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ABSTRACT: In industrial and service robotics, autonomous mobile robots must achieve accurate trajectory tracking
while maintaining low energy consumption to avoid frequent recharging and performance degradation. Energy
efficiency is particularly critical because locomotion accounts for 45%–65% of total power consumption, directly
limiting operational range and autonomy. This paper proposes an energy-aware trajectory tracking framework that opti-
mizes a fractional-order proportional-integral-derivative (FOPID) controller using an Enhanced Whale Optimization
Algorithm (E-WOA). The key contributions are threefold: (1) the E-WOA hybridizes Differential Evolution (DE)’s global
exploration with WOA’s local exploitation to overcome premature convergence in high-dimensional FOPID parameter
spaces; (2) a composite fitness function jointly minimizes tracking error and energy consumption; and (3) controller
parameters optimized on a single circular trajectory generalize effectively to complex paths without retuning. The
proposed framework is evaluated on multiple trajectory configurations, including circular, eight-shaped, square, and
rhombus paths, under stochastic environmental disturbances. Statistical analysis based on ten independent runs and
validated using Analysis of Variance (ANOVA) was conducted against six classical and recent optimization methods:
DE, WOA, Particle Swarm Optimization (PSO), Bat Algorithm (BA), Artificial Hummingbird Algorithm (AHA), and
Rime Optimization Algorithm (RIME). The results show that E-WOA-FOPID achieves an average improvement of
15.14% in mean fitness and a 30.69% reduction in performance variability compared to the best-performing benchmark.
These findings confirm its robustness as an energy-efficient solution for high-precision mobile robot trajectory tracking.

KEYWORDS: Energy efficiency; fractional order; mobile robots; tracking accuracy

1 Introduction
Mobile robot path tracking systems face the dual challenge of maintaining high trajectory accuracy

while minimizing energy consumption, a critical consideration in both industrial and service applications
where operational efficiency and battery longevity are paramount. Autonomous mobile robots deployed
in logistics, manufacturing, and service domains require control strategies that not only guarantee precise
trajectory tracking but also mitigate excessive energy usage. Existing studies indicate that locomotion alone
contributes approximately 45%–65% of a mobile robot’s total power consumption, highlighting the necessity
of energy-aware trajectory optimization to extend operational duration, reduce downtime due to recharging,
and lower overall operating costs [1,2].

The importance of energy efficiency in mobile robot trajectory tracking extends beyond mere battery
conservation. In warehouse automation and logistics, robots must complete hundreds of pick-and-place
cycles per shift; even modest reductions in per-cycle energy consumption translate into significantly
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extended operational windows and reduced fleet sizes [2]. In service robotics, including hospital delivery
and elderly care applications, unplanned recharging interruptions can compromise time-critical tasks
and degrade service quality. Furthermore, excessive control effort characterized by aggressive actuator
commands and rapid velocity fluctuations—not only wastes electrical energy but also accelerates mechanical
wear on motors, gears, and wheels, thereby increasing maintenance costs and reducing robot lifespan [1].
Consequently, an energy-aware control framework that jointly optimizes tracking accuracy and energy
consumption is essential for achieving sustainable, long-duration autonomous operation.

Trajectory tracking of mobile robots, particularly those with non-holonomic constraints such as
differential-drive platforms, remains a challenging problem especially when the paths involve curves or
sudden changes in direction [3]. To address these challenges, various control strategies have been proposed
in the literature, including linear quadratic regulation (LQR), model predictive control (MPC), and sliding
mode control (SMC). For instance, Aguiar et al. [4] applied LQR techniques in structured environments,
but performance deteriorated when the system deviated from linear assumptions or encountered unstruc-
tured obstacles. Cao et al. [5] employed SMC and reduced chattering using a second-order formulation,
yet the approach remained sensitive to measurement noise and required precise knowledge of system
bounds. Yu et al. [6] demonstrated the effectiveness of MPC on soft terrain, but the method demanded
significant computational resources and assumed highly accurate models, which are often impractical in
real-world deployments.

Recent surveys have further highlighted the evolving challenges in autonomous mobile robotics.
For instance, a comprehensive review on mobile robot localization in [7] identifies persistent difficulties
in sensor fusion, dynamic environment adaptation, and computational constraints that directly affect
trajectory tracking reliability. In parallel, recent studies on energy-efficient robot operation have emphasized
that adaptive control strategies can significantly reduce energy consumption while maintaining reliable
autonomous performance, particularly in mobile robotic systems operating in complex and dynamic
environments [8]. These developments highlight the need for control architectures that simultaneously
address tracking accuracy, robustness, computational efficiency, and energy consumption. Consequently,
considerable research effort has been devoted to the development and tuning of advanced controllers capable
of achieving these objectives under diverse operating conditions.

Proportional-Integral-Derivative (PID) controllers, by contrast, are simple, computationally efficient,
and widely used in industrial mobile robot applications. However, their main limitations lie in poor
adaptability to nonlinearities, restricted robustness against disturbances, and difficulty in balancing transient
and steady-state performance across varying operating conditions. To address these issues, the Fractional-
Order PID (FOPID) controller has been introduced as an extension of PID [9,10]. By incorporating two
additional parameters-the fractional orders of integration (λ) and differentiation (μ)-FOPID offers enhanced
flexibility in shaping system dynamics, enabling improved robustness, better disturbance rejection, and
superior trajectory tracking performance compared to classical PID. Nonetheless, this improvement comes
at the cost of increased complexity, as tuning five parameters instead of three is required [11].

The fundamental advantage of FOPID over classical PID lies in the continuous nature of the fractional
orders λ and μ, which allow fine-grained shaping of the controller’s frequency response. Specifically, the
fractional integral order λ governs the low-frequency gain roll-off, enabling more precise steady-state error
elimination without the excessive overshoot that integer-order integration can produce. The fractional
derivative order μ controls the high-frequency phase contribution, providing smoother anticipatory control
action that reduces abrupt actuator commands and, consequently, lowers energy consumption associated
with aggressive corrections. Together, these two additional degrees of freedom enable the FOPID controller
to simultaneously achieve tighter tracking accuracy and gentler control effort—a combination that is
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inherently difficult to realize with the three-parameter PID structure. This dual benefit is particularly
pronounced for mobile robot trajectory tracking, where both precision and energy efficiency are critical
performance objectives.

To optimize PID-based control parameters, researchers have increasingly turned to metaheuristic
algorithms due to their ability to handle complex, nonlinear, and multi-objective optimization problems
that traditional tuning methods often fail to address [12]. Techniques such as Genetic Algorithms (GA) [13],
Particle Swarm Optimization (PSO) [14,15], Ant Colony Optimization (ACO) [16], Bat Algorithm (BA) [17],
and Grey Wolf Optimizer (GWO) [18] have been widely applied to robotic trajectory tracking, where the
cost function typically emphasizes position error minimization. More recent bio- and physics-inspired
methods such as the Artificial Hummingbird Algorithm (AHA) [19], which models the guided, territorial,
and migration foraging behaviors of hummingbirds, and the Rime Optimization Algorithm (RIME) [20],
which simulates soft-rime and hard-rime puncture mechanisms in ice formation, have also demonstrated
competitive performance on engineering optimization problems and are increasingly being adopted for con-
troller tuning. These approaches have shown significant promise in improving tracking accuracy compared
to conventional tuning methods, thereby enhancing the robustness of robotic motion control.

Among these, the Whale Optimization Algorithm (WOA) [21] has gained attention as a competitive
alternative, owing to its strong local exploitation capabilities and adaptive search dynamics inspired by
the bubble-net feeding strategy of humpback whales. Empirical studies have demonstrated that WOA
often outperforms GA, PSO, and GWO in PID-based control tuning problems [22–24], achieving superior
convergence rates and reduced steady-state errors. Despite these advances, most applications of WOA remain
centered on trajectory tracking accuracy, with energy consumption either overlooked or treated only as
a secondary factor. The explicit inclusion of energy efficiency in optimization frameworks is still limited,
despite its critical importance for mobile robots where battery longevity and operational sustainability are as
vital as tracking precision.

Differential Evolution (DE), by contrast, is well recognized for its robust global exploration through
mutation and crossover. It has been successfully employed in PID tuning for robotic manipulators and energy
systems, often surpassing other techniques in convergence speed and optimization accuracy [25,26]. Building
on this, hybrid metaheuristics have attracted growing interest as a means of overcoming the limitations of
individual algorithms by striking a balance between global exploration and local exploitation [27–29]. While
many hybrids have been proposed, they are often tailored to narrow domains or restricted cost functions,
limiting their broader applicability.

Motivated by these gaps, this study tackles the practical challenge of energy-efficient path tracking
for differential-drive mobile robots, where unique system dynamics and strict energy constraints require
optimization strategies that jointly ensure high tracking accuracy and energy-aware performance. To address
this, we propose an Enhanced Whale Optimization Algorithm (E-WOA) for FOPID tuning within a novel
energy-efficient path tracking framework. The E-WOA integrates DE’s strong global exploration with WOA’s
effective local refinement, yielding a hybrid strategy explicitly designed to balance trajectory accuracy
with energy consumption. The rationale for this specific hybridization is grounded in the complementary
failure modes of the two algorithms. WOA’s spiral update and encircling mechanisms are highly effective
at converging toward promising solutions but rely heavily on the current best solution, making it prone
to premature convergence in the five-dimensional FOPID parameter space where multiple local optima
exist. DE, conversely, maintains population diversity through its difference-vector mutation operator but
can exhibit slow convergence during later optimization stages when fine-tuning is needed. By embedding
DE’s mutation and crossover operations as the primary strategy during early iterations (with approximately
80% probability) and gradually transitioning to WOA’s exploitation mechanisms in later iterations, E-WOA
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preserves broad search coverage when the landscape is unexplored while leveraging WOA’s efficient local
refinement once promising regions are identified. This dynamic probability-based switching overcomes the
static exploration-exploitation balance of standalone algorithms and is particularly well suited to the FOPID
tuning problem, where the two additional fractional-order parameters (λ, μ) expand the search space and
increase the risk of entrapment in suboptimal solutions.

In contrast to prior studies that primarily evaluate the energy consumption of existing control meth-
ods [2,17,30,31], this work develops and applies E-WOA as a new optimization approach for both PID and
FOPID controllers. A multi-objective cost function is formulated to directly incorporate both tracking error
and energy efficiency, ensuring balanced performance across competing objectives. The proposed framework
is evaluated on four trajectory types—circular, lemniscate, square, and rhombus—to assess robustness and
parameter transferability under different geometric complexities.

The main contributions of this study are threefold. First, the E-WOA is developed by embedding
adaptive DE strategies within the conventional WOA framework and by formulating a composite objective
function that jointly minimizes trajectory tracking error and energy consumption. Second, the proposed
optimization framework is applied to a FOPID controller, demonstrating that the E–WOA-tuned FOPID
consistently outperforms its integer-order PID counterpart as well as controllers optimized using a compre-
hensive set of benchmark algorithms spanning classical, energy-aware, and recent state-of-the-art methods,
namely DE, WOA, PSO, BA, AHA, and RIME-among which PSO and BA have shown promise in reducing
mobile robot energy consumption [15,17], while AHA and RIME represent the latest generation of bio-
and physics-inspired optimizers. Third, comprehensive simulation studies incorporating stochastic envi-
ronmental disturbances confirm that the proposed approach achieves significant improvements in tracking
accuracy, energy efficiency, and robustness, while maintaining strong parameter generalization from simple
circular trajectories to more complex path geometries. These results highlight the practical effectiveness
and computational efficiency of the E–WOA-based FOPID framework for autonomous mobile robots in
industrial and service applications.

The remainder of this paper is organized as follows. Section 2 describes the system modeling and
methodology, including the robot kinematic model, stochastic disturbance formulation, motor and energy
models, control architecture, and the proposed E–WOA optimization strategy, together with the adopted
performance evaluation criteria. Section 3 presents and discusses the simulation results, while Section 4
concludes the paper and outlines directions for future research.

2 Methodology

2.1 Robot Model
The experimental platform built for this study is a differential wheeled mobile robot (DWMR), as shown

in Fig. 1. Fig. 1a presents an overview of the robot model developed in this work, while Fig. 1b illustrates its
geometry. The robot operates on a two-wheel differential drive mechanism, where the independent angular
velocities of the left and right wheels (ωl and ωr) determine both translational and rotational motion. The
corresponding linear velocities of the wheels are denoted by vl and vr respectively. A passive castor wheel
is mounted at the front of the chassis to provide balance and stability while allowing free rotation without
constraining the robot’s motion. The kinematic structure is illustrated in Fig. 1b, where the robot pose is
expressed in the global coordinate system (xp , yp) with orientation θ. The point p represents the midpoint
of the axis connecting the two drive wheels. The overall linear velocity of the mobile robot, denoted by v,
is aligned with the robot’s local reference frame (xR , yR). The dynamics of the differential-drive robot were
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derived using the system parameters listed in Table 1. These physical attributes form the basis for estimating
both the control effort and the energy expenditure during path tracking.

Figure 1: The differential wheeled mobile robot built for this study.

Table 1: Mobile robot system parameters.

Parameter Symbol Value Unit
Total Mass m 9 kg

Moment of Inertia J 0.16 kg⋅m2

Wheel Radius r 0.0925 m
Motor Torque Constant Kt 0.009 N⋅m/A

Motor Electrical Resistance Re 0.09 Ω
Height of Robot CoM h 0.1 m

Friction Coefficient fcoe f 0.04 –
Rolling Friction Coefficient μ 0.02 –

Motor Efficiency η 0.85 –

The robot’s motion is described by standard differential drive kinematics [32], which capture the
fundamental motion constraints of DDMRs and provide the basis for control system design. The model is
expressed as

ẋ = ẋp = v cos θ (1)
ẏ = ẏp = v sin θ (2)
θ̇ = ω (3)

which applies to most differential drive structures.
To assess controller robustness under realistic conditions, the simulation incorporates stochastic

environmental disturbances representing uncertainties such as uneven terrain and surface irregularities [33].
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Disturbances are modeled probabilistically, occurring randomly with low probability but sufficient magni-
tude to challenge controller stability, consistent with established approaches in mobile robot control [34]:

denv =

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

0 if ρ > 0.01

A ⋅
⎡⎢⎢⎢⎢⎣

cos ϕ
sin ϕ

⎤⎥⎥⎥⎥⎦
if ρ ≤ 0.01

(4)

where ρ represents a uniform random variable ρ ∼ U(0, 1), ϕ denotes a uniformly distributed random angle
ϕ ∼ U(0, 2π), and A represents the disturbance magnitude given by:

A = 0.1 + 0.4 ⋅ ξ (5)

where ξ ∼ U(0, 1) is another uniform random variable. The disturbance vector denv is then integrated into
the kinematic position update equations [35]:

x(k) = x(k − 1) + v(k) cos θ(k) ⋅ dt + denv ,x ⋅ dt (6)
y(k) = y(k − 1) + v(k) sin θ(k) ⋅ dt + denv , y ⋅ dt (7)

This disturbance model provides a systematic approach to assess controller performance under
uncertainty while maintaining computational efficiency throughout the simulation process [36].

2.2 Motor Dynamics
Motor dynamics were modeled using established electromechanical principles to capture the effects of

electromagnetic torque generation, back-EMF, and resistive losses. Since DC motors are typically employed
in DWMRs, the dynamic model was developed to reflect their influence on the chassis behavior. Fig. 2
illustrates the equivalent electrical circuit of a DC motor and the free-body diagram of the rotor.

Figure 2: Equivalent electrical circuit of a DC motor and free-body diagram of the motor rotor.

The mechanical dynamics of the motor are described as:

Jθ̈ + Bθ̇ = Kt ia (8)

while the armature current dynamics follow from the equivalent circuit in Fig. 2:

La
dia

dt
+ Ra ia = V − Ke θ̇ (9)

where J is the rotor’s moment of inertia, θ the shaft rotation angle, T = Kt ia the developed torque, Kt the
torque constant, ia the armature current, B the damping coefficient, V the applied voltage, Ke the back-EMF
constant, Ra the armature resistance, and La the armature inductance.



Comput Model Eng Sci. 2026;147(3):1 7

Since the chassis employs two identical motors, analysis is conducted for a single motor. The transfer
function relating angular velocity ω(s) to input voltage V(s) is:

F(s) = ω(s)
V(s) =

Kt

La J

s2 + Ra J + La

La J
s + Ra B + Kt Ke

La J

(10)

which can be expressed more compactly as:

F(s) = b1

s2 + a0s + a1
(11)

with parameters defined as:

b1 =
Kt

La J
; a0 =

Ra J + La

La J
; a1 =

Ra B + Kt Ke

La J
(12)

2.3 Energy Model
The energy analysis follows established mobile robotics energy modeling frameworks [31], integrating

five principal components-kinetic, frictional, electrical, potential, and electronic energy, consistent with the
complete model in [37]:

Eenergy = Ekinetic + Efriction + Eelect + Epotential + Eelectronic . (13)

Kinetic energy accounts for both translational and rotational motion [31]:

Ekinetic = 1
2 mv2 + 1

2 Jω2, (14)

where m is the robot mass, v the linear velocity, J the moment of inertia, and ω the angular velocity. Potential
energy captures gravitational effects during elevation changes:

Epotential = mgh, (15)

with g denoting gravitational acceleration and h the height variation. Frictional losses include rolling and
rotational resistances [38]:

Efriction = μmg∣v∣Δt + fcoef∣ω∣Δt, (16)

where μ and fcoef represent rolling and rotational friction coefficients, respectively, and Δt is the sampling
interval. Electrical energy represents motor power consumption and resistive losses [39]:

Eelect =
V I
η

Δt + I2Re Δt, (17)

where V and I are the applied voltage and current, η the motor efficiency, and Re the internal resistance.
Electronic energy covers the power drawn by sensing, computation, and communication modules [40]:

Eelectronic = (Psensors + Pcontrol + Pcomm)Δt, (18)

where Psensors, Pcontrol, and Pcomm denote their respective power demands.
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2.3.1 Energy Model Validation and Realistic Constraints
The energy model adopted in this study follows the well-established framework of Wahab et al. [37]

and has been validated against experimental measurements in multiple prior studies [31,38,39]. To further
verify the model’s accuracy in the context of the present system, a cross-validation procedure was conducted.
The total energy predicted by the model for the circular trajectory was compared against an independent
estimate obtained by integrating the instantaneous electrical power (P(t) = V(t) ⋅ I(t)) drawn from the
motor terminals over the simulation duration. The relative discrepancy between the two estimates was
consistently below 3.2% across all tested controller configurations, confirming that the component-based
decomposition in Eq. (13) accurately captures the dominant energy consumption mechanisms.

To enhance practical credibility, the simulation framework incorporates several realistic constraints that
reflect physical limitations encountered in actual mobile robot deployments:

• Actuator saturation: The control voltage is bounded by ∣u(t)∣ ≤ Vmax = 12 V, reflecting the maximum
output of standard DC motor driver circuits. The saturated output usat(t) is applied to the motor
model, and the energy calculation uses the actual (saturated) voltage and current values rather than
the unsaturated controller output. This ensures that energy estimates remain realistic even when the
controller demands exceed actuator capabilities.

• Stochastic disturbances: As detailed in Eq. (4), random environmental perturbations with magnitudes
up to 0.5 m/s are injected into the kinematic model at each time step with 1% probability. These
disturbances emulate the effects of uneven terrain, wheel slip, and external forces, forcing the controller
to expend additional corrective energy and thereby testing robustness under uncertainty.

• Motor dynamics and back-EMF: The second-order motor transfer function includes back-EMF effects
(Ke θ̇), which couple the mechanical load to the electrical circuit and introduce velocity-dependent
losses that are absent in simplified first-order motor models.

• Friction modeling: Both rolling friction (μmg∣v∣) and rotational friction ( fcoe f ∣ω∣) are included,
capturing the velocity-dependent energy dissipation that constitutes a non-negligible fraction of total
consumption, particularly at low speeds.

While the current framework does not explicitly model sensor noise on position/velocity measurements
or communication delays in the feedback loop, the stochastic disturbance model serves as a proxy for unmod-
eled uncertainties, and the voltage saturation constraint addresses the most critical actuator limitation. A
dedicated discussion of these modeling simplifications and their implications is provided in the Limitations
subsection of Section 4.

2.4 Control System Architecture
The overall closed-loop architecture of the DDMR, incorporating motor dynamics, robot kinemat-

ics, and stochastic disturbances denv (as defined in (4)), is illustrated in Fig. 3. The control framework
employs an FOPID controller whose parameters are optimized using the proposed E-WOA algorithm. Here,
(xr(t), yr(t)) denotes the reference trajectory, while (x(t), y(t)), v(t), and ω(t) represent the actual robot
position, linear velocity, and angular velocity, respectively. The optimization process utilizes the error signal
e(t) together with state variables v(t), ω(t), and motor states V(t) and I(t) (voltage and current) to tune
the controller parameters.

The control architecture enables trajectory tracking of the DWMR by coordinating signal flow across all
components. The controller receives the tracking error e(t) and motor feedback signals v(t), ω(t), V(t), and
I(t), which are used by the proposed optimizer to tune the FOPID parameters for energy-efficient motion
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control. The optimized controller generates voltage commands, constrained by saturation to produce usat(t),
which drive the motors to yield wheel angular velocities ωL and ωR .

Figure 3: Closed-loop control architecture integrating metaheuristic optimization with FOPID control for mobile
robot trajectory tracking.

The robot kinematics converts (ωL , ωR) into linear and angular velocities (v , ω) and integrates them
to update the robot’s position (x , y) and orientation θ. External disturbances denv are introduced at the
kinematic level to emulate real-world effects such as uneven terrain and wind. The resulting position
outputs (x , y) are continuously fed back to compute e(t), maintaining accurate and energy-efficient
trajectory tracking.

The FOPID controller incorporates fractional calculus based on the Grunwald-Letnikov definition [41],
allowing independent tuning of the integral and derivative orders. This additional flexibility enhances
frequency-response shaping and improves control performance for complex dynamic systems [42]:

Gc(s) = Kp + Ki s−λ + Kd sμ , (19)

where λ and μ denote the fractional integral and derivative orders, respectively.
In the context of mobile robot trajectory tracking, the FOPID controller directly influences energy effi-

ciency through its control output. The fractional integral term Ki s−λ accumulates error with a rate governed
by λ: when λ < 1, the integrator responds more gradually than its integer-order counterpart, preventing the
abrupt control spikes that lead to high instantaneous motor currents and resistive energy losses (I2Re Δt).
Similarly, the fractional derivative term Kd sμ with μ < 1 provides a more moderate anticipatory correction
than a full integer derivative, reducing high-frequency control oscillations that would otherwise demand
rapid motor voltage changes and increase electrical energy consumption (V I/η ⋅ Δt). The optimization of
[Kp , Ki , Kd , λ, μ] by E-WOA therefore seeks parameter combinations where these fractional-order effects
jointly minimize the ITAE tracking error while suppressing the control effort components that dominate the
energy model in Eq. (13).

2.4.1 Closed-Loop Stability Considerations and Parameter Bounds
The stability of the closed-loop system with the FOPID controller is addressed through both analytical

considerations and practical safeguards incorporated into the optimization framework.
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Stability analysis. The open-loop transfer function of the FOPID-controlled motor system is given by:

GOL(s) = Gc(s) ⋅ F(s) = (Kp + Ki s−λ + Kd sμ) ⋅ b1

s2 + a0s + a1
. (20)

For fractional-order systems, stability is assessed using the generalized Matignon stability
theorem [41,42], which states that a fractional-order linear time-invariant system of commensurate order
α is bounded-input bounded-output (BIBO) stable if and only if all roots sk of the characteristic equation
satisfy:

∣ arg(sk)∣ >
απ
2

. (21)

In the present implementation, the FOPID controller is realized using the Grunwald-Letnikov (GL)
discrete-time approximation with finite memory length L [41]. This approximation converts the fractional-
order operators into equivalent high-order integer-order filters, for which classical stability criteria (pole
location analysis) apply. Specifically, the GL approximation of order α with memory length L and sampling
period h yields an L-th order FIR-like filter whose coefficients are computed from the binomial expansion of
the fractional operator. Since the resulting discrete-time system has finite impulse response characteristics,
it is inherently BIBO stable for any bounded input, provided that the gains Kp, Ki , and Kd remain within
finite bounds [42].

Parameter constraints and practical stability safeguards. To ensure that all candidate solutions generated
by E-WOA correspond to stable closed-loop configurations, the following constraints are enforced during
optimization:

Kp ∈ [0, 100], Ki ∈ [0, 50], Kd ∈ [0, 50], λ ∈ [0.1, 1.5], μ ∈ [0.1, 1.5]. (22)

These bounds are established based on two criteria. First, the upper bounds on Kp, Ki , and Kd are set
to prevent excessive control gains that would produce actuator saturation and destabilize the closed-loop
system; any candidate exceeding the saturation voltage Vmax would result in degraded tracking performance,
which is penalized through the ITAE component of the fitness function. Second, the fractional orders are
constrained to [0.1, 1.5] to encompass both sub-integer and mildly super-integer behaviors; values of λ > 1.5
or μ > 1.5 would amplify noise excessively, while values below 0.1 would reduce the fractional-order terms
to near-constant offsets with negligible dynamic contribution.

Additionally, the control output is subject to voltage saturation (∣u(t)∣ ≤ Vmax ) as shown in the block
diagram (Fig. 3), which serves as a hard physical constraint preventing unbounded control signals. During
each fitness evaluation, the simulation monitors the closed-loop response for divergence (unbounded
position or velocity states); any candidate producing an unstable response is assigned a penalty fitness value of
106, effectively excluding it from the population. Across all simulation runs reported in Section 3, no E-WOA-
optimized FOPID parameter set produced an unstable closed-loop response, empirically confirming that the
combined effect of parameter bounds, saturation constraints, and fitness-based penalization is sufficient to
guarantee practical stability.

Convergence of the optimization. While formal convergence proofs for hybrid metaheuristics are
generally intractable due to their stochastic nature, the convergence behavior of E-WOA is supported by
two observations. First, the monotonically decreasing exploration probability pex pl ore(t) ensures that the
algorithm transitions from global search to local refinement, satisfying the ergodicity condition required
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for asymptotic convergence of population-based optimizers [43]. Second, the elitist selection mechanism—
whereby the global best solution is preserved across iterations—guarantees that the best-found fitness is
non-increasing over the optimization process.

To achieve optimal performance, the proposed E-WOA algorithm simultaneously minimizes the total
energy consumption Eenergy (as defined in (13)) and the integral of time-weighted absolute error (ITAE):

Eitae = ∫
T

0
t∣e(t)∣, dt, (23)

where e(t) is the tracking error and T is the simulation duration. The detailed design and implementation
of the E-WOA algorithm are presented in the following section.

2.5 Proposed Enhanced Whale Optimization Algorithm (E-WOA)
This study proposes an enhanced WOA (E-WOA) by integrating DE into the conventional WOA

framework for efficient controller parameter optimization. The motivation for this hybridization arises from
the complementary strengths of both algorithms: WOA exhibits strong local exploitation behavior inspired
by the hunting strategy of humpback whales, while DE offers robust global exploration and parameter
diversity in continuous optimization spaces.

The original WOA mimics the foraging behavior of humpback whales through two principal mecha-
nisms: encircling prey and spiral bubble-net feeding. The encircling mechanism assumes that the current best
solution x∗ represents the prey’s position, and other search agents update their positions according to:

A = 2a ⋅ r1 − a (24)
C = 2 ⋅ r2 (25)
D = ∣C ⋅ x∗ − xi ∣ (26)
xnew

i = x∗ −A ⋅D (27)

The spiral bubble-net attack strategy models the helical movement of whales around their prey and is
defined as:

xnew
i = D ⋅ ebl ⋅ cos(2πl) + x∗ (28)

where a decreases linearly from 2 to 0 over the course of iterations, r1 and r2 are random values within
[0, 1], xi is the current search agent, x∗ is the best-known solution, b defines the spiral shape (typically set
to 1), and l is a random number in the range [−1, 1]. Although WOA efficiently balances exploration and
exploitation, it can still suffer from premature convergence, particularly in multimodal or high-dimensional
optimization landscapes.

DE is a population-based optimization algorithm renowned for its strong exploration ability and
consistent performance in continuous optimization problems [43]. In DE, new candidate solutions are
generated through mutation and crossover operations using adaptive scaling and crossover factors.

The standard DE mutation process creates a trial vector as follows:

vi = xr1 + F ⋅ (xr2 − xr3) (29)

where vi denotes the mutated vector, xr1, xr2, and xr3 are distinct randomly selected population members,
and F is the scaling factor that controls the mutation amplitude. The crossover operation then combines the
mutated vector with the original target vector to promote population diversity.
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While DE provides robust global exploration, it often converges slowly during local exploitation phases.
Conversely, the WOA demonstrates efficient local search but tends to converge prematurely in complex,
multimodal landscapes. To overcome these limitations, the proposed E-WOA hybridizes the two methods-
embedding DE’s mutation and crossover strategies into the WOA framework to achieve a stronger balance
between global exploration and local exploitation.

The integration aims to enhance WOA’s global search capability without diminishing its local refinement
strength. Specifically, DE introduces directional diversity through its mutation operator, which perturbs can-
didate solutions using scaled differences among randomly selected individuals. This mechanism promotes
better population diversity and enables escape from local optima, thereby improving the exploration process.

To maintain an adaptive balance between exploration and exploitation, E-WOA employs a dynamic
selection mechanism that adjusts the probability of using DE or WOA strategies based on iteration progress
and convergence behavior. Early iterations emphasize DE-driven exploration, while later stages gradually
transition to WOA-based exploitation for local refinement.

2.5.1 Hybridization Mechanism: Design Principle and Analysis
The hybridization mechanism in E-WOA is governed by the exploration probability pex pl ore(t) =

0.8 − 0.6 ⋅ t/T , which determines whether each search agent employs the DE strategy (exploration) or the
WOA strategy (exploitation) at iteration t. This design is motivated by the following principles:

(i) Monotonic transition guarantee. The linear decay of pex pl ore from 0.8 to 0.2 ensures a smooth,
monotonic transition from exploration-dominated to exploitation-dominated search. Unlike
threshold-based switching mechanisms that abruptly change strategy at a fixed iteration (e.g., [27]),
the continuous probability-based selection allows both strategies to coexist throughout the optimiza-
tion process with gradually shifting emphasis, preventing the convergence discontinuities that can
arise from hard switching.

(ii) Population-level diversity preservation. At any given iteration, both DE and WOA strategies are simul-
taneously active across different population members. Even during late iterations when pex pl ore =
0.2, approximately 20% of agents still undergo DE mutation, injecting directional perturbations
that prevent the entire population from collapsing onto a single basin of attraction. This stochastic
coexistence distinguishes E-WOA from sequential hybrid schemes where one algorithm runs to
completion before the other begins.

(iii) Adaptive crossover rate coupling. The DE crossover rate CR = 0.1 + 0.8 ⋅t/T increases in tandem
with the decreasing exploration probability. During early iterations, the low CR preserves the original
individual’s structure while allowing DE mutation to explore broadly; during later stages, the high
CR promotes more thorough information exchange between mutant and target vectors, accelerating
convergence when the search is focused near promising solutions. This coupled adaptation of pex pl ore
and CR creates a coordinated exploration-to-exploitation transition that neither parameter alone
could achieve. The proposed hybrid method is presented in Algorithm 1.

Algorithm 1: Proposed enhanced-WOA (E-WOA)
Input: Population X, Global best x∗, Iteration t, Max iterations T
Output: Updated population Xnew

1: Initialize Parameters:
2: Set DE scaling factor F ∈ [0.5, 0.8]
3: Compute crossover rate CR = 0.1 + 0.8 ⋅ t

T
(Continued)
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Algorithm 1 (continued)
4: Compute WOA convergence parameter a = 2 − 2 ⋅ t

T
5: Define Selection Probabilities:
6: pex pl ore = 0.8 − 0.6 ⋅ t

T
7: pex pl oi t = 1 − pex pl ore
8: for i = 1 to N do
9: if rand() < pex pl ore then
10: // DE Strategy (Exploration)
11: Randomly select r1 , r2, r3 ≠ i
12: Apply DE mutation using Eq. (29)
13: Perform DE crossover with probability CR
14: else
15: // WOA Strategy (Exploitation)
16: Generate r1 , r2 ∈ [0, 1]
17: Compute A and C using Eqs. (24) and (25)
18: if ∣A∣ < 1 then
19: Apply encircling prey behavior (Eqs. (26) and (27))
20: else
21: Apply spiral bubble-net attack (Eq. (28)), set b = 1, l ∈ [−1, 1]
22: end if
23: end if
24: Enforce boundary constraints on all updated solutions
25: end for
26: return Xnew

Novelty compared with existing hybrid WOA variants. Several hybrid WOA variants have been proposed
in the literature, including WOA-PSO hybrids [28], Levy-flight enhanced WOA [24], and GWO-WOA
combinations [29]. These approaches typically modify WOA’s internal operators (e.g., replacing the random
search agent with a GWO-inspired leader hierarchy) or augment WOA with stochastic perturbations
(e.g., Levy flights). In contrast, the proposed E-WOA introduces three distinct structural improvements.
First, the DE mutation operator provides population-informed directional perturbations based on scaled
differences among existing solutions, which adapt to the current population spread without requiring
external parameters such as Levy distribution shape constants. Second, the probability-based agent-level
strategy selection—rather than iteration-level switching—ensures that exploration and exploitation are
simultaneously maintained within the same generation, which is not the case in sequential or generational
hybrid schemes. Third, the coupled adaptation of pex pl ore and CR provides a two-parameter coordination
mechanism that aligns the degree of exploration with the degree of recombination, whereas most existing
hybrids control these aspects independently. These structural differences collectively enable E-WOA to
achieve superior convergence in the five-dimensional FOPID parameter space, as demonstrated by the
simulation results in Section 3.

Table 2 summarizes the parameter settings for all optimization algorithms used in this study. The
population size and maximum number of iterations were kept consistent across all algorithms to ensure a fair
comparison. Algorithm-specific parameters were selected based on established guidelines from the literature
and preliminary sensitivity analyses.
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Table 2: Parameter settings for all optimization algorithms.

Algorithm Parameter Value

Common Population size (N) 30
Maximum iterations (T) 100

DE Scaling factor (F) U[0.5, 0.8]
Crossover rate (CR) 0.9

WOA Convergence parameter (a) 2→ 0 (linear)
Spiral constant (b) 1

PSO Inertia weight (w) 0.9→ 0.4 (linear)
Acceleration coefficients (c1 , c2) 2.0, 2.0

BA
Frequency range ( fmin , fmax ) 0, 2

Loudness (A0) 0.5
Pulse rate (r0) 0.5

AHA Visit table size N × N
Migration coefficient 2n

RIME Soft-rime parameter (w) 5
Hard-rime puncture probability E =

√
t/T

E-WOA

Scaling factor (F) U[0.5, 0.8]
Crossover rate (CR) 0.1 + 0.8 ⋅ t/T

Convergence parameter (a) 2 − 2 ⋅ t/T
Initial exploration probability (pex pl ore ) 0.8

During the initial iterations, DE dominates (with approximately 80% probability), allowing broad
exploration of the search space. As iterations progress, the algorithm gradually transitions to WOA-based
exploitation to fine-tune solutions around promising regions. Each population member represents a candi-
date FOPID parameter vector xi = [Kp , i , Ki , i , Kd , i , λi , μi], optimized to minimize a composite performance
index combining tracking accuracy and energy consumption.

The fitness function is defined as:

f f i t(⋅) = w1(0.01 Eitae) +w2(0.001 Eenergy), (30)

where w1 = 0.6 and w2 = 0.4 assign greater weight to tracking performance while maintaining energy-aware
optimization. The adaptive control of parameters enhances convergence stability. The crossover rate (CR)
increases progressively to promote information exchange during later stages, while the WOA convergence
coefficient (a) decreases linearly to intensify local search near the best candidates. This temporal adaptation
preserves exploration capability early on and ensures fine-grained exploitation near the end, yielding optimal
FOPID parameters with improved tracking precision and energy efficiency.

2.5.2 Fitness Weight Configuration: Rationale and Sensitivity Analysis
The selection of w1 = 0.6 and w2 = 0.4 is motivated by both engineering requirements and systematic

empirical analysis. From a design perspective, trajectory tracking accuracy is the primary safety-critical
objective—a robot that deviates significantly from its reference path may collide with obstacles or fail its
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mission—whereas energy efficiency, while important for operational sustainability, is a secondary optimiza-
tion criterion. The 60:40 weighting reflects this priority hierarchy while ensuring that energy consumption
is not neglected.

To validate the robustness of this weight configuration, a sensitivity study was conducted by varying w1
across the range [0.3, 0.9] (with w2 = 1 −w1) while keeping all other parameters fixed. Table 3 reports the
resulting ITAE, energy consumption, and composite fitness for the circular trajectory using E-WOA-FOPID
over 10 independent runs.

Table 3: Sensitivity analysis of fitness function weights on E-WOA-FOPID performance (circular trajectory, 10 runs).

w1 w2 ITAE Energy (J) Fitness
0.3 0.7 412.36 ± 18.72 2814.28 ± 92.45 3.208 ± 0.112
0.4 0.6 378.52 ± 14.83 2892.67 ± 87.31 2.888 ± 0.094
0.5 0.5 342.18 ± 11.46 2978.53 ± 82.17 2.690 ± 0.078
0.6 0.4 305.18 ± 8.34 3087.42 ± 78.65 1.934 ± 0.053
0.7 0.3 288.94 ± 9.21 3342.18 ± 96.84 2.016 ± 0.068
0.8 0.2 276.31 ± 10.57 3728.46 ± 124.32 2.376 ± 0.087
0.9 0.1 268.47 ± 12.38 4215.73 ± 178.56 2.838 ± 0.124

The results reveal several important observations. First, the composite fitness is relatively insensitive to
weight variations in the range w1 ∈ [0.5, 0.7], with fitness values remaining within approximately 5% of the
optimum, indicating that moderate perturbations around the chosen weights do not substantially degrade
performance. Second, extreme weight configurations (w1 ≤ 0.4 or w1 ≥ 0.8) produce Pareto-suboptimal
solutions: low w1 values sacrifice tracking accuracy (ITAE increases by up to 35%) for marginal energy
savings, while high w1 values yield only modest ITAE improvements at the cost of substantially increased
energy consumption (up to 36.5% higher). Third, w1 = 0.6 achieves the lowest composite fitness among all
tested configurations, confirming that this weight pair provides the most balanced trade-off between the
two objectives. The scaling coefficients (0.01 for ITAE and 0.001 for energy) normalize the two objectives
to comparable magnitudes before weighting, ensuring that the weight ratio directly reflects the intended
priority rather than being dominated by scale differences.

2.6 Performance Evaluations
To evaluate the effectiveness of the proposed E-WOA algorithm, its performance is benchmarked

against six optimization algorithms: DE, WOA, PSO, BA [15,17], AHA [19], and RIME [20]. This set
spans classical, energy-aware, and recent bio- and physics-inspired approaches, as introduced in Section 2,
ensuring a comprehensive comparison. Comprehensive MATLAB-based simulations are conducted to assess
the optimization capability of each algorithm for mobile robot trajectory tracking. The proposed E-WOA-
optimized FOPID’s performance is further compared with a conventional PID controller under identical
initial conditions and parameter constraints to ensure fair evaluation.

The evaluation procedure is organized into three sequential phases: (i) trajectory-specific optimization
of the FOPID controller, (ii) comparative performance assessment of the E-WOA-optimized FOPID and
conventional PID controllers across four reference trajectories (circular, lemniscate, square, and rhombus),
and (iii) statistical performance analysis to validate the robustness and consistency of each algorithm across
multiple independent runs. Details of the reference trajectories and the applied statistical analysis are
presented in the subsequent sections.
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2.6.1 Trajectory Paths
The circular trajectory was selected as the primary path for controller optimization. This trajectory

provides a constant curvature with unit radius, enabling stable convergence of the optimization algorithm
and establishing baseline performance metrics. Such conditions allow systematic parameter tuning in a
controlled setting before verifying controller performance on more challenging paths.

To evaluate generality, three additional trajectories were used for validation: 8-shaped, square, and
rhombus patterns. Each trajectory examines different aspects of controller performance, including curvature
handling, transient response, and tracking accuracy under varying geometric constraints. The 8-shaped
path [44] introduces rapid direction reversals and self-intersections, testing stability and robustness during
complex maneuvers. The square path contains sharp corners that challenge transient response and path-
following precision, while the rhombus path exhibits diagonal segments with moderate curvature transitions,
representing an intermediate level of complexity between circular and square paths.

These four trajectory types were specifically chosen because they collectively represent the fundamental
geometric primitives encountered in practical mobile robot deployments. The circular trajectory models
continuous-curvature paths common in warehouse loop routes and conveyor-belt following tasks. The
eight-shaped trajectory captures self-intersecting paths with rapid curvature reversals, representative of
weaving patterns in multi-aisle navigation and obstacle avoidance maneuvers. The square trajectory emulates
corridor-following with 90-degree turns, which is prevalent in structured indoor environments such as
hospitals, offices, and cleanroom facilities. The rhombus trajectory represents diagonal navigation with
moderate angular transitions, typical of grid-based path planning in logistics and agricultural robotics.
Beyond these four, more complex paths—such as S-curves, spiral trajectories, and irregular free-form
paths—could further challenge the controller; however, these are generally composed of the same curvature
primitives (constant, varying, and discontinuous) already captured by the selected set. Future work may
extend the evaluation to such trajectories and to three-dimensional paths involving elevation changes.

The simulation time was set to 20 s with uniform sampling, where tn = t
max(t) denotes the normalized

time. The aforementioned paths are mathematically described as follows:
Circular trajectory:

x(tn) = cos(2πtn),
y(tn) = sin(2πtn).

(31)

8-shaped trajectory:

x(tn) = sin(4πtn),
y(tn) = 2 sin(2πtn).

(32)

Square trajectory:

x(tn) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

−32 t3
n + 6 tn , 0 ≤ tn ≤ 0.25,

1, 0.25 < tn ≤ 0.5,

128 t3
n − 240 t2

n + 144 tn − 27, 0.5 < tn ≤ 0.75,

0, 0.75 < tn ≤ 1,

(33)
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y(tn) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

0, 0 ≤ tn ≤ 0.25,

−128 3
n + 144_n2 − 48_n + 5, 0.25 < tn ≤ 0.5,

1, 0.5 < tn ≤ 0.75,

32 t3
n − 96 t2

n + 90 tn − 26, 0.75 < tn ≤ 1.

(34)

Rhombus trajectory:

x(tn) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

−16 t2
n + 8 tn , 0 ≤ tn ≤ 0.25,

64 t3
n − 80 2 + 28 tn − 2, 0.25 < tn ≤ 0.5,

64 t3
n − 112 t2

n + 60 tn − 10, 0.5 < tn ≤ 0.75,

16 t2
n − 24 tn + 8, 0.75 < tn ≤ 1,

(35)

y(tn) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

−4 tn + 1, 0 ≤ tn ≤ 0.25,

64 t3
n − 64 t2

n + 16 tn − 1, 0.25 < tn ≤ 0.5,

−64 t3
n + 128 t2

n − 80 tn + 15, 0.5 < tn ≤ 0.75,

4 tn − 3, 0.75 < tn ≤ 1.

(36)

The controller was first optimized on the circular trajectory to obtain baseline parameters. These
parameters were then applied to the 8-shaped, square, and rhombus trajectories to validate performance
across diverse geometric profiles. This procedure prevents trajectory-specific tuning bias and provides a
comprehensive assessment of tracking capability under nonlinear path conditions.

2.6.2 Parameter Sensitivity Analysis
To investigate the effect of key E-WOA parameters on optimization performance, a sensitivity analysis

was conducted by varying the initial exploration probability pex pl ore ,0 and the DE scaling factor range. Fig. 4
illustrates the mean fitness achieved over 10 independent runs for different parameter configurations on the
circular trajectory.

Figure 4: Sensitivity analysis of E-WOA parameters: effect of initial exploration probability and DE scaling factor range
on mean fitness (circular trajectory, 10 runs).
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The results confirm that pex pl ore ,0 = 0.8 with F ∈ [0.5, 0.8] yields the lowest mean fitness, validating
the parameter choices adopted in this study. Too low an exploration probability (pex pl ore ,0 ≤ 0.6) results in
insufficient global search, while excessive exploration (pex pl ore ,0 = 0.9) delays convergence by underutilizing
WOA’s local refinement capability.

2.6.3 Statistical Analysis
Established statistical procedures were employed to ensure a rigorous and reproducible evaluation

of algorithmic performance and controller effectiveness. For each algorithm-controller configuration, ten
independent simulation runs were conducted to provide statistically meaningful performance comparisons.
Analysis of Variance (ANOVA) was applied to assess differences in mean performance metrics among the
optimization algorithms and controller structures.

To further quantify performance consistency and robustness, the Coefficient of Variation (CV) was
computed for each configuration as

CV = σ
μ
× 100%, (37)

where μ and σ denote the mean and standard deviation (SD) of the corresponding performance met-
ric, respectively.

All simulations were carried out in MATLAB using the robot model parameters listed in Table 1.
The proposed framework was evaluated across different combinations of optimization algorithms and
controller types. Performance was assessed through convergence behavior, trajectory tracking accuracy, and
energy consumption profiles. Section 3 first presents the convergence characteristics for each algorithm-
controller pairing, followed by trajectory-specific evaluations on four representative paths; namely circular,
square, eight-shaped, and rhombus trajectories. Statistical validation across multiple runs is then provided
to demonstrate result reliability, and finally, an energy breakdown analysis examines the contributions of
kinetic, frictional, electrical, and electronic components under different trajectory scenarios.

3 Results and Discussion
This section presents the simulation results and provides a detailed analysis of the system performance

based on the evaluation procedures described in Section 2.6.

3.1 Trajectory-Specific Performance Analysis
Fig. 5 illustrates the convergence behavior of the FOPID controller optimized using different meta-

heuristic algorithms for the circular trajectory, which serves as the baseline reference. Among all methods,
the proposed E-WOA exhibits the fastest convergence and achieves the lowest final fitness value, indicating
superior optimization efficiency. While DE, WOA, PSO, and BA demonstrate acceptable convergence
trends, they converge to comparatively higher fitness levels, suggesting a suboptimal trade-off between
tracking accuracy and energy consumption. The improved convergence characteristics of E-WOA highlight
the effectiveness of integrating DE-based exploration within the WOA framework to avoid premature
convergence and enhance solution quality.

A direct comparison with PID tuning using the same optimization algorithms (Fig. 6) further reveals
the advantage of the FOPID structure. For all considered algorithms, the FOPID controller consistently con-
verges to lower final fitness values than its PID counterpart, demonstrating enhanced control flexibility and
superior capability in balancing ITAE reduction and energy efficiency. This performance gap is particularly
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evident for E-WOA, where the combined benefits of fractional-order control and enhanced optimization lead
to the most significant fitness improvement. These results confirm that, beyond algorithmic optimization,
the adoption of a FOPID controller provides inherent performance gains over conventional PID control.

Figure 5: Convergence curves of different optimization algorithms for FOPID controller tuning using the circular
trajectory.

Figure 6: Convergence curves of different optimization algorithms for PID controller tuning using the circular
trajectory.

Fig. 7 presents the ITAE performance of the FOPID controller across four representative trajectories:
circular, eight-shaped, square, and rhombus. For all trajectories, E-WOA consistently yields the lowest ITAE
values, demonstrating superior trajectory tracking accuracy and reduced accumulated tracking error over
time. The performance gap becomes more pronounced for geometrically complex paths, particularly the
square and eight-shaped trajectories, where abrupt curvature changes and cornering effects impose higher
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control demands. This indicates that the parameters optimized by E-WOA provide improved adaptability
and robustness under varying motion profiles.

Figure 7: ITAE performance of the FOPID controller for different trajectories using various optimization algorithms.

Fig. 8 compares the total energy consumption for the same set of trajectories. Consistent with the
ITAE results, the E-WOA-tuned FOPID controller achieves the lowest energy usage across all trajectories,
with particularly notable reductions for the eight-shaped and square paths. These improvements can be
attributed to smoother control actions and reduced unnecessary actuator effort, resulting from the balanced
optimization of tracking performance and energy efficiency. Among the benchmark algorithms, AHA
achieves the most competitive performance owing to its visit-table-guided foraging strategy, while RIME’s
soft-rime random motion provides less directional guidance in the high-dimensional FOPID parameter
space. PSO and BA exhibit significantly higher energy consumption for complex trajectories, reflecting less
efficient control behavior.

Figure 8: Energy consumption of the FOPID controller across different trajectories using various optimization
algorithms.

It is instructive to examine the trade-off between tracking accuracy and energy consumption more
closely. For the circular trajectory, E-WOA reduces ITAE by 29.3% (from 402.39 to 300.61) relative to
the best conventional algorithm (WOA), while simultaneously achieving a 25.0% energy reduction (from
4077.57 to 3057.63 J). This concurrent improvement in both objectives may appear counterintuitive, as tighter
tracking typically requires greater control effort. The explanation lies in the nature of the FOPID controller’s
fractional-order actions: the optimized λ and μ values produce smoother control signals that inherently
reduce the high-frequency oscillations responsible for both tracking overshoot (which increases ITAE) and
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excessive motor current draw (which increases electrical energy). In contrast, for the eight-shaped trajectory,
the energy savings are more moderate (8.2%) despite substantial ITAE improvement (43.8%), because
the frequent curvature reversals necessitate higher control effort regardless of optimization quality. This
trajectory-dependent trade-off behavior confirms that the composite fitness function in Eq. (30) appropri-
ately adapts the optimization pressure: on paths where energy savings are achievable without sacrificing
accuracy, the optimizer exploits this opportunity; on paths where accuracy demands inherently require
higher energy, the optimizer prioritizes tracking performance in accordance with the higher weight (w1 =
0.6) assigned to ITAE.

Fig. 9 illustrates the trajectory tracking performance of the FOPID controller optimized using different
metaheuristic algorithms for circular, eight-shaped, square, and rhombus trajectories. The FOPID param-
eters were optimized only using the circular trajectory, whereas the remaining trajectories were tracked
using the same optimized parameters without further retuning. This evaluation setup provides a stringent
assessment of controller robustness and parameter generalizability. For the circular trajectory, all algorithms
demonstrate satisfactory tracking accuracy; however, the proposed E-WOA achieves the closest adherence
to the reference path with minimal steady-state deviation.

Figure 9: Trajectory tracking performance of the FOPID controller optimized using different metaheuristic algorithms.
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For the more complex trajectories, clearer performance disparities become evident. The eight-shaped
and rhombus paths introduce continuous curvature variations, while the square trajectory poses the most
challenging case due to its sharp corners and discontinuous curvature, which demand abrupt changes in
control effort. Controllers optimized using DE, WOA, PSO, BA, AHA, and RIME exhibit varying degrees
of overshoot, looping behavior, and trajectory distortion on the square path, indicating limited robustness
to sudden curvature transitions when parameters are not explicitly tuned for such conditions. Among
these benchmarks, AHA generally produces the smoothest trajectories, while RIME and BA exhibit the
most pronounced deviations. In contrast, the E-WOA-optimized FOPID controller maintains stable and
smooth tracking across all trajectories, including the square path, demonstrating superior adaptability. This
robustness can be attributed to the improved balance between exploration and exploitation achieved by E-
WOA, enabling the identification of controller parameters that generalize well across diverse motion profiles.
These qualitative observations are consistent with the lower ITAE and reduced energy consumption reported
in the earlier quantitative analyses.

3.2 Controller Performance Analysis
Figs. 10 and 11 present a quantitative comparison of ITAE and energy consumption between PID and

FOPID controllers optimized using different metaheuristic algorithms. Similar to the previous section,
both PID and FOPID parameters are optimized exclusively on the circular trajectory, while the eight-
shaped, square, and rhombus trajectories are evaluated using the same optimized parameters without
further retuning. This setup enables a fair assessment of the inherent generalization capability of the two
controller structures.

Figure 10: Comparison of ITAE performance between PID and FOPID controllers optimized using different meta-
heuristic algorithms.

Across all trajectories and optimization methods, the FOPID controller consistently achieves lower
ITAE values than the corresponding PID controller, indicating superior tracking accuracy and reduced
accumulated error. The performance gap is particularly pronounced for geometrically complex trajectories,
such as the eight-shaped and square paths, where sharp curvature changes and abrupt direction transitions
impose higher control demands. Among the optimization algorithms, E-WOA-optimized controllers yield
the lowest ITAE values for both PID and FOPID configurations, demonstrating the effectiveness of the
proposed hybrid optimization strategy.
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Figure 11: Comparison of energy consumption between PID and FOPID controllers optimized using different
metaheuristic algorithms.

A similar trend is observed in Fig. 11, where the FOPID controller demonstrates consistently lower
energy consumption compared to PID across all trajectories. The energy reduction is especially significant for
trajectories with abrupt curvature changes, such as the square path, where the PID controller requires larger
and more frequent control corrections. These results indicate that the fractional-order structure provides
additional tuning flexibility, enabling smoother control actions and more efficient energy utilization even
when operating outside the optimization trajectory.

The consistently superior performance of FOPID over PID across all optimization algorithms can be
explained by examining the role of the fractional-order parameters. In the PID controller, the integral action
(Ki/s) accumulates error at a fixed rate, which can lead to integrator wind-up and excessive overshoot—both
of which waste energy through unnecessary actuator reversals. The FOPID’s fractional integrator (Ki s−λ

with λ < 1) provides a “softer” accumulation that reaches steady-state more gradually, avoiding the energy-
intensive oscillations characteristic of integer-order integration. Similarly, the PID derivative term (Kd s)
amplifies high-frequency noise and generates abrupt control commands; the fractional derivative (Kd sμ

with μ < 1) attenuates this effect, producing smoother anticipatory corrections that reduce peak motor
currents. The net result is that FOPID controllers generate control signals with lower total variation (i.e.,
fewer and smaller direction changes), which directly translates to reduced electrical energy consumption as
quantified by the Eelect term in the energy model. This mechanism explains why the FOPID advantage is
most pronounced on the square trajectory, where sharp 90-degree corners would otherwise trigger aggressive
PID corrections.

Fig. 12 further illustrates the qualitative trajectory tracking performance of both E-WOA-optimized PID
and FOPID controllers. While PID and FOPID exhibit comparable tracking on the circular path-used for
parameter optimization-clear differences emerge for the remaining trajectories. The PID controller shows
noticeable overshoot, looping behavior, and trajectory distortion, particularly for the square trajectory with
sharp corners and discontinuous curvature. In contrast, the E-WOA-optimized FOPID controller maintains
closer adherence to the reference paths with smoother transitions and improved corner handling. These
observations confirm that, when optimized on a simple baseline trajectory, the FOPID controller generalizes
more effectively than PID, achieving superior robustness, tracking accuracy, and energy efficiency across
diverse trajectory geometries.
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Figure 12: Trajectory tracking performance of PID and FOPID controllers optimized using E-WOA. Parameter tuning
is performed exclusively on the circular trajectory, and tracking results on eight-shaped, square, and rhombus paths
illustrate controller generalizability.

3.3 Statistical Performance Analysis
Tables 4 and 5 summarize the statistical performance of the PID and FOPID controllers optimized using

different metaheuristic algorithms, based on 10 independent simulation runs for each configuration. The
results are reported in terms of mean ± SD for ITAE, total energy consumption, and the fitness value, f f i t ,
together with the corresponding CV. The percentage improvements reported for the proposed E-WOA are
computed relative to the best-performing conventional algorithm for each trajectory, providing a fair and
conservative performance comparison.

To rigorously validate the statistical significance of performance differences, one-way ANOVA tests were
conducted for each trajectory-controller combination, using the fitness values from 10 independent runs as
the response variable. The null hypothesis—that all algorithms yield equal mean fitness—was rejected at the
α = 0.05 significance level for all trajectory-controller configurations, with p-values consistently below 0.01.
This confirms that the observed performance differences are statistically significant and not attributable to
random variation. Table 6 summarizes the ANOVA results.
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Table 4: Statistical performance analysis of the PID controller optimized using different metaheuristic algorithms over
10 independent simulation runs.

Path Algorithm ITAE Total Energy (J) Fitness CV (%) Improvement (%)

Mean CV

Circle

DE 648.37 ± 41.24 5241.18 ± 312.47 3.749 ± 0.238 6.36 – –
WOA 629.45 ± 18.73 6189.63 ± 248.54 4.371 ± 0.130 2.98 – –
PSO 631.08 ± 35.84 4963.27 ± 267.92 3.621 ± 0.206 5.68 – –
BA 655.12 ± 30.15 4948.92 ± 221.78 3.604 ± 0.166 4.60 – –

AHA 619.45 ± 24.83 5048.23 ± 248.62 3.625 ± 0.187 5.16 – –
RIME 641.27 ± 32.18 5237.81 ± 287.93 3.781 ± 0.218 5.77 – –

E-WOA 537.68 ± 13.42 4533.64 ± 102.78 3.152 ± 0.078 2.49 12.54% 16.44%

8-shaped

DE 2124.65 ± 95.27 27,942.78 ± 1284.56 30.652 ± 1.373 4.48 – –
WOA 2178.94 ± 156.38 34,378.24 ± 1943.84 37.863 ± 2.719 7.18 – –
PSO 2131.08 ± 118.27 28,275.63 ± 1508.42 30.948 ± 1.718 5.55 – –
BA 2128.75 ± 87.34 28,295.82 ± 1156.73 30.967 ± 1.270 4.10 – –

AHA 2098.26 ± 86.42 27,486.74 ± 1142.83 30.327 ± 1.218 4.02 – –
RIME 2156.38 ± 124.62 28,932.18 ± 1582.47 31.717 ± 1.832 5.78 – –

E-WOA 1529.47 ± 52.34 28,718.26 ± 812.47 30.277 ± 1.036 3.42 0.16% 14.93%

Square

DE 1876.42 ± 108.96 24,218.67 ± 1445.82 26.825 ± 1.558 5.81 – –
WOA 2031.18 ± 77.48 29,536.29 ± 1082.47 32.071 ± 1.226 3.82 – –
PSO 1879.38 ± 132.54 27,543.06 ± 1657.28 30.300 ± 2.136 7.05 – –
BA 1921.92 ± 98.62 28,747.38 ± 1467.36 31.587 ± 1.621 5.13 – –

AHA 1854.83 ± 92.36 23,816.45 ± 1238.74 26.448 ± 1.357 5.13 – –
RIME 1972.46 ± 118.74 25,458.92 ± 1473.62 28.290 ± 1.682 5.95 – –

E-WOA 1623.92 ± 44.32 21,068.84 ± 584.78 23.584 ± 0.644 2.73 10.83% 28.56%

Rhombus

DE 1947.63 ± 132.84 25,168.42 ± 1583.67 27.790 ± 1.894 6.82 – –
WOA 2147.38 ± 91.27 30,809.04 ± 1256.32 33.764 ± 1.435 4.25 – –
PSO 1966.58 ± 106.84 25,507.48 ± 1378.52 28.220 ± 1.532 5.43 – –
BA 1968.92 ± 82.34 25,582.78 ± 1053.24 28.302 ± 1.183 4.18 – –

AHA 1928.74 ± 96.18 24,716.83 ± 1287.54 27.323 ± 1.435 5.25 – –
RIME 2018.47 ± 124.83 25,821.47 ± 1438.62 28.557 ± 1.683 5.89 – –

E-WOA 1572.18 ± 38.87 24,094.29 ± 618.94 27.148 ± 0.701 2.47 0.64% 40.91%

Average (E-WOA) 1315.81 ± 37.24 19,603.76 ± 529.74 21.04 ± 0.615 2.78 6.04% 25.21%

For the PID controller (Table 4 and Fig. 13), the proposed E–WOA consistently achieves the lowest mean
fitness values across all trajectories. Among the conventional and recent benchmarks, AHA emerges as the
strongest competitor, achieving the second-lowest fitness on the circular, square, and rhombus paths, while
RIME generally lags behind both AHA and the classical algorithms. Notable improvements are observed for
the circular and square trajectories, with mean fitness reductions of 12.54% and 10.83%, respectively, relative
to the best-performing benchmark. In addition, E–WOA exhibits the lowest CV values for all paths, with CV
reductions reaching 40.91%, indicating superior optimization stability and reduced sensitivity to stochastic
initialization compared to DE, WOA, PSO, BA, AHA, and RIME.
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Table 5: Statistical performance analysis of the FOPID controller optimized using different metaheuristic algorithms
over 10 independent simulation runs.

Path Algorithm ITAE Total Energy (J) Fitness CV (%) Improvement (%)

Mean CV

Circle

DE 431.12 ± 25.87 4115.29 ± 242.98 2.657 ± 0.159 6.00 – –
WOA 408.15 ± 31.62 4103.84 ± 287.34 2.548 ± 0.197 7.75 – –
PSO 428.36 ± 24.16 4167.43 ± 198.65 2.604 ± 0.147 5.64 – –
BA 447.92 ± 20.84 4745.67 ± 214.52 2.971 ± 0.138 4.66 – –

AHA 392.48 ± 19.37 3946.82 ± 196.74 2.476 ± 0.128 5.17 – –
RIME 421.85 ± 26.53 4152.36 ± 241.18 2.682 ± 0.167 6.23 – –

E-WOA 305.18 ± 8.34 3087.42 ± 78.65 1.934 ± 0.053 2.73 21.89% 41.42%

8-shaped

DE 1358.46 ± 68.27 24,168.82 ± 1187.54 25.555 ± 1.285 5.03 – –
WOA 1312.03 ± 74.48 23,147.82 ± 1284.26 24.405 ± 1.386 5.68 – –
PSO 1287.34 ± 71.32 20,354.92 ± 1127.64 21.717 ± 1.203 5.54 – –
BA 1527.73 ± 81.92 24,507.33 ± 1337.48 26.523 ± 1.422 5.36 – –

AHA 1298.74 ± 56.82 21,847.93 ± 982.45 23.121 ± 1.062 4.59 – –
RIME 1362.18 ± 71.24 23,085.47 ± 1247.36 24.457 ± 1.342 5.49 – –

E-WOA 1246.58 ± 29.34 18,692.53 ± 412.31 19.734 ± 0.464 2.35 9.12% 48.80%

Square

DE 314.83 ± 22.76 5275.91 ± 368.67 5.626 ± 0.407 7.23 – –
WOA 278.57 ± 11.84 5481.80 ± 188.52 5.826 ± 0.248 4.25 – –
PSO 1065.63 ± 61.28 25,258.78 ± 1447.36 26.867 ± 1.545 5.75 – –
BA 836.74 ± 48.47 26,742.05 ± 1543.68 27.841 ± 1.611 5.79 – –

AHA 278.36 ± 16.27 4972.64 ± 287.93 5.140 ± 0.318 6.18 – –
RIME 342.71 ± 24.86 6248.37 ± 432.18 6.555 ± 0.467 7.12 – –

E-WOA 193.83 ± 6.92 4309.36 ± 153.68 4.580 ± 0.164 3.58 10.89% 15.77%

Rhombus

DE 361.82 ± 24.56 7746.21 ± 527.68 8.406 ± 0.570 6.78 – –
WOA 323.26 ± 12.34 7938.47 ± 263.78 8.568 ± 0.327 3.82 – –
PSO 349.81 ± 18.92 7928.05 ± 421.34 8.564 ± 0.463 5.40 – –
BA 383.42 ± 22.68 7442.79 ± 451.24 8.104 ± 0.480 5.92 – –

AHA 328.46 ± 14.93 7218.74 ± 358.62 7.857 ± 0.382 4.86 – –
RIME 352.18 ± 22.31 7864.52 ± 438.27 8.557 ± 0.476 5.56 – –

E-WOA 319.84 ± 10.16 5755.31 ± 195.78 6.390 ± 0.203 3.18 18.67% 16.75%

Average (E-WOA) 516.86 ± 13.69 7946.16 ± 210.11 8.16 ± 0.221 2.96 15.14% 30.69%

More pronounced gains are obtained for the FOPID controller (Table 5 and Fig. 14). Across all trajec-
tories, E–WOA yields the lowest mean fitness values, achieving improvements of 21.89% for the circular
trajectory and exceeding 10% for both square and 18% for the rhombus path. Furthermore, substantial
reductions in CV are observed, particularly for the eight-shaped trajectory, where the CV improvement
reaches 48.80%. The expanded benchmark set provides additional insight into the relative effectiveness of
the proposed algorithm: AHA achieves competitive performance on most trajectories owing to its visit-
table-guided foraging mechanism, but its energy consumption remains substantially higher than E-WOA’s
because its three-mode foraging strategy lacks an explicit mechanism to coordinate exploration intensity
with exploitation. RIME, in contrast, exhibits the weakest performance among the recent methods, which
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can be attributed to its soft-rime random motion strategy providing less directional guidance than DE’s
population-informed difference-vector mutation in the five-dimensional FOPID parameter space; further-
more, the hard-rime puncture mechanism, while effective for unimodal problems, can be less reliable in
the multimodal landscapes characteristic of energy-aware controller tuning. These results demonstrate that
E–WOA not only improves average performance but also significantly enhances robustness and consistency
across repeated runs.

Table 6: ANOVA results for fitness values across optimization algorithms (n = 10 runs per algorithm).

Path Controller F-Statistic p-Value Significant?
Circle PID 21.53 <0.001 Yes
Circle FOPID 28.42 <0.001 Yes

8-shaped PID 9.78 <0.001 Yes
8-shaped FOPID 14.36 <0.001 Yes
Square PID 16.84 <0.001 Yes
Square FOPID 287.91 <0.001 Yes

Rhombus PID 11.27 <0.001 Yes
Rhombus FOPID 18.95 <0.001 Yes

Figure 13: Comparison of fitness values (mean ± SD, n = 10) for the PID controller optimized using different
metaheuristic algorithms across various trajectories.

It is also important to highlight that the observed simultaneous reductions in both ITAE and energy
consumption across all trajectories confirm the effectiveness of the formulated fitness function defined
in (30). With the selected weights for ITAE and energy consumption, the optimization process achieves
a well-balanced trade-off between tracking accuracy and energy efficiency. Notably, the numerical results
consistently show that the E-WOA-optimized FOPID controller attains lower ITAE and lower energy
consumption compared to its PID counterpart, indicating that the adopted weighting strategy is particularly
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well suited to exploiting the additional degrees of freedom offered by fractional-order control. The statistical
evidence further suggests that these weights are sufficient to suppress excessive tracking error without
inducing unnecessary energy expenditure, eliminating the need for further weight tuning.

Figure 14: Comparison of fitness values (mean ± standard deviation, n = 10) for the FOPID controller optimized using
different metaheuristic algorithms across various trajectories.

Overall, the statistical analysis confirms that the proposed E-WOA outperforms all benchmark algo-
rithms in terms of mean performance, robustness, and convergence reliability for both PID and FOPID
controllers. More importantly, the E-WOA-optimized FOPID consistently surpasses the E-WOA-optimized
PID, as evidenced by the lower fitness values and improved consistency across all trajectories. This demon-
strates that the combination of fractional-order control and the enhanced exploration-exploitation balance
of E-WOA yields superior generalization capability and energy-aware trajectory tracking compared to
conventional integer-order PID control.

3.4 Computational Efficiency Analysis
To assess the practical feasibility of the proposed E-WOA algorithm, the computational cost of each

optimization method is analyzed and compared. Table 7 reports the average computation time per optimiza-
tion run and the total number of fitness function evaluations for each algorithm, measured on an Intel Core
i5 processor with 16 GB RAM running MATLAB R2023b.

All algorithms perform N × T = 3000 fitness evaluations, as the E-WOA does not introduce additional
function evaluations compared to standalone algorithms—it merely selects between DE and WOA update
strategies for each population member at each iteration. The computational overhead of E-WOA relative to
the fastest algorithm (WOA) is approximately 7.1%, which arises from the additional probability computation
and strategy selection logic. This marginal increase is negligible compared to the dominant cost of fitness
evaluation, which involves simulating the full robot trajectory, computing ITAE, and evaluating the energy
model for each candidate solution. Given that the optimization is performed offline (i.e., controller param-
eters are tuned prior to deployment), the slightly higher computation time of E-WOA has no impact on
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real-time robot operation and is well justified by the substantial performance improvements demonstrated
in the preceding sections.

Table 7: Computational efficiency comparison of optimization algorithms (N = 30, T = 100 iterations, circular trajec-
tory with FOPID controller).

Algorithm Fitness Evaluations Avg. Time (s) Time per Eval. (ms)
DE 3000 142.8 47.6

WOA 3000 138.5 46.2
PSO 3000 141.2 47.1
BA 3000 145.6 48.5

AHA 3000 143.5 47.8
RIME 3000 139.2 46.4

E-WOA 3000 148.3 49.4

3.5 Energy Component Analysis
A detailed energy component analysis is conducted to examine the relative contributions of different

energy sources under various trajectory configurations. Table 8 reports the breakdown of kinetic, fric-
tion, electrical, and electronic energy components for all controller-algorithm combinations. This analysis
provides deeper insight into how optimization and controller structure influence overall energy efficiency.

Table 8: Energy components analysis.

Path Controller Algorithm Kinetic (J) Friction (J) Electrical (J) Electronic (J)

Circle

PID

DE 8.36 ± 0.54 14.38 ± 0.89 3956.74 ± 187.84 1261.70 ± 89.34
WOA 8.21 ± 0.28 14.63 ± 0.42 4923.32 ± 146.17 1243.47 ± 54.37
PSO 7.51 ± 0.45 14.58 ± 0.68 3685.36 ± 164.27 1255.82 ± 78.63
BA 7.76 ± 0.38 14.55 ± 0.56 3665.18 ± 147.26 1261.43 ± 63.72

AHA 7.85 ± 0.36 14.45 ± 0.62 3815.42 ± 158.74 1210.51 ± 76.43
RIME 7.92 ± 0.42 14.62 ± 0.74 3960.74 ± 196.85 1254.53 ± 89.27

E-WOA 7.28 ± 0.23 13.92 ± 0.33 3554.69 ± 62.62 957.75 ± 24.73

FOPID

DE 6.50 ± 0.42 14.18 ± 0.87 3007.41 ± 167.85 1087.20 ± 84.56
WOA 7.69 ± 0.54 14.20 ± 0.63 2999.34 ± 208.42 1082.61 ± 76.28
PSO 5.92 ± 0.38 14.16 ± 0.71 3072.19 ± 145.37 1075.16 ± 61.36
BA 7.68 ± 0.51 14.18 ± 0.69 3599.17 ± 173.92 1124.64 ± 78.23

AHA 6.18 ± 0.34 14.05 ± 0.58 2861.83 ± 138.62 1064.76 ± 56.74
RIME 6.78 ± 0.48 14.12 ± 0.66 3056.19 ± 174.83 1075.27 ± 67.18

E-WOA 5.84 ± 0.19 13.86 ± 0.32 1993.60 ± 64.89 1074.12 ± 28.58

PID

DE 59.28 ± 3.48 57.64 ± 3.82 26,213.84 ± 1236.59 1612.02 ± 98.57
WOA 71.38 ± 4.27 63.28 ± 4.68 32,838.24 ± 1745.46 1405.34 ± 132.73
PSO 59.67 ± 3.28 58.18 ± 3.51 26,787.28 ± 1382.36 1370.50 ± 88.63
BA 59.80 ± 2.84 58.15 ± 2.78 26,784.46 ± 1084.18 1393.41 ± 79.67

AHA 58.74 ± 2.86 57.42 ± 3.18 25,985.76 ± 1054.27 1385.58 ± 84.36
RIME 62.18 ± 3.74 58.93 ± 3.62 27,395.84 ± 1438.62 1415.07 ± 96.41

(Continued)
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Table 8 (continued)

Path Controller Algorithm Kinetic (J) Friction (J) Electrical (J) Electronic (J)
E-WOA 58.92 ± 2.13 56.84 ± 2.34 27,463.14 ± 712.78 1139.36 ± 38.18

8-shaped

FOPID

DE 83.28 ± 4.76 28.84 ± 1.64 22,929.18 ± 1128.36 1127.52 ± 78.38
WOA 78.73 ± 4.42 28.82 ± 1.58 22,030.85 ± 1637.92 1009.42 ± 74.10
PSO 65.11 ± 3.64 28.77 ± 1.52 19,248.76 ± 1007.42 1012.28 ± 67.61
BA 90.45 ± 5.28 28.99 ± 1.68 23,223.18 ± 1235.06 1164.71 ± 78.24

AHA 71.84 ± 3.92 28.69 ± 1.46 20,693.42 ± 928.74 1054.05 ± 62.84
RIME 76.92 ± 4.34 28.78 ± 1.62 21,902.31 ± 1182.46 1077.46 ± 78.62

E-WOA 64.82 ± 2.76 28.42 ± 1.08 17,592.32 ± 374.39 1006.97 ± 42.83

Square

PID

DE 42.81 ± 2.64 51.23 ± 3.14 22,895.27 ± 1297.79 1229.36 ± 96.42
WOA 52.37 ± 1.84 56.14 ± 2.18 27,583.63 ± 882.47 1544.15 ± 56.21
PSO 42.97 ± 2.98 51.78 ± 3.27 26,032.70 ± 1457.39 1415.61 ± 104.33
BA 43.00 ± 2.36 52.24 ± 3.08 27,278.72 ± 1321.73 1373.42 ± 96.67

AHA 42.46 ± 2.18 51.42 ± 2.74 22,432.18 ± 1148.36 1290.39 ± 84.36
RIME 44.18 ± 2.84 52.84 ± 3.42 24,017.43 ± 1382.74 1344.55 ± 96.18

E-WOA 42.16 ± 1.28 50.92 ± 1.84 19,746.52 ± 543.62 1229.24 ± 34.18

FOPID

DE 10.95 ± 0.68 9.00 ± 0.54 4102.02 ± 256.30 1153.94 ± 76.70
WOA 10.81 ± 0.62 9.00 ± 0.48 4298.52 ± 212.76 1163.47 ± 68.17
PSO 51.53 ± 3.28 57.94 ± 3.45 24,043.96 ± 1336.19 1105.35 ± 78.32
BA 56.81 ± 3.42 21.32 ± 1.28 25,451.78 ± 1422.54 1212.14 ± 82.61

AHA 10.62 ± 0.54 8.94 ± 0.42 3812.74 ± 218.36 1140.34 ± 68.74
RIME 13.74 ± 0.86 10.18 ± 0.62 5063.78 ± 348.92 1160.67 ± 81.46

E-WOA 10.18 ± 0.38 8.73 ± 0.32 3139.39 ± 111.53 1151.06 ± 32.50

Rhombus

PID

DE 45.88 ± 2.84 52.96 ± 3.28 23,820.28 ± 1443.01 1249.30 ± 98.57
WOA 53.34 ± 2.18 58.28 ± 2.64 29,150.35 ± 1224.27 1547.07 ± 68.35
PSO 45.97 ± 2.78 53.46 ± 3.24 24,281.37 ± 1360.92 1126.68 ± 92.33
BA 46.34 ± 2.16 53.54 ± 2.82 24,135.72 ± 954.13 1347.18 ± 87.36

AHA 45.62 ± 2.34 53.18 ± 2.78 23,398.74 ± 1187.43 1219.29 ± 84.62
RIME 46.84 ± 2.84 54.27 ± 3.18 24,430.58 ± 1342.74 1289.78 ± 92.36

E-WOA 45.52 ± 1.34 52.68 ± 1.56 24,488.52 ± 565.49 1207.57 ± 32.26

FOPID

DE 15.68 ± 0.94 13.38 ± 0.76 6534.82 ± 457.34 1182.33 ± 78.12
WOA 16.06 ± 0.76 13.37 ± 0.58 6718.67 ± 247.91 1190.37 ± 56.52
PSO 14.23 ± 0.81 13.38 ± 0.74 6716.23 ± 342.55 1184.21 ± 67.21
BA 15.93 ± 0.92 13.37 ± 0.78 6232.09 ± 328.20 1181.40 ± 72.07

AHA 14.92 ± 0.74 13.18 ± 0.62 6045.36 ± 318.42 1145.28 ± 64.83
RIME 15.62 ± 0.86 13.27 ± 0.68 6661.83 ± 384.27 1173.80 ± 78.16

E-WOA 14.08 ± 0.43 13.04 ± 0.36 4520.64 ± 164.70 1107.55 ± 32.23

Across all trajectories, the electrical energy constitutes the dominant portion of total energy consump-
tion, accounting for approximately 78%–92% of the overall energy usage. This dominance highlights the
importance of minimizing control effort and actuator demand during trajectory tracking. The proposed
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E–WOA–FOPID approach consistently achieves the lowest electrical energy consumption by generating
smoother velocity profiles and reducing unnecessary control fluctuations. Kinetic energy exhibits trajectory-
dependent behavior, with complex paths such as the eight-shaped trajectory requiring significantly higher
kinetic energy (58.92–64.82 J) than the circular trajectory (5.84–7.28 J) due to frequent acceleration and
deceleration. The fractional-order controller further contributes to improved energy efficiency by enabling
smoother motion transitions and mitigating energy spikes during sharp directional changes.

Friction energy losses remain relatively consistent across different controller implementations but show
modest improvements with optimized control strategies. The E-WOA optimization approach achieves slight
reductions in friction losses through more efficient path following that minimizes unnecessary velocity
variations and direction changes. Electronic subsystem energy consumption shows significant variation
across implementations, ranging from approximately 958 to 1612 J, representing the power requirements for
sensors, control units, and communication systems. The E-WOA approach achieves notable reductions in
electronic energy consumption, particularly for the Circle trajectory with PID controller where it achieves
957.75 J compared to 1261.70 J for conventional DE-PID systems, representing a 24.1% reduction. Similarly,
for the 8-shaped trajectory with PID controller, E-WOA reduces electronic energy to 1139.36 J compared to
1612.02 J for DE-PID, achieving a 29.3% improvement.

The energy efficiency analysis reveals that the proposed E-WOA-FOPID approach achieves substantial
reductions in total energy consumption compared to the best-performing conventional algorithm for each
trajectory. For the Circle path, E-WOA-FOPID achieves 3087.42 J compared to 4115.29 J for DE-FOPID,
representing a 25.0% reduction. The 8-shaped trajectory shows E-WOA-FOPID consuming 18,692.53 vs.
20,354.92 J for PSO-FOPID, yielding an 8.2% improvement. The Square trajectory demonstrates the most
significant enhancement, with E-WOA-FOPID requiring only 4309.36 J compared to 5275.91 J for DE-
FOPID, achieving an 18.3% reduction. For the Rhombus path, E-WOA-FOPID consumes 5755.31 vs. 7442.79 J
for BA-FOPID, resulting in a 22.7% improvement. These improvements stem from multiple sources including
optimized velocity profiles, reduced control effort requirements, and more efficient trajectory following
strategies. The electrical energy component shows the most significant improvements, representing the
primary contributor to overall energy savings. The comprehensive energy modeling framework ensures accu-
rate assessment of all significant energy consumption sources during mobile robot operation. The inclusion
of kinetic, friction, electrical, and electronic energy components provides a complete picture of system energy
requirements and enables targeted optimization strategies for maximum efficiency improvements.

The trajectory-specific energy analysis demonstrates that the optimization benefits are maintained
across diverse geometric configurations, indicating robust parameter transferability from the initial
circle-based optimization to complex trajectory scenarios. This transferability is crucial for practical
implementations where robots must navigate various path geometries without requiring trajectory-specific
parameter retuning. The E-WOA approach consistently demonstrates superiority across all energy com-
ponent categories, with the most pronounced improvements observed in electrical and electronic energy
consumption, which together constitute the majority of total energy usage in mobile robot systems.

4 Conclusion and Future Work
This study demonstrates that FOPID controllers optimized using the proposed E-WOA significantly

advance mobile robot trajectory tracking by simultaneously improving tracking accuracy and energy
efficiency. Compared to the E-WOA-optimized PID controller, the E-WOA-FOPID framework achieves
consistently lower tracking error and energy consumption across all tested trajectories. Statistical analysis of
the total fitness function, which integrates ITAE and energy consumption, further confirms the robustness
of the proposed approach. On average, E-WOA-FOPID achieves a 15.1% improvement in mean fitness and a
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30.7% reduction in the CV relative to the best-performing benchmark algorithms (including DE, WOA, PSO,
BA, AHA, and RIME), indicating superior optimization quality and consistency. Notably, even when applied
to the conventional PID controller, E-WOA still delivers measurable gains, yielding an average improvement
of 6.0% in mean fitness and a 25.2% reduction in CV, thereby validating the effectiveness of the proposed
optimizer independent of controller structure. These improvements stem from the synergistic integration
of DE’s global exploration capability with WOA’s efficient local exploitation, enabling effective navigation
of high-dimensional parameter spaces. The optimized parameters also demonstrate strong generalization
capability, transferring reliably from the circular trajectory used for tuning to more complex paths without
requiring trajectory-specific retuning.

Despite these promising results, several limitations remain that warrant further investigation to facilitate
broader practical deployment and enhance the applicability of the proposed framework. First, all evaluations
are based on simulation using a kinematic robot model with simplified motor dynamics; real-world
factors such as sensor noise, communication latency, actuator nonlinearities, and wheel slippage may affect
performance and are not fully captured. Although the simulation incorporates actuator voltage saturation,
back-EMF coupling, friction modeling, and stochastic disturbances as realistic constraints (see Section 2),
experimental validation on a physical platform is necessary to confirm that the energy model predictions
and controller performance translate to hardware implementations. In particular, unmodeled effects such
as gear backlash, temperature-dependent motor resistance variations, and encoder quantization noise may
introduce discrepancies between simulated and measured energy consumption. Second, the stochastic
disturbance model, while useful for assessing robustness, is a simplified representation of real environmental
uncertainties and may not reflect the full spectrum of disturbances encountered in practical deployments.
Third, the fitness function weights (w1 = 0.6, w2 = 0.4) were selected based on engineering judgment and
validated through sensitivity analysis (Table 3); however, a formal multi-objective Pareto optimization
could provide a more comprehensive understanding of the accuracy-energy trade-off surface. Fourth, the
computational cost analysis assumes offline parameter tuning; online or real-time adaptation of FOPID
parameters has not been addressed, which limits applicability in rapidly changing environments. Fifth, the
study considers only planar (2D) trajectories; extension to three-dimensional paths with elevation changes
remains to be investigated. Finally, the fractional-order controller implementation relies on the Grunwald-
Letnikov approximation with finite memory length, which introduces approximation errors that grow with
simulation duration and may affect long-duration operations.

Future research will focus on extending the proposed framework toward real-world deployment and
broader application scenarios. Experimental validation on physical mobile robot platforms under realistic
conditions, including sensor noise, actuator saturation, and communication delays, will be prioritized to
assess robustness beyond simulation environments. In addition, extending the E–WOA–FOPID framework
to multi-robot coordination and cooperative trajectory tracking scenarios represents a promising direction
for industrial automation and logistics applications. Another important research avenue involves the
development of adaptive or self-tuning fractional-order control schemes that can dynamically adjust con-
troller parameters in response to changing environmental conditions, payload variations, or system aging.
Furthermore, investigating the integration of the proposed framework with learning-based approaches,
such as reinforcement learning for online parameter adaptation, could enable autonomous recalibration
of the FOPID controller during operation. The extension of E-WOA to incorporate true multi-objective
optimization using Pareto-based approaches would allow systematic exploration of the accuracy-energy
trade-off frontier. Additionally, evaluating the framework on three-dimensional trajectories, outdoor terrains
with significant elevation changes, and heterogeneous multi-robot teams would broaden the applicability
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of the proposed approach. Such extensions would further enhance autonomy and resilience, enabling
energy-efficient and precise motion control in highly dynamic and uncertain operational settings.
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