability despite changes in sway angle and 

payload. In the future, the application of deep learning-

based MPC for reducing crane load sway angles needs 

verification through various testing cases, and the wind 

impact on sway angle changes should be considered. 

Furthermore, this paper focuses on the design and 

experimental evaluation of a DMPC controller combine 

with LSTM prediction. Theoretical proofs of Lyapunov 

stability, repeatability, and analysis of prediction error 

effects will be directions for further research. 
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