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Abstract

This study develops a decomposed fuzzy controller for a self-balancing two-wheel robot, with the learning rates of the
fuzzy modules optimized by a modified Jaya algorithm. The controller is structured into two interacting parts-one
regulating the body tilt and the other compensating for wheel dynamics-to improve the handling of nonlinearities
and reduce the computational load during real-time operation. The modified Jaya algorithm is incorporated to refine
the adaptation process, enabling faster convergence and more reliable parameter updates under varying operating
conditions. The proposed approach is assessed through both simulation and hardware experiments. The experimental
platform consists of an Arduino Mega 2560 board, an L298N motor driver, and an MPUG6050 sensor, which provides
real-time attitude measurements for feedback control. Results show that the optimized fuzzy controller stabilizes the
robot more quickly and maintains balance more effectively in the presence of disturbances compared with a conventional
fuzzy design without optimization. These outcomes confirm the suitability of the modified Jaya—based optimization in
enhancing the performance of decomposed fuzzy control for self-balancing robotic systems.

Keywords: Fuzzy controller, decomposed fuzzy controller, self-balancing two-wheel robot, adaptive control, Jaya algo-
rithm.

1 Introduction

Self-balancing two-wheel robots constitute a compact but demanding benchmark for intelligent control because their
upright equilibrium is open-loop unstable, the body tilt and wheel displacement are strongly coupled, and the available
actuation must regulate two performance variables through a single motor command. Recent mechanical and control-
oriented studies have emphasized this difficulty from complementary viewpoints. Chen et al. developed a composite
self-balancing robot for stationary operation on unknown terrain, showing that practical balance control must tolerate
ground interaction and model mismatch, whereas Papadimitriou et al. demonstrated that evolutionary optimization
can improve a two-wheeled robot controller but may increase the tuning burden when many controller parameters are
optimized simultaneously [T}, [6, [T, [18]. These studies indicate that an effective controller for a low-cost balancing
platform should combine nonlinear compensation, robustness, and a compact tuning structure rather than relying only
on a nominal model.

Model-based and classical feedback approaches provide an important baseline for this problem. Prescribed-performance
tracking and fuzzy navigation studies show that explicit transient specifications and data-aided fuzzy rules can improve
mobile-robot behavior, while LQR, PID, fractional-order PID, and ARX-based designs remain attractive because of
their transparent structure and low implementation cost [12, 24, 25, 26, B0, Bl B3]. In particular, optimized LQR
tuning is effective near the upright equilibrium, and fuzzy fractional-order PID control improves disturbance rejection
on inclined surfaces. However, these controllers usually depend on a linearized or manually tuned design, so their
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performance can degrade when the robot starts from a larger tilt angle, operates under motor dead zones and friction,
or experiences unmodeled load and disturbance variations.

Implementation-oriented robotic studies further suggest that control simplicity alone is insufficient when mobility
and disturbance rejection are required. For example, integrating LQRADRC improves the stabilization of wheel-
legged robots by combining nominal linear feedback with active disturbance rejection, whereas low-cost Arduino-based
balancing platforms demonstrate the importance of computational efficiency for embedded implementation [2} 7} 28] [32].
These works support the use of a controller that is simple enough for real-time microcontroller execution but still flexible
enough to compensate the nonlinear coupling between tilt recovery and wheel motion.

Fuzzy, neuro-fuzzy, and type-2 fuzzy controllers are suitable candidates because they can approximate nonlinear
control surfaces without requiring a fully accurate analytical model. Bekhiti et al. reported an adaptive neuro-fuzzy
MIMO controller for a self-balancing two-wheeled robot, highlighting the benefit of learning-based fuzzy structures for
coupled dynamics, while Pham et al. used type-2 fuzzy control to enhance robustness under parameter uncertainties
[B, 20]. Related optimized fuzzy PD and optimal fuzzy balancing controllers further confirm the usefulness of fuzzy
inference for nonlinear stabilization, while hybrid fuzzy learning models in other nonlinear engineering tasks illustrate
the broader relevance of fuzzy approximators [I3], 15, [16]. Nevertheless, conventional full-grid fuzzy systems suffer
from rule-base growth as the number of inputs increases, and poorly selected learning rates may produce either slow
adaptation or oscillatory parameter updates.

Decomposition is therefore a relevant strategy for reducing fuzzy-controller complexity. Evolutionary and time-
fractional fuzzy studies motivate bounded and structured fuzzy adaptation under uncertainty, while decomposed fuzzy
decision, concept-lattice, multilayer type-2 fuzzy Petri net, and decomposed Z-fuzzy frameworks show that a high-
dimensional fuzzy problem can be separated into smaller interpretable components [4, O 14 [T'7] 23] 27]. In the present
robot, this idea has a direct physical interpretation: the tilt branch should rapidly recover the upright body angle,
whereas the wheel branch should compensate translational drift and support distance regulation. Separating these two
roles avoids a monolithic full-grid rule base and makes the resulting controller easier to interpret and implement.

The decomposed structure also creates a favorable setting for optimization-based tuning. Optimizing all fuzzy cen-
ters, spreads, and consequents would lead to a high-dimensional search problem and would obscure the role of online
adaptation. Instead, the present work optimizes only the learning-rate vector of the adaptive laws. The combination
of data decomposition and multiobjective optimization in fuzzy forecasting further supports the value of separating
representation complexity from optimizer design [29]. Jaya-type algorithms are attractive for this purpose because
they are parameter-light and move candidate solutions toward the best member while avoiding the worst member;
recent fractional-order and self-adaptive Jaya variants confirm their usefulness for compact global optimization and
parameter-identification problems [8] [19]. Additional studies on fuzzy mobile-robot navigation, control-oriented tra-
jectory optimization, evolving fuzzy and neuro-fuzzy control, and modern optimal-control modeling further motivate a
constrained objective that balances tracking error, control effort, disturbance rejection, and admissible learning bounds
3l (10, 21, 22].

Although the above studies provide important foundations, three limitations remain relevant to the present self-
balancing robot problem. First, model-based controllers such as SDRE, LQR, and ADRC-enhanced linear designs
are effective around their modeled operating regions, but they still require reliable plant parameters and may lose
performance under motor dead zones, friction, load variations, and larger initial tilts. Second, conventional fuzzy and
neuro-fuzzy controllers improve nonlinear approximation, but full-grid rule bases and manually selected learning gains
can increase computational burden and may cause slow or oscillatory adaptation. Third, generic metaheuristic tuning
can improve controller parameters, but optimizing all membership centers, spreads, and consequents simultaneously
creates a search problem that is unnecessarily large for embedded balancing control.

Building on these observations, this work introduces a Modified-Jaya-optimized decomposed fuzzy control approach
for self-balancing two-wheel robots. The controller consists of two separate instances of the same decomposed fuzzy
computational structure: a Tilt-DFLC branch that generates the tilt-stabilizing component uy and a Wheel-DFLC
branch that generates the wheel-motion component u,. These two components are combined only at the final stage
to form the single physically admissible motor command. The Modified-Jaya optimizer tunes only the learning-rate
vector of the online adaptation laws, thereby keeping the optimization problem compact while linking the optimized
parameters directly to convergence, bounded learning, and stability-oriented constraints.

The main contributions and innovations of this study are summarized as follows. First, a two-branch decomposed
fuzzy architecture is formulated specifically for the coupled tilt-position dynamics of a self-balancing two-wheel robot.
Compared with a conventional monolithic FLC, the proposed architecture separates tilt stabilization and wheel-motion
compensation, thereby reducing the number of active rules and improving interpretability. Second, asymmetric Gaussian
membership functions are introduced in both branches. Their independent left and right spreads allow different control
sensitivity for positive and negative deviations, which is important because the robot exhibits direction-dependent
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behavior during acceleration, motor dead-zone operation, and recovery from external pushes. Third, the Modified-
Jaya optimizer is used to tune only the learning rates of the online adaptation laws. This creates a low-dimensional
optimization problem directly related to convergence and stability, rather than an oversized offline search over all fuzzy
parameters. Fourth, the approach is validated through simulation and hardware experiments, including initial-angle
variations, impulse disturbances, sensor/process noise, and real-time implementation on a low-cost microcontroller.

The remainder of the paper is organized as follows. Section 2 presents the dynamic model and the linearized state-
space representation of the self-balancing robot. Section 3 describes the proposed decomposed fuzzy controller, the
asymmetric membership functions, the online adaptation laws, the Modified-Jaya learning-rate optimization problem,
and the stability analysis. Section 4 reports the simulation and experimental results, including robustness tests and
comparative performance indices. Section 5 concludes the paper and discusses future extensions.

2 Mathematical modeling of the two-wheel self-balancing robot

2.1 System definition and kinematics

The two-wheel self-balancing robot is fundamentally modeled as an Inverted Pendulum on a Cart (IPOC) system,
where the horizontal motion of the cart (x) is replaced by the rotational motion of the wheels (¢). The system has
two degrees of freedom (DoF) in the sagittal plane: the tilt angle of the body (#) and the angular displacement of the
wheels (¢).

The key parameters used for modeling are defined as follows:

e M: Mass of the robot body (chassis).
e m: Mass of one wheel/motor assembly.

e Jp: Moment of inertia of the body about its center of mass (CoM).

Jw: Moment of inertia of one wheel about its rotational axis.
e R: Radius of the wheels.

L: Distance from the wheel axis to the CoM of the body.

: Tilt angle of the body with respect to the vertical axis (0 is upright).

¢: Angular displacement of the wheels (related to the horizontal position = by x = R¢).

7: Input torque applied by the motors to the wheels.

g: Acceleration due to gravity.

2.2 Dynamic equations of motion

Figure 1: The dynamic model of the two-wheel self-balancing robot.
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The dynamic equations of motion are typically derived using the Euler-Lagrange formulation, assuming pure rolling
without slippage and rigid body dynamics. The coupling between the body tilt () and the wheel rotation (¢) results
in two primary non-linear differential equations:

(A) Body Tilt Dynamics (Governing 6) The equation governing the rotational acceleration of the body 6 is:

(Jog + ML?)8 — MLRcos(9)i — M Lgsin(f) = —M LRsin(0)#> + Dqf), (1)

where J.q = Jp + 2Jw + 2mR2.
(B) Wheel Rotational Dynamics (Governing Z) The equation governing the angular acceleration of the wheels ¢ is:

(2Jw + 2mR?)i — MLR cos(0)§ + MLRsin(0)6? = 7 — D, i, (2)

where Dy and D, represent viscous damping coefficients.

2.3 Linearized state-space model

For control design purposes, the non-linear equations are typically linearized around the equilibrium point = 0 (upright
position) and § = 0. We use the small-angle approximations sin(f) =~ 6 and cos(f) ~ 1. The state vector is defined
as x = [z, 4,6, 9]T The resulting linearized system can be expressed in the standard state-space form x = Ax + Bu,
where the input w is the motor torque 7. )

The linearized equations are derived by isolating # and & from (1) and (2) and applying the small-angle approxima-
tion.

Final Linearized Equations (Simplified Form) The dynamics can be simplified and expressed in matrix form, leading
to the state-space representation. The key relationships derived from the linearized equations are:

L -LE L B )& e @
By defining appropriate constants, the system is converted into the 4'-order state-space representation required for
LQR or adaptive control design. In (1)—(3), all variables are defined as follows. The state variable z = R¢ denotes
the horizontal wheel-axis displacement, & and & are its velocity and acceleration, € is the body tilt angle measured
from the vertical upright position, and 6 and 6 are the corresponding angular velocity and acceleration. The control
input w = 7 is the motor torque applied to the wheels. The parameters M, m, Jg, Jw, R, L, D,, Dy, and g denote,
respectively, body mass, wheel/motor mass, body moment of inertia, wheel moment of inertia, wheel radius, distance
from the wheel axis to the body center of mass, translational damping, tilt damping, and gravitational acceleration. In
this work, distance tracking means regulation of the horizontal displacement z(t) toward a bounded reference ef(t);

for pure self-balancing tests, x,ef(t) is set to a constant so that the wheel branch mainly suppresses drift while the tilt
branch maintains 6(¢) — 0.

3 The structure of proposed MJaya-DFLC

3.1 Decomposed fuzzy control architecture

Hijk ij-

Wik,

UDFLC

Decomposed MFs

Figure 2: Structure of the DFLC architecture with representative parallel decomposed fuzzy pathways.
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Figure 3: The structure of decomposed membership functions.

Asymmetric Gaussian Membership Function

10 o Asymmetric Gaussian (x)
/ == Unused right part
---= Unused left part

Figure 4: Asymmetric Gaussian membership function.

The structure of the DFLC controller is shown in Fig. 2. The control system comprises two parallel Decomposed Fuzzy
Logic Controller (DFLC) branches:

e Tilt-DFLC branch: Takes the input i) = [0,9]T (from MPU6050); it outputs the compensating torque ug to
stabilize the system along the vertical axis.

¢ Wheel-DFLC branch: Takes the input i*) = [z, %]T; it outputs the wheel-motion component u, for displace-
ment regulation and drift suppression.

The final control signal u fed to the L298N motor driver is a weighted sum:
u=aug+ (1 —a)u,, 0<a<l (4)

In Fig. 2, the blue and black links are used to visually distinguish representative parallel decomposed fuzzy pathways
associated with different input channels and different fuzzy-parameter sets within the same DFLC architecture. Each
pathway follows the same computational procedure, including membership evaluation, firinge-strength calculation, con-
sequent weighting, and contribution to the final DFLC output. Therefore, the two colors indicate parallel decomposed
pathways with different inputs and parameters, while their mathematical role in the DFLC inference process is iden-
tical. In the proposed controller, this DFLC architecture is instantiated separately for the tilt and wheel branches.
The tilt-related instance generates ug, whereas the wheel-motion instance generates u,. These two branch outputs are
available before fusion and are combined only at the final stage as u = aug + (1 — a)u,. The proposed control architec-
ture employs the decomposed membership-function structure shown in Fig. 3. The asymmetric Gaussian membership
function shown in Fig. 4 is adopted to increase local shape flexibility. It is uniquely defined by two separate spread
parameters: the left spread (7) and the right spread (¢). Compared with a symmetric Gaussian function, this form can
assign a different sensitivity to positive and negative deviations around the center. This property is useful for a self-
balancing robot because the recovery torque required after a forward fall is not necessarily symmetric with the torque
required after a backward fall, especially in the presence of motor saturation, dead-zone, friction, and non-identical
acceleration/deceleration dynamics.

Rationale for the Decomposed Structure: The DFS approach decomposes each input variable into fuzzy sets,
which are then combined to form independent component fuzzy systems. This strategy minimizes the undesirable



92 N. K. Long, N. V Binh

cross-learning effect (adhering to the minimum-disturbance principle), ensuring that an increase in the number of rules
minimally impacts the convergence time. This feature is critical for achieving real-time performance on a microcontroller.
Furthermore, the Simplified DFS (SDFS) significantly reduces the total number of component fuzzy systems (from N7
to Ns).

3.2 Input normalization and constraints

At every sampling instant ¢x:

1. Noise filtering and bias compensation are performed (using a Kalman filter).

2. Input variables i; are normalized to the predefined range [i7*",i7*] and bounded (clipped) according to:
1; = Cllp (W, 0, 1> . (5)
(2 7

3.3 Fuzzy decomposition and membership functions

Consider a branch with n input variables, where each variable is partitioned into Ny fuzzy sets. Utilizing the SDFS
architecture, N, independent component fuzzy systems are established by grouping the ’same-rank’ fuzzy sets across
all input variables. The asymmetric Gaussian function is employed for each membership function:
= 2 ~
exp (—%) , if i < Cijk
pije(ii) = 4 1, if i = cijn (6)
exp (—%) s if 51 > Cijk
Tijk
Here, c;jx (center), o5 (left spread), and g,;;, (right spread) denote the parameters for the k-th fuzzy set related to
the i-th input variable. In Fig. 3, the three fuzzy sets assigned to each normalized input correspond to negative/small,
zero/medium, and positive/large operating regions. The same label 2 in the preliminary figure has been corrected so
that the horizontal axes are consistently denoted by the corresponding normalized inputs 7; and 75. Three membership
functions are selected as a compromise between approximation capability and embedded computational cost: increasing
the number of sets would improve local resolution but would also increase the number of firing-strength calculations
and online parameter updates.
The firing strength in this Zero-Order TSK model is calculated as the fuzzy product (t-norm):

fik = Hﬂijk(gz‘) (7)

i=1
This firing strength is then normalized:
Tik

3.4 Inference and defuzzification (zero-order TSK)

Each Rule k possesses a singleton consequent, wy, referred to as the 'rule weight’. The output upprc of the respective
DFLC branch is calculated using the center-average defuzzification approach:

N, 7
2k JikWik
N. 7
Zk:l ik

where the rule weights, denoted wjy, represent the singleton consequents in the Zero-Order TSK fuzzy inference
system. These weights are the most critical parameters that directly shape the control surface.
Initially, the weights for both the Tilt-DFLC (W) and Wheel-DFLC (W (®)) branches are set to small random

values near zero to avoid system saturation upon startup, while ensuring sufficient variance for the initial learning
phase.

; 9)

UDFLC =

w;k(0) =rand(+e), e< 1. (10)
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3.5 Online parameter adaptation

The tracking error is defined as e(t) = y,es(t) — y(t). The quadratic loss function is E(t) = e*(t). The parameters

Wik, Cijk, Oijk, and g, are updated using the gradient descent algorithm based on the normalized rule firing strength
fx, vielding the following adaptation laws:
(a) Rule Weight Update: The weight update law remains unchanged:

1
wik(t +1) = wjr(t) — §V7we(t)fjk~ (11)
(b) Gaussian Center Update The center update law is modified to account for the asymmetric spread parameters:

(»Zj—cijk)
1 ) (Gik)2 7 ~
cijr(t +1) = cijr(t) — gnee(t) fiw(win — uprre) x 4 0, ifd; = cijn "
(ZZ_Ci§§)7 if i; > cijr
Tiik

if ij < Cijk

(c) Gaussian Spread Updates: The single spread update is replaced by two separate laws for the left (7;;%) and right
(a;;x) spreads, executed conditionally.

Left Spread Update (;;;) Executed only if :?jj < Cijk:
1 ; (ij — ciji)’®

oijk(t + 1) = Fijie(t) = gnoe(t) fi(wjn — UDFLC)W- (13)

Right Spread Update (g,;),) Executed only if ij > cijk:

1 . (i; — ciji)?
aijr(t+1) = g5 (1) — §Ua€(t)fjk(wjk - uDFLC)ﬁ- (14)
Tk
The positive learning rates, 7, ¢, 77, > 0, are optimized using the Modified-Jaya algorithm to ensure rapid convergence
while preventing parameter oscillation.

3.6 Cyclic implementation algorithm

The control and adaptation process is executed cyclically for each branch following these steps:

o Step 1: Read or estimate the branch inputs, namely (0, 9) for the tilt branch and (z,) for the wheel branch.
Apply filtering and normalize the inputs to ;.

e Step 2: For each rule k = 1 to N, compute the membership functions ,ujk(%j) using (6), the firing strength f,
and the normalized firing strength f.

e Step 3: Calculate the DFLC branch output uprrc using Equation (9). Apply saturation limits based on the
motor’s power constraints.

o Step 4: Calculate the tracking error e(t); update wy, using (11); update c;j using (12); conditionally update &y
using (13) (if 7; < ¢jx) and g, using (14) (if i; > cj).

e Step 5: Integrate the two branch outputs to generate the final control signal u = auy + (1 — a)u,,, which is then
implemented as a PWM signal via the L298N driver.

3.7 Controller parameterization and link to the optimization variables

The parameters of the proposed controller are divided into two groups. The first group contains the online fuzzy
parameters, namely the singleton consequents Wy and W,,, the membership centers Cy and C,, and the left/right
spreads Xy, 3y, X, and X,. These parameters are updated at each sampling instant using (11)—(14). The second
group contains the learning-rate vector = [1y, 7c, 7]’ , which determines the update speed of the consequent, center,
and spread parameters. Only 7 is optimized by the Modified-Jaya algorithm. This separation keeps the metaheuristic
search low-dimensional and prevents the optimizer from replacing the physically interpretable online adaptation laws.
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All comparative controllers are evaluated under the same initial conditions, sampling time, disturbance profile,
sensor/process noise levels, and actuator saturation limits. The fixed controller and optimizer settings used in the
comparisons are summarized in Table [I} This table is included to ensure that performance differences are attributable
to the control architecture and learning-rate optimization rather than to inconsistent test conditions.

Table 1: Fixed settings used for controller implementation and fair comparison.

Item Setting Purpose

Sampling time T, =0.01s Digital implementation

DFLC inputs [0,0)]T and [z, &) Tilt and wheel branches

Membership sets per input Ns =3 Negative, zero, and positive operating regions

Fusion coefficient a=0.7 Tilt-dominant torque fusion

Consequent initialization w;x(0) € [-1073,1077] Avoid startup saturation

Learning-rate bounds Nw € [107%,1072], n. € [107%,5 x 1073], Stability-admissible search interval
€[107°,1077]

Disturbance for robustness test 3 Nm impulse at ¢t = 2s for 0.02s Recovery assessment

Baseline controllers T1FNN and FCMAC with the same plant, Fair comparison

noise, and disturbance settings

3.8 Modified-Jaya algorithm for hyperparameter optimization

The robustness and convergence speed of the DFLC adaptation process are critically dependent on the selection of
optimal learning rates = [y, e, 70" . Setting these hyperparameters manually often results in sub-optimal perfor-
mance—a high rate may cause parameter oscillation, while a low rate leads to slow convergence. To address this, the
Modified-Jaya (MJaya) optimization algorithm is employed to determine the near-optimal values of 7 in an offline
or slow-adaptive manner.

The core principle of the Jaya algorithm is ”Jaya” (meaning victory in Sanskrit), where the solution attempts to
move directly toward the best solution found so far while simultaneously moving away from the worst solution. The
algorithm maintains a population of candidate solutions (learning rate sets) and iteratively updates them based on this
winning tendency, requiring only the two extreme candidates (best and worst) without needing any algorithm-specific
control parameters.

The objective function to be minimized is the system’s performance metric over a predefined testing trajectory.
To better connect the optimizer with closed-loop performance and stability requirements, the optimization problem is
formulated as

N-1
min J(m) = 3 (doleo x| + golear] + rulur| + qaleo s Fezr,) (15)
k=0
2
SubjeCt tO ,',’mm < ,r]w < ,],]I‘I‘la‘)(7 nmln < ,’70 S nma,x, nmll’l < ,r’g < nma.x 0 < )\max(r) < f (153)
J

In this formulation, gg, ¢, and 7, weight the tilt-tracking error, displacement-tracking error, and control effort, respec-
tively, while the last term penalizes the post-disturbance tilt error after the impulse time k4. Therefore, the optimization
explicitly includes robustness through disturbance rejection, bounded control effort, and admissible learning-rate con-
straints.

The update equation for the J-th learning rate in the i-th candidate solution, 7; ;, at iteration k + 1 is calculated

based on the previous value 7¥ ';» the best value nbe“t and the worst value nWOFSt in the population:
k+1 k best(d t(d k
mit =ty Y = Il ) = od Y = kD), (16)

where r¥ ; and rh j are uniformly distributed random numbers in [0, 1]. The index d € {1,2, 3} selects the candidate
used in the modified repulsion term. In this study, the second-worst candidate is used with a prescribed probability to
avoid excessively large jumps generated by the worst candidate when outliers occur. After the update, each candidate
is projected onto the admissible set in (15a). This projection step explicitly connects the optimizer with the stability
and actuator constraints.

By iteratively applying Equation (16), the entire population of learning rate sets converges towards the optimum,
providing a highly effective mechanism for tuning the critical hyperparameters n and thus maximizing the overall control
system performance.
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3.9 Stability analysis

Because the controller is implemented digitally on a microcontroller, the stability analysis is formulated in discrete time.
Let Ty denote the sampling period. The continuous-time state-space model adopted from the standard two-wheeled
self-balancing robot formulation in [31], is discretized as

Xp+1 = AaXy + Baug + dg, yi = Cxg, (17)
where xi, = [zy, T, Ok, ék}T, uy, is the motor torque/PWM-equivalent input, and dj represents bounded discretization
error, unmodeled dynamics, friction, and external disturbances. The matrices A; and By are obtained from the
continuous model in Section 2 by zero-order-hold discretization, i.e., Ay = eA™* and By = fOTS eA"Bdr.

Define the two-output tracking vector

ey, = [%k] = Fref’k B z’“} : (18)

€0,k Oret x — Ok

The fuzzy controller model can be written explicitly as
w, = atp (i) W + (1= ) ] () W, (19)

where 1, and 1, are the normalized firing-strength vectors generated by the asymmetric Gaussian membership func-

tions. Since the inputs are normalized and clipped and the spreads satisfy o;jr > Omin, the firing strengths and their

gradients are bounded. Therefore, there exist finite constants ¥max and gmax such that ||[9]] < Ymax and ||Veurl] < gmax.
Consider the Lyapunov candidate

1 1- .
Vk = ie{Qek + §¢zril¢ka Q = QT - 07 r'= dlag(nwfa ncIa 7]0-1) - 07 (20)

where q~bk denotes the fuzzy-parameter estimation error. The update laws (11)—(14) can be represented compactly as

i1 = Ha @y, — TV Ji], (21)

where T[] is a projection operator onto the compact admissible set Q defined by bounded consequents, bounded
centers, positive spreads, and the learning-rate constraints in (15a). This projection prevents parameter drift during
learning.

Using the standard descent lemma for a differentiable cost function with Lipschitz constant L;, the change in the
instantaneous cost satisfies

L
Jesr =i = = (Duinl0) = () IVl + e, (22)

where p > 0 depends on the plant and output matrices. Therefore, if the Modified-Jaya search is constrained by
(23)

then the nominal learning dynamics are non-increasing in the Lyapunov sense. In the presence of bounded disturbances
|ldk]l < dmax, (22) implies practical stability: ey and ¢, remain uniformly ultimately bounded, and the ultimate bound
decreases with smaller disturbance magnitude and smoother control action.

The stability-oriented role of MJaya is thus not to prove asymptotic stability for arbitrary learning rates, but to
search inside the admissible set (15a) and (23) for learning rates that minimize the finite-horizon control objective. This
explains why the optimization problem is constrained and why the reported controller remains stable during learning
mode.

4 Simulation and experimental results

This section evaluates the proposed MJaya-DFLC on the self-balancing two-wheel robot introduced in Section 2, using
both numerical simulations and hardware experiments.

The initial conditions used in simulation are explicitly set as follows: xo = [0,0,8°,0]7 for Case 1 and x¢o =
[0,0,15°,0]7 for Case 2. The sampling time is T = 0.01s in simulation and in the embedded implementation unless
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otherwise stated. The nominal plant parameters are those listed in Table[2} they were obtained from direct weighing and
geometric measurement of the prototype, while the damping coeflicients were identified from free-response experiments
by fitting the decay envelope of the wheel and body motions. The continuous-time model was then validated by
comparing the open-loop and low-gain closed-loop responses before being used in the controller-design simulations.

For reproducibility of the controller configuration, each DFLC branch uses two inputs and three asymmetric Gaus-
sian membership functions per input, which yields Ny = 3 same-rank component fuzzy subsystems in the SDFS
implementation. The normalization ranges are chosen as 6 € [—20°,20°], § € [~150,150]°/s, = € [—0.20,0.20] m,
and & € [—0.60,0.60] m/s. The fusion coefficient is set to a = 0.7, the initial consequent weights are sampled in
[~1073,1073], and the Modified-Jaya search bounds are 1,, € [107%,1072], . € [1074,5 x 1073], and 7, € [1075,1073].

Three controllers are compared: a type-1 fuzzy neural network (T1FNN) controller, a fuzzy CMAC controller
(FCMAC), and the proposed MJaya-DFLC with decomposed fuzzy structure and Modified-Jaya—tuned learning rates.
The T1IFNN and FCMAC serve as strong learning-based baselines for nonlinear control and function approximation In
contrast, the MJaya-DFLC integrates a decomposed fuzzy architecture, asymmetric Gaussian membership functions and
online gradient adaptation, utilizing the Modified-Jaya algorithm to tune its learning rates. The physical parameters
of the two-wheeled self-balancing robot are given in Table [2l The RMSE comparison of the tilt angle (in degrees) is
given in Table [3

Table 2: Physical parameters of the two-wheeled self-balancing robot.

Parameter Value Unit
Pendulum/body mass (M) 0.52 kg
Chassis/train mass (M,) 1.80 kg
Distance from wheel axle to body CoG (I)  0.25 m
Wheel radius () 0.04 m
Distance between wheels (D) 0.14 m
Gravitational acceleration (g) 9.80 m/s?
Wheel mass (M,,) 0.10 kg
Moment of inertia of body (J, = M,I?) 0.0325 kg-m?

Moment of inertia of wheel (J,, = M,,r%/2) 8.0 x 107° kg-m?

The closed-loop configuration of the control system is illustrated in Fig. 5. The two-wheel robot is modeled as an
IPOC system, with its states measured and passed through filtering, normalization, and saturation blocks as described
in Section 3. The proposed MJaya-DFLC block is decomposed into two branches: Tilt-DFLC and Wheel-DFLC. The
former regulates the body tilt angle using the state variables [6, 9], whereas the latter compensates for wheel dynamics
utilizing translational velocity and/or acceleration. Although the plant has one actuator input, this single torque
simultaneously influences both 6 and x through the coupled dynamics in (1)—(3). The two DFLC branches do not
generate two independent motor commands; instead, they compute two complementary torque components that are
combined into one physically admissible input wuy.

In simulation, the nonlinear plant is subjected to zero-mean Gaussian process noise with standard deviation oprocess =
0.05 (rad or rad/s), zero-mean Gaussian sensor noise with standard deviation ogensor = 0.03, and an impulse disturbance
torque of 3Nm applied at ¢t = 2s for 0.02s. Two initial tilt conditions are investigated: Case 1, with initial tilt angle

0o = 8° (Figs. |[6H10), and Case 2, with initial tilt angle 8y = 15° (Figs. [L1H15)).

References
signal 4 n(t)
0,0 (1),%,, (1)
5 A DFLC o™ | Two-wheel | 0(0).x()
Controller Robot

bl T d(t)

Adaptation Law Disturbance

(uncertainties)

Modified Jaya
Algorithm

Figure 5: The closed-loop configuration of the control system.
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4.1 Case 1: Initial tilt angle 6, = 8°

In the first scenario, the robot is released from a moderate tilt of 8°. Figure 6 shows that all three controllers eventually
stabilize the robot, but their transient behaviours differ. The MJaya-DFLC yields the shortest settling time and the
smallest overshoot. After the disturbance at t = 25, the MJaya-DFLC response exhibits only a single, smooth deviation
before returning quickly to the upright region, whereas both TIFNN and CMAC display larger excursions and longer
oscillatory tails. The control signals in Fig. 7 indicate that MJaya-DFLC achieves this improved tilt response without
excessive actuation. The torque generated by MJaya-DFLC is more compact and smoother over time, with visibly
reduced peaks around the initial transient and the impulse instant. The TIFNN and CMAC commands show higher
spikes and more abrupt changes, suggesting less efficient use of the available actuation. The error plot in Fig. 8 provides
a concise quantitative comparison. Under MJaya-DFLC, the error magnitude decays rapidly and remains within a
narrow band after the initial transient, with only a modest bump at the disturbance time. Both TIFNN and CMAC
exhibit larger peak errors and a slower return to small values. The trajectories of the learning rates, optimized via
the Modified-Jaya algorithm, are depicted in Fig. Taken together, Figs. show that, for 8y = 8°, the proposed
controller achieves faster stabilization and smaller steady fluctuations with lower control effort than the two baselines.
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Figure 6: Evolution of the tilt angle (6 in degrees) for simulation Case 1.
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Figure 7: The control signal for simulation Case 1.
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Figure 8: The tracking error of the tilt angle for simulation Case 1.
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The corresponding wheel displacement response z(t) is shown in Fig. @ This response shows that the wheel branch
suppresses translational drift while the tilt branch stabilizes the body angle. For self-balancing tests, the desired
displacement is constant; hence the objective is bounded drift suppression rather than aggressive trajectory following.
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Figure 9: Wheel displacement response x(¢) for simulation Case 1.
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Figure 10: The trajectories of the learning rates using M-Jaya algorithm for simulation Case 1.

4.2 Case 2: Initial tilt angle 6, = 15°

The second scenario is more challenging, with the robot starting from a larger tilt of 15°. The same noise and disturbance
settings are used as in Case 1. Figure 10 indicates that the MJaya-DFLC maintains its advantage as the operating
condition becomes more severe. The proposed controller still brings the tilt angle back to the upright region in a shorter
time and with less overshoot than T1IFNN and CMAC. The impulse at t = 2s causes a pronounced deviation for all
three controllers, but the MJaya-DFLC trajectory re-enters the small-angle neighbourhood more quickly and with fewer
residual oscillations. As shown in Fig. 11, all controllers require larger control actions than in Case 1, which is expected
given the larger initial deviation. Nevertheless, the MJaya-DFLC torque profile remains comparatively smooth, with
reduced duration and amplitude of saturation-like peaks. The TIFNN and CMAC efforts are more aggressive, featuring
higher and more frequent peaks. This behaviour is important for practical implementation, as it directly relates to
motor stress and energy consumption. The error trajectories in Fig. 12 corroborate the previous observations. The
MJaya-DFLC produces the smallest peak error and the fastest error decay, both after the initial release and after
the disturbance. T1FNN and CMAC show larger error excursions and slower convergence. The trajectories of the
learning rates, optimized via the Modified-Jaya algorithm, are depicted in Fig. Overall, Figs. demonstrate
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that the proposed controller preserves its performance advantage for larger tilt angles, confirming its robustness to

operating-point variations and stronger nonlinear effects.
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Figure 11: Evolution of the tilt angle (6 in degrees) for simulation Case 2.
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Figure 12: The control signal for simulation Case 2.
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Figure 13: The tracking error of the tilt angle for simulation Case 2.

The wheel displacement response for the larger initial tilt is shown in Fig.[I4] The increased initial angle produces
a larger transient displacement, but the proposed controller still bounds the drift and recovers the upright posture

without sustained oscillation.
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Figure 14: Wheel displacement response x(t) for simulation Case 2.
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Figure 15: The trajectories of the learning rates using M-Jaya algorithm for simulation Case 2.

4.3 Experimental validation

The proposed controller is further validated on a physical prototype comprising an Arduino Mega 2560, an L298N
motor driver, DC motors, and an MPU6050 IMU. In the experiments, the robot is released from an initial tilt similar
to the simulated cases, and two disturbances are applied: continuous airflow from a fan and a manual hand push at
about ¢t = 12s. The experimental setup of the two-wheeled self-balancing robot platform is shown in Fig. 14. Figure 15
shows that the tilt angle returns quickly to a small neighbourhood of the upright position and remains there despite
the disturbances. The control effort in Fig. 16 is consistent with the simulated MJaya-DFLC profile: torque remains
bounded and free of sustained chattering. The tracking error in this case stays small during steady operation and
exhibits only short-lived spikes at the disturbance instants. It should be noted that the experimental prototype used
in this study is equipped with an MPU6050 IMU but does not have an external motion-capture camera, or another
absolute-position sensor. Therefore, the experimental validation reports directly measured tilt angle and control effort,
whereas the translational displacement z(t) is reported for the simulation cases where the plant state is available.
No unmeasured experimental position trajectory is reconstructed from the IMU alone, because double integration of
acceleration would produce unacceptable drift. Adding wheel encoders or vision-based localization is identified as a
future extension for full experimental position tracking. From Fig. 15, the steady balancing fluctuation is mainly
confined within about 4+3°, while the manual push at approximately t = 12 s produces a short peak of about 12°. The
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control signal in Fig. 16 correspondingly reaches a short peak of about 15 in normalized control units and then returns
to its low-amplitude operating range, indicating bounded actuation without sustained chattering.

Figure 16: Experimental setup of the two-wheeled self-balancing robot platform.
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Figure 17: Evolution of the tilt angle (6 in degrees) for experimental validation.
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Figure 18: The control signal for experimental validation.

Table 3: RMSE comparison of the tilt angle (in degrees) for Case 1 and Case 2.

Controller Computation Time (ms) Case 1l Case 2
T1FNN 0.013 0.9221 1.7599
FCMAC 0.017 0.8525 1.7238
MJaya-DFLC (proposed controller) 0.021 0.8391 1.6969

In addition to RMSE, multi-criteria transient and robustness indices are reported in Table 4f The settling time
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T is evaluated using a small-angle neighborhood around the upright equilibrium after the initial release, the under-
shoot/overshoot index denotes the largest excursion around the zero reference after the first zero crossing, and the
disturbance peak and recovery time are measured after the impulse disturbance applied at ¢t = 2 s. The values were
extracted from the plotted time histories in Figs. [6] and

Table 4: Multi-criteria transient and robustness comparison extracted from the simulation responses.

Controller Case T; (s) Undershoot/overshoot (deg) Peak after impulse (deg) RMSE (deg)

T1FNN 1 ~ 0.55 ~ 0.35 ~ 1.10 0.9221
FCMAC 1 ~ 0.35 ~0.12 ~ 0.85 0.8525
MJaya-DFLC 1 ~ 0.25 < 0.10 ~ 0.20 0.8391
T1FNN 2 ~ 0.75 ~ 0.25 ~ 1.45 1.7599
FCMAC 2 ~ 0.95 ~ 0.18 ~ 0.95 1.7238
MJaya-DFLC 2 ~ 0.38 < 0.10 ~ 0.35 1.6969

The additional indices confirm the trend observed from the RMSE values: the proposed MJaya-DFLC gives the
shortest settling time in both initial-angle cases and substantially reduces the angular deviation caused by the impulse
disturbance. The improvement is particularly visible in Case 2, where the larger initial angle activates the nonlinear
region of the robot dynamics.

4.4 Computational complexity and implementation cost

For each DFLC branch with n inputs and N, fuzzy sets per input under the SDF'S structure, the dominant operations at
each sampling instant are the evaluation of nNy membership grades, Ny firing strengths, N normalized firing strengths,
and O(nNjy) gradient terms for parameter adaptation. Therefore, the online complexity is O(nNy) per branch. Because
the proposed controller uses two branches, the overall online complexity is O(ngNs + n,N;), which remains linear in
the number of fuzzy sets. A conventional full-grid FLC with n inputs and Ny sets per input would require O(N?)
rule evaluations; thus, the decomposed structure substantially reduces the computational load. The Modified-Jaya
optimization is performed offline or in a slow-adaptive design loop. If P candidates, K iterations, and N simulation
samples are used, its design-stage complexity is O(PKN) times the cost of one closed-loop simulation. This cost does
not affect the real-time sampling burden after the optimized learning rates are fixed.

5 Conclusions

This paper has introduced a Modified-Jaya-optimized decomposed fuzzy controller (MJaya-DFLC) for self-balancing
two-wheel robots. The controller employs two parallel DFLC branches—one regulating the body tilt angle and the other
compensating wheel dynamics—implemented with asymmetric Gaussian membership functions and online gradient-
descent parameter adaptation. The learning rates of these adaptive laws are tuned by a Modified-Jaya algorithm
operating on a low-dimensional search space, thus avoiding manual gain selection.

A Lyapunov-based analysis shows that, for learning rates constrained to an admissible region, the closed-loop error
remains bounded and converges to a small neighbourhood of the origin in the presence of bounded disturbances and
uncertainties. Simulation studies with Gaussian process and sensor noise and a 3 Nm impulse disturbance at ¢t = 2s
demonstrate that the proposed MJaya-DFLC consistently outperforms two strong learning-based baselines T1IFNN
controller and a FCMAC controller in terms of: faster tilt-angle stabilization, reduced overshoot and oscillations, lower
and smoother control effort, smaller and more rapidly decaying tracking errors, for both moderate (8°) and large (15°)
initial tilts. Experimental validation on a low-cost Arduino-based platform further confirms that MJaya-DFLC can be
implemented in real time and maintains robust balancing under fan-induced airflow and manual pushes.

These results suggest that combining a decomposed fuzzy architecture with a parameter-free metaheuristic such as
Modified-Jaya is an effective strategy for improving the robustness and performance of learning-based controllers on
underactuated, nonlinear systems. Future work will extend this framework to full trajectory tracking and more complex
manoeuvres, investigate multi-objective formulations of the Modified-Jaya optimization (e.g., jointly minimizing settling
time, energy consumption, and control smoothness), and explore integration with additional sensory modalities such as
wheel encoders and vision for advanced autonomous navigation.
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