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ABSTRACT

This paper presents the Fig Tree Optimization (FTO) algorithm as a novel nature-inspired metaheuristic
for solving complex optimization problems, focusing on automotive applications. Inspired by root sucker
propagation and seed dispersal in fig trees, FTO executes these two search strategies in a parallel and
overlapping manner, resulting in rapid convergence toward solutions near the global optimum. The
effectiveness of FTO is systematically validated through extensive experiments on 28 benchmark
functions, including 16 classical benchmark functions and 12 standard benchmark functions. Its
performance was compared against four state-of-the-art algorithms: Growth Optimizer (GO), Puma
Optimizer (PO), Success-Based Optimization Algorithm (SBOA), and Gray Squirrel Food Search
Algorithm (GSFA). The results consistently demonstrate the superiority of FTO in terms of accuracy,
convergence speed, and solution quality. The practical application of FTO was evaluated by tuning a
PID controller in an Adaptive Cruise Control (ACC) system and comparing its performance with the PO
algorithm across three modes. In the first mode, with computational time similar to PO, the average best
cost was 4-fold higher, making it suitable for energy-limited scenarios with lower accuracy requirements.
In the second mode, a 33% longer runtime yielded a 1.5-fold performance improvement, fitting cases
with constrained energy and time but requiring high accuracy. In the third mode, a 143% increase in
runtime (reducible to 33% in parallel) enhanced overall efficiency by 8.15-fold. This mode is appropriate
when ample resources are available and high accuracy is required. FTO is an efficient tool for both
benchmark and real-world challenges.
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Not all root suckers and seeds develop into mature trees
Atree may produce hundreds of seeds, but only one or two have the chance to grow.
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1. INTRODUCTION

Throughout history, humans have consistently sought to
maximize the efficiency and optimal use of their limited
resources across various domains. This drive for
enhanced productivity has spurred the development of
advanced optimization methods, which are now
indispensable in fields such as engineering, economics,
resource management, and modern technologies (1).
Optimization is formally defined as the process of
identifying the optimal value of an objective function
subject to a set of constraints (2). These methods can be
broadly categorized into two main types: Deterministic
Methods and Stochastic Methods (3, 4). Deterministic
methods rely on rigorous mathematical principles and
guarantee precise solutions when the problem falls within
their scope. Examples include Linear Programming (LP)
(5) and Gradient-Based Optimizer (GBO) (6). In
contrast, stochastic methods employ random search
techniques to explore the solution space and typically
converge to either the optimal or near-optimal solution
after multiple iterations. These methods are particularly
well-suited for addressing complex, nonlinear, and
multifaceted problems that deterministic approaches
often fail to solve effectively. Stochastic methods are
further divided into two subcategories: Heuristic and
Meta-Heuristic approaches. Heuristic methods adopt
straightforward strategies based on rules of thumb or
prior experience to derive solutions. On the other hand,
meta-heuristic methods are more sophisticated and are
specifically designed to tackle intricate, nonlinear, and
high-dimensional problems that heuristic methods cannot
efficiently resolve (3, 4). Many meta-heuristic algorithms
draw inspiration from biological, physical, or natural
phenomena, making them versatile tools for solving
complex, challenging, and sometimes intractable real-
world problems. Meta-heuristic algorithms are
characterized by several key advantages, including ease
of implementation, adaptability to external factors
influencing the problem, effective exploration of the
solution space, capability to identify global optima,
independence from gradient information, and avoidance
of local optima traps. Consequently, these methods have
gained significant popularity in recent years due to their
ability to address complex real-world challenges (7).
Meta-heuristic algorithms can be further classified into
two broad categories: Metaphor-Based and Non-
Metaphor. Non-Metaphor algorithms are inspired by
mathematical or computational concepts and do not
mimic any natural or biological processes. These
methods typically rely on mathematical principles or
random search techniques Examples include Runge—
Kutta method (RUN) (8) and Newton-Raphson-Based
Optimizer (NRBO) (9). In contrast, Metaphor-Based
algorithms are inspired by natural, physical, or biological
phenomena (3, 4). Based on their sources of inspiration
and design principles, meta-heuristic algorithms can be

grouped into three primary categories: Human-Inspired,
Laws-Inspired, and Nature-Inspired. Figure 1 shows the
classification of metaheuristic algorithms. The Human-
Inspired category encompasses algorithms inspired by
human behavior, both at the individual and collective
levels. Examples include social or group behaviors such
as Hiking Optimization Algorithm (HOA) (10), Rock-
Climbing Group (RCG) (11), Gold Seekers Algorithm
(GSA) (12), Human Felicity Algorithm (HFA) (13), as
well as individual behaviors like Deep Sleep Optimizer
(DSO) (14) and Creative Thinking Algorithm (CTA)
(15). The Laws-Inspired category consists of algorithms
rooted in fundamental laws of nature and science. These
methods leverage principles derived from various
scientific domains and can be further subdivided into
three subcategories: Physical Laws, Chemical Laws, and
Biological Laws.

Physical Laws: Examples include gravity, particle
motion, and energy dynamics. For instance, algorithms
such as the Projectiles Optimization (PRO) (16), and
Henry Gas Solubility Optimization (HGSO) (17) are
inspired by these concepts.

Chemical Laws: Including chemical reactions,
molecular  transformations, and thermodynamic
processes. For instance, some of these algorithms are
Atomic Orbital Search (AOA) (18), and Homonuclear
Molecules Optimization (HMO) (19).

Biological Laws: These algorithms are often inspired by
natural processes, such as genetic evolution, cellular
growth, and ecological interactions. For example,
Cellular Genetic Algorithms (CGA) (20) represent one
such approach.

The third category includes algorithms inspired by
natural phenomena, living organisms, ecosystems, and
natural structures. These inspirations manifest in diverse
forms, which can be categorized as follows:
Symbiotic-Based: These algorithms model interactions
between different organisms within an ecosystem, such
as mutualism, parasitism, and commensalism. For
example, the Symbiotic Organisms Search (SOS) (21) is
inspired by such ecological relationships.
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Figure 1. The classification of metaheuristic algorithms
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Swarm-Based: Modelling collective movements and
group dynamics, such as the coordinated behavior of
animals (e.g., gray wolves), plant colonies (e.g., invasive
weeds), or even natural structures (e.g., crystalline
formations). These algorithms are commonly used for
optimization and searching in large, complex spaces.
Examples of Swarm-Based algorithms include Whale
Optimization Algorithm (WOA) (7), Grasshopper
Optimization Algorithm (GOA) (22), Crystal Structure
Algorithm (CryStAl) (23), Dandelion Optimizer (DO)
(2), Growth Optimizer (GO) (24), Walrus optimizer
(WO) (25), Puma Optimizer (PO) (26), Starfish
Optimization Algorithm (SFOA) (27), Success-Based
Optimization Algorithm (SBOA) (28), and Gray Squirrel
Foraging Algorithm (GSFA) (29).
Single-Based: Focusing on the actions of a single
organism or entity in its natural environment, capturing
localized decision-making and survival strategies.
Example of Single-Based include Cuckoo Search (30).
In this paper, we proposed a new meta-heuristic
algorithm called Fig Tree Optimization (FTO), which
mimics the reproduction process of fig trees. To the
authors' knowledge, no research has been conducted in
this area to date. The paper is structured as follows:
Section 2 delves into the inspiration, theoretical
foundations, mathematical modeling, and procedural
steps of the FTO algorithm. Section 3 evaluates the
algorithm's performance through comparative analysis
with four recent meta-heuristics (GO, PO, SBOA and
GSFA) across 28 benchmark functions. Section 4
presents a practical case study, applying FTO to optimize
PID controller coefficients in Adaptive Cruise Control
(ACC) systems. The paper concludes with Section 5,
which summarizes the findings and suggests directions
for future research.

2. FIG TREE OPTIMIZATION (FTO)

In this section, we first discuss the inspiration behind the
proposed method. Subsequently, we present the
mathematical model.

2. 1. Inspiration The fig tree, scientifically
designated as Ficus carica, belongs to the Mulberry
family and is classified as a fruit-bearing plant. This
species typically thrives in tropical and subtropical
regions and is notable for its edible fruits, which can be
found as either solitary or perennial plants in various
parts of the world. Figs are generally recognized for their
sweetness and nutritional benefits. The fig tree features
large palmate leaves and produces fruits that contain
small seeds. It is distinguished not only by its desirable
qualities and flavor but also by its unique propagation
methods compared to other plant species (31). The fig
tree is commonly propagated using four primary
methods:

Cutting: In this method, young and freshly cut fig
branches are taken as cuttings, and under suitable
conditions, they develop roots to become new trees.
Grafting: This involves connecting a part of one fig tree
to another fig tree or another type of tree. This method is
used to transfer desired traits or improve tree
performance.

Root Suckering: After a certain growth stage, some of
the roots of a fig tree emerge as new shoots from the soil
around the mother plant until they grow into mature trees.
Seed Propagation: According to Figure 2, fig tree
propagation through fig fruits is facilitated by tiny wasps
from the Agaonidae family, which have a symbiotic
relationship with the fig tree. This propagation cycle
occurs as follows:

Step One: The female wasp, which has just exited a ripe
fig and is carrying fig pollen (the pollen is stuck to the
wasp's body), flies to an unripe fig (syconium).

Step Two: The female wasp enters the syconium
through a small opening. Due to the narrowness of the
entrance, part of the wasp's body or wings may be
damaged, and the female wasp enters the fig without
wings.

Step Three: The female wasp moves inside the fig, and
as she moves, she spreads pollen, which fertilizes the
female fig flowers, and some of them turn into seeds.
The female wasp simultaneously lays eggs in some of
the flowers and then dies. The eggs turn into larvae,
forming galls inside the fig.

Step Four: The male wasps emerge from the galls and
move to find the female inside the fig to fertilize them.
Step Five: The male wasps dig tunnels for the female
wasps to exit the fig, and then they die inside the fig.
Step Six: The female wasps exit through the tunnels dug
by the males, carrying fig pollen stuck to their bodies,
which they transfer to the female unripe fig. This cycle
continues as the female wasps lay eggs in new figs.

2. 2. Mathematical model of FTO  The proposed
algorithm is inspired by the natural reproductive
behavior of fig trees, which utilize two parallel strategies
for propagation: root suckering and seed dispersal. In the
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Figure 2. Tllustrates the cycle of fig and fig wasp mutualism
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initialization phase, a population of fig trees (candidate
solutions) is randomly distributed across the search
space. Each tree’s growth and reproduction capability is
proportional to its fitness value, representing the quality
of the solution. Reproduction occurs through two distinct
mechanisms:

Root suckering (exploitation): Root suckers develop in
close proximity to the parent tree, representing local
search around promising solutions. This process
facilitates exploitation by intensifying the search in
regions with high fitness values.

Seed dispersal (exploration): Seeds may be dispersed
over varying distances—from nearby to remote
locations—via environmental factors such as wind,
water, or wildlife. This mechanism promotes exploration
by enabling the algorithm to discover new, potentially
optimal regions in the search space.

Not all reproduction attempts succeed. A fig tree may
produce numerous seeds, yet only a small fraction
germinate and develop into mature trees. Similarly, in
FTO, the number of successful offspring is stochastic and
depends on both the parent’s fitness and environmental
constraints. This selective survival mechanism ensures a
balance between exploration and exploitation while
maintaining population diversity.

2.2.1.Initialization Phase The initial population
is defined as POP = {Xi, Xy,..., Xpmax} consists of Pmax
individuals (the maximum number of fig trees in the
search space) that are randomly distributed in the D-
dimensional search space. Each individual X; is
represented as a vector X; = [xi1, Xi2, ..., Xip], Where Xij
denotes the coordinate of the i-th individual in the j-th
dimension of the search space.

The initial values for each dimension are randomly
generated within the permissible bounds. The individuals
are then sorted in ascending order based on their
objective function values f(X;):

Sort(POP) = {X1, Xy, .., Xpmax}, f(X1) < f(X3) <
oo < fXpmax)
This sorted population is utilized in subsequent phases

for selecting elite individuals and applying exploitation
and exploration operations.

(M

2. 2. 2. Exploitation Phase (Root Suckering)
This phase simulates the root suckering process of fig
trees, which performs local search around promising
solutions. The following steps are executed:
1. Calculation of root sucker count: The number of root
suckers (R) generated by each tree is calculated using
Equation 2.

R; = lm X (Tnax = Tmin) + TminJ (2)

fmax—fmin

where f; represents the fitness value of the i-th fig tree,
while finin and fmax correspond to the lowest and highest

fitness values of the population, respectively. Similarly,
T'min and I'max define the minimum and maximum number
of root suckers that a fig tree is permitted to generate.
This equation indicates that fig tree with higher fitness
values (fi) will produce a greater number of offspring,
facilitating a more extensive search in promising regions
of the solution space.

2. Calculation of standard deviation: The standard
deviation oy at the k-th iteration is computed using
Equation 3.

iter, -\
O = ( l-t;:ax ) X (Omax = Omin) + Omin 3)
max

where iterma.x 1S the total number of iterations, n is a
nonlinear modulation factor, and Gmin and omax are the
minimum and maximum allowable standard deviation
values.

3. Generation of root sucker positions: The position of
each new root sucker is determined using Equation 4.

Xnewi = Xi + Jk.S (4)

According to Equation 4, the new position of each
individual (X;"") is updated based on its current position
(Xi), the o calculated for every iteration, and S, a random
vector defined by Equation 5.

d
S= mﬁ )

Where d is a random vector with a standard normal
distribution (i.e., d=(N(0,1),N(0,1),...,N(0,1)), ||d|| is the
norm of this vector, ensuring directional normalization,
and & is a uniform random variable in the range [0,1].

2.2. 3. Exploration Phase (Seed Dispersal) This
phase simulates seed dispersal, enabling global search in
distant regions. The following steps are executed:
1. Calculation of seed count: The number of seeds
produced by each tree is calculated as Equation 6.

Si= I(M) -Smax-PsJ (6)

fmax—Fmin

Where Spax is the maximum allowable number of seeds
and Ps is the probability of a seed growing into a tree
(between 0 and 0.01).

2. Generation of seed positions: To simulate seed
dispersal, the Lévy distribution (32) is employed due to
its heavy tails and capacity for modeling long jumps. The
position of each new seed (X;"*V) is computed using
Equation 7.

XNeW, = X; + oy.. L (7

where Xiis the current position, and L is a random vector
defined by Equation 8.

d | . N(0.01evy”
L= Tal mm(N(O,l).l(G—lyl)l,rmax) (8)
IN(0,1)|8

where Glevy is the scale parameter of the Lévy distribution,
as defined by Equation 9. B is the step-length control
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parameter of the Lévy distribution (0<B<2), and rmax 1s
the maximum allowable step size.

(1+p) sin("E) ’
r'(1+B) sin(—
Olevy = <75_21> (€]

e

2. 2. 4. Selection and Population Update After
generating new individuals (root suckers and seeds), a
combined population of old and new individuals is
formed and sorted based on objective function values.
Only the top Pmax individuals are selected to form the new
population. This process is repeated in each iteration, and
the best solution is stored at every step. The termination
condition can be defined as reaching the maximum
number of iterations or achieving the desired accuracy.

2. 3. The Procedure of FTO The proposed
algorithm consists of three main phases: initialization,
exploration, and exploitation (Algorithm 1). Inspired by
the biological behavior of fig trees—which are capable
of simultaneous root suckering and seed dispersal after
maturation—the algorithm performs root suckering
(local exploitation) and seed dispersal (global
exploration) in parallel. A distinctive feature of this
algorithm is its integration of both local and global search
during the exploration phase, mimicking the natural
pattern of seed dispersal that can occur both near and far
from the parent tree. As shown in the pseudocode of
Algorithm 1, the FTO algorithm features independent
exploration and exploitation loops with parallelization
capability. It simultaneously performs global search
through Lévy flight to escape local optima and local
optimization using sub-Gaussian distributions. The
algorithm iteratively merges the temporary and main
populations while selecting the top Pmax solutions. This
balanced approach ensures an efficient search for the
global optimum. The unique feature of this algorithm lies
in its simultaneous utilization of overlapping search
mechanisms, enabling efficient exploration of the search
space. This approach offers two main advantages:

1. Accelerated optimization through parallel processing
of exploration and exploitation processes.

2. Adaptive search that preserves high-quality solutions
while simultaneously exploring new regions.

Algorithm 1. Pseudo-code of FTO

1. Begin

2. Initialize population POP randomly in D-dimensional
space

3. k=1

4.  While k <iter max Do

5. Sort POP by fitness values (Equation 1)

6. f min = minimum fitness, f max = maximum fitness

7. For each individual X_i in POP Do

8. R_i=calculate using Equation 2

9. o©_k = calculate using Equation 3

10. S i= calculate using Equation 6

11. Forj=1toR iDo

12. Generate random vector d with normal distribution
13. Generate uniform random variable &

14. Calculate S value using Equation 5.

15. X new=X i+oc k*S// Equation 4

16. Add X new to TEMP POP

17. End For

18. Forj=1toS iDo

19. Generate random vector d with normal distribution
20. Calculate 6_levy using Equation 9.

21. Generate L value using Equation 8.

22. X new=X i+o k*L//Equation 7

23. Add X_new to TEMP_POP

24. End For

25. End For

26. Combine POP and TEMP POP

27. Sort combined population by fitness

28. Select top Pmax individuals for new POP
29. Save Best Result

30. Update best_solution and best_fitness

31. k=k+1

32. End While

33. Output best results

2. 4. Convergence to the Optimal Solution To
prove the convergence of the proposed FTO algorithm,
we employ a macroscopic model grounded in the
Reaction-Diffusion Equation. This model characterizes
the population density of individuals (fig trees) as a
continuous field u(x, t) within the D-dimensional search
space, where x denotes the spatial position and t
represents the algorithm's iterations. The foundational
equation is given by Equation 10.

& = DV?u + R(u) (10)

Where in the diffusion term DV?u encapsulates random
displacements—encompassing root suckering via a sub-
Gaussian distribution and seed dispersal via a Lévy
distribution—while the reaction term R(u) delineates
local reproduction and competitive selection predicated
on the fitness function f(X;). In light of FTO's dual
parallel strategies, we reformulate the equation in an
extended form given by Equation 11.

% = 0, (O(a,V2ulx, t) + ayV?u(x, t)) +
Zfﬁax 8(x—X;)R;- Paccept(xi) + Zlf’z‘n;ax 8(x — (11
Xi) i+ Py - Paccape(X0)

accept

where ok(t) (derived from Equation 3) serves as a
monotonically decreasing temporal scaling factor, o and
an denote the respective Lévy and sub-Gaussian
diffusion coefficients (from Equations 5 and 8), and the
reaction terms, informed by Equations 2 and 6, model the
generation of root suckers and seeds alongside
competitive acceptance probabilities (from the selection
phase).
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During the initial phase (small t, where oi(t) ~ Omax), the
diffusion term predominates, with the Lévy distribution's
heavy-tailed structure (P(r) ~ 1/rf+1 for 0 < < 2)
ensuring robust global exploration. This elevates the
likelihood of approaching the vicinity of the global
optimum X* prior to ox diminishing to half its initial
value, thereby mitigating entrapment in local optima. In
the terminal phase (large t, as ok(t) ~ omin), the reaction
terms dominate. Through elitist selection of the top Pmax
individuals, the density u converges to a sharp peak
centered at X, corresponding to the global minimum
f(X*) = fmin. In conclusion, as described in Equation 11,
the FTO algorithm effectively explores the search space
in its initial stages through Lévy and sub-Gaussian
distributions, gradually focusing on promising regions.
The inherent competitive elimination mechanism of the
algorithm directs the population toward convergence at a
single point. Even if this point is not the global
optimum—meaning regions with superior fitness remain
unexplored—the probability of entrapment in local
optima is low; since the Lévy distribution periodically
generates long jumps and examines distant areas.
Overall, these dynamics justify the convergence of the
FTO algorithm to the global optimum, as the population
density u(x,t) gradually concentrates around X*.

3. RESULTS AND DISCUSSION

In this section, we conduct several simulation studies to
demonstrate the advantages of the proposed optimization
algorithm. First, we evaluate the algorithm’s ability to
find the global minimum of 16 benchmark functions
commonly used in the literature. To verify that the
algorithm converges to the global solution, we compare
its results with those of GO (24), PO (26), SBOA (28),
and GSFA (29). Next, we assess the algorithm’s
performance using the 12 standard benchmark functions
from CEC 2022, comparing the mean best cost with the
five algorithms mentioned in this study. Finally, we apply
the proposed algorithm to a practical problem: improving
driving comfort in ACC systems.

3.1.Evaluation on Well-Known Benchmarks In
this section, the proposed FTO algorithm has been
evaluated on 16 well-known benchmark functions in the
field of optimization. These functions cover a diverse set
of challenges, including unimodal problems (F1-F4),
multimodal problems (F8—F10), and hybrid or penalized
problems (F12-F13). Collectively, they test essential
aspects of optimization algorithms such as local
convergence, global exploration, and constraint
handling. Table 1 presents the specifications of these
functions, where: Dim represents the number of
dimensions of the function, Range denotes the search
space boundaries and fni, indicates the optimal value of

the function. Additionally, in Figure 3, a 3D plot of the
2D benchmark functions is illustrated.

The experiments were conducted in MATLAB
2016b. five metaheuristic algorithms were implemented
under identical conditions: GO (24), PO (26), SBOA
(28), GSFA (29), and the proposed FTO. For FTO, the
parameters were configured as follows: population size
was set to a maximum of 100 individuals; however, for
practical problems with higher complexity, this number
was decreased to 30. The exponent (E) for sigma (o)
decay was set to 5 to optimally regulate the reduction
rate, with a practical case value of 2. The initial sigma
was 1, and its final value was set to 1.00E-13 to ensure
the algorithm's convergence toward the optimal solution
with high precision. The range of root suckers per tree
was set between 0 and 5 to maintain diversity in
reproduction and population expansion. On average, each
tree produces 1000 fig fruits, of which only 1% (with a
probability of Ps= 0.01) are transformed into new trees
based on the fitness criterion of the parent tree. This
mechanism ensures that higher-quality solutions have a
greater chance of survival and participation in subsequent
generations. The Lévy distribution parameter § was fixed
at 0.1 to control step size, while the maximum search
radius in the Lévy relation was set to 10c to dynamically
balance exploration and exploitation. The parameters of
other implemented algorithms were also adjusted
according to the information provided in the paper,
ensuring fair comparison under identical conditions.

In unimodal benchmarks, FTO demonstrated highly
competitive performance. Specifically for F1 and F2,
while PO achieved the most accurate results, FTO
secured the second-best position, outperforming older
algorithms like GO and the newer GSFA approach. In F3
and F4, PO again delivered the best performance, with
FTO achieving the second-closest results to PO,
significantly outperforming SBOA, GO, and GSFA.
Notably, in F6, FTO achieved the absolute best result
among all algorithms. Overall, in the unimodal category,
FTO consistently produced competitive results, in some
cases surpassing the current state-of-the-art.

In multimodal benchmarks, the performance of FTO
was more varied. For F7, FTO achieved the best solution,
outperforming all competitors. In F8, with a theoretical
optimum of approximately —1257, both PO and GO
reached near-optimal values (= —1260), whereas FTO
obtained —1120. Although weaker than PO and GO, this
was substantially better than SBOA (-999). In F9 and
F11, FTO underperformed compared to the competitors,
falling behind even SBOA. However, in F10, FTO
achieved results close to PO and significantly better than
SBOA and GSFA. In F14, all algorithms produced nearly
identical solutions close to zero, which is consistent with
the problem’s characteristics. Taken together, FTO
performed strongly in F7 and F10, while in F9 and F11
its performance was less competitive.
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TABLE 1. Unimodal and multimodal benchmark functions

Functions Dim Range fmin
F,(x) = Y, x? 3 [-100,100] 0
F,(x) = YiLalxil + TTialxil 3 [-10,10] 0
F;(0 = YL (U1 xp)? 3 [-100,100] 0
F,(x) = max{|x;,1 <i <n} 3 [-100,100] 0
Fs(x) = Y100(x;,1 — x2)? + (x; — 1)?] 3 [-30,30] 0
Fe(x) = Y1, (|x; + 0.5])? 3 [-100,100] 0
F,(x) = Y1, ix} + random[0, 1) 3 [-1.28,1.28] 0
Fg(x) = YL, —x;sin (/[x;]) 3 [-500,500] -418.9829xDim
Fo(x) = Y, [x? — 10 cos(2mx;) + 10] 3 [-5.12,5.12] 0
Fio(x) = —20exp <—0. 2 E {'=1xi2> — exp G Y cos(Z‘rtxi)) +20+e 3 [-32,32] 0
1 i
Fii (%) = 5o Sixf — [Ty cos G +1 3 [-600,600] 0
Fi;(x) = Z{10sin(my,) + 35 (v — 1? [1 + 10sin® (my)] + (v — D} +
i u(x,10,100,4)
xj+1
Yi=1+7~ 3 [-50,50] 0
k(x;—a)™ x;>a
u(x;,a, km) =50 —a< x;<a *
k(—x;—a)™ x; < —a
Fi3(x) = 0.1{sin?(3mx,) + Y, (x; — 1)?[1 + sin?(3nx; + 1)] + (x, — 1)2[1 + 3 [-50.50] 0
sin?(2mx,)]} + ¥, u(x;, 5,100,4) ’
n . - ix; Zm
Fi,(x) = — YL, sin(x;). (sm (T)) ,m=10 3 [0,7] -4.687
\2m n
Fis(x) = [exp (-3n, (XE) ) —2exp(e >3i=mz)]. " cos?(x),m="5 3 [-20,20] 1
F16(x) = {[ 21y sin®(x)] — exp (= ZiLq x5} exp [- TiLq sin’ (Vx]) 3 [-10,10] -1
F1: Sphere F2: Schwefel’s 2.22 F3: Schwefel’s 1.2 F4: Schwefel’s 2.21
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Figure 3. The 3D plots of the 2D benchmark functions
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In hybrid and penalized benchmarks, FTO delivered
particularly strong outcomes. In F12, almost all
algorithms yielded similar results (= 19.8). In F13, FTO
achieved the absolute best result, significantly
outperforming all other methods. In F15, the theoretical
optimum of —1 was reached precisely by FTO, along with
PO, while GO and GSFA were close but slightly weaker,
and SBOA produced a positive value far from the
optimum. In F16, PO was closest to the optimum (-1),
while FTO (—0.40) outperformed SBOA but was weaker
than PO and GO. Overall, FTO exhibited absolute
superiority in F13 and F15, while delivering competitive
but not leading results in F16.

F1 F2 F3 F4

o

SBOA

GSFA .

Best

Middle

The evaluation results indicate that the proposed
algorithm performs competitively with state-of-the-art
methods and, particularly for complex functions,
surpasses them. The heatmap in Figure 4 (green =
optimal cost, red = suboptimal cost) demonstrates that the
proposed method achieves the second-highest
concentration of green after PO, affirming its
competitiveness. Furthermore, as observed in Figure 5
and Table 2, the proposed algorithm converges to the
desired solution within fewer than 20 iterations in most
cases, while other methods generally require more
iterations to achieve convergence. A key strength of the
proposed algorithm is its inherent adaptability to resource
constraints.

F10 F11 F13 F14 F15 F16

13

Worst

Figure 4. Heatmap comparison of algorithms

Cast

I

3

i

I

Figure 5. Convergence curves of optimization algorithms on well-known benchmarks (F1-F16)
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TABLE 2. Average cost comparison of algorithms over 100
iterations and 5 runs on well-known benchmarks

GO PO SBOA GSFA
Proposed
Test 2023 2024 2025 2026
FTO
(24) (26) (28) 29)

F1 5.26E-07 529E-48  255E-16  7.09E-07  1.06E-28
F2 1.29E-07  4.03E-22  1.15E-11  1.24E-04 8.80E-14
F3 3.74E-05  6.83E-46  245E-07 1.58E-06  1.99E-25
F4 147E-05  5.61E-25  6.00E-05 145E-03 3.69E-14
F5 3.00E+01  3.01E+01 3.20E+01 3.01E+01  3.19E+01
F6 2.60E-06 1.37E-07 421E-02 9.69E-07 2.77E-26
F7 1.71E-03  1.90E-03  5.19E-03

F8 -126E+03 -1.26E+03 -9.99E+02 -1.23E+03 -1.12E+03

2.90E-03  1.53E-04

F9 5.36E-05 0.00E+00 597E-01  5.85E-01  5.97E-01
F10  8.08E-06  888E-16 347BE-08 1.76E-02  1.55E-13
F11 1.60E-02  1.28E-02  6.05E-02  4.15E-02  1.27E-01
F12 198E+01  1.98E+01 1.98E+01 1.98E+01  1.98E+01
F13 1.00E-06  4.81E-07 120E-04 3.97E-05 8.68E-25
F14  -336E-10 -3.33E-10 -2.86E-10 -3.18E-10 -3.27E-10
F15  -9.99E-01 -1.00E+00 221E-23 -9.27E-01 -1.00E+00

Fl16 ~ -7.83E-01 -7.99E-01 3.51E-06 -4.87E-01 -4.00E-01

By parallelizing root sucker (sub-Gaussian) and seed
dispersal (Lévy) mechanisms, the algorithm balances
exploration and exploitation. It adaptively switches
between single-mechanism (low-energy, fast
convergence) and dual-mechanism  (high-quality
solutions) operation based on resource availability,
making it particularly suitable for resource-constrained
automotive applications.

3. 2. Evaluation on CEC 2022 We conducted
a comprehensive evaluation of the proposed FTO
algorithm over 30 iterations, with five independent runs
on 12 standard benchmark functions. These benchmarks
cover a broad range of function types, including simple,
hybrid, and composite formulations. Table 3 summarizes
their specifications, including names, classifications,
mathematical descriptions, and known global minima.
All evaluations were performed within a 10-dimensional
search space of [-100, 100]. The comparative analysis
focuses on the mean best cost achieved in the final
iteration by FTO relative to four state-of-the-art
optimization methods. As reported in Table 4, which
presents the average best costs across all runs, FTO
outperforms the previously best-performing PO
algorithm in 8 out of 12 benchmark cases (66.7%) and
maintains competitive performance in the remaining 4
cases (33.3%). The minor numerical differences

observed in standard functions stem from the intrinsic
bias of these functions. This inherent bias significantly
assists optimizers in converging precisely toward global
optimum values. The primary objective of this table is to
highlight FTO's competitiveness with novel algorithms,
rather than emphasizing minor numerical variations. By
balancing local exploitation and global exploration
mechanisms, FTO achieves rapid convergence with few
iterations and delivers robust performance on complex
functions. This makes it particularly well-suited for
resource-constrained automotive applications.

TABLE 3. Details of CEC-2022 (standard) benchmark

Name Type Descriptions finin
py  Unimodal Shifted and full rotated Zakharov 300
Basic
F2 Shifted and rotated Rosenbrock 400
F3 Shifted and rotated expanded Schaffer’s F6 600
F4 Shifted and rotated non-continuous Rastrigin 800
F5 Shifted and rotated Levy function 900
F6 Hybrid Hybrid function 1 (N=3) 1800
F7 Hybrid function 2 (N=6) 2000
F8 Hybrid function 3 (N=5) 2200
F9  Composite Composition function 1 (N =5) 2300
F10 Composition function 2 (N =4) 2400
F11 Composition function 3 (N =5) 2600
F12 Composition function 4 (N = 6) 2700

TABLE 4. Average cost comparison of algorithms over 30
iterations and 5 runs on standard benchmarks

GO PO SBOA GSFA
Proposed
Test 2023 2024 2025 2026
FTO
24) (26) (28) 29)
F1 300.000 300.000 300.000 300.000 300.000

F2 400.000 400.000 400.000 400.000 400.000
F3 600.000 600.002 600.000 600.001 600.000
F4 800.000 800.000 800.200 800.000 800.000
F5 900.0000 900.000
F6 1800.002

900.0000  900.000 900.000

1800.020  1800.000  1800.021  1800.000

F7 2424.196  2427.167  2424.101 2425200  2423.727
F8 4819.083  4824.524 4824402  4821.535  4819.840
F9 2494968 2494968 2494968 2494968  2494.968
F10  2400.000  2400.000  2400.000  2400.000  2400.000
F11 ~ 2600.002  2600.224  2600.000  2600.022  2600.000

F12  2700.199  2700.643  2700.000  2700.616  2700.006
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4. PRACTICAL EXAMPLE

Driving requires significant mental focus and physical
effort, resulting in fatigue. Activities such as adjusting
the brakes, clutch, accelerator, changing gears, and
steering contribute to this fatigue. According to a report
(33), 94% of road accidents are due to human error.
Automating parts of the driving process helps alleviate
mental and physical fatigue, making driving more
comfortable. Since the introduction of cruise control
(CC) systems, driving has become more convenient by
allowing drivers to maintain a steady speed without
frequent braking or accelerating. CC has evolved
significantly. Early systems only maintained a set speed,
while ACC now also maintains a safe distance from the
vehicle ahead. Initially designed for safety, ACC systems
now address multiple objectives, including fuel
efficiency and driving comfort, using optimal control
methods like Model Predictive Control (MPC) (34). ACC
systems often employ a hierarchical control structure: a
high-level controller determines the vehicle's desired
acceleration, while a low-level controller adjusts throttle
and brake pressure to achieve this acceleration, as shown
in Figure 6 (35).

The PID controller is commonly used in CC systems
due to its simple theory, ease of implementation, and
precise performance. The PID controller maintains the
vehicle's speed by adjusting the throttle, improving
comfort and safety. Its transfer function, as shown in
Equation 12, uses proportional, derivative, and integral
components to minimize output errors.

C(s) =K, + Kq.S+ K;.87? (12)

Where K, is the proportional gain, Kq is the derivative
gain, and K is the integral gain. In practice, tuning the
PID controller’s parameters is challenging, particularly
for nonlinear systems like vehicle dynamics. Meta-
heuristic algorithms are considered a suitable option for
tuning PID parameters in ACC systems due to their

Top-Level Controller Botton-Level Controller

Integer-order PIDY

PID Control —
Fractional-order PID
e S s e Vehicle Motion Model
Control Driver Model

Selections on Sliding
Surfaces

Sliding Mode Control
(SMC)

Linear Quadratic Regulator Conventional LQR
(LQR) SelFadjusting LOR
Model Predictive Control Implicit MPC
(MPC} Explicit MPC
Pue Fuuzzy Contral
Tuzzy Control
Fuvzy Logic
Stochastic Optimization Keural Networl
Algorithm Genetic Algorithm, ste
—T> —_—

Motion state information Desired acceleration/speed Desired drive/brake torge

Figure 6. The structure of the hierarchical approach and the
control units of each part (35)

compatibility with nonlinear problems and ability to
escape local optima (36). Compared to other meta-
heuristic methods, the FTO algorithm converges to a
near-optimal solution with fewer iterations. Furthermore,
its capability to operate in multiple modes represents a
fundamental advantage for automotive systems with
diverse operational requirements.

4. 1. Vehicle Dynamic Model The vehicle's
longitudinal dynamics were modeled, incorporating
forces such as rolling resistance, differential drag,
aerodynamic drag, and gravity (37). The total road load
force, denoted as Fy, is defined by Equation 13.

Fq = crmgcos(B(x)) + cqv(t) + cgo + cgpv(D) +
Cabo + 3 Pah(ca + 1OVZ +2paArca (V(D) + v, ()) | (13)
v(t) + vx(x) |

In this equation, m represents the vehicle mass, and g
denotes the gravitational acceleration. The rolling
resistance coefficient is indicated by c, while the
function B(x) describes the road slope as a function of the
traveled distance. For aerodynamic resistance, p, is the air
density, A: is the vehicle's frontal area, and ¢, is the
acrodynamic drag coefficient. Wind velocity is
decomposed into two components: vy, representing the
crosswind (perpendicular to vehicle motion), and vy,
representing the tailwind/headwind (aligned with the
vehicle’s direction). The coefficient k quantifies the
effect of crosswind on aerodynamic resistance. cq and cq
represent the differential loss coefficient and constant
loss term, respectively. Similarly, cg, and cgpo represent
the gearbox loss coefficient and constant loss component,
respectively. This model is applicable only for forward
vehicle velocities. Additionally, the vehicle experiences
a gravitational force given by Equation 14.

Fg = mgsin(B(x)) (14)

The longitudinal dynamics of the vehicle are governed by
Newton’s second law of motion, considering the force
equilibrium at the vehicle wheels by Equation 15.

w®) _ [MicetTem*Tserligniy

e ar To _@_Frl (15)

Here, m, is the equivalent mass of the vehicle, which
accounts for the rotational inertia of the drivetrain. It is
assumed constant, meaning inertia variations due to gear
shifting are neglected. Ti.. represents the net torque
output from both the internal combustion engine and
exhaust braking system. Tem indicates the torque
generated or absorbed by the electric motor, while Tser
corresponds to the mechanical braking torque from the
service brakes. The parameter r. signifies the dynamic
rolling radius of the tires, ig refers to the active
transmission gear ratio determined by the vehicle's speed
and torque requirements, and ir represents the fixed ratio
of the final drive unit. Since rolling resistance,
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aerodynamic drag, and differential loss forces have the
most significant impact on the total road load force, we
consider only these forces and neglect the others for
simplification. In this case, the final dynamic equation of
the vehicle is obtained as Equation 16.

dv(t) [Tice+Tem+Tserlighl .
me—= = sice? em? serTebl _ g (sm(B(x))

Te

+ Crcos(B(x))) — %paAfca(v(t) + VX(X)) | v(t) + (16)
v () | —cqv(t)

4. 2. ACC Cost Function In this study, a
hierarchical ACC system is designed, consisting of two
cascaded PID controllers: a high-level controller
responsible for speed tracking and distance maintenance,
and a low-level controller tasked with acceleration
control and jerk minimization. To optimize the
parameters of both controllers simultaneously, a
combined cost function is formulated that integrates
multiple performance criteria from both control layers.
The proposed cost function is defined in Equation 17.

J =W, - ISEspeed + Wo. MSPE*! + Wy - Tg + W, -

ISEDistance + WS . ISEAcceleration + W6 . maxlj(t)l

Where:

ISEgpeed = fot (Vref — Vovershoot (t))? dt: Integral of Squared
Error (ISE) for vehicle speed tracking.

M;pee‘i = max(Vovershoot (1)) — Vrer:  Speed  overshoot
penalty to ensure passenger comfort and safety.

Ts: Settling time, defined as the time taken for the vehicle
speed to stay within £2% of the reference speed.
ISEpistance = fot(dsafe(t) - dlead(t))2 dt: Distance error

minimization term to maintain safe inter-vehicle spacing.

ISEcceleration = fot(adesired(t) - aactual(t))2 dt:
Acceleration tracking error to improve longitudinal
control accuracy.

max|j(t)|: Maximum absolute jerk over the simulation
horizon, used to penalize abrupt accelerations and
decelerations for ride comfort.

The weighting factors are set based on the relative
importance of each objective in achieving stable and
comfortable driving behavior. The values used in the
simulations are Wi = 1, Wy= 10, W3= 3, W4= 5, Ws=2,
Ws=5. This cost function enables a unified optimization
framework where both high-level and low-level PID
parameters are tuned together to achieve an optimal
trade-off between tracking accuracy, safety, passenger
comfort, and control effort efficiency.

(17)

4. 3. Proposed ACC This study presents a
hierarchical ACC system based on PID controllers,
designed to ensure safe and comfortable vehicle
operation under varying driving conditions. The control
architecture is composed of two cascaded layers: a high-
level PID controller responsible for speed tracking and

inter-vehicle distance maintenance, and a low-level PID
controller tasked with translating the desired acceleration
into appropriate actuator commands while minimizing
jerk and ensuring smooth longitudinal dynamics. Figure
7 1illustrates the proposed hierarchical ACC system
architecture based on the FTO metaheuristic algorithm.
As shown in the figure, the model parameters are
dynamically  updated according to  changing
environmental conditions and vehicle dynamics. The
FTO metaheuristic algorithm automatically adjusts these
parameters to optimize PID coefficients based on the
defined cost function. It should be noted that this study
designed a cost function that simultaneously addresses
the requirements of both high-level (speed/distance
management) and low-level controller (acceleration
control). The metaheuristic algorithm effectively solves
a six-variable optimization problem (corresponding to
the PID coefficients of both controllers). It is noteworthy
that in the proposed ACC, a charge control signal is
received from the vehicle's battery management system,
which determines the operating mode of the proposed
algorithm—a feature that distinguishes it from other
metaheuristic algorithms. When the energy level is low,
the proposed algorithm operates in a low-power search
mode; whereas when sufficient energy is available, it
performs optimization at full capacity. The optimization
process occurs even in low iterations and for complex
cost functions.

4. 4. Result from Practical Simulation In this
section, the cost function of the proposed hierarchical
ACC system is optimized using the PO (26) and FTO
algorithms over 10 iterations. As mentioned, the
proposed algorithm follows two mechanisms: root
suckering with a sub-Gaussian distribution and seed
scattering with a Lévy distribution. This feature serves as
a fundamental advantage in automotive applications.

Update

Parameters

KiKpKd KiKpKd

Iigh-level | desied | Tow-level

PID PID

Following Vehicle With ACC

Dynanuc Model

Model Update

Figure 7. Architecture of the proposed hierarchical ACC
system using the FTO algorithm
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Accordingly, three operating modes are defined for the
proposed algorithm. In the first operating mode, only the
root suckering mechanism is activated. This mechanism
is relatively simple and executes in less time, but it
primarily conducts searches in promising points and
examines new spaces to a lesser extent. In the second
operating mode, only the seed scattering mechanism is
active. This mechanism exhibits higher complexity and
requires more time, but it yields better results since it
adheres to a Lévy distribution pattern and performs both
short and long jumps. In the third operating mode, both
mechanisms are activated simultaneously, and with the
overlap of the sub-Gaussian and Lévy distributions, the
search space is monitored more effectively to discover
additional optimal points. Furthermore, a signal is
transmitted from the vehicle's battery management
system to the algorithm to determine the operating mode
based on the battery charge level.

The three operating modes of the proposed method,
along with the PO algorithm, were simulated within the
ACC proposed framework, and the average best cost
obtained from 5 runs of each algorithm, along with their
execution times, is presented in Table 5. As evident from
the table, the average best cost for the PO algorithm is
3.66E+06 with an execution time of 20.34 seconds. In the
first operating mode of the proposed algorithm, the
average best cost is 1.52E+07 achieved in 21.31 seconds.

In this mode, although the execution time is nearly the
same as PO, the optimization performance is
significantly lower, achieving only about one-fourth of
the improvement. This mode is suitable for scenarios
where time and energy are limited and high accuracy is
not critical.

In the second mode, the average best cost is 2.43E+06
with an execution time of 33.86 seconds, representing a
33% increase in runtime compared to PO and a 1.5-fold
improvement in performance. This mode is suitable for
situations where both time and energy are constrained,
but higher accuracy is required.

Finally, in the third mode, the best cost is 4.49E+05
with an execution time of 56.84 seconds. This runtime
corresponds to the sequential execution of two strategies;
when executed in parallel, the runtime equals that of the
longest serial loop segment. For the Lévy distribution,
which requires more time, the parallel execution time
becomes 33.86 seconds, a 33% increase relative to PO.
This mode is suitable when sufficient computational

TABLE 5. Average best cost and execution time: PO vs.
proposed approach (10 Iterations, 5 Runs)

PO Proposed Proposed Proposed
[2024] Mode 1 Mode 2 Mode 3
Best cost 3.66E+06  1.52E+07 2.43E+06 4.49E+05
Time (s) 20.34 21.31 33.86 56.84

resources are available and high accuracy is required. In
the third mode, the proposed algorithm achieves an 8.15-
fold improvement in optimization, with a 2.43-fold
increase in serial computation time and a 1.5-fold
increase in parallel computation time compared to PO,
demonstrating its substantial superiority in practical
applications.

Overall, the proposed algorithm, with a low number
of iterations (for example, 10 iterations), provides highly
efficient performance in solving real-world problems for
complex functions such as vehicle dynamic equations,
featuring three operational modes for energy
management and utilizing sub-Gaussian and Lévy
overlapping search.

5. CONCLUSION AND FUTURE WORK

This study introduces the FTO algorithm, a novel
metaheuristic method inspired by the ecological
adaptation and reproductive mechanisms of fig trees.

The algorithm effectively models biological
processes such as root suckering and seed dispersal,
leveraging them to achieve optimal performance in
complex problems. Extensive evaluations on 16 well-
known benchmark functions and 12 standard CEC 2022
test functions demonstrate that the proposed algorithm
performs comparably on some functions and
significantly outperforms reference methods on others.

The results indicate that FTO achieves excellent
performance on complex functions even with a low
number of iterations. The parallel implementation of the
sucker growth mechanism with a sub-Gaussian
distribution and the seed dispersal mechanism with a
Lévy distribution distinguishes this algorithm for
automotive applications. Based on this capability, a
hierarchical ACC framework was developed, where the
proposed algorithm operates in three modes to optimize
the vehicle model’s cost function. In this structure, if the
vehicle’s energy is limited, optimization is performed
using only one of the mechanisms (either sucker growth
or seed dispersal), while sufficient energy allows both
mechanisms to operate simultaneously.

The algorithm effectively models biological
processes such as root suckering and seed dispersal to
achieve robust optimization performance. Extensive
evaluations on 16 well-known benchmark functions and
12 standard CEC 2022 test functions demonstrate that the
proposed algorithm not only converges rapidly to optimal
solutions with fewer iterations but also delivers higher
accuracy in solving complex problems. Simulation
results of the proposed framework, compared with the
best competing algorithm, show that FTO, with a 2.43-
fold increase in computational time (1.5-fold increase in
parallel computation time) compared to the PO
algorithm, achieves 8.15 times more -effective



2656 M. Allahi Rudposhti et al. / I[JE TRANSACTIONS B: Applications Vol. 39, No. 11, (November 2026) 2644-2658

optimization. This optimization enables precise tuning of
vehicle parameters, resulting in smoother and safer
driving.

In future works, we will focus on three main research
directions:  First,  developing a  cloud-based
implementation of the FTO algorithm to reduce
computational load on vehicle systems—particularly
benefiting electric vehicles and systems with limited
computational resources—aiming to facilitate broader
adoption in intelligent transportation systems while
maintaining optimization efficiency. Second, enhancing
the algorithm's capability to operate in dynamic and
complex environments by addressing variable
communication delays and unpredictable traffic
conditions. Third, integrating intelligent event detection
and adaptive learning mechanisms to enable automatic
parameter reconfiguration in response to critical
scenarios such as road gradient changes or pedestrian
presence. Additionally, practical implementation on
hardware platforms and comprehensive field testing will
be conducted to validate the algorithm's performance in
real-world settings. Furthermore, a historical analysis
module—illustrated in Figure 8—is incorporated into the
proposed ACC system. This module recommends an
desired vehicle speed by processing historical data,
including time of day, day of the week, road conditions,
and weather patterns, thereby enhancing driving safety.

[
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T 12970030 00
——{0__oovoooeon w00
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Historical Unit
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Figure 8. The proposed module for future work
recommends a desired speed based on historical data
analysis
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