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Abstract

Reduction of transient and residual payload swing in crane systems is a key control objective to guarantee the
safety and efficiency requirements. The fast and accurate payload positioning with swing suppression within the
acceptable range to avoid accidents is the challenging problem due to the underactuated nature of crane systems.
Since the actuated motion causes undesirable payload swing, the efficient control method should be developed to
ensure fast and precise payload positioning and meet the safety requirements. The standard model predictive control
method is not suitable for underactuated mechanical systems. In this article the two, soft and hard-constrained anti-
sway predictive control strategies are compared in experiments carried out on a laboratory scaled overhead
travelling crane. The both control schemes are developed based on the linear parameter-varying model of a planar
crane system. The recursive least square algorithm with parameter projection is used to estimate the model
parameters. The soft-constrained optimization problem is solved using the particle swarm optimization algorithm with
the inertia weight linearly decreasing during iteration. The metaheuristic optimizer is applied to determine the
sequence of optimal control increments subject to the hard constraint of the control input and soft constraint of the
payload swing. The comparison of hard and soft-constrained predictive controllers is carried out on a laboratory
stand for different payload deflection constraints.
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1. Introduction

The safety and efficiency for cranes operations require solving different types of constructional
and technological problems, as well as problems related to automation of crane operations [5-7,
11, 17, 18]. Cranes, which are used in material handling systems of many industrial sectors, are the
examples of underactuated mechanical systems due to the fact that the position of a rope
suspended payload is indirectly controlled through controlling the actuated mechanisms of a crane.
Since the actuated motion causes undesirable payload swing, the efficient control method should
be developed to ensure fast and precise payload positioning and meet the safety requirements.
These involve reduction of transient and residual payload swing within the acceptable range.

The problem under consideration is attractive for researchers, and either open loop or
feedback-based control solutions are reported in many previous papers. A thorough review of
various methods reported in the literature for crane modelling and control is presented in [1, 13].
The most of these control techniques focuses on suppressing the residual vibration, while the
transient oscillations are frequently neglected. The model predictive control (MPC) has been
recently applied in different crane control applications, such as hydraulic forestry crane [8], boom
crane [2], gantry crane [16] and overhead crane [9]. The predictive control approaches reported in
the literature show effectiveness in suppressing the residual vibration; however, they consider
mainly the constraints of input signal, acceleration and velocity of a crane without limiting the
transient payload deflection. The hard-constrained MPC solutions for payload swing limitation are
presented in [3, 14]. The GPC-based approach with the particle swarm optimization (PSO)
algorithm is developed in [15] for the soft constraint of payload swing.
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In this article, the hard and soft-constrained predictive approaches developed in [14, 15] are
compared in experiments carried out on a laboratory scaled overhead travelling crane. In both
cases, the predictive control scheme is developed using the generalized predictive control (GPC)
procedure based on the discrete-time linear parameter varying (LPV) model of a crane dynamic.
The parameters of a model are on-line estimated using the recursive least square (RLS) algorithm
with parameter projection. In the second approach, the PSO algorithm is applied to determine the
sequence of optimal control increments over the control horizon subject to hard constraint of the
control input and soft constraint of the payload swing. The GPC-PSO controller is successfully
verified during the experiments carried out on a laboratory stand and compared with the hard-
constrained predictive control strategy developed in [14].

The rest of the article is organized as follows. Section two presents the LPV model of an
overhead crane taken into consideration. The predictive controller with the PSO algorithm is
presented in section three. Section four exhibits and discusses the results of experiments. The work
is summarized in section five.

2. LPV model of an overhead crane

A 2-D crane system is considered as a spherical pendulum moved by a cart (Fig. 1). A payload
is a point-mass suspended at the end of a massless rigid cable. Neglecting the influence of the
pendulum motion on the cart motion, the dynamic of the actuated cart and the unactuated
pendulum is simplified to the first-order (1) and second-order (2) discrete-time LPV models,
respectively.

Fig. 1. Planar model of a crane, where x, vy, m, I, u and «a are position and velocity of a cart, mass of a payload, rope
length, controlling signal corresponding to control force acting on a crane, and sway angle of a payload,
respectively

A, ()= B(z u(t-1), (1)

C(z Na(t)=D(z" (1), (2)

where A(z') =1 + aiz’!, B(z') = bo, C(z") =1 + ciz' + 2 22, and D(z") = do + diz”" are the
polynomials in the backward shift operator z.

Since the parameters of models (1) and (2) vary with operating conditions, the RLS algorithm
is applied for online estimation according to:
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where:
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and u € (0,1] is the forgetting factor.

The parameter projection can be used to ensure that the parameter estimates converge to
feasible and stable solutions. In practice, the parameters are bounded within the range of operating
conditions, which can be specified by the lower and upper limits of the rope length, mass of a hook

assembly and a rated load. Thus, for the a priori known bounds 6, and 6 the parameter
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3. Predictive controller with PSO algorithm
3.1. Unconstrained predictive controller

To determine the sequence of the optimal control increments over the control horizon N, the
objective function is formulated as:

min J =Y R+ ) -x, ¢+ HF + 34 @+ ) + izm (Autr+ /-1, 6)

J=1 J=1

where x» is the reference signal, 21 and A2 are the weighting coefficients, N, is the prediction
horizon.

Substituting output variables x1 = x and x2 = ¢, the relations (1) and (2) can be rewritten to the
CARIMA (Controlled Auto-Regressive and Integrated Moving-Average) models:

Az x() =B,z ut-)+E&@)/A,i=1,2, (7)

where Ai(z!) = AA(zY), 4A2(z1) = AZHC (Y, Bi(z") = T:B(z"), B(z!) = B(z")D(z!) are the
polynomials in the backward shift operator related to (1) and (2), x1(f) = Tswwi()/A, A=1 -z, Ty is
a sample time, & and & are the uncorrelated random sequences.

According to [4], the j-step ahead predictors are derived from:

£+ ) =G, )M+ j-D+F,(z)x0),i=1,2, (8)

where Gi(z'!), G2(z'!), Fi(z'!) and F2(z!) are the polynomials recalculated through recursion of the
Diophantine equations [4].
The cost function to be minimized can be rewritten as

min J = (G +f, —x,) (G u+f —x,)+4,(G,u+f,) (G,u+f,)+r,u'1, (9)
where:
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3.2. PSO algorithm

To find the optimal sequence of control increments over the control horizon the cost function
(9) should be minimized subject to constraints of control input and payload swing. PSO [10] is
utilized to solve this problem, since the effectiveness of this concept has been proven in recent
works [12, 19] reporting on the PSO-based MPC. The PSO optimizer is computationally efficient
and easy to implement and hybridize with other heuristic algorithms in order to ensure efficient
balancing between the global and local search.

The future control increments represents coordinates of ith particle's position. At each kth
iteration, the particle changes position searching the appropriate solution in the N,-dimensional

search space. The velocity and position coordinates, denoted v, and 1, ,, respectively, are

updated based on the previous best solution of the particle (personal best solution) and the global
best solution in the population denoted #/;, and u¥, respectively. The coordinates of particles

velocity and position are updated as follows:
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subject to:
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where k=1, 2, ..., m, w is called inertia weight linearly decreasing from 0.9 to 0.4 during iteration,
c1 and c2 are positive constants called acceleration coefficients, and »1 and 2 are the scalars
randomly chosen between 0 and 1.

Each individual is evaluated based on the objective function (9) taking into account the soft
constraint of the payload swing:

_ Al’ lf |d(t+j)|gamax

pa if 6+ D> e

(1)

Lj

where p > 1 is the penalty factor applied when predicted payload deviation exceeds an allowed
value.

4. Results of experiments

The predictive control technique with the PSO-based optimizer was tested on a laboratory
scaled overhead crane equipped with DC motors, and incremental encoders used for sensing the
position of crane and sway angle of a payload. The measurement and control system was based on
a PC (2 GB RAM, CPU Intel Core2 Quad Q6600 2.4 GHz) with the PCI-1710HG multi I/O board
installed. The control algorithm was implemented using the C-MEX S-function incorporated into
the MATLAB/Simulink (Version 7.0) running on Windows XP.
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The objective of the control was positioning the crane to x» = 1 m and reducing the payload
deflection within the tolerance + 0.02 m, where the payload deflection was approximated as
a product of rope length and sway angle of a payload (/o). The GPC-PSO strategy with the RLS
estimation was tested for sample time 7s = 0.1 s, forgetting factor 4 = 0.99, and for the control
input signal range —10 <u(¢) <10 V. The parameters of the control scheme were empirically

chosen as Ny = 30, Nu =8, 11 = 3.7, 212 = 0.008, c1 = c2 = 1.5, swarm size n = 30, and maximum
number of iterations m = 100.

Figures from 2 to 4 present the results of experiments carried out for the rope length / =2.2 m
and mass of a payload m = 10 kg, and for different constraints of the payload deviation selected as
lotmax = {+/- 0.08, +/- 0.07, +/- 0.06} m. The error of crane position and residual vibration are
within the tolerance +/- 0.02 m after the settling time 5.4 s, 5.9 s and 6.3 s for the payload
deflection limits +/- 0.08 m, +/- 0.07 m and +/- 0.06 m, respectively. The maximum value of
payload deflection is 0.0755 m, 0.0697 m and 0.0545 m for constraints of +/- 0.08 m, +/- 0.07 m
and +/- 0.06 m, respectively. So, the safety requirement is satisfied for different payload deviation
constraints. Those results are compared with the GPC-KT strategy developed in [14] where the
Kuhn-Tucker complementarily conditions have been applied in the GPC-based procedure to solve
an optimal control problem for the two-step ahead prediction of sway angle of a payload. The
GPC-KT strategy satisfies the control objectives and constraints of the payload deflections,
however, results in worse settling time compared to the GPC-PSO: 6.7 s, 7.3 s and 7.8 s for the
payload deviation constraints +/- 0.08 m, +/- 0.07 m and +/- 0.06 m, respectively. For the same
constraints the pendulum oscillations are reduced more smoothly using the GPC-PSO strategy
with prediction horizon N, = 30.
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Fig. 2. Comparison of GPC-PSO and GPC-KT — experiment for | =2.2 m, m = 10 kg, payload deflection constraint

+/-0.08 m
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Fig. 4. Comparison of GPC-PSO and GPC-KT - experiment for | =2.2 m, m = 10 kg, payload deflection constraint
+/-0.06 m
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5. Conclusions

The hard-constrained and soft-constrained predictive approaches developed are compared in
experiments carried out on a laboratory scaled overhead travelling crane. The predictive control
schemes are developed using the GPC procedure based on the discrete-time LPV model of a crane
dynamic. The parameters estimations are performed using the RLS algorithm with parameter
projection. The PSO algorithm is applied to determine the sequence of optimal control increments
over the control horizon subject to hard constraint of the control input and soft constraint of the
payload swing. The experimental results proved the effectiveness of the proposed predictive
control strategy in terms of limiting the payload deflection in transient state and reducing the
residual payload oscillation.

Acknowledgement

The work has been financially supported by the Polish Ministry of Science and Higher
Education.

References

[1] Abdel-Rahman, E. M., Nayfeh, A. H., Masoud, Z. N., Dynamics and control of cranes,
A review, Journal of Vibration and Control, 9 (7), pp. 863-908, 2003.

[2] Armnold, E., Sawodny, O., Neupert, J., Schneider, K., Anti-sway system for boom cranes based
on a model predictive control approach, Proceedings of IEEE Int. Conference on
Mechatronics and Automation, Niagara Falls, pp. 1533-1538, Canada 2005.

[3] Chen, H., Fang, Y., Sun, N., 4 swing constraint guaranteed MPC algorithm for
underactuated overhead cranes, ITEEE/ASME Transactions on Mechatronics, 21 (5),
pp. 2543-2555.

[4] Clarke, D. W., Mohtadi, C., Tuffs, P. S., Generalized predictive control — Part I. The basic
algorithm, Automatica 23 (2), pp. 137-148, 1987.

[5] Gaska, D., Pypno, C., Strength and elastic stability of cranes in aspect of new and old design
standards, Mechanika, 3, pp. 226-231, 2011.

[6] Haniszewski, T., Modeling the dynamics of cargo lifting process by overhead crane for
dynamic overload factor estimation, Journal of Vibroengineering, 19 (1), pp. 75-86, 2017.

[71 Hyla, P., Szpytko, J., Crane payload position measurement vision-based system dedicated for
anti-sway solutions, Telematics — Support for Transport: Communications in Computer and
Information Science 471, pp. 404-413, 2014.

[8] Kalmari, J., Backman, J., Visala, A., Nonlinear model predictive control of hydraulic forestry
crane with automatic sway damping, Computers and Electronics in Agriculture 109, pp. 36-
45,2014.

[9] Kapernick, B., Graichen, K., Model predictive control of an overhead crane using constraint
substitution, Proceedings of American Control Conference, pp. 3973-3978, Washington, DC,
USA 2013.

[10] Kennedy, J., Eberhart, R., Particle swarm optimization, IEEE Int. Conf. on Neural Networks,
Vol. 4, pp. 1942-1948, Perth, WA 1995.

[11] Ktosinski, J., Janusz, J., Nycz, R., The impact of the FLC controller's setting on the precision
of the positioning of a payload transferred by a mobile crane, Acta Mechanica et Automatica
8 (4), pp. 181-184, 2014.

[12] Luo, B., Shao, Z., Xu, Z., Zhao, J., Zhou, L., A new model predictive controller with swarm
intelligence implemented on FPGA, 14th Int. Symposium on Advanced Control of Industrial
Processes, pp. 427-432, Hangzhou, China 2011.

297



J. Smoczek, J. Szpytko

[13] Ramli, L., Mohamed, Z., Abdullahi, A. M., Jaafar, H. 1., Lazim, I. M., Control strategies for
crane systems: A comprehensive review, Mechanical Systems and Signal Processing 95,
pp. 1-23, 2017.

[14] Smoczek, J., Experimental verification of a GPC-LPV method with RLS and PI-TS fuzzy
based estimation for limiting the transient and residual vibration of a crane system,
Mechanical Systems and Signal Processing, 62-63, pp. 324-340, 2015.

[15] Smoczek, J., Szpytko J., Particle swarm optimization-based multivariable generalized
predictive control for an overhead crane, IEEE/ASME Transactions on Mechatronics 22 (1),
pp- 258-268, 2017.

[16] Su, S. W., Nguyen, H., Jarman, R., Zhu, J., Lowe, D., McLean, P., Huang, S., Nguyen, N. T.,
Nicholson, R., Weng, K., Model predictive control of gantry crane with input nonlinearity
compensation, World Academy of Science, Engineering and Technology 3 (2), pp. 899-903,
2009.

[17] Tomezyk, J., Cink, J., Kosucki, A., Dynamics of an overhead crane under a wind disturbance
condition, Automation in Construction 42, pp. 100-111, 2014.

[18] Trabka, A., The impact of the support system's kinematic structure on selected kinematic and
dynamic quantities of an experimental crane, Acta Mechanica et Automatica 8 (4), pp. 189-
193, 2014.

[19] Xu, F., Chen, H., Gong, X., Mei, Q., Fast nonlinear model predictive control on FPGA using
particle swarm optimization, IEEE Transactions on Industrial Electronics 63 (1), pp. 310-

321, 2016.

298





