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Abstract

Vehicle cruise control systems have become essential components of modern automobiles, offering significant benefits in
driving comfort, fuel efficiency, and road safety. An effective control strategy is crucial for ensuring reliable performance.
In this paper, a real PIDD? (proportional—integral—derivative plus second-order derivative) controller is proposed to address
the challenges associated with achieving efficient and robust cruise control. To optimally tune the real PIDD? controller
parameters, we develop a novel metaheuristic approach that enhances the white shark optimization (WSO) algorithm using
Lévy flight and the Nelder—-Mead method. While Lévy flight improves global exploration, the Nelder—Mead method strengthens
local exploitation, resulting in the proposed L-WSONM algorithm. To validate its robustness and effectiveness, L-WSONM
is extensively tested on complex optimization problems from the CEC2020 benchmark suite and compared with several
high-performance algorithms, including gray wolf, pufferfish, golden jackal, reptile search, white shark, tunicate swarm,
prairie dog, and seagull optimizers. The results show that L-WSONM consistently delivers superior solution quality and
faster convergence rates, with the exception of functions F2 and F9. Finally, L-WSONM is applied to fine-tune the parameters
of the real PIDD? controller for vehicle cruise control. Simulation results demonstrate that the L-WSONM-based real PIDD?
controller achieves zero overshoot, a rise time of 0.463 s, and a settling time of 0.692 s, outperforming the original WSO and
other recent approaches from the literature.

Keywords Cruise control system - White Shark Optimizer - Lévy flight - Nelder-Mead method - Real PIDD? controller
design

1 Introduction

Vehicle cruise control systems have emerged as essential fea-
tures in modern automobiles produced in recent years. They
significantly contribute to enhancing driving comfort, reduc-
ing fuel consumption, and improving overall road safety [1].
Cruise control systems are intended to preserve a vehicle’s
speed at a desired setpoint, thereby reducing the driver’s
workload related to throttle control. This enables the driver
to focus more effectively on other critical aspects of vehi-
cle operation [2, 3]. Hence, developing effective methods to
design an optimal controller for cruise control systems is of
critical importance [4].
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In the literature, numerous control strategies have been
proposed for vehicle cruise control systems. These include
model predictive control [5, 6], state-space [7], adaptive Hoo
control [8], adaptive control [9], fuzzy logic control [10],
and deep reinforcement learning-based approach [11]. While
many of these methods can deliver satisfactory performance,
their design and implementation processes are often complex
and time-consuming, and they may not consistently guar-
antee optimal results. Consequently, the identification and
development of an effective controller remains a challenging
task that necessitates further investigation.

Metaheuristic algorithms have emerged as powerful tools
for solving complex optimization problems. To cite a few,
recent studies on optimization methods for control system
design and parameter estimation are reported in [12-15].
In the context of vehicle cruise control systems, meta-
heuristic algorithms offer significant potential to improve
transient response and strengthen system stability. In the
literature, PID controllers are often preferred over more
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advanced control methods due to their simplicity and ease
of implementation [16-19]. For improved performance, a
FOPID controller may be utilized, offering increased flexi-
bility in tuning due to its fractional-order components [20].
Nevertheless, the inclusion of fractional terms increases
the computational complexity [21]. Compared to PID and
FOPID controllers, the real PID plus second-order derivative
(RPIDD?) controller has demonstrated improved steady-
state accuracy and stability in simulation studies [22, 23],
making it a promising option for the reliable operation of
vehicle cruise control systems. Table 1 summarizes a com-
parative study of various optimization-based cruise control
systems and reports their corresponding performance met-
rics, including overshoot percentage (OS %), rise time (¢, (s)),
and settling time (¢, (s)). Although optimization frameworks
have advanced, there is still substantial room for enhance-
ment. Notably, the no free lunch theorem [24] states that no
algorithm is better than any other algorithm for every problem
and that the most effective method depends on the specific
characteristics of each problem.

The White Shark Optimizer (WSO) [25], a recent algo-
rithm, mimics the hunting behavior of white sharks in their
natural ocean environment. These sharks explore their envi-
ronment using a specialized sense of hearing that extends
along both sides of their bodies. Additionally, they pos-
sess an exceptional sense of smell that intensifies as they
approach their prey, enabling precise localization. In recent
research, several modified versions of the WSO have been
proposed to address various engineering and optimization
problems. These include an enhanced WSO for solving the
optimal power flow problem [26], a chaotic WSO tailored
for engineering applications [27], a modified WSO designed
for hybrid renewable energy systems [28], and an improved
WSO applied to photovoltaic systems under partial shad-
ing conditions [29]. Additional developments feature an
opposition-based learning WSO for pavement maintenance
planning [30], a boosting WSO for addressing cloud schedul-
ing problems [31], and a hybrid WSO combined with the
whale optimization algorithm for parameter identification in
Li-Ion battery models [32].

In this study, a new tuning strategy is proposed for the
cruise control system governed by the RPIDD? control strat-
egy through the development of an innovative metaheuristic
algorithm. Building upon the original WSO, the approach
is enhanced through the integration of the Lévy Flight
mechanism and the Nelder—Mead strategy. This modified
version, referred to as L-WSONM, significantly improves the
original WSO algorithm by achieving a well-balanced trade-
off between exploration and exploitation. The algorithm is
designed to achieve more accurate and efficient identifica-
tion of optimal RPIDD? controller parameters.

A comprehensive performance evaluation is carried out,
including statistical metrics, Wilcoxon’s nonparametric test,
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convergence behavior, and transient response analysis. The
findings clearly indicate that the L-WSONM algorithm
significantly outperforms the original WSO. A compar-
ative evaluation is also undertaken to assess the perfor-
mance of the proposed approach relative to traditional PID,
fractional-order PID, and RPIDD? control schemes. To vali-
date the effectiveness of the developed controller, detailed
comparisons are conducted against PID controllers opti-
mized through various advanced metaheuristic algorithms.
These include the red panda optimization algorithm (RPO)
[33], the arithmetic optimization incorporating opposition-
based learning and local refinement (ObAOANM) [34],
the hybrid arithmetic optimization algorithm with nelder—
mead (AOANM) [35], Lévy flight-enhanced reptile search
algorithm (RSALF) [36] and manta ray-inspired foraging
optimization (MRFO) [35]. In addition, the proposed method
is benchmarked against FOPID controllers tuned using sev-
eral state-of-the-art optimization algorithms, such as Harris
hawks optimization (HHO) [20], the artificial humming-
bird algorithm (AHA) [37], the genetic algorithm (GA)
[38], the boosted weighted mean of vectors (b-INFO) [39]
and the modified artificial hummingbird algorithm (mAHA)
[37]. To provide further evidence of the proposed method’s
superiority, comparative analyses are performed against
RPIDD? controllers optimized by widely recognized algo-
rithms, including the particle swarm optimization (PSO)
[22], the salp-inspired swarm intelligence algorithm (SSA)
[22], and the Aquila Optimizer enhanced with a modified
oppositional chaotic local search strategy (CmOBLAO) [22],
Runge—Kutta optimizer (RUN) [3] and its improved Runge
Kutta optimizer (IRUN) [3].

Through benchmarking against established optimization
techniques, the proposed approach consistently demonstrates
superior effectiveness in improving vehicle cruise con-
trol system performance. This comprehensive investigation
emphasizes enhancing time-domain response and system
stability by leveraging the capabilities of the L-WSONM
algorithm. The main contributions of this study can be sum-
marized as follows:

e Anenhanced optimization method, termed the L-WSONM
optimizer, is proposed as an improved variant of the WSO
algorithm by integrating the Lévy Flight and Nelder—
Mead strategies.

e Validation of the proposed algorithm’s effectiveness is
conducted using the CEC2020 benchmark problems. Its
performance is compared against several advanced algo-
rithms, including gray wolf optimization (GWO) [40],
pufferfish optimization algorithm (POA) [41], golden
jackal optimization (GJO) [42], reptile search algorithm
(RSA) [43], white shark optimizer (WSO) [25], tunicate
swarm algorithm (TSA) [44], genetic algorithm (GA)
[45], prairie dog optimization algorithm (PDO) [46], and
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seagull optimization algorithm (SOA) [47]. Statistical
metrics and nonparametric tests confirm that the pro-
posed algorithm outperforms these competitors in both
convergence speed and solution quality.

e The proposed L-WSONM optimizer is, for the first time,
applied to enhance the efficiency of the RPIDD? con-
troller in the context of vehicle cruise control.

e The effectiveness of the L-WSONM-based RPIDD?
controller is extensively verified through comparative
analysis with PID, fractional-order PID, and conven-
tional RPIDD? controllers, with an emphasis on detailed
performance evaluation. Comprehensive analyses are
conducted, including statistical performance metrics,
convergence behavior, stability assessments, and com-
parisons with established methods. These comprehensive
evaluations confirm the robustness and superior perfor-
mance of the proposed method across various parameter
changes.

The remainder of this paper is organized as follows: Sect.2
presents the structural frameworks of both the original
WSO algorithm and the proposed L-WSONM approach.
The effectiveness of the proposed algorithm is validated in
Sect. 3 through the CEC2020 benchmark problems. Section 4
details the mathematical model of the cruise control system
and the RPIDD? controller, including their integration for
effective speed control. In Sect. 6, the proposed algorithm’s
effectiveness is thoroughly evaluated through benchmark
comparisons with existing methods. Finally, Sect.7 con-
cludes the paper.

2 L-WSONM algorithm
2.1 White Shark Optimizer

The White Shark Optimizer (WSO) was proposed in [25]
which was mostly inspired by characterizing the behavior
of white sharks while foraging. Inspiration for the algorithm
stems from the behavioral traits of great white sharks, espe-
cially their highly developed hearing and sense of smell,
which aid in movement and prey detection. The mathemati-
cal modeling of these behaviors of the WSO is initialized as
follows:

Z 21,1 -+ 21,5 --- 21d
Z; = I, Zi,j - Zi,d €))
ZN Nxl N, - ZNj -+ INd Ny
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The search space is populated with initial candidate solutions
as follows:

zij =1bj +r x (ub; —1bj) 2)

where z;; denotes the initial position of the ith white shark
in the jth dimension, N is the population of the algorithm
and d is the number of decision variable, ub; and Ib; repre-
sent the upper and lower bounds of the search space in the
Jjth dimension, respectively, and r is a randomly generated
number within the interval [0, 1].

White sharks utilize a combination of auditory, olfactory,
and visual senses to detect and track their prey. Additionally,
they can perceive pressure changes in the surrounding water
caused by the prey’s wave movements, which helps guide
them toward their target. The speed of movement of the white
shark is given as follows:

T = W] + p1(Ehpes — 21 X €1
vl
+ P2 (2 — 21) X €2) 3)
where i = 1,2,...,n is the index of a white shark in a

population of size n. vf *+1 denotes the updated velocity vector
of the ith white shark in the (¢ +1)th iteration, vf isits velocity
in the rth iteration, Z;;best is the global best position found by
any white shark up to iteration #, z} is the current position of
the ith white shark in the ¢th iteration, c¢; and ¢, are random

variables uniformly distributed over the interval [0, 1], zgést
represents the best known position vector associated with the
ith shark in the swarm during the rth iteration and the index
vector of the sharks that have reached the optimal position is

v=nxrand(l,n)+1 “4)

The parameters p; and p» represent the forces of the white
sharks, which influence the effects of 2}, and z,,, on zj;
they can be calculated as follows.

- pmin) e T (5)
(6)

P1 = Pmax + (Pmax

P2 = Pmin + (Pmax — Pmin) - €

where ¢ denotes the current iteration, and T represents the
total number of iterations. pmin and pmax represent the lower
and upper velocity limits, respectively, set to enhance the
movement efficiency of great white sharks, with ppin = 0.5,
Pmax = 1.5 [25]. The constriction factor is

2
w= @)

2—1 -1t 41

where 7 is the acceleration parameter and equals 4.125 [25].
Great white sharks spend most of their time searching for
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prey where an optimal or suboptimal prey can be located.
Sharks adjust their positions based on the movement sound or
the scents of prey. If the prey moves from its position, sharks
continue tracking by scent, often exploring randomly—similar
to fish schools searching for food. In this context, the position
update mechanism given in Eq. (8) is employed to model the
movement behavior of white sharks as they approach their

prey.

=@z, +ub-a+1b-b, ifrand <mv
t

t+1
A1 = . 8)
! zf-—i—v?’, if rand > mv (

where zﬁ“ indicates the updated position vector of the ith

white shark at iteration r + 1, — represents the negation
operator and @ is the bit-wise xor operation. a and b are
one-dimensional binary vectors, defined as follows.

a=sgn(z} —u) >0 )
b=sgn(z—1)<0 (10)

Z, denotes a logical vector defined as
Zo = ®(a, b) (11)

f denotes the frequency of the white shark’s wavy motion
and is given as flows.

f max — f min
f=foin+t T—7F— 12)
e f max 1 f min
and mv denotes the movement force that grows with the num-
ber of iterations as the white shark gets closer to its prey, and
is formulated by

1
my=|— 13
(ao +e (F-n/a ) (4

where ap and a; are parameters that control the balance
between exploration and exploitation. The parameter mv
represents the intensity of the white shark’s auditory and
olfactory senses, which grow progressively with the num-
ber of iterations.

Great white sharks are capable of maintaining their ori-
entation toward the best shark which is near the prey, as
described in Eq. (14)

FH = 2y 11 x Dy x sgn(ry —0.5), ifrs < Sy (14)
where Zf“ is the updated position of the ith white shark
relative to the position of the prey. D, represents the distance
between the white shark and the prey (i.e., food source), as
defined in Eq.(15). The parameter S;, defined in Eq. (16),

reflects the intensity of the white shark’s sense of smell and
sight when following others that are near the optimal prey.

—ant

D; = [rand X (2hpes — 21 ) | (15)
Ss=1—eT (16)
where a5 is positive constant.

In simulating the white shark school behavior, the two
fittest solutions are maintained, and the rest of the population
adjusts their positions relative to these optimal references.
The positions of all other sharks are updated using Eq. (17).

t ~t+1
i1 _ 4tz

= 17
! 2 x rand an

The subsequent subsections delve into the foundational prin-
ciples of the Lévy flight mechanism and the Nelder—Mead
simplex technique, culminating in the formulation of the pro-
posed L-RSANM optimization algorithm.

2.2 Lévyflight

The Lévy flight operator is effective for generating random
motion within a defined design space, thereby enhancing
the diversification capability of a metaheuristic algorithm
[48]. Consequently, the Lévy flight mechanism has been
extensively adopted in a range of metaheuristic optimiza-
tion strategies. Notable recent implementations include its
integration with the backtracking search algorithm [49] and
the grasshopper optimization algorithm [50] for photovoltaic
model parameter identification, as well as with the reptile
search algorithm [51] for control system design in power
engineering applications.

The Lévy flight mechanism is defined by a stochastic pro-
cess with anon-Gaussian distribution, typically characterized
by L(s) ~ |s|_1_‘6 [52] and can be represented as follows:
Here, s denotes the step length, u is the transmission param-
eter, and A controls the scale of the distribution. The Lévy
flight distribution is commonly expressed through its Fourier
transform as follows:

F(k) = ek’ (18)

in which o denotes the scaling factor and g is the distribu-
tion index constrained to the interval (0, 2]. The Lévy step is
defined as follows:

u

S = F (19)

where both u and v follow a Gaussian distribution and they
are given as

u~N©,62, v~NQO,1) (20)

@ Springer
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Fig.1 Two dimensional Lévy flights

where o, denotes standard deviation which is given by

L1+ p) x sin (%) VP

I (2) x p x 2612

2n

oy =

Figure 1 illustrates a two-dimensional Lévy flight trajec-
tory.

2.3 Nelder-Mead algorithm

The Nelder-Mead (NM) algorithm [53] is a direct search
technique that has been applied to many problems with
encouraging results. It is usually used for optimizing locally.
In the literature, a number of works have showed that how
well the NM approach performs when it comes to improving
the performance of metaheuristic structures. Among these
improved metaheuristic optimization algorithms are: param-
eter extraction of photovoltaic systems utilizing moth-flame
optimization [54]; ecosystem-inspired optimization [55] for
implementing a PID-controlled buck converter system; the
reptile-inspired search algorithm [56] with refined search
strategy in power system applications; and the Lévy flight-
inspired algorithm [57] for Speed regulation of a DC motor.

In NM algorithm, a d-dimensional simplex is formed by
d+1vertices (21, 22, ..-2d, Zd+1)- A sequence of simplexes is
generated to iteratively approximate the optimal point of the
objective function, f(z). Each iteration involves rearranging
the simplex’s vertices to produce the following relationship:
f(z1) < f(z2) < -+ < f(zqg + 1), where z1 and 7441
represent the best and the worst vertices, respectively. NM
algorithm consists of following stages: (i) sorting, (ii) reflec-
tion, (iii) expansion, (iii) contraction, and (v) shrinkage. The
objective function is sorted with respect to its values as
f(z1) < f(z2) <--- < f(z4+1)- Then, the reflection point
is given as

=2+ pE—z4+1) (22)

@ Springer

where 7 is a centroid point that is

d
Zi (23)
i=1

. 1
‘T
Once the reflection point is known, then f(z,) is computed.
Z4d+1 is replaced by z, for the condition of f(z1) < f(z,) <

f(za).If f(zr) < f(z1),thenthe expansion pointis obtained
as follows

Ze=2+Yy(@ —2) (24)

if f(ze) < f(z), ze replaces the worst value, on the other
hand x4 is equal to z,. Next, the outside contraction point is
calculated as follows for the case f(zq) < f(z) < f(za+1)-

Zoc =2+ ﬂ(Zr - Z) (25)

In this step, z,. takes the place of zgy1 if f(zoe) <
f(z,). Alternatively, the shrinkage phase is executed. For
f(za+1) < f(zy), an inside contraction point is computed
as

Zie =2+ BZas+1 —2) (26)

in the next step, z;. takes the place of z4y1) if f(zic) <
f(zg+1). Similar to the outside contraction scenario, a
shrinkage operation is carried out at this step if f(zjc) >
f(zd+1)-- The shrinkage progress is described as follows

zi =21 +8(z —21) 27

The latter is applied to form new points in the shrinking
progress. Figure 2 illustrates the step-by-step flow of the NM
simplex algorithm.

2.4 Structure of L-WSONM algorithm

The proposed L-WSONM algorithm integrates the Lévy
flight operator with the NM method to improve the main
structure of the WSO. The following equation governs the
generation of a new search agent, which is updated through
the application of Lévy flight after each iteration [56].

e =i+ 20 — 1] Levy(B) - (zbest — i) (28)
Here, z iLF represents the new solution generated by the Lévy
flight operation, and z; denotes the present solution, r is a
uniformly distributed random number in [0, 1], and zpeg Sig-
nifies the best solution encountered so far. Both the candidate
solutions z; and the Lévy flight solutions ziLF are evaluated
collectively. From the combined set z; U ziLF , the top N solu-
tions are selected. Thus, at each iteration, improved solutions
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Sort the (d + 1) vertices to meet —¢
flz1) < f(z2) < ... < flzan)

NO

Zoe = Z+ ,B(ZT - z)

‘ Zr :E+p(2_zd+1) |

f(z1) < f(z) < f(z4)

A

| Replace z441 with z, ‘

Replace z4_; with 2, |

Replace z411 with z;. | ‘ Replace 241 with 2, |

v v v

Fig.2 Flowchart of the Nelder-Mead algorithm [55]

are retained and refined for subsequent updates, whereas infe-
rior ones are systematically discarded.

Exploitation is performed using the NM optimization
method, which is invoked at a trigger interval of « iterations.
Additional executions of the NM step continue to produce
performance improvements. As demonstrated in [57], the
NM procedure is applied at every iteration, despite the asso-
ciated increase in computational cost. Simulation results
confirm that this application of NM significantly enhances
performance in our approach. This method maintains an
ideal balance between diversification and intensification in
the search process. The operational flow of the developed L-
WSONM algorithm is comprehensively illustrated in Fig. 3.

2.5 Computational complexity

Computational complexity can be estimated by examining
the structural components and operations of the algorithm.
The time complexity of WSO is given in [25] as O(Tc¢N +
TNd) where T is the maximum number of iterations, ¢
denotes the cost of a single fitness evaluation, N is the popu-
lation size, and d is the problem dimension. The Lévy—flight
update introduces an additional per-agent vector operation of
cost O(d) together with an additional fitness evaluation of
cost c. Therefore, its per-iteration complexity is O (Nd+Nc).
Including this term, the overall time complexity becomes

O(WSO + Lévy) = O(TcN + TNd + TNc + TNd).

End

Y

The Nelder—-Mead (NM) local search is invoked every o
iterations. In the proposed algorithm, one NM call requires
O(dT) operations; therefore, the total NM cost over the
run is 0(5 dT) =0 %zd) . Assuming the fitness eval-
uation cost satisfies ¢ = O(d), the overall computational
complexity of the proposed L-WSONM algorithm becomes
O(TNd) + O (%zd) . Although L-WSONM has a higher
computational cost than its individual component algorithms,
this cost is justified by its faster convergence behavior and
its enhanced ability to escape local minima.

3 Experimental results on CEC2020
benchmark functions

In this section, we utilize ten modern CEC2020 benchmark
test functions from [58] to conduct a preliminary evalua-
tion of the proposed L-WSONM algorithm. This serves as
an effective reference for evaluating the performance of the
algorithms. The details of these test functions are provided
in Table 2.

For the purpose of statistical comparison with published
works in the literature, we employed gray wolf optimiza-
tion (GWO) [40], pufferfish optimization algorithm (POA)
[41], golden jackal optimization (GJO) [42] reptile search
algorithm (RSA) [43], White Shark Optimizer (WSO) [25],
Tunicate Swarm Algorithm (TSA) [44], Genetic Algorithm

@ Springer



36 Page8o0f31

H. Basak

Fig.3 Flowchart of the developed L-WSONM approach

(GA) [45] Prairie dog optimization algorithm (PDO) [46]
and Seagull Optimization Algorithm (SOA) [47].The param-
eter settings of all algorithms were kept unchanged for fair
comparison, ensuring that each competitor was configured
exactly as specified in its original publication.

@ Springer

3.1 Discussion of the results on CEC2020 benchmark
functions

The optimization of the CEC2020 benchmark test functions
was performed using a population size of 30 and a maxi-
mum of 500 iterations. Moreover, the Lévy flight parameter
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Table2 Overview of the benchmark functions in CEC2020

Function Definition Dimension Search Range Frin
Fl1 Shifted and rotated bent cigar function 10 [—100, 100] 100

F2 Shifted and rotated Schwefel’s function 10 [—100, 100] 1100
F3 Shifted and rotated Lunacek bi-Rastrigin function 10 [—100, 100] 700

F4 Expanded Rosenbrock’s plus Griewank’s function 10 [—100, 100] 1900
F5 Hybrid function 1 (N = 3) 10 [—100, 100] 1700
Fo6 Hybrid function 2 (N = 4) 10 [—100, 100] 1600
F7 Hybrid function 3 (N = 5) 10 [—100, 100] 2100
F8 Composition function 1 (N = 3) 10 [—100, 100] 2200
F9 Composition function 2 (N = 4) 10 [—100, 100] 2400
F10 Composition function 3 (N = 5) 10 [—100, 100] 2500

B employed in our proposed algorithm was set to 1.5, con-
sistent with the setting reported in [56]. Each algorithm was
executed thirty times to ensure a fair and statistically reliable
comparison.

First, we analyze the effect of different Nelder—Mead trig-
ger intervals, and the corresponding results are reported in
Table 3. According to the table, « = 10 delivers the best
overall performance, achieving the lowest sum and mean
ranks among all configurations. This indicates that more fre-
quent activation of the Nelder—Mead local search enhances
exploitation and leads to improved convergence accuracy
across the benchmark functions. In contrast, the configura-
tions with @ = 25 and o = 50 perform similarly but remain
clearly inferior, suggesting that larger trigger intervals delay
local refinement and reduce solution quality. Overall, « = 10
provides the most effective balance between exploration and
exploitation for the proposed L-WSONM.

To further evaluate the contribution of each compo-
nent, ablation experiments were conducted, and the results
are presented in Table 4. The findings clearly demonstrate
that both the Nelder—-Mead and Lévy flight mechanisms
contribute meaningful performance enhancements to the
baseline WSO. The hybrid variants—-L-WSONM(« = 10)
and WSONM(«a = 10)-achieve the best overall results, with
identical sum and mean ranks across the CEC2020 bench-
mark suite, indicating strong and consistent optimization
capability. Among them, L-WSONM(« = 10) provides the
most balanced performance in terms of accuracy and stability,
particularly on more complex functions where the integration
of global and local search becomes crucial.

In terms of runtime, the inclusion of the Nelder-Mead
and Lévy flight components inevitably increases the compu-
tational cost compared to the baseline WSO, since additional
local search steps and stochastic perturbations are executed.
Although this overhead is relatively modest, it represents the
primary drawback of L-WSONM.

For comparison with published works in the literature,
the average convergence behaviors across thirty runs are
shown in Fig. 4. Except for functions F2 and F9, the pro-
posed L-WSONM demonstrates the fastest convergence rate
among all competing algorithms, indicating its effective-
ness and capability in achieving superior results. The box
plots in Fig. 5 depict the data distributions from the 30 inde-
pendent runs, where a narrower box plot represents greater
consistency. For most benchmark functions, the proposed
L-WSONM yields narrower box plots and lower objective
values compared to other algorithms, highlighting its robust-
ness and superior performance.

Table 5 presents the results of the statistical metrics includ-
ing average (mean), standard deviation(std), minimum (Best)
and Maximum (Worst). The mathematical description of
these metrics is provided as follows:

E
] n
Average = —  fopri (29)
En i=1
E’l
Std=/—=———  (fopr,i — mean)? (30)
En—1,,
E”
Best = mi{l{fopt,i} (31)
i
Worst = n%lx{ Fopt.i]) (32)
i=

where E), is the number of experiments and f,, ; represents
the optimal value obtained in each individual run.

As shown in Fig.5, the proposed L-WSONM algorithm
surpasses the other eight algorithms across the majority of
CEC2020 benchmark functions, securing the top overall
rank. It achieves the lowest mean fitness values while main-
taining consistently low standard deviations, reflecting stable
and robust convergence behavior. Furthermore, L-WSONM
demonstrates outstanding performance in both the explo-
ration and exploitation phases of the search process.
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Table 3 Analysis of
Nelder—Mead trigger interval
() effects on L-WSONM
performance
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Function Index L-WSONM (x = 10) L-WSONM(« = 25) L-WSONM(« = 50)
Mean 2.0485¢ 4 03 2.2190e + 03 1.5855¢ 4 03
Std 2.1631e 4 03 2.3713¢ 4 03 2.2267¢ + 03

F1 Best 101.9668 107.5758 105.0400
Worst 7.8937¢ 4 03 1.1494¢ 4 04 9.8926¢ + 03
Rank 2 3 1
Mean 1.8383¢ + 03 1.8738e + 03 1.9614¢ + 03
Std 281.4539 310.6900 294.2206

F2 Best 1.3250e + 03 1.3605¢ + 03 1.3610¢e + 03
Worst 2.4889¢ + 03 2.6137¢ 4+ 03 2.5232¢ 4 03
Rank 1 2 3
Mean 732.8942 735.42 738.19
Std 11.7316 11.682 15.876

F3 Best 715.7485 717.16 717.94
Worst 769.7866 760.68 774.59
Rank 1 2 3
Mean 1.9011e 4 03 1.9015¢ + 03 1.9018¢ + 03
Std 0.5351 0.98479 1.0259

F4 Best 1.9001e + 03 1.9005¢ + 03 1.9005¢ + 03
Worst 1.9020e + 03 1.9041e + 03 1.9052¢ + 03
Rank 1 2 3
Mean 2.0139¢ + 03 2.4268¢ + 03 2.8198¢ + 03
Std 148.8277 1.1855¢ + 03 1.7159¢ + 03

F5 Best 1.7392¢ 4 03 1.7064¢ + 03 1.8087¢ + 03
Worst 2.3869¢ + 03 8.2868¢ + 03 9.6828¢ + 03
Rank 1 2 3
Mean 1.6033¢ + 03 1.6069¢ + 03 1.6056¢ + 03
Std 6.4056 12.362 7.769

Fo6 Best 1600 1600 1600
Worst 1.6188¢ + 03 1.659¢ + 03 1.6188¢ + 03
Rank 1 3 2
Mean 2.1962¢ + 03 2.2559¢ 4 03 2.2692¢ + 03
Std 93.4660 152.72 130.62

F7 Best 2.1001e 4 03 2.1004¢ + 03 2.1006¢ + 03
Worst 2.4674e 4 03 2.7445¢ 4 03 2.5376¢ 4 03
Rank 1 2 3
Mean 2.2998¢ + 03 2.2997¢ + 03 2.3004¢ + 03
Std 13.1420 13.513 9.7273

F8 Best 2.2310e 4 03 2.2286e + 03 2.2492¢ + 03
Worst 2.3099¢ + 03 2.307¢ + 03 2.3043¢ 4 03
Rank 2 1 3
Mean 2.6882¢ 4 03 2.7127¢ 4+ 03 2.7052¢ + 03
Std 116.5157 97.553 104.69

F9 Best 2500 2500 2500
Worst 2.8200e + 03 2.7848e 4 03 2.7765¢ 4 03
Rank 1 3 2
Mean 2.9222¢ 4 03 2.9369¢ + 03 2.9267¢ + 03
Std 23.7697 17.454 23.355

F10 Best 2.8977¢ 4 03 2.8977¢ 4+ 03 2.8977¢ 4+ 03
Worst 2.9502¢ 4 03 2.9469¢ + 03 2.9499¢ + 03
Rank 1 3 2

Sum Rank 12 25 25

Mean Rank 1.2 2.5 2.5

Total Rank 1 2 3
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Table 4 Ablation study evaluating the effects of the Nelder—Mead and Lévy flight mechanisms on the performance of L-WSONM

Function Index L-WSONM(« = 10) WSO WSONM (« = 10) L-WSO
Mean 2.0485¢ + 03 3.9654¢ + 06 1.3533¢ 4+ 06 1.9158¢ + 03
Std 2.1631e 4+ 03 1.0924¢ + 07 5.1388¢ + 06 2.8606¢ + 03
Fi Best 101.9668 391.0567 146.8 100.24
Worst 7.8937¢ 4 03 5.0060e + 07 2.7061e 4+ 07 12.184¢ 4 03
Avg. Runtime (s) 0.3432 0.0717 0.2532 0.1230
Rank 2 4 3 1
Mean 1.8383¢ 4 03 2.0644¢ + 03 1.4743¢ 4+ 03 1.900e + 03
Std 281.4539 4447421 214.86 246.78
" Best 1.3250e + 03 1.1072¢ 4+ 03 1.1008¢ + 03 1.364e + 03
Worst 2.4889%¢ + 03 2.7421e 4+ 03 1.9013e + 03 2.4466¢ + 03
Avg. Runtime (s) 0.4998 0.0518 0.3758 0.1274
Rank 2 4 1 3
Mean 732.8942 734.7150 722.53 738.94
Std 11.7316 11.1971 6.6625 15.935
A Best 715.7485 716.3456 713.64 715.97
Worst 769.7866 757.6640 738.64 801.26
Avg. Runtime (s) 0.4661 0.0806 0.3424 0.1405
Rank 2 3 1 4
Mean 1.9011e + 03 1.9098¢ + 03 1.9026¢ + 03 1.9019¢ + 03
Std 0.5351 26.0477 1.4103 1.2714
Fa Best 1.9001e + 03 1.9009¢ + 03 1.9005¢ + 03 1.9001e 4 03
Worst 1.9020e + 03 2.0446¢ 4 03 1.9058¢ + 03 1.9052¢ 4 03
Avg. Runtime (s) 0.4317 0.0747 0.3241 0.1368
Rank 1 4 3 2
Mean 2.0139¢ + 03 2.1264¢ 4 03 1.9823¢ + 03 6.046¢ + 03
Std 148.8277 341.9680 161.62 5.4157¢ 4+ 03
F5 Best 1.7392¢ 4 03 1.8437¢ + 03 1.7501e 4+ 03 1.8205¢ + 03
Worst 2.3869¢ + 03 3.6733¢ + 03 2.4362¢ + 03 25.538¢ + 03
Avg. Runtime (s) 0.4368 0.0728 0.3311 0.1392
Rank 2 3 1 4
Mean 1.6033¢ + 03 1.6050e + 03 1.602¢ + 03 1.6081e 4+ 03
Std 6.4056 6.9428 5.0903 12.348
6 Best 1600 1.600e + 03 1.600e + 03 1.600e + 03
Worst 1.6188¢ + 03 1.6171e + 03 1.6171e 4 03 1.6585¢ 4 03
Avg. Runtime (s) 0.4115 0.0676 0.2976 0.1339
Rank 2 3 1 4
Mean 2.1962¢ 4 03 2.2113¢ + 03 2.1923¢ 4 03 10.755¢ 4 03
Std 93.4660 135.4759 100.14 11.377¢ 4+ 03
F7 Best 2.1001e 4 03 2.1024¢ + 03 2.1009¢ + 03 2.2617e + 03
Worst 2.4674e 4+ 03 2.7640e + 03 2.5086¢ + 03 59.571e + 03
Avg. Runtime (s) 0.4167 0.0718 0.3173 0.1385
Rank 1 2 3 4
Mean 2.2998¢ + 03 2.3082¢ 4+ 03 2.1923¢ 4+ 03 2.3006e + 03
Std 13.1420 6.6634 100.14 11.623
8 Best 2.2310e 4+ 03 2.3012¢ + 03 2.1009e + 03 2.2395¢ 4+ 03
Worst 2.3099¢ + 03 2.3319¢ + 03 2.5086¢ + 03 2.3062¢ + 03
Avg. Runtime (s) 0.8550 0.1037 0.6073 0.1900
Rank 2 4 1 3
Mean 2.6882¢ 4 03 2.6244¢ + 03 2.6943¢ 4 03 2.7256¢ + 03
Std 116.5157 126.1103 102.43 90.835
F9 Best 2500 2.5008¢ + 03 2.5009¢ + 03 2.500e + 03
Worst 2.8200e + 03 2.7906e + 03 2.8064¢ + 03 2.7839¢ + 03
Avg. Runtime (s) 0.8343 0.1073 0.6698 0.3184
Rank 2 1 3 4
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Table 4 continued

Function Index L-WSONM(« = 10) WSO WSONM (« = 10) L-WSO
Mean 2.9222¢ 4+ 03 2.9225¢ + 03 2.916¢ + 03 2.9332¢ + 03
Std 23.7697 22.7915 17.694 21.019

F10 Best 2.8977¢ 4+ 03 2.8978¢ + 03 2.8978¢ + 03 2.8977e + 03
Worst 2.9502¢ + 03 2.9563¢ 4 03 2.9463¢ 4 03 2.9497¢ 4 03
Avg. Runtime (s) 0.7041 0.0959 0.5596 0.1814
Rank 2 3 1 4

Sum Rank 18 31 18 33

Mean Rank 1.8 3.1 1.8 3.3

Total Rank 1 2 1 3

Table 6 reports the results of the nonparametric Wilcoxon
signed-rank test, which assesses whether the proposed algo-
rithm exhibits statistically significant differences in perfor-
mance at the 5% significance level compared to its com-
petitors. In this table, a symbol + denotes that L-WSONM
significantly outperforms a specific algorithm, a — indicates
significantly worse performance, and an = denotes no sta-
tistically significant difference.The ranksum command was
used to evaluate our results. This nonparametric test does
not assume normality of the data and is suitable for rela-
tively small to moderate sample sizes (30 independent runs
per function). Extremely small p-values indicate that the
proposed method consistently outperforms the competitors,
confirming statistical significance. Additionally, the table
includes the Overall Effectiveness (O E) metric, which sum-
marizes the relative performance of L-WSONM against all
competitors. The O E metric is computed as follows

OE = (Ty — T1)/Ty) x 100 (33)

Here, Tw is fixed at 10, while 7; denotes the number of
unsuccessful evaluations for each algorithm. The proposed
L-WSONM algorithm attains an Overall Effectiveness (O E)
score of 100% when compared to POA, GJO, RSA, WSO,
TSA, GA, PDO, and SOA, and achieves a 90% OE score
against the GWO algorithm.

4 Cruise control system

The vehicle speed v is regulated to follow the reference speed
vref by modulating the engine throttle angle «. The longitudi-
nal dynamics of the vehicle are described by Eq. (34), where
The terms Fy, F,, and F, refer to the driving force produced
by the engine, the aerodynamic drag force, and the resistance
due to slope, respectively.

dv

@ Springer

Inertial resistance is modeled by the expression M Z—;’. A
schematic diagram of the vehicle cruise control system is
displayed in Fig. 6, in which 0, v,,, C,, and M represent the
road angle, wind gust speed, aerodynamic drag coefficient,
and total mass, respectively. This paper models the vehicle’s
state using Egs. (35) and (36) neglecting wind gust speed and
climbing resistance [52].

b= % (Fd - Cavz) (35)

. 1
Fa =7 (Ciu(t — 1) = Fa) (36)

To maintain equilibrium at the nominal operating speed of
vo = 30km/h, anominal driving force F;q and a correspond-
ing nominal throttle position u( are given as follows:

Fu0 = Cyv3 (37)
Fao
uo C (38)

The following expressions are derived by linearizing the
nonlinear cruise control system model around the specified
operating points:

2C,v0 1
— ) —F, 39
oY + 2 Fe (39)

. 1 C
8Fy = —8F + 71814(1‘ — 1) (40)

80 =

Based on the linearized dynamics, the transfer function of
the vehicle cruise control system is obtained as follows:

AV (s) C
G(S) = =
AU(s) (s —p1)(s — pa)(s — p3)
2.4767
= (41
(s +0.0476)(s + 1) (s + 5)
where C = <L, py :—20171”0, pr=—%. p3=—1,

and the parameters of the cruise control system are listed in
Table 7.
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Fig.4 Convergence behavior of the different algorithms on the test functions (F1-F10)

This transfer function accurately captures the dynamics of
the linear approximation of the vehicle cruise control system,
serving as a foundation for analyzing and designing control
strategies aimed at precise speed regulation and enhanced
driving performance.

5 L-WSONM algorithm-based RPIDD?
controller design

In a standard PID controller, the output is shaped by three tun-
ing constants: proportional (K ,), integral (K ), and derivative
(K4) gains. These parameters regulate the influence of each
component in the controller output and are mathematically
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Fig.4 continued

represented as follows[57]:

K.
Cpip(s) =K, + Tt + Kys (42)

The conventional PID controller is widely applied in
numerous domains. Nevertheless, for dynamic applica-
tions like cruise control systems, greater flexibility is often
required. As a result, various modified forms of the PID
controller have been investigated. An advanced form of
the PID controller, known as the RPIDD? controller, has
shown enhanced performance in terms of system stability
and steady-state precision [3]. This controller is derived by
augmenting the standard PID structure with a second-order
derivative term. To mitigate the effects of high-frequency
noise, low-pass filters are also integrated into the derivative
components. These additions help reduce the steady-state
error and enhance the overall stability of the system. The
RPIDD? controller’s transfer function is defined as:

Kl' N1S
Crpop2 () = Kp+T+Kd ST
Nps )2

43
s+ Np *3)

+Kia (

@ Springer

4400
4200

&

2 4000

=

2 3800

g

S 3600

jol

5 3400

Q

@
% 3200
o

"o 3000

2

5 2800
2600 |

—

(17

2400 [

50 100 150 200 250 300 350 400 450 500
No of iterations

F10

Avarage best score obtained so far

3400
3200 k
=

50 100 150 200 250 300 350 400 450
No of iterations

where K, K;, K4, and K 44 denote the gains associated with
proportional, integral, derivative, and second-order deriva-
tive terms respectively, while Nj and N, represent the filter
coefficients. Figure7 presents the internal structure of the
RPIDD? controller.

As illustrated in Fig. 8, the vehicle cruise control system
operates in a closed-loop configuration with the RPIDD?
controller. In this configuration, the controller processes the
error between the reference and actual vehicle speeds to pro-
duce control signals that regulate the throttle input. This
integration enhances the system’s ability to maintain the
desired speed, while improving stability, transient response,
and steady-state accuracy.

5.1 Objective function

In this study, the controller design problem is formulated
as a minimization task to determine the optimal controller
parameters. To achieve an effective and practical solution,
the system’s mathematical model is defined as follows:

K =[K,, Ki, Ka, Kaa, N1, NaI' (44)
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Fig.5 Boxplot diagram of the proposed L-WSONM algorithm and alternative algorithms on the test functions (F1-F10)

In this study, the objective function F (12 ) employed for
controller performance evaluation is defined as follows [39]:

F) = (1-e7) (T8 4 By ) + 0@~ ) @49)

This function provides a trade-off between maximum over-
shoot percentage (%0S), steady-state error (Ejy), settling
time (7), and rise time (7}), with p acting as a weighting

coefficient. Based on simulation results, the optimal perfor-
mance is achieved when the weighting coefficient is set to
p = 1. Table 8 presents the selected parameters for the L-
WSONM algorithm along with the defined boundaries for
tuning the real PIDD? controller.

The tuning process of the real PIDD? controller using the
proposed L-WSONM algorithm for the vehicle cruise con-
trol system is depicted in Fig.9. According to the figure, the
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Fig.5 continued

parameters of the L-WSONM algorithm are first initialized,
followed by the generation of a random population of agents.
The proposed algorithm then iteratively updates the parame-
ters of the RPIDD? controller by optimizing the objective
function, F (I? ). The process iterates until the predefined
maximum number of iterations is completed, ultimately pro-
ducing the controller’s optimal parameters.

5.2 Statistical assessment

An analysis was conducted to evaluate the efficiency of the
proposed L-WSONM (« = 25) method in comparison with
the L-WSO, WSONM («¢ = 25) and standard WSO algo-
rithms. Each algorithm was independently executed 30 times
using a population of 30 individuals and a maximum of 50
iterations. The resulting ZGL objective function values were
used to calculate statistical indicators such as the mean, stan-
dard deviation, best, and worst outcomes. As depicted in
Fig. 10, L-WSONM demonstrates consistently better perfor-
mance, achieving lower ZGL values across all runs.

Table 9 presents the statistical performance comparison
of the four algorithms, including mean, standard deviation,
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best, and worst values, along with the results of the Wilcoxon
signed-rank test. These descriptive statistics, combined with
the nonparametric test outcomes, provide a comprehen-
sive assessment of algorithmic performance. Across all
metrics, the proposed L-WSONM algorithm consistently
outperforms the competing methods (WSO, WSONM, and
L-WSO). In particular, L-WSONM achieves the lowest mean
and best (minimum) values, indicating superior optimization
capability. Its notably small standard deviation demonstrates
greater stability and consistency across the 30 independent
runs. Furthermore, the worst-case value of L-WSONM is
also lower than those of the other algorithms, confirming its
robustness even under challenging conditions. The results
of the Wilcoxon signed-rank test further validate these find-
ings: L-WSONM is marked as the statistical winner, whereas
the competing algorithms yield significantly higher p-values.
This provides strong evidence that the performance improve-
ments obtained by L-WSONM are statistically significant.
The comparative performance of the WSO, WSONM,
L-WSO, and L-WSONM algorithms is illustrated using box-
plots in Fig. 11. These box-and-whisker plots visually sum-
marize the distribution and variability of the metric values
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u Cie™ ™
Ts+1

Fig.6 Vehicle cruise control system dynamics [3]

Table 7 The parameter values

. . Parameter Definition Value Unit
of the vehicle cruise control
system (adapted from [22]) C, Aerodynamic drag coefficient 1.19 N/(m/s)?
Cy Actuator constant 743 -
T Observation time 1 sec
T Driver reaction time 0.2 sec
M Mass of vehicle and passenger 1500 kg
g Gravitational acceleration 9.8 m/s?
Fy min Minimum saturation limit — 3500 N
Fa,max Maximum saturation limit 3500 N
N
> K i 31 +
S »
+
Input »| | Output
+ )
+

Fig.7 Block diagram of real RPIDD? controller

Fig.8 RPIDD? controlled

icle orui AVies(s) -
vehicle cruise control system

2.4767 AV({)

K K; K Nis K N,s 2 >
pt 5 Ba | o) T Bae| oo (s+0.0476) (s +1)(s+5)
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Table 8 Design boundaries of

the RPIDD? controller and Parameters

Value

parameter settings of the
L-WSONM algorithm

Lower bounds for [K, K; Kq Kqq N1 N2]
Upper bounds for [K, K; Kqg Kqq N1 N2]

[1,0.1,1,0.1,100,100]
[10, 1,10,1,1000,1000]

Population size 30
Total number of iterations 50
Variable size 6
Constant, ag 6.25
Constant, a; 100
Constant, ay 0.0005
Maximum frequency of the wavy motion, fi,qx 0.75
Minimum frequency of the wavy motion, fi,i, 0.07
Initial velocity, pmax 1.5
Subordinate velocity, pyin 0.5

Lévy flight 2

2 2l

Nelder-Mead

3

‘ Update parameters

kyp ki kg | kaa | N1 | Ny
[ (o6 o o o
[ (e o o o

RPIDD? controller

IThe proposed L-WSONM}—

‘ Evulate objective function, F'{ 12)

AV(s)

Fig.9 Optimization of the controller’s parameters for the vehicle cruise control system using the proposed L-WSONM

obtained from each algorithm. Notably, the L-WSONM box-
plotexhibits alower median and a more compact interquartile
range compared with those of WSO, WSONM, and L-WSO.
This indicates that L-WSONM not only delivers superior
median performance but also demonstrates greater consis-
tency across the 30 runs.

5.3 Convergence rate analysis

The convergence curve of the proposed method was evalu-
ated in comparison to the original WSO-based approach. As
illustrated in Fig. 12, the proposed L-WSONM algorithm is
capable of reaching lower objective function values in the
later stages of iteration and ultimately achieves a better min-

imum compared to the WSO optimizer. This demonstrates
that, for the vehicle cruise control system, the proposed
approach achieves more effective convergence than the orig-
inal WSO algorithm (Figs. 13, 14).

6 Simulation results and discussion

For the analysis, controller parameters were extracted using
WSO and L-WSONM. The best parameter set from WSO is:
K, =6.7891, K; = 0.9815, K4 = 9.4496, K44 = 0.8711,
N1 = 826.1547, N, = 281.0639. These values lead to the
closed-loop transfer function expressed in Eq. (46).

@ Springer
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Table9 Statistical measures and Wilcoxon signed-rank test analysis

Algorithm Mean Std Best Worst Avg. Runtime (s) Wilcoxon Test
WSO 0.0914 0.0037 0.0870 0.1010 30.27 p=3.0199e—-11
WSONM 0.0856 0.0027 0.0829 0.0937 78.36 p =3.6459¢—08
L-WSO 0.0865 0.0051 0.0828 0.1035 54.24 p =2.8314e—08
L-WSONM (Proposed) 0.0830 3.41e—04 0.0827 0.0838 117.11 Winner
0.105 T . 0.115 T
—e— WSO ®
® —6— WSONM
2 —6—L-WSO 0.11
2 o1t —6— L-WSONM 9
g =
2 > 0.105
g g
£ 00s P
o g2
g 2
3 'S 0.095
= 0.09F 3
: :
(3 o 0.09
N 0.085+ N
8 0.085
M
0.08 ! 0.08
0 5 10 15 20 25 30 0 10 20 30 40 50
Number of Independent Runs Iteration Number
Fig. 10 Objective function ZGL values for each run Fig. 12 Best convergence curves of WSO and L-WSONM
1
+
10 -
g o1r 1
= 9r 1
>
st —
§ 0.095 1 7L |
~ wm
g e E 6 [ )
g ! o
2 009+ l ] g st ]
o ' S —K
0 ‘ ' gt |
d JR — _Ki
0.085 ] 3r Ka 17
— —— ; 2r Kdd ]
WSO WSONM L-WSO L-WSONM N=——
Algorithms 0 \ \ \ \
0 10 20 30 40 50
Fig. 11 Boxplot analysis of WSO and L-WSONM algorithms Iteration Number
Fig. 13 Variation of K,,K;,K; and K44 parameters over iterations
using the proposed L-WSONM algorithm
1.898¢055* 4 1.517¢08s> + 1.537¢09s> + 1.099¢09s + 1.586¢08
TFwso = (46)

57+ 1394s5° + 5.518¢05s° + 6.875¢07s* + 5.493¢08s3 + 1.882¢09s2 + 1.114e09s + 1.586¢08

Likewise, the optimal controller parameters determined
using the L-WSONM algorithm are: K, = 7.7760, K; = and Np = 984.7011 (see Figs. 13 and 14). Substituting these
0.9153, K; = 10.0000, K ;5 = 0.9743, N1 = 735.5033, values into the transfer functions within the feedback con-
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1000
900
800 H
700

600 [-

Parameters

500 |
400 -
300

200

100 Il Il Il
0 10 20 30 40 50

Iteration Number

Fig. 14 Variation of N1 and N2 parameters over iterations using the
proposed L-WSONM algorithm

1 ________
= 08f 4
= —— WSO
= —— L-WSONM
) =— = Reference
&0 0.6 7
<
=)
<
2
504+ 4
Q
<
02r J
0 1 1 1
0 0.5 1 1.5 2

Time (s)

Fig. 15 Comparative step responses of velocity changes for the WSO-
and L-WSONM-based real PIDD?-controlled cruise control systems.

Table 10 Comparison of transient response specifications

Algorithm OS (%)  t, (s) ts (S) Ess
WSO 0 0.488 0.784  0.0027474
L-WSONM (proposed) 0 0463  0.692  0.00017022

figuration illustrated in Fig.8 results in the corresponding
closed-loop transfer function as given in Eq. (47). Figure 15
shows the comparative step responses of velocity changes
for the WSO- and L-WSONM-based real PIDD?-controlled
cruise control systems.

Table 11 Comparison of frequency response specifications

Algorithm WSO L-WSONM (proposed)
Peak gain (dB) 1.0231 1.0157
Gain margin (dB) 47.7 58.1
Phase margin (deg) 171 172
Delay margin (s) 6.1235 5.9918
Bandwidth (Hz) 4.5425 4.7092
Bode Diagram
0 T
% -0t 1
3
220+ 1
‘g
2 0l ]
< -
-40 t ‘ ‘
0 : :
g" 45f 1
2
2 90+ |
(=9
-135 : : :
107 107! 10° 10! 10°

Frequency (rad/s)

Fig. 16 The frequency response of the L-WSONM-based RPIDD?-
controlled vehicle cruise control system

Table 10 presents a numerical comparison of over-
shoot, rise time, settling time, and steady-state error for
the vehicle cruise control system using the proposed L-
WSONM algorithm-based RPIDD? controller versus the
WSO algorithm-based controller. The developed controller
demonstrates superior performance by significantly reducing
the rise time, settling duration, and steady-state deviation.

The L-WSONM-based RPIDD? controller is additionally
examined through frequency-domain evaluation. Accord-
ingly, key frequency domain performance metrics including
peak gain, gain margin, phase margin, delay margin, and
bandwidth are reported in Table 11. Figure 16 presents the
Bode plot of the vehicle cruise control system configured
with the proposed controller.

6.1 Robustness test

To verify the robustness of the L-WSONM-based design, the
system was extensively analyzed under diverse parameter

2.358¢06s* 4+ 1.757¢09s> + 1.771e10s2 + 1.374¢10s + 1.617¢09

TFL._wsoNnm =

s7 4 2711s% + 2.435¢06s5 + 7.302¢08s% + 6.083¢09s3 + 2.148¢10s2 + 1.391¢10s + 1.617¢09

47
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Table 12 Performance analysis Scenarios Metrics WSO L-WSONM
in the time domain under
varying operational settings Scenario 1 (M = 1600, 7 = 0.18) f (s) 0.53 0.499
ts (8) 1.144 0.828
OS (%) 0 0
Eg 0.003198 9.1437e—05
Scenario 2 (M = 1550, ¢ = 0.19) t (s) 0.507 0.479
ts () 0.899 0.75
OS (%) 0 0
Eqs 0.002928 9.5304e—05
Scenario 3 (M = 1400, t = 0.22) 1 (s) 0.453 0.433
tg () 0.666 0.614
OS (%) 0.34062 1.4618
Eqs 0.0026148 0.00048865
Scenario 4 (M = 1350, t = 0.16) t () 0.452 0.429
Is (s) 1.16 0.755
OS (%) 0 0
Eqs 0.0033787 0.0010315
Scenario 5 (C, = 0.9520) t () 0.485 0.461
ts () 0.767 0.684
OS (%) 0 0
Egs 0.00034153 .0020263
Scenario 6 (C, = 1.4280) 1y (s) 00.49 0.465
ts (s) 0.804 0.702
OS (%) 0 0
Egs 0.005142 0.0023572
Scenario 7 (vo = 20 km/h ) tr (s) 0.483 0.459
ts (8) 0.757 0.678
OS (%) 0.1269 0.011557
Egs 0.001269 0.0034962
Scenario 8 (v9p = 35 km/h ) t (S) 0.49 0.465
ts () 0.8 0.7
OS (%) 0 0
Egs 0.0047437 0.0019934

conditions. The time-domain performance metrics of the L-
WSONM algorithm were compared with those of the original
WSO algorithm. The analysis results offer important insights
into the L-WSONM approach’s ability to maintain favorable
performance despite variations in parameters. Four unique
scenarios were analyzed, each incorporating variations in the
M and t parameters to represent different operating condi-
tions. Furthermore, two scenarios investigate a £20% change
in the aerodynamic drag coefficient, while the remaining
two scenarios examine different velocity step responses of
20km/h and 35 km/h. The time-domain performance metrics
are presented in Table 12. Time-domain metrics demonstrate
the consistent performance and robustness of the proposed
L-WSONM-based controller under the presence of param-
eter variation. The largest deviations observed are 1.4618%

@ Springer

for overshoot, 0.0340s for rise time and 0.1360s for settling
time. As the deviations stay within reasonable bounds, our L-
WSONM-based controller demonstrates strong robustness to
parameter changes. The L-WSONM algorithm demonstrated
reliable and efficient system performance under varying
parameters, emphasizing its robustness and stability.

Table 13 summarizes the gain margins (GM), phase mar-
gins (PM), and gain crossover frequencies (wg.) of the
proposed RPIDD? controller across varying vehicle speeds
and masses. The results indicate that the controller maintains
high gain and phase margins for all considered operating
points, suggesting robust stability under different vehicle
dynamics.

The Status column, indicated by a checkmark (v*), con-
firms that the controller satisfies standard robustness criteria



Optimal real PIDD? controller design for vehicle cruise control via Lévy. ..

Page250f31 36

Table 13 Gain and phase

margins of the proposed Speed (km/h) Mass (kg) GM (dB) PM (deg) g, (rad/s) Status
RPIDD? controller across 30 1600 57.8 171 0.503 v
varying vehicle speeds and
masses 30 1400 57.5 173 0.497 v
30 1300 56.8 173 0.49 v
40 1500 58.1 173 0.441 v
20 1500 58.1 171 0.561 v
15 1500 58.1 171 0.591 v
40 1600 58.7 172 0.499 v
20 1400 57.5 172 0.563 v
15 1300 56.8 172 0.602 v
Vehicle Response to 5° Slope ‘
3 'Slope 5° iFlat ‘ I _-— - = ===
| : =08} ]
— 25+ ' : - — =Reference 1 E
< ' ! Vehicle Speed =
E L 1 1 4 ]
4,20 | | 206F 1
o . ! <
8 15 1 1 4 'JL:;
) : : B
° ' | = 041 ——RPO-PID i
< 10 ' ! 1 9 ——— ObAOANM-PID
= ' ' 2 AOANM-PID
=~ s : | , oal ———RSALF-PID |
' ! ' ———MRFO-PID
! | ~— L-WSONM-RPIDD?(Proposed)
U 1 | ) 0 — = Reference |
s : ‘ : ‘ 0 0.5 1 1.5 2
0 5 10 15 20 Time (s)

Time s

Fig. 17 Vehicle speed response under multiple slope disturbances

Vehicle Response to Step 10 m/s Crosswind at t=2s
:Crosswind Applied ‘ ‘

= = Reference
Vehicle speed | |

Vehicle Speed [km/h]
S o

W

0 5 10 15 20
Time [s]

-5

Fig. 18 Vehicle speed response under a 10 m/s crosswind disturbance

Fig. 19 Comparison of the closed-loop system’s step responses with
different optimized PID controllers and the proposed approach

(e.g., GM > 6 dB, PM > 30°) across the tested range of
speeds (15-40km/h) and vehicle masses (1300-1600kg).
These results demonstrate that the RPIDD? controller consis-
tently maintains robust stability and adequate performance
despite variations in vehicle operating conditions.

6.2 Sensitivity analysis to road slope

The L-WSONM-based RPIDD?-controlled vehicle cruise
system is further evaluated for slope disturbance rejection.
Figure 17 illustrates the system response to a 5° slope applied
between t = 2 s and r = 10 s. When the vehicle encounters
the upward slope, its velocity decreases due to the additional
resisting force from gravity. This climbing resistance acts
against the vehicle’s motion, causing a dip in speed. The
proposed L-WSONM-based PIDD? controller compensates
for this deviation; however, the vehicle speed recovers grad-
ually, resulting in a small steady-state error. This behavior
demonstrates the realistic performance of the controller, and
adding feedforward compensation proportional to M g sin(6)
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Table 14 Performance

comparison between the Methods t (s) ts (s) 0S (%) Egs (km/h)

proposed controller and recently RPO-PID [33] 0.695 0.99989 0 0.021089

developed PID controllers for

cruise control systems ObAOANM-PID [34] 0.746 1.172 0 0.007371
AOANM-PID [35] 0.803 1.257 0.41479 0.0012493
RSALF-PID [36] 0.692 1.072 0.35543 0.01092
MRFO-PID [35] 0.819 1.269 0.88861 0.0070882
L-WSONM-RPIDD? (Proposed) 0.463 0.692 0 0.00017022

could reduce the steady-state error and improve tracking per-
formance under slope disturbances.

6.3 Sensitivity analysis to crosswind

This subsection assesses the performance of the L-WSONM-
based RPIDD? controller in suppressing the effects of cross-
wind disturbances. Figure 18 presents the vehicle response
to a crosswind disturbance. When a crosswind disturbance
is applied, the vehicle velocity drops from 30km/h to
approximately 29.22 km/h. The proposed L-WSONM-based
RPIDD? controller then acts to recover the vehicle speed back
toward the reference value.

6.4 Comparison with recently developed controllers

In this section, we utilize the most effective methods reported
in the literature to highlight the superior performance of
the proposed L-WSONM-based RPIDD? controller for the
cruise control system. For this purpose, we adopted PID con-
trollers based on the red panda optimization algorithm (RPO)
[33], opposition based learning arithmetic optimization with
nelder-mead (ObAOANM) [34] the hybrid arithmetic opti-
mization algorithm with nelder-mead (AOANM) [35], Lévy
flight-based reptile search algorithm (RSALF) [36] and
manta ray foraging algorithm (MRFO) [35].

As shown in Fig.19, the comparative step responses
confirm the strong performance of the proposed L-WSONM-
based RPIDD? approach. The figure highlights the pro-
posed approach’s enhanced transient response in adapting
to velocity variations within the cruise control system. Fur-
thermore, detailed analysis of several time-domain metrics
was undertaken to provide a clearer understanding of the
proposed method’s performance. The proposed controller
demonstrates better performance than other optimized PID
controllers in key time-domain measures; settling period, rise
time, overshoot and steady-state error as detailed in Table 14.
The findings demonstrate that the proposed method signifi-
cantly enhances control precision and operational efficiency
in cruise control systems, surpassing the performance of opti-
mized PID controllers.

@ Springer

1 _____
=08 1
g
<3
&
0.6 1
<
=
5 L
>
= 04 ——— HHO-FOPID i
5 0.
3 ——— AHA-FOPID
2 GA-PI'D
02 — b-INFO-PI"DND?*N? I
: ——— mAHA-FOPID
—— L-WSONM-RPIDD?(Proposed)
= = Reference
0 1 T T
0 0.5 1 1.5 2

Time (s)

Fig. 20 Comparison of the closed-loop system’s step responses
with different optimized fractional-order controllers and the proposed
approach

Next, to validate the efficacy of the proposed approach,
it is rigorously compared with several fractional-order con-
trollers, including FOPID, PI*D and the PI*DN D*N?
controller, as reported in the literature. These controllers
tuned using Harris hawks optimization (HHO) [20], the
artificial hummingbird algorithm (AHA) [37], the genetic
algorithm (GA) [38], the boosted weighted mean of vectors
(b-INFO) [39] and the modified artificial hummingbird algo-
rithm (mAHA) [37]. This detailed comparison forms a solid
basis for emphasizing the effectiveness of  the proposed
controller. The superiority of the proposed method becomes
apparent when benchmarked against existing techniques, as
shown in Fig.20. As depicted in the figure, our approach
demonstrates excellent effectiveness in delivering excep-
tional control capabilities. The corresponding time-domain
performance metrics are provided in Table 15 to gain a clearer
perspective on the operational dynamics of the proposed
method. With respect to percent overshoot, rise time, set-
tling time, and steady-state error, the b-INFO-P [ *DND?N?
controller provides good performance metrics. However, the
proposed method demonstrates superior performance com-
pared to all optimized fractional-order controllers, including
the b-INFO-PI* DN D*> N? controller. The exceptional per-
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Table 15 Performance

comparison between the Methods tr () ts (S) 0S (%) E,; (km/h)
proposed controller and recently gy ROPID [20] 0.703 1.0722 0 0.0063141
developed fractional-order
controllers for the cruise control  AHA-FOPID [37] 0.658 0.986 1.9747 0.0029527
system GA-PI*D [38] 0.692 1.072 0 0.01092
b-INFO-PI*DN D>N? [39] 0.652 0.991 0 0.0096876
mAHA-FOPID [37] 0.661 1.043 0 0.0075974
L-WSONM-RPIDD? (Proposed) 0.463 0.692 0 0.00017022
algorithm (SSA) [22], and the Aquila Optimizer enhanced
S with a modified oppositional chaotic local search strategy
(CmOBLAO) [22], Runge Kutta optimizer (RUN) [3] and its
=08t : improved Runge Kutta optimizer (IRUN) [3]. These meth-
g ods demonstrated effective and strong performance, making
}; 06l | them areliable benchmark for evaluating the strengths of our
f:% proposed approach. Figure 21 visually illustrates the superi-
s —— PSORPIDD? ority of the proposed L-WSONM-RPIDD? approach com-
'§ 0.4 ———SSA-RPIDD? )l pared to other methods through comparative step response
S CmOBLAO-%"IDDZ analysis. As shown in the figure, our proposed method
02 :?ﬁf;&%z i significantly improves the system’s transient response to
——— L-WSONM-RPIDD? (Proposed) velocity changes. Table 16 provides time-domain charac-
‘ = = Reference teristics for various optimized RPIDD? controllers, offering
00 0.5 1 15 2 a comprehensive evaluation of the developed controller.
Time (s) The L-WSONM-RPIDD? controller offers improved tran-

Fig. 21 Comparison of the closed-loop system’s step responses with
different optimized RPIDD? controllers and the proposed approach

formance of the proposed controller highlights its strong
potential to improve control precision and system efficiency.
These findings reinforce the method’s effectiveness, marking
it as a notable advancement in vehicle cruise control technol-
ogy.

Finally, to thoroughly validate the potential of the pro-
posed approach, extensive comparisons were carried out
against RPIDD? controllers optimized using various tech-
niques reported in the literature. This comprehensive eval-
uation included benchmarking the proposed method against
RPIDD? controllers tuned using different algorithms, namely
the particle swarm optimization (PSO) [22], the salp swarm

sient performance—faster rise time, faster settling time, and
reduced overshoot—at the cost of a slightly higher steady-state
error relative to the SSA-RPIDD? controller.

Table 17 presents the robustness analysis across eight
operating scenarios and reveals clear performance differ-
ences among the RPIDD?-based controllers. Overall, the
L-WSONM-RPIDD? controller consistently provides the
most favorable results in both transient and steady-state
metrics. Across all scenarios, L-WSONM-RPIDD? achieves
the lowest rise time (#-) and settling time (#;), demonstrat-
ing faster transient response, especially under variations in
mass, aerodynamic drag coefficient, and initial velocity. The
steady-state error (Ey,) results further highlight its superi-
ority, as it yields the smallest Eg in every scenario, often
with a significant margin. Although SSA-RPIDD? occasion-
ally offers slightly better overshoot values, it does not match

Table 16 Performance
comparison between the

proposed controller and recently
developed RPIDD? controllers
for the cruise control system

Methods t (s) ts (s) 0S (%) E,s (km/h)
PSO-RPIDD? [22] 0.771 1.212 0.4229 0.0024781
SSA-RPIDD? [22] 0.732 1.112 0.35409 0.00016423
CmOBLAO-RPIDD? [22] 0.654 0.998 0 0.0039592
RUN-RPIDD?[3] 0.668 1.022 0 0.010551
IRUN-RPIDD? [3] 0.602 0.909 0 0.0091911
L-WSONM-RPIDD? (Proposed) 0.463 0.692 0 0.00017022

The bold entries indicate the best (optimal) performance values among the compared methods
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the steady-state precision of L-WSONM-RPIDD?. Over-
all, the results confirm that L-WSONM-RPIDD? delivers
the best balance of rapid response, minimal overshoot, and
high steady-state accuracy across diverse operating condi-
tions. The results underscore the efficacy of the developed
method, demonstrating that the vehicle cruise control system
improves control precision, system efficiency, and reliability.

7 Conclusions

This paper presents the Lévy flight-based White Shark Opti-
mization (WSO) algorithm integrated with the Nelder—Mead
simplex method, referred to as L-WSONM, applied to vehi-
cle cruise control systems. The proposed L-WSONM was
benchmarked against state-of-the-art algorithms—including
GWO, POA, GJO, RSA, WSO, TSA, GA, PDO, and
SOA-using the CEC2020 test suites. Statistical metrics and
Wilcoxon signed-rank tests demonstrate that L-WSONM
achieves competitive or superior performance in solving
complex optimization problems, with the exception of func-
tions F2 and F9.

The integration of L-WSONM with the RPIDD? con-
troller significantly enhances both precision and efficiency
in vehicle cruise control. Extensive experimental and ana-
lytical evaluations confirm that the proposed framework is
robust, adaptable, and capable of maintaining consistent per-
formance across diverse operating conditions. Compared to
existing PID, FOPID, RPIDD?, and other advanced control
schemes, the L-WSONM-based RPIDD? controller demon-
strates clear advantages in convergence behavior, transient
response, and overall control quality. However, it is noted
that the SSA-based RPIDD? controller achieves a slightly
lower steady-state error in certain scenarios, highlighting a
limitation of the proposed method in this specific aspect.

However, despite these benefits, L-WSONM incurs a
modest increase in computational cost due to the addi-
tional Nelder—Mead local search and Lévy flight steps.
Furthermore, in simpler or low-dimensional scenarios, the
performance improvement over standard WSO or other
conventional optimizers may be limited. These limitations
highlight that while L-WSONM provides a powerful and
effective optimization tool, its application should be con-
sidered alongside computational constraints and problem
complexity.

Overall, the proposed approach demonstrates the poten-
tial to enhance driving safety and operational efficiency
by improving control accuracy and stability. The findings
provide valuable insights for future advancements in auto-
motive control systems and metaheuristic-based optimiza-

tion, encouraging further exploration of hybrid optimization
strategies in practical engineering applications.
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