
CEAI, Vol.27, No.4, pp. 79-89, 2025                                                                                                                   Printed in Romania 

 

 

Neural Network–Assisted Gradient Approximation and Swarm-Based 

Optimization for Predictive Control of a Nonlinear Copolymerization Reactor 
 

Rami Boumegoura*, **, Riad Bendib*, **, Kamel Menighed**, El-Arkam Mechhoud*, 

Abdulaziz Alshareef ***, Hafidha Boudouaia*, ** 

 

*Automatic Laboratory of Skikda (LAS), University of 20 August 1955, Skikda 21000, Algeria 

(e-mails: r.boumegoura@univ-skikda.dz, r.bendib@univ-skikda.dz, el-arkam.mechhoud@univ-skikda.dz) 

** Department of Petrochemicals, University of 20 August 1955, Skikda 21000, Algeria (e-mail: 

k.menighed@univ-skikda.dz, h.boudouaia@univ-skikda.dz) 

*** Department of Electrical & Computer Engineering King Abdulaziz University Djeddah KSA 

(e-mail: alshareef1379@yahoo.com) 

Abstract: Copolymerization reactors are crucial for polymer synthesis but remain difficult to regulate due 

to nonlinear kinetics, heat sensitivity, and disturbances such as inhibitor impurities. Traditional approaches 

like Proportional-Integral-Derivative (PID) controllers and linear Model Predictive Control (MPC) 

sometimes struggle with computational efficiency and accuracy trade-offs. This study presents a hybrid 

framework incorporating MPC, Neural Network (NN)-based gradient approximation, and adaptive Particle 

Swarm Optimization (PSO). The NN accelerates gradient computation to bypass iterative quadratic 

programming, while PSO enhances global search capabilities under actuator constraints. Validated on a 

nonlinear copolymerization reactor model, the hybrid method displays enhanced setpoint tracking and 

disturbance rejection compared to standard MPC and standalone PSO, with maintained computational 

feasibility. Robustness is emphasized by effective management of unmeasured inhibitor perturbations, 

achieving stable input adjustments and precise output regulation. 

Keywords: Model Predictive Control (MPC), MIMO systems, Copolymerization reactor, Neural network 
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1. INTRODUCTION 

Copolymerization reactors are central to producing high-value 

polymers used in petrochemical industries, but their control 

remains a significant challenge due to nonlinear reaction 

kinetics, thermal sensitivities, and unpredictable 

disturbances (e.g., inhibitor impurities in feed streams; 

(Congalidis et al., 1989)). These reactors demand precise 

regulation of monomer feed ratios, temperature, and molecular 

weight to ensure consistent product quality and safe operation. 

Traditional control strategies, such as PID or linear Model 

Predictive Control (MPC), often struggle to manage these 

complexities, leading to off-spec production, energy 

inefficiency, or even reactor instability during transitions 

(Abbas et al., 2015).  

Initial efforts in polymerization reactor control centered on 

analytical methods to address nonlinear kinetics and thermal 

constraints. Pontryagin’s Maximum Principle (PM) became a 

cornerstone for deriving optimal temperature and initiator 

policies in batch systems, particularly for managing catalyst 

decay and reaction exothermicity (Hicks et al., 1969; Osakada 

and Fan, 1970). Early applications by (Chen and Jeng, 1978) 

demonstrated truncated S-shaped temperature trajectories for 

styrene polymerization, while (Farber and Laurence, 1986) 

optimized minimum-time policies under initiator constraints. 

Concurrently, Dynamic Programming (DP) enabled bang-

bang control strategies for polycondensation reactors, 

balancing molecular weight targets with reaction rates (Hicks 

et al., 1969; Sacks et al., 1972). These analytical strategies 

offer precise, theoretically optimal policies for well-

characterized systems and are valuable for understanding 

fundamental reactor dynamics. However, they typically rely 

on simplified models, cannot easily handle operational 

constraints, and are not scalable to high-dimensional, time-

varying industrial processes. 

The advent of computational optimization introduced Genetic 

Algorithms and Dynamic Matrix Control (DMC) to handle 

multi-objective challenges. (Tsoukas et al., 1982) leveraged 

Genetic Algorithms for copolymer composition control, 

minimizing molecular weight drift in semi-batch reactors. 

(Özkan et al., 2003, 2006) advanced multi-model MPC by 

combining piecewise linear models with Lyapunov-based 

stability constraints, achieving smooth grade transitions in 

copolymerization. Parallel work by (Lima et al., 2013) 

integrated DMC with feedforward compensation to reject 

inhibitor disturbances, demonstrating precise servo control in 

continuous reactors. Linear Parameter-Varying (LPV) 

frameworks emerged to address the computational complexity 

of high-dimensional scheduling variables in copolymerization 

systems. (Rahme et al., 2015) reduced model conservatism 

through parameter set mapping (PSM) and principal 

component analysis (PCA), enabling efficient synthesis of 

robust controllers. (Abbas et al., 2015) further refined this 

approach using linear fractional transformation (LFT) to 

preserve critical input-output dynamics while truncating 

redundant states. These methods provided a structured 

pathway to handle nonlinearities without relying on exhaustive 

linearization, bridging the gap between traditional MPC and 

adaptive control paradigms. MPC methods excel at managing 

multivariable interactions and enforcing input/output 
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constraints in real time, making them attractive for 

copolymerization control. Nonetheless, their reliance on 

iterative optimization at each sampling step can lead to high 

computational cost for nonlinear models, limiting real-time 

feasibility in industrial-scale applications. 

Modern AI-driven strategies harnessed neural networks (NNs) 

for real-time adaptability. Early applications by (Shahrokhi 

and Pishvaie, 1998) employed feedforward NNs to estimate 

reaction heat generation in batch polymerization, enabling 

near-perfect feedforward compensation for nonlinear 

exothermic dynamics. (Zhang, 2004) expanded this paradigm 

with Bootstrap Aggregate Neural Networks (BANN) to 

predict molecular weight distributions, circumventing reliance 

on mechanistic models. (Tian et al., 2001, 2004) hybridized 

simplified first-principles models with stacked recurrent NNs, 

capturing gel effects and enabling online reoptimization under 

disturbances like reactive impurities. Further innovations 

integrated NNs with fuzzy logic, as seen in (Vosough et al., 

2004), where adaptive fuzzy controllers leveraged NN 

approximations to dynamically adjust exothermic reaction 

parameters under trajectory uncertainty. (Mahmoud et al., 

2021) enhanced robustness via neuro-adaptive controllers, 

combining backstepping with terminal sliding modes to ensure 

finite-time convergence under parametric uncertainties. 

Recent advancements by (Maaruf et al., 2023) fused NN-based 

dynamics approximation with metaheuristic optimization, 

addressing input dead zones and asymmetric disturbances in 

continuous reactors through hybrid AI-control architectures. 

AI-based approximators such as neural networks can capture 

complex nonlinearities and adapt online, while metaheuristic 

optimizers like PSO provide global search capability in 

challenging cost landscapes. Still, NNs may lack formal 

stability guarantees and PSO may converge slowly, especially 

when used without problem-specific guidance or acceleration 

techniques. 

Recent innovations fused metaheuristics with machine 

learning for global optimization. (Maaruf et al., 2023) 

combined Particle Swarm Optimization (PSO) with neural 

approximations to address input dead zones in continuous 

reactors, achieving sub-second settling times. (Singh and 

Kodamana, 2020) deployed Reinforcement Learning (RL) for 

PMMA batch control, using risk-sensitive policies to prevent 

unsafe states. These hybrid frameworks highlight the shift 

toward balancing computational efficiency (via NN 

acceleration) with global search capabilities (via PSO/RL; 

(Maaruf et al., 2023; Singh and Kodamana, 2020; Tian et al., 

2004). 

This work targets the trade-off between computational 

efficiency and closed-loop robustness in MPC for nonlinear, 

constrained MIMO copolymerization reactors. We propose a 

hybrid MPC–NN–PSO strategy that retains MPC’s constraint 

handling while enhancing performance in nonlinear and 

disturbed regimes. The method combines: (1) MPC for 

constraint-aware optimization, (2) an offline-trained NN to 

approximate cost gradients, and (3) adaptive PSO for global 

search. The hybridization aims to accelerate convergence and 

improve robustness without sacrificing feasibility. 

Comparative simulations with QP–MPC and standalone PSO 

highlight its advantages in setpoint tracking and disturbance 

rejection. Hereafter, we refer to this hybrid framework as the 

NNGA-PSO framework (Neural Network–based Gradient 

Approximation with Particle Swarm Optimization). 

This paper is organized into the following sections: Section 2 

describes the dynamical model of the copolymerization 

reactor, including the reactor's physical setup and nonlinear 

dynamic modeling. Section 3 outlines the methodology for 

designing the hybrid control strategy, incorporating MPC, 

NN-based gradient approximation, and PSO. Section 4 

presents the simulation results, comparing the proposed hybrid 

strategy's performance with conventional methods. Finally, 

Section 5 concludes the paper by summarizing key findings 

and discussing potential directions for future research. 

2. COPOLYMERIZATION REACTOR DYNAMICAL 

MODEL 

2.1 Overview of the Reactor System 

The copolymerization reactor system under study is a solution-

based polymerization setup adapted from the model described 

by (Congalidis et al., 1989). The system facilitates controlled 

polymerization of two monomers, methyl methacrylate 

(Monomer a) and vinyl acetate (Monomer b), in the presence 

of various other agents. The reactor setup includes a 

continuous feed of monomers, initiator (i), solvent (s), chain 

transfer agent (t), and a potential inhibitor (z), all introduced 

through the fresh feed. Benzene serves as the solvent, 

azobisisobutyronitrile as the initiator, and acetaldehyde as the 

chain transfer agent, with m-dinitrobenzene acting as an 

impurity inhibitor in the feed stream. 

Figure 1 provides a schematic of this setup, showing the 

arrangement of continuous feed lines, the mixing tank, and the 

cooling jacket—components essential for managing the 

nonlinear behavior and thermal sensitivity characteristic of 

free-radical polymerization. The reactor system consists of a 

jacketed, well-mixed tank designed to ensure uniform 

composition and temperature, allowing for effective heat 

management to counteract the exothermic nature of the 

reactions and maintain stable operation. 

 

Fig. 1. Flow diagram of the copolymerization reactor system. 

The system operates on the basis of a free-radical 

polymerization mechanism, consisting of 27 individual 

reactions that govern the formation and growth of polymer 

chains. This complexity necessitates advanced control 

strategies to manage the nonlinear behavior and thermal 

sensitivities inherent in the process. 
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2.2 Nonlinear Dynamic Model of the Process 

The nonlinear dynamic model for the copolymerization reactor 

is formulated based on mass and energy balances. The reactor's 

dynamic behavior is described by a set of differential equations 

that capture the evolution of key state variables over time, 

including the concentrations of each component, the reactor 

temperature, the composition of the polymer, and molecular 

weight distribution moments. The following equations outline 

the core model dynamics (Abbas et al., 2015; Congalidis et al., 

1989): 

Component Concentrations: 

The rate of change in concentration, Ck, of each component 

(monomers, initiator, solvent, chain transfer agent, and 

inhibitor) in the reactor is given by Eqs. (1-6): 
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(1-6) 

Reactor Temperature: 

The temperature dynamics, Tr described by Eq. (7), 

incorporate the effects of heat generation from reactions, heat 

removal via the cooling jacket, and the inflow of reactants at 

feed temperature Trf : 
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where S and U denote the surface area and overall heat transfer 

coefficient, respectively, c the heat capacity, and Tj the jacket 

temperature. The heat generation terms, φ7 and φ8, depend on 

exothermic reaction heats and specific reaction rates of the 

monomers. 

Polymer Composition: 

The molar concentrations λa and λb of monomer units in the 

polymer matrix are governed by Eq. (8) and (9), which capture 

how monomers A and B contribute to the polymer composition 

within the reactor. 
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Molecular Weight Distribution Moments: 

The zeroth, first, and second moments of the molecular weight 

distribution, ψ0, ψ1, and ψ2, evolve according to Eqs. (10), (11) 

and (12): 
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where the terms φ9 through φ14 are reaction-dependent factors 

linked to the molecular weight distribution, with detailed 

functional forms provided in Appendix A. 

Output Variables for Control 

The main outputs of interest are the polymer production rate 

Gpi, the mole fraction Yap of monomer A in the polymer, and 

the weight-average molecular weight Mpw. These outputs are 

defined by Eqs. (13), (14) and (15):  

1 2A A Bpi BG M V C M V C = +  (13) 

15ap aY  =  (14) 

16 2pwM  =  (15) 

where the coefficients φ15 and φ16 are also discussed in 

Appendix A. Table 1 summarizes the steady-state operating 

conditions and key parameters for the copolymerization 

reactor system. These input parameters play a crucial role in 

maintaining the desired polymer properties and ensuring 

stable, efficient reactor performance. 

Table 1. Steady-State Operating Conditions and Inputs. 

Category Symbol Value 

   Inputs 

Monomer A feed rate Fa 18 kg/h 

Monomer B feed rate Fb 90 kg/h 

Initiator (i) feed rate Fi 0.18 kg/h 

Solvent (s) feed rate Fs 36 kg/h 

Transfer Agent (t) feed rate Ft 2.1 kg/h 

Inhibitor (z) feed rate Fz 0.05 kg/h 

Reactor jacket temperature Tj 336.15 K 

Reactor feed temperature Trf 353.15 K 

  

   Reactor Parameters 

Reactor Volume  V 1.0 m3 

Heat Transfer Area  S 4.6 m2 

Overall heat transfer U 216.0 J / (m2. s . K) 

Heat capacity e 2.01 kJ / (kg . K) 

Density ρ 879.0 kg/m3 

3. METHODOLOGY 

In this section, we briefly describe the methodology used to 

develop and implement a hybrid control strategy that combines 

MPC with NN-based gradient approximation and PSO. The 

approach aims to enhance computational efficiency and 

optimize control performance for constrained, nonlinear 

systems. 

3.1 MPC: Problem Formulation 

MPC is a widely used advanced control strategy that leverages 

system dynamics to predict and optimize future behavior over 
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a finite prediction horizon, while ensuring compliance with 

operational constraints. The mathematical formulation of 

MPC typically begins with the discrete-time state-space 

representation of the system (Rawlings et al., 2017), given by 

Eq. (16): 

[ 1] [ ] [ ]x k Ax k Bu k+ = +  

[ ] [ ] [ ]y k Cx k Du k= +  
 

(16) 

Here [ ] nx k   is the state vector, [ ] mu k  is the control 

input vector, and [ ] py k  is the output vector at time step k. 

The matrices A, B, C, and D describe the system dynamics, 

mapping inputs and states to outputs. 

To predict future states and outputs over a prediction horizon 

Np, these dynamics are reformulated in matrix form, as shown 

in Eq. (17): 

[ ]X x k U= +  

[ ]Y x k U=  +  
(17) 

where [ [ ] , [ 1] , , [ 1] ]cU u k u k u k N= +  + − represents the 

sequence of control inputs over the control horizon Nc, with Nc 

Np. This results in a column vector 
1cmN

U


 , representing 

the control input trajectory over the control horizon. The 

matrices ,  ,  ,  and  are constructed to represent the 

evolution of states and outputs over the prediction horizon. In 

the MPC formulation, [ ]x k  represents the known plant state 

at time step ,k  either measured or estimated, and serves as the 

initial condition for the prediction model. At each sampling 

time, the prediction sequence X  is initialized with the current 

value of [ ]x k , and the optimization determines the control 

sequence U accordingly. The state prediction matrix  and 

input prediction matrix   are defined as block-Toeplitz 

matrices to capture the temporal propagation of states and 

inputs: 
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where Np is the prediction horizon, and the lower-triangular 

structure of   reflects the causal influence of inputs on future 

states (Rawlings et al., 2017). Similarly, the output prediction 

matrices   and   are constructed from the output equation 

in (16): 
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Here,   inherits the Toeplitz structure of  , mapping the 

input sequence U to the output trajectory Y, The MPC 

optimization problem aims to minimize a cost function that 

balances output tracking and control effort as shown in Eq. 

(18): 

2 2

1 1
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p c

N N
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i i
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= =
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(18) 

Here  r k i+ is the reference trajectory, Q is the output 

weighting matrix, and R is the control weighting matrix. 

Substituting the predictive model ( [ ] )Y x k=  + into the 

cost function gives: 

 ( [ ] ) ( [ ] )J x k U R Q x k U R U RU=  + −  + − +  
 

(19) 

This can be expressed in quadratic form as: 

1
constant terms,

2
J U HU f U= + +

 

 

(20) 

The Hessian matrix H and gradient vector f are defined as: 

2( )H Q R=  +  

2 ( [ ] )f Q x k R=   −  
(21) 

Here, c cmN mN
H


 is the Hessian matrix and .cmN

f   is the 

gradient vector with respect to the stacked control sequence 

U . Constraints on inputs, outputs, and states ensure system 

feasibility: 

min max[ ] ,u u k i u +  [0, 1],ci N  −  

min max[ ] ,y y k i y +  [1, ],pi N   

min max[ ] ,x x k i x +   [1, ].pi N   

(22) 

These are reformulated compactly as ,GU W where G and 

W encapsulate the constraints over the prediction and control 

horizons. Bringing together the objective and constraints, the 

MPC design problem is formulated as the following 

constrained QP problem: 

1
min ( )

2mNcU

J U U HU f U


= +



 

subject to GU W  
 

(23) 

where [ [ ] , [ 1] , ,, [ 1] ]cU u k u k u k N= +  + −
 is the stacked 

control input vector over the control horizon. The cost 

matrices, H  and f  are defined in Eq. (21). The constraint 

matrices c cn mN
G


  and cn

W   are constructed by 

stacking the inequality constraints from Eq. (22), projected 

using the prediction model in Eq. (17). 

Stability is important in predictive control, particularly for 

nonlinear reactors. Classical MPC typically relies on terminal 

ingredients (Rawlings et al., 2017), while our hybrid scheme 

achieves practical stability through the prediction horizon, 

constraint handling, and the structure of the cost. Input and 

state limits prevent divergence, and the PSO search—assisted 

by NN-based gradient estimates—guides the solution toward 

feasible control moves. The simulations in Sections 4.1 and 4.2 

show that the closed-loop response stays bounded under 

nominal and disturbed conditions. The NN–PSO combination 
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also improves optimization efficiency by pairing fast gradient 

surrogates with global search behavior. 

3.2 Neural Network for Gradient Approximation 

The first component of the hybrid strategy uses a neural 

network (NN) to approximate the gradient of the MPC cost. 

Computing this gradient analytically or through numerical 

differentiation can be expensive for nonlinear or high-

dimensional systems, especially in real time. The NN provides 

a faster surrogate by learning the mapping between 

( [ ] [ ] ), ,x k r k U  and the corresponding gradient /J U   

(Amos et al., 2016). For reference, the gradient of the cost with 

respect to the control sequence and the state is defined in Eq. 

(24): 

 ( , ) ( , ) ( , )u xJ u x J u x J u x =    
 

(24) 

where U is the stacked input vector and [ ]x k  the current state. 

The gradient indicates how variations in the decision variables 

influence the cost function, which is the core mechanism used 

in optimization updates (Boyd and Vandenberghe, 2004).  

When analytical differentiation is difficult, numerical 

approximations such as finite differences may be used, as in 

Eq. (25):  

( , ) ( , )J J u x J u x

u

 + −







 

 

(25) 

These methods, although valid (Nocedal and Wright, 2006), 

can be computationally demanding for online MPC, 

motivating the use of NN-based gradient approximation. 

Neural Network-Based Gradient Approximation 

To overcome the computational challenges of traditional 

gradient computation, a neural network is employed to 

approximate the gradient of the MPC cost function .U J The 

gradient is analytically defined as: 

U J HU f = +  
 

(26) 

The NN is trained as follows: 

• Data Generation: A dataset is created by solving the QP 

problem for a range of scenarios, using various system 

states x[k], reference trajectories r[k], and constraints G 

and W. For each case, the gradient U J  is computed 

using the analytical expression .HU f+  

• Network Architecture: The architecture of the neural 

network is illustrated in Figure 2, the input to the neural 

network consists of the system state x[k], the reference 

trajectory r[k], and the current control input guess 0.U

The output of the neural network is the predicted 

gradient, which approximates the true gradient. 

• Training Objective: The neural network is trained by 

minimizing the error between the predicted gradient 

ˆ
U J and the true gradient ,U J  typically using the 

mean squared error (MSE) loss function: 

2

1

1 ˆLoss
N

U U

i

J J
N =

=  −‖ ‖  

 

(27) 

The initial guess 0U  is included as part of the neural network 

input and represents the current candidate control sequence. It 

is typically initialized using a feasible prior input or the 

optimizer’s last solution and provides context for the gradient 

approximation.  

After sufficient training, the neural network is capable of 

providing accurate approximations of the gradient in real-time, 

significantly reducing the computational burden of repeatedly 

solving for gradients using traditional methods (Chen et al., 

2019). 

 

Fig. 2. Schematic of the Neural Network for Gradient 

Approximation. 

3.3 Particle Swarm Optimization (PSO) with Adaptive 

Mechanisms 

To enhance robustness and avoid the limitations of 

deterministic solvers, the MPC problem (Eq. 23) is also 

addressed using PSO. At each sampling instant k, the decision 

vector is 

          1 1[ ] c

c

mN

k k k NU u u u+ + −=    
 

 

 

PSO is applied as an alternative solver for the quadratic 

program in Eq. (23). Each particle encodes a candidate U , and 

the fitness is the penalized cost 

21

2 2
min [ ]U U HU f U GU W ++ + −

min maxs.t. .U U U     
 

(23a) 

with penalty weight 0  , After convergence to *U , the 

receding-horizon control applies the first m  elements, 

1

*

:( )k mu U =  ,     [ ] sat [ 1]( )ku k u k u= − +  .  

The velocity update follows (28)–(29) with the NN-gradient 

pull. A swarm of P particles, each particle i having an initial 

position 
( )0

 iU  and velocity 
( )0

iV . At each iteration t, positions 

and velocities are updated based on the particle’s personal best 

Pi, the global best G, and the NN-approximated gradient. The 

velocity of particle i is updated as in Eq. (28): 

( 1) ( ) ( ) ( )

1 1 2 2( ) ( ) ,t t t t

i i i i i UV V c r P U c r G U J + = + − + − −   
 

(28) 

Where   is the inertia weight, The coefficients 1c  and 2c  are 

the cognitive and social factors. The random numbers 1r  and 

2r  are uniformly distributed in the interval [0,1]; U J  is the 



84                                                                                                                    CONTROL ENGINEERING AND APPLIED INFORMATICS 

 

     

gradient term approximated by the neural network, which 

guides the particles toward promising regions of the solution 

space; and α is a scaling factor controlling the influence of the 

gradient term. 

After updating the velocity, the position of each particle is 

updated according to: 

( 1) ( ) ( 1).t t t

i i iU U V+ += +  
 

(29) 

Swarm diversity helps balance exploration and exploitation in 

population-based optimization. Premature convergence to 

local minima often arises from insufficient diversity, while 

excessive dispersion impedes efficient refinement. To address 

this challenge, we propose a dynamic adaptation mechanism 

governed by a mathematically rigorous diversity metric. 

The swarm diversity at iteration t is quantified as the 

normalized average Euclidean distance between particles: 

( )
2

( ) ( )

1 1

1
Diversity( ) ,

pN D
t t

ij j

i jp

t U U
N D = =

= −   

 

(30) 

( ) ( )

1

1
pNt t

i ij

p

Uj U
N

==   

 

(31) 

where Np denotes the number of particles, D is the 

dimensionality of the control sequence, and Eq. 31 represents 

the mean position of the swarm in dimension j. The 

normalization factor D  ensures Diversity( ) [0,1]t   for 

hypercube search spaces, where values near 1 indicate global 

exploration and values near 0 signal local convergence. The 

inertia weight ω(t) and gradient scaling factor α(t) are 

dynamically adjusted to respond to swarm diversity: 

max max min

max

Diversity( )
( ) ( )

Diversity

t
t   = − −   (32) 

max

max

Diversity( )
( ) 1

Diversity

t
t 

 
=  − 

 
 (33) 

where Diversitymax is the maximum observed diversity during 

initialization. When diversity is high (Diversity(t) ≈ 

Diversitymax), the inertia weight ω(t) approaches ωmax, 

reducing particle momentum to encourage exploration, while 

the gradient scaling factor α(t) approaches zero, prioritizing 

stochastic swarm search. Conversely, low diversity 

(Diversity(t) ≈ 0) drives ω(t) toward ωmax, preserving particle 

momentum for local refinement, and α(t) toward αmax, 

activating gradient descent for accelerated convergence. This 

adaptation mechanism aligns with principles from dynamic 

swarm optimization (Eberhart and Kennedy, 1995), 

hybridizing stochastic exploration with deterministic 

exploitation to mitigate local minima traps (Shi and Eberhart, 

1998).  To ensure that all particles remain within the feasible 

set defined by the constraints GU ≤ W, constraint handling 

techniques such as penalty methods or projection techniques 

are employed. These methods ensure that the updated positions 

of the particles respect the system's operational limits, 

maintaining physical and practical feasibility (Coello Coello, 

2002). 

3.4 Hybrid Neural Network-PSO Strategy with Adaptive 

Mechanisms 

The proposed hybrid approach combines a neural network 

(NN) for real-time gradient approximation with PSO to 

iteratively solve the constrained QP problem. The NN replaces 

explicit gradient evaluations with a fast feedforward inference, 

thereby reducing computational complexity during online 

execution. PSO explores the decision space by leveraging the 

approximate gradient to guide its population updates toward 

optimal solutions within the feasible region. The control policy 

follows a receding horizon strategy: at each sampling time ,k  

the optimizer computes an optimal control input sequence ,U  

from which only the first input [ ]u k  is applied to the system. 

The optimization is then repeated at the next time step with 

updated state measurements. Although an explicit analytical 

control law is not derived, the controller effectively operates 

as a state-feedback policy [ ] ( [ ], [ ])u k x k r k= , where ( )   

denotes the implicit closed-loop mapping defined by the NN-

PSO optimization process. The workflow of the hybrid 

strategy is summarized in Algorithm 1. 

In the full closed-loop simulation, Algorithm 1 is executed at 

each sampling instant. At time step k , the plant state [ ]x k  and 

reference [ ]r k  are measured and passed to the controller, 

which invokes the hybrid NNGA-PSO solver to compute the 

optimal control sequence *U . Only the first control input [ ]u k  

is applied to the system. The plant model is then simulated 

forward by one sampling period, and the process repeats at the 

next time step with updated state measurements. This receding 

horizon strategy ensures that the controller continuously 

adapts to the system's evolution and enforces constraints. 

Algorithm 1 Hybrid MPC Solver with NNGA & Adaptive PSO 
Require: [ ], [ ],x k r k constraints (22) 

Ensure: Optimal control sequence *U  

 1: 

 2: 
 3: 

 4: 
 5: 

 6: 

 7: 

 8: 
 9: 

10: 

11: 
12: 

13: 

14: 
15: 

16: 

17: 

Offline: 

1. Train NN to approximate 
U J x using (27) 

Online: 

1. Initialize swarm within (22) bounds 

2. Initialize ,iP G  with best particle 

while not converged do 

 for each particle i do 

  ˆ
U J NN ( )( [ ], [ ], )t

ix k r k U  

  Update velocity via (28) 

  Update position via (29) 
  Enforce constraints (22) 

  Update 
iP  if improved 

 end for  

 Update G 

 Adapt ω, α using (32-33)  
end while 

return *U G  

4. SIMULATION AND RESULTS 

4.1 Performance Evaluation 

The goal of the simulation was to evaluate the performance of 

the proposed hybrid NNGA-PSO framework in achieving a 

smooth and rapid transition from the first operating point 

(OP1) to the second operating point (OP2), as detailed in Table 

2. This transition required adjusting the monomer feed ratio 
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(Fa /Fb) from 0.2 to 0.45 while maintaining Fb constant, 

alongside changes in production rate (Gpi), polymer 

composition (Yap), and molecular weight (Mpw) (Özkan et al. 

2003). The dynamics of the copolymerization reactor, 

previously discussed in Section 2, were central to modeling the 

process and defining the inputs and outputs used in the 

simulation. Simulations begin from the steady-state 

corresponding to OP1, with the initial condition [0]x = [23.35 

kg/h, 0.56, 3.4x104 kg/mol, 353.06K]. which is also used to 

initialize the MPC prediction model at time 0k =  and reflects 

nominal operating conditions prior to the control-induced 

transition toward OP2. The reference outputs were fixed at the 

OP2 values throughout the simulation, while the cost function 

was evaluated dynamically over the closed-loop trajectory 

from OP1 to OP2.  

Table 2. Operating Conditions for the Process. 

Parameters OP1 OP2 

Gpi (kg/h) 23.35 24.9 

Yap 0.56 0.64 

Mpw (104 kg/kmol)  3.4 3.9 

Tr (K) 353.06 353.3 

The simulations were conducted in MATLAB, with the MPC 

framework designed to achieve specific control objectives, 

including minimizing tracking errors (evaluated using MAE, 

RMSE, IAE, and ISE), ensuring rapid settling time, and 

avoiding overshoot. The framework’s performance was 

compared across three optimization strategies: the 

conventional QP solver, standalone PSO, and the hybrid 

NNGA-PSO approach, with computation time and control 

accuracy as key performance indicators. 

The MPC strategy employed a prediction horizon (Np) of 13 

steps and a control horizon (Nc) of 5 steps, with a sampling 

time (Ts) of 1 hour. Boundary conditions and input constraints 

were incorporated into the MPC framework to ensure realistic 

operation of the reactor. The input constraints were: 

•  Monomer A feed flow rate (Fa): 12 kg/h ≤ Fa ≤ 24 kg/h 

•  Monomer B feed flow rate (Fb): 80 kg/h ≤ Fb ≤ 94 kg/h 

•  Transfer agent feed flow rate (Ft): 0.2 kg/h ≤ Ft ≤ 5 kg/h 

•  Reactor jacket temperature (Tj): 330 K ≤ Tj ≤ 340 K 

The neural network used to approximate the cost gradient 

,U J  (see Section 3.2) featured a feedforward architecture 

with two hidden layers (16 and 8 neurons), ReLU activation 

functions, and a linear output layer. Inputs were the current 

state vector x[k], the reference [ ]r k , and a candidate control 

input sequence ;U  the output was the estimated gradient 

vector. The training dataset was generated offline using 

analytical gradients computed from Eq. (26) for randomized 

scenarios across the operating range. The network was trained 

for 8000 epochs using the Adam optimizer with a learning rate 

of 0.001 and batch size of 64, minimizing the MSE loss. The 

data were split 80% for training, 10% for validation, and 10% 

for testing.  

PSO was used at each control step to solve the MPC 

optimization problem defined in Section 3.1, using the neural 

network–based gradient approximation described in Section 

3.2. The swarm was configured with 30 particles, cognitive 

and social coefficients (c1=1.9, c2=1.9), an inertia weight 

(ω=0.5) and a maximum of 50 iterations.  

To assess the effectiveness of the proposed framework, a 

comparative study was conducted between: 

1. The conventional Quadratic Programming (QP) solver 

used in standard MPC. 

2. A PSO-based optimization approach for solving the 

MPC cost function. 

3. The NNGA-PSO hybrid strategy. 

The numerical results summarized in Table 3 provide a 

quantitative basis for comparing the three optimization 

strategies. These values highlight differences in tracking 

accuracy, settling time, and overshoot, which are further 

discussed below in relation to the time-domain responses. 

We compare three solvers that address the same MPC 

objective under identical input constraints: a conventional QP 

baseline, a standalone PSO optimizer, and the proposed 

NNGA-PSO (PSO guided by a neural gradient). Evaluation 

uses OP2 as the reference and computes all metrics from the 

OP1/OP2 step onward, matching the conventions used in  

 

Fig. 3. Time evolution of controlled outputs (Gpi, Yap, Mpw, 

Tr) under nominal transition from OP1 to OP2 using QP, 

PSO, and NNGA-PSO. 

 

Fig. 4. Control input trajectories (Fa, Fb, Ft, Tj) under nominal 

conditions using QP, PSO, and NNGA-PSO. 
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Table 3 and the trajectories shown in Figs. 3–4. On the 

controlled outputs (Fig. 3), NNGA-PSO attains equal or lower 

MAE/RMSE on Yap and Mpw relative to QP and standalone 

PSO, while remaining comparable on Gpi and Tr. Overshoot 

remains small and of the same order across methods, and the 

hybrid search does not introduce additional oscillations. 

Settling-time trends are consistent with the error metrics: 

NNGA-PSO improves or matches the baselines on Yap / Mpw 

and shows similar performance on Gpi and Tr. For the 

manipulated inputs (Fig. 4), the hybrid method produces 

smooth, constraint-respecting trajectories, indicating that the 

gradient-guided swarm maintains feasible input behavior 

without introducing irregular oscillations. 

With respect to computational cost, Table 4 summarizes the 

average time required per control step. As anticipated, NNGA-

PSO requires more evaluations than the conventional QP 

solver, yet its runtime remains within a practical range for the 

selected hourly sampling interval. Standalone PSO is the most 

computationally intensive, reflecting the absence of gradient 

guidance. 

Table 4. Average Computation Time per Control Step. 

Method 
Average Computation Time 

(seconds/step) 

Conventional QP 0.0234 

Standalone PSO 0.5889 

Hybrid NNGA-PSO 0.1065 

Overall, under nominal conditions the hybrid NNGA-PSO 

achieves superior accuracy for key polymer quality indicators 

(Yap, Mpw), preserves smooth and feasible input behavior, and 

offers a favorable balance between control performance and 

computational effort. These results establish it as an effective 

alternative to both conventional QP and standalone PSO 

approaches. 

4.2 Robustness to Unmeasured Disturbances 

To assess robustness, we injected an unmeasured inhibitor in 

the fresh feed (4 parts per 1000, mole basis) over 1.5–3.0 h 

during the OP1/OP2 transition (Abbas et al., 2015; Özkan et 

al., 2003). This disturbance represents a realistic scenario 

where unexpected impurities enter the reactor, potentially 

affecting the polymerization process. All three solvers 

optimize the same MPC objective under identical input 

constraints. Evaluation follows the same conventions as in the 

nominal case: OP2 is the reference, and all metrics in Table 5 

are computed from the step onward.  

 

Fig. 5. Time evolution of controlled outputs (Gpi, Yap, Mpw, 

Tr) under unmeasured inhibitor disturbance using QP, PSO, 

and NNGA-PSO. 

 

Fig. 6. Control input responses (Fa, Fb, Ft, Tj) during 

disturbance rejection using QP, PSO, and NNGA-PSO. 

Table 3. Performance Metrics Operating Conditions.  

Method Output MAE RMSE IAE ISE Settling Time (h) Overshoot (%) 

Conventional QP Gpi (kg/h) 0.0418 0.1699 3.0843 1.7218 7.29 0.663  
Yap 0.0013 0.0079 0.0927 0.0034 7.52 1.239  

Mpw (10⁴ kg/kmol) 0.0198 0.0751 1.5327 0.4027 11.96 0.026  
Tr (K) 0.0228 0.0529 1.8626 0.2204 16.83 0.001 

Standalone PSO Gpi (kg/h) 0.0251 0.1463 1.6607 1.0901 6.82 0.639  
Yap 0.0013 0.0080 0.0864 0.0038 7.54 0.632  

Mpw (10⁴ kg/kmol) 0.0180 0.0737 1.3740 0.3848 10.45 0.303  
Tr (K) 0.0168 0.0493 1.3563 0.1889 18.7 0.001 

Hybrid NNGA-PSO Gpi (kg/h) 0.0241 0.1337 1.5791 0.7918 6.48 0.268  
Yap 0.0007 0.0068 0.0395 0.0020 6.69 0.543  

Mpw (10⁴ kg/kmol) 0.0134 0.0665 0.9854 0.2996 8.79 0.301  
Tr (K) 0.0231 0.0564 1.8882 0.2520 20.8 0.001 
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As shown in Fig. 5–6 and summarized in Table 5, the hybrid 

NNGA-PSO maintains stable disturbance rejection while 

preserving feasibility. On the controlled outputs (Fig. 5), 

NNGA-PSO achieves equal or lower MAE/RMSE on Yap and 

Mpw relative to QP and standalone PSO, and remains 

comparable on Gpi and Tr; overshoot stays small and of the 

same order across methods. Settling-time trends are consistent 

with the error metrics: NNGA-PSO improves or matches the 

baselines on Yap/Mpw and is broadly comparable on Gpi and Tr. 

On the manipulated inputs (Fig. 6), NNGA-PSO produces 

smooth, constraint-respecting trajectories, indicating that 

feasible input behavior is preserved under perturbations. 

Regarding computation, Table 6 reports the average 

Computation Time per control move under disturbance. As 

expected, QP remains the fastest, standalone PSO the heaviest, 

and NNGA-PSO sits in between. Despite the additional 

particle evaluations, NNGA-PSO retains practical runtimes 

while delivering competitive tracking quality under 

unmeasured inputs. 

Table 6. Average Computation Time per Control Step 

(Under Disturbance). 

Method 
Average Computation Time 

(seconds/step) 

Conventional QP 0.0251 

Standalone PSO 0.6942 

Hybrid NNGA-PSO 0.1596 

In summary, the disturbance study demonstrates that NNGA-

PSO preserves closed-loop stability and robustness against 

unexpected feed impurities. It balances accuracy and 

feasibility with manageable computational cost, reinforcing its 

suitability as a reliable nonlinear MPC solver for sensitive 

copolymerization processes. 

5. CONCLUSIONS 

We presented a hybrid MPC strategy that couples a neural 

network–based gradient surrogate with an adaptive PSO 

search to address the nonconvex, MIMO nature of the 

copolymerization reactor. The NN provides fast directional 

information, while diversity-adapted PSO explores feasible 

sequences under the same objective and identical input 

constraints. In simulations using OP2 as the reference and 

post-step evaluation, the hybrid matched or improved 

MAE/RMSE on Yap and Mpw and showed similar performance 

on Gpi and Tr, with low overshoot, preserved constraint 

satisfaction, and practical runtimes. Under an unmeasured 

inhibitor disturbance, the method maintained stable 

disturbance rejection and preserved constraint feasibility under 

perturbations. These results suggest that gradient-guided 

swarm search is a viable path to reliable, real-time nonlinear 

MPC on sensitive thermal/kinetic processes. For instance, 

(Wen and Wang, 2024) proposed a Lyapunov-based cascade 

control strategy for unstable nonlinear systems, which aligns 

in spirit with the objectives of our predictive framework in 

terms of handling nonlinearities and ensuring closed-loop 

performance. Future work may incorporate terminal 

constraints or Lyapunov-based ingredients to provide formal 

guarantees of closed-loop stability, especially under 

uncertainty or in the presence of model mismatch. 
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Appendix A. FIRST APPENDIX 

The nonlinear functions described are adapted from the work 

of (Abbas et al., 2015), which builds upon the model initially 

proposed by (Congalidis et al., 1989). The nonlinear functions 

φ in the dynamic model described in Section 2 are as follows: 

k

l

k

R

C
 =  (A.1) 
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( ) ( )7 paa paa pba pbaa bH k C H k C  = − + −  (A.2) 

 

( ) ( )8 pab pab pbb pbba bH k C H k C  = − + −  (A.3) 
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The term Rk represents the reaction rates, which are specified 

in Equations (4–9) of (Congalidis et al., 1989). The definitions 

for the variables Ca
•, Cb

•, 𝜓0
𝑎•, 𝜓1

𝑎•, 𝜓2
𝑎•, 𝜓0

𝑏•, 𝜓1
𝑏• and 𝜓2

𝑏• are 

provided in Equations (11), (12), and (31–36) of the same 

reference. along with the full parameters  

 


