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Abstract

Nonlinear technological processes are difficult to control because of strong nonlinear
dynamics, parameter uncertainties, transport delays, and external disturbances, which
can degrade the performance of conventional control strategies. This study proposes
a Quantum-Inspired Fuzzy Inference Controller (QIFIC) that combines Mamdani fuzzy
reasoning with an online adaptive probabilistic decision mechanism. Unlike conventional
fuzzy controllers, which directly aggregate activated rules into a deterministic output, the
proposed method preserves multiple candidate control actions and dynamically adjusts
their relative probabilities according to the tracking error and its variation. The updated
probabilities are combined with fuzzy-rule firing strengths to generate the final control
signal, enabling online adaptation without modifying or retraining the original fuzzy
knowledge base. A conditional Lyapunov-based analysis is used to establish the uniform
ultimate boundedness of the tracking error under bounded modeling uncertainties and
time-varying disturbances within the considered operating region. The proposed controller
is evaluated using a nonlinear boiler temperature-control benchmark and quantitatively
compared with PID and classical fuzzy controllers, while an adaptive fuzzy controller
is included as an additional methodological benchmark for positioning the proposed
adaptation strategy. Comparative simulations demonstrate improved transient response,
disturbance rejection, and control smoothness, confirming the effectiveness of the proposed
online probability-weighted inference mechanism.

Keywords: quantum-inspired control; fuzzy inference controller; nonlinear process control;
robust control; adaptive decision-making; industrial automation

1. Introduction

Nonlinear technological processes play a fundamental role in modern industrial
sectors, including chemical production, thermal power generation, petroleum refining,
advanced manufacturing, and energy conversion systems. These processes are inherently
characterized by nonlinear dynamics, strong multivariable interactions, transport delays,
parameter uncertainties, and continuously varying operating conditions. Such charac-
teristics considerably complicate controller design and often degrade control accuracy,
operational stability, and energy efficiency. Consequently, the development of intelligent
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control strategies capable of maintaining high performance under uncertain and time-
varying conditions has become an important research topic in automation and control
engineering [1].

Conventional proportional-integral-derivative (PID) controllers remain the dominant
industrial control solution owing to their simple structure, straightforward implementation,
and reliable operation. Nevertheless, their performance strongly depends on accurate
mathematical models and appropriate parameter tuning. In nonlinear systems affected
by disturbances and parameter variations, PID controllers frequently exhibit excessive
overshoot, prolonged settling time, oscillatory responses, and reduced disturbance rejec-
tion capability [2,3]. These limitations have motivated extensive research into intelligent
and adaptive control techniques capable of improving control performance in complex
industrial environments.

Among intelligent control approaches, fuzzy inference systems (FIS) have proven
particularly effective because they integrate expert knowledge through linguistic IF-THEN
rules without requiring highly accurate mathematical models. Fuzzy controllers have there-
fore been successfully applied to chemical processes, thermal systems, robotics, renewable
energy systems, and industrial automation applications [4].

Despite these advantages, conventional fuzzy controllers generally rely on fixed mem-
bership functions, predefined rule bases, and deterministic rule aggregation mechanisms.
Their adaptability is consequently limited when process dynamics change rapidly or when
multiple competing control actions must be evaluated simultaneously under uncertain
operating conditions [5].

Recent advances in computational intelligence have demonstrated that quantum-
inspired algorithms provide an efficient computational framework for optimization and
decision-making while remaining fully executable on conventional digital computers.
These algorithms emulate selected quantum principles, including probabilistic state repre-
sentation, adaptive probability evolution, and parallel evaluation of multiple candidate
solutions, without requiring specialized quantum hardware [6,7].

Recent studies have increasingly investigated quantum-inspired and quantum-fuzzy
computational approaches for intelligent control, optimization, and decision-making. These
studies have demonstrated the usefulness of probabilistic state representations, quantum-
inspired search mechanisms, and hybrid fuzzy architectures for controller-parameter
tuning, membership-function optimization, rule-base optimization, and robust decision-
making under uncertainty. Importantly, these developments indicate that the use of proba-
bilistic or quantum-inspired mechanisms in fuzzy and intelligent control is not, by itself,
unique to the present study [8].

However, an important methodological distinction concerns where and when the
quantum-inspired mechanism operates within the control architecture. In many existing
quantum-inspired fuzzy control approaches, quantum-inspired computation is primarily
employed for offline optimization of controller parameters, membership functions, rule
weights, or other design variables. Once the optimization stage is completed and the
controller is deployed, the fuzzy inference mechanism generally operates using the resulting
fixed or previously optimized parameters. Consequently, such approaches provide limited
capability for continuously redistributing the relative importance of competing fuzzy
control actions according to the instantaneous closed-loop tracking condition during real-
time operation.

In contrast, the proposed QIFIC differs from such offline-optimization approaches
by embedding the adaptive probabilistic mechanism directly within the online fuzzy in-
ference and decision stage. At each sampling instant, the activated fuzzy rules generate
multiple candidate control actions rather than being immediately aggregated into a single
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deterministic output. The relative probabilities of these candidate actions are updated
online according to the instantaneous tracking error and its variation and are subsequently
combined with the corresponding fuzzy-rule firing strengths to construct the final control
action. Thus, the probabilistic adaptation remains active throughout closed-loop opera-
tion and dynamically redistributes the contribution of competing control actions without
retraining or restructuring the underlying Mamdani rule base. Accordingly, the method-
ological novelty of the proposed QIFIC lies not in the use of quantum-inspired probabilistic
concepts per se but in their integration as an online inference-level adaptation mechanism
for real-time fuzzy control of nonlinear processes.

Based on the identified research gap, this study develops a Quantum-Inspired Fuzzy
Inference Controller (QIFIC) for nonlinear technological processes operating under uncer-
tainty [9]. The proposed framework combines an interpretable Mamdani fuzzy inference
system with an online adaptive probabilistic decision layer. The fuzzy subsystem generates
candidate control actions from the tracking error and its variation, while the probabilistic
layer dynamically adjusts their relative contributions using real-time closed-loop informa-
tion. This architecture is designed to enhance adaptability to changing operating conditions
while retaining the original fuzzy knowledge base and remaining fully executable on
conventional digital control platforms [10,11].

The effectiveness of the proposed controller is verified using an industrial boiler tem-
perature control system, which represents a typical nonlinear thermal process characterized
by transport delay, thermal inertia, parameter uncertainty, and external disturbances. The
proposed controller is comparatively evaluated against conventional PID and classical
fuzzy controllers under identical operating conditions [12].

The principal scientific contributions of this study are summarized as follows:

1.  An online quantum-inspired probabilistic inference mechanism is introduced into the
Mamdani fuzzy control framework. Unlike conventional fuzzy controllers, which
directly aggregate activated rules into a deterministic control output, and existing
quantum-inspired approaches that are primarily employed for offline optimization of
controller parameters, membership functions, or rule weights, the proposed QIFIC
embeds probabilistic adaptation directly within the online fuzzy inference and deci-
sion stage. This enables the relative priorities of multiple candidate control actions to
be continuously updated during closed-loop operation.

2. An adaptive probability-weighting mechanism is developed to dynamically prior-
itize competing fuzzy control actions using the tracking error and its variation. In
contrast to conventional fixed-rule aggregation and static weighting strategies, the
proposed mechanism combines fuzzy-rule firing strengths with continuously updated
candidate-action probabilities while preserving the original Mamdani membership
functions and rule base. Therefore, online adaptation is achieved without retraining
or restructuring the underlying fuzzy knowledge base.

3. A stability-oriented formulation is established for the proposed probability-weighted
fuzzy control architecture. Unlike approaches whose effectiveness is demonstrated
primarily through numerical performance comparisons, the present formulation ex-
plicitly relates the adaptive probability-weighted control action to an effective local
closed-loop gain and derives conditions for uniform ultimate boundedness of the
tracking error under bounded modeling uncertainties and time-varying disturbances.
This provides a theoretical characterization of the conditions under which the pro-
posed online adaptation remains bounded within the considered operating region.

The remainder of this paper is organized as follows: Section 2 presents the proposed
controller architecture and mathematical formulation. Section 3 discusses the simula-
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tion results and comparative performance evaluation. Finally, Section 4 summarizes the
conclusions and outlines future research directions [13].

2. Methodology
2.1. Overall Architecture of the Proposed Quantum-Inspired Fuzzy Inference Controller

The proposed Quantum-Inspired Fuzzy Inference Controller (QIFIC) is developed
to achieve robust and adaptive control of nonlinear technological processes operating
under parameter uncertainties, external disturbances, and time-varying conditions. Un-
like conventional fuzzy controllers, which employ deterministic rule aggregation, the
proposed controller incorporates a quantum-inspired probabilistic decision-making mech-
anism that dynamically adjusts the priority of candidate control actions according to the
current process state. This architecture improves control adaptability while preserving the
transparency and computational efficiency of classical Mamdani fuzzy inference.

The overall control framework consists of five functional modules: process monitoring,
fuzzy inference, quantum-inspired probabilistic decision-making, adaptive weighting, and
control signal generation, as illustrated in Figure 1. These modules operate sequentially
within a closed-loop control structure to continuously regulate the nonlinear process [14].

Closed-loop temperature response of the industrial boiler system
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Figure 1. Closed-loop temperature responses of the industrial boiler system under PID, fuzzy, and
proposed QIFIC control strategies.

At each sampling instant k, the measured process output y(k) is compared with the
desired reference signal (k). The tracking error and its rate of change are calculated as

e(k) = r(k) —y(k) 1)
Ae(k) =e(k) —e(k—1) ()

where e(k) denotes the instantaneous tracking error and Ae(k) represents its temporal
variation. These variables form the controller input vector

x(k) = [e(k), Ae(k)]" (€)

The fuzzy inference module transforms the numerical input variables into linguistic
variables using Gaussian membership functions and evaluates the predefined Mamdani
rule base. Each activated rule generates an individual candidate control action together
with its corresponding firing strength. Unlike conventional fuzzy controllers, these candi-
date actions are not immediately aggregated but are forwarded to the quantum-inspired
probabilistic decision module for further evaluation.

Within the quantum-inspired module, each candidate control action is represented by
an adaptive probabilistic state. The probability associated with every candidate action is
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continuously updated according to the current tracking performance, allowing multiple
control alternatives to be evaluated simultaneously during each control cycle. This adaptive
probabilistic mechanism reinforces the most effective control actions while suppressing
less appropriate alternatives, thereby improving controller flexibility and robustness under
varying operating conditions.

The adaptive weighting module combines the fuzzy rule activation strengths with the
updated probabilistic states to determine the contribution of each candidate control action.
After normalization, the final control signal applied to the nonlinear process is expressed as

u(k) = F(e(k), Ae(k), P(k)) 4)

where 1(k) denotes the controller output, P(k) represents the adaptive probability vector,
and F(-) denotes the nonlinear mapping implemented by the proposed QIFIC framework.

The generated control signal is applied to the plant, while the resulting process output
is continuously fed back to the controller for the next sampling interval. Consequently, the
probabilistic decision mechanism is updated online using real-time process information
without modifying the underlying fuzzy rule base. This strategy preserves computational
efficiency while improving tracking accuracy, disturbance rejection capability, and closed-
loop robustness.

Methodological Innovation of the Proposed QIFIC: The methodological innovation of
the proposed QIFIC does not lie in the Mamdani fuzzy inference structure itself, which is in-
tentionally retained as an interpretable baseline, nor in the general use of quantum-inspired
concepts. The innovation lies in embedding a quantum-inspired adaptive probabilistic
mechanism directly into the online fuzzy inference and decision stage. In a conventional
Mamdani controller, activated fuzzy rules are aggregated directly according to their firing
strengths to obtain a deterministic control action. In the proposed QIFIC, the activated rules
instead generate multiple candidate control actions whose relative priorities are represented
by adaptive probabilistic states. These probabilities are updated at each sampling instant
according to the current tracking error and its variation and are then combined with the
corresponding fuzzy-rule firing strengths to construct the final control signal. Therefore, un-
like quantum-inspired approaches used primarily for offline optimization of membership
functions, rule weights, or controller parameters, the proposed mechanism remains active
throughout closed-loop operation and continuously redistributes the contributions of com-
peting control actions without retraining or restructuring the underlying fuzzy rule base.
Thus, the principal innovation is an online inference-level probability adaptation mecha-
nism, rather than a new fuzzy rule base or a physical quantum-control implementation.

2.2. Nonlinear Process Modeling

An industrial boiler temperature control system was selected as the benchmark nonlin-
ear technological process for evaluating the proposed Quantum-Inspired Fuzzy Inference
Controller (QIFIC). Industrial boiler systems represent a challenging control application
because their dynamic behavior is influenced by strong nonlinearities, thermal inertia,
transport delay, uncertain operating parameters, and continuously varying external distur-
bances. These characteristics make boiler temperature regulation an appropriate benchmark
for assessing the effectiveness of advanced intelligent control strategies [15]. The nonlinear
process is represented using the following continuous-time state-space model

x(t) = f(x(£),u(t),d(t),0(t) )
y(t) = h(x(t)) (6)
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where x(t) denotes the system state vector, u(t) is the control input, d(t) represents external
disturbances, () contains uncertain process parameters, and y(t) denotes the measurable
process output.

To represent modeling inaccuracies and unmodeled nonlinear dynamics, the process
model is extended as

x(t) = f(x(£),u(t)) + Af(H) )

where Af(t) represents bounded model uncertainties, parameter variations, and external
perturbations that cannot be accurately described by the nominal mathematical model.
The primary control objective is to ensure accurate reference tracking while maintain-
ing closed-loop stability despite disturbances and parameter uncertainties. This objective
can be formulated as
lim |r(t) — y(t)| =0 (8)

t—00

or, under practical industrial operating conditions,

r(t) —y()] <6 ©)

where r(t) is the desired reference signal and ¢ denotes the maximum acceptable steady-
state tracking error.

For boiler temperature regulation, the manipulated variable corresponds to the fuel
valve control signal, whereas the controlled variable is the boiler outlet steam temperature.
Load variations, combustion fluctuations, and environmental influences are treated as
external disturbances acting on the nonlinear process. These disturbances continuously
modify the process dynamics and therefore require adaptive control actions to preserve
satisfactory tracking performance.

Unlike conventional control approaches that rely on fixed process parameters, the
proposed QIFIC framework continuously adapts its decision strategy according to real-time
process measurements. Consequently, satisfactory control performance can be maintained
even when the nonlinear process characteristics change during operation.

The nonlinear process model described in this study serves as a general benchmark
representation for intelligent controller evaluation rather than an exact physical model
of a specific industrial boiler. This generalized formulation enables the proposed control
methodology to be readily extended to other nonlinear technological systems exhibiting
similar dynamic characteristics, including thermal processes, chemical reactors, and energy
conversion systems [16].

2.3. Fuzzy Inference System Design

The fuzzy inference subsystem constitutes the knowledge-based decision core of
the proposed Quantum-Inspired Fuzzy Inference Controller (QIFIC). A Mamdani-type
fuzzy inference system was adopted because of its high interpretability, robustness, and
widespread use in industrial control applications. Compared with data-driven black-box
models, Mamdani fuzzy systems allow expert knowledge to be incorporated directly
into the control strategy through linguistic IF-THEN rules while maintaining transparent
decision-making [17].

The controller employs two input variables: the tracking error e(k) and the error
variation Ae(k). These variables describe both the instantaneous deviation from the reference
signal and the dynamic behavior of the controlled process. The controller output is the
normalized control action u(k), which is subsequently processed by the quantum-inspired
decision module [18].
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Selection of Controller Input Variables: The tracking error e(k) and error increment
Ae(k) are selected as the controller input variables because they provide complementary
information required for closed-loop feedback decision-making.

The tracking error e(k) = r(k) — y(k) quantifies the instantaneous magnitude and di-
rection of the deviation from the desired reference and therefore indicates the required
corrective action. However, ¢(k) alone does not indicate whether the controlled output is ap-
proaching the reference or moving away from it. The error increment Ae(k) = e(k) — e(k — 1)
provides this dynamic information by describing the local evolution of the tracking error
between consecutive sampling instants. Consequently, the pair [e(k), Ae(k)]” enables the
controller to distinguish between operating conditions having similar instantaneous er-
rors but different transient tendencies. This distinction is particularly important in QIFIC
because the online probabilistic adaptation mechanism updates the relative priorities of
candidate control actions according to both the magnitude of the tracking deviation and its
short-term evolution. Moreover, both variables are directly calculated from the reference
and measured process output, avoiding the need to estimate unmeasured internal plant
states. Therefore, e(k) and Ae(k) provide a compact and practically measurable feedback
representation for the proposed online decision mechanism.

To improve numerical stability and ensure uniform inference performance, the input
variables are normalized to the interval

en(k), Aey (k) € [-1,1] (10)

Each normalized input is represented using seven Gaussian membership functions
corresponding to the linguistic variables

{NB, NM, NS, ZE, PS, PM, PB}, (11)

where NB, NM, NS, ZE, PS, PM, and PB denote Negative Big, Negative Medium, Negative
Small, Zero, Positive Small, Positive Medium, and Positive Big, respectively.

Gaussian membership functions are selected because of their smoothness and continu-
ous differentiability, which reduce abrupt transitions between neighboring fuzzy regions
and improve controller stability. The membership degree of the iii-th fuzzy set is defined as

(x—¢)”

2072

pi(x) = exp[— ) (12)
where c; and ¢; denote the center and width of the corresponding membership function.

The complete fuzzy knowledge base consists of 49 IF-THEN rules, generated from
all possible combinations of the seven linguistic values associated with the two controller
inputs. A typical fuzzy rule is expressed as

IFeis A AND Aeis B THEN u is Cjj (13)

where A;, Bj, and C;; denote the antecedent and consequent fuzzy sets.
For each activated rule, the firing strength is calculated using the minimum t-norm

operator
w; = min(pA;(e), uB;(Ae)) (14)

which determines the degree of rule activation according to the current process state.
Unlike conventional Mamdani controllers, the activated rule consequents are not

immediately aggregated into a single deterministic control signal. Instead, every activated

rule generates an individual candidate control action together with its corresponding firing
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strength. These candidate actions are transferred to the quantum-inspired probabilistic
decision module, where their priorities are dynamically adjusted according to real-time
process information [19,20].

This architecture represents the principal difference between the proposed QIFIC
framework and classical fuzzy controllers. Rather than relying on static rule aggregation,
the proposed controller preserves multiple competing control alternatives during each
control cycle, thereby enabling adaptive probabilistic decision-making under uncertain
operating conditions.

After probabilistic weighting has been completed, the resulting fuzzy output is
converted into a crisp control signal using the centroid (center-of-gravity) defuzzifica-

_ Jo tu(z)zdz
Jo Hu(z)dz

where 11, (z) denotes the aggregated output membership function and (2 represents the

tion method

u (15)

universe of discourse of the output variable.

The centroid method was selected because it provides smooth control actions, good
numerical stability, and high robustness against measurement noise, making it particularly
suitable for nonlinear industrial process control.

Consequently, the fuzzy inference subsystem provides an interpretable knowledge-
based representation of process behavior, while the subsequent quantum-inspired proba-
bilistic module enhances decision adaptability without modifying the original fuzzy rule
base. This hybrid structure preserves the transparency of classical fuzzy control while
significantly improving robustness and real-time decision flexibility [21,22].

2.4. Quantum-Inspired State Representation

The principal novelty of the proposed Quantum-Inspired Fuzzy Inference Controller
(QIFIC) lies in incorporating adaptive probabilistic reasoning into the fuzzy inference
process. Unlike conventional fuzzy controllers, which directly aggregate activated rules
into a single deterministic control action, the proposed framework preserves multiple
candidate control actions and evaluates them simultaneously using a quantum-inspired
probabilistic representation. This strategy enhances decision adaptability while remaining
fully compatible with conventional digital control platforms.

Assume that the fuzzy inference system activates N fuzzy rules, each producing an
individual candidate control action. The corresponding probabilistic state is represented by

) = [a1,a0,...,an]" (16)

where «; denotes the probability amplitude associated with the i-th candidate control action.
The amplitudes satisfy the normalization condition

N
Yoo lal?=1 (17)
and the probability assigned to each control action is calculated as
P= la;1? (18)

The probability amplitudes are adaptively updated according to the current tracking
error and its variation. The adaptive rotation angle is defined as

0 = K,le| + Kpe|Ae| (19)

where K, and K, are positive adaptation coefficients.
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To explicitly define the evolution of the probabilistic state, the rotation angle is applied
to the amplitude representation at each sampling instant. For the i-th candidate control
action, the complementary amplitude is defined as

Bik) = /1 —af(k) (20)
The amplitude pair is then updated using the rotation transformation

Dél(k+1)
Bi(k+1)

cosAG;(k) —sinA6;(k) | | a;(k)
sinA0; (k) cosAGi(k)][ﬁi(k)l (21)

Accordingly, the updated probability associated with the i-th candidate control ac-
tion is
Pi(k+1) = laj(k+1)1? (22)

After updating all candidate states, the probabilities are normalized as

Pi(k—Fl) ZN

Pik+1) = ————— :
MRS TR NS

Pk+1)=1 (23)

Interpretation of the quantum-inspired formulation: The term quantum-inspired in
the proposed QIFIC refers to an algorithmic analogy rather than to a physical quantum-
control implementation. The formulation adopts selected mathematical concepts associated
with quantum-state representation, namely normalized amplitude-like variables, squared-
amplitude probability mapping, and rotation-based state updating. However, the controller
is implemented entirely using classical numerical computation and does not involve phys-
ical qubits, entanglement, quantum measurement, or Schrodinger-equation-based state
evolution. The tracking-error-dependent rotation angle and the resulting redistribution
of candidate-action probabilities should therefore be interpreted as heuristic adaptive
probability-weighting mechanisms inspired by quantum-state mathematics rather than as
direct implementations of quantum-mechanical postulates.

The updated probabilities are combined with the corresponding fuzzy rule firing
strengths to determine the adaptive weighting coefficients,

wiP;

w; = N . (24)
Ljz1 wibj

where w; denotes the activation level of the i-th fuzzy rule.
The final control signal is obtained as

N
u=y " wi (25)

where u; is the candidate control action generated by the corresponding fuzzy rule.
Unlike deterministic fuzzy aggregation, the proposed QIFIC continuously redistributes
the contribution of candidate control actions according to real-time operating conditions.
Consequently, the controller improves tracking performance, disturbance rejection capabil-
ity, and robustness while preserving the computational efficiency required for real-time
industrial implementation without requiring specialized quantum hardware [21,23].

2.5. Boundedness Analysis Under an Effective Closed-Loop Error Model

Because the proposed QIFIC contains nonlinear fuzzy inference and time-varying
probability-weighted aggregation, deriving an exact global closed-loop error model directly
from the nonlinear boiler dynamics would require additional structural assumptions that
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are not established in the present simulation study. Therefore, the following analysis is
not presented as a complete global stability proof of the boiler-QIFIC closed-loop system.
Instead, it provides a conditional boundedness analysis based on an effective local closed-
loop error representation within the considered operating region.

Assumption 1. The reference signal r(t) and the measurable process variables are bounded within
the considered operating region.

Assumption 2. The combined effect of modeling errors, parameter variations, unmodeled nonlinear
dynamics, and time-varying external disturbances is represented by d(t) and is bounded as

d()] < d < oo (26)

To connect the boundedness analysis with the QIFIC decision mechanism, recall that
the control input is constructed from the probability-weighted candidate control actions
defined in Section 2.4. Accordingly, K(t) is introduced here as an effective local closed-
loop control gain representing the aggregate sensitivity of the probability-weighted QIFIC
control action to the tracking error within the considered operating region. Thus, K(t) is not
an independently designed controller gain; rather, it summarizes the combined local effect
of the fuzzy-rule firing strengths, normalized adaptive probabilities, candidate control
actions, and process input sensitivity.

Assumption 3. Within the considered operating region, the effective local gain induced by the
probability-weighted QIFIC action is positive and bounded,

where Ky and Ky are positive constants. This assumption represents a sufficient condition
for the subsequent boundedness arqument and is not claimed to constitute a global property of the
nonlinear boiler-QIFIC closed-loop system.

To relate the effective error model to the closed-loop boiler-QIFIC system, the tracking
error is defined as e(t) = r(t) — y(t). Differentiating yields e(t) = r(t) — y(t).

For the piecewise-constant reference intervals considered in the simulations, 7(f) = 0
except at reference switching instants. Within each interval, the combined local effect of the
nonlinear boiler dynamics and the probability-weighted QIFIC control action is represented
by the effective gain K(t), whereas model uncertainty, parameter variations, unmodeled
dynamics, and external disturbances are grouped into the bounded term d(t). Accordingly,
the effective local tracking-error dynamics are represented as

e(t) = e—K(t)e(t) +d(t) (28)

where d(t) denotes the bounded lumped uncertainty and disturbance term.
Consider the Lyapunov candidate function

Vie) = %ez (29)

which is positive definite for e # 0 and satisfies V(0) = 0. Its derivative along the closed-loop
trajectories is
V =ee = —K(t)e? 4 ed(t) (30)

Using Assumptions 2 and 3 yields

V < —Kyin le1? + dle| = —e|(Kyinle| — d) (31)
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Therefore,

d
Kmin

V < 0 whenever le| > (32)

Under Assumptions 1-3 and the effective local error representation in Equation (28),
the tracking error satisfies a uniform ultimate boundedness (UUB) condition within the
considered operating region. Specifically, after a finite transient interval, the error enters
and remains within the region

d
()] < g 33)
This result is conditional on the validity of the effective local error model and the stated
boundedness assumptions and should not be interpreted as a global stability guarantee for
the complete nonlinear boiler-QIFIC closed-loop system.
In the nominal case without modeling uncertainty or external disturbances, d() =0,

the Lyapunov derivative satisfies
V < —Kpine? <0 (34)

Under the assumed effective local error model and for K(t) > K,;;;,, > 0, this relation
indicates asymptotic convergence of the tracking error to zero in the nominal disturbance-
free case. This conclusion is conditional on the validity of the local error representation and
is not claimed as a global asymptotic stability result for the complete nonlinear boiler-QIFIC
closed-loop system.

Robustness under modeling errors and time-varying disturbances: The above anal-
ysis explicitly shows that bounded modeling errors, parameter variations, unmodeled
dynamics, and time-varying disturbances do not violate the UUB property as long as
their combined magnitude remains bounded by d~. The guaranteed tracking-error region
is directly proportional to the uncertainty bound d~ and inversely proportional to the
minimum effective control gain K,;;,. Thus, increasing uncertainty or disturbance magni-
tude enlarges the ultimate error bound, whereas maintaining a sufficiently large positive
Kin improves disturbance attenuation. The adaptive probabilistic mechanism of QIFIC
continuously redistributes the contributions of candidate control actions in response to the
current tracking condition; however, the adaptation parameters are constrained to bounded
admissible ranges to preserve the stability condition.

Performance-Robustness Trade-Off: The stability result also reveals an inherent trade-
off between transient performance and robustness. Increasing the adaptation strength or
effective control gain can accelerate tracking-error reduction and disturbance recovery;
however, excessively aggressive adaptation may increase control activity and sensitiv-
ity to measurement variations. Conversely, conservative adaptation generally produces
smoother control actions and improved tolerance to measurement variations but may lead
to slower convergence. Similar performance-robustness trade-offs have been emphasized
in advanced process-control strategies that explicitly account for unmodeled dynamics [24].
Therefore, the QIFIC parameters are selected within bounded admissible ranges to bal-
ance tracking speed, disturbance rejection, and control smoothness while maintaining the
stability condition in Equation (32) [25].

Overall, the analysis provides a conditional boundedness argument for the proposed
QIFIC under the stated assumptions and within the considered operating region. It shows
that, provided the effective probability-weighted closed-loop gain remains positive and
bounded and the lumped uncertainty term is bounded, the corresponding effective local er-
ror model satisfies a uniform ultimate boundedness condition. In the nominal disturbance-
free case, the same local model indicates asymptotic error convergence. These results
are intended to complement the numerical closed-loop evaluation and should not be
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interpreted as a rigorous global stability proof of the complete nonlinear boiler-QIFIC
system [17,26].

2.6. Controller Parameter Determination

To ensure a fair and reproducible evaluation, the proposed QIFIC was quantitatively
compared with a conventional PID controller and a classical Mamdani fuzzy controller
under identical simulation conditions. The PID controller was selected as a conventional
industrial benchmark, whereas the classical Mamdani fuzzy controller was used as the
direct structural baseline for isolating the contribution of the proposed probability-weighted
inference mechanism. An adaptive fuzzy controller (AFC) was additionally considered as
a methodological benchmark for distinguishing conventional online fuzzy adaptation from
the proposed adaptation strategy. Once determined, all controller parameters were kept
unchanged throughout the comparative simulations.

The PID controller parameters were determined through preliminary closed-loop
tuning using the same nonlinear process model and operating conditions employed in
the comparative simulations. The tuning procedure was performed iteratively to obtain
stable closed-loop operation while balancing settling time, overshoot, disturbance-recovery
performance, and control effort. Once selected, the PID parameters were kept unchanged
throughout all comparative tests.

For the classical Mamdani fuzzy controller, the input variables were the tracking
error e(k) and error increment Ae(k). Seven Gaussian membership functions were assigned
to each input, resulting in a complete 49-rule fuzzy rule base. The input variables were
normalized to their corresponding admissible operating ranges prior to fuzzy inference, and
the resulting control action was mapped to the admissible actuator range. The same fuzzy
input structure, membership functions, and rule base were retained in QIFIC to ensure
that the comparison isolates the effect of the proposed adaptive probabilistic decision
mechanism.

For QIFIC, the probabilistic adaptation parameters were selected through prelimi-
nary closed-loop simulations while satisfying the boundedness conditions established in
Section 2.5. Candidate parameter values were restricted to admissible bounded ranges to
prevent excessively aggressive probability updates. The parameter selection was guided by
the simultaneous consideration of settling time, maximum overshoot, disturbance-recovery
time, and control-signal smoothness. In particular, the error-related adaptation coefficient
K, was evaluated through a sensitivity analysis over its prescribed admissible range, and
the final value was selected as a compromise between transient performance, disturbance
recovery, and control variation. The remaining adaptation parameters were determined us-
ing the same bounded preliminary tuning procedure. Once selected, all QIFIC parameters
were kept unchanged throughout the comparative simulations.

For the adaptive fuzzy controller (AFC), the same two-input Mamdani structure,
Gaussian membership functions, and 49-rule knowledge base were employed to ensure
structural consistency with the classical fuzzy and QIFIC controllers. Unlike the classical
fuzzy controller, the input/output scaling factors of the AFC were adjusted online accord-
ing to the instantaneous tracking error and its variation. The adaptation gains were selected
through preliminary closed-loop simulations and were kept unchanged for all comparative
tests after tuning. This AFC configuration is included as a methodological adaptive bench-
mark for architectural comparison; however, the quantitative simulation results reported in
Section 3 focus on PID, classical fuzzy, and QIFIC under identical operating conditions.

The controller configurations, parameter settings, and selection procedures used for
the comparative analysis are summarized in Table 1.
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Table 1. Controller configuration and parameter-selection procedure.

Controller Parameter/Configuration Final Setting Selection Procedure
‘ . - Iterative preliminary
PID Ky, Ki, Ky Fixed after tuning dlosed-loop tuning
Selected to represent
Classical fuzzy Inputs e(k), Ae(k) tracking error and its
variation
Classical fuzzy Mfembgrsh1p 7 Gaus:?lan MEFs per Fixed
unctions input
Classical fuzzy Rule base 49 Mamdani rules Fixed
AFC Inputs e(k), Ae(k) Same as classical fuzzy
Membership 7 Gaussian MFs per
AFC functions/rule base input; 49 rules Same fuzzy structure
. . . . Preliminary
AFC Adaptation gains Fixed after tuning closed-loop tuning
Same fuzzy input
QIFIC Inputs e(k), Ae(k) structure
Membership 7 Gaussian MFs per .
QIFIC functions/rule base input; 49 rules Same as classical fuzzy
Sensitivity analysis
QIFIC Ke 005 over 0.02-0.06
. . Preliminary
QIFIC Oth?rzi1€2321on Bou;(;l:fti?l;inflxed simulations subject to
p & Section 2.5

3. Results and Discussion

Selection of benchmark controllers: The quantitative closed-loop evaluation reported
in this section compares the proposed QIFIC with two baseline strategies: a conventional
PID controller and a classical Mamdani fuzzy controller. PID control is included as a widely
established industrial benchmark, whereas the classical fuzzy controller provides a direct
structural baseline for evaluating the contribution of the proposed probability-weighted
inference mechanism. The adaptive fuzzy controller (AFC) described in Section 2.6 is
retained as an additional methodological benchmark for positioning the proposed online
adaptation strategy, but it is not included in the quantitative simulation figures presented
in this section. Recent adaptive, quantum-inspired, and intelligent control approaches
reported in the literature are additionally discussed to position the proposed method
relative to current developments.

3.1. Closed-Loop Tracking Performance

The closed-loop tracking performance of the proposed Quantum-Inspired Fuzzy
Inference Controller (QIFIC) was evaluated using the industrial boiler temperature control
system described in Section 2. The controller was compared with conventional PID and
classical fuzzy controllers under identical operating conditions to ensure a fair performance
assessment. The objective was to achieve accurate reference tracking while minimizing
overshoot, settling time, and oscillatory behavior.

Figure 1 presents the temperature responses obtained using the three control strategies.
The conventional PID controller exhibited the slowest transient response and noticeable
overshoot due to its limited adaptability to nonlinear process dynamics. The classical fuzzy

https://doi.org/10.3390/engproc2026145018


https://doi.org/10.3390/engproc2026145018

Eng. Proc. 2026, 145, 18

14 of 19

controller improved the response by reducing oscillations and shortening the settling time;
however, small fluctuations remained during the transient period.

In contrast, the proposed QIFIC achieved the fastest convergence to the reference
value with a smooth transient response and negligible overshoot. The improved tracking
performance results from the adaptive probabilistic weighting mechanism, which continu-
ously prioritizes the most appropriate candidate control actions according to the current
process state. Consequently, the controller responds more effectively to nonlinear process
variations while maintaining stable closed-loop operation.

Opverall, the obtained results demonstrate that the proposed QIFIC provides superior
reference-tracking capability compared with both conventional PID and classical fuzzy
controllers, indicating its suitability for real-time control of nonlinear industrial processes.

3.2. Disturbance Rejection Analysis

The robustness of the proposed QIFIC was further evaluated by introducing a +£20%
load disturbance during closed-loop operation. The responses of the proposed controller
were compared with those of the conventional PID and classical fuzzy controllers under
identical simulation conditions. Figure 2 illustrates the disturbance rejection performance
of the three control strategies.

Disturbance rejection response of the industrial boiler system
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Figure 2. Disturbance rejection performance of the PID, classical fuzzy, and proposed QIFIC con-
trollers under a +£20% load disturbance.

Following the disturbance, the PID controller exhibited the largest deviation from
the reference trajectory and required the longest recovery time to restore steady-state
operation. The classical fuzzy controller reduced the disturbance effect and improved the
recovery process; however, noticeable oscillations remained before the system reached a
new equilibrium.

In contrast, the proposed QIFIC rapidly compensated for the disturbance and restored
the process output with minimal oscillation. This improvement is primarily attributed to the
adaptive probabilistic weighting mechanism, which continuously adjusts the contribution
of candidate control actions according to the current process conditions. As a result, the
controller effectively suppresses disturbance propagation while maintaining stable and
accurate reference tracking.

Overall, the results demonstrate that the proposed QIFIC provides superior distur-
bance rejection capability and faster recovery than both conventional PID and classical
fuzzy controllers, confirming its robustness for nonlinear industrial process control under

uncertain operating conditions.
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3.3. Control Signal Behavior

The control signals generated by the three controllers were analyzed to evaluate
actuator smoothness and control efficiency during closed-loop operation. Figure 3 presents
the corresponding control profiles obtained under identical simulation conditions.

75

————— PID controller
------- Classical fuzzy controller [|
= Proposed QIFIC

70

65

60 F- %o
55

50

Control signal, u(t) (%)

45

40

3 P I i i
0 20 40 60 80 100 120 140 160 180 200
Time (s)

Figure 3. Control signals generated by the PID, classical fuzzy, and proposed QIFIC controllers
during closed-loop operation.

The conventional PID controller produced relatively aggressive control actions char-
acterized by large amplitude variations during the transient response. Although this
behavior accelerated the initial system response, it may increase actuator wear and energy
consumption in practical industrial applications. The classical fuzzy controller generated
smoother control signals than the PID controller; however, abrupt control variations were
still observed when the operating conditions changed rapidly.

The proposed QIFIC exhibited the smoothest control profile among the evaluated
controllers. The adaptive probabilistic decision mechanism continuously redistributed
the contribution of candidate control actions, preventing unnecessary fluctuations while
preserving rapid system response. Consequently, the controller achieved stable regulation
with reduced control effort and improved actuator operating conditions.

These results indicate that the proposed QIFIC not only improves tracking perfor-
mance but also produces smoother and more stable control actions, making it well suited
for real-time implementation in nonlinear industrial processes where actuator reliability
and operational efficiency are critical.

3.4. Probability Evolution and Decision Adaptation

The adaptive behavior of the proposed QIFIC was further investigated by analyzing
the evolution of the probability distribution assigned to the candidate control actions.
Figure 4 illustrates the variation of the adaptive probabilities throughout the closed-loop
control process.

At the beginning of the control process, the candidate control actions exhibited similar
probability values, reflecting the absence of prior preference among the activated fuzzy
rules. As the process evolved, the adaptive probability update mechanism progressively
increased the contribution of control actions that improved tracking performance while
reducing the influence of less effective alternatives. Consequently, the probability distri-
bution continuously adapted to the current operating conditions without modifying the
original fuzzy rule base.

This adaptive redistribution of decision priorities enables the controller to respond
effectively to nonlinear dynamics, parameter uncertainties, and external disturbances.
Unlike conventional fuzzy controllers employing fixed rule aggregation, the proposed
QIFIC continuously updates the relative importance of candidate control actions according

https://doi.org/10.3390/engproc2026145018


https://doi.org/10.3390/engproc2026145018

Eng. Proc. 2026, 145, 18

16 of 19

to real-time process information. As a result, the controller maintains stable decision-
making and improved adaptability under varying operating conditions.

The results demonstrate that the proposed probabilistic decision mechanism enhances
controller flexibility while preserving computational efficiency, thereby contributing to
the superior closed-loop performance observed in the previous tracking and disturbance
rejection analyses.

Evolution of Decision Entropy During Closed-Loop Control
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Figure 4. Evolution of quantum-inspired probabilities associated with competing control actions
during closed-loop control.

3.5. Comparative Performance Evaluation

Parameter Sensitivity Analysis: The influence of the probability-adaptation gain K,
was investigated by varying its value from 0.02 to 0.06 while keeping all other controller
parameters and simulation conditions unchanged. The corresponding performance results
are summarized in Table 2.

Table 2. Sensitivity analysis of the probability-adaptation gain Kc on the closed-loop performance of
the proposed QIFIC controller.

K. Settling Time (s) Maximum Overshoot (%) Recovery Time (s) TV,

0.02 59.10 3.940 2.10 132.97
0.03 59.10 3.706 2.00 137.63
0.04 59.10 3.540 2.20 141.35
0.05 59.10 3.417 2.60 144.13
0.06 59.10 3.323 3.00 146.19

The sensitivity results show that the settling time remained essentially unchanged at
59.10 s over the investigated range of K,, indicating that the initial convergence rate was
relatively insensitive to this parameter. Increasing K, reduced the maximum overshoot from
3.940% to 3.323%, but this improvement was accompanied by an increase in control-signal
variation, with TV, increasing from 132.97 to 146.19. The shortest disturbance-recovery
time of 2.00 s was obtained at K, = 0.03. Therefore, K, = 0.03 was selected as the final
value because it provided the most favorable compromise among overshoot, disturbance-
recovery performance, and control smoothness within the investigated range.

The results indicate that the proposed QIFIC consistently outperformed the conven-
tional PID and classical fuzzy controllers across all evaluation criteria. Compared with the
PID controller, the proposed approach improved the transient response, reduced overshoot,
and achieved faster recovery following external disturbances. In comparison with the
classical fuzzy controller, QIFIC provided smoother control actions and improved tracking
accuracy while maintaining superior robustness under varying operating conditions.
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The observed performance improvement is mainly attributed to the integration of
fuzzy reasoning with adaptive probabilistic decision-making. Unlike conventional fuzzy
controllers employing fixed rule aggregation, the proposed QIFIC continuously updates the
contribution of candidate control actions according to real-time process information. This
adaptive mechanism enables more effective compensation for nonlinearities, parameter
uncertainties, and external disturbances without increasing computational complexity.

Overall, the comparative evaluation confirms that the proposed QIFIC provides a
robust and computationally efficient control strategy for nonlinear technological processes.
The consistent improvement observed across all performance metrics demonstrates the
effectiveness of the proposed quantum-inspired probabilistic decision mechanism for real-
time industrial control applications.

From a performance-robustness perspective, the improved transient response of QIFIC
should be interpreted together with the stability conditions established in Section 2.5. In-
creasing the effective adaptation strength can accelerate tracking and disturbance recovery,
whereas excessively aggressive adaptation may increase control activity and sensitivity
to measurement variations. Conversely, conservative adaptation favors smoother control
actions but may result in slower transient convergence. Therefore, the adaptation parame-
ters are restricted to bounded admissible ranges to preserve the stability condition while
balancing tracking speed, disturbance rejection, and control smoothness.

Limitations and experimental validation: The present study is limited to numerical
closed-loop validation using the nonlinear boiler benchmark model. Hardware-in-the-loop,
PLC-based, or embedded real-time implementation was not performed in the current
work. Therefore, the reported results should be interpreted as simulation-based evidence
of the proposed control strategy rather than as experimental validation of industrial im-
plementation. Hardware-in-the-loop and PLC/embedded implementation under realistic
measurement noise, communication delays, actuator constraints, and computational limita-
tions will be addressed in future work.

4. Conclusions

This study proposed a Quantum-Inspired Fuzzy Inference Controller (QIFIC) for
nonlinear technological processes subject to uncertainty and external disturbances. The
proposed method extends conventional Mamdani fuzzy control by incorporating an online
probability-weighted decision mechanism that adaptively prioritizes competing control
actions while preserving the original fuzzy knowledge base. Comparative simulations
demonstrated improved transient response, disturbance rejection, and control smoothness
relative to the quantitatively evaluated PID and classical fuzzy baselines. The boundedness
analysis further showed that, under the stated assumptions, the effective local tracking-
error model satisfies a uniform ultimate boundedness condition in the presence of bounded
modeling uncertainties and time-varying disturbances. These findings support the effec-
tiveness of online probabilistic adaptation for nonlinear process control. Future work will
focus on experimental validation and real-time implementation.
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