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Abstract

Omnidirectional mobile robots (OMRs) have become increasingly important in modern automation due to their ability to navigate freely in
any planar direction, making them highly suitable for industrial logistics, service robotics, and collaborative systems. However, achieving a
balance between tracking accuracy and actuator limitations under physical constraints remains challenging. The Linear Quadratic Regulator
(LQR) is an effective optimal controller, but its performance depends heavily on manually tuned weighting matrices. To address this issue, this
study integrates the Differential Evolution (DE) algorithm with the LQR controller to automatically optimize these parameters. The proposed
controller significantly improves tracking accuracy and eliminates the need for manual tuning making it highly suitable for advanced control of
OMRs. Simulation results, compared with those of a conventional Proportional–Integral (PI) controller and a DE-optimized PI controller,
confirm that the DE-LQR strategy provides superior convergence behavior, lower tracking error, and enhanced stability.
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1. Introduction

Nowadays, mobile robots have become an essential
component in modern automation due to their versatility
and efficiency across diverse environments, including
manufacturing, logistics, defense, and service sectors. Among
various ground mobile platforms, the OMRs have received
considerable attention for their unique ability to move freely
in any planar direction without reorienting the chassis. This
property enables flexible navigation in confined or restricted
environments. Therefore, OMRs particularly suitable for
warehouse automation, material handling, and cooperative
robotic systems [1, 2].

A standard three-wheel OMRs features a symmetric
chassis equipped with three omnidirectional wheels arranged
120◦ apart, each driven independently by a dedicated motor.
The platform typically integrates onboard sensors, such
as cameras or Inertial Measurement Units (IMUs), for
motion estimation and feedback, along with an embedded
controller for real-time motor command generation [3, 4]. This
mechanical configuration offers a mathematically tractable

model that enables the development of advanced control and
motion-planning strategies.

However, OMRs control remains a challenging problem
due to nonlinear dynamics, wheel–ground interaction
variability, model parameter uncertainties, and external
disturbances [5, 6]. These issues can lead to degraded tracking
accuracy, oscillatory responses, or even instability during
high-speed maneuvers or operation on uneven surfaces.
Consequently, a wide variety of control strategies have been
developed to enhance performance and robustness. In general,
these methods can be divided into two main categories:
model-free and model-based control.

Model-free control approaches such as reinforcement
learning, fuzzy logic, and other data-driven techniques
operate directly from system data without explicit dynamic
modeling [7, 8]. Although these methods offer flexibility
and adaptability to nonlinear or time-varying systems, their
performance often depends heavily on large datasets and
extensive training, which limits their real-time applicability.
In addition, their lack of analytical stability guaranties poses a
concern in safety-critical robotic operations.

In contrast, model-based control has remained the
dominant paradigm for OMRs due to its analytical rigor,
predictable performance, and ability to incorporate physical
insight into control design [9, 10]. Strategies such as Sliding
Mode Control (SMC), adaptive neural control, and dynamic
surface control have been applied to address nonlinearities and
external disturbances [11, 12]. Further advances, including
disturbance observers and passivity-based designs, have
improved robustness by compensating for unmodeled dynamics
and parameter variations [13, 14]. Nevertheless, many of these
approaches rely on centralized architectures that coordinate all
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actuators simultaneously, increasing computational complexity
and reducing fault tolerance [15, 16].

Among model-based controllers, the LQR stands out
due to its strong theoretical foundation and guaranteed
optimality for linear or linearized systems. LQR provides an
optimal state-feedback law that minimizes a quadratic cost
function, balancing tracking accuracy and control effort [17,
18]. However, its effectiveness is highly dependent on the
appropriate selection of the weighting matrices Q and R,
which directly influence the transient response, steady-state
performance, and actuator effort. Manual tuning of these
matrices is often non-intuitive and may yield suboptimal
results [19].

To overcome this limitation, researchers have increasingly
adopted intelligent optimization techniques for automatic LQR
tuning. Among these, the DE algorithm has demonstrated
superior global search capability, simplicity, and robustness in
handling multimodal nonlinear optimization problems [20,
21]. DE explores the parameter space efficiently without
requiring gradient information, typically converging faster
and more reliably than other evolutionary algorithms such
as Genetic Algorithms (GA) or Particle Swarm Optimization
(PSO) [22]. When combined with LQR, DE can automatically
optimize the weighting matrices to achieve enhanced transient
response, reduced steady-state error, and improved disturbance
rejection [23, 24].

This research develops a DE-algorithm-based LQR
controller to achieve optimal control performance according to
predefined requirements by adjusting the weighting matrix in
the LQR design. With this approach, the LQR controller can
be tuned to balance control performance and input limitations.
By integrating the optimal control formulation of LQR with
the adaptive global search capability of DE, the proposed
method aims to improve motion accuracy, enhance robustness,
and reduce the burden of manual controller tuning, making it
suitable for practical robotic applications.

The main contributions of this research are summarized
below:

• A DE-optimized LQR controller is developed, where
the Differential Evolution algorithm automatically tunes
the LQR weighting matrices. This eliminates manual
trial-and-error tuning and yields an optimal set of gains
for improved tracking accuracy.

• The simulation results, compared with those of the
conventional PI and DE-optimized PI controllers, confirm
that the proposed controller significantly enhances the
control performance of OMRs, demonstrating improved
convergence and overshoot responses, reduced tracking
error, and lower control effort.

2. Kinematic and dynamic model

Consider a global coordinate frame XgOgYg and a
body–fixed coordinate frame XrOrYr attached to the robot’s
center of mass, as shown in Figure 1. Let the robot’s body
velocities in Σr be denoted by vr = [ur vr ωr]

T , where ur and
vr are the forward and lateral velocities, and ωr is the yaw rate.
Linear and angular velocities expressed in the global frame are
denoted as q̇g = [ẋg ẏg ψ̇g]

T .
The transformation between the body velocities and global

Figure 1: The kinematic model of a three-wheel OMR.

velocities is given by

q̇g =

cosψg −sinψg 0
sinψg cosψg 0

0 0 1

vr (1)

The robot employs three omnidirectional wheels spaced
120◦ apart. Let ωi denote the angular velocity of wheel i, rw
the wheel radius, and dm the distance from the robot center to
each wheel. The mapping from wheel angular velocities to the
robot body velocities is

vr = rw

−sin30◦ −sin30◦ sin90◦

cos30◦ −cos30◦ cos90◦
1

dm

1
dm

1
dm

ω (2)

where ω = [ω1 ω2 ω3]
T .

For each wheel i, the torque balance equation is expressed
as

Jwω̇i +b f ωi = ktτi − rwFi (3)

where Jw is the wheel inertia, b f is the viscous friction
coefficient, kt is the constant motor torque, τi is the applied
motor torque and Fi is the interaction force between the wheel
and the robot body.

Let the robot’s state vectors be

x1 = [xg yg ψg]
T x2 = [ur vr ωr]

T

and the input torque vector be

τ = [τ1 τ2 τ3]
T

The robot dynamics are written as
m(ur − vrωr) =− 1

2 F1 − 1
2 F2 +F3

m(vr −urωr) =
√

3
2 F1 −

√
3

2 F2

Jrω̇r = (F1 +F2 +F3)dm

(4)

where m is the robot mass and Jr is the rotational inertia.
After substituting (3) into (4), the dynamic model becomes

{
ẋ1 = R(ψg)x2

ẋ2 = Ax2 +a2E(x2)+Bτ
(5)
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where

A = diag(a1,a1,a3), E(x2) =

 ωrvr
−ωrur

0


R(ψg) =

cosψg −sinψg 0
sinψg cosψg 0

0 0 1


and

B =

 −p1 −p1 2p2√
3p1 −

√
3p1 0

p2 p2 p2


The parameters are

a1 =−
3b f

3Jw +2mr2
w

a2 =
2mr2

w

3Jw +2mr2
w

a3 =
3b f d2

m

3Jwd2
m + Jrr2

w
p1 =

ktrw

3Jw +2mr2
w

p2 =
ktrwdm

3Jwd2
m + Jrr2

w

Equation (5) forms the complete state-space model used
to describe the dynamics of the OMRs system and to validate
the efficiency of the proposed method.

3. Controller design

In this study, a hierarchical control structure is employed, which
is represented as follows:

Figure 2: The control structure.

In this architecture, the desired trajectory is predefined,
and the tracking errors in the fixed coordinate frame with
respect to the system states are determined as follows:


ex = xd − xg

ey = yd − yg

eθ = ψd −ψg

(6)

With the transformation matrix:

T1 =

cos(ψg) −sin(ψg) 0
sin(ψg) cos(ψg) 0

0 0 1

−1

(7)

The tracking errors along the body axes of the vehicle are
denoted as etx,ety,etψ , which corresponds, respectively, to the
position errors along x,y,ψ of the body of the vehicle. The PI
controller is then used to generate urd ,vrd ,ωrd , which represent
the desired linear velocities along the x, y directions and the
desired angular velocity of the vehicle.

In this control loop, three PI controllers are designed as
follows:

• PI 1: Input: etx, Output: urd
• PI 2: Input: ety, Output: vrd
• PI 3: Input: etψ , Output: ωrd

With the transformation matrix:

T2 =
1
rw

−sin(30) −sin(30) sin(90)
cos(30) −cos(30) cos(90)

1/dm 1/dm 1/dm

−1

(8)

The desired angular velocity of each wheel can then be
calculated.

These three outputs of the outer control loop are used
to generate the desired velocity vector for each wheel. This
requires a transformation matrix defined as:ω1d

ω2d
ω3d

= T2

urd
vrd
ωrd

 (9)

The transformation matrix calculates the reference angular
velocities for each wheel. In this case, the notation of reference
angular velocities ωid , i= 1,2,3, implies that the torque control
loop aims to provide sufficient torque to the motors at each
wheel to achieve the desired reference velocity.

Assuming that the three wheels have identical dynamics,
let θi denote the angular position of the i-th wheel. The
dynamics of one representative wheel can be expressed as:

{
θ̇i = ωi

Jwω̇i +b f ωi = ktτi
(10)

Let xθi =
[
θi θ̇i

]T

Then, the state-space equation describing the motor
dynamics of each wheel is given by:

ẋθi = Aixθi +Biτi (11)

where:

Ai =

[
0 1
0 − b f

Jw

]
, Bi =

[
0
kt
Jw

]
The objective is to control the torque so that the motor

speed reaches the desired value. Therefore, the dynamics are
transformed into the error dynamics as follows:

ėωi = ẋθi − ẋθid = Aixθi +Biτi − ẋθid

= Aieθi +Aixθid +Biτi − ẋθid

(12)

where: ẋθid =
[
ωid ω̇id

]T

With this model, it is straightforward to design an LQR
controller for each wheel. In the LQR controller design, the
objective is to minimize the following cost function:

J =
∫ (

xT
θi

Qixθi + τ
T
i Riτi

)
dt (13)

The goal is to design a state feedback controller such that:

τi = Kieωi +B†ẋθid −B†
i Aixθid (14)

Here B†
i denotes the pseudo-inverse of Bi, Ki is the

controller gain obtained through the LQR design, which can
be determined by:
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Ki =−R−1
i BT

i Pi (15)

where the tracking error is defined as:

eωi = ωid −ωi (16)

with Pi is a positive definite matrix and represents the solution
of the Riccati equation.

It can be observed that, in this design, the performance of
the LQR controller can be tuned by adjusting the weighting
matrices Qi and Ri.

Since the three motors are assumed to have identical
dynamics, the weighting matrices in the cost function of the
LQR controller are defined as follows:

Qi = diag(q1i,q2i), Ri = ri (17)

To optimize the LQR controller according to a predefined
objective, the parameters q1i,q2i,ri are adjusted to achieve
the desired performance using an evolutionary optimization
algorithm. The objective function chosen for this design is
expressed as:

JA =
N

∑
i=1

aiZi (18)

Where ai are positive weighting coefficients that
determine the relative importance of each performance index,
and Zi is defined as:

Zi =

√∫
Z2(t)dt (19)

Here, Z(t) is a time-dependent signal, which may represent
the tracking error, control signal, or state variable of the robot
over time.

In this study, to reduce the complexity of the Differential
Evolution (DE) algorithm, only three parameters q1i,q2i,ri are
optimized.

Remark 1: In a real robot system, it is often impractical
to directly measure the body velocities (ur,vr). Therefore, the
feedback signals for the inner velocity control loop are usually
obtained directly from encoders that measure the angular
velocities of individual wheels. However, in the context of this
simulation study, a different approach is applied. Since the
robot body states (ur,vr,ωr) are assumed to be fully known
at each time instant, the wheel angular velocities used for
feedback are theoretically calculated based on these known
states.

3.1 Principle of the DE algorithm

Initialization:
Define the search space. The DE algorithm allows the search
to take place within a predefined region, denoted as Ω, which
is bounded by two vectors Ωu and Ωl representing the upper
and lower limits of the search space, respectively.

The initial population is created with M individuals, and
this number remains constant throughout the algorithm. The
population can be initialized either randomly or with fixed
values, provided that all the initial individuals belong to the
domain Ω.

Mutation:
In this step, three distinct vectors are randomly selected
from the current population of M individuals, denoted as
XG

m1
,XG

m2
,XG

m3
, where m1,m2,m3 are different positive integers,

and G represents the current generation. A mutant vector is then
generated from these three vectors according to the following
equation:

V G+1
i = XG

m1
+F

(
XG

m2
−XG

m3

)
(20)

where F is a mutation factor chosen within the range 0-2.
Crossover:

In this step, a new population is generated by creating a
trial vector UG+1

i . This vector is formed by combining one
target vector XG

i and one mutant vector V G+1
i according to the

binomial crossover rule as follows:

UG+1
ji =

{
V G+1

ji , if randi j ≤CR or ( j = Irand)

XG
ji , if randi j >CR and ( j ̸= Irand)

(21)

The symbols UG+1
ji , XG

ji , and V G+1
ji represent the jth

element of vector i in generations G and G+1, respectively.
The variable randi j is a random number uniformly

distributed between 0 and 1, while Irand is a randomly chosen
integer from 1 to D, where D is the dimension of the population
vectors. This rule ensures that the trial vector UG+1

ji always
differs from all existing individuals in the population. The
crossover rate CR is a control parameter chosen within the
range 0-1, typically between 0.5 and 0.9.

Selection:
After obtaining the trial vector, the objective function value
of this vector is evaluated and compared with that of the
corresponding target vector in the initial population. The
population update rule is then performed as follows:

XG+1
i =

{
UG+1

i , f (UG+1
i )< f (XG

i )

XG
i , f (UG+1

i )≥ f (XG
i )

(22)

Figure 3: The flowchart of DE algorithm.

3.2 Applying the DE algorithm for LQR controller design

Step 1: Declare the necessary parameters for setting up
the algorithm, including: Jw,b f ,kt ,Ai,Bi,D
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Step 2: Initialize the population:
Define the search space by setting the upper and lower

bound vectors:

[q1u,q2u,ru]
T , [q1l ,q2l ,rl ]

T

Set the initial population size M and initialize the
population X with M vectors. Determine the number of
generations G and algorithm parameters including F and CR.

Step 3: Establish the iteration loop of the algorithm:
Define the objective function: JA = ∑

N
i=1 aiZi

Step 3.1: Evaluate the initial generation
Function min(JA) = Fitness(X)
convCurve = zeros(MaxGen,1);
for i = 1 : M

K{i}= lqr(A,B,Q,R);
JA{i}= ∑

N
j=1 a jZ j{i}(K{i});

BestSol = min(JA);
end

Step 3.2: Find the optimal value
for i = 1 : G
for j = 1 : M

temp = [a b c];%where a,b,c ∈ {1,2, . . . ,M}
Xm1 = X{temp{1}};
Xm2 = X{temp{2}};
Xm3 = X{temp{3}};
V G1 = Xm1 +F(Xm2 −Xm3);
Irand = q;%q ∈ {1,2, . . . ,D}
U = X{i};
for k = 1 : D
if (Irand == k)∨ (rand ≤CR)

U(k) =V G1(k);
end

end
newSol = Fitness(U);
if newSol < bestSol

bestSol = newSol;
end

end
convCurve(g) = bestSol;

end
return bestSol;

4. Simulations and results

To demonstrate that the proposed method can improve
not only the control performance of the OMR system, this
section presents two simulation cases, including nominal
(uncertainty-free) and uncertain scenarios. The parameters of
system model are presented in Table (1).

In the PI controller design for the position control loop,
the controller parameters are selected as follows Table (2):

The objective function is defined as:

JA = exRMS +eyRMS +eψRMS +0.3
(
eτ1RMS + eτ2RMS + eτ3RMS

)
(23)

where exRMS, eyRMS, eψRMS, eτ1RMS, eτ2RMS, and eτ3RMS denote
the Root Mean Square Error (RMSE) values of position
tracking errors along the x, y, ψ axes in the fixed coordinate
frame and the RMSE of the input control signals, respectively.

Table 1: System model parameters

Symbol Value Unit
dm 0.4 m
Jw 0.0418 kg m2

Jr 11.25 kg m2

b f 0.1 kg m2/s
rw 0.05 Ω

m 9.4 kg
kt 1 –

Table 2: PI controller parameters for the position control loop

Parameter Value
Ki11 5
Ki12 5
Ki13 5
Pi11 2
Pi12 2
Pi13 2

This objective function is determined by calculating the
RMSE indices of the signals over a specified time interval. The
purpose of this objective function is to ensure that the controller
achieves both accurate trajectory tracking and minimized
starting torque simultaneously.

Parameter selection for the algorithm:
Parameter limits:

[1 1 1], [40 40 40]

Number o f population : 6

F = 0.95, CR = 0.9

Number o f generations : 30

Initial population :

{[1 1 1]; [1 2 3]; [1.1 1 1.5]; [2 2 2]; [1 2 5]; [2 5 7]}

The controller parameters obtained after applying the DE
algorithm are:

K = [0.158,0.152].

Remark 2: Intuitively, the optimal controller gain is
affected by the selection of the parameters of the DE algorithm.
However, a detailed discussion on the selection of these
parameters is provided in [27]. Following the discussion in
[27], NP is chosen to be at least 4 and typically ranges from
5D to 10D. However, in the application to OMR, the selection
NP= 6 is adopted to ensure that the procedure can be executed
quickly. Furthermore, although random initialization helps
achieve fast convergence, in some cases, the optimal value
may converge to a local solution. To adjust the convergence
of the DE algorithm using only two parameters, F and CR,
the initial population is fixed, and NP is chosen appropriately
to ensure acceptable computational time. Normally, following
[27], choosing F ∈ [0.4,1] and CR∈ [0;1] is appropriate. Since
the random initialization and population size are fixed, F and
CR are chosen close to 1 to ensure fast convergence. It is noted
that, in practical applications such as OMR, the selection of the
objective function is also important to ensure that the search
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space does not include any singularity points. Furthermore
the PI and LQR controllers are constructed based on separate
structures, and randomly initialized parameters may lead to
disruption in the DE algorithm.

To demonstrate the effectiveness of the proposed
method, two PI controllers are selected for comparison. The
conventional PI controller is tuned using a trial-and-error
approach, with the objective of achieving a control effort (in
terms of initial torque magnitude) approximately comparable
to that of the proposed method; the resulting parameters are
listed in Table (3). However, this approach is not technically
rigorous or fully fair. Therefore, a DE-optimized PI controller
(DE-PI) is also designed by tuning the PI parameters using the
DE algorithm based on a common objective function (23). The
optimized parameters of the DE-PI controller are provided in
Table (4). This comparison between the conventional PI and
the DE-PI controllers further demonstrates the performance
improvement achieved by employing the DE algorithm for
controller parameter tuning.

The value of the cost function after 30 generations (DE-LQR)
is:

Figure 4: The cost function.

The proposed controller will be used to compare with a PI
controller with the following parameters:

Table 3: PI controller parameters

Parameter Value
Ki21 0.2
Ki22 0.2
Ki23 0.2
Pi21 0.1
Pi22 0.1
Pi23 0.1

Table 4: DE-optimized PI controller parameters

Parameter Value
Ki21 0.2214
Ki22 0.2214
Ki23 0.2214
Pi21 0.1
Pi22 0.1
Pi23 0.1

First scenario (uncertainty-free):

Figure 5: Robot trajectory in the fixed coordinate system.

Figure 6: Tracking error along the x-axis.

Figure 7: Trajectory along the x-axis.

Figure 8: Tracking error along the y-axis.

Table 5: The RMSE values

Parameters Uncertainty-free
PI DE-PI Proposed

exRMSE 0.2546 0.2377 0.2200
eyRMSE 0.2138 0.2002 0.1466
eψRMSE 0.3267 0.2823 0.2573
τ1RMSE 2.3550 2.3015 1.8582
τ2RMSE 3.4916 3.5206 2.3687
τ3RMSE 2.5255 2.5452 1.7541
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Figure 9: Trajectory along the y-axis.

Figure 10: Tracking error along ψ .

Figure 11: Trajectory along ψ .

Figure 12: Control signal 1.

Figure 13: Control signal 2.

Figure 14: Control signal 3.

The simulation results presented in Figures (5–14) and
Table (5) clearly highlight the superior performance of the
proposed controller compared to the conventional PI controller
and DE-PI controller. From the trajectory plots (Figure 5), the
proposed controller enables the robot to follow the circular
reference path more accurately, with only minor deviations
during the initial phase, whereas the PI controller and DE-PI
exhibit significant overshoot and drift before stabilizing,
although the DE-PI shows improvement over the PI controller.
Along the x- and y-axes (Figures 7 and 9), the proposed
method maintains close adherence to the reference with smooth
responses after t ≈ 5,s, while the PI and DE-PI responses show
larger oscillations and slower convergence. The orientation
trajectory (Figure 11) further confirms that the proposed
controller achieves smoother tracking with less fluctuation
compared to the PI and DE-PI methods.

A closer examination of the tracking errors (Figures 6,
8, and 10) shows that the PI and DE-PI controllers reach
peak errors close to 1,m on the x-axis, whereas the proposed
controller limits this to approximately 0.6,m. Similarly, the
maximum error on the y-axis decreases from about 0.6,m to
0.3,m, and the orientation error exhibits fewer overshoots and
faster damping. In terms of control effort (Figures 12–14),
the PI and DE-PI controllers produce large initial torque
peaks, especially τ1, which reaches around 8,Nm, while the
proposed controller keeps all torques below approximately
6,Nm, resulting in smoother and more stable actuation.

Table (5) quantitatively supports these observations: the
RMSE values of position errors are reduced from 0.2546 to
0.2377 (DE-PI) and 0.2200 (DE-LQR) for ex, from 0.2138
to 0.2002 (DE-PI) and 0.1466 (DE-LQR) for ey, and from
0.3267 to 0.2823 (DE-PI) and 0.2573 (DE-LQR) for eψ ,
indicating improvements of approximately 14–31%. For the
DE-LQR results, the torque RMSE values also show significant
reductions: τ1RMS decreases from 2.3550 to 1.8582, τ2RMS
from 3.4916 to 2.3687, and τ3RMS from 2.5255 to 1.7541,
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corresponding to reductions of about 25–35%. Meanwhile,
although the tracking errors are reduced, the RMSE values of
τ2 and τ3 slightly increase from 3.4916 to 3.5206 and from
2.5254 to 2.5452, respectively, when using DE-PI, reflecting
a trade-off between performance and control effort. These
improvements stem from the optimally tuned gains obtained
through the DE algorithm, which enhance the transient
response, suppress overshoot, and reduce the coupling between
translational and rotational motions. As a result, the robot not
only tracks the desired trajectory more accurately but also
achieves smoother control with lower energy consumption.

Second scenario (under uncertainties): In this case, the
friction coefficient varies with time and is defined as b f = b f +
0.04sin(πt) (kg,m2/s), where b f = 0.1 denotes the nominal
value used in the design of the proposed method.

Figure 15: Tracking error along the x-axis.

Figure 16: Tracking error along the y-axis.

Figure 17: Tracking error along the ψ-axis.

As shown in Figures (15, 16, and 17), the tracking
performance obtained using the DE–LQR controller is
significantly improved, even under time-varying friction. In
particular, notable improvements are observed in terms of
overshoot, settling time, and post-settling behavior, indicating
that the adverse effects of uncertainties are effectively
reduced compared with the DE–PI controller. Furthermore,

Figure 18: Control signal 1.

Figure 19: Control signal 2.

Figure 20: Control signal 3.

Table 6: The RMSE values

Parameters Under uncertainties
DE-PI Proposed

exRMSE 0.2503 0.2201
eyRMSE 0.2142 0.1535
eψRMSE 0.3391 0.3071
τ1RMSE 2.5896 2.0727
τ2RMSE 3.6730 2.4735
τ3RMSE 2.8696 1.9539

as illustrated in Figures (18, 19, and 20), the proposed method
achieves superior performance with lower control effort than
the DE–PI controller. The RMSE indices corresponding to the
signals in Figures (15–20) are provided in Table (6). These
results demonstrate that the DE–LQR approach significantly
enhances both control performance and robustness compared
with the conventional PI controller.

5. Conclusion

This study integrated a DE-LQR hybrid control strategy
to improve the trajectory tracking performance and robustness
of OMRs. The proposed control framework exploits the
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optimal state-feedback structure of the LQR controller while
overcoming its main limitation the manual tuning of weighting
matrices by employing the global optimization capability of the
DE algorithm. By automatically identifying the most effective
Q and R matrices, the DE-LQR controller achieves smoother
control actions, faster transient responses, and significantly
reduced tracking errors compared to conventional hand-tuned
LQR designs. Simulation results further confirm improved
stability margins, demonstrating the effectiveness of the
proposed approach for practical OMRs application. Future
research may extend this work by validating the proposed
controller on real hardware platforms, integrating disturbance
observers to enhance rejection of external forces, exploring
adaptive or learning-based extensions of the DE-LQR
framework, and investigating decentralized implementations
suitable for fault tolerant multi-wheel actuation systems.
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