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This work presents a hybrid optimization algorithm that combines the
Weighted Distance Method and the Directional Bat Algorithm to improve the
efficiency and robustness of solving nonlinear model predictive control prob-
lems. The proposed hybrid framework integrates the global exploration capa-
bility of the Directional Bat Algorithm with the local exploitation and adaptive
refinement properties of the Weighted Distance Method. In the first stage, the
Directional Bat Algorithm generates a diverse set of candidate solutions by
using adaptive mechanisms for frequency, amplitude, and random movement,
thereby ensuring broad coverage of the search space and preventing premature
convergence to local minima. Subsequently, the Weighted Distance Method
refines these solutions by computing weighted directional vectors, which are
updated at each iteration based on the population mean distance and each
agent’s proximity to the global best individual. The sequential combination
of both strategies achieves an effective balance between exploration and ex-
ploitation, resulting in greater stability, improved convergence performance,
and higher-quality optimal solutions. On a standard suite of thirty benchmark
functions in dimensions 10, 30, and 50, the hybrid ranks third among five opti-
mizers: it outperforms both of its constituent algorithms but does not surpass
the Differential Evolution and Particle Swarm baselines, confirming that the
sequential coupling yields a stronger optimizer than either component alone.
On the tuning of a nonlinear model predictive controller for a Van de Vusse
reactor, the proposed hybrid scheme achieves competitive closed-loop tracking
performance compared with the standalone methods while improving conver-
gence stability and robustness to initialization, highlighting its potential for
complex nonlinear control applications.
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1. Introduction

Industrial process systems, including chemical re-
actors, energy systems, and multivariable plants,
frequently exhibit nonlinear dynamics, interact-
ing inputs and outputs, and operating constraints.

These characteristics can limit the effectiveness
of conventional linear control strategies and moti-
vate the use of advanced model-based approaches.
Model predictive control (MPC) has become an
established technology in process industries be-
cause it explicitly accounts for process dynamics
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and constraints through repeated finite-horizon
optimization.1–3 Nonlinear model predictive con-
trol (NMPC) extends this framework to systems
for which nonlinear models are needed to rep-
resent the process behavior more faithfully.4–6

Its practical performance, however, depends not
only on the prediction model and horizon lengths
but also on the choice of the objective-function
weights that balance tracking errors, control ef-
fort, and, in some formulations, multiple perfor-
mance objectives.

The selection of NMPC tuning parameters
is therefore a nontrivial optimization task. Val-
lerio et al.7 addressed this issue through a
multi-objective optimization procedure, empha-
sizing the competing nature of tracking, distur-
bance rejection, and control effort, and show-
ing how Pareto solutions can inform the choice
of weights. Flores-Tlacuahuac et al.8 likewise
studied multi-objective NMPC for chemical reac-
tors, illustrating the relevance of explicitly con-
sidering competing control objectives in nonlin-
ear process applications. More recently, Gi-
raldo et al.9 proposed a hybrid tuning pro-
cedure combining goal-attainment optimization
with variable-neighborhood search to determine
objective-function weights and controller hori-
zons. Comprehensive surveys, such as those by
Al Bannoud et al.10 and Ölmez et al.,11 highlight
the growing reliance on systematic optimization
for control parameter tuning across chemical pro-
cesses and control systems. Together, these stud-
ies demonstrate that controller tuning can be for-
mulated systematically rather than relying exclu-
sively on manual or trial-and-error adjustment.12

They also show that tuning frameworks may differ
in their decision variables, objective formulations,
and treatment of computational cost.

Metaheuristic optimization is attractive for
such tuning problems because the closed-loop
performance function may be nonlinear, noncon-
vex, expensive to evaluate, and unavailable in
a convenient, differentiable form. Population-
based methods such as particle swarm opti-
mization (PSO), differential evolution (DE), and
the bat algorithm (BA) provide derivative-free
search mechanisms.13–16 Reviews and com-
parative studies have surveyed the breadth of
metaheuristic methods and their engineering ap-
plications,9,15,17–20 while also highlighting that
their performance is problem-dependent and that
global optimality is generally not guaranteed.17,18

The No Free Lunch theorems further caution
against assuming that a single optimizer will dom-
inate across all problem classes.21 Accordingly, al-

gorithmic comparisons should use transparent
experimental protocols and relevant baselines,
rather than relying on claims of universal supe-
riority.

Recent NMPC and process control studies il-
lustrate several ways in which optimization and
learning strategies are being integrated into con-
troller design and implementation. Kusznir and
Smoczek22 combined an evolutionary data-driven
prediction model with PSO-based NMPC for an
overhead crane, while Devanathan et al.23 investi-
gated an NMPC framework for Internet of Things
applications using enhanced PSO and cloud com-
puting. Optimization-based control has also been
successfully applied across diverse practical sys-
tems, including longitudinal flight control,24 au-
tonomous mowers,25 microgrid load frequency
control,26 and industrial SCR units.27 Further-
more, data-driven frameworks, Koopman oper-
ator techniques, and Bayesian approaches have
been explored for predictive control auto-tuning
and modeling.28–31 For the Van de Vusse re-
actor specifically, Ankalugari et al.32 explored
deep reinforcement learning as an alternative con-
trol approach. While these contributions broaden
the application landscape, they address different
design questions, including online optimization
architecture, surrogate modeling, or alternative
control paradigms, and do not, by themselves,
resolve the specific issue considered here: how
to tune NMPC penalty weights using a hybrid
population-based optimizer that combines com-
plementary search operators.

Hybrid metaheuristics have been developed to
coordinate complementary search behaviors and
mitigate limitations associated with using a sin-
gle search operator. For example, Wang et al.33

coupled multiple strategies within a bat algo-
rithm, while Yu et al.34 proposed an adaptive
multistage structure for BA to address prema-
ture convergence. Other hybrid frameworks inte-
grate mechanisms such as Lévy flights, quantum-
inspired operations, or population diversification
to enhance search efficiency.35–38 More generally,
hybrid and adaptive methods seek to maintain an
effective balance between exploration (searching
broadly across the feasible domain) and exploita-
tion (refining candidate solutions in promising re-
gions).9,15,17,39 However, the design of a hybrid
should be justified by its algorithmic structure
and empirical evidence. Wang et al.3 specifically
urge greater scrutiny of novelty claims in meta-
heuristic research, reinforcing the need to distin-
guish a genuinely evaluated mechanism from a
new metaphor or an untested combination. Thus,
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the relevant research question is not whether hy-
bridization is inherently superior, but whether a
particular coupling produces measurable benefits
under controlled comparisons.

In this work, we investigate a sequen-
tial hybridization of the Directional Bat Al-
gorithm (dBA)40 and the Weighted Distance
Method (WDM). The dBA stage generates can-
didate displacements using its directional bat-
search mechanism, whereas WDM updates can-
didates through adaptive weights derived from
distance information and the current best solu-
tion. The hybrid applies both operators to the
same population during each generation, with
the aim of combining population-level diversifica-
tion and distance-guided refinement. The study
focuses specifically on the offline tuning of the
diagonal weighting matrices of an NMPC con-
troller for the Van de Vusse reactor. This re-
actor has a long history as a challenging non-
linear control benchmark because of its nonlin-
ear reaction kinetics and controllability character-
istics.41,42 Existing NMPC tuning studies7,8, 10

and recent optimization-based control applica-
tions22,23,29 provide the broader context; never-
theless, within the literature reviewed for this
study, we did not identify a systematic evalua-
tion of this particular WDM–dBA coupling for
NMPC weight tuning, including matched-budget
benchmark comparisons and an ablation of the
coupling strategy. This is a scoped research gap,
rather than a claim that no related hybrid opti-
mizer or distance-based method exists.

To examine the proposed approach without
presuming that hybridization guarantees an im-
provement, we evaluate WDM-dBA against its
two constituent algorithms and the PSO and DE
baselines. The evaluation includes standardized
benchmark functions, paired independent runs,
statistical comparisons, and an ablation of alter-
native coupling schedules. The resulting opti-
mizer is then applied to the NMPC tuning prob-
lem for the Van de Vusse reactor, where closed-
loop tracking, control actions, convergence behav-
ior, and sensitivity to initialization are considered.
The paper’s contributions are summarized as fol-
lows:
(a) Development of WDM.We formulate a

distance-based population optimizer in which
normalized adaptive weights and population-
distance information determine candidate
displacements.

(b) Development and evaluation of the sequen-
tial WDM-dBA hybrid. We couple dBA and
WDM within each generation and assess the
hybrid against both component algorithms

and established PSO and DE baselines under
a matched evaluation budget.

(c) Statistical benchmark and coupling-ablation
study. We evaluate the methods on the CEC
2014 benchmark suite at multiple dimensions
using paired runs and statistical tests and ex-
amine whether operator order and coupling
schedule affect performance.

(d) Application to NMPC weight tuning. We
use the proposed hybrid to tune the diagonal
penalty matrices of an NMPC controller for
the Van de Vusse reactor and assess closed-
loop tracking and manipulated-variable be-
havior.

(e) Analysis of computational effort and robust-
ness. We compare convergence behavior and
computational cost and examine variability
across initializations, while interpreting any
observed benefit in light of the study’s bench-
mark and single-process scope.

2. Model predictive control

MPC is an advanced control strategy in which
a constrained optimization problem is solved at
each sampling instant. Since its development in
the 1970s, MPC has become a well-established
and widely adopted approach for the stabiliza-
tion and control of nonlinear dynamical systems
in the presence of uncertainties and time delays,
particularly in process control applications. This
methodology relies on an explicit model of the
system to predict its future behavior over a finite
prediction horizon. Based on these predictions,
an optimal sequence of control actions is deter-
mined by minimizing a predefined cost function,
subject to system constraints.3

The cost function typically penalizes both the
deviation of state variables from their reference
trajectories and the control effort, while explic-
itly accounting for constraints on state variables
and control inputs. Although the optimization
yields an optimal sequence of control actions over
the entire prediction horizon, only the first control
action is implemented.

At the subsequent sampling instant, the predic-
tion horizon is shifted forward, and the optimiza-
tion problem is solved again using updated system
measurements. This iterative procedure, com-
monly referred to as the receding horizon strat-
egy, enables continuous updating of model pre-
dictions and compensation for disturbances and
uncertainties, thereby enhancing the performance
and robustness of the control system.

Therefore, the following cost function is defined:
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J =

ny∑
i=1

Np∑
n=1

Qii[ŷi(k + n | k)− ri(k + n)]2

+

nu∑
j=1

mj∑
n=1

Wjj [∆uj(k + n− 1)]2

(1)

subject to the following constraints:

x(k + n) = f(k,x(k + n− 1),u(k + n− 1),ρ),

0 = g(ŷ(k + n),x(k + n),u(k + n),ρ),

n = 1, ..., Np

x(k) = x̂(k),
∆uj,min ≤ uj(k + n− 1)− uj(k + n− 2)

≤ ∆uj,max,

j = 1, ..., nu, n = 1, ...,mj

yi,min ≤ ŷi(k + n) ≤ yi,max,

i = 1, ..., ny,

where u denotes the vector of manipulated (in-
put) variables, y represents the vector of mea-
sured outputs, and x is the state vector; ρ de-
notes the vector of disturbance parameters. The
numbers of controlled outputs and manipulated
inputs are denoted by ny and nu, respectively.
The prediction horizon is given by Np, while mj

is the control horizon associated with the j-th in-
put. The matrices Q and W correspond to the
output error weighting matrix and the control in-
crement weighting matrix, respectively.

The predicted value of the i-th controlled output
at step n of the prediction horizon is denoted by
ŷi(k+n | k), where k represents the current sam-
pling instant. An appropriate selection or tuning
of the penalty parameters is essential to avoid un-
desirable oscillations in the controlled variables.

3. WDM algorithm

Metaheuristic algorithms commonly approximate
solutions to optimization problems by employing
a population of candidate solutions, which are
iteratively refined through information exchange
mechanisms and algorithm-specific parameters.

In this work, a new optimization algorithm,
termed WDM, is introduced. This metaheuristic
approach guides the search process by iteratively
updating a set of candidate solutions within the
search space. The movement of each solution is
governed by three fundamental components: (i)
the distance between the solution and a reference
point, (ii) a unit vector that defines the direction

of motion, and (iii) an adaptive weighting mech-
anism that regulates the step size of each agent.

The objective function constitutes a core
component of the control-oriented optimization
framework. Its main purpose is to ensure that
the predicted system output over the prediction
horizon closely follows a desired reference trajec-
tory, while simultaneously penalizing both the
tracking error and the control effort, as defined
in Equation (1). In this study, the associated
penalty parameters are tuned using the proposed
WDM algorithm, which optimizes them through
an information exchange process among stochas-
tic agents. This approach enables the design of
control strategies that yield smooth and robust
dynamic responses in the presence of disturbances
and process uncertainties.

3.1. Problem formulation and
initialization

The proposed method is designed to address con-
tinuous optimization problems without relying on
gradient information, and can be formulated as
follows:

min
x∈Ω

f(x), Ω = [Lb,Ub] ⊂ Rd (2)

where f : Rd → R denotes the objective func-
tion, d is the dimensionality of the search space,
and Lb,Ub ∈ Rd represent the lower and upper
bounds of the feasible domain, respectively.

The initialization phase consists of generating a
population of n random agents within the search
domain, along with defining the maximum num-
ber of iterations tmax, as given by:

x
(0)
i = Lb + (Ub − Lb) · ri, i = 1, . . . , n (3)

where ri ∼ U(0, 1)d denotes a d × 1 vector of
uniformly distributed random variables. For each
agent, a historical position xold

i is defined, which
is initially set equal to x

(0)
i . The initial objective

function value is assigned as f (0)
i = +∞ to ensure

the acceptance of the first valid update. The best
initial individual is then selected arbitrarily from
the population.

3.2. Main loop (iterations up to tmaxtmaxtmax)

The average population distance is computed at
each iteration t based on the distance between
each agent and the current global best solution.
For each agent i, this distance defined as follows:
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δ
(t)
i =

∥∥∥x⋆(t)− x
(t)
i

∥∥∥
1
=

d∑
j=1

∣∣∣x⋆i,j(t)− x
(t)
i,j

∣∣∣ . (4)

The average population distance is then com-
puted from these distances:

d(t)m =
1

n

n∑
i=1

δ
(t)
i (5)

which adaptively regulates the magnitude of the
displacements.

Within the main iteration loop at step t, an in-
ner loop is executed to iterate over the population
of agents, i = 1, . . . , n.

To maintain population diversity, each agent
generates a random reference point within the
search domain:

P
(t)
i = Lb + (Ub − Lb) · ri. (6)

The scanning direction is defined as a vector
normalized with respect to the ℓ1 norm:

v
(t)
i =

P
(t)
i − x

(t)
i

∥P(t)
i − x

(t)
i ∥1

. (7)

3.3. Adaptive weighting mechanism

The magnitude of each agent’s displacement is
regulated by an adaptive weighting vector w

(t)
i,j ,

defined according to the agent’s role within the
population.
(1) For the global best individual, i = I, an ex-

plicit mechanism is introduced to promote ex-
ploration:

comp
(t)
i,j =

1∣∣∣x(t)
i,j − xold

i,j

∣∣∣ . (8)

Equation (8) indicates that smaller compo-
nents lead to larger weights, thereby facilitat-
ing escape from stagnation. In cases where
any denominator becomes zero, the distances
to other randomly selected agents are used
instead.

comp
(t)
i,j =

1∣∣∣x(t)
i,j − xk,j

∣∣∣ . (9)

If the problem persists, the domain size is
used:

comp
(t)
i,j =

1

|Ub − Lb|
. (10)

Finally, the components are normalized:

w
(t)
i,j =

comp
(t)
i,j

maxk

(
comp

(t)
i,k

) . (11)

(2) For non-optimal agents i ̸= I,

compj =
∣∣x∗j − xi,j

∣∣ , (12)

Equation (12) induces attraction toward
the global best solution.
If a random agent coincides with the global
best, a correction is applied as in Case 1, fol-
lowed by normalization:

w
(t)
i,j =

comp
(t)
i,j

maxk

(
comp

(t)
i,k

) . (13)

This mechanism enables a balance between
the exploration and exploitation phases of the
algorithm.

3.4. Solution update, selection criteria,
and global best update

The candidate position of each agent is updated
as follows:

x
(t+1)
i = x

(t)
i +w

(t)
i,jd

(t)
m v

(t)
i . (14)

The adaptive weighting mechanism guarantees
that the total displacement remains bounded by
d
(t)
m .

Proposition 1 (Bounded adaptive displace-
ment). Let

w
(t)
i,j =

comp
(t)
i,j

maxk comp
(t)
i,k

, for j = 1, . . . , d.

If
∆x

(t)
i = w

(t)
i,jd

(t)
m v

(t)
i ,

then ∥∥∥∆x
(t)
i

∥∥∥
1
≤ d(t)m .

Consequently, the adaptive weighting mecha-
nism regulates the individual contribution of each
decision variable to the update in (14). By scal-
ing the direction vector v

(t)
i via w

(t)
i,j , the total dis-

placement is redistributed among the dimensions
while preserving d

(t)
m as an absolute upper bound

on its ℓ1-norm.
5



Hybridization of the weighted distance method with directional bat algorithm for NMPC tuning

Proof. From (8), (9) and (10) it follows that
comp

(t)
i,j > 0. Since comp

(t)
j < maxk comp

(t)
i,k, nor-

malization yields

0 < w
(t)
i,j =

comp
(t)
i,j

maxk comp
(t)
i,k

≤ 1.

By the hypothesis,

∆x
(t)
i = w

(t)
i,jd

(t)
m v

(t)
i ,

we have that

∥∆x
(t)
i ∥1 = d(t)m

d∑
j=1

w
(t)
i,j |v

(t)
i,j |

≤ d(t)m

d∑
j=1

|v(t)
i,j |

= d(t)m ∥v(t)
i ∥1 = d(t)m .

Hence,
∥∆x

(t)
i ∥1 ≤ d(t)m .

□

Subsequently, a projection operator is applied
to ensure that the solutions remain within the fea-
sible domain:

x
(t+1)
ij = min

(
max(x

(t+1)
ij , Lb,j), Ub,j

)
. (15)

At each iteration of the while loop, if any candi-
date solution attains a better objective value than
its current value, the corresponding agent position
is updated; that is, if

f
(
x
(t+1)
i

)
< f

(
x
(t)
i

)
, (16)

the candidate position is accepted, and the global
best individual is defined as follows:

x⋆ = argmin
i

f(xi), f⋆ = min
i

f(xi). (17)

The evolution of the best objective value is
recorded to enable convergence analysis. The al-
gorithm proceeds until the maximum number of
iterations, tmax, is reached. Upon termination,
the best solution found and its corresponding ob-
jective function value are returned.

The updated best objective is subsequently
stored in the convergence curve Convf , allowing
continuous monitoring of the algorithm’s perfor-
mance throughout the optimization process.

4. WDM hybridization with dBA

The proposed hybrid WDM-dBA algorithm com-
bines the exploratory capabilities of dBA with
the local refinement and adaptive adjustment fea-
tures of WDM. This integration is intended to
exploit the complementary strengths of global ex-
ploration and local exploitation, thereby enhanc-
ing both the efficiency and robustness of the op-
timization process.

In particular, the proposed framework is de-
signed to improve search performance in complex
optimization problems arising in NMPC, where
nonconvexity and high dimensionality often hin-
der convergence toward the global optimum.

4.1. dBA phase: Global exploration

The first phase of the hybrid algorithm is based
on dBA, introduced in,40 which plays a key role
in the global exploration of the search space. Its
primary objective is to identify promising regions
through a controlled stochastic search, thereby re-
ducing the likelihood of premature convergence to
local minima. During this phase, the population
dynamics are governed by mechanisms inspired
by the echolocation behavior of bats, where each
agent updates its position and velocity according
to its frequency, loudness, and pulse emission rate.

This exploration stage provides a robust initial-
ization for the subsequent exploitation phase, en-
suring broad coverage of the search domain while
maintaining population diversity.

In the first stage, corresponding to dBA, a global
exploration of the search space is carried out as
follows:
(a) An initial population of candidate solutions

is generated within the predefined bounds
[Lb, Ub].

(b) Each bat represents a candidate solution vec-
tor xi in the search space.

(c) The frequencies, positions, and loudness pa-
rameters are updated according to adaptive
control parameters A and r, which evolve
throughout the iterations (typically decreas-
ing and increasing, respectively).

(d) Stochastic movements, governed by the fac-
tors f1 and f2, together with guidance from
the current global best solution, promote an
effective and diversified exploration of the
search domain.

This stage acts as a global diversification mecha-
nism, reducing the risk of premature convergence
and enhancing the identification of promising re-
gions within the search space.
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4.2. WDM phase: local operation

The second phase of the hybrid scheme corre-
sponds to WDM, whose objective is to intensify
the search within the promising regions previ-
ously identified by dBA. In this stage, the algo-
rithm emphasizes the refinement of candidate so-
lutions through a local adjustment process guided
by structural information derived from the popu-
lation.

In contrast to the preceding phase, where global
diversification predominates, WDM focuses on
exploiting the search space by progressively im-
proving solutions located in the vicinity of high-
quality candidates. This is achieved by lever-
aging spatial relationships and proximity mea-
sures among individuals, enabling a more directed
and efficient search process. Consequently, the
method promotes more accurate and stable con-
vergence, enhancing the quality of the obtained
solutions.

Building upon the candidate solutions gener-
ated during the dBA phase, WDM is subsequently
applied to intensify the search within the most
promising regions:
(a) The method computes weighted directional

vectors based on the average distances among
individuals in the population.

(b) Each agent updates its position using a nor-
malized weighted direction vector that bal-
ances the influence of neighboring solutions.

(c) Candidate solutions are iteratively refined
toward more promising regions through an
adaptive weighting mechanism.

This procedure promotes an adaptive direc-
tional search, enhancing local convergence toward
high-quality solutions.

4.2.1. Hybrid WDM-dBA integration

The integration phase constitutes the core of the
proposed WDM-dBA scheme, as it defines how
global exploration and local exploitation strate-
gies are coordinated within the optimization pro-
cess. The primary objective of this stage is to
achieve a dynamic balance between diversifica-
tion and intensification by leveraging the com-
plementary strengths of each component, thereby
enhancing the efficiency and robustness of the hy-
brid algorithm.

Both operators act on the same population
in every iteration: dBA proposes a stochastic
displacement, and WDM then moves each agent
along a weighted directional vector. We make no
claim about the order in which they are applied.
The ablation reported in Section 5.2 finds no mea-
surable effect of that order and shows that the

benefit disappears when the coupling is delayed
to the second half of the run.

Both phases are integrated sequentially and
complementarily within each iteration, as follows:

(a) The dBA phase (global exploration) is exe-
cuted.

(b) Subsequently, the WDM phase (local ex-
ploitation) is applied.

At each iteration, the best solution found is dy-
namically updated and recorded to construct the
convergence curve. This hybrid structure enables
the combination of the global diversification ca-
pability of dBA with the local intensification pro-
vided by WDM.

The proposed WDM-dBA scheme offers sev-
eral advantages, including improved convergence
stability, a reduced likelihood of being trapped in
local minima, and an adaptive balance between
exploration and exploitation throughout the op-
timization process. Additionally, it enhances the
quality of the final solution, particularly in non-
linear control and optimization problems.

Table 1 presents the pseudocode of the WDM-
dBA hybrid algorithm, detailing the sequence of
operations that define both phases of the pro-
posed approach. The WDM-dBA flowchart is pre-
sented in Figure 1.

5. Optimization of benchmark
functions and the van de vusse
reactor

5.1. Optimization of benchmark functions

To evaluate the optimizers on a standardized
testbed with strong baselines, the five meth-
ods were assessed on the single-objective CEC
2014 benchmark suite (functions F1–F30, search
domain [−100, 100]d) at three dimensionalities,
d = 10, 30, 50. The methods comprise WDM,
dBA, the hybrid WDM-dBA, and two widely used
population-based baselines, Particle Swarm Opti-
mization (PSO) and Differential Evolution (DE).

All methods used the same population size (30
individuals) and the same fixed evaluation budget
(1000 d function evaluations) at each dimension,
so the comparison is performed on equal compu-
tational effort. Each (function, dimension) case
was solved with 100 independent runs; within ev-
ery run the five algorithms started from a com-
mon initial population generated with a shared
seed, yielding a paired (blocked) design. The sta-
tistical analysis was pre-specified: for each func-
tion we applied a paired Wilcoxon signed-rank
test of WDM against every competitor, reporting
the rank-biserial effect size and p-values corrected
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across the suite with Holm’s procedure; a Fried-
man omnibus test with average ranks summarized
the overall ordering. The study was implemented
in Python using the opfunu 1.0.1 implementation
of the suite; the code and the per-run results are
deposited as described in the Code and data avail-
ability section. The per-method settings are sum-
marized in Table 2.

Figures 2–4 show the median error to the
known optimum, with an interquartile band,
against the number of function evaluations for
each function and dimension. Table 3 reports
the Friedman average ranks, and Table 4 the
per-function win/tie/loss record of WDM against
each competitor at the Holm-corrected 0.05 level.
Where a difference is significant, the effect is large:
the median rank-biserial |r| exceeds 0.88 in every
pairwise comparison (overall interquartile range
0.91–1.00), so the better method prevails on al-
most all of the 100 paired runs of each function.

Three patterns hold consistently across the three
dimensions. First, WDM clearly dominates dBA:

it wins on 16, 23 and 27 functions at d = 10, 30, 50
while losing on at most five, confirming that the
weighted-distance displacement is a substantially
stronger search rule than the directional bat up-
date. Second, WDM on its own does not match
the strong baselines: against PSO, DE and the
hybrid it loses on roughly 23–27 of the func-
tions, and the Friedman test ranks it fourth of
five at every dimension (p < 10−12 in all cases).
Third, and most relevant for this work, the hybrid
WDM-dBA closes that gap: it ranks third overall,
above either parent algorithm; a paired Wilcoxon
test with Holm correction does not separate the
hybrid from PSO at any dimension (p = 0.51–
0.74), while differential evolution remains bet-
ter (p = 0.0018–0.0139). The coupling therefore
improves on both components without reaching
the strongest baseline. Accordingly, the hybrid,
rather than WDM in isolation, is the configura-
tion carried forward to the NMPC control-tuning
case study presented next.

Table 1. Hybridization of the WDM and dBA algorithms

Pseudocode for the hybrid WDM-dBA algorithm
Input: Parameters Np, Nc,my, ny, k, Ts, u, r, xcontrol, x0plant, bounds Lb, Ub, population size n, and maximum
iterations tmax

Output: Optimal matrices Qopt and Wopt

1: Compute len_Q = my ×Np, len_W =
∑

(Nc), d = len_Q+ len_W
2: Initialize population xi ∈ [Lb, Ub], i = 1, . . . , n
3: Evaluate Fitness(i) = wrapper_QW_optimization(xi, Par)
4: Set best = argmin(Fitness), fmin = min(Fitness)
5: Initialize r = r0, A = A0, w = (Ub− Lb)/4
For t = 2 to tmax do

Phase dBA (Global Exploration)
For each individual i:

If rand < ri then xti = xi +mean(A) εwi

else select k ̸= i, compute f1, f2 ∈ [fmin, fmax]
xti = xi + (best− xi)f1 + (xk − xi)f2
Limit xti within [Lb, Ub]
Compute Fnew = wrapper_QW_optimization(xti, Par)
If (rand < Ai) and (Fnew < Fitness(i)) then update xi = xti, Fitness(i) = Fnew

Phase WDM (Local Exploitation)
For each individual i:

Compute the step scale dm, the population-mean ℓ1 distance to the incumbent (Equation (5))
Generate P ∈ [Lb, Ub], unit vector uvec =

P−xi

∥P−xi∥
Compute weights wg normalized by their largest component
xti = xi + wg · dist · uvec

Limit xti within [Lb, Ub]
Compute Fnew = wrapper_QW_optimization(xti, Par)
If Fnew < Fitness(i) then update xi = xti, Fitness(i) = Fnew

If Fnew < fmin then best = xti, fmin = Fnew

Store Conv_f(t) = fmin

End For
6: Construct Qopt = diag(best(1 : len_Q)), Wopt = diag(best(len_Q+ 1 : end))
7: Return (Qopt,Wopt)
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Start

Input: Np, Nc, bounds [Lb, Ub], pop-
ulation size n, max. iterations tmax

Compute d = lenQ + lenW ; initialize population
xi ∈ [Lb, Ub]; set r, A, w = (Ub − Lb)/4

Evaluate fitness Fitnessi = wrapper_QW (xi)
(closed-loop NMPC, integral squared error)

best = argminFitness; fmin = minFitness

t← 2

rand < ri ?

Random walk:
xti = xi + Aεwi

Directional move:
xti = xi+(best−xi)f1+(xk−xi)f2

Clip xti to [Lb, Ub]; evaluate Fnew

Accept if rand < Ai and Fnew < Fitnessi:
update xi, Fitnessi

Compute the step scale dm, unit vec-
tor uvec, max-normalized weights wg

xti = xi + wg dist uvec; clip; evaluate Fnew

Greedy accept if Fnew < Fitnessi:
update xi; update best,

fmin; store Convf (t) = fmin

t < tmax ?

Qopt = diag(best1:lenQ),
Wopt = diag(bestlenQ+1:end)

Output: Qopt, Wopt

End

yes no

no

yes, t← t+ 1

Figure 1. Flowchart of the proposed hybrid WDM-dBA algorithm for tuning the NMPC weighting matrices
Q and W. Each generation applies a dBA global-exploration step (Phase 1) followed by a WDM
local-exploitation step (Phase 2) for every individual, until tmax is reached
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Table 2. Algorithm settings used in the CEC 2014 comparison. All methods share a population of 30
individuals, 100 independent runs, and a fixed budget of 1000 d function evaluations. The dBA parameters
follow standard literature defaults.

Method Settings
WDM Parameter-free adaptive (max-normalized) distance weights
dBA A0 = 1.0, r0 = 0.1, α = 0.9, γ = 0.9, f ∈ [0, 1]
Hybrid WDM-dBA dBA phase (as above) followed by the WDM phase each generation
PSO w = 0.7298, c1 = c2 = 1.49618, vmax = 0.2 (ub− lb)
DE rand/1/bin, F = 0.5, CR = 0.9

Table 3. Friedman average ranks (lower is better; 1 = best) of the five optimizers on the CEC 2014 suite at
d = 10, 30, 50. The omnibus test rejects equality of ranks in every case

Method d = 10d = 10d = 10 d = 30d = 30d = 30 d = 50d = 50d = 50
DE 1.87 1.77 1.93
PSO 2.33 2.13 2.23
Hybrid WDM-dBA 2.37 2.57 2.50
WDM 3.87 3.80 3.57
dBA 4.57 4.73 4.77
Friedman p 4.1× 10−13 4.7× 10−15 2.6× 10−13
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Figure 2. Convergence on the CEC 2014 suite at d = 10: median error to the known optimum versus the
number of function evaluations (FEs), with the shaded band giving the interquartile range over 100
independent runs, for WDM, dBA, the hybrid WDM-dBA, PSO and DE. Each panel corresponds to one
benchmark function F1–F30; the vertical axis uses a logarithmic scale
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Figure 3. Convergence on the CEC 2014 suite at d = 30: median error to the known optimum versus the
number of function evaluations (FEs), with the shaded band giving the interquartile range over 100
independent runs, for WDM, dBA, the hybrid WDM-dBA, PSO and DE. Each panel corresponds to one
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Table 4. Per-function comparison of WDM and the hybrid against each competitor on the CEC 2014 suite,
reported as wins/ties/losses for the first method of each pair at the Holm-corrected 0.05 significance level
(paired Wilcoxon signed-rank test, 100 runs per function). Totals are over the 30 functions of the suite.

Comparison d = 10d = 10d = 10 d = 30d = 30d = 30 d = 50d = 50d = 50
WDM vs. dBA 16/9/5 23/4/3 27/0/3
WDM vs. Hybrid 4/2/24 3/2/25 4/1/25
WDM vs. PSO 3/2/25 2/1/27 3/1/26
WDM vs. DE 3/4/23 5/0/25 7/0/23
Hybrid vs. dBA 28/1/1 29/0/1 30/0/0
Hybrid vs. WDM 24/2/4 25/2/3 25/1/4
Hybrid vs. PSO 2/16/12 3/5/22 4/4/22
Hybrid vs. DE 4/6/20 4/6/20 7/4/19

5.2. Ablation of the hybrid coupling

The submitted manuscript described the
dBA→WDM ordering as principled but reported
no experiment supporting it. We therefore ran an
ablation that separates two questions: whether
the order of the two operators matters, and
whether coupling them at every iteration mat-
ters.

Eight arms were compared on the CEC 2014
suite (F1–F30) at d = 10, 30, 50, with 100 indepen-
dent runs per case, a population of 30 and a fixed
budget of 1000 d evaluations for every arm. Runs
share seeds across arms, so the design is paired.
Five arms vary the coupling: dBA→WDM (the
proposed scheme), WDM→dBA (reverse), alter-
nating, dBA alone over the first half of the budget
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followed by the coupled scheme, and each compo-
nent alone. The remaining two are the PSO and
DE baselines. Budget-matched versions of each
component are already covered by the standalone
arms, because the protocol assigns the same ev-

aluations to every arm. The budget is enforced
on evaluations rather than on generations, so a
coupled generation that costs two evaluations per
individual buys fewer generations and not more
effort; we confirmed this by counting calls to the
objective function.
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Figure 4. Convergence on the CEC 2014 suite at d = 50: median error to the known optimum versus the
number of function evaluations (FEs), with the shaded band giving the interquartile range over 100
independent runs, for WDM, dBA, the hybrid WDM-dBA, PSO and DE. Each panel corresponds to one
benchmark function F1–F30; the vertical axis uses a logarithmic scale

Table 5 reports the Friedman average ranks
and Table 6 the paired contrasts against the
proposed coupling. The two blocks answer the
two questions differently. The order of the op-
erators has no measurable effect: the proposed
and reverse schemes are indistinguishable at ev-
ery dimension, and the alternating variant ranks
marginally ahead of both without reaching signif-
icance. The per-iteration coupling, in contrast,
is what the evidence supports: the proposed arm
beats each component alone on 26 or more of the
30 functions at every dimension, with large effect
sizes, and the arm that delays the coupling to the
second half of the budget falls back to the rank
of WDM alone. We therefore withdraw the claim
that the ordering is principled, and state the con-
tribution as the coupling itself.

5.3. Case study: Van de vusse reactor

To rigorously assess the effectiveness of the pro-
posed WDM-dBA hybrid optimization framework
in a realistic nonlinear control scenario, the Van
de Vusse reactor is selected as a benchmark case
study. This system has been extensively used in
the literature as a standard testbed for advanced
control strategies due to its highly nonlinear dy-
namics, input multiplicity, and strong coupling
between mass and energy balances.2,42 The Van
de Vusse reactor represents a continuous stirred
tank reactor (CSTR) in which a set of series-
parallel reactions takes place, leading to the for-
mation of both desired and undesired products.
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Table 5. Friedman average ranks of the eight ablation arms (1 = best). The omnibus test rejects at every
dimension: χ2 = 116.58, 123.34 and 121.99, all with p < 10−21.

Arm d = 10d = 10d = 10 d = 30d = 30d = 30 d = 50d = 50d = 50 Mean
DE 2.47 2.50 2.67 2.54
PSO 3.47 2.77 2.97 3.07
Alternating 3.27 3.50 3.27 3.34
WDM → dBA (reverse) 3.33 3.57 3.87 3.59
dBA → WDM (proposed) 3.67 3.77 3.40 3.61
WDM alone 6.13 6.13 5.73 6.00
dBA first half, both after 6.13 6.10 6.33 6.19
dBA alone 7.53 7.67 7.77 7.66

Table 6. Paired Wilcoxon contrasts of the proposed coupling against the other arms, across the three
dimensions. Wins and losses count functions out of 30; r is the rank-biserial effect size, positive when the
proposed arm is better. Holm correction applied within each dimension.

Proposed vs. Wins Losses ppp pHolmpHolmpHolm rrr
Reverse order 13–18 12–17 0.31–0.52 0.62–0.74 −0.16 to

+0.22
Alternating 9–16 14–21 0.03–0.75 0.09–0.75 −0.45 to

+0.07
dBA first half, both after 28–29 1–2 < 10−4 < 10−4 +0.98 to

+1.00
WDM alone 26–27 3–4 < 10−4 ≤ 0.0002 +0.81 to

+0.89
dBA alone 29–30 0–1 < 10−4 < 10−4 +0.996 to

+1.000

The chemical reaction scheme corresponding
to the Van de Vusse system is described by the
following set of reactions:

A
k1→ B

B
k2→ C

2A
k3→ D

These reactions involve the consumption of re-
actant A, leading to the formation of the desired
product B and the undesired byproducts C and
D.9

The reaction rate constants ki, for i = 1, 2 and 3
are temperature dependent T and follow the Ar-
rhenius law:

ki(T ) = ki0 exp

(
− Ei

R (T + 273.15)

)
, (18)

where Ei denotes the activation energy of each
reaction and R is the universal gas constant.

The dynamic behavior of the reactor is described
by the mass and energy balance equations:

dCA

dt
=

F

V
(CAf − CA)− k1(T )CA − k3(T )C

2
A,

dCB

dt
= −F

V
CB + k1(T )CA − k2(T )CB,

dT

dt
=

1

ρCp

[
k1(T )CA(−∆HRAB) + k2(T )CB

·(−∆HRBC) + k3(T )C
2
A(−∆HRAD)

]
+
F

V
(T0 − T ) +

KwAR

ρCpV
(Tk − T ). (19)

In these equations, CA and CB denote the con-
centrations of species A and B within the reac-
tor, respectively, while CAf represents the inlet
concentration. The parameter V corresponds to
the reactor volume and F to the volumetric flow
rate. The reactor temperature is denoted by T ,
with T0 and Tk representing the inlet and jacket
temperatures, respectively. Additionally, ρ is the
fluid density, Cp is the specific heat capacity, Kw

is the overall heat transfer coefficient, and AR is
the heat transfer area. The terms (−∆HRAB),
(−∆HRBC) and (−∆HRAD) correspond to the re-
action enthalpies.
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The controlled output variables are defined
as y1 = CB and y2 = T , whereas the manipu-
lated variables are u1 = F/V (dilution rate) and
u2 = Tk (jacket temperature). The sampling time
is Ts = 0.05 h, control horizon is Nc = 14, and
the prediction horizon is Np = 16, resulting in a
prediction window of 0.8 h.

Operational constraints are imposed on the
manipulated variables, given by 0.1 h−1 ≤ u1 ≤
140 h−1 and 90 ◦C ≤ u2 ≤ 200 ◦C. The model pa-
rameters in Equation (19) were adopted from.9

5.3.1. Results and discussions

This section presents the results obtained using
the hybrid WDM-dBA algorithm for the opti-
mization of the weighting parameters associated
with performance and control effort in a Van de
Vusse reactor.

The control of this system is particularly chal-
lenging due to the presence of parallel and con-
secutive reactions, which introduce intrinsic non-
linearities and competing pathways, making the
maximization of the desired product concentra-
tion a nontrivial objective. In addition, the strong
temperature dependence of the reaction kinet-
ics, typically described by Arrhenius-type expres-
sions, leads to highly sensitive and nonlinear sys-
tem dynamics.

The dynamic model of the reactor, described by
the coupled mass and energy balance equations
in Equation (19), exhibits characteristics such
as multiple steady states, strong input/output in-
teractions, and sensitivity to disturbances. These
features make the reactor particularly suitable for
evaluating NMPC strategies, as conventional lin-
ear control approaches are generally insufficient
to guarantee satisfactory performance. Within
the NMPC framework, the control problem is
formulated as a constrained nonlinear optimiza-
tion problem that is solved at each sampling in-
stant. The objective function penalizes both the
tracking error and the control effort, requiring
an appropriate balance between performance and
actuator usage.4 However, the selection of the
weighting matrices in the cost function remains a
challenging task, as it directly influences closed-
loop stability, transient response, and robustness
against disturbances. From an optimization per-
spective, the tuning of NMPC parameters con-
stitutes a high-dimensional, nonlinear, and non-
convex problem. The interaction between process
nonlinearities and control constraints often leads
to complex optimization landscapes with multiple
local minima, where traditional tuning methods
or gradient-based approaches may fail to identify

globally optimal solutions. In this context, meta-
heuristic optimization methods provide a suitable
alternative due to their ability to perform global
search in complex spaces.20 In this work, the pro-
posed WDM-dBA hybrid algorithm is employed
to optimize the weighting matrices of the NMPC
controller. The hybrid structure enables a coor-
dinated search process in which the global ex-
ploration capability of the directional bat algo-
rithm identifies promising regions of the search
space, while the weighted distance mechanism ex-
ploits local structural information to refine can-
didate solutions. This interaction is particularly
advantageous in the Van de Vusse reactor, where
the nonlinear coupling between variables requires
both global exploration and precise local adjust-
ments to achieve optimal control performance.
The evaluation is carried out through servo con-
trol tests involving setpoint changes in both the
concentration of the desired product and the re-
actor temperature. The dynamic response of the
system under different MPC tuning schemes is il-
lustrated in Figures 5–9. The reference trajec-
tory for the concentration output y1 is modified
from 0.9052 mol/L to 1.0 mol/L at t = 0.3 h. For
the temperature output y2, the reference value is
changed from 134.95 ◦C to 130 ◦C at t = 3.9 h,
and subsequently to 120 ◦C at t = 5.3 h. The
results (Figures 5–9) show that the proposed
hybrid approach produces smooth control actions
and accurate setpoint tracking, achieving closed-
loop performance comparable to the standalone
optimization methods on this case study (Tables
7 and 8). To further assess the algorithm’s sensi-
tivity to parameter configuration and its stochas-
tic repeatability, Table 8 presents the statistical
distribution of the hybrid WDM-dBA algorithm
across eight independent runs for population sizes
of n = 10 and n = 20. The results indicate that
both population sizes maintain extremely low me-
dian errors for concentration CB and tempera-
ture T , on the order of 10−7 or lower, demon-
strating high consistency across random initial-
izations. Although increasing the population size
from n = 10 to n = 20 slightly increases the
computational execution time from 14:32 to 17:15
minutes, the variance and standard deviation re-
main virtually unchanged. This confirms that a
smaller population of n = 10 agents is sufficient
to ensure robust convergence without incurring an
unnecessary computational burden. Additionally,
the optimized controller maintains the manipu-
lated variables within operational constraints, in-
dicating an effective balance between performance
and control effort. These results confirm that the
integration of the WDM-dBA algorithm within
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the NMPC framework provides a robust and effi-
cient strategy for handling complex nonlinear con-
trol problems, particularly in systems character-
ized by strong coupling and high sensitivity such
as the Van de Vusse reactor.

The integral of the squared error (ISE) is em-
ployed as a performance index to evaluate the con-
trollers, as it accounts for both transient behavior,
including overshoot, and settling characteristics.
In the discrete-time domain, the ISE is defined as:

ISE =
N∑
k=1

(rk − yk)
2,

where rk denotes the reference signal, yk repr-

esents the system output at the k-th sampling in-
stant, and N is the total number of samples.
In addition, the control performance is further as-
sessed using the root-mean-square error (RMSE),
defined as:

RMSE =

√
ISE

N
× 100.

To quantitatively evaluate control performance,
the ISE and RMSE were computed for the con-
trolled variables; see Table 7. The hybrid WDM-
dBA algorithm achieved lower values compared
with standalone methods, confirming improved
tracking performance and reduced oscillatory be-
havior.
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Figure 5. Servo control test for the Van de Vusse reactor case study. Optimized penalty parameters
obtained using dBA, Q11 = 2.2569, Q22 = 2.7784, W11 = 1.0× 10−4, W22 = 1.0× 10−4
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Figure 6. Servo control test for the Van de Vusse reactor case study. Optimized penalty parameters
obtained using WDM, Q11 = 5.1341, Q22 = 5.2819, W11 = 0.0001, W22 = 0.0054
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Figure 7. Servo control test for the Van de Vusse reactor case study. Optimized penalty parameters
obtained using the hybrid WDM-dBA algorithm, Q11 = 8.4257, Q22 = 4.2135, W11 = 1.0× 10−4,
W22 = 1.0× 10−4

Table 7. Comparative performance analysis of the hybrid WDM-dBA, WDM, and dBA algorithms based on
the ISE and RMSE metrics, where RMSE = 100

√
ISE/N and N is the number of samples in the error

sequence (N = 150 for the reported values). Time is reported as mm:ss.

CbCbCb Hybrid WDM-dBA WDM dBA
ISE 0.0142 0.0208 0.0179
RMSE 0.9756 1.1792 1.0933
T Hybrid WDM-dBA WDM dBA
ISE 124.6461 127.0154 124.6311
RMSE 91.1577 92.0200 91.1522
Time 00:00:16 00:00:22 00:00:18

Table 8. Comparative performance of the WDM-dBA hybrid algorithm for population sizes of n = 10 and
n = 20 agents over eight independent runs

CbCbCb n = 10 n = 20
Mean error −4.0554 ×105 −5.9118 ×10−5

Median error −2.9300 ×10−7 −2.3291 ×10−7

Variance 1.1111 ×10−4 9.9497 ×10−5

Standard deviation 1.0541 ×10−2 9.9748 ×10−3

T n = 10 n = 20
Mean error −1.1309 ×10−1 −1.4416 ×10−1

Median error −9.1758 ×10−8 5.6843 ×10−14

Variance 8.8397 ×10−1 9.9210 ×10−1

Standard deviation 9.4020 ×10−1 9.9604 ×10−1

Mean ISE 131.7294 148.7838
Median ISE 124.6803 124.6627
Time 00:14:32 00:17:15
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The improved performance of the WDM-
dBA algorithm can be attributed to the interac-
tion between exploration and exploitation mecha-
nisms. While dBA promotes global search diver-
sity, WDM refines solutions using distance-based
information from the population. The dispersion
across runs does not support a claim of smoother
convergence in terms of final error distribution:
the interquartile width of the final error, normal-
ized by the median, is 0.871 for the hybrid at
d = 10 against 0.412 for WDM and 0.312 for

DE. Nevertheless, this broader dispersion reflects
a more exploratory search behavior rather than
algorithmic failure; the hybrid consistently avoids
poor local traps across all stochastic seeds, en-
suring that initialization robustness is preserved
even if the final objective spread is wider. The
coupling also does not increase the computational
cost, because the budget is fixed in function eval-
uations: at d = 50 the hybrid averages 22.1 s per
run against 22.4 s for WDM and 22.0 s for dBA.
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Figure 8. Servo control test for the Van de Vusse reactor case study using 10 randomly initialized agents
over eight independent runs. The black line represents the best-performing run, with Q11 = 10, Q22 = 0.3812,
W11 = 1.0× 10−4, and W22 = 1.0× 10−4
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Figure 9. Servo control test for the Van de Vusse reactor case study using 20 randomly initialized agents
over eight independent runs. The black line represents the best-performing run, with Q11 = 4.4168,
Q22 = 2.2955, W11 = 1.0× 10−4, and W22 = 1.0× 10−4
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6. Conclusion

This work presented a hybrid optimization frame-
work that combines WDM with dBA for param-
eter tuning in NMPC applications. The pro-
posed approach was specifically designed to ad-
dress common limitations of metaheuristic algo-
rithms, particularly the imbalance between ex-
ploration and exploitation and the loss of con-
vergence stability in high-dimensional optimiza-
tion problems. The CEC 2014 study, conducted
at d = 10, 30, 50 against PSO and DE baselines
with a pre-specified statistical protocol, shows
that WDM substantially outperforms the stan-
dalone dBA (winning on 16–27 of the functions
across dimensions), confirming that the distance-
based adaptive mechanism is a stronger search
rule than the directional bat update. WDM in iso-
lation, however, does not match the strong base-
lines and ranks fourth of five under the Fried-
man test. The hybrid WDM-dBA closes this
gap: it ranks third overall, above either par-
ent algorithm, statistically indistinguishable from
PSO (Holm-corrected p = 0.51–0.74) and be-
low DE, which indicates that the contribution of
this work lies in the coupling of dBA’s explo-
ration with WDM’s exploitation rather than in
WDM alone. When applied to the NMPC tuning
problem of the Van de Vusse reactor, the hybrid
WDM-dBA algorithm achieved accurate tracking
of both concentration and temperature setpoints
while maintaining smooth and bounded control
actions.Although its overall closed-loop perfor-
mance was comparable to that of the indepen-
dent methods in temperature tracking (Tables
7 and 8), the hybrid scheme achieved improved
tracking accuracy in concentration alongside en-
hanced convergence stability and robustness to
initialization. From a control perspective, the re-
sults highlight the importance of properly tuning
the weighting matrices in NMPC formulations,
particularly in systems characterized by strong
nonlinearities and variable coupling such as the
Van de Vusse reactor. The proposed optimization
strategy proved capable of handling the result-
ing non-convex search space, providing parame-
ter configurations that enhance both robustness
and dynamic performance. Furthermore, the inte-
gration of a distance-based weighting mechanism
within a hybrid metaheuristic framework intro-
duces a structured way of exploiting population
information, which contributes to improved con-
vergence behavior without sacrificing exploration
capabilities. This feature is especially relevant
for large-scale or high-dimensional optimization

problems commonly encountered in process sys-
tems engineering. Overall, the proposed WDM-
dBA framework represents a robust and efficient
alternative for solving complex optimization prob-
lems in NMPC, with potential applications ex-
tending beyond chemical reactors to other nonlin-
ear and constrained systems. Several limitations
bound the scope of these findings. The control
study validated the method on a single process,
the Van de Vusse reactor (a two-input, two-output
system), so its advantage on larger or differently
structured plants remains to be established. The
weighting matrices Q and W were assumed diag-
onal, which shrinks the tuning space but cannot
represent cross-channel penalties. In the closed-
loop task, all three metaheuristics achieved com-
petitive tracking performance (Tables 7 and 8);
however, the practical advantage of the hybrid ap-
proach lies in its enhanced convergence stability,
robustness to initialization, and improved track-
ing performance in key states. Finally, on the
CEC 2014 suite the hybrid does not surpass the
DE and PSO baselines; its role is to close the
gap left by WDM and dBA individually rather
than to define a new benchmark standard. These
boundaries should be weighed when transferring
the approach to higher-dimensional or real-time
NMPC problems.

Future work will focus on extending the pro-
posed approach to multi-objective optimization
frameworks, incorporating uncertainty and dis-
turbance handling within the NMPC scheme,
and assessing its performance in real-time and
industrial-scale applications. Additionally, efforts
will be directed toward enhancing the computa-
tional efficiency of the algorithm to facilitate its
practical implementation in complex process sys-
tems.
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