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Abstract—This paper aims to experimentally validate the
stochastic approximated model predictive control (MPC) called
the random shooting (RS)-based control. This method was
designed to address the computational challenges of standard
MPC, mainly the computational complexity. However, RS-based
approximated MPC in its original formulation lacks guarantees
of recursive feasibility and closed-loop stability. Therefore, a
modification of the RS-based approach, a recursive RS-based
method, was also implemented to overcome these limitations.
The recursive RS-based method features a dual-mode control
strategy, which reduces the computational burden. The recursive
feasibility and closed-loop stability are enforced through the
integration of a support controller. The case study demonstrates
a successful implementation of offset-free reference tracking by
RS-based methods on a system with fast dynamics. The validated
control methods were implemented under strict computational
constraints, proving to be a fast, solver-free alternative that does
not compromise stability or recursive feasibility.

Index Terms—Model Predictive control, Stochastic Control,
Random Sequences, Process Control, Computational Complexity

I. INTRODUCTION

Model Predictive Control (MPC) represents the standard
control method for advanced process control in many areas
of the industry [1]. MPC is an optimization-based control
method that predicts future system behavior and computes

The authors gratefully acknowledge the contribution of the Scientific Grant
Agency of the Slovak Republic under the grants 1/0297/22 and 1/0239/24.
M. Horvathova acknowldges the contribution of the EU NextGenerationEU
through the Recovery and Resilience Plan for Slovakia under the project No.
09103-03-V04-00636. P. Valdbek, K. Kis are supported by the Slovak Research
and Development Agency under the project APVV-21-0019, and the European
Union’s Horizon Europe under grant no. 101079342 (Fostering Opportunities
Towards Slovak Excellence in Advanced Control for Smart Industries). P.
Valdbek also acknowledges the STU Grant Scheme for Support of Young
Researchers.

979-8-3315-2530-9/25/$31.00 ©2025 IEEE 130

27 Patrik Valdbek
Institute of Information Engineering,
Automation, and Mathematics,
Slovak University of Technology in Bratislava
Slovakia
patrik.valabek @stuba.sk

4™ Lenka Gal¢ikova
Institute of Information Engineering,
Automation, and Mathematics,
Slovak University of Technology in Bratislava
Slovakia
lenka.galcikova@stuba.sk

optimal control inputs while enforcing constraint satisfaction
in a receding horizon fashion.

However, the high computational demand associated with
solving an optimization problem of MPC at each control step
remains a challenge for real-time applications, particularly
in embedded systems with limited computational power and
memory. The optimal control law can be determined for all
possible initial conditions by using explicit MPC [2]. The
primary limitation of this method is the significant mem-
ory required to store the explicit solution, and the point-
location problem can be computationally demanding for high-
dimensional systems. Practical challenges in hardware synthe-
sis of explicit MPC controllers are discussed in [3].

To address these challenges of implicit and explicit MPC,
various methods were developed to approximate the optimal
feedback control law. In some works [4, 5, 6], neural networks
were used to design an explicit linear feedback law. However,
these approaches are suboptimal and lack stability guarantees.
Additionally, generating training data requires solving a large
set of optimal control problems.

Together with neural networks, move-blocking MPC and
reduced horizon MPC were designed to decrease the com-
putational complexity of conventional MPC. Move blocking
is a technique that keeps control inputs constant or otherwise
predefined over fixed intervals, which decreases the number of
decision variables. This speeds up the optimization of control
inputs but may introduce suboptimality if blocking intervals
are too long [7]. Reduced or adaptive horizon MPC shortens
the prediction horizon to decrease computational demands
while maintaining reasonable performance. However, it may
lead to instability in some cases [8].

Stochastic methods, which approximate MPC, have been
used in [9, 10, 11]. The RS-based framework for robust



controller design was analyzed in [9]. A detailed tutorial
on randomized algorithms for robust control synthesis was
presented in [10]. In contrast, [11] introduced a generalized
approach to solving convex optimization problems with ran-
domized algorithms, such as random shooting (RS), achieving
near-optimal solutions. The application of RS-based methods
in nonlinear chemical reactor control [12] and agile maneuvers
of a pendulum on a cart [13] validate their efficiency in
handling complex systems and systems with fast dynamics.
Although effective and library-free, RS-based methods do not
guarantee the stability or feasibility of the control, limiting
their reliability in safety-critical applications.

To overcome this limitation, recursive RS-based approxi-
mation of MPC [14] introduced a support controller, which
ensures feasibility under all operating conditions by providing
a solution when no feasible random shoot is found. More-
over, a dual-mode control strategy was incorporated, where a
stabilizing Linear Quadratic Regulator (LQR) is used within
a terminal invariant set. The dual mode control enhances the
approach’s real-time computational effectivity.

This paper presents the first experimental validation of
recursive RS-based MPC applied to a real-world system with
fast dynamics. The application is focused on reference tracking
and is compared to the standard MPC approach, explicit MPC,
and standard RS-based approximation of MPC in terms of
computational time, suboptimality, and memory footprint.

II. PRELIMINARIES

MPC is an optimization-based method that predicts the
behavior of a controlled system using its model. Its main
benefits include effective handling of constraints and multi-
variable systems and real-time responsiveness to feedback, i.e.,
receding horizon approach. MPC is considered as the baseline
approach in this work in the following formulation:

N-1

1)1(1151 In(zN) —O—kzzoé(l‘k,uk) (la)

s.t.: g1 = Az + Bug, (1b)
up €U, (1c)

T € X, (1d)

zy €T, (le)

z(0) = zo, (1f)
k=0,1,...,N —1, (1g)

where the model of the system is defined by the state
matrix A and input matrix B. The controlled system states
z and control inputs wy are subject to constraints defined
by the compact and convex sets X and U, respectively.
The optimization problem involves the decision variables X
and U, where X = [2],25,...,2}]" is the sequence of
future states, and U = [u],u],...,ul_,]" represents the
corresponding control inputs.

MPC only implements the first control action u(0) from
the solution of the optimization problem at the current time

step based on the current state measurement x(0). During the
next time step, MPC recomputes the control sequence over
a prediction horizon of length N based on the recent state
measurement.

Throughout the paper, we assume that the cost function uses
quadratic terms to penalize the terminal state x  and the stage
cost for states and inputs. Specifically, the terminal penalty
{n(zn) is defined as 2§, Pz, where P > 0 is the Lyapunov
matrix. The stage cost £(zy, ux) is given by ] Qzy +u, Ruy,
where Q = 0 and R > 0O are the weighting matrices. The
terminal set 7 C X, constructed considering the well-known
stabilizing LQR controller, is meant to contain the final state
xn to ensure stability.

III. RANDOM SHOOTING-BASED APPROXIMATED MPC

As discussed in the Introduction section, the MPC frame-
work still poses challenges for embedded hardware due to
its high computational and memory demands; these chal-
lenges call for alternative approaches. One of them is ran-
dom shooting-based approximated MPC, which relies on the
stochastic random generation of control sequences, i.e., ran-
dom shoots. These sequences are inquired for feasibility (con-
straint satisfaction) and performance, with the best-performing
feasible sequence U = {uo, u1,...,un—1} selected at each
time step. While suboptimal, the chosen sequence ensures
feasibility and safe operation. Suboptimality decreases as the
number of generated sequences increases, and for convex
control problems, both runtime and suboptimality can be
estimated in advance [11]. Additionally, this method can
handle scenarios with discontinuous cost functions and/or non-
convex constraints. In this work, we adopt the formulation
of the method presented in [12]. Notably, the method is
library-independent, with very low computational demands,
and allows users to tune the suboptimality of the solution based
on their preferences.

Algorithm 1 describes the basic principles of the random
shooting-based approximated MPC. Key variables include a
counter for each random selection of the control sequence—
random shoot (¢), feasible shoots (r), a feasibility flag (9),
and the maximum number of feasible shoots (/Ng).

A limitation of Algorithm 1 is that it does not guarantee to
find Nr feasible shoots within the sampling time ¢5, potentially
failing to achieve the desired suboptimality. In the worst case,
no feasible solution may be found, leaving no valid control
input ug available. Additionally, the algorithm does not ensure
recursive feasibility, meaning that future control steps might
also lack feasible solutions.

IV. RECURSIVE RANDOM SHOOTING-BASED
APPROXIMATED MPC

The goal of recursive random shooting-based approximated
MPC proposed in [14] is to combine the advantages of MPC
(Section II) and RS-based MPC approximation (Section III).
The approach ensures constraint satisfaction, recursive feasi-
bility, and asymptotic stability similar to MPC, while offering
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Algorithm 1 RS-based approximation of MPC [12].
Require: initial conditions x(0), Ng , maximal number of
random shoots Nyax, A, B, N, U, X, T, (z,u), In(zy)
Ensure: sequence of control inputs {ug, U1, ..., un_1}
L J—oos U+ T;r+ 0,10 // Initialize

2: while » < Ng and 7 < Ny, do

3 :f0<—x0,j,.(—0,§<—1,i(—i+1 // Reset

4: for j=0,1,...,N—1do

5 if £; € X then

6 G; < random{d : & € U} // Random
shoot

7: j,« < j,« + f(:ﬁj,ﬁj) // Penalty update

8: i‘j+1 — Aij +B’&,j // System prediction

9: else

10: 60+ 0 // Infeasible

11: break

12: if ==1and z € T then

13: jr — jr + gN(l‘N) // Terminal penalty
update

14: r&r —I—J // Update feasibility counter

15: if J, < J then

16: U + {ﬂo,ﬁh...,ﬂ]\/fl} // Update best

approximated control action
J <+ J, // Update cost
-,aN—l} —U

17:
: return {ug, U1, ..

a library-free, easy-to-implement solution for close-to-optimal
control on embedded platforms.

To achieve this, two modifications to the method described
in Algorithm 1 were made. Firstly, the dual-mode control ap-
proach, increases the computational efficiency of the approach,
as described in [15]. It consists of two modes: (i) Mode I:
LQ optimal control when system states xx € 7, and (ii)
Mode II: random shooting control input when the states are
outside the terminal set 7. Compared to conventional MPC,
the dual-mode control reduces the average real-time effort for
evaluating the control input, as the computation simplifies to
a matrix multiplication in (2) once the system states enter the
terminal set 7. The terminal set controller F1,q corresponding
to the terminal set 7, computes the optimal control action as
follows:

u(k) = FLq (k). 2

The controller gain Fy,q is obtained as the solution to the
discrete algebraic Riccati equation for a linear time-invariant
(LTT) system, as discussed in [16]. It guarantees the asymptotic
stability of the controlled LTI system for Vz € 7. This
improves the resource efficiency of the controller, enhancing
battery life and optimizing hardware performance.

The second modification is the presence of a support con-
troller F' that guarantees recursive feasibility and closed-loop
stability, as proven in [17] and [14]. The key advantage of
using the support controller in the RS-based MPC approxi-
mation is that it initializes the evaluation of an asymptotically
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stable controller while its performance improves continuously
through the recursive method described in Algorithm 1. Unlike
the method described in Algorithm 1, where the best solution
from the previous step is discarded, the recursive RS approach
reuses the best solution found in the last step for the current
one. If no better solution than the one coming from the support
controller is found, the previous best solution is applied in a
receding horizon control fashion, as discussed in [18].

The support controller F is designed to ensure feasibility
under a conservative set of physical constraints, which may
lead to suboptimal control performance. However, it serves
as a backup control input when no better solution is found.
In Algorithm 2, 4, z, J, represent variables for an individual
random shoot, while w,.J correspond to the approximated
solution of the MPC problem in (1). The parameters i, 7, 9,
Ny represent the same as in Algorithm 1.

In contrast to Algorithm 1, Algorithm 2 introduces two aux-
iliary inputs, U and .J, which are initialized before executing
the closed-loop control and contribute to the recursive nature
of the random shooting-based evaluation. The sequence of
support control inputs, U = {tg, 1, . ..,un_1}, is initialized
using the state-feedback control law defined as (k) = Fz(k).
The support penalty J(Z, %) is computed as

N-1
J(x, ) = > &k, i) + In(Zn),
k=0
where @ and Ty, for all k = 0,1,..., N — 1, represent the

support control inputs and the corresponding support system
state trajectory, respectively. Algorithm 2 also evaluates (Np —
1) random shoots, effectively skipping the evaluation of one
random shoot. This modification comes from the availability
of a support sequence of control inputs U, which guarantees
that U ensures the constraints satisfaction, maintains recursive
feasibility, and asymptotic stability.

V. REFERENCE TRACKING

For the successful implementation of the offset-free control
using strategies described in this paper, an integral action was
incorporated into the model of the system. This is done by
augmenting the state vector of the system as follows:

[Ej-?(f Z(J'J ’

where Z?:o e(y) Zkzo(yref(j) —y(j)) represents the in-
tegral (sum) of the control error at a given discrete time step £,
and y.r € R™ denotes the reference. The augmented system,
defined with respect to the original state, input and output
matrices A, B, C' and the sampling time ¢ is represented as:

(k) 3

p A 0
i= e 1)

This method of state augmentation is a standard practice for
achieving offset-free reference tracking.

B[B}, c=[Cc 0. )

0



Algorithm 2 Recursive RS-based approximation of MPC

problem [14].

Require: initial conditions z(0), Nr, Niaxo
A, B,NU,X,T,l(x,u),{n(xy,), terminal controller
Fiq, support controller F, initialization of support
control inputs U

Ensure: sequence of control inputs {ug, @1, ...,un—1}, Sup-

port control inputs U, support penalty J

7+ 0,10

U + U, UunN < < // Initialize recursive RS

for ; =0,1,...,N — 1 do
J j-l—ﬁ(:i’i,ﬂi) // Penalty update
Tit1 < Az, + Bu; // System prediction

: c’]:(f j+£N(§3N)

J—J

: while 7 < (Ngp — 1) and i < Np,ax do

B0 420, Jyp 0, S 1,0+ i+1

for j=0,1,...,N—1do
if £; € T then

ﬂj — lﬁigij

// Initialize

// Terminal penalty update

R A A o

// Reset

— = =
N2 e

// LQ optimal control
input

13: else

14: G; <« random {u :
shoot

15: if £; € X then

16: A
update

17: Tjy1 < A + Bu;
prediction

18: else

19: 0+ 0

20: break

21: if ==1and 25 € T then

22: J. «— J. + In(EnN)
update

23: T — r 4+ 1
counter _

24: if J, < J then

25: U + {ﬂo,ﬂl,”
approximapgd solution

26: J <« J,

27: UN —
control

28: IN41 AZn + Bapy,
Update terminal penalty

29: if uy == @ then

4 € U}

// Random

jr + f(i‘j,ﬁj) // Penalty

// System state
// Infeasible

// Terminal penalty

// Update feasibility

.,ﬂN_l} // Update best
// Update reference penalty
FIn // Update support

In(Tng1) //

30: (N — F.TN // Update recursive support
control
31: return {ug, u1,...,un—1} < U,

32: U + {ﬂl,ﬂz,...,ﬂ]\]}, J

VI. CONTROLLED PLANT

The Flexy device is a single-input, single-output (SISO)
system and it is characterized by fast dynamics [19]. Specif-
ically, the sampling time of the device was set to t; = 0.1
s. The device consists of a fan with adjustable rotation speed
acting as an actuator, which allows to produce an air flow.
The air flow is exerted towards a flexible sensor that detects a
bending (controlled output) caused by the airflow. The bending
is detected through changes in electrical resistance and it is
scaled to a normalized range of [0,100]%. The goal of the
controller is the reference tracking to maintain the sensor bend
at a desired level.

-1

g [0
f‘ﬂ%{[/ﬂ,

il
2 ,'L,{,w

Figure 1. Controlled Plant Flexy [19].

The system’s response is asymmetric as it changes when
performing a negative or positive step change. To address
this, step changes in both positive and negative directions
were identified using the Strejc method for step-response
identification [20]. The obtained mathematical model was
converted into a discrete state-space form. To successfully
remove the control offset, the integral action was added to the
model, increasing the dimensionality of the states as described
in (4). The augmented state, input, and output matrices are as
follows:

-
A 0.5394 0| 34 0.0763| A 4.2317
A= [ ] = "5 0= "]

VII. CONTROL SETUP

The experimental results were generated using MAT-
LAB/Simulink R2022b on a PC equipped with an i5 2.7
GHz CPU and 8 GB of RAM. The optimization problems
were modeled using the YALMIP toolbox [21], and the
optimiation problems were solved using MATLAB’s built-in
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solver, Quadprog. All control methods were designed using
weighting matrices ) and R defined as:

100 0
Q= [ 0 10} , R=0.01. 6)

The control output was defined within the range of [0, 100]%,
where the steady-state output of the Flexy device was set to
50%, and the control input was constrained within [0, 80]%,
with the steady-state value 40%. Therefore, the input and
output constraints in the deviation form were specified as:

—50% < y < 50%, —40% < u < 40%. 7

Additionally, the augmented state vector from (3) was con-
strained to:

[—50, —1000] " < & (k) < [50,1000] . (8)

The recursive RS-based approach considered a required
number of feasible shoots Ng = 500, with a maximum
number of random shoots set to Ny..x = 1000. the same
Nmax = 1000 was also used for the non-recursive RS-based
approach. The support controller gain was designed using the
method proposed in [22] as follows:

F =[-0.2103,-0.0291] . )
The LQ optimal controller gain F1,q in (2) was computed as:

Frq = [-0.4022, —0.8720] . (10)

VIII. RESULTS

This section analyzes the performance of three control
strategies. The first approach involves the RS-based approx-
imation of MPC as described in Algorithm 1, detailed in
Section III. The second method implements the recursive RS-
based approach [14] described in Section IV. The conventional
MPC presented in Section II was employed to evaluate the
suboptimality level and computational demands.

Figure 2 illustrates the closed-loop control trajectories gen-
erated by the implemented methods. As shown in Figure 2,
all three strategies successfully ensured offset-free reference
tracking for the Flexy device. Algorithm 2 generates con-
trol inputs using one of the following methods: (i) random
shooting, (ii) the support controller defined, or (iii) the LQ
optimal controller described in (2). The dashed blue trajectory
in Figure 2 corresponds to the control sequence obtained via
Algorithm 2.

The first three control steps of the blue trajectory were
computed using the support controller in (10), followed by
17 steps determined through random selection, i.e., shooting.
Once the system states entered the terminal set 7, the remain-
ing control actions were computed using the LQR controller
from (2) designed for the terminal set 7. Consequently, these
control actions aligned with the optimal actions produced by
the conventional MPC method.

As discussed in Section IV, control inputs derived using
Algorithm 2 ensure both closed-loop stability and adherence
to physical constraints on system inputs and states. In contrast,
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Figure 2. The control performance of reference tracking for the Flexy

device using: the RS-based controller (solid green), the recursive RS-based
controller (dotted blue), the conventional MPC controller (dashed red). The
physical constraints on control input are depicted in black-dotted lines, and
the reference is in black dashed lines.

Table 1
COMPARISON OF THE SELECTED CONTROL METHODS: MPC, EXPLICIT
MPC (EMPC), RS, RECURSIVE RS.

Control Method MPC EMPC RS Recursive RS
tavg [ms] 359 1.5 17.7 59
Jiotal [>< 107] T 2.363 2.446 2.371
Memory footprint [kB] | 0.296  7.056  0.312 0.424

control actions generated by Algorithm 1 (solid green) may not
consistently maintain closed-loop stability and feasibility.

The numerical comparison of the results is summarized in
Table 1. For the conventional MPC, the control performance
criterion Jiota) is the closed-loop cost J in (la). For the ran-
dom shooting-based approaches the criterion J; ; corresponds
to J, as specified in Algorithm 1 and Algorithm 2.

In Table I, the symbol ” 1” indicates that the corresponding
criterion was not applicable due to the fact that the compu-
tational time of the first control input using MPC exceeded
the sampling time of the Flexy device. Implementation of RS-
based and recursive RS-based methods decreased the average
computational time t,,z by 51 % and 84 %, which was less
than the sampling time of the flexy device.

Explicit MPC (EMPC) was also evaluated as a benchmark
to analyze the suboptimality of the approximated approaches.
When comparing the RS and recursive RS methods, the
implementation of the recursive RS approach resulted in a
decrease in t,ys. The suboptimality level of the closed-loop
performance, as evaluated by Jioa1, was approximately 0.4%
for the recursive RS-based method, compared to roughly 5%
for the RS-based control method. Notably, the suboptimality
of this approach can be tuned using the number of feasible
shots, allowing a trade-off between control performance and
computational time. Although highly efficient, implicit MPC
demonstrated a significant increase in memory usage, with



explicit MPC leading to a 96 % increase in the case of RS-
based approximation of MPC and 94 % for recursive RS-based
approximation of MPC.

This section demonstrated the effectiveness of the RS-based
approaches through experiments performed using the Flexy
device. The results show that the proposed control strategies
can handle systems with fast dynamics, even in the context
of the reference tracking problem and under very limited
availability of computational resources.

IX. CONCLUSION

This paper presents an experimental implementation of an
RS-based approximation of MPC, focused explicitly on refer-
ence tracking. RS-based methods offer a solver-free, stochastic
alternative to MPC. However, they lack the recursive feasibility
and closed-loop stability guarantees. A recursive RS-based
approach was later introduced to ensure recursive feasibility
and closed-loop stability while maintaining computational
efficiency. Both methods were validated on a system with
fast dynamics and compared with implicit and explicit MPC
in terms of computation time, suboptimality, and memory
usage. Implicit MPC was not usable due to high computa-
tional demands, while RS-based methods significantly reduced
computation time. Recursive RS-based MPC achieved near-
optimal performance with lower memory usage than explicit
MPC while maintaining performance and ensuring closed-loop
stability and recursive feasibility guarantees. These methods
can be particularly suitable for systems with strict computa-
tional constraints, such as embedded systems.
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