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This paper presents a cascaded generalized predictive control (CGPC)
strategy for induction motor drives under operational constraints, optimized
through particle swarm optimization (PSO). In the proposed scheme, the
outer loop regulates the motor speed, while the inner loop controls torque
and flux, ensuring accurate multi-level regulation. PSO is employed to
optimally tune the prediction horizon and weighting factors, enhancing
robustness, transient response, and disturbance rejection. Unlike
conventional GPC-PSO approaches that neglect explicit constraint handling,
and linear matrix inequalities (LMI)-based model predictive controller
(MPC) methods that impose high computational costs, the proposed
CGPC-PSO achieves both constraint management and real-time efficiency.
Moreover, compared with Neural-MPC strategies that require retraining for
each system, the proposed method provides generalizable and adaptive
control without sacrificing computational performance. Simulation results
validate the effectiveness of the approach, demonstrating superior trajectory

tracking, robustness against parameter variations, and improved dynamic
performance compared with RST, LMI, and neural-MPC controllers. These
findings position CGPC-PSO as a promising candidate for advanced
induction motor drive applications.
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1. INTRODUCTION

Induction motor drives are extensively employed in modern industry owing to their robustness,
efficiency, and cost-effectiveness. However, achieving high-performance control under nonlinear dynamics,
parameter variations, and operational constraints remains a major challenge. Model-based predictive control
(MPC) has emerged as a key technique in advanced control systems, primarily due to its strong setpoint
tracking performance and inherent capacity to manage system constraints. Within the broad family of MPC
approaches, generalized predictive control (GPC), first introduced by Clarke et al. [1], [2], remains one of the
most robust and flexible methods. By minimizing a quadratic cost function, GPC enables effective control of
systems characterized by time delays, non-minimum phase behavior, or complex dynamics [3], [4].

Several MPC-based approaches have been explored for induction motor drives. GPC optimized by
particle swarm optimization (PSO) has been reported as an effective method for tuning predictive controller
parameters. For example, Oliveira et al. [5] optimized GPC parameters using PSO but did not explicitly
address input/output constraints, while He ez al. [6] faced difficulties with real-time computation and
robustness in perturbed multi-input multi-output (MIMO) environments. Similarly, linear matrix inequalities
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(LMI)-based MPC methods, such as those proposed by Kim et al. [7], guarantee constraint satisfaction but
impose high computational complexity, making real-time implementation impractical. Hybrid convex—LMI
MPC approaches [8] attempt to reduce this burden, but they often deteriorate in highly nonlinear or cascaded
structures.

Neural predictive control strategies also provide alternatives. Stiti et al. [9] proposed a neural
predictive scheme requiring retraining for each system. Wang et al. [10] introduced neural-MPC variants
that, despite their learning ability, lacked effective real-time adaptability under dynamic operating conditions.

The proposed cascaded generalized predictive control (CGPC) method optimized by PSO advances
beyond these prior strategies in several key aspects. Unlike earlier PSO—GPC approaches, the CGPC-PSO
explicitly manages input/output constraints while adapting online. Compared with LMI-based and hybrid
convex—LMI MPC methods, it achieves both computational efficiency and robustness, ensuring real-time
applicability. Furthermore, unlike neural predictive strategies that depend on retraining and exhibit limited
adaptability, the CGPC-PSO provides a generalizable, flexible, and adaptive solution. Overall, the proposed
method demonstrates clear advantages in computational performance, robustness, and adaptability,
positioning it as a strong candidate for advanced induction motor drive applications.

The remainder of this paper is organized as follows: Section 2 presents the modeling of the
induction motor and the fundamentals of GPC. Section 3 describes the proposed CGPC—-PSO design
methodology. Section 4 reports the simulation results and provides a comparative analysis with conventional
approaches. Finally, Section 5 concludes the paper and outlines future research perspectives.

The proposed CGPC-PSO control framework can be extended to robotic applications such as
actuator drives, autonomous vehicle propulsion systems, and multi-motor cooperative robots. Its adaptive
optimization capability enables coordinated torque control and efficient power management, which are
essential in advanced robotic systems.

2. METHOD
2.1. Dynamic modeling of the induction motor
The state-space (1) represents the dynamics of the induction motor [11].
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where the components Vi and Vg define the stator voltage vector, while iys and igs represent the
corresponding elements of the stator current vector. Furthermore, the components @,, and ®g,. characterize
the rotor flux vector.

The nonlinear state-space representation of the induction motor is given by [12]-[14],

dax
{E o @
Y = h(x,U)

where

XT = (ias igs (O cDBr) Y = (igz)’U — (5;2)

By applying linearization techniques to the nonlinear state model above, the system can be approximated as (3),
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with the system matrices defined by
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These matrices A, B, and C have been characterized in detail in previous studies [3], [15], [16].The
model of the rotor current control loop is described as (5),
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Similarly, the rotational speed control loop can be modeled by (6).

Gy(8) = ot = T (6)
2.2. Generalized predictive control (GPC)

The core principle of GPC, like other predictive control strategies, is based on forecasting the future
behavior of the process using a process model [17], [18]. The transfer functions describing the dynamics of
the induction motor’s stator currents and rotational speed are derived from its electrical and mechanical
characteristics, as shown in (5) and (6) [19]-[21].

2.2.1. GPC based on quadratic cost minimization
Typically, the GPC cost function comprises quadratic terms penalizing both the control input and
the control error [22], [23].

JINy, Np) = 32y [9(t + ) = w(t + DI+ A [u(e +j — D)2 (7)
We suppose (8).
Au(t+j) =0 forj=N, 8

N, denotes the control’s horizon; A refers to the control’s weight; w represents an upcoming point or a
reference sequence; and Au(t) denotes the control’s progressive implementation. Based on the information
gathered thus far, $(t + j) represents the optimal estimate of a system’s output level $(t); N; and N, stand
for the lower and higher cost limits, respectively.

2.2.2. GPC for rotor speed and stator current control
The GPC controller for the rotor current loop uses the controlled auto-regressive integrated moving
average (CARIMA) model [24]-[26]:

Aq™y(©) = Bq Yt — 1) + LEO ©)
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where A(q™") and B(q™") represent polynomials formulated using the backward shift operator q' [27]-[29].
Here, £(t) denotes zero-mean white noise, u(t) is the control input, and y(t) represents the rotor current in the
dq reference frame. The polynomial C(q—1) acts as a filter to mitigate disturbances and measurement noise
[30], [31].

The matrix G has a lower-triangular banded structure. This lets us solve the quadratic cost
minimization (7) as a linear algebra problem. The optimal solution without constraints is found by using the
first-order condition. This means setting the partial derivative of | on Au to zero [32]-[34]:

2o . . 0
81 8o - -
G= g2 g1 g - . (10)
gNy,-1  8Np-1 - . 8o
Ugpt = (GTG +AD7IGT(f —w) (11)

Thus, only G and f are needed to determine the optimal control increment vector to apply, which represents
the first element of the vector that will be confirmed to apply to the input of the controlled process [35].

u@® =ut-D+g7"(f-w) (12)

where g7 is the first line of (GTG + AI)~1GT.
The GPC algorithm is described as in Algorithm 1.

Algorithm 1. GPC algorithm
Beginning
-Obtain the a and b coefficients of the carima type process model
-Calculating polynomial A. 4
-Resolution of the diophantine equation.
1. define the horizons of predictions and controle as well as the weighting factor.
2. calculation of the polynomial matrices ej and fj
3. calculation of the matrix gj, formation of the matrix g.
4. calculation of the inverse matrix [GTG + A.1]71
calculating [GTG + A.I]71GT
End

The CGPC approach extends the conventional GPC framework by employing a similar quadratic
cost function, while adapting the predictive model to suit the cascaded control architecture. This structural
modification ensures that both control layers—the inner and outer loops—operate with distinct prediction
models tailored to their respective dynamics.

2.3. Cascaded generalized predictive control
2.3.1. Solving the CGPC

The CGPC approach extends the conventional GPC framework by employing a similar quadratic
cost function, while adapting the predictive model to suit the cascaded control architecture. This structural
modification ensures that both control layers—the inner and outer loops—operate with distinct prediction
models tailored to their respective dynamics. Figure 1 illustrates the general control structure of the proposed
CGPC system, designed using PSO.
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Figure 1. Diagram of the PSO-based cascaded GPC control loop
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The CGPC strategy calculates control actions by utilizing both the system’s actual output and an
intermediate state variable, effectively capturing the interdependence between the loops. This dual-layer
predictive mechanism enhances the controller’s ability to anticipate future system behavior more accurately
by incorporating control inputs, measured outputs, and intermediate references into the prediction process
[36], [37]. Within this cascaded configuration, the outer loop GPC governs the external system dynamics
(e.g., speed regulation) and the inner loop GPC is responsible for managing the internal system dynamics,
such as current control, using its own cost function and predictive setpoints. Figure 2 illustrates the structure
of the cascaded PI controllers optimized using the PSO algorithm.

i PSO optimizes Kp, Ki ! L &(0)
w(t) ; Vier (£) v U(t) i V() ¢ y(t)

[nner Outer
_ - P> P —» >
. PI-2 | % —» PI-1 process —’® process @9

Figure 2. Diagram of the PI controllers’ cascaded control loop based on PSO

2.3.2. Cost functions

In a cascaded control structure, two interdependent predictive controllers are used—ecach
responsible for one level of the control hierarchy. Consequently, the CGPC approach involves the
formulation and minimization of two distinct quadratic cost functions: one for the outer loop and another for
the inner loop. Each cost function adheres to the classical GPC formulation and is designed to penalize
deviations from the desired system response while accounting for the control effort.

Jopci(Ni1, Nog, Nyg) = 2028 [wa (8 + ) — 3508 + DI + A 274 [Awy (£ +j — D]
(13)
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¥,and P, represent the future outputs of the external and internal systems, respectively, and
Aw,: The calculated increments of the future internal setpoint.

2.4. CGPC for linear or nonlinear systems with constraints

The design of the constrained CGPC builds upon the conventional GPC framework, extending it to
accommodate both the outer and inner loops of the cascaded structure. In this dual-loop approach, constraints
are directly incorporated into each stage of the optimization process, ensuring compliance with physical or
operational limitations.

To represent the system dynamics in a more compact and computationally efficient manner, the
prediction equations for both loops are derived and expressed in matrix notation as in (14) and (15).

i =G wy+py (14)

y2 =G+ p; (15)
with:

Wy = [Aw,(£) Aw, (t + 1)....... Aw,(t + Ny — DT

P1 = [Piny Pingg 41 ooeeee P1N,, I

P2 = [Pany, Pang, +1 oooee- P2n,, I

where G;and G, represent the index matrices corresponding to the two subsystems. The first is the criterion
defined in (13) can subsequently be expressed in matrix form.
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The second one is the optimal solution is determined by first minimizing Ji, followed by minimizing J, based
on the outcome of the first minimization; this sequential optimization yields the control input applied to the
system.
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At each step, only the first control action from the optimized sequence is implemented on the system [38].
-1
Uopr () = Uppe(t — 1) + 1% zme{[a; Gy + Azl | GE(Wa g — pz)}

2.5. Overview of particle swarm optimization with penalty factor-based constraint handling

PSO is a population-based optimization technique inspired by the collective dynamics seen in social
organisms, such as bird flocks and fish schools. Due to its intuitive structure and strong performance, PSO
has become a popular method for solving a wide range of optimization problems, both constrained and
unconstrained, across various engineering disciplines.

In its standard form, an unconstrained optimization problem can be formulated as (17).

minJ(X;) = f(X), X; =[x}, xF, o, xY (17)

Subject to g;(X;) < O0forj=1,2,...,K.

In this formulation, f(X;) represents the objective (cost) function, and XxER" denotes the decision
variable vector associated with the i-th particle. The inequality constraints g;(X;) define the feasible region
of the search space.

The constraint formulation in (17) is flexible and not restrictive. For instance, an inequality
constraint of the formg;(X;) =0 can be equivalently rewritten as — g;(X;) < 0. Similarly, an equality
constraint g;(X;) = 0 can be represented as two simultaneous inequalities: g;(X;) < 0 and — g;(X;) < 0.

In the standard formulation of the PSO algorithm, each particle represents a potential solution and
updates its velocity and position iteratively. This update process is influenced by both its own personal best
position and the best position found by the entire swarm (global best) [39]. The evolution of the particle’s
velocity and position is governed by (18) and (19).

Vit +1) = wyVi(®) + &Ry (P = Xi(0) + cR, (B, = Xi()) (18)
Here, V; = [v},v?, .....,v"] represents the velocity of particle i, and X; = [x},x?2,.....,x"] denotes its

current position. P; denotes the personal best position previously encountered by the particle, reflecting its
most successful prior experience. Pg represents the globally best position discovered by the swarm,
corresponding to the most optimal solution found up to the current iteration. The inertia weight w governs the
influence of a particle’s previous velocity on its current trajectory and can be adaptively tuned to balance
exploration and exploitation [40].

The coefficients R, and R, are independently drawn from a uniform distribution over the interval
[0, 1]. This randomness can sometimes cause excessive variation in the particle’s trajectory. The learning
rates are represented by the positive constant parameters C; and C,.

To prevent particles from drifting too far outside the search space, the velocity components V; are
typically constrained within predefined bounds [=V,,in , Vinax] [15]. To account for constraints, a penalty
method is employed by modifying the cost function in (20).
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F(X) = f(X) + 2, B|g; (0] (20)
The penalty coefficient P; is defined as (21).

p={b ¥ 600>9 @
0 otherwise

2.6. CGPC with limitations for linear or nonlinear processes based on PSO

Using the cost function (7) alone to capture the plant’s operational requirements is challenging,
particularly when generating the control signal as outlined in (11). To more accurately represent these
requirements, additional constraints, such as those related to white noise, must be incorporated into the
control design. In some cases, additional constraints related to the system’s output can also be introduced to
better meet the system’s specifications. Research on constrained PSO [41], [42] indicates that incorporating
multiple constraints results in only a modest increase in computational complexity. This makes constrained
PSO a more efficient alternative compared to traditional methods like LMI approaches [43]. Consequently, as
long as the dynamic models are sufficiently accurate, the proposed method is adaptable to any modeling
approach, whether linear or nonlinear, and can be applied in both offline and online scenarios.

AK+j—1),j=12 .., Ny (22)

The cost function h; may also be simplified by omitting the term associated with the control signal, as shown
in (23).

AT Ayt + ) — D]? (23)

The intelligent GPC with constraints defines the cost function (24). The diagram of GPC with constrained
based on PSO is shown by Figure 3.

jnaly + ) —w(t + NI 24

Several constraints are proposed for the induction motor drive system, from the point of view of the
‘A Z?’;‘l [A,(t +j — 1)]?’ approach. They are as follows.
— The system specifics define the range of control signals: R, < R, , where R, and R, are determined by
the system characteristics.
— The control signals’ first-order differential value is |A,| < D;, where D;is a positive constant.
— The control signals’ second-order differential value is |AA, | < D,, where D, is a positive constant.

(D
t
——»| Constrained u(t) y(®)
PSO for CGPC »  Plant >
— Cost Function

A
Multiple
stepsahead
—> Model for il
7 Prediction
]

Figure 3. CGPC Structure based on PSO with constraints

These constraints have clear physical interpretations and can be easily implemented in practice.
Moreover, additional constraints on the system’s output can be integrated without significantly increasing
computational complexity, which offers a distinct advantage over methods like Linear Matrix Inequality
(LMI) techniques [44], [45].
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It is crucial to note that the system identification method is not a critical factor for this approach; any
accurate model—whether linear or nonlinear, and whether obtained offline or online—can be used within the
constrained CGPC-PSO framework. The CGPC controller, employed to regulate both the speed and current
of the induction motor drive, incorporates a PSO-based constraint, as illustrated in Figure 4.
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Pr il v,
- ds PSO for GPC ds
'.: . > 5}’ CURRENT ~ [—>©—>]
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Wg[

direct PARK
7'}

Figure 4. CGPC with PSO-based constraints applied in induction motor drive

3. SIMULATIONS RESULTS

Simulation tests were conducted on an induction motor powered by a standard three-phase 220/380
V power supply to evaluate the performance of the proposed GPC approach, considering both its cascaded
structure and the application of constraints.

Figures 5 and 6 illustrate two different test scenarios designed to assess the dynamic response and
robustness of the GPC controllers. For clarity, GPCO represents the system without the cascaded structure,
and GPCI represents the system with the cascaded structure. Figure 5 shows a no-load startup scenario. The
motor is commanded to reach a target speed of 400 rpm, followed by the application of a nominal load torque
of 5 Nm at t = 0.3 s, which is maintained for 0.3 seconds. The results demonstrate quick convergence to the
desired speed and effective disturbance rejection during the load torque application for both GPCO and
GPCI. Figure 6 depicts a speed reversal test, in which the reference speed alternates between +600 rpm and -
600 rpm. The simulation scenario includes a no-load start, the application of a resistive load between 0.35 s
and 0.75 s, and a reversal of the direction of rotation between 1 s and 2 s. The motor tracks the commanded
speed with minimal overshoot and a short settling time for both GPCO and GPCI1. This scenario further
highlights the controller’s excellent disturbance rejection capabilities and effective decoupling between flux
and torque, validating the performance of the cascaded GPC structure in GPC1.

Speed [tr/min]

400
;
300
4
200
100 GPC
—— GPC/cascade
| N
oV
0 0.2 0.6 0.8

0.4
Time [s]

Figure 5. Comparison between GPC controller and CGPC with constraints

Overall, the simulation results confirm that the GPC controllers, both with and without cascading
(GPCO0 and GPC1), successfully achieve precise speed control under dynamic conditions, demonstrating their
robustness and adaptability in managing various operational constraints. The parameters of the induction
motor used in the simulation are listed in Table 1.

IAES Int J Rob & Autom, Vol. 15, No. 2, June 2026: 445-457



IAES Int J Rob & Autom ISSN: 2722-2586 a 453

Speed [tr/min Cem
P 300[ 1 ‘ ‘ 80 : :
— GPCO —— GPCO
600)  GPOT H 60 _ Gpot H
400 40
200 20
0
0
-200) ('
-20
-400)
-40
-600) \-
800 0 = > 2 0 05 7 15 2 25
' time [s] : Time [s]
Flux falr [wb] Curr1%nt ids [A] | |
I I
25 — GPCO L — GPCO
' —— GPC1 — GPC1
2
15
1.14
05
0
0.5
1 S5 05 5 2 25
"o 05 1 15 2 25 ] time [si' |
Time [s]
Currentigs [A] Courantias [A]
50 I I 25 I I
40 I GPCO -, 20 - GPCO .
— GPC1 —— GPC1
30 15 H
20 10 !
10 ) 5 1+ [ - | 1y i
0 0
-10 -9 fr LN | A
-20 -10
-30 -15
40 20
0 05 5 2 2.5 0 1. 15 2 2.5
Time [s] Time [s]

Figure 6. Simulation results of the asynchronous machine drive under cascaded GPC control

Table 1. Induction motor parameters

Parameter Value
Rated power 1.1Kw
Rated voltage 220/380 V-50 Hz
Rated speed 1000 tr/mn
Rated torque 7 Nm
Stator resistance 8.1Q
Rotor resistance 32Q
Stator inductance 048 H
Rotor inductance 048 H
Mutual Inductance 046 H
Moment of inertia 0.006 kg.m?
Coefficient of viscous friction ~ 0.005 Nm/(rad/s)
Number of poles 3

4. COMPARISON WITH EXISTING APPROACHES AND CONTRIBUTIONS
4.1. Comparison with existing approaches

The proposed CGPC PSO method advances beyond previous control strategies in several keyways:
unlike PSO GPC approaches—such as Otmane [46], which optimized GPC parameters without explicit
input/output constraint handling, and He ef al. [6], which struggled with real-time computation and resilience
in perturbed MIMO environments—CGPC PSO robustly manages constraints and adapts online; compared

Cascaded generalized predictive control for induction drives under constraints ... (Rachid Amrouche)
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with LMI based MPC methods (e.g. Kim and Kim [7]) that, although ensuring constraint satisfaction, impose
prohibitive computational complexity for real-time deployment, and hybrid LMI convex MPC designs [8]
that falter in highly nonlinear or cascade-structured systems, CGPC PSO maintains both rigor and efficiency;
and versus neural predictive control strategies like Stiti et al. [9], whose neural network models require
retraining for each new system, and Wang et al. [10], whose neural-MPC variants lack effective real-time
adaptation under dynamic conditions, our approach offers generalizable, flexible prediction and adaptation
with improved robustness—demonstrating clear computational, adaptability, and performance advantages.

4.2. Contribution

The contributions of CGPC-PSO stand out when compared to existing methods. On the one hand, it
combines the simplicity and efficiency of PSO for optimizing predictive controllers while explicitly
managing constraints. On the other hand, it is less complex than LMI-based solutions and more robust than
neural approaches, which may suffer from limited generalization. Furthermore, the CGPC-PSO method
offers significant flexibility in terms of structure and adaptability, making it particularly suitable for real-time
industrial systems.

5. DISCUSSION

The present work addresses the scientific question of how to enhance robustness, constraint
management, and transient performance of GPC applied to induction motor drives. The study specifically
explores the potential of PSO to automatically tune key predictive parameters—such as the prediction
horizons and weighting coefficients—so as to achieve optimal control performance without increasing
computational complexity.

The results clearly demonstrate that the proposed CGPC optimized by PSO (CGPC-PSO) provides
significant performance improvements compared with conventional PI and standard GPC controllers.
Through the optimal selection of predictive parameters by PSO, the CGPC—PSO reduces overshoot by nearly
80%, halves the settling time, and minimizes the steady-state error. Furthermore, the proposed approach
maintains stability and tracking accuracy under variations in load torque and machine parameters, validating
its robustness and adaptability.

The conclusions are supported by both analytical derivations and simulation-based evidence. The
theoretical modeling of the induction motor in the (o, B) reference frame forms the foundation for the CGPC
formulation. The PSO algorithm is then employed to optimize the predictive control law with respect to a
cost function that balances tracking precision, control smoothness, and constraint satisfaction. Comparative
MATLAB/Simulink simulations with PI, GPC, and CGPC-PSO controllers under identical operating
conditions—such as speed reversal and load disturbances—demonstrate the superior dynamic and steady-
state performance of the proposed method.

The significance of these results extends beyond the context of induction motor drives. The
integration of metaheuristic optimization into predictive control design opens new perspectives for intelligent
and adaptive control of constrained systems. In particular, the CGPC—PSO provides a computationally
efficient alternative to LMI-based MPC, while avoiding the retraining complexity of neural-based MPC
methods. This makes the approach suitable for real-time applications in renewable energy systems, electric
vehicle propulsion, and industrial automation, where robustness and efficiency are essential.

This study, conducted in simulation, provides a solid foundation for future experimental validation.
The CGPC-PSO controller can be implemented on DSP or FPGA platforms. Future work will focus on
hardware-in-the-loop testing, comparison with other metaheuristic optimizers (JAYA, GWO), and
consideration of nonlinear effects, aiming to confirm the controller’s reliability and extend its applicability to
real industrial and robotic scenarios.

In summary, the integration of PSO-based optimization into predictive control provides a
computationally efficient and robust framework for constrained systems. CGPC-PSO offers a practical
alternative to LMI-based MPC while avoiding the retraining complexity of neural MPC, making it suitable
for real-time applications across industrial, robotic, and automated platforms.

6. CONCLUSION

The CGPC technique, enhanced by the PSO algorithm, has been introduced as an effective solution
for managing heavily loaded induction motor drives (IMD). This approach simplifies control design by
leveraging the advantages of PSO, eliminating the need for complex mathematical formulations, and
providing a practical, yet robust, solution for real-world control challenges.
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Performance evaluations through numerical simulations demonstrate that the CGPC-PSO controller
excels in precise tracking, maintains robustness under varying operating conditions, and effectively handles
operational constraints. Moreover, its low computational overhead and ease of implementation make it a
promising solution for practical applications.

Looking ahead, integrating this approach with other artificial intelligence techniques—such as fuzzy
logic, neural networks, or genetic algorithms—could further enhance the system’s adaptability and
performance. Such hybrid strategies could optimize parameter tuning and further improve robustness.
Additionally, transitioning from simulation-based tests to real-world experimental setups will be a crucial
next step to validate the controller’s effectiveness in real-time environments.

Other potential future directions include 1) extending the control framework to multi-motor systems
or complex industrial drives, which require coordination and synchronization; ii) exploring fault-tolerant
control strategies to improve system reliability, especially in the presence of sensor or actuator failures; and
iii) incorporating energy efficiency objectives into the control design to reduce power consumption while
ensuring high performance.
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