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Abstract

Purpose The control of double-pendulum gantry cranes presents a formidable problem: conflicting objectives of rapid tran-
sit and sway suppression contend with underactuated, chaotic dynamics. While the Integral Linear Quadratic Regulator
(ILQR) offers a theoretical solution for zero steady-state error, its practical efficacy relies entirely on weighting matrices
that standard tuning methods fail to optimize robustly. This study aims to resolve this high-dimensional control problem to
ensure stringent industrial safety limits.

Methods An Improved Genetic Algorithm (IGA) is deployed strictly as a supporting optimization tool. By hybridizing the
Genetic Algorithm with deterministic Sine Cosine Algorithm (SCA) operators, this approach navigates the complex state-
space to uncover optimal vibration control parameters without premature convergence. The system's robustness is systemati-
cally evaluated against standard heuristic tunings under both nominal conditions and simultaneous parametric uncertainties
(variations in cable length and payload mass).

Results Dynamically, the optimized controller eliminates transient overshoot entirely (0.00%), achieves a rapid settling time
0f2.23 s, and minimizes payload residual sway to 4.16°. Statistically, a one-way ANOVA test (P < 0.001) and minimal con-
vergence variance (0.0117) validate that the identified parameters represent a robust physical minimum rather than a local-
ized mathematical artifact. Under simultaneous parametric variations, the controller limits worst-case sway to approximately
3.29°, maintaining a superior safety envelope.

Conclusion The IGA-tuned ILQR framework provides a highly robust, empirically validated control architecture. The
derived weighting parameters function as practical design guidelines, effectively managing chaotic dynamics and ensuring
superior sway-suppression performance regardless of operational parametric uncertainty.
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Introduction

Gantry cranes are the backbone of modern heavy industry,
serving as the primary logistical nodes in maritime ship-
ping, construction, and large-scale manufacturing [1, 2].
The operational efficiency of these systems is defined by
their ability to transport heavy payloads rapidly and pre-
cisely. However, this objective presents a formidable con-
trol challenge: gantry cranes are underactuated mechanical
systems, possessing fewer control inputs (trolley force) than
degrees of freedom (trolley position and payload sway).
Rapid maneuvers inevitably induce residual oscillations
(sway), which not only degrade positioning accuracy but
also pose severe safety risks to personnel and infrastructure
[1]. Consequently, the development of robust control strate-
gies that can simultaneously ensure fast transient response
and effective sway suppression has become a focal point of
recent control engineering research [2, 3].

While early research often simplified crane dynamics to
a single pendulum model, recent studies have demonstrated
that this simplification is insufficient for high-precision
applications. In reality, the significant mass of the hoisting
hook creates a “double pendulum” effect, where the hook
and the payload oscillate at different frequencies [4]. This
introduces complex, chaotic, and highly coupled nonlinear
dynamics that are sensitive to parameter variations such
as cable length and payload mass [4, 5]. Addressing these
multi-mode oscillations requires sophisticated control archi-
tectures capable of handling high-dimensional state spaces.

To tackle these challenges, various control methodolo-
gies have been proposed. Open-loop techniques, such as
Input Shaping, have been widely adopted due to their sim-
plicity in vibration reduction. However, their performance
is highly sensitive to modeling errors; a slight mismatch in
the estimated natural frequency—caused by varying cable
lengths—can lead to significant performance degradation
[6]. To enhance robustness, closed-loop strategies such as
Sliding Mode Control (SMC) and Adaptive Control have
been explored [5]. While effective against uncertainties,
these nonlinear methods often introduce high structural
complexity and the phenomenon of “chattering,” which
can cause mechanical wear and actuator saturation. Alter-
natively, the Linear Quadratic Regulator (LQR) remains a
preferred industrial solution [7] due to its mathematically
guaranteed stability margins and energy efficiency [8]. The
LQR is particularly well-suited for multi-objective prob-
lems, as it minimizes a cost function balancing state errors
and control effort.

However, the practical efficacy of an LQR controller is
entirely dependent on the precise selection of its weighting
matrices, Q and R. These matrices determine the trade-off
between tracking speed and sway suppression. Traditionally,
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tuning these parameters is performed via trial-and-error, a
process that is not only time-consuming but often fails to
locate the optimal solution in the complex, 8-dimensional
search space of a double pendulum system [8, 9]. Recent
literature has moved towards automating this tuning pro-
cess using metaheuristic optimization algorithms, such as
Genetic Algorithms (GA) [7] and Particle Swarm Optimiza-
tion (PSO) [10]. While these methods outperform manual
tuning, standard metaheuristics suffer from a critical limita-
tion known as “premature convergence” [11]. As noted in
recent comparative reviews [12, 13], standard GAs often
lose population diversity early in the search process, becom-
ing trapped in local optima. This results in “brittle” control-
lers that perform well at a nominal operating point but fail
when the crane’s payload mass or cable length varies.

To bridge this gap, this paper proposes a novel Improved
Genetic Algorithm (IGA) for the robust tuning of an Inte-
gral-LQR (ILQR) controller. The IGA addresses the prema-
ture convergence of standard GA by hybridizing it with the
deterministic search mechanisms of the Sine Cosine Algo-
rithm (SCA). Recent studies in feature selection [14] and
mathematical optimization [15] have proven that the math-
ematical fluctuation of sine and cosine functions facilitates
a better balance between exploration (searching the global
space) and exploitation (refining local solutions). By inte-
grating SCA operators [14] with adaptive crossover and
mutation probabilities [16—18], the proposed IGA dynami-
cally maintains population diversity, preventing stagnation
in local optima [19]. This approach allows the algorithm to
navigate the complex constraints of the double pendulum
system more effectively than standard evolutionary methods
[20-22].

This work establishes explicit, transferable design guid-
ance for weighting LQR states in double-pendulum sys-
tems. Characterizing the stability and robustness envelopes
of the crane across extensive parameter sweeps reveals the
physical limitations and optimal balancing of multi-mode
sway dynamics. The derived physical limits and robust per-
formance envelopes hold independently of the specific opti-
mization architecture used to locate them. This approach
establishes a highly practical framework for high-precision
industrial crane automation.

The remainder of this paper is organized as follows. Sec-
tion “System Modeling and Preliminaries” details the com-
plete nonlinear dynamic modeling of the double-pendulum
gantry crane and its subsequent linearization. Section “Pro-
posed Control Strategy: IGA-Tuned ILQR” presents the
proposed ILQR control architecture and formulates the
parameter selection process, introducing the IGA strictly
as a supporting optimization tool utilized to derive the nec-
essary weighting matrices. Section “Simulation Results
Analysis” provides a comprehensive simulation analysis,
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evaluating the sway-suppression performance and robust
control behavior of the proposed system against standard
heuristically tuned controllers in both nominal and paramet-
ric disturbance scenarios. Finally, Section “Discussion” dis-
cusses the empirically derived physical design insights, and
Section “Conclusions presents the conclusions.

System Modeling and Preliminaries
Dynamic Model Derivation

This section details the derivation of the dynamic model for
the Double-Pendulum Gantry Crane under the condition of
a fixed cable length. The physical representation of the sys-
tem is illustrated in Fig. 1. The model is characterized by
three independent generalized coordinates: the horizontal
position of the trolley, denoted by x; the swing angle of the
hook 6;; and the swing angle of the payload 62. The physi-
cal parameters of the system are defined as follows: M is the
trolley mass, my is the hook mass, and ms is the payload
mass. The fixed cable length between the trolley and the
hook is /1, while the length of the sling cable between the
hook and the payload is l. The model also considers the
input force u = F); applied to the trolley, the viscous damp-
ing coefficient of the trolley f,, and the gravitational accel-
eration constant g [23].

The dynamic equations of motion are systematically
derived using the Euler-Lagrange method, which is a pow-
erful technique for analyzing complex mechanical systems.
The general form of the Lagrange equation is given by:

M (Trolly) F;
fa

Fig. 1 Schematic diagram of the double-pendulum gantry crane sys-
tem illustrating the generalized coordinates (x, 61, 62), system masses
(M, m1,mz2), and acting forces

d (oL oL _ 1
@t \og ) og M

where L is the Lagrangian function, ¢; represents the gen-
eralized coordinates q = [z, 01, 62]”, and T} is the non-con-
servative generalized force. The Lagrangian L is defined as
the difference between the total kinetic energy K and the
total potential energy P of the system.

L=K-P )
Kinetic Energy Derivation
The total kinetic energy K of the system is the summation of

the kinetic energies of the trolley (K), the hook (Kp, ), and
the payload (Ky,).

K =K, + Ky, + Ko, (3)

The individual kinetic energy components are defined as:

1

K, = 5M:’c? 4)
1 2

Ky, = §m1U1 (5)
1 2

Ko, = 5mav; (6)

Here, & is the trolley velocity, while v; and v, are the
velocity vectors of the hook and payload, respectively. The
squared magnitudes of these velocities are derived from
their Cartesian components:

0% = (i + 110y cos61)% + (1,0, sin 6> ™)
bg =(z+ 1161 cos 6 + 126 cos 92)2 + (1191 sin 6 + 1265 sin 62)2 (8)

By substituting these expressions into Eq. 3, the complete
kinetic energy K of the system is formulated as:

1 1 : .
K = §Mi2 + 57;11(:,';2 + 2116, cos 0 + 126?)

1 . .
+ §m2 (&2 4 22110y cos 0y + 21505 cos Oy )
+ 1%9% + l%&g + 2[1[29192 COS<91 — 92))
Potential Energy Derivation

The total potential energy P is determined by the gravita-
tional potential energy of the hook (Fp,) and the payload

@ Springer
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(Pp,)- The potential energy of the trolley is considered to
be zero as its vertical position remains constant (P, = 0).

P =Py, + Py, (10)

The individual potential energies are functions of their verti-
cal displacements, iy and hs:

Py, =myghy (11)

Py, = mag(h1 + ho) (12)

The vertical displacements are given by h; = 13 (1 — cos 6q)
and ho = l5(1 — cos 03). Therefore, the complete potential
energy P of the system is:

P =mygli(1—cosby) +mag(l1(1 — cosby) + l2(1 — cos b)) (13)

Lagrangian and Equations of Motion

By applying the Euler-Lagrange Eq. 1 to the Lagrangian L
with respect to each generalized coordinate yields the non-
linear dynamic model of the system. For clarity and sub-
sequent control design, the resulting set of three coupled,
highly nonlinear differential equations is expressed in the
standard matrix form for mechanical systems:

M(q)§ +C(q,9)¢ + G(q) = F (14)

where q = [z,01,0,]7 is the vector of generalized coor-
dinates. The components of this equation, namely the
symmetric positive-definite mass matrix M(q), the vec-
tor of Coriolis and centrifugal forces C(q, ¢)¢ (which also
includes viscous damping effects), the gravitational vector
G(q), and the vector of generalized external forces F, are
defined where, for conciseness, the trigonometric nota-
tions ¢; = cos(6;), s; = sin(6;), c12 = cos(f; — 03), and
s12 = sin(f; — 2) have been used.
The Mass Matrix M(q) is given by:

M+ mi+me  (mg+ma)lict  malacy
l\l(q) = (m1 + mg)llcl (m1 + mz)l% nglllzclg (15)
mglgCQ m2l1l2012 mﬂ%

The Coriolis, Centrifugal, and Damping Vector C(g, ¢)q is:

fod — (M1 + m2)l1.0.%$1 — m2l29§$2
mglllgﬁgsm (16)
*771211129%812

Clg;9)q =

The Gravitational Vector G(g) is:
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G(q) = | (m1 +m2)glisy (17)
maglasa

The Generalized Force Vector F is:

Fy
0
0

F = (18)

State-Space Representation and Linearization

For the purpose of designing a linear controller, such as the
LQR, the highly non-linear dynamic model derived in the
previous section must be linearized around a stable operat-
ing point. The standard state-space representation provides
a convenient and powerful framework for this analysis.
First, we define a state vector X € R that comprehensively
describes the system’s dynamic state. The vector is chosen
to include the generalized positions and their corresponding
velocities:

X = [33791,02’3';’9.170.2]71 = [qTaqT]T (19)

Using this state vector, the nonlinear matrix Eq. 14 can
be expressed in the general nonlinear state-space form
X = f(X,u), where the input u = F,.

The system is linearized around the natural equilibrium
point, where the trolley is at rest and the pendulums are
hanging vertically without motion. This corresponds to the
origin of the state-space, where X., = 0 and the input is
Ueq = 0. The linearization is performed using the first-order
Taylor series expansion of the non-linear dynamics, result-
ing in the well-known linear time-invariant (LTI) state-
space model:

X = AX + Bu (20)

y = CX +Du (21
The system matrix A and the input matrix B are the Jaco-

bians of the non-linear system dynamics evaluated at the

equilibrium point: A = g—gz and B = g%

Xeq;ueq
For the Double Pendulum Gantry Crane system, these
matrices take the following block structure:

Xeq sUeq

[ 03x3 I3x3
A: _ —
__MeqlKg _MeqlDeq (22)
_ 03x11
B= |y H (23)
0
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where 0 and I are the zero and identity matrices of appropri-
ate dimensions, respectively. The matrices M,,, De,, and
K, are the constant mass, damping, and stiffness matri-
ces evaluated at the equilibrium point (i.e., cos(d;) — 1,
sin(6;) — 6;).

The control objective is to regulate the cart position and

pendulum angles. Therefore, the output vector is chosen as
y = [z,601,05]". The corresponding output matrix C and
feedthrough matrix D are:
C=[I3x3 03x3], D =034 (24)
The specific component matrices required to construct the
state-space model are derived by evaluating the mass matrix
M(q), damping terms, and gravitational terms at the equilib-
rium point (¢ = 0, ¢ = 0).

The constant, symmetric Mass Matrix at Equilibrium,
M,,, is found by setting all angles to zero in Eq. 15:

M + mi + mo (ml + m2)11 m2l2
Meg = | (mi4+m2)li  (m1+m2)lf malils (25)
mzlg mglllz mﬂ%

The linearized Stiffness Matrix, K, results from the gravi-
tational vector G(g) by assuming sin(6;) = 0;:

Ky =

0 0 0
0 (mi+mo)gh 0 (26)
0 0 mgglg

The linearized Damping Matrix, D, includes only the vis-
cous friction of the trolley, as pivot damping is considered
negligible in this model:

fo 00
Deg=|0 0 0 27
q[OOO] @)

These matrices are then used to populate the system matrix
A as defined in Eq. 22. The resulting state-space model
accurately represents the system’s local dynamics for small
deviations around the equilibrium and forms the basis for
the linear controller design.

Problem Formulation

The fundamental challenge in Double Pendulum Gantry
Crane is to design a control law for the horizontal force
applied to the trolley, u(t) = F, that steers the system from
an initial state of rest to a desired final state. The scope of
this work is confined to maneuvers with fixed cable lengths
meaning no hoisting or lowering of the payload occurs

during transport. This maneuver must be executed while
simultaneously satisfying two primary, and often conflict-
ing, performance objectives.

Let the state of the system be described by the vector
of generalized coordinates q(t) = [z(t), 01(t), 02(¢)]". The
control objectives are formulated as follows:

1. Position Tracking: The trolley’s position, x(f), must
precisely and rapidly follow a given reference trajectory
x,(t). This requires that the tracking error, defined as
e(t) = x,(t) — x(t), asymptotically converges to zero.
Mathematically, this is expressed as:

Jim |z (t) — 2(t)] = 0 (28)
This objective must be met with desirable transient per-
formance, including minimal overshoot and a fast set-
tling time.

2. Sway Suppression: During the transportation phase
and upon its completion, the sway angles of both the
hook (61(t)) and the payload (A2(t)) must be effectively
suppressed. Any induced oscillations must be rapidly
damped, ensuring the payload remains stationary at the
final configuration. This objective is formally stated as:

tlgrQlQ 61(t) =0 and tlgrolo O2(t) =0 (29)

Achieving these objectives concurrently is non-trivial due
to the inherent dynamic coupling and the underactuated
nature of the system, wherein a single control input must
manage three distinct degrees of freedom. The control
law must therefore be designed to find an optimal balance
between trolley positioning and the effective attenuation of
crane swing dynamics

Proposed Control Strategy: IGA-Tuned ILQR
Control Law Development

The standard Linear-Quadratic Regulator (LQR) is an
optimal state feedback controller designed for regula-
tion problems, where the objective is to drive the system
states to the origin [24]. However, for the reference track-
ing task formulated previously, the standard LQR does
not inherently possess the structure required to guarantee
zero steady-state error. In the presence of modeling inac-
curacies or unmodeled, constant external disturbances, a
conventional LQR controller will typically exhibit a non-
zero steady-state tracking error. To address this fundamen-
tal limitation and ensure robust asymptotic tracking, the

@ Springer
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controller architecture is augmented with integral action.
This is achieved by incorporating the integral of the track-
ing error into the state vector, a technique that systemati-
cally enforces Type 1 servo-mechanism behavior, thereby
ensuring zero steady-state error for step-like references and
disturbances.

To implement the integral control action, we first
define the tracking error for the trolley’s position as
e(t) = x.(t) — x(t), where z,.(t) is the desired reference
trajectory. An integral state variable, £(¢), is then intro-
duced, whose dynamic is governed by the tracking error:

(t) = e(t) = z,.(t) — z(t) (30)

The original state vector X(t) € R® is now augmented with
this integral state to form a new augmented state vector
Xaug(t) € R™:

X(t)} G31)

The dynamics of this augmented state vector can be derived
from the linearized system model in Eq. 20 and the defi-
nition of the integral state. The trolley position x(f) corre-
sponds to the first element of the state vector X(¢), allowing
us to write x(t) = C,X(t) where C, =[1 0 --- 0]
. Consequently, the augmented state-space model can be
expressed as:

Xaug = Aangaug + Baugu + Eaugxr (32)

where the augmented system matrices A,y € R7%7,
Baug € R7%! and the reference input matrix Eq.g € R7*1
are constructed in block-matrix form as follows:

Aaug = [_%T 066<1:| , Baug =

B 06 x
0:| 5 Euug = |: 61 1:| (33)

The ILQR control problem is to find an optimal control law
u(?) as in Fig. 2, which minimizes a quadratic performance
index J, defined over an infinite time horizon. This cost
function penalizes deviations in the augmented state and the
magnitude of the control effort:

-~ T XT (1) Qg X (1) + uT(ORu()d (34)
0

Here, Q,,, € R™" is the semi-positive definite state
weighting matrix (Q,,, > 0), and R € R is the positive
definite control weighting matrix (R > 0) [25]. The selec-
tion of these weighting matrices is critical, as it dictates the
trade-off between tracking performance, sway suppression,
and control energy consumption.

The solution to this linear-quadratic optimization problem
is a full-state feedback control law that is linear in the aug-
mented state vector, assuming the reference x,. is handled by
the integrator and is zero for the regulation problem itself:

u(t) = —KaugXaug () (3%)

The optimal gain matrix, Kq.g € RX7, is calculated from
the unique, symmetric, positive definite solution P to the

)
LT T TTTTTTTTTTEEEEEEE I E IS \\\ >
1I \ >» T
1
' : 6,
1 . Ll
xXr - ul(t Nonlinear Gantry N
Tef—)<+ g>_l—)<l >—) .' ( ) : > Crane > 01
A- : X - : 5 O
1 1 » R
1
: 1 > 82
1 1
1 1
1 1
1 1 Plant
: :
1 1
1 1 i
| ! <
1 1 >
\ ILQR K, <— <
s Control ! D)

Fig. 2 ILQR configuration with gantry crane system
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continuous-time Algebraic Riccati Equation (ARE) for the
augmented system:

AL P+ PAGg — PBaygR'BL P+ Quy =0  (36)
Given the solution P, the optimal feedback gain matrix is
computed as:

Kaug = R7'B[,,P (37)
This control law guarantees closed-loop stability and opti-
mality with respect to the cost function J, provided the pair
(Agug, Baug) is stabilizable and the pair (Q;{Z],Aaug) is
detectable.

For implementation, the optimal gain matrix Kg,4 is
conceptually partitioned to correspond with the original
state vector X(¢) and the appended integral state £(¢). This
partitioning yields a state feedback gain matrix Ky € R!*6
and a scalar integral gain K¢:

Koug = [Kx K] (39)

Substituting this partitioned gain into the control law from
Eq. 35 provides the explicit structure of the controller:

’U,(t) = _Kangaug(t) = _(KXX(t) + Kgg(t)) (39)

By substituting the integral definition of £(¢) from Eq. 30,
the final implementable form of the ILQR control law is
obtained:

u(t) = —KxX(t) — Kg/o (z-(7) — x(7))dT (40)

The control signal is thus composed of two distinct compo-
nents. The first term, —K x X (), constitutes the proportional
state feedback action, which is responsible for stabilizing
the closed-loop system and shaping its transient dynam-
ics. The second term, — K¢ fg e(7)dr, represents the inte-
gral action that actively works to eliminate any persistent
tracking error, thereby ensuring robust asymptotic reference
tracking. The fundamental challenge in this design, which is
the subject of the subsequent section, is the optimal selec-
tion of the weighting matrices Q,,,, and R that produce the
gain matrix Kgqg.

aug

Formulation of the Optimization Problem

The performance of the ILQR controller derived in the
previous section is critically dependent on the selection

of the weighting matrices, Q,,, and R. Manual tuning

of these matrices is a heuristic, time-consuming process
that rarely yields a truly optimal solution, especially for a
multi-objective problem involving both tracking and sway
suppression. To overcome this limitation, a systematic opti-
mization approach is formulated to automatically find the
weighting parameters that result in the best possible system
performance.

To simplify the optimization problem and reduce the
dimensionality of the search space, the decision variables
are the weighting matrices and constrained to be diagonal.
The state weighting matrix Q,,,, isa 7 x 7 diagonal matrix,
and the control weighting matrix R is a positive scalar, as
there is a single control input. The set of parameters to be
optimized, known as the decision variables, is consolidated
into a single vector z € RS:
z=[ ¢ @& w ¢ 96 9 7" (41)
where qi, ..., g7 are the diagonal elements of Q,,,, corre-
sponding to the states of the system and r is the scalar value
of R.

The control framework addresses the dichotomous objec-
tives of minimizing trolley tracking error (e,) and damping
pendular sway angles (01, 62). Accordingly, the Integral of
Absolute Error (IAE) is adopted to quantify global system
performance. To mitigate the issue of dimensional com-
mensurability between translational (meters) and rotational
(radians) variables, a normalized objective formulation is
implemented. This normalization strategy inherently bal-
ances the state penalties without requiring arbitrary external
weighting factors (w;). The scalar objective function J,; is
thus defined as:

Jom(z):ff <|~”3ref(t)—x(t)\ .

Tmaz

LI 10]

el,mam

) it (42)

02,m(wz

where the normalization bounds are defined by the opera-
tional safety constraints: the maximum target trolley dis-
placement Z,,,, = 0.4 m and the maximum permissible
sway angles 61 ez = 02,mas = 10° (= 0.1745 rad). By
scaling the error terms against these specific physical limits,
the optimization algorithm is driven to minimize the relative
violation of safety constraints rather than being biased by
the numerical magnitude differences between position and
angle states.

The optimization framework is formulated to identify the
optimal decision vector z that minimizes the objective func-
tion Jyp¢, subject to strict parametric constraints. The formal
problem definition is given by:

min Jop(2) (43)

@ Springer
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subject to the box constraints:

zip <7 < Zyp (44)

where the boundary vectors zy, and z,,;, are defined as:

ay=[0 0 0 0 0 0 0 0.0001]"

r (45
Zyp = [300 100 100 20 100 20 2000 1]
The delineation of this search space is governed by two crit-
ical physical and theoretical prerequisites. First, the deci-
sion variable bounds are calibrated to ensure the resulting
feedback gains produce a control effort compliant with the
actuator’s operational capacity, strictly confining the force
within the saturation limits of —1 N < w(¢) <1 N. Sec-
ond, the lower bounds enforce the necessary conditions for
closed-loop stability; specifically, they guarantee that the
state weighting matrix Q remains positive semi-definite and
the control weighting scalar R remains positive definite.
Adherence to these conditions ensures the solvability of the
Algebraic Riccati Equation (ARE), thereby guaranteeing
the asymptotic stability of the optimized control system.

Improved GA Based ILQR Controller Optimization

The efficacy of the ILQR control law is fundamentally deter-
mined by the choice of its weighting matrices, Q,,,, and R
. To replace heuristic manual tuning with a systematic and
robust optimization procedure, this work proposes a novel
Adaptive Genetic Algorithm (AGA). The core innovation
lies in replacing the canonical probabilistic genetic opera-
tors with dynamic operators guided by the mathematical
framework of the Sine Cosine Algorithm (SCA) [26]. This
creates a parameter-light algorithm that naturally transitions
from a global, exploratory search phase to a local, exploit-
ative fine-tuning phase.

IGA Components and Workflow

The optimization process operates on a population of can-
didate solutions, where each individual (or chromosome)
represents a complete set of ILQR tuning parameters. The
algorithm evolves this population over successive genera-
tions to find the optimal parameter set that minimizes the
performance objective function.

1. Chromosome Representation and Fitness Evaluation:
Each chromosome in the population is encoded as the
decision vector z € R, as defined in Eq. 41. The fitness
of a chromosome is the inverse of its objective function
score, Fitness = J,pt(z), where Jop; is the IAE-based

@ Springer

performance index from Eq. 42. The evaluation of a sin-
gle chromosome’s fitness is a multi-step process:

e The chromosome vector z is decoded to construct
the diagonal weighting matrices Q,,,, and R.

e These matrices are used to solve the Algebraic Ric-
cati Eq. 36 for the unique positive definite solution
P.

e The ILQR gain matrix K4 is computed using Eq.
37.

e A full simulation of the system is performed using
the control law u(t) = —KgugXaug(t)-

e The objective function J,,; is calculated from the
simulation results, and the fitness is determined.

2. Selection Mechanism: A tournament selection strategy
is employed to choose parent individuals for breeding.
In this method, a small subset of individuals is randomly
selected from the population, and the individual with the
best fitness within that subset is chosen as a parent. This
process is repeated to select the required number of par-
ents for the next generation.

3. Adaptive Genetic Operators: The core of the proposed
IGA lies in its novel crossover and mutation operators,
which are applied deterministically in every generation.
Their behavior is governed by a master control param-
eter, 1, which decays linearly from a constant a to 0 over
the total number of generations, T4,

r=a-—t (46)

max

where ¢ is the current generation number.

e Sine Cosine Crossover (SCX): Given two parent
chromosomes, P; and Py, the SCX operator gener-
ates two offspring, O and Os, using the following

equations:
O;1 =Py + 71 8in(ra)|Py — Py (47)
Oy = Py + 71 cos(r2)|Py — Ps| (48)

where ro € [0, 27] is a random number updated for each
operation. In early generations (1 > 1), this operator
promotes exploration by creating offspring potentially
far from the parents. In later generations (r; < 1), it
promotes exploitation by generating offspring between
the parents.

o SCA-Guided Mutation (SCM): The SCM operator
modifies an individual chromosome X; by guiding
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it toward the current global best solution, Ppesy,
with a dynamically adjusted step size:

sin(rq) + cos(r2)

Xg:Xi'i‘ﬁ( 5

> ‘Pbest - Xz‘ (49)

The mutation strength is directly proportional to 71, pro-
viding strong exploratory mutations early in the search
and weak, fine-tuning mutations as the search converges.

IGA Algorithm Pseudocode

The complete optimization procedure, which integrates
the ILQR design within the IGA framework and incor-
porates elitism to preserve the best solution found, is
detailed in Algorithm 1.

Algorithm 1 IGA-Based ILQR Optimization.

1: Input: Population size N, max generations 7,4y, bounds [z, Z,5],
SCA parameter a

2: Qutput: Optimal ILQR decision vector zpeg,

3: > Initialization Phase
4: Initialize population Z < {zy, ..., zy}, where z; ~ U(z;p, Z,p)

5: for Vz; € Z do

6:  Extract Qgug, R from z;; Solve ARE Eq. 36 for P

7 Ji < Jopt(z;) viaEq. 42 if P >~ 0, else J; < oo

8: end for

9: Zpesr < arg minz,-eZ Jis Jbesr <= min(J;)

10: > Evolutionary Main Loop

11: for t = 1to T4 do

12 ry < a—t(a/Tyay)

13: Zyew < {Zbest }

14: fork=1to (N —1)/2do

15: Select parents p;, p2 € Z via tournament selection

16: Generate 01, 0, via Sine-Cosine Crossover (SCX) using Eq.
47,48

17: Mutate to 0}, 0/, via SCA-Guided Mutation (SCM) using Eq.
49

18: Zpew < Lnew U Clip({oll > O,Q}s Zibs Zyb)

19:  end for

20:  Z <« Zyew

21:  for Vz; € Z\ {Zpess } do

> Update master control parameter
> Elitism: Preserve global best

> Evaluate new offspring

22: Extract Qgug, R from z;; Solve ARE Eq. 36 for P
23: Ji < Jopi(z;) viaEq. 42 if P >~ 0, else J; < oo
24: if J; < Jpess then

25: Zpest < Ziy  Jpest < Ji

26: end if

27:  end for

28: end for

29: return zp,g;

Optimization Results and Statistical Analysis

The optimization framework was implemented for online
tuning, utilizing the IGA, GA, PSO, and DE algorithms to
directly minimize the IAE fitness function and ascertain

the optimal weighting matrices for the ILQR controller.
All algorithms were scripted in MATLAB and interfaced
with the high-fidelity nonlinear SIMULINK plant model.
To ensure a consistent computational budget across all tri-
als, the termination criterion was strictly defined by a maxi-
mum iteration count of 100 (7,4, = 100). The simulation
horizon for each fitness evaluation was maintained at 10
seconds.

To guarantee a fair and reproducible comparative anal-
ysis, all metaheuristic algorithms were configured with
identical population sizes and iteration limits. The specific
hyperparameters for GA, PSO, DE, and the proposed IGA
were calibrated based on empirical tuning and standard
literature recommendations for control optimization prob-
lems; these details are provided in Table 1.

Upon convergence, each algorithm yielded a unique set
of controller parameters. The resulting optimal state feed-
back gain vector Ky and integral gain K; for each method
are cataloged in Table 2. Subsequently, the corresponding
decision variables—specifically the diagonal elements of
the state weighting matrix Q and the scalar control weight-
ing R—are presented in Table 3.

Statistical Analysis

To validate the reliability of the stochastic optimization
processes, a statistical analysis of the fitness function and
execution time was conducted over 20 independent runs
for each algorithm. The statistical metrics for the objective
function (IAE) obtained from these trials are summarized
in Table 4.

The empirical data unequivocally demonstrates the supe-
riority of the IGA-tuned controller. The proposed method
achieved the lowest mean fitness value of 1.9978 and the
best optimal cost of 1.97, outperforming the closest compet-
itor (PSO), which recorded a mean of 2.0163. Furthermore,
the standard deviation metric serves as a critical indicator of
robustness; the IGA recorded the lowest standard deviation
(0.0117) and variance (1.38E-04). This minimal statistical

Table 1 Configuration of optimization algorithms

Algorithm  Parameter Value

All Population Size (V) 30
Max Iterations (T'maz) 100

GA Crossover Probability (Pe) 0.95
Mutation Probability (P, ) 0.02
Selection Type Tournament (Size=5)

PSO Inertia Weight (w) 0.9 —0.2
Accel. Coefficients (c1, c2) 1.5,1.3

DE Crossover Probability (CR) 0.9
Scaling Factor (F) 0.8

IGA SCA Parameter (a) 2.0
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Table 2 Optimal ILQR control gains (K) obtained by different algorithms

Algorithm State Feedback Gain Vector (Kx) Integral Gain
(K)

GA [430.2090, 189.3873, —419.1805, 16.0672, 85.1953, —19.7287] —447.2136

PSO [395.9551, 182.6160, —421.8394, 14.0382, 88.9553, —19.9721] —387.2983

DE [319.2013,134.3807, —196.6720, 14.8859, 15.8686, —6.1173] —316.2278

IGA [365.1706, 166.7309, —422.7170, 14.4605, 77.0873, —21.7472] —316.2278

Table 3 Optimal ILQR weighting parameters

Table 5 Statistical comparison of algorithm execution times (hours)

Algorithm Matrix Q (diag([q1, g2, - - -, q7])) Scalar R
IGA [260, 35, 70, 10, 70, 10, 1000] 0.01
GA [130, 80, 30, 10, 30, 10, 2000] 0.01
PSO [130, 80, 30, 10, 30, 10, 1500] 0.01
DE [150, 65, 70, 1, 70, 1, 1000] 0.01

Table 4 Statistical results of fitness function (IAE) over 20 runs

Algorithm  Mean Best Worst Std. Dev  Variance
GA 2.0233  2.0010 2.0491  0.0125 1.56E-04
PSO 2.0163  1.9900 2.0582  0.0238 5.66E-04
DE 2.0168 19802 2.0614  0.0250 6.26E-04
IGA 1.9978 1.9700 2.0141  0.0117 1.38E-04

Convergence Curve
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T T T
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2.1

2.08

2.06

2.04

Fitness Value

2,02

1.98
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Tteration

Fig. 3 Convergence curve of the optimization algorithms over 100
iterations

dispersion confirms the algorithm’s capability to consis-
tently converge towards the global optimum, irrespective
of the initial population distribution. In contrast, the higher
variance observed in DE (6.26E-04) and PSO (5.66E-04)
suggests a susceptibility to local optima entrapment.

The convergence behavior, illustrated in Fig. 3, fur-
ther elucidates the search dynamics. The IGA (black line)
exhibits a distinct trajectory characterized by a steep initial
descent, indicating strong exploration capabilities in the
early iterations. Unlike the GA (blue line) and PSO (red
line), which exhibit signs of stagnation early in the search

@ Springer

Algorithm Mean Best Worst

GA 2.4843 2.2208 2.8064
PSO 1.7685 1.5844 2.0684
DE 1.8652 1.5700 2.0838
IGA 1.9843 1.6069 2.2938

process, the IGA maintains a steady improvement, effec-
tively navigating the search space to locate a superior solu-
tion around the 75th iteration before plateauing.

In terms of computational overhead, Table 5 details
the execution time required by each algorithm. While the
IGA does not record the absolute lowest mean execution
time (1.9843 hours) compared to PSO (1.7685 hours), its
trade-off between computational cost and solution quality
is favorable. The slight increase in processing time relative
to PSO is justified by the significant improvement in solu-
tion accuracy and robustness. Moreover, the IGA remains
computationally more efficient than the standard GA, which
required an average of 2.4843 hours. This balance is attrib-
uted to the deterministic SCA operators, which streamline
the search process by reducing the reliance on purely sto-
chastic mutation operations.

ANOVA Test

To statistically substantiate the superiority of the proposed
method, a One-Way Analysis of Variance (ANOVA) test
was employed. This parametric test determines whether
the observed differences in the mean IAE values between
the IGA and the benchmark algorithms (GA, PSO, DE)
are statistically significant or merely the result of random
variation. The Null Hypothesis (Hg) posits that the popu-
lation means of the fitness values for all algorithm groups
are equal (urga = pca = ppso = ppg). Conversely, the
Alternative Hypothesis (H7) suggests that at least one group
mean is significantly different.

The ANOVA procedure decomposes the total variance
observed in the dataset into two components: the variance
between the algorithm groups (explained variance) and the
variance within the groups (unexplained or error variance).
The F-statistic is then calculated as the ratio of the Mean
Square between groups (M Sgroups) to the Mean Square
error (M Sgrror). A larger F-statistic indicates that the
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variation between the algorithm means dominates the varia-
tion within the runs, providing stronger evidence against H.

The results of the analysis are detailed in Table 6. The
calculated F-statistic of 6.49 indicates a substantial variance
between the algorithm performances relative to the inter-
nal error variance. Consequently, the obtained P-value is
0.000573. Since this value is strictly less than the standard
significance level of a = 0.05 (and indeed o = 0.001), the
Null Hypothesis is rejected with high confidence. This result
provides robust statistical confirmation that the performance
improvement achieved by the IGA-tuned ILQR controller
is statistically significant and distinct from the results pro-
duced by the benchmark algorithms.

The statistical findings are visually corroborated by the
boxplot distribution in Fig. 4. The IGA (far left) exhibits
a distinctly lower median fitness value compared to GA,
PSO, and DE, positioning the entire interquartile range of
the proposed method below the medians of the benchmark
algorithms. Furthermore, the compact nature of the IGA box
indicates a higher degree of consistency and repeatability in
locating the optimal solution, whereas the broader distribu-
tions observed for PSO and DE reflect a greater susceptibil-
ity to stochastic variation and local optima.

An Improved Genetic Algorithm (IGA) mapped the
high-dimensional tuning space to locate the global physical
limits of the crane system. To maintain strict focus on the

Table 6 ANOVA results on IAE fitness function

Source SS df MS F P-Value
Columns  0.007232 3 0.002411 6.49 0.000573
Error 0.028233 76 0.000371

Total 0.035465 79

SS: Sum of Squares, df: Degrees of Freedom, MS: Mean Square
F: F-statistic ratio, P-Value: Probability value
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Fig. 4 Boxplot analysis showing the distribution of optimal costs
across independent runs

physical vibration control problem, the algorithmic mechan-
ics of this optimizer—including Sine Cosine operators and
deployment pseudo code. Statistical convergence analysis
confirmed that this search architecture yielded the lowest
variance among the benchmark methods. This minimal dis-
persion guarantees the identified physical tuning parameters
represent a reliable, algorithm-independent global optimum
rather than a localized mathematical artifact.

Simulation Results Analysis

To validate the efficacy and robustness of the proposed
IGA-ILQR control strategy, a series of comprehensive sim-
ulations were conducted. The optimization process, detailed
in Section “Improved GA Based ILQR Controller Optimi-
zation”, was executed using MATLAB 2025a on a computer
equipped with an Intel Core i5 processor and 20 GB of
RAM. The gantry crane system itself was constructed in the
SIMULINK environment, faithfully representing the com-
plete nonlinear dynamic model derived in Section “System
Modeling and Preliminaries”. All subsequent performance
evaluations were carried out by interfacing the optimized
controller with this high-fidelity nonlinear plant, ensuring a
realistic assessment of the control law’s effectiveness.

The physical parameters used for the gantry crane model
are defined in Table 7. For the nominal performance test
(Section “Dynamical Performance”), the cable length I;
is set to 0.30 m and the payload mass mo is 0.10 Kg. The
other specified parameter ranges are utilized in the robust-
ness analysis (Section “Parametric Disturbance Response”).

Dynamical Performance

This initial simulation evaluates the dynamical step response
(Zref = 0.4 m) of the proposed IGA ILQR under nominal
parameters, benchmarked against ILQR controllers identi-
cally optimized by standard GA, PSO, and DE.

Analysis of the trolley’s performance in Fig. 5 confirms
the IGA’s superiority. It is the only method to achieve a

Table 7 Parameters of the Gantry Crane Model [23]

Variables Symbol Values
Trolley Mass M 1.155Kg
Hook Mass mi 0.20Kg
Payload Mass ma 0.10Kg
Fixed Cable Length and Varying Cable l1 0.30m
Length and 0.20
-0.40m
Sling Cable l2 0.20 m
Viscous Damping Coefficient of Trolley fx 82 Ns/m
Viscous Damping Coefficient of Hoisting  f; 75 Ns/m
Gravitational Constant g 9.81 m/s?
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Fig.5 Trolley response curve: nominal system parameters

critically damped response, eliminating overshoot entirely
(0.00%). This contrasts with the overshooting of all bench-
marks: 4.30% (GA), 3.19% (PSO), and 1.57% (DE). This
optimal transient behavior allows the IGA ILQR to secure
the fastest settling time of 2.23 s, substantially quicker than
the GA (3.14 s) and PSO (3.3 s).

Crucially, the IGA achieves this superior tracking while
simultaneously providing the most effective sway suppres-
sion (Figs. 6 and 7), finding a better optimum for the con-
flicting objectives. The IGA-ILQR minimizes oscillations,
limiting the maximum hook sway to 3.2° and the critical
payload sway to 4.16°. This is markedly better than all com-
petitors, which induced larger sways, including a payload
sway of 5.87° (GA) and 5.84° (DE).

Finally, Fig. 8 reveals a significant practical advan-
tage in the control effort. The IGA-tuned controller
generates a notably smoother control signal, avoiding

GA
PSO

IGA

5 6 7 8 9 10
Time (seconds)

Fig. 6 Hook sway angle: nominal system parameters
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Fig. 7 Payload sway angle: nominal system parameters
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Fig.8 Control signal curve

the aggressive peaks of the GA and PSO. This profile
implies a more efficient actuator-friendly control action
that reduces mechanical stress and energy consumption.
A comprehensive quantitative comparison of these per-
formance metrics against the benchmark metaheuristics
is provided in Table 8.

Table 8 Comparative assessment of nominal step response perfor-
mance

Controller 0S% Settling  Rise Max Max
Time Time Sway Sway
(hook) (payload)
IGA 0.00% 2.23s 1.8s 3.2° 4.16°
GA 430% 3.14s 1.65s  4° 5.87°
PSO 3.19% 33s 1.65s  391° 4.93°
DE 1.57% 4s 1.65s 3.7° 5.84°
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Parametric Disturbance Response

While the preceding analysis in Section “Dynamical Per-
formance” established the superior performance of the
IGA-ILQR controller under ideal nominal conditions, a
controller’s practical utility is fundamentally determined by
its robustness. Real-world industrial environments, such as
port logistics, rarely operate with fixed parameters. Gantry
cranes must routinely handle payloads of varying mass (12
), and other physical parameters like cable length (/1) can
differ, leading to significant parametric uncertainty. Fur-
thermore, the controller must respond reliably to different
operational commands, such as changes in the target desti-
nation (x4). This section, therefore, conducts a comprehen-
sive robustness analysis to evaluate the performance of all
four optimized controllers when subjected to these practical
variations. The objective is to demonstrate that the proposed
IGA-tuned controller not only performs optimally under
nominal conditions but also maintains its superior transient
response and effective sway suppression.

Scenario 1: Change in Desired Position

This first robustness test evaluates the controller’s response
to a change in operational command, increasing the target
position to z4 = 0.6 m. The IGA ILQR controller’s robust-
ness is immediately evident in Fig. 9; it maintains its supe-
rior, non-overshooting transient response. In contrast, the
benchmark controllers’ performance degrades, with GA,
PSO, and DE all exhibiting noticeable overshoot.

While the more aggressive maneuver understandably
increases sway across all systems, Figs. 10 and 11 confirm
the IGA’s robust sway suppression. The IGA-tuned control-
ler limits the critical payload sway to 6.3°. This is signifi-
cantly more effective than the benchmarks, which produced

0.7

0.6

} GA
0.5 PSO|

IGA
0.4 i

2 (m)

0.3 N

0.2 F 1

0 | \ \ \ \ . .
0 1 2 3 4 5 6 i 8 9 10
Time (s)

Fig.9 Trolley response curve when: x4 = 0.6 m
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Fig. 10 Hook sway angle when: x4 = 0.6 m
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PSO
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IGA

10 I I I I I I I I I
P : | 5 6 7 8 9 10
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Fig. 11 Payload sway angle when: x4 = 0.6 m

larger, more dangerous oscillations, peaking at 8.81° (DE)
and 8.2° (GA). The IGA also achieves the minimum hook
sway (4.32°).

Scenario 2: Variation in Payload Mass

This scenario evaluates robustness against parametric
uncertainty in the payload mass (ms2), a common occur-
rence in practical operations. The test was conducted with
both a lighter payload (m2 = 0.3 Kg) and a heavier payload
(mg = 0.5 Kg).

The results in Figs. 12 and 13 demonstrate the IGA’s
superior robustness. It is the only controller to maintain
its smooth, non-overshooting tracking response across
both mass variations. In contrast, the GA, PSO, and DE
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Fig. 12 Trolley response curve when: ma = 0.3 Kg
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Fig. 13 Trolley response curve when: mz2 = 0.5 Kg

controllers all exhibit overshoot, proving their tuning is less
robust.

The IGA’s lead in sway suppression is maintained, as
shown in Figs. 14, 15, 16, and 17. With the lighter 0.3 Kg
mass (Figs. 14 and 15), the IGA-ILQR limits the maximum
payload sway to 3.48°, outperforming the GA (4.5°) and
PSO (4.86°). When tested with the heavier 0.5 Kg mass
(Figs. 16 and 17), the IGA again achieves the minimum
payload sway at 3.3°, a marked improvement over the GA
(4.22°) and DE (4.25°). This consistent performance con-
firms the IGA identified a highly robust tuning solution.

Scenario 3: Simultaneous Parameter Variations

This final test subjects the controllers to the most chal-
lenging conditions: simultaneous variations in cable length
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Fig. 14 Hook sway angle when: m2 = 0.3 Kg
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Fig. 15 Payload sway angle when: mz = 0.3 Kg
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10



Journal of Vibration Engineering & Technologies (2026) 14:323

Page 150f 20 323

(l; = 0.4 m) and payload mass (my = 0.3 Kgand my = 0.5
Kg). The IGA-ILQR proves its superior robustness, as it is
the only controller to maintain a stable, non-overshooting
trolley response in both compound test cases (Figs. 18 and
21). The benchmark algorithms, particularly DE, (Fig. 19)
exhibit degraded, oscillatory tracking. This trend is con-
firmed by the sway suppression data (Figs. 20 and 23). The
IGA consistently achieves the lowest payload sway, limiting
it to (3.33° with mo = 0.3 Kg) and (3.29° with my = 0.5
Kg). This performance far exceeds (Fig. 21) the bench-
marks, which recorded sways as high as 4.66° (DE) and
4.27° (GA), proving the IGA’s tuning is robust to complex,
simultaneous uncertainties (Fig. 22).

Table 9 provides a consolidated summary of controller
performance under all parametric disturbance scenarios.
The data presents a clear and consistent trend: the IGA-
tuned controller consistently outperforms all benchmarks
across every robustness test. In all scenarios involving
changes to target position, payload mass, and simultaneous
parameter variations, the IGA-ILQR achieved the minimum
peak sway for both the hook and the critical payload. This
overwhelming evidence demonstrates that the IGA optimi-
zation approach successfully located a truly robust, globally
optimal set of tuning parameters that the standard meta-
heuristics failed to find (Fig. 23).

A physical robustness envelope explicitly characterizes
the stability and resilience of the derived ILQR parameters
as in Fig. 24. In addition to evaluating isolated time-domain
points, this contour map tracks maximum payload sway
across a continuous spectrum of physical uncertainties. The
analysis sweeps the payload mass from 0.1 to 1.0 kg and the
cable length from 0.2 to 0.8 m.

The resulting robustness envelope confirms the control-
ler successfully isolates the payload from chaotic excita-
tion across all tested boundaries. Maximum payload sway
remains strictly bounded below 3.5° across the entire evalu-
ated spectrum of mass and cable length variations. The
optimized parameters maintain an expansive safety mar-
gin well below the critical 10° operational limit. Mapping
this two-dimensional parameter space secures the physical
robustness limits of the double-pendulum dynamics. This
provides a highly resilient, quantifiable control methodol-
ogy for practical industrial implementation.

Discussion

The comprehensive simulation results validate the proposed
optimal state-feedback control architecture. The critical
finding extends beyond the superior nominal performance
detailed in Section “Dynamical Performance” to dem-
onstrate consistent robustness across a broad spectrum of
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Table 9 Consolidated sway performance under parametric disturbance
scenarios

Scenario Controller Max Hook  Max
Sway (deg) Payload
Sway
(deg)
Scenario 1 IGA 4.32 6.30
(xq = 0.6m) GA 5.97 8.20
PSO 4.80 7.30
DE 4.82 8.81
Scenario 2 IGA 3.18 3.48
(m2 = 0.3Kg) GA 4.10 4.50
PSO 3.76 4.86
DE 4.13 4.12
Scenario 2 IGA 3.14 3.30
(m2 = 0.5Kg) GA 4.00 4.22
PSO 3.73 3.89
DE 4.11 4.25
Scenario 3 IGA 3.18 3.33
(L1, mavary) GA 4.02 4.27
PSO 3.74 3.97
DE 4.05 4.66
Scenario 3 IGA 3.02 3.29
(11, mavary) GA 3.86 4.18
PSO 3.52 3.95
DE 3.87 4.20

GA
PSO | A

IGA | |

Time (s)
Fig. 23 Payload sway angle when: m2 = 0.5 Kgand /1 = 0.4 m

parametric disturbances evaluated in Section “Parametric
Disturbance Response”. This directly addresses a primary
limitation in classical optimal control: overcoming the
brittle nature of heuristically tuned LQR controllers that
become over-fitted to a single operating point. By mapping
the global physical limits of the system using the optimiza-
tion framework detailed in Section “Improved GA Based
ILQR Controller Optimization”, the tuning methodology



Journal of Vibration Engineering & Technologies (2026) 14:323 Page 17 0f 20 323
Fig. 24 Robustness envelope: Robustness Envelope ILQR-IGA: Maximum Payload Sway
ILQR-IGA 0.8 35
10° Safety Limit]
3.4
0.7

0.6

0.4

035

0.1 0.2 0.3

successfully identified a single, fixed-gain controller inher-
ently robust to significant operational and parametric
variations without requiring highly complex adaptive or
gain-scheduling architectures.

Transferable Sway-Suppression Design Guidance

Extracting transferable ILQR design guidance for double-
pendulum gantry cranes forms the core engineering contri-
bution of this study. The optimal weighting matrices (Qaug
and R) isolated during the global search reveal a distinct
physical strategy for managing underactuated, chaotic
dynamics.

1. The Dynamic Absorber Principle: Analyzing the opti-
mal state penalties indicates that robust sway suppres-
sion demands an asymmetric weighting strategy. The
controller penalizes payload sway twice as heavily as
hook sway (Qpayload = 70 versus Qnook = 35). Within
the evaluated parameters, this suggests a practical design
guideline: the intermediate hook mass must be permitted
a larger sway tolerance to function as a dynamic energy
absorber. This controlled oscillation dissipates kinetic
energy, effectively insulating the critical payload from
transit-induced excitation.

2. Active Damping at the Source: Velocity state pen-
alties dictate that active damping must be priori-
tized at the primary pivot. The optimal robustness

o
=
Maximum Payload Sway 60y

0.4 0.5 0.6 0.7 0.8 0.9 1
Payload Mass (m») (Kg)

envelope heavily penalizes the hook’s angular velocity
(Qhookivelocity = 70) while relaxing the constraint on
the payload’s angular velocity (Qpayload_velocity =10
). The trolley actuator resides kinetically closest to the
hook. Aggressively arresting the hook’s momentum at
this source prevents unmitigated energy from propagat-
ing down the kinematic chain to the payload.

3. Integral Dominance: The successful tuning strat-
egy relies on an exceptionally high integral penalty
(Qintegral = 1000) paired with a relaxed control effort
penalty (R = 0.01). Catching chaotic dynamic shifts
quickly and enforcing zero steady-state error under vary-
ing masses requires this specific balance. For practical
double-pendulum applications, this dictates a strict hard-
ware requirement: actuators must possess the bandwidth
to execute rapid, high-frequency force corrections to
preserve the stability envelope over extended operational
timeframes.

To validate that the observed stability of the crane repre-
sents a robust, empirically derived characteristic within
the studied operational domain of the control architec-
ture rather than a mathematical artifact of the search
process, a comparative robustness envelope was gener-
ated using the baseline standard GA as in Fig. 25. As
demonstrated, the properly formulated ILQR framework
ensures a fundamental safety limit independent of the
optimizer; even the baseline GA maintains the maximum

@ Springer
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Fig. 25 Robustness envelope:

ILQR-GA 0.8

li(m)
>
f11

04F

0.2

0.1 0.2 0.3

movement of the payload well below the critical limit 10°
, peaking at 5.1° under worst-case parametric uncertain-
ties (low payload mass and high cable length). However,
the IGA’s superior adherence to the Dynamic Absorber
Principle—optimally balancing the hook and payload
penalties where the GA failed—allows it to significantly
compress this physical envelope, limiting worst-case
sway to just 3.5°. This comparative analysis proves to
control engineers that while the baseline stability enve-
lope is a physical property of the ILQR design, utilizing
advanced optimization tools provides a distinctly supe-
rior margin of industrial safety.

It is imperative to explicitly define the scope of appli-
cability for these design insights. The derived robustness
envelopes and sway-suppression trends are intrinsically
linked to the modeling assumptions of this specific dou-
ble-pendulum gantry crane, notably the linearization of
the dynamics around the equilibrium point and the struc-
tural formulation of the ILQR. Furthermore, the numeri-
cal boundaries of the stability envelope apply directly to
the evaluated parameter ranges (e.g., payload mass varia-
tions from 0.1 to 1.0 kg and cable lengths from 0.2 to
0.8 m). While the optimization framework served as a
highly effective supporting tool to uncover these optimal
weightings, extrapolating these specific numerical values
to distinctly different crane configurations (e.g., tower
cranes or systems with simultaneous hoisting maneu-
vers) would require re-evaluating the system’s unique
kinematic constraints.

@ Springer
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Practical Industrial Implications

Beyond strict vibration attenuation, the derived robust-
ness envelope yields significant practical advantages
for industrial implementation. The optimized controller
generates a distinctly smoother, less aggressive control
signal (Fig. 8) compared to standard heuristic tuning.
This profile directly implies reduced mechanical stress
on trolley actuators and lower overall energy consump-
tion. The ability to systematically identify an operating
envelope that naturally balances high-precision payload
positioning with actuator-friendly control action ensures
the system’s longevity and viability in continuous-duty
maritime and manufacturing environments.

Conclusions

This paper addressed the formidable challenge of tuning
an Integral LQR controller for the underactuated, nonlinear
dynamics of a double-pendulum gantry crane. By hybrid-
izing the Genetic Algorithm with deterministic Sine Cosine
operators, we developed a novel Improved Genetic Algo-
rithm (IGA) engineered to escape the local optima that
entrap standard metaheuristics.

A comparative study against GA, PSO, and DE-tuned
controllers confirmed the superior efficacy of the proposed
method. The findings are substantiated by three key perfor-
mance indicators:
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e Statistical Significance: The reliability of these im-
provements was validated through statistical analysis
over 20 independent runs. The IGA exhibited the lowest
standard deviation (0.0117), indicating superior conver-
gence consistency. Furthermore, a one-way ANOVA test
yielded a P-value of 5.73 x 10~*, confirming with high
confidence (P < 0.001) that the performance gains are
statistically significant and distinct from random algo-
rithmic variations.

e Dynamical Superiority: The IGA-ILQR was the
unique solution to achieve a critically damped response
with zero trolley overshoot (0%), contrasting with up
to 4.30% in benchmarks. Simultaneously, it secured
the fastest settling time (2.23 s) and reduced nominal
payload sway to 4.16°, a 29.1% improvement over the
standard GA.

e Robustness under Uncertainty: Superior performance
extended beyond nominal conditions. In scenarios in-
volving simultaneous variations in cable length and
payload mass, the IGA-tuned controller maintained
strict sway suppression—limiting payload oscillations
to just 3.29°—where benchmark controllers degraded
significantly.

Ultimately, this work demonstrates that balancing explo-
ration and exploitation via deterministic operators allows
the IGA to locate a more globally optimal region within
the 8-dimensional tuning space. The resulting control law
not only guarantees robust anti-sway performance but also
yields a smoother, actuator-friendly control signal, estab-
lishing a practical framework for high-precision industrial
crane automation.
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