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Abstract

Simulation-based controller tuning for dynamic engineering systems requires
computational optimization methods capable of maintaining search stability, solution
consistency, and robust performance under uncertain operating conditions. In vehicle
cruise control systems, accurate tuning of proportional-integral-derivative (PID)
controllers remains challenging due to nonlinear dynamics, parameter variations, external
disturbances, and changing operating conditions. Although metaheuristic optimization
methods have been widely used for PID parameter tuning, their performance may be
limited by an imbalanced exploration—exploitation trade-off, which can lead to premature
convergence and inconsistent solution quality. To address these issues, this study
proposes a hybrid centered collision optimizer with differential evolution, termed h-
CCODE. The proposed framework incorporates differential evolution-based mutation
and crossover mechanisms into the centered collision optimizer to enhance population
diversity, convergence stability, and solution refinement while preserving the original
collision-based search dynamics. The computational performance of h-CCODE is first
evaluated using the CEC2022 benchmark suite, where the proposed method demonstrates
improved convergence characteristics and competitive solution quality compared with
the original optimizer and with four further metaheuristics. The method is then applied
to simulation-based PID tuning of a vehicle cruise control system. Comparative results
show that the h-CCODE-tuned PID controller provides a balanced transient response with
reduced settling time and overshoot while maintaining a comparable rise time.
Disturbance rejection, reference tracking, frequency-domain, and parameter uncertainty
analyses further confirm the stable and consistent performance of the proposed control
framework under non-ideal operating conditions. Overall, the results indicate that h-
CCODE provides an effective computational optimization approach for simulation-based

controller tuning in dynamic engineering systems.

Keywords: hybrid optimization; centered collision optimizer; differential evolution; PID
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1. Introduction

Vehicle cruise control systems remain an important research topic in control
engineering because they provide a practical framework for maintaining a desired vehicle
speed under varying driving conditions. From a dynamic perspective, the problem is
inherently complex, as the longitudinal motion of the vehicle is influenced by
aerodynamic drag, road slope, actuator dynamics, and external disturbances, all of which
introduce nonlinearities and may degrade tracking performance if not properly addressed
in the controller design [1,2]. The ongoing interest in this area is also reflected in recent
studies on fractional-order control, adaptive cruise control under varying road conditions,
cooperative cruise control, and intelligent vehicle systems with safety constraints, where
improving regulation accuracy and robustness continues to be a central objective [3-6].
Despite the increasing availability of advanced control techniques, PID controllers remain
widely used in practical applications due to their simple structure, ease of implementation,
and transparent tuning characteristics [7]. However, the effectiveness of PID controllers is
highly dependent on the proper selection of their parameters, and this tuning process
becomes increasingly challenging in the presence of nonlinear behavior, parameter
variations, and changing operating conditions [8].

This dependence on parameter selection has motivated a substantial body of work
on advanced PID structures in which the gains are no longer treated as fixed quantities.
In adaptive schemes, the controller parameters are adjusted online from measured signals,
which allows the loop to follow variations in plant behavior, and recent formulations have
combined such adaptation with fault tolerance and disturbance-observer mechanisms in
order to preserve tracking accuracy under input saturation and multisource disturbances
[9]. Fuzzy PID designs replace the fixed gain set with a rule base that maps the error and
its rate of change onto gain corrections, an approach that has been shown to improve
interaction accuracy in physically coupled systems where the disturbance is difficult to
model explicitly [10]. Neural-network-based PID designs pursue a similar objective
through learned mappings, in which the gains are produced by a network trained either
offline or during operation. These approaches are effective when the plant is poorly
identified or strongly time-varying, but the flexibility is obtained at a cost: online
adaptation laws require a stability proof for each new configuration, fuzzy designs
depend on a rule base and membership functions that must be devised for the specific
application, and learning-based designs introduce a training stage together with a
controller whose behavior is less transparent to certification. A fixed-gain PID controller
whose parameters are determined offline avoids all three difficulties, since the
implemented structure remains the one already accepted in industrial practice and no
additional online mechanism is introduced into the loop. The quality of such a design,
however, rests entirely on the tuning stage, which is precisely the stage addressed in the
present study. It should further be noted that the contribution made here is located at the
level of the tuning procedure rather than the controller structure, so the proposed
optimizer is equally applicable to the parameter selection problems that arise within
adaptive, fuzzy, and learning-based PID architectures, for instance in the calibration of
scaling factors or adaptation gains.

Beyond the single vehicle, recent research has increasingly treated cruise control as
part of cooperative multi-vehicle systems. In vehicle platoons, a systematic study of the
factors governing performance has shown that network disconnections have the most
severe effect on string stability, whereas external disturbances such as wind, road slope,
and rolling resistance give rise to steady-state tracking errors, with vehicle heterogeneity,
communication delays, and sensor or actuator faults also examined [11]. Within this
setting, static output-feedback LQR control based on predecessor-leader following has
been proposed to regulate inter-vehicle spacing while exploiting the aerodynamic drag
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reduction obtained in close-following formations to improve energy efficiency [12], and
coordinated observer-based LQR schemes have been developed to shorten settling under
disturbances [13]. These studies address the coordination layer of the platoon and
synthesize the feedback law from a model of the whole string of vehicles. The present
work is concerned with a different level of the control hierarchy, namely the speed
regulation of an individual vehicle, which in hierarchical architectures remains the inner
loop through which the commands of an upper-level cruise or platoon controller are
executed. Improvements in the tuning of this loop are therefore complementary to, rather
than in competition with, the multi-vehicle strategies cited above and the same
disturbance sources identified in [11].

To overcome these limitations, metaheuristic optimization-based tuning approaches
have been widely investigated. Unlike classical tuning rules, such as the Ziegler—Nichols
and Cohen—Coon methods, which rely on simplified assumptions and fixed operating
conditions [14,15], metaheuristic algorithms provide a flexible framework for exploring
the controller parameter space more effectively [16]. In the context of vehicle cruise control
systems, various optimization techniques have been applied to PID controller design [17],
including genetic algorithm (GA) [18], antlion optimizer (ALO) [19], arithmetic
optimization-based methods (AOA) [20], reptile search-based approaches (RSA) [21], sine
cosine algorithm (SCA) [22], and improved arithmetic optimization strategies [23]. In
addition, more recent algorithms such as the slime mould algorithm (SMA) have also been
employed, demonstrating competitive performance in terms of convergence and control
accuracy [24]. Relative to these studies, the present work differs in two respects. The
tuning is performed with an optimizer whose modification is motivated by a quantified
deficiency of its base algorithm and whose benefit is verified statistically over repeated
runs, and the resulting controller is assessed not only through its nominal step response
but also in terms of disturbance and noise rejection, frequency-domain margins, reference
tracking, and parametric uncertainty, the latter including a Monte Carlo analysis over
randomly perturbed plants.

Although these studies confirm the effectiveness of optimization-based tuning, the
achieved performance is often dependent on the search behavior of the selected algorithm.
In particular, achieving a proper balance between exploration and exploitation remains a
key challenge, as insufficient exploration may lead to premature convergence, while
excessive exploration may slow down convergence and reduce solution quality [25-27].
These challenges become more pronounced in control applications, where the quality of
the optimized parameters directly affects both transient and steady-state system
performance.

In response to these limitations, hybrid optimization strategies have recently
attracted considerable attention as a means of improving the performance of metaheuristic
algorithms. The main idea behind hybridization is to combine complementary search
mechanisms in order to enhance both diversification and intensification capabilities [28].
Among various approaches, the integration of differential evolution (DE) operators into
existing optimization frameworks has been shown to improve convergence stability and
solution quality in different engineering problems [29-33]. Differential evolution is
particularly suitable for such integration due to its mutation and crossover mechanisms
based on vector differences, which promote population diversity and facilitate effective
exploration of the search space [34]. In addition, its greedy selection strategy contributes
to stable convergence by preserving improved candidate solutions.

Despite these advantages, the potential of combining DE with recently developed
optimization algorithms, particularly in control-oriented applications, remains relatively
underexplored. In this regard, the centered collision optimizer (CCO), recently introduced
as a physics-based metaheuristic algorithm, has demonstrated promising performance in
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solving complex optimization problems [35]. Inspired by collision dynamics, CCO
employs a population-based search mechanism that enables effective exploration of the
solution space. However, in common with many population-based methods, its search
behavior is not equally reliable across landscape types [36,37]. The benchmark analysis
reported in Section 4 of this study shows that the difficulty is confined to rugged and
multi-basin landscapes and manifests itself in two distinct forms: on several multimodal
and hybrid functions the algorithm locates the global basin in some runs but stagnates
elsewhere in others, producing a pronounced spread between the best and worst results
over repeated executions, while on certain composition functions the entire population
settles in an inferior basin in every run. Both forms are symptomatic of an exploration—
exploitation imbalance rather than of an insufficient evaluation budget, and both concern
the consistency of the search rather than its peak performance. Furthermore, the
application of CCO to control system design, and in particular to PID controller tuning
for vehicle cruise control systems, has not yet been sufficiently investigated.

Motivated by these observations, this study proposes a hybrid optimization
approach by integrating differential evolution operators into the CCO framework,
referred to as h-CCODE. The proposed method aims to improve convergence stability,
enhance solution consistency, and strengthen the overall search capability of the original
CCO while preserving its underlying collision-based dynamics. The effectiveness of the
proposed approach is evaluated using both benchmark optimization problems and a
vehicle cruise control system, allowing a comprehensive assessment of its performance in
both numerical and practical control scenarios. The main contributions of this study can
be summarized as follows:

e A diagnostic analysis of the centered collision optimizer is provided, in which two
distinct failure modes of the baseline search are identified and quantified: a loss of
run-to-run consistency on multimodal and hybrid landscapes, where the global basin
is located but not retained, and a systematic confinement to an inferior basin on
composition landscapes.

e A targeted hybrid, h-CCODE, is proposed in which the DE operators act as a weak
refinement stage on the population after the decorrelated-space individuals have
been mapped back, each operator being linked to a specific deficiency of the baseline.
The modification removes both failure modes while leaving the behavior of CCO
unchanged on the landscapes where it already converges to the optimum.

e  To the best of the authors” knowledge, CCO and its DE-enhanced form are applied
here to controller tuning for the first time. For the vehicle cruise control problem, h-
CCODE achieves a statistically significant reduction in the tuning cost relative to
CCO over 30 independent runs; obtains a lower mean tuning cost than particle
swarm optimization, the grey wolf optimizer, the mountain gazelle optimizer, and
quadratic interpolation optimization applied to the same problem under identical
conditions; and yields a PID design with the shortest rise and settling times and the
smallest overshoot among the compared designs.

e The tuned controller is characterized beyond its nominal step response, through
disturbance and noise rejection, frequency-domain margins including the effect of
the delay approximation, reference tracking, structured parameter variations, and a
Monte Carlo analysis over 1000 perturbed plants, which together delimit the
conditions under which the design remains valid.

The remainder of this paper is organized as follows. Section 2 presents the
fundamentals of the centered collision optimizer, while its detailed mathematical
formulation is provided in Appendix A. Section 3 introduces the proposed h-CCODE
algorithm and explains the hybridization mechanism with differential evolution. Section
4 evaluates the optimization performance of the proposed method using benchmark test
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functions. Section 5 describes the vehicle cruise control system and formulates the control
problem. Section 6 presents simulation results, comparative analyses, and robustness
evaluations. Finally, Section 7 concludes the paper and outlines possible directions for
future work.

2. Centered Collision Optimizer

The centered collision optimizer (CCO) is a population-based metaheuristic
algorithm that draws inspiration from the physical laws governing particle collisions. In
classical mechanics, the interaction between colliding bodies is governed by the
conservation of momentum and the exchange of kinetic energy during impact. By
interpreting candidate solutions as colliding particles within a multidimensional search
domain, CCO models the optimization process through collision-driven interactions that
guide the population toward regions of improved objective values [35]. Within this
framework, each candidate solution is represented as a particle characterized by its
position and motion within the search space. During the iterative optimization process,
particles interact through collision-inspired operators that mimic different physical
collision behaviors, such as elastic and partially elastic interactions. These interactions
alter the movement patterns of the particles, enabling the algorithm to explore unexplored
regions of the search domain while gradually refining promising candidate solutions.

A distinctive feature of CCO is the centered collision mechanism, which regulates the
interaction dynamics among particles. Instead of relying solely on random pairwise
interactions, the algorithm employs a centered collision mechanism to regulate the
interaction dynamics among candidate solutions. By directing particle movements
relative to this reference structure, the search process is guided toward more promising
areas of the solution space while preserving population diversity. This mechanism
contributes to maintaining an effective balance between global exploration and local
exploitation throughout the optimization procedure. In addition, CCO incorporates a
transformation between the original search space and a decorrelated representation of the
variables. This transformation reduces the dependency among decision variables and
improves the ability of the algorithm to explore complex search landscapes. Through the
allocation of candidate solutions within this transformed space, the algorithm can more
effectively distribute particles across the search domain and enhance the stability of the
optimization process. The detailed mathematical formulation of the CCO algorithm,
including the collision dynamics and transformation procedures, is provided in Appendix
A for completeness.

3. Proposed Hybrid Centered Collision Optimizer with
Differential Evolution

3.1. Differential Evolution Mechanism

Differential evolution (DE) is a population-based evolutionary optimization method
that generates new candidate solutions through mutation, crossover, and selection
operators. In the proposed hybrid framework, the classical DE operators are employed
after the collision-based update stage of CCO to improve population diversity and

strengthen the local refinement capability of the search process.
® . ®

Mutation: Let x.”, x.° and xg) denote three mutually distinct individuals
randomly selected from the current population at iteration t, where r; # 1, # 13 #i.In

the classical DE mutation strategy, the mutant vector (vi(t)) is generated as:

vl.(t) = xff) +F (xg) - x(t)) 1)

3
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where F € (0,2) is the mutation scaling factor that controls the amplification of the
differential variation. Instead of assigning a fixed value to this parameter, the scaling
factor is treated in this study as a stochastic quantity generated as F = 2 X rand(0,1),
where rand(0,1) denotes a uniformly distributed random number that is regenerated for
every mutation operation. The amplification of the differential term therefore varies from
one individual to another and from one iteration to the next, rather than remaining fixed
at a single point of the admissible interval.

® _ [,® ,® ®

= |u u is constructed by combining

Crossover: The trial vector u i1 Wizr oo W pim

the target vector xi(t) and the mutant vector vi(t) according to the binomial crossover
rule (CR):
t . L
L0 vi(_j), ifrand; < CR o7 j = jrana @
v x otherwise

ij’
where CR € [0,1] is the crossover rate, rand; is a uniformly distributed random
number in [0,1] and jrqnq is a randomly selected dimension index to ensure that at
least one component is inherited from the mutant vector. Throughout the present work
the crossover rate is kept constant at CR = 0.2, so that the trial vector predominantly
retains the components of the target solution obtained from the collision-based update,
while a limited number of coordinates are replaced by the mutant components. The
sensitivity of h-CCODE to this setting was examined on the cruise control tuning problem
for CR € {0.1, 0.2, 0.5} (Supplementary Material). Over this range the mean tuning cost
varied by less than 0.3%, the lowest mean being obtained for CR = 0.2, and it remained
well below the values obtained by the other algorithms considered. A low crossover rate
in the range 0.1-0.2 is therefore recommended, with CR = 0.2 as the default value.
Selection: Following the crossover stage, the trial vector is evaluated using the
objective function. A greedy selection mechanism is then applied to determine the
individual that survives to the next iteration:
(t+1) _ ui(t), if f (ui(t)) <f (xi(t))

X
14 xi(t)

®)
, otherwise

where f(-) denotes the objective function. This selection strategy ensures that the
solution quality does not deteriorate from one iteration to the next. In the proposed h-
CCODE framework, these DE operators are not used as a standalone optimizer. Instead,
they are incorporated as a refinement mechanism following the collision-based update
stage of CCO. In this way, the exploration capability induced by the collision dynamics is
complemented by the variation and recombination ability of DE, leading to a more

effective search process.

3.2. Hybridization Strategy of the Proposed H-CCODE

Although the CCO provides an effective population-based search mechanism
through collision-inspired interactions among candidate solutions, its performance can
still be influenced by the balance between exploration and exploitation during the
optimization process. In complex search landscapes, maintaining sufficient population
diversity while achieving stable convergence remains a common challenge for many
metaheuristic algorithms. For this reason, hybridization strategies that incorporate
complementary search operators have increasingly attracted attention in recent
optimization studies [38].

Among these strategies, the integration of differential evolution (DE) operators into
existing population-based algorithms has shown promising improvements in global
optimization performance. The mutation and crossover operators of DE are known for
their ability to generate diverse trial solutions by combining information from multiple
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population members. Several recent studies have demonstrated that incorporating DE
mechanisms into other optimizers can significantly improve exploration capability and
solution refinement. For example, the integration of DE into the gazelle optimizer has been
reported to enhance convergence behavior in engineering optimization tasks [29]. Similar
hybridization strategies have also been proposed for coati optimization [30] and crayfish
optimization [31], where DE mutation and crossover operators were employed to
strengthen the search capability of the original algorithms. More recently, DE-assisted
hybrid frameworks have been successfully applied to nonlinear process control and
chaotic system identification problems, further demonstrating the effectiveness of such
hybrid optimization strategies [32,33].

Motivated by these observations, this study proposes a hybrid optimization
framework in which the collision-based search dynamics of CCO are combined with the
evolutionary variation operators of differential evolution. The objective of this
hybridization is to enhance the diversity of candidate solutions and improve the
refinement capability of the search process while preserving the fundamental structure of
the original CCO algorithm.

In the proposed hybrid centered collision optimizer with differential evolution (h-
CCODE), the search process begins with the standard CCO update mechanism described

in Section 2. Let x{ denote the position of the i-th candidate solution at iteration t. After
t,cCO
i

obtained. To further enhance the search capability, DE-based evolutionary operators are

the collision-based interaction stage of CCO, an intermediate candidate solution x is
subsequently applied to generate a trial solution xit P In general form, this hybrid
update can be expressed as:

X =

{xl?,DE’ lf f(xf,DE) <f(x;5,CCO)

xf‘cw, otherwise @
where f(+) represents the objective function. Through this mechanism, the DE operators
generate alternative candidate solutions based on the current population, and a greedy
selection strategy retains the better solution for the next iteration.

It should be emphasized that the proposed hybridization does not alter the
fundamental collision dynamics of the original CCO algorithm. Instead, the mutation and
crossover operators of differential evolution are incorporated as an additional refinement
stage following the CCO update. This design allows the algorithm to preserve the
exploration capability provided by the collision-driven search mechanism while
benefiting from the variation and recombination operators of DE.

The compensation expected from the DE operators is not a generic gain in diversity
but follows from three properties that are complementary to the way candidate solutions
are displaced in CCO. First, the collision-based update is reference-directed, in the sense
that particle movements are organized relative to the centered collision structure
described in Section 2, so that the resulting displacements become increasingly aligned as
the population contracts around a common region. The mutation operator of Equation (1),
by contrast, constructs its search direction from the difference between two randomly
selected members of the population and is therefore independent of any reference point,
which allows perturbations to be generated along directions that the collision mechanism
can no longer produce once the population has concentrated. Second, the magnitude of
this perturbation is proportional to the current dispersion of the population rather than
being prescribed a priori, so the differential term is self-scaling: it remains large while the
population is spread and contracts automatically as the search settles, and the stochastic
factor F = 2 X rand(0,1) prevents this contraction from becoming absolute by admitting
occasional steps of up to twice the sampled difference. This property acts directly on the
stagnation mode identified above, in which the baseline algorithm loses the ability to
escape a basin once its population has collapsed into it. Third, the binomial crossover of
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Equation (2) recombines the target and mutant vectors coordinate by coordinate, whereas
the collision update displaces each candidate as a whole; partial recombination therefore
produces solutions that are not reachable by the collision dynamics alone and
complements, at the level of individual variables, the decorrelation transformation that
CCO applies at the level of the representation. The greedy selection of Equation (3)
completes this arrangement by ensuring that none of the additional variation can degrade
the population, since a trial solution replaces its parent only upon improvement, which is
the mechanism that allows the baseline behavior to be preserved on the functions where
CCO already attains the optimum.

The distinction between the present framework and existing DE-assisted hybrids,
such as those built on the gazelle [29], coati [30], and crayfish [31] optimizers, should also
be made explicit, since the combination of DE with a population-based optimizer is by
itself an established practice. Three aspects differentiate the scheme proposed here. The
first concerns the structure of the base algorithm: CCO maintains two representations of
the population simultaneously, an original and a decorrelated one, with an allocation ratio
that evolves during the run, and the DE stage is deliberately positioned after the
decorrelated-space individuals have been mapped back, so that the differential operators
act on a population carrying information from both representations. Such a configuration
does not arise in the single-representation frameworks of [29-31], where the DE stage
necessarily operates on the same representation that produced the candidates. The second
concerns the strength assigned to the DE component. Rather than introducing a full
differential evolution search alongside the base optimizer, the operators are configured as
a weak refinement through the low crossover rate discussed in Section 3.1, so that the
collision dynamics remain the primary search driver and the hybrid does not degenerate
into a DE variant in which the base algorithm plays a secondary role. The benchmark
results support this design, as the baseline performance is reproduced exactly on the
functions where CCO already converges to the optimum. The third concerns the
motivation itself: the modification reported here was introduced in response to
deficiencies that are identified and quantified for this particular base algorithm in Section
4, and is accompanied by an application to controller tuning, a problem class to which
neither CCO nor any DE-enhanced form of it had previously been applied. The novelty
claimed in this study is accordingly that of a targeted and empirically justified structural
enhancement together with its control-oriented validation, and not that of a new search
paradigm.

The classical mutation and crossover operators of differential evolution employed in
this work follow the standard DE formulation introduced in Section 3.1, namely Equations
(1)-(3), and no additional operator is introduced within the hybrid scheme. For clarity and
reproducibility of the proposed method, the complete algorithmic procedure of the hybrid
optimizer is summarized in Algorithm 1.

Algorithm 1. Pseudo-code of h-CCODE.

Require: Population size P, lower and upper bounds x; and x,, problem dimension Dim,
maximum iteration number T,,,,, mutation factor F, crossover rate CR,

initial values of kp,s and kpps setto 0.5.

Ensure: Best solution x.,; and its fitness Fpg;-

Initialize the population x within the search bounds.

Evaluate the fitness of all individuals.
Determine the best solution x,,,; and its fitness Fj,;.

Set t =1.
while t < Ty, do

Sort the population according to fitness values.
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Update xpese and Fpeg.

Evolve a subset of individuals in the original space using the centered collision-based update mechanism
strategy.

Transform another subset into the decorrelated space and update them based on the decorrelation
transformation.

Map the updated decorrelated-space individuals back to the original space.

Apply DE mutation to generate mutant vectors for each individual.

Apply DE crossover to generate trial vectors.

Evaluate the trial vectors.

Perform greedy selection for each individual between the current solution and the corresponding trial solution.

Update the allocation ratios of the original and decorrelated spaces.

Check and correct boundary violations.

Re-evaluate the population if required.

Update xpese and Fpeg.

Set t =t+ 1.
end while

Return xp.s; and Feg;.

4. Benchmark Evaluation on the CEC2022 Test Suite

To further evaluate the performance of the proposed h-CCODE, additional
experiments were carried out using the CEC2022 single-objective bound-constrained
benchmark functions [39]. This benchmark suite is widely used for assessing
metaheuristic optimization algorithms due to its diverse structure and varying levels of
difficulty. It consists of 12 minimization problems, including unimodal, multimodal,
hybrid, and composition functions, which enable a comprehensive evaluation of both
exploration and exploitation capabilities under different landscape characteristics. In all
experiments, the search domain was defined as [—100,100]°, and the benchmark
functions were handled in accordance with standard evaluation procedures. A summary
of the adopted test functions is presented in Table 1.

Table 1. Summary of IEEE CEC2022 benchmarks functions.

1D Function Type D [min
F1 Unimodal 10 300
F2 10 400
EZ Multimodal 18 288
F5 10 900
F6 10 1800
F7 Hybrid 10 2000
F8 10 2200
F9 10 2300
F10 Composition 10 2200
F11 10 2600
F12 10 2700

Search range: [—100,100]°

In order to ensure a fair comparison, the original CCO and the proposed h-CCODE
were tested under identical experimental conditions. For both algorithms the population
size was set to 50 and the search was terminated after a maximum of 1000 iterations, which
corresponds to a budget of 50,000 function evaluations per run and is consistent with the
stopping criteria commonly adopted for this benchmark suite. The DE stage of h-CCODE
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was operated with the parameter setting introduced in Section 3.1, thatis, CR = 0.2 and
F =2 xrand(0,1). Each algorithm was executed over 30 independent runs on every test
function, and all reported statistical indicators, namely the mean, standard deviation, best,
and worst objective values, were computed from these 30 runs. In addition to these
descriptive measures, the Wilcoxon signed-rank test was applied at a significance level of
0.05 in order to establish whether the observed differences between the two algorithms
are statistically meaningful rather than a consequence of the stochastic nature of the search.

It should be noted that the comparison presented in this section is focused on the
original CCO, since the question addressed here is the extent to which the DE-based
refinement stage modifies the behavior of the baseline optimizer, and this effect can only
be isolated through a direct comparison under identical conditions. The baseline
algorithm itself has been benchmarked extensively in its foundational study [34], where
its superiority over a broad set of classical and parameter-free metaheuristics, including
particle swarm optimization (PSO) [40] and the grey wolf optimizer (GWO) [41], was
established. In order to position h-CCODE also with respect to other optimizers, the
CEC2022 experiment was repeated under the settings described above with PSO and
GWO as well-established metaheuristics and with the mountain gazelle optimizer (MGO)
[42] and quadratic interpolation optimization (QIO) [43] as recent algorithms that require
no algorithm-specific parameters. The results are reported in Section 5.1.2 and Table S2 of
the Supplementary Material. h-CCODE attains the lowest mean value on all twelve
functions, the result being shared with CCO, and in two cases also with MGO, on the
functions where several algorithms reach the optimum, and it obtains the best average
rank (1.25), followed by CCO (2.08), QIO (3.54), MGO (3.58), PSO (4.92), and GWO (5.62).
The second position of CCO in this ranking is consistent with the comparisons reported
in [34].

The numerical results obtained from the benchmark experiments are reported in
Table 2. As can be seen from the table, both algorithms yield identical or nearly identical
results for relatively simple functions such as F1, F3, and F5, where the obtained objective
values coincide with the known optimum values. This observation suggests that the
incorporation of DE operators does not degrade the baseline performance of the original
CCO in simpler search landscapes.

Table 2. Comparison results of h-CCODE and CCO.

ID Algorithm Mean SD Best Worst
1l h-CCODE 3.0000 = 102 0 3.0000 x 102 3.0000 = 102
CCoO 3.0000 = 102 0 3.0000 x 102 3.0000 = 102
0 h-CCODE 4.0000 x 102 0 4.0000 x 102 4.0000 = 102
CCoO 4.0254 x 102 3.3391 4.0000 x 102 4.0892 = 102
3 h-CCODE 6.0000 = 102 0 6.0000 x 102 6.0000 x 102
CCo 6.0000 x 102 9.7469 x 10 6.0000 x 102 6.0000 x 102
4 h-CCODE 8.0418 = 102 1.2231 8.0199 x 102 8.0497 x 102
CCoO 8.0665 = 102 2.6901 8.0298 x 102 8.1293 x 102
F5 h-CCODE 9.0000 = 102 0 9.0000 x 102 9.0000 = 102
CCo 9.0000 x 102 6.1398 x 104 9.0000 x 102 9.0000 x 102
6 h-CCODE 1.8001 x 103 4.4458 x 102 1.8000 x 10°  1.8001 x 10°
CCoO 1.8005 x 10°  6.8406 x 10*  1.8000 x 10°  1.8021 x 10°
B h-CCODE 2.0001 x 10> 2.6314 x10*  2.0000 x 10°  2.0006 x 10°
CCo 2.0034 x 10° 6.5760 2.0000 x 103 2.0220 x 10°
8 h-CCODE 2.2046 x 103 8.0585 2.2000 x 103 2.2208 x 103
CCo 2.2106 x 10° 9.7237 22005 x 103 22213 x 10°
F9 h-CCODE 2.5293 x10°  9.2825x 10  2.5293 x10°  2.5293 x 10°
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CCO 2.5293 x 10 8.4057 x 1013 2.5293 x 103 2.5293 x 103
F10 h-CCODE 2.4044 = 103 2.0020 =< 10 2.4000 = 103 2.5004 x 103
CCO 2.5045 x 103 2.1328 x 10 2.5002 = 103 2.6069 x 103
F11 h-CCODE 2.6000 x10®  1.3127 x 1013 2.6000 x 103 2.6000 = 103
CCO 2.6060 x 103 3.0085 = 10 2.6000 = 103 2.7504 = 103
F12 h-CCODE 2.8630 = 103 1.5878 2.8588 x 103 2.8640 = 103
CCO 2.8648 x10° 51810 x 10"  2.8627 x 103 2.8650 x 103

More noticeable differences can be observed in functions with higher complexity,
particularly those involving multimodal, hybrid, and composition structures. In these
cases, h-CCODE generally achieves lower mean objective values compared to CCO,
indicating an improved capability to avoid local optima. In addition, the standard
deviation values are often smaller, suggesting a more stable search behavior across
independent runs. The improvement is especially evident in functions such as F2, F4, F6,
F7, F10, and F11, where h-CCODE provides better average performance than the original
algorithm. For example, in F10 and F11, the difference in mean values is more pronounced,
reflecting the contribution of the DE-based mutation and crossover operators to the global
search process. Although the improvements obtained for some functions, such as F8 and
F12, are smaller in magnitude, the overall tendency still favors the proposed method.

Furthermore, for functions such as F9, both algorithms yield nearly identical results,
indicating that the hybrid structure preserves the original behavior of CCO when the
problem does not strongly challenge the search process. This balance between
maintaining baseline performance and improving results on more complex functions
demonstrates the effectiveness of the proposed hybrid approach.

Read together with the best and worst values of Table 2, these results also identify
the conditions under which the baseline algorithm is deficient, and the two forms this
takes are distinct. On F2, F7, and F11 the original CCO reaches the known optimum in its
best run yet fails to do so consistently, the worst results over the 30 runs deteriorating to
408.92, 2022.0, and 2750.4 against optimum values of 400, 2000, and 2600, respectively; the
global basin is therefore located but not retained, which is the signature of a population
that collapses prematurely in a subset of the runs. The corresponding standard deviations
of 3.34, 6.58, and 30.09 quantify the severity of this inconsistency, and all three are reduced
to zero or to the order of numerical precision by the proposed hybrid. On F10 the difficulty
is of a different nature, since the best value attained by CCO in any of the 30 runs is 2500.24
while the optimum lies at 2400; the population settles in an inferior basin in every run, so
that the failure is one of exploration rather than of convergence, and h-CCODE reaches
2400.00 in its best run and reduces the mean error above the optimum from 104.50 to 4.40.
Expressed in the same terms, the mean error is reduced by 97.1% on F7, 95.8% on F10,
80.0% on F6, and 56.6% on F8, and is eliminated entirely on F2 and F11. Equally relevant
is where no deficiency exists: on the unimodal function F1 and on E3, F5, and F9 both
algorithms converge to the same values, so the added operators neither improve nor
disturb a search that is already adequate. The advantage obtained by hybridization is thus
confined to rugged and multi-basin landscapes, which is consistent with the mechanisms
set out in Section 3.2, and it is obtained predominantly through improved consistency
across runs rather than through a higher peak solution quality. For completeness it should
be noted that F12 constitutes the single exception to this pattern, the mean being improved
while the standard deviation increases from 0.52 to 1.59, which indicates that the
additional variation is not uniformly beneficial on every composition landscape.

These observations are supported by the outcome of the Wilcoxon signed-rank test
carried out over the 30 independent runs. For F1, F3, F5, and F9 the two algorithms
converged to identical or practically identical objective values, so that the test returns no
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significant difference and the corresponding performances must be regarded as
statistically equivalent. For the remaining eight functions, that is F2, F4, F6, F7, F8, F10,
F11, and F12, the computed p-values fall below the 0.05 significance level, with most of
them below 0.01, which confirms that the improvement attained by h-CCODE on the more
demanding landscapes is statistically significant and not attributable to random variation
between runs.

5. Real-World Engineering Application: Vehicle Cruise Control
5.1. Mathematical Modeling of Test System

The proposed control approach is assessed on a vehicle cruise control system, which
is frequently used as a benchmark example in control studies due to its nonlinear
longitudinal dynamics and practical relevance. The objective of the cruise control system
is to regulate the vehicle speed by adjusting the throttle input in response to a reference
velocity. The longitudinal dynamics of the vehicle are affected by aerodynamic resistance,
road slope, actuator dynamics, and external disturbances. A schematic representation of
the nonlinear cruise control system is shown in Figure 1.

F dmax

\ 4

Y

1
M

F dmin

6 —» Mgsinf

C,(v+ vw)z v,

Figure 1. Nonlinear vehicle cruise control model with actuator, aerodynamic drag, and road-slope

effects.

The longitudinal motion of the vehicle can be described based on Newton’s second
law as follows:
dv
dt
where F; denotes the driving force generated by the actuator, F, represents the
aerodynamic drag force, and F; is the gravitational force due to road inclination. The

Fp=M——+F, +F ®)

aerodynamic drag is modeled as a quadratic function of the relative velocity, and the
climbing resistance is expressed as:

F, =C,(v+w,)? F,=Mgsin6 (6)

where C, is the aerodynamic drag coefficient, v is the vehicle velocity, 1, denotes
wind disturbance, M is the vehicle mass, and 8 is the road slope. The actuator dynamics
of the cruise control system are typically modeled as a first-order system with a time delay,
given by:

C e—‘L’S
;s+1 u(s)a Fd min < Fd < Fd max (7)

Fy(s) =
where u is the control input, C; is the actuator gain, T is the time constant, and 7

represents the time delay. By combining the above relationships, the nonlinear dynamic
model of the system can be expressed in state form as:

D= %(Fd _ Ca.UZ)’ Fd = % (Clu(t - T) - Fd) (8)

It should be noted that the road-slope and wind terms of Equation (6) do not appear
in Equation (8), which describes the vehicle travelling on a level road in still air. These two
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quantities are not part of the model used for controller synthesis; they are treated as
external disturbances acting on the closed loop. For controller design, the nonlinear
system is linearized around a nominal operating point vy . Considering small
perturbations around this equilibrium, the linearized model can be written as:

. 2C, 1 . 1 C
5v=—T”°5v+M5Fd, §Fy = == 8Fg +2-6u(t — 1) 9)

The linearization in Equation (9) is performed about the steady state at which the
driving force balances the aerodynamic resistance, the quadratic drag term being replaced
by its first-order expansion about v,, which gives rise to the coefficient 2C,vy/M.
Applying the Laplace transform to Equation (9) with zero initial conditions yields two
first-order transfer functions connected in series. Their product gives the plant from
throttle input to speed deviation. To obtain a rational model suitable for simulation-based
tuning, the delay is replaced by the first-order lag which is adequate over the frequency
range of interest because the closed-loop bandwidth reported in Section 6.5 lies below the
corner frequency 1/t = 5rad/s. The plant then assumes the third-order form of Equation
(10). For the benchmark model adopted in previous studies [1], these expressions give the
open-loop transfer function:

ag 2.4767

G = =
p(9) (s—51)(s—52)(s—s3) (s+0.0476)(s+ 1)(s+5)
This transfer function captures the main dynamic characteristics of the cruise control

(10)

system and has been used as a benchmark plant model in a number of cruise control
studies.

5.2. Closed-Loop Structure and PID Controller Design

In order to regulate the vehicle speed and track the desired reference signal, a closed-
loop control structure is adopted. Based on the linearized plant model derived in Section
5.1, a feedback control framework is constructed. The overall closed-loop configuration of
the cruise control system, including external disturbances and measurement noise, is
illustrated in Figure 2.

External
disturbance
Controller Plant
o K - o AV (s)
PSR T (s = 51) (s — 5)(s — 53) >
M
\T/‘
Measurement

noise

Figure 2. Closed-loop PID-based vehicle cruise control system with external disturbance and

measurement noise.

In this structure, the reference velocity signal is compared with the measured vehicle
speed to generate the tracking error. This error is then processed by the controller to
produce the control input u(t), which drives the actuator. The plant dynamics are
influenced not only by the control input but also by external disturbances, such as wind
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effects and road conditions. In addition, measurement noise is considered in the feedback
path to provide a more realistic representation of practical operating conditions. In this
study, PID controller is employed due to its simplicity, robustness, and widespread use
in industrial control applications. The controller is defined in the Laplace domain as:

K,
C(S) = KP +?I+KDS (11)

where Kp, K; and Kp denote the proportional, integral, and derivative gains,
respectively. The proportional term provides an immediate response to the tracking error,
the integral term eliminates steady-state error, and the derivative term improves the
transient response by anticipating system behavior. Although PI-based structures have
been considered in several cruise control studies, a PID controller is adopted here to
provide additional flexibility in shaping the transient response. The closed-loop system
shown in Figure 2 allows the evaluation of the controller performance under realistic
conditions, where both disturbance inputs and measurement noise are present. This
framework forms the basis for the optimization process described in the following section,
in which the controller parameters are tuned using the proposed h-CCODE algorithm.

5.3. Optimization Problem Formulation

In order to achieve an effective speed regulation performance, the tuning of the PID
controller parameters is formulated as an optimization problem. The objective is to
determine the optimal values of Kp, K; and Kp such that the closed-loop system
exhibits a desirable transient and steady-state response. To this end, a composite
performance index is defined by combining several time-domain specifications. The
proposed cost function considers the percent overshoot, settling time, and the integral of
absolute error, and is expressed as:

tr
Cost = 0y X Pos + 05 X tger + (1 — 01 — 65) X f le(t)|dt (12)
0

where p,s; represents the percent overshoot, tg,, denotes the settling time defined
within a +2% tolerance band, and e(t) is the tracking error between the reference and
actual vehicle speed. The final time of simulation is selected as t; = 5 s. The weighting
factors are chosenas 6; = 0.1 and 8, = 0.4, which provide a balanced trade-off between
transient response and steady-state performance. In this formulation, the integral of
absolute error contributes significantly to the cost function, ensuring accurate tracking
over the entire simulation horizon, while the inclusion of overshoot and settling time helps
to control undesirable transient characteristics.

It should be noted that the quantities combined in Equation (12) are evaluated within
a normalized framework, which removes the scaling conflict that would otherwise arise
between terms expressed in different physical units. The simulated responses reflect these
normalized dynamics. Absolute physical values are recovered by rescaling the
normalized outputs with the corresponding nominal operating values, for instance, a
reference speed of 30 km/h. The weighting factors were likewise not selected arbitrarily;
they were established through preliminary closed-loop response analyses in which the
relative contribution of each term was varied until an acceptable compromise between
transient behavior and steady-state accuracy was obtained, the retained values being
those that produced the most balanced response in terms of overshoot, settling time, and
tracking error simultaneously.

The optimization problem is subject to practical bounds on the controller parameters,
defined as: 1< Kp <5, 0.1 <K; <0.5 and 1 < K}, < 8. These bounds are selected to
restrict the search space to practically reasonable controller values. In this study, the
optimal PID parameters are obtained by minimizing the defined cost function using the
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proposed h-CCODE algorithm. The optimization process is carried out on the closed-loop
system described in Section 5.2, where the influence of disturbances and measurement
noise is also taken into account.

6. Simulation Results and Performance Evaluation

The performance of the proposed h-CCODE-based PID controller is evaluated through
a series of simulation studies carried out in MATLAB/Simulink R2023b under identical
conditions. The assessment is conducted from multiple perspectives, including optimization
performance, closed-loop time-domain behavior, disturbance rejection capability, and
robustness analysis. Unless otherwise stated, all closed-loop simulations were performed with
the fixed-step ode4 (Runge—Kutta) solver using a fundamental step size of 0.001 s and a total
simulation duration of 15 s, whereas the cost function in Equation (12) is accumulated over
the horizon t; specified in Section 5.3. In addition to the comparison with the original CCO
algorithm, the proposed approach is also evaluated against several methods reported in the
literature, including classical, popular, and recently developed optimization techniques such
as GA [18], ALO[19], ASO [20], RSALF [21], AOA-NM [23], and SMA [24]. These comparisons
provide a broader perspective on the effectiveness of the proposed method. In addition, a
controlled comparison in which PSO, GWO, MGO, and QIO are applied to the same tuning
problem under conditions identical to those of h-CCODE and CCO is reported in Section 5.1.3
of the Supplementary Material and summarized in Section 6.1.

6.1. Optimization Performance Analysis

To evaluate the effectiveness of the proposed optimization strategy, both h-CCODE and
the original CCO algorithm were executed over 30 independent runs with a population size
of 20 and a stopping criterion defined by a maximum of 50 iterations, corresponding to 1000
function evaluations per run. The DE stage was operated with the same parameter setting
used in the benchmark experiments. All statistical indicators reported below were obtained
from these 30 independent runs. The convergence behavior of the algorithms is illustrated in
Figure 3. As can be observed, both algorithms show a rapid decrease in the cost function
during the initial iterations. However, h-CCODE reaches lower cost values more quickly and
maintains a more stable convergence trend compared to CCO. This behavior suggests that the
integration of DE operators improves both the exploration capability and convergence
stability of the original algorithm.

1.4

—=— h-CCODE

1.3}

1.2

1.1
1

0.9

Cost function

0.8

0.7

06 L L L L
0 10 20 30 40 50

Iteration

Figure 3. Convergence curves of the cost function for h-CCODE and CCO.
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The statistical results of the cost function are presented in Table 3. It is evident that h-
CCODE achieves a lower mean cost value than CCO, indicating improved overall solution
quality. In addition, the standard deviation obtained by h-CCODE is smaller, which reflects a
more consistent performance across independent runs. The best and worst values further
support this observation, showing that the proposed method produces more reliable
optimization outcomes. In order to verify that the difference observed between the two
algorithms is statistically meaningful, the Wilcoxon signed-rank test was applied to the cost
values obtained from the 30 independent runs. The test yielded a p-value of 1.7344 x 107,
which is well below the significance level of 0.05 and therefore rejects the null hypothesis of
equal performance. The reduction in the cost function achieved by h-CCODE can thus be
attributed to the DE-based refinement stage rather than to the stochastic dispersion of the
individual runs. The same tuning problem was also solved with PSO, GWO, MGO, and QIO,
using the population size, iteration budget, cost function, parameter bounds, and number of
independent runs given above (Supplementary Material, Section S.1.3 and Table S3). The
mean cost of h-CCODE is lower by 5.5-7.0% than those of these four algorithms, its standard
deviation is the smallest among the six algorithms considered, and its worst result over the 30
runs (0.6703) is lower than the best results obtained by PSO, GWO, and MGO. In terms of
convergence rate (Supplementary Material, Figure S1 and Table S4), h-CCODE reaches a cost
of 0.70 or lower at the 8th iteration, whereas the other five algorithms require between 13 (CCO)
and 34 (GWO) iterations, and by the 11th iteration it attains a cost lower than the final values
reached by PSO, GWO, MGO, and QIO after 50 iterations.

Table 3. Statistical results of the cost function.

Algorithm Mean SD Best Worst
h-CCODE 0.6531 0.0095 0.6375 0.6703
CCO 0.6809 0.0133 0.6625 0.7101

6.2. Closed-Loop Time-Domain Performance

The closed-loop performance of the cruise control system is evaluated in terms of time-
domain response characteristics. The step response of the system for both h-CCODE and
CCO-based PID controllers is shown in Figure 4. As observed from the figure, both controllers
are capable of tracking the reference signal. However, the response obtained using h-CCODE
exhibits a slightly faster rise and a reduced overshoot compared to the CCO-based controller.
In addition, the settling behavior is smoother, indicating an improved transient response.

1.2

1 e ————
g‘
é 08} —— h-CCODE |
= — — CCO
qg’, — —— Reference
S 0.6 R
3}
2
8 04f |
)
>

0.2} R

0 L L L L

0 1 2 3 4 5

Time [s]
Figure 4. Closed-loop step responses of the cruise control system using h-CCODE and CCO.
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The quantitative performance metrics are summarized in Table 4, including rise time,
settling time, and percent overshoot. The results show that the h-CCODE-based controller
achieves lower settling time and significantly reduced overshoot compared to CCO, while
maintaining comparable rise time.

The corresponding optimal PID parameters obtained by both algorithms are listed in
Table 5. It can be observed that the parameter set generated by h-CCODE leads to
improved time-domain performance, which is consistent with the observed response
characteristics.

Table 4. Time-domain performance metrics (rise time, settling time, and overshoot).

Algorithm trise sl toer [s] Pos [%]
h-CCODE 0.6419 0.9968 0.0629
CCO 0.6532 1.0232 0.1810

Table 5. Optimal PID parameters obtained by h-CCODE and CCO.

Algorithm Kp K, K,
h-CCODE 4.4707 0.2355 5.2404
CCO 4.3896 0.2453 5.1693

6.3. Comparative Evaluation with Existing Methods

To further assess the effectiveness of the proposed h-CCODE-based PID controller, a
comparative analysis is conducted against several optimization-based control methods
reported in the literature. These include both classical and recently developed approaches
such as GA, ALO, ASO, RSALF, AOA-NM, and SMA. The closed-loop responses obtained
using different optimization methods are illustrated in Figure 5. It should be clarified that
the controller gains of the compared methods, listed in Table 6, are those reported in the
corresponding studies, whereas all closed-loop evaluations presented in this section were
carried out in the present work under identical conditions. Each gain set was implemented
on the same plant model of Equation (10), for which these designs were originally
developed, and was simulated with the same reference input, solver settings, and
simulation horizon described at the beginning of Section 6; the disturbance and noise
signals of Section 6.4 were likewise applied unchanged to every controller, and all
performance measures were computed through a common procedure. The comparison is
therefore one between final controller designs assessed under a single set of conditions,
rather than between optimization runs. This arrangement was preferred to re-
implementing the competing algorithms for two reasons. First, the published gain sets
represent the designs regarded as best by the respective authors under their own
algorithm settings, so that each method is represented by its reported outcome rather than
by an implementation and parameterization chosen in this study, which would introduce
a source of bias outside the control of the original authors.

Second, a controlled comparison between optimizers under identical population size,
iteration budget, cost function, and number of runs is provided separately, both for the
pair in which the effect of the proposed modification can be isolated and tested statistically,
namely h-CCODE and the original CCO (Sections 4 and 6.1), and for PSO, GWO, MGO,
and QIO, which were applied to the present tuning problem under the same conditions
(Supplementary Material, Section S.1.3). This controlled comparison is needed because
several of the earlier methods in Table 6, GA in particular, are known to return suboptimal
solutions on problems of this kind, which is consistent with the GA-based design
exhibiting the slowest response and the largest overshoot in Table 7. The literature designs
are therefore retained as reference points for the controller quality reported for this
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benchmark plant, rather than as the sole basis for assessing the optimizer. It may further
be noted that all gains in Table 6 lie within the parameter bounds defined in Section 5.3,
so the advantage of the h-CCODE design does not stem from access to a region of the
parameter space unavailable to the other designs, and that the assessment is not confined
to the criteria entering Equation (12): the ISE, ITAE, and ITSE indices of Table 8 play no
part in the cost function, and on ITAE the RSALF-based design slightly outperforms the
proposed one. In terms of the individual experimental conditions, the plant, reference
input, disturbance and noise signals, simulation time and solver, and performance
measures are therefore common to all methods, whereas the parameter bounds and
objective function belong to the design stage of each method and are those adopted in the
original studies.

1.1
L e T
< 08} ]
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< 3
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0 1 2 3 4 5

Time [s]

Figure 5. Closed-loop responses of the proposed method and existing optimization-based

controllers.

As can be observed from the figure, all methods track the reference signal without
sustained oscillation, which is consistent with the well-damped dominant closed-loop
poles of all designs, whose damping ratios lie between 0.70 and 0.88. The differences
between the responses therefore lie mainly in their speed and in the size of the overshoot
rather than in their oscillatory character. The h-CCODE-based controller produces the
fastest transition, with a closed-loop bandwidth of about 3.48 rad/s against 2.27-3.20 rad/s
for the designs taken from the literature, and it combines this speed with the smallest
overshoot of all methods (Table 7). Among the literature designs, the RSALF-based
controller comes closest in bandwidth (about 3.20 rad/s), yet its overshoot of 0.36% is more
than five times that of the proposed design, while the GA-based response is the slowest
and at the same time exhibits the largest overshoot, 1.15%, before settling.

The corresponding PID parameters obtained by each optimization method are listed
in Table 6. It can be seen that different algorithms produce varying parameter
combinations, which directly influence the dynamic response of the system.

Table 6. PID parameters obtained by different optimization methods.

Algorithm Kp K, K,
GA 3.5907 0.1630 3.3021
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ALO 3.8580 0.2089 3.8581
ASO 3.6629 0.1520 3.5233
RSALF 4.3714 0.1972 4.7421
AOA-NM 3.9840 0.1798 3.9976
SMA 3.7448 0.2098 3.7227

To provide a quantitative comparison, the time-domain performance metrics are
summarized in Table 7, including rise time, settling time, and percent overshoot. From
Table 7, it is evident that the proposed h-CCODE-based controller achieves the lowest rise
time, settling time, and overshoot among the compared methods. These results indicate
that the proposed approach provides the most favorable overall transient response.
Although several methods exhibit acceptable tracking behavior, the h-CCODE-based
design offers a more balanced and improved closed-loop performance.

Table 7. Time-domain performance comparison of different optimization methods.

Algorithm tyise Isl toer [s] Pos [%l]
h-CCODE 0.6419 0.9968 0.0629
GA 0.9392 1.4558 1.1456
ALO 0.8334 1.3092 0.4794
ASO 0.9040 1.4306 0.3677
RSALF 0.6922 1.0721 0.3553
AOA-NM 0.8036 1.2572 0.4147
SMA 0.8648 1.3664 0.4735

Table 8. Performance indices under disturbance conditions (IAE, ISE, ITAE, ITSE).

ty ty t ty
Algorithm JAE = f le(t)|dt ISE = f e?(t)dt ITAE = f tle(t)|dt ITSE = f te?(t)dt
0 0 0 0
h-CCODE 0.6672 0.3182 1.7293 0.1897
GA [18] 0.8784 0.4291 2.2627 0.2974
ALO [19] 0.7979 0.3883 2.1269 0.2562
ASO [20] 0.8394 0.4124 2.1623 0.2788
RSALF [21] 0.6909 0.3383 1.7223 0.2072
AOA-NM [23] 0.7635 0.3784 1.9286 0.2453
SMA [24] 0.8288 0.3983 2.2543 0.2665

6.4. Disturbance Rejection Performance

To further evaluate the practical applicability of the proposed controller, disturbance
rejection performance is investigated by introducing external disturbances and
measurement noise into the system. The disturbance and noise signals applied to the
system are illustrated in Figure 6. The amplitudes of both signals are expressed in km/h.
The external disturbance is introduced as a step-type signal producing sudden speed
variations of 0.1 km/h at predefined instants, while the measurement noise is generated
by a band-limited white noise source with a noise power of 0.000005 and a sample time of
0.05 s. Although the disturbance of Figure 6 is specified as a sequence of steps, it is
intended to represent the effect on vehicle speed of the physical loads included in the
model rather than an arbitrary test input. The two external loads in Equation (6) are the
climbing resistance associated with the road slope 6 and the aerodynamic drag associated
with the wind speed, and both change abruptly in common driving situations: the
gravitational component changes in a step-like manner when the vehicle moves onto a
gradient, and the relative air speed changes almost instantaneously when a headwind
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gust is encountered or when the vehicle leaves the shelter of a tunnel, a cutting, or a larger
vehicle. The step is also the most demanding deterministic form that such a load can take.
For a linear closed loop, a disturbance that reaches the same level through a gradual,
monotonic onset, as in a progressive change of grade, produces a response that is a
weighted average of the step response and therefore cannot exhibit a larger peak deviation.
Reversing the sign of the disturbance, as in Figure 6, subjects the loop to both uphill-type
and downbhill-type loads within a single test, while the measurement noise accounts for
the uncertainty introduced by the speed sensor. Standard driving cycles were not adopted
for this purpose, since they prescribe a target speed profile rather than a disturbance
profile and are designed for the assessment of energy consumption and emissions over
urban and extra-urban operation, including stop-and-go segments that lie outside the
envelope in which cruise control is normally engaged. Their role in the present context is
closer to that of the reference tracking test in Section 6.5, in which the controller is required
to follow successive positive and negative speed changes.

0.1 —— External disturbance |
—— Measurement noise

0.05r ,

Amplitude [km/h]
o

-0.05r i

Time [s]
Figure 6. External disturbance and measurement noise signals applied to the system.

The corresponding system responses under these conditions are presented in Figure
7. As can be observed from Figure 7, the proposed h-CCODE-based controller is capable
of maintaining stable operation in the presence of disturbances. The system response
remains well-behaved, and deviations caused by disturbances are attenuated within a
short time interval. Compared to the reference signal, the output exhibits limited
oscillations, indicating effective disturbance suppression.
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Figure 7. Disturbance rejection performance of the proposed h-CCODE-based PID controller.

To quantify the disturbance rejection capability, several performance indices are
calculated, including the integral of absolute error (IAE), integral of squared error (ISE),
integral of time-weighted absolute error (ITAE), and integral of time-weighted squared
error (ITSE). The results are summarized in Table 8. From Table 8, it can be seen that the
proposed controller performs favorably across all considered disturbance-related
performance indices. In particular, h-CCODE provides the lowest values for IAE, ISE, and
ITSE, while its ITAE result remains very close to the best-performing method. These
findings suggest that the proposed control strategy is effective in limiting error growth
and preserving satisfactory disturbance rejection behavior under non-ideal operating
conditions.

6.5. Robustness and Stability Analysis

In addition to time-domain performance evaluation, the stability and robustness of
the proposed control system are further investigated under different operating conditions.
The frequency-domain characteristics of the system are first analyzed using the open-loop
Bode diagram shown in Figure 8. The obtained frequency response yields a phase margin
of 69.5786°, an infinite gain margin, and a bandwidth of 3.4791 rad/s. These results indicate
that the system possesses satisfactory stability margins and exhibits a sufficiently
responsive behavior in the frequency domain. To further evaluate the tracking capability
of the controller, a reference signal with successive positive and negative variations is
applied. The corresponding system response over a 25 s interval is presented in Figure 9.
For the CCO-based controller, the same analysis gives a phase margin of approximately
69.98°, an infinite gain margin, and a bandwidth of about 3.43 rad/s. The stability margins
of the two designs are therefore practically identical, and the differences between them
reside in the time-domain characteristics reported in Tables 4 and 7.

As observed from Figure 9, the proposed controller is able to follow the varying
reference signal with limited tracking error and without sustained oscillations. The
response remains stable throughout the entire simulation period, indicating that the
controller can handle changing operating conditions effectively.

The robustness of the control system is further examined by introducing parameter
uncertainties into the model. The closed-loop responses obtained under nominal
conditions and four different uncertainty scenarios are illustrated in Figure 10. The two
perturbed parameters and their ranges were selected on physical grounds. The vehicle
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mass was varied between 1350 and 1600 kg, that is from -10% to +6.7% of its nominal
value, which corresponds to the change in loading that a passenger car undergoes in
ordinary service as the number of occupants, the luggage carried, and the fuel level vary.
The actuator delay was varied over a wider interval, between 0.18 and 0.25 s, or from —10%
to +25% of its nominal value, for two reasons. The delay lumps together the throttle
response and the build-up of engine torque, both of which depend on engine speed and
gear selection and are therefore known less precisely than the mass; in addition, an
increase in delay is the direction in which the phase margin of the loop is eroded, so the
range was deliberately extended further on that side. The four cases were arranged so that
every combination of sign is represented, namely a lighter vehicle with a slower actuator
(Case I), a heavier vehicle with a slower actuator (Case II), a lighter vehicle with a faster
actuator (Case III), and a heavier vehicle with a faster actuator (Case IV).

As shown in Figure 10, parameter variations influence the transient response of the
system, particularly in terms of settling time and overshoot. However, all considered cases
remain stable and continue to track the reference signal, demonstrating that the controller
maintains acceptable closed-loop behavior under moderate parameter deviations. The
quantitative performance under these uncertainty conditions is summarized in Table 9.

50 T T T
o
°
3
s 9 ’
=
(@)]
©
=
-50 i 1 o 1 q
90 , . :
o)
(D)
S
o -135} 1
()]
®
e
o
80— . . - o R
102 1071 10° 10’ 102

Frequency (rad/s)

Figure 8. Open-loop Bode diagram of the h-CCODE-tuned PID-controlled cruise control system.
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Figure 9. Reference tracking performance of the proposed controller under successive positive and

negative speed variations.
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Figure 10. Closed-loop responses of the proposed controller under nominal and uncertain system

parameters.

Table 9. Time-domain performance metrics under nominal and uncertain parameter conditions.

Cases Lrise [s] Lset [s] Pos [%0]

Nominal 0.6419 0.9968 0.0629

Case (I): M =1350, T =0.24 0.5764 2.3544 4.2151
Case (II): M = 1600, T = 0.25 0.6841 1.4251 2.1489
Case (III): M = 1400, = = 0.19 0.5965 2.1423 0.3294
Case (IV): M = 1550, t =0.18 0.6737 2.1021 0.1097
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From Table 9, it can be observed that the uncertainty cases affect the transient
characteristics of the system in different ways. Although some cases yield shorter rise
times than the nominal condition, this improvement is generally accompanied by
increased settling time and/or overshoot. The nominal case, on the other hand, provides
the most balanced overall response by combining low settling time with minimal
overshoot. Despite the performance variations introduced by parameter uncertainty, the
controller preserves stable responses in all considered cases, which supports the
robustness of the proposed control approach.

6.6. Practical Relevance and Limitations

The results of this study are obtained by simulation, and their practical relevance
should be assessed accordingly. The plant of Equation (10) is not a synthetic dataset but a
physics-based model of longitudinal vehicle motion whose structure and parameters
originate from the automotive control literature and model-based design of this kind
constitutes the usual first stage of controller development, preceding hardware-in-the-
loop testing and in-vehicle calibration. Within this stage, several features of the present
design bear directly on its implementability. The controller is a fixed-gain PID law, so the
tuning is carried out entirely offline and the deployed controller requires no online
optimization, learning, or adaptation, and can be executed on a standard electronic control
unit. The gains lie within the practical bounds of Section 5.3. The design tolerates sensor
noise and step-type road and wind loads (Section 6.4), retains a delay margin of about 0.53
s, and remains stable under simultaneous variations of mass, actuator gain, time constant,
delay, and aerodynamic loading over ranges considerably wider than those of Table 9
(Section 6.5). Moreover, the tuning procedure makes no use of features specific to the
benchmark model and can therefore be applied without modification to a model identified
from a particular vehicle. As an additional simulation-based check beyond the model of
Equation (10), the tuning framework was also examined in a microscopic traffic
simulation of a congested urban intersection, in which traffic flow dynamics and
interactions between vehicles are represented; h-CCODE yielded the highest proportion
of vehicles traversing the network among the five algorithms compared (Supplementary
Material, Section S.2). The limitations of the study should nevertheless be stated explicitly.
The controller has not been validated experimentally, the plant is linearized about a single
operating point, the actuator saturation of Equation (7) is not included in the design model,
and the disturbances are represented by deterministic step profiles rather than by
recorded road and wind data. The conclusions drawn here therefore concern the relative
merit of the tuning procedures and the robustness of the resulting design at the model
level, and confirmation on an instrumented vehicle or a hardware-in-the-loop platform
remains a necessary next step.

7. Conclusions

This study addressed the problem of optimal PID controller tuning for vehicle cruise
control systems, where nonlinear dynamics and varying operating conditions make
parameter selection challenging. To improve the search capability of the original centered
collision optimizer (CCO), a hybrid approach integrating differential evolution operators
was proposed, resulting in the h-CCODE algorithm. The performance of the proposed
optimizer was first evaluated using the CEC2022 benchmark functions. The obtained
results demonstrated that h-CCODE provides improved convergence behavior and more
consistent solution quality compared to the original CCO, particularly for complex
optimization landscapes. These findings indicate that the incorporation of DE operators
enhances the balance between exploration and exploitation without degrading baseline
performance. The effectiveness of the proposed approach was further validated through
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its application to a vehicle cruise control system. The h-CCODE-based PID controller
achieved improved closed-loop performance, characterized by reduced settling time and
lower overshoot while maintaining a comparable rise time. Comparative results with
several optimization-based controllers from the literature confirmed that the proposed
method offers a more favorable overall transient response. A controlled comparison with
PSO, GWO, MGO, and QIO under identical tuning conditions further showed that h-
CCODE attains the lowest mean tuning cost and the smallest dispersion over 30
independent runs, and that its performance is only weakly affected by the choice of the
crossover rate. The disturbance rejection and robustness analyses further supported these
findings. Under external disturbances and measurement noise, the proposed controller
demonstrated competitive performance in terms of error-based indices. In addition,
frequency-domain analysis indicated satisfactory stability margins, while tracking and
parameter uncertainty tests showed that the controller maintains stable and well-behaved
responses under varying conditions. Overall, the proposed h-CCODE algorithm provides
an effective framework for PID controller tuning in cruise control applications by
improving convergence stability and ensuring consistent control performance.

As future work, the proposed framework can be extended to electric vehicle (EV)
systems, where speed regulation, energy efficiency, and robustness are critical. The
application of h-CCODE to more detailed nonlinear EV models and real-time control
implementations represents a promising direction for further investigation. The
disturbance rejection assessment could likewise be extended with measured road-grade
and wind profiles, together with reference trajectories derived from standard driving
cycles, which would allow the performance of the tuned controller to be quantified under
recorded operating conditions. In particular, experimental validation of the tuned
controller, first on a hardware-in-the-loop platform and subsequently on an instrumented
vehicle, is required to confirm the model-level findings reported here.
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Appendix A. Mathematical Formulation of CCO
A.1. Head-On Collision Mechanics
A.1.1. Conservation of Momentum

For a closed system without external forces, the total momentum remains unchanged
before and after collision:

p=p (A1)
For a single particle, momentum is defined as:
p=mv (A2)

Accordingly, for a two-particle head-on collision,
P = P1 + P2 = mytly + myidy
P’ =P1+ Dy =mb; + myv, (A3)
m1ﬁ1 + mzﬁz = m1171 + mzﬁz
where m; and m, denote the particle masses, u; and U, are the pre-collision
velocities, and ¥; and ¥, are the post-collision velocities [35].

A.1.2. Perfectly Elastic Head-On Collision

In a perfectly elastic collision, both momentum and kinetic energy are conserved:

Ey = Ey (A4)
The kinetic energy of a single particle is
1 -
By = mll5? (A5)
Thus, for two colliding particles,
1 T <2 L sz 1 512
Salliall? + 3 malldal? = S 17,17 + 5 mall5 | (46)

By solving Equations (A3) and (A6), the post-collision velocities are obtained as:
(my —mp)Uy + 2myu,
my +m,
_ 2myily + (my —my)id,

-

V=

(A7)

7]
mq +m,

A.1.3. Perfectly Inelastic Head-On Collision

For a perfectly inelastic collision, the two particles move together after impact, and
therefore
131 = 132 (AS)
Combining Equation (A8) with the momentum conservation law yields
myt; + my
B=p=—o— 22 (A9)
my +m,
A.1.4. Partially Inelastic Head-On Collision

In a partially inelastic collision, momentum is conserved while a portion of the kinetic
energy is dissipated. The coefficient of restitution is defined as:
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_ ”1_7)2 _1_7)1” (A10)
1 — ||
By solving Equations (A3) and (A10), the post-collision velocities become
L (my—emp)ty + (1 + e)myi,
V=
my +m,
s N All
L (my —emiy + (1 + e)myty (A1D
vy, =

my +m,
It is worth noting that Equation (A11) reduces to Equation (A7) when e =1 and to
Equation (A9) when e = 0.

A.1.5. Perfectly Elastic Head-On Collision in a Uniformly Moving Frame

If the collision is observed in a uniformly moving reference frame with velocity @,
the relative velocity is written as:

B, =0—@ (A12)

In that frame, the elastic head-on collision model becomes
(my — Myt + 2myiiy,

1_7) 1=
@ my +m, (A13)
. (my — M) Uy + 2My Uy
Vw2 =
m; +m,
Transforming these expressions back to the stationary frame gives
L g mmy) 2my
By = B+ Dy = @+ ———2(B — 1) ———— (B — )
my; +m; my; +m; (Al4)
S - o L (my—my) 2my
Up=W+Vyp =0 +—— (0 —Up) ——— (0 — Uy)
my; +m, my; +m,

Although Equation (A14) can be simplified into the same result as Equation (A7), its
transformed representation is retained because it provides a more convenient
interpretation for the position update process in the optimizer.

A.2. Algorithmic Model of CCO
A.2.1. Initialization Phase
Like most metaheuristics, CCO starts by generating a random population within the
search bounds:
X=X +rand(X, — %), i=12,..,P (A15)

where P is the population size, X; and X, denote the lower and upper bounds,
respectively, and rand is a random vector uniformly distributed in [0,1]. The entire
population can be represented by

N - > - - - -
X1 X114 X12 .- X1j -+ X1Dim
- - - - -
xZ xZ’l x2’2 x2’j leDim
X = _) — _). _). . _). . . : (A16)
X Xi1  Xi2 .. Xij .. Xipim
f - - - -
p [ Xp1 Xp2 - Xpj - Xppiml

where Dim is the problem dimension.

A.2.2. Centered Collision Strategy

In CCO, the particle velocities in the collision equations are reinterpreted as solution
positions. Accordingly, population members are updated through collision-inspired
interactions. By rewriting Equation (A14), the update rule associated with the transformed
elastic collision can be expressed as:
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-

Xt =% +cx(x XD+ (- 1—a)(x —xh),

— (my—m,) (A17)

mi+m,

Similarly, the perfectly inelastic collision model in Equation (A9) can be rewritten as
X =pR + X (A-p), B=
To combine these two mechanisms, a dimension-wise update operator is introduced:

Xt = Rx +(1- R)[cx(x -2+ (A —a)(F — %) + R + 2 (1 - B)] (A19)

(A18)

my+m,

where X} is a randomly selected individual and xj is a fitter individual than Xf. The
binary vector R determines which collision type is applied in each dimension:
B {1, rand > 0 (A20)
0, otherwise
To improve stochasticity and search diversity, the final centered collision strategy is
defined as:

2= R+ (1- B)[a(, — 78) + 1 — a) (25 — %8,) + pE4, + 21 - B)] (A21)

where rl and 72 denote randomly chosen individuals, whereas j1, j2, j3, j4 are
fitter individuals selected relative to ¥f. The control parameter « is adaptively adjusted
as:

—1( (t”)+1)+1 A2
a—3cos T 5 (A22)

Equation (A21) serves as the unique position update operator of CCO and is referred
to as the centered collision strategy.

A.2.3. Decorrelated Space

Performing the centered collision strategy only in the original space may reduce
convergence speed and increase the tendency to be trapped in local optima. To alleviate
this issue, CCO introduces a decorrelated space (DS), generated through an orthogonal
transformation obtained from the covariance structure of a subset of individuals.

First, a data matrix X, € R™P™ is formed using the g worst-performing

individuals. After column-wise centering, the zero-mean matrix is written as:

X, =X, —1j (A23)
where [i = %Z?ﬂ %; is the mean vector. The covariance matrix is then computed by
C = % XI'x, (A24)
Next, eigenvalue decomposition is performed as:
Cv; = 47, i=12,..,Dim (A25)
and thus
C=VAVT (A26)

where V contains the eigenvectors and A = diag(44,4,, ..., Apiy). The population is
mapped into the decorrelated space through

Xps = XV (A27)
The centered collision strategy is then executed in DS as
fztgé = ijl ps T (1 - R)[“(fjtz,ns Xy DS) +(1- a)(%%,ns Xy DS) + B/, japs T xl Ds(1 - ﬂ)] (A28)

Finally, the updated DS solution is projected back into the original space by

Xt =xfpavT (A29)
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This transformation-based update process enhances search diversity and helps the
optimizer escape from local minima more effectively.

A.2.4. Space Allocation Strategy

Because the relative effectiveness of OS and DS may vary during the search, CCO
employs an adaptive space allocation strategy. A greedy selection mechanism is first
applied in each space. For the original space,

kt+1
lff(fi”l) < f@E),
St+1 _ 2t+l
X =X (A30)
kt+1 kt+1
else
Xt =%t
Similarly, for the decorrelated space,
kt+1
lff(f“l) < f@D),
R = gt (A31)
kt+1 szl + 1
else
B+ = gt

Using the successful update counts of both spaces, the normalized allocation ratios
are updated as:
kpps = kpps = 0.5,

kpGt! = kosi/kpos
Hl/kpos t+1/kPDs (A32)
t+1 _ kasl/kaS t+1

kp - kp )
ps kposl/kpos + ]‘fl’(t)ng/'ICPt+1 08

0.3 < kphs, kpbs < 0.7,
where kpfs and kpfs denote the proportions of individuals evolved in OS and DS at
iteration ¢, respectively. Initially, both spaces are assigned equal shares, and thereafter
the ratios are adaptively adjusted while ensuring that each space receives at least 30% of
the population.
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