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Abstract: A multi-objective neuro-fuzzy control strategy is proposed for a Van de Vusse contin-
uous stirred tank reactor (CSTR), a benchmark system characterized by nonlinear dynamics and
non-minimum phase behavior. The controller is based on a multi-input multi-output adaptive
neuro-fuzzy inference system (ANFIS) whose parameters are optimized using the NSGA-IT algo-
rithm. The proposed framework adjusts membership functions, rule consequents, and integral
gains simultaneously within a Pareto-based formulation that considers tracking performance
(ITAE) and control effort. The results of the closed-loop simulation indicate improved per-
formance compared to a classically tuned parallel PID controller and a non-optimized ANFIS
baseline. The optimized controller reduces the ITAE from 159.17 (PID) and 50.29 (baseline
ANFIS) to 2.51, while operating within thermal safety constraints. The controller can compen-
sate for the inverse response dynamics within the simulated conditions. Robustness analysis
under +10% parametric uncertainty demonstrates stable performance within the evaluated sce-
nario, although broader uncertainties, such as measurement noise and actuator dynamics, were
not considered. Targeted ANOVA provides limited insight into the influence of selected integral
gains, identifying the flow-related gain as a relevant factor, but does not constitute a comprehen-
sive statistical validation of the full controller structure. Overall, the proposed ANFIS-NSGA-II
framework is presented as a simulation-based proof of concept that shows potential for nonlinear
process control. However, further validation under more realistic conditions and experimental
implementation is required to assess its practical applicability and generalizability.

Keywords: Neuro-fuzzy control; Nonlinear systems; Non-minimum phase systems; NSGA-II;
Van de Vusse reactor

1. Introduction

In the modern chemical industry, the efficient and reliable operation of nonlinear reactors,
such as the continuous stirred tank reactor (CSTR), remains essential for the production of phar-
maceuticals, polymers, and fine chemicals. However, their control is challenging due to strong
nonlinearities, complex reaction kinetics, and multivariate coupling (Hofer et al., 2023; Rangaiah
et al., 2020; Seborg et al., 2010). The Van de Vusse reactor is a benchmark system for studying
competitive and consecutive reactions (A — B — C and 2A — D), and its non-minimum phase
behavior, manifested through inverse response dynamics, limits achievable control performance
and compromises stability (Hofer et al., 2023).

Conventional proportional-integral-derivative (PID) control often performs poorly under
nonlinear dynamics, inverse responses, and time-varying delays (Alfaro-Balaguer et al., 2025;
Astrom and Hagglund, 2006), while its robustness under parametric uncertainty and model
mismatch is limited by its dependence on accurate mathematical models (Lamba and Raghu,
2013). Model predictive control (MPC) addresses constraints and multivariable interactions,
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but its computational burden restricts its use in fast, highly nonlinear systems (Lima et al.,
2023). Sliding mode control is robust against disturbances, but chattering can damage actuator
performance and long-term operation (Mousavi et al., 2024; Davila et al., 2005).

Computational intelligence techniques have therefore gained attention because of their flex-
ibility and model-free nature. Fuzzy logic control has shown effectiveness in highly nonlinear
engineering applications, such as electromagnetic transmission systems (Rahman et al., 2022).
The Adaptive Neuro-Fuzzy Inference System (ANFIS) combines neural learning with fuzzy in-
ference and offers strong approximation capabilities and improved interpretability compared
with conventional black-box models (Hofer et al., 2023; Rangaiah et al., 2020; Aghbashlo et al.,
2016). However, training ANFIS architectures in non-minimum phase systems remains difficult
because gradient-based optimization methods are often trapped in local minima associated with
unstable zeros (Bagheri and Mognjerdi, 2013). In addition, modern Industry 4.0 applications
require controllers that are accurate, computationally efficient, and explainable, which exposes
limitations in type-2 fuzzy systems and deep reinforcement learning approaches (Liu et al., 2025;
Nabil et al., 2024; Bertone et al., 2018).

Optimization is also central to improving performance and sustainability in complex chem-
ical processes, from electrochemical reactor design for CO2 reduction (Widiatmoko et al., 2025)
to advanced control tuning. In the Van de Vusse reactor, control design is naturally a multi-
objective problem that requires balancing tracking performance, dynamic response, and op-
erational safety. Single-objective formulations often fail to capture these competing require-
ments, whereas multi-objective evolutionary algorithms, especially NSGA-II, can generate di-
verse Pareto-optimal solutions in complex dynamic systems (Zhu et al., 2022; Reyes et al., 2009;
Coello Coello, 2006; Deb et al., 2002; Verma et al., 2021; Jiang and Wang, 2025; Liu et al.,
2024). However, their application to the simultaneous structural and parametric design of AN-
FIS controllers in non-minimum phase systems remains limited, particularly in chemical process
control where nonlinearities, inverse responses, and uncertainties must be addressed together
(Aguilar-Lopez et al., 2021; Prokop et al., 2020; Sevindik et al., 2024; Mohamed et al., 2025).

In this study, a multi-objective neuro-fuzzy control strategy for the Van de Vusse reactor
is proposed and optimized using the NSGA-II algorithm. The main contribution is the simulta-
neous evolution of the ANFIS architecture’s consequent parameters and membership functions
within a Pareto-based optimization framework. This co-design approach explicitly incorpo-
rates tracking error and control effort to obtain an optimal trade-off between response speed
and damping under severe inverse response conditions. The optimized controller is compared
with classical control strategies and single-objective optimization approaches, while robustness
is evaluated under parametric perturbations relevant to process intensification (Hesami et al.,
2020; Fraga, 2019). The aim is to establish a scalable, interpretable, and high-performance
simulation-based proof of concept for controlling complex nonlinear chemical processes.

2. Methods

The development methodology employed in this research is described in an integrated man-
ner, structured into four main phases. In the first phase, system modeling is performed by
formulating the nonlinear differential equations that describe the mass and energy balances of
the Van de Vusse reactor to capture the dynamics of the consecutive and competitive reactions
that originate the nonminimum phase and the multiplicity of steady states (Marquez-Vera et
al., 2012). Similarly, kinetic parameters based on the Arrhenius law and operational safety con-
straints, such as temperature and flow limits, are established to reproduce realistic industrial
conditions and ensure the simulation’s physical validity (Velioglu et al., 2024).

The tracking error and its derivative are used as input variables, represented by Gaussian
membership functions due to their smoothness and differentiability, facilitating training (Dostal
and Bobal, 2012; Govindharaj et al., 2024; Talpur et al., 2023). The system is completed with
a first-order Takagi-Sugeno rule base, whose linear consequents reduce computational cost and
favor its application in real-time adaptive control.
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The third phase corresponds to the multi-objective evolutionary optimization using the
NSGA-II algorithm (Jiang and Wang, 2025; Liu et al., 2024; Verma et al., 2021). To avoid
premature convergence, a candidate population of solutions distributed in the search space is
initially generated (Deb et al., 2002). Each individual is evaluated through dynamic simulation of
the reactor, calculating performance indices that penalize both error and excessive actuator usage
(Bagheri and Khodabakhshian, 2014). Two conflicting objectives are considered: minimizing the
ITAE index to improve precision and reducing control effort to preserve actuators (Dostal and
Bobal, 2012). Subsequently, to maintain diversity, solutions are ordered using Pareto dominance
and crowding distance, applying SBX crossover and polynomial mutation genetic operators to
generate new solutions and explore the search space (Deb et al., 2002). Finally, a compromise
solution that adequately balances the system’s speed and stability is selected (Deb et al., 2002).

In the fourth phase, the optimized controller is validated, and the results are statistically
analyzed. Time series of process variables are collected despite perturbations and reference
changes to evaluate system robustness (Velioglu et al., 2024). Subsequently, an analysis of vari-
ance (ANOVA) is applied to determine the statistical significance of the observed performance
differences (Coello Coello, 2004), followed by Duncan’s multiple range post-hoc test to identify
which strategies present significantly superior performance (Odwyer, 2009). Finally, graphical
representations are generated, including the Pareto frontier and comparative diagrams, to facil-
itate the visual interpretation of results and evidence the superiority of the proposed method
(Coello, 2002). All the aforementioned steps are summarized in the following flow chart (Figure
1):

Figure 1 Research methodology adopted for the design, optimization, and validation of the
neuro-fuzzy controller applied to the Van de Vusse reactor
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2.1 Mathematical Modeling of the Van de Vusse Reactor

The proposed control strategy is validated using a continuous stirred tank reactor (CSTR)
operating under the Van de Vusse reaction mechanism. This benchmark system involves a set
of parallel and consecutive reactions (A — B — C and 2A — D), where the desired product is
intermediate species B. This process exhibits highly nonlinear dynamics, multiple steady states,
and non-minimum phase behavior (inverse response), particularly when the concentration of
component B is controlled through the dilution rate.

To derive the dynamic mass and energy balances, the following mathematical model is
developed:

e Perfect mixing: The concentration and temperature are uniformly distributed through-
out the reactor.

e Constant volume and flow equilibrium: The reactor volume Vremains constant, and the
inlet and outlet flow rates are equal (F;,=Fp,=F), neglecting level dynamics.

o Constant physical properties: The fluid density p and heat capacity C, are assumed
constant.

o Heat transfer: Heat exchange is represented as a lumped parameter through an equiva-
lent heat duty Q.

e Reaction kinetics: The kinetic rate constants depend on temperature following the Ar-
rhenius law.

Dynamic model equations

e The mass balance for component A:

dCy F

— = 77(Ca0 = Ca) = ka(T)Ca — k3(T)C3 (1)

e The mass balance for component B:

ac F
= =50 + ki (T)Ca — k(T)Cp (2)
Energy balance:
dr _F 1 2]+
T V(TO_T)JFE [(—AHl)kl(T)CA + (=AHy)ko(T)C + (—AH3)1€3(T)CA] +pCpV 3)

where C4 and Cp are the concentrations of species A and B (mol/L), Tis the reactor
temperature (K), Fis the inlet flow rate (L/h), and Qis the heat removal rate (kJ/h). C4odenotes
the inlet concentration of species A, and T} is the inlet temperature. AH; represents the heat
of reaction, defined as negative for exothermic reactions.

o Kinetic expressions (Arrhenius law)

—E; .
ki(T) = kip exp <RT> , 1=1,2,3 (4)

These assumptions are standard in the Van de Vusse reactor literature and allow nonlinear
behavior analysis without introducing additional hydraulic complexity. Regarding the model
parameters, the following values are used for simulation and are shown in Table 1.
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The kinetic and thermodynamic parameters used in this study (Table 1) correspond to
configurations commonly adopted in the literature for the Van de Vusse reactor as a benchmark
system for nonlinear control. These values enable the reproduction of strongly nonlinear and
coupled dynamics under realistic operating conditions.

The Arrhenius-based kinetic parameters introduce a pronounced temperature dependence,
generating exponential nonlinearities that intensify the coupling between mass and energy bal-
ances. In addition, the presence of the parallel second-order reaction contributes to increased
dynamic complexity and promotes non-minimum phase behavior, including inverse response in
the concentration of the intermediate product.

The nominal operating conditions defined in Table 1 place the reactor near a highly sen-
sitive region, allowing a proper evaluation of the controller’s adaptive capability under strong
thermokinetic interaction. The selected setpoint represents a physically attainable but demand-
ing operating condition, ensuring a nontrivial control problem with a clear trade-off between
tracking performance and energy usage.

Table 1 Kinetic and physical parameters of the reactor.

Parameter Value Units Description
k1o 1.287 x 1012 h—! Pre-exponential factor for the reac-
tion A - B
koo 1.287 x 10'2 h—! Pre-exponential factor for the reac-
tion B - C
k3o 9.043 x 10° L-mol~“h™! Pre-exponential factor for the reac-
tion 24 — D
FEy 9758.3 K The activation energy of reaction 1
E, 9758.3 K The activation energy of reaction 2
L3 8560.0 K The activation energy of reaction 3
AH,; -4.2 kJ/mol Heat of the reaction A — B
AH, -11.0 kJ/mol Heat of the reaction B — C'
AH;3 -41.85 kJ/mol Heat of the reaction 24 — D
p 0.9342 kg/L Density
Cp 3.01 kJ/(kg:K)  Specific heat
\% 10.0 L Reactor volume
Cao 5.1 mol/L Inlet concentration
To 378.05 K Inlet temperature (K)
From 14.19 L/h Nominal flow
Qnom -1113.5 kJ/h Nominal heat duty
Tsafe 420 K The thermal safety limit

The thermal safety limit (Table 1) is incorporated as a constraint in the optimization
process, preventing runaway conditions and restricting the search space to feasible regions. This
constraint promotes solutions that balance tracking accuracy and actuator effort.

Finally, the use of constant physical properties and the selected reactor volume (Table
1) ensures appropriate numerical scaling for the integration of the dynamic model, maintaining
computational stability during the repeated simulations required by the evolutionary algorithm..
The schematic model of the reactor is shown in Figure 2 below.
where:

F' : Volumetric feed rate to the reactor

Cao : Concentration of species A in the inlet stream
To : Temperature of the inlet stream

Cp : Concentration of the intermediate product B
T : Reactor temperature
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Chemical reactions:

A B B™2oc 24 p

where k1, ko, k3 are temperature-dependent kinetic constants (Arrhenius).

Q@ (Heat Duty): Heat flow supplied to or removed from the cooling/heating jacket
FCV : Flow control valve

TCV: Valve associated with the thermal system

FT: Flow transmitter

TT: Reactor temperature transmitter

AT (CB): Analyzer for concentration of species B

M: Agitator motor

CB: Concentration of the intermediate product B

Figure 2 Schematic of the reactor

2.2 Design of the Neuro-Fuzzy Controller (ANFIS)

With the dynamic model defined, the design of the intelligent controller based on an Adap-
tive Neuro-Fuzzy Inference System (ANFIS) is carried out. This hybrid controller combines the
universal approximation capability of neural networks with the interpretability of Sugeno-type
fuzzy logic, allowing the modeling of complex nonlinear relationships between state variables
and control actions. The implemented controller is a multiple input—multiple output (MIMO)
controller that generates two manipulated signals simultaneously:

(t)
u(t) =
Q [@(t)]
where F(t) is the feed flow and Q(¢) is the supplied or removed heat. This ANFIS uses the
following as input variables:

o The concentration error is described in Equation (5):
e(t) = C5 = Ci(1) (5)
o The error derivative described in Equation (6):

oy — 0= Z(ﬁ — At) ©)




International Journal of Technology 17(3) 901-918 (2026) 907

o The integral of the error (parallel action) described in Equation (7):

ei(t) = / o(t) dt (7)

While the fuzzy block employs e(t)and e (t), the integral action is incorporated in parallel
with gains optimized by the evolutionary algorithm, allowing the elimination of steady-state error
without excessively affecting transient stability. The implemented ANFIS structure comprises
four functional layers:

Layer 1: Fuzzification
The model represents each input by Gaussian membership functions given by the following.:

x —c)?
pu(x) = exp (—()> (8)

202

where cand o are adjustable parameters encoded in the evolutionary chromosome. Three
membership functions per variable are used to generate a smooth and differentiable fuzzy par-
tition.

Layer 2: Inference

The fuzzy rules follow a first-order Sugeno structure, and each rule’s activation is calculated
using the product T-norm:

The fuzzy rules follow a first-order Sugeno structure, and each rule’s activation is calculated
using the product T-norm:

Wi = e * [ék 9)
Layer 3: Normalization
N w;
W; = (10)
7 Z]‘ w;
Layer 4: Defuzzification
The model obtains the fuzzy output for each actuator by a weighted average:
D WiZi
Ufuzzy = 11
uzzy Zz wj ( )

where z; represents the consequent weight associated with each rule (evolutionary parame-
ters). To improve steady-state accuracy, a high-gain integral term is added as follows:

F(t) = Fuom + u'™™ + Kke;(t) (12)

Q(t) = Qnom + quuzzy + Kéel(t) (13)

The gains K f and K? are optimized within the evolutionary process. Anti-windup is im-
plemented via integral term saturation. Likewise, to ensure physical feasibility, the manipulated
signals are strictly bounded, making the problem more realistic by introducing an additional
nonlinearity:

5 < F(t) < 120

—4000 < Q(t) < 4000



International Journal of Technology 17(3) 901-918 (2026) 908

2.3 Evolutionary Parameterization of the Neuro-Fuzzy Controller

The proposed ANFIS structure is not trained using traditional gradient methods; instead,
all adjustable parameters are directly optimized using the NSGA-II evolutionary algorithm.
Each individual in the population represents a complete controller configuration encoded as a
real-valued chromosome of length L:pom=32.

The chromosomal vector is defined as follows:

0 =[01,02,...,03] € [-2,2]*?
The internal distribution of genes is organized into the following four functional blocks:
o Parameters of membership functions (Genes 1-12)

The first 12 genes determine the parameters of the Gaussian membership functions defined
by Equation 8. Three centers and three widths are considered for each input variable, resulting
in six parameters per variable. Consequently, with two input variables, the total number of
parameters associated with the membership functions is twelve. During implementation, the
widths are restricted to be positive to guarantee the mathematical and physical validity of the
functions, applying a positivity-enforcement mechanism. In the implementation, the widths are
forced to be positive by the following;:

o=|6;] +e¢ (14)

This avoids numerical degeneration and ensures well-defined functions. In general, these
parameters determine the fuzzy partition of the error (€) space, directly modifying the controller
sensitivity in different operating regions.

o Rule Weights for the Flow Actuator F(Genes 13-21)

The next 9 positions of the chromosome correspond to the Sugeno-type rule consequents for
the flow actuator. Because there are 3 membership functions for eand 3 for é a total of 3x3=9
fuzzy rules are generated.Each rule has a weight z/" that defines its contribution to the fuzzy
output as follows:

2 Wi zf
F =& 't 15
fuzzy El w; ( )
where z!" is evolutionarily encoded. These genes determine the geometry of the control

surface associated with the flow.
o Rule Weights for the Thermal Actuator Q(Genes 22-30)

Analogously, the next 9 genes define the consequents of the same 9 rules, but associated
with the thermal actuator:

> Wi ZzQ
77y — 16
Qe Y Ez wj ( )

This allows both outputs to share the same inference structure while having independent
control surfaces, which is an essential characteristic of a MIMO controller.

o Integral Gains (Genes 31-32)

The last two genes correspond to the integral gains K/ and KZQ . These gains scale the
integral terms in Eqs. (12) and (13).

The evolutionary inclusion of these parameters enables the automatic tuning of steady-state
error elimination, convergence speed, and control aggressiveness.
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2.4 Formulation of the Multi-Objective Optimization Problem
Let the nonlinear model of the VDR be defined as

&(t) = f(z(t),ut)), =z(0)==o (17)
with
Ca(t)
z(t) = |Cp(t)
T(t)

and an integral NFC:

u(t) = Ge(t), é(t), er(t); 0)
where 6 € [—2,2]3? is the optimized parameter vector.

The control objective is to regulate the following:

Cp(t) = Ol =1.12 mol /L
System performance is evaluated using two complementary criteria:

o ITAE (Integral of Time-Weighted Absolute Error)

This index penalizes persistent errors over time, promotes fast responses, and reduces
long settling tails (Eq. 9):

fi0) = [ tlett o) (18)

Control Effort
The effort is quantified using the quadratic variation of the manipulated signals (Eq. 10):

Tsim
0= [ | 8u(t o) (19)

where:

Au(t) = u(t) — u(t — At) (20)

This term penalizes aggressive actions, reduces physical wear, and limits energy consump-
tion.
Under the above considerations, the multi-objective problem can be defined as follows:

. _ [ f1(9)
g0 = |10

subject to

&= f(z,G(x;0)), T(t) < Taage, u(t) €U, Q=][-2,2]"

The objective functions exhibit an inherent conflict between achieving fast responses and
maintaining smoothness and low energy usage (effort). In general, this trade-off can be sum-
marized as follows: “greater speed implies greater effort,” whereas “lower effort implies larger
transient error.” Therefore, there is no single globally optimal solution, but rather a set of non-
dominated solutions forming the Pareto front. To solve the problem, the following algorithm
was implemented in pseudocode using the Python programming language, together with the
previously described model.
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Algorithm 1 NSGA-II-based ANFIS controller optimization

Input: Nyop = 100, Grge = 40, Leprom = 32, At = 0.05, Nirgin = 200, Nyq = 600,
C’Eef =112, Tso5e = 420 K, From = 14.19, Qpom = —1113.5, F € [5,120],

Q@ € [—4000, 4000]

Output: Pareto front F'P*, best solution Opes;

Initialization

Define objective functions: f; = ITAE = [ t|e(t)|dt

Define control effort: fo = Control Effort = [ ||Au(t)|?dt

Initialize population Py € R3? uniformly in [—2, 2]

Chromosome structure: 12 MF parameters, 9 rule consequents for F, 9 rule consequents
for Q, and 2 integral gains (K}, KZQ)

Evolutionary Loop (NSGA-II)

For g =1 to G = 40

For each individual 6 € P,

Initialize state: z¢g = [Ca,Cp,T] = [2.14,1.09, 387.34]

Initialize control: ug = [From, @nom), €0 =0, and [e =10

For k =1 to Ngpgin = 200

Measure output with noise: CF** = Cp + N(0,0.01)

Compute error: e = C’;ef — Cpeas
€ — €prev
At
Update integral term with saturation: [ e = clip( e + eAt, —50, 50)

Compute ANFIS control using 3 Gaussian MFs per input, 9 rules, and weighted average
inference

Control law for flow rate: F' = Fyom + AF 22y + Kf [e
Control law for heat duty: Q = Qnom + AQ fyzzy + KzQ Je
Apply saturation: F' € [5,120] and @ € [—4000, 4000]

Integrate reactor model using ODEINT: z;1 = ODE(xg, ux, At)
Accumulate ITAE objective: f1+ = t|e|At

Accumulate control effort: fo+ = |lup — up_1|>At

If T > 420 or T' < 200, apply penalty: f; = fo = 10°

Selection and Variation

Compute error derivative: é =

Merge parent and offspring populations

Perform non-dominated sorting

Compute crowding distance

Select top Nyp individuals

Apply binary tournament selection

Apply SBX crossover with probability 0.7 and distribution index 1 = 20

Apply polynomial mutation with probability 0.3, gene mutation probability 0.1, and
distribution index n = 20

Generate offspring @,

Post-Processing and Validation
Extract Pareto front F'P*
fi— f
fmax _ fmzn
(2 (2

Select compromise solution: Gy = arg minge gpx \/ (fpormy2 4 ( foorm)2

Normalize objectives: f/*"" =
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Simulate best controller for N, = 600 steps

Perform robustness test by perturbing k1 by £10%

Report tracking performance, temperature evolution, and control signals
Return: Pareto front F'P*, best solution 6y, and performance metrics

3. Results and Discussion
3.1 Algorithm stability and Pareto front analysis

To address the stochastic nature of evolutionary algorithms and ensure the optimization’s
reproducibility, the NSGA-II algorithm was executed in five independent runs using different
random initialization seeds. The algorithm consistently converged to a well-defined convex
Pareto front across all executions (Figure 3), confirming the conflicting nature between control
accuracy (ITAE) and energy efficiency (control effort) (Rangaiah et al., 2020; Verma et al.,
2021).

Figure 3 Pareto front illustrating the trade-off between tracking error (ITAE) and control
effort. Red markers denote non-dominated solutions, whereas the blue star represents the
chosen compromise solution

Analysis of the Pareto boundary shows that reducing the ITAE below 2.0 entails an increas-
ing marginal energy cost, diminishing returns in control aggressiveness. The selected compromise
solution (ITAE = 2.51, Effort = 1.05x10%) is strategically located in the knee region of the curve.
This validates the proposed method’s ability to identify configurations that ensure high dynamic
performance while avoiding premature actuator wear.

3.2 Comparative performance analysis: ANFIS vs. classical baseline

To benchmark the efficacy of the proposed multi-objective ANFIS, its closed-loop perfor-
mance was directly compared with that of a classically tuned parallel Proportional-Integral-
Derivative (PID) controller. The time-domain simulation results conclusively validate the pro-
posed control scheme’s superiority.

A comparative analysis was conducted to evaluate the effectiveness of the proposed NSGA-II
optimized ANFIS controller against both a classical PID controller and a non-optimized ANFIS
baseline. The results demonstrate a substantial improvement in control performance. The
optimized ANFIS achieved an ITAE value of 2.51, compared to 159.17 obtained with the classical
PID controller, representing a reduction of approximately 98.4% in accumulated tracking error.
This result highlights the severe limitations of conventional linear control strategies when applied
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to systems with strong nonlinearities and non-minimum phase behavior, such as the Van de Vusse
reactor.

Figure 4 Performance Comparison: Optimized ANFIS vs. classical PID vs. baseline ANFIS

Furthermore, the comparison with a baseline ANFIS controller (ITAE = 50.29) confirms
that the observed performance gain is primarily driven by the multi-objective evolutionary op-
timization process and not the neuro-fuzzy structure itself (Mohamed et al., 2025; Sevindik et
al., 2024). The NSGA-II algorithm reduces ITAE by approximately 95.0% relative to the non-
optimized ANFIS, demonstrating its effectiveness in tuning both the structural and parametric
components of the controller.

The optimized ANFIS exhibits a significantly faster transient response and achieves the
desired setpoint with negligible steady-state error from a dynamic perspective. In contrast,
the classical PID controller shows a slow response and fails to reach the reference within the
simulation horizon, whereas the baseline ANFIS provides moderate performance but remains
suboptimal. These results confirm that the proposed ANFIS-NSGA-II framework effectively
captures the system’s nonlinear dynamics and provides a robust, high-performance, and scalable
control solution for complex chemical processes.

In contrast, the optimized ANFIS controller successfully dominates the complex inverse
dynamics (Alfaro-Balaguer et al., 2025; Williams, 2021). The ANFIS provides a highly decisive
response by leveraging the nonlinear surface of its fuzzy rule base (Figure 5), overcoming the
initial drop and settling near the target concentration (CB = 1.12 mol/L) in approximately 3 h.

Quantitatively, the proposed neuro-fuzzy approach achieved an outstanding ITAE of 2.51,
representing an error reduction of over 98.4% compared with the classical baseline. Furthermore,
the thermal response (Figure 5) demonstrates that the ANFIS inherently operates at a cooler,
safer steady-state temperature (~385 K) than the PID, remaining strictly below the 420 K safety
limit.

3.3 Actuator Constraints and Analysis of Saturation

From a practical process control perspective, continuous actuator saturation is typically
treated as a warning sign. However, the control action profiles (Figure 4, bottom panel) reveal
a critical physical insight regarding the Van de Vusse benchmark: the chosen nominal operating
point (CB = 1.12 mol/L) lies at the reactor’s productive capacity’s extreme upper boundary.

Continuous maximum feed flow (F = 120 L/h) is mandatory to physically sustain this de-
manding concentration. The optimized ANFIS controller successfully identifies this requirement,



International Journal of Technology 17(3) 901-918 (2026) 913

exhibiting an optimal time-response strategy (similar to a “bang-bang” control principle). It
aggressively drives the actuator to its upper limit early in the transient phase to rapidly sup-
press the massive inverse error and maintains it to lock in the setpoint. Conversely, the classical
PID is too conservative and sluggish, slowly ramping up the flow and consequently starving the
reactor of the necessary reactant to reach the setpoint in a timely manner. This demonstrates
that the saturation observed in the neuro-fuzzy controller is not an algorithm flaw, but rather
an optimal and necessary physical action to meet the plant’s stringent productivity demands
without violating thermal safety constraints.

Figure 5 Three-dimensional control surface generated by the optimized ANFIS controller,
illustrating the relationship between the tracking error, error derivative, and flow control action

3.4 Robustness under Parametric Uncertainty

A robustness test was performed to evaluate the controller under parametric uncertainties
of £10% in the reaction kinetics (Figure 6).

The robustness analysis reveals that the controller guarantees the system’s asymptotic sta-
bility. The accelerated-kinetics scenario (+10%) maintains accurate tracking. The reduced-
kinetics scenario (-10%) exhibits a slight irreducible steady-state error (CB =~ 1.02 mol/L),
confirming that the nominal operating point lies at the absolute boundary of the reactor’s pro-
ductive capacity under those specific kinetic conditions. The controller behaves robustly and is
limited only by plant physics rather than by the control logic.

3.5 Validation

A targeted two-factor ANOVA (with interaction) was conducted to evaluate the sensitivity
of system performance (ITAE) to variations in the integral gains K (i, [)and K i, Q). Each factor
was analyzed at three levels with four replicates per treatment, using ITAE as the performance
metric. Independent replicates correspond to distinct dynamic conditions (or randomly seeded
noise realizations).
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A two-factor factorial analysis of variance (ANOVA) was performed to evaluate the influence
of the integral gains associated with the flow (F') and thermal (Q) loops on system performance.
Each factor was studied at three levels (low, medium, and high), forming a fully crossed 3x3
design with four replicates per treatment. The ITAE index was selected for its ability to penalize
persistent errors and reflect overall temporal response quality.

Figure 6 Robustness test: variation in reaction kinetics

The statistical model used is expressed as (Equation 21):

Yijk = o+ a; + B + (af)ij + €ij (21)
where Y;;;, represents the observed ITAE value, p is the overall mean, «; and 3; correspond
to the effects of factors K} and KiQ, respectively, (af3);; is the interaction effect, and e;j;, is

the random error assumed to be independently and normally distributed with zero mean and
constant variance. Table 2 shows the overall model metrics.

Table 2 General ANOVA model metrics
Variable N R? Adj. R? CV

ITAE 36 0.94 0.93 7.4

The coefficient of determination (R?) is 0.94, meaning that 94% of the observed variability
in ITAE is explained by the experimental design factors (Integral Gain of Flow and Heat). The
coefficient of variation (CV) of 7.4% suggests acceptable experimental precision. Table 4 shows
the statistical significance indicators of the model.

Table 3 ANOVA model

Source SS df MS F P-value Sig.
Model 1301.67 7  185.95 67.53 < 0.0001  ***
KF Level 128517 2 64258 23335 < 0.0001  ***
K2 Level 1645 2 823 299  0.0667 *

KFx K2 7619 4 1905 53150 < 0.0001 %%
Error 77.11 27 2.75 — — —
Total 1378.77 35 — — —

The ANOVA results indicate that the integral gain associated with the flow loop (K; r)
has a statistically significant effect on system performance (p < 0.0001), whereas the thermal
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gain (K; ) shows a weaker main effect. However, the interaction between both factors is highly
significant (p < 0.0001), demonstrating that the influence of K; o depends on the level of K; p.
This result highlights the coupled nature of the control inputs and confirms that coordinated
tuning of both gains is required for optimal performance.

Given the strong effect of K; r, a Duncan post hoc test was conducted to analyze the
differences between factor levels (Table 4). The results show that higher values of K,  are
associated with lower ITAE values, with statistically distinct groupings across low, medium,
and high levels.

Table 4 Duncan Post hoc Test (o = 0.05)
Level Mean ITAE n Std. Error Group

High 16.38 12 0.48 A
Medium 20.31 12 0.48 B
Low 30.55 12 0.48 C

Means sharing a common letter are not significantly different (p > 0.05).

While the ANOVA and Duncan tests provide useful insights into the influence of the integral
gains and their interaction, it is important to contextualize these findings. Since this analysis
focuses exclusively on two parameters while keeping the remaining controller parameters fixed,
it represents a localized sensitivity analysis. Therefore, these results should be interpreted as
supporting evidence for understanding the role of integral action, rather than as a comprehensive
statistical validation of the entire multi-objective optimized controller.

3.6 Discussion

The Van de Vusse reactor is a challenging benchmark for advanced control because of its
nonlinear dynamics, competitive and consecutive reactions, and non-minimum phase behavior
(Hofer et al., 2023). The results show that the classical PID controller is unable to achieve the
desired setpoint within the evaluated horizon, while the optimized neuro-fuzzy controller signif-
icantly improves tracking performance under the same simulation conditions. The improvement
is mainly associated with the multi-objective NSGA-II optimization, since the non-optimized
ANFIS baseline performs noticeably worse. The optimized controller also uses an aggressive ini-
tial feed-flow action that drives the actuator to saturation, which is consistent with the system’s
inverse-response dynamics and the selected operating point (CB ~ 1.12 mol/L). In this context,
the observed saturation reflects a physically meaningful control action rather than a design flaw.

The robustness test under £10% kinetic perturbations confirms stable behavior within the
evaluated scenario, although the analysis remains limited to parametric uncertainty (Williams,
2021; Govindharaj et al., 2024). Similarly, the ANOVA results should be interpreted as a local-
ized sensitivity analysis because only the integral gains were varied while the remaining controller
parameters were fixed. Overall, NSGA-II enabled a practical trade-off between tracking accu-
racy and control effort, but the conclusions should still be considered simulation-based proof of
concept rather than full industrial validation.

4. Conclusions

This study presented a multi-objective neuro-fuzzy control framework integrating ANFIS
and the NSGA-II evolutionary algorithm for stabilizing a Van de Vusse continuous stirred tank
reactor, addressing the challenges posed by nonlinear dynamics and non-minimum phase behav-
ior. The results obtained under simulation conditions show a significant improvement in control
performance, with the optimized ANFIS achieving an ITAE of 2.51, corresponding to reductions
of approximately 98.4% and 95.0% relative to a classical PID controller and a non-optimized
ANFIS baseline, respectively, indicating the effectiveness of the multi-objective optimization in
tuning both structural and parametric components. The controller demonstrates the ability to
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compensate for inverse response dynamics and maintain operation within the thermal safety lim-
its, where the observed actuator saturation is interpreted as a process-driven optimal response.
Robustness analysis under +10% parametric uncertainty confirms stable performance within the
evaluated scenario; however, this assessment remains limited in scope because additional sources
of uncertainty, such as measurement noise, actuator dynamics, and broader operating conditions,
were not fully explored. Likewise, the statistical analysis based on a targeted ANOVA provides
useful insight into the influence of integral gains but should be considered as supporting evidence
rather than a comprehensive validation of the full controller structure. Overall, the proposed
ANFIS-NSGA-II framework constitutes a simulation-based proof of concept that demonstrates
its potential for nonlinear process control, although its general applicability to other industrial
systems should be interpreted with caution. To assess practical feasibility, future work will focus
on extending the validation through more comprehensive robustness analyses and experimental
implementation, including hardware-in-the-loop and real-time testing.
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