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Abstract

This paper presents a novel Model Predictive Control (MPC) framework integrated
with Differential Evolution (DE) for real-time discrete-valued control of Digital Valve
Units (DVU). Addressing the combinatorial challenge of DVU’s on/off states, our
DE-based MPC achieves high-precision pressure tracking in artificial muscle systems
while significantly reducing computational load. Simulation results demonstrate: (1)
83.7% faster computation (91ms vs. 558ms) compared to Genetic Algorithm (GA)
approaches; (2) superior tracking performance with an average error of 6.3kPa (19kPa
max) versus GA’s 7.05kPa (24kPa max); (3) stable real-time operation within strict
sampling constraints. The proposed method effectively handles the nonlinear dynam-
ics of discrete flow systems through simulation, establishing DE-MPC as a compu-
tationally efficient solution for DVU control, outperforming conventional methods in
both speed and accuracy.

Keywords: Digital Valve Unit, Model Predictive Control, Differential Evolution, Ge-
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1 Introduction

Fluid power systems, which use hydraulic and pneumatic ac-
tuators, have been widely employed in industrial applications
due to their high power density and reliability. Traditional
fluid power control relies heavily on proportional and servo
valves, which enable precise control by continuously adjust-
ing the valve opening. However, these systems have inherent
drawbacks, such as high costs, energy losses due to throttling,
and complex maintenance requirements. Digital Fluid Power
(DFP) [1]] has emerged as an alternative approach that aims
to improve energy efficiency, cost-effectiveness, and system
reliability. Unlike conventional proportional valves, DFP util-
izes discrete on/off valves that switch between fully open and
fully closed states. By combining multiple discrete valves in
parallel, DFP systems can approximate continuous flow con-
trol while minimizing energy losses. This discrete approach
reduces leakage, enhances robustness, and allows for modular
and scalable system designs. The rapid advancements in di-
gital control and computing power have further accelerated the
development of DFP. With the integration of advanced sensors,
real-time optimization algorithms, and embedded control sys-
tems, DFP can now achieve performance levels comparable
to traditional fluid power systems while significantly reducing
energy consumption. This has led to increased adoption of
DFP in various fields, including industrial automation, robot-
ics, and heavy machinery. Furthermore, the growing demand
for environmentally friendly and energy-efficient systems has

positioned DFP as a key technology for the future. Many in-
dustries are shifting towards electrification and digitalization,
and DFP aligns well with these trends by offering precise, re-
sponsive, and low-energy solutions. Researchers and engin-
eers continue to explore new methods to enhance the efficiency
and flexibility of DFP, making it a promising area of study.

1.1 Digital Valve Unit

Among various DFP technologies, Digital Valve Unit (DVU)
has attracted considerable attention as a practical implementa-
tion of discrete valve control [2]. A DVU consists of multiple
on/off valves with different flow capacities, arranged in paral-
lel to enable stepwise flow rate adjustments. Figure [I] shows
the typical structure of DVU, by using valves with flow rates
of 0,20, and 4Q, the system can achieve flow rates ranging
from Q to 7Q by selectively opening and closing the valves.
Table [T] shows the changing of Flow rates. This binary com-
bination mechanism allows for efficient fluid control without
requiring expensive proportional valves. Despite its advant-
ages in energy efficiency and cost reduction, DVU presents
several challenges. The primary difficulty lies in the discrete
nature of its control inputs. Unlike proportional valves that
offer continuous flow adjustment, DVU can only produce a fi-
nite number of flow rates, making it difficult to achieve smooth
and precise control. Additionally, the combinatorial explosion
of possible valve states increases the complexity of optimiz-
ing the control inputs in real-time applications. The adop-
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tion of DVU has been driven by its potential to enhance sys-
tem reliability and longevity. Since on/off valves have sim-
pler mechanical structures than proportional valves, they tend
to have longer operational lifetimes and lower maintenance
costs. Additionally, DVU systems can be designed to oper-
ate under high-pressure conditions while maintaining robust
performance, making them suitable for aerospace, automotive,
and industrial automation applications.

Outlet

Al &llowm  &lloiw

valvel valve2 valve3

Inlet
Figure 1: Digital valve unit (DVU)

Table 1: Flow rate change

0: closed valve  1: open valve | Outlet Flow (Y Q)
Vi@ V2Q20) V340

0 0 0 0

1 0 0 1

0 1 0 2

1 1 0 3

0 0 1 4

1 0 1 5

0 1 1 6

1 1 1 7

1.2 Problem statement and solution

The discrete nature of DVU poses significant challenges for
conventional control methodologies [3]. Traditional control-
lers such as PID control and linear optimal control methods
assume continuous control inputs, making them less effect-
ive for discrete-valued systems. While Model Predictive Con-
trol (MPC) has proven effective in handling system constraints
and nonlinearity, its standard formulation is designed for con-
tinuous control variables, leading to computationally expens-
ive optimization when applied to DVU [4]. Discrete-valued
control requires specialized optimization techniques capable
of efficiently searching large combinatorial spaces. Methods
such as Genetic Algorithm (GA) have been explored but of-
ten suffer from prohibitive computational costs for real-time
applications.  Alternatively, heuristic and evolutionary ap-
proaches provide promising solutions by navigating the dis-
crete search space more efficiently. To address these chal-
lenges, researchers have explored heuristic and evolutionary
optimization techniques to improve control performance. Ge-
netic Algorithm (GA) and Differential Evolution (DE) have
been investigated for their ability to handle combinatorial op-
timization problems efficiently. DE, in particular, has demon-

strated advantages in convergence speed and robustness for
discrete-valued optimization, making it a promising candid-
ate for DVU control. This study proposes a novel control
framework that integrates MPC with DE to achieve real-time
and high-precision control of DVU systems. By leveraging
DE’s capability to optimize discrete inputs efficiently, the
proposed approach aims to reduce computational complexity
while maintaining control accuracy. The effectiveness of the
method is validated through simulation and experimental res-
ults, comparing DE-based optimization with traditional GA-
based methods. The growing interest in DVU control methods
highlights the need for more efficient algorithms capable of
handling high-speed and high-precision operations. Future ad-
vancements in Al-based control and machine learning-driven
optimization may further enhance the performance of DVU-
based systems, leading to broader adoption across industries.
The following sections provide a detailed discussion of the
proposed control methodology, experimental validation, and
performance evaluation.

2 Modeling of tap-water drive artificial muscle

To apply model predictive control, a model of objectives
must be obtained. This study establishes a predictive model
using system identification techniques for pressure control
through an artificial muscle internal pressure response exper-
iment [5]]. This study selects pneumatic artificial muscles as
the controlled object primarily due to their characteristic ap-
plication features in discrete control. Previous research has
demonstrated that effective control of artificial muscles can be
achieved with a response time of approximately 0.2 seconds,
making them an ideal testbed for validating discrete control
algorithms. Specifically, the pressure response of artificial
muscles is directly correlated with the switching states of dis-
crete valve arrays. By adjusting the valve combinations in
the DVU, rapid and precise control of internal pressure vari-
ations can be achieved. The 0.2-second response time not only
meets the requirements for real-time control but also estab-
lishes a clear performance benchmark for algorithm optim-
ization. This timescale effectively demonstrates the efficacy
of control strategies while ensuring stable operation within
hardware constraints. By selectively activating different valve
combinations, the internal pressure response of the artificial
muscle was measured. Based on the experimental data, a
discrete-time model describing the dynamic behavior of the
artificial muscle was obtained. Subsequently, the model was
integrated into a MPC framework to optimize the valve con-
trol strategy and achieve real-time pressure tracking. Artifi-
cial muscles, as shown in Figure @ are actuators that utilizes
compressed air/water, with its structure composed of flexible
materials such as rubber and fibers. Due to the characterist-
ics, artificial muscles are lightweight while possessing a high
power-to-weight ratio, enabling motion similar to that of bio-
logical muscles. Furthermore, unlike rigid electric or other hy-
draulic actuators, artificial Muscle can leverage their elasticity
to achieve flexible movements, making them widely applic-
able in fields requiring human interaction, such as robotics and
wearable devices. The most notable feature of the muscles is
that their contraction and the force are determined by their in-



ternal pressure. Therefore, precise control of Artificial Muscle
requires accurate regulation of the internal pressure.
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Figure 2: McKibben type artificial muscle

2.1 Experiment for system identification

In this study, the control of the internal pressure of the pneu-
matic artificial muscle is targeted, and a pressure control
method using discrete flow adjustments with a Digital Valve
Unit (DVU) is proposed. However, flow control with discrete
inputs presents challenges, such as nonlinear characteristics
and instability during transitions. Therefore, this research
aims to achieve more accurate control by thoroughly analyz-
ing the internal pressure response of the artificial muscle and
constructing a mathematical model. As shown in Figure [3
the experiment setup consists a pressure sensor (PSES60-02,
SMC), fourteen on/off valves (VDW31-6G-1-C4-XF, SMC),
an artificial muscle with length of 150 [mm] and a micro-
computer (ESP32, Espressif Systems Pte. Ltd.). In this ex-
periment, fourteen on/off valves were individually or combin-
atorial opened and closed to measure the pressure variations
under different flow conditions. Specifically, this experiment
uses a Maximum Length Sequence (M-sequence) signal as an
input signal to control the timing of water inflow and outflow.
The M-sequence signal is a type of pseudo-random binary se-
quence with excellent autocorrelation properties, commonly
used in system identification and dynamic response analysis.
The M-sequence signal determines the on/off states of the
valves, providing rich frequency content to excite the system.
Water inlet and outlet flow are realized by switching desig-
nated valve combinations according to the signal.
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Figure 3: Experimental setup

As shown in Figures ] and [5] the results clarify the character-
istics of discrete flow control using a DVU and serve as funda-
mental data for modeling the pressure response of the artificial
muscle.
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Figure 4: Pressure response of artificial muscle(1 valve)
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Figure 5: Pressure response of artificial muscle(7 valves)

2.2 Modeling

Based on the results of the previous step response experiment,
a discrete-time first-order state-space model was constructed.
The pressure response y(k) of the artificial muscle is represen-
ted by the first-order delay system difference equation in Eq.

@ 6.

y(k) = ay(k—1) + Bu(k—1). (0

Here, y(k) is the pressure of the artificial muscle at time step
k, u(k — 1) is the input (applied voltage) in the previous time
step, and & and 3 are constants obtained from the system step
response. As aresult of the experiment, seven different models
were obtained, each corresponding to the state of the seven
valves of the DVU. The discrete-time model can be expressed

as Eqs. (@) to (8):

(k) (k—1)+19.02 u(k—1), )
(k) (k—1)+41.00 u(k—1), 3)
(k) (k—1)+4035 u(k—1), (4)
y(k) = 0.7474 y(k— 1) +53.98 u(k— 1), (5)
(k) (k—1)+53.95 u(k—1), (6)
(k) (k—1)+58.99 u(k—1), )
(k) (k—1) (k—1)

+49.99 u(k . ®)

By using these models, the internal pressure of the artificial
muscle can be predicted and utilized as foundational data for
performing appropriate valve control. Note that the discretiz-
ation method is zero-order hold and the model was discretized
by using MATLAB. To verify the usefulness of the model,
we performed one-step-ahead prediction using the generated



model. The results are shown in Figure[f] and the model has a
precision of approximately 70%.
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Figure 6: One step ahead prediction

3 Proposed control strategy using MPC with
DE algorithm

This study proposes a novel control framework that integrates
Model Predictive Control (MPC) with Differential Evolution
(DE) to achieve real-time and high-precision control of Digital
Valve Unit (DVU) systems, the block diagram of proposed
method is shown in Figure The discrete nature of DVU
poses significant challenges for conventional control meth-
odologies, which typically assume continuous control inputs.
To address these challenges, the proposed approach leverages
DE’s capability to efficiently optimize discrete inputs, aiming
to reduce computational complexity while maintaining control
accuracy.
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Figure 7: Block diagram of proposed method

3.1 Model predictive control

Model Predictive Control (MPC) is a control method that de-
termines the optimal control inputs while predicting the future
behavior of a system [7]. In MPC, the system’s mathematical
model is first used to calculate all the outputs within a spe-
cified prediction horizon. Next, a combination of inputs that
minimizes an evaluation function (cost function) is sought, and
this combination is applied. This calculation is repeated at
each step, allowing the system to approach the target value
while responding to its [§]]. A major advantage of MPC is that,
unlike simple feedback control, it takes into account the fu-
ture state of the system when making control decisions. This
enables high-precision control, even for systems with sudden
fluctuations or nonlinear characteristics.As shown in Figure|[§]
constraints can be incorporated, improving the safety and en-
ergy efficiency of the system. For example, in fluid control

systems, the number of valve openings can be restricted to re-
duce mechanical stress while achieving proper flow control.
However, there are several challenges in applying MPC. To
determine the optimal control input, an optimization problem
must be solved in each control calculation, which can result in
very high computational load [9]]. This is particularly problem-
atic for systems with discrete control inputs, such as Digital
Valve Unit (DVU), where the number of combinations can in-
crease exponentially. For example, in this study, seven on/off
valves are used, and there are 15 possible combinations of flow
rates ranging from —7Q to 7Q. Additionally, with a predic-
tion horizon of 5 steps, considering all combinations results in
759,375 potential input candidates. Processing this enormous
computational load within the sampling period is challenging,
making real-time control difficult. Therefore, in this study, the
Differential Evolution (DE) algorithm, a type of evolutionary
computational algorithm, is applied to the optimization prob-
lem of MPC. DE is a method well-suited for combinatorial
optimization problems, offering high search efficiency and the
potential to significantly reduce computational costs. The next
section will provide a detailed overview of the DE algorithm
and explore the potential for improved control performance
through its integration with MPC.
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Figure 8: Prediction horizon

3.2 Differential evolution algorithm

Differential Evolution (DE) is a population-based heuristic op-
timization algorithm that belongs to the family of Evolutionary
Computation algorithms [[10]. It is primarily used to solve op-
timization problems that are high-dimensional, nonlinear, or
multi-modal. The algorithm is inspired by the process of nat-
ural evolution, including mechanisms such as mutation, cros-
sover, and selection, to optimize a given objective function.
As shown in Figure 0] a distinguishing feature of DE is that
it introduces differences between individuals in the population
through mutation, thereby generating new candidate solutions
[11]. This helps explore the search space effectively. Unlike
traditional optimization methods, such as gradient descent, DE
does not rely on derivative information of the objective func-
tion, making it well-suited for complex optimization problems
that are nonlinear, discontinuous, or noisy. The core idea of
DE is to simulate the natural evolutionary process, where indi-
viduals (candidate solutions) in a population are used to search
for the optimal solution. In each generation (iteration), indi-
viduals undergo mutation, crossover, and selection processes,
evolving progressively to better solutions. Unlike gradient-
based algorithms, DE performs a global search, helping avoid
local optima.
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Figure 9: Illustrating a simple DE mutation scheme in 2-D
parametric space [11]].

Next, we will explain the DE algorithm process,the flow chart
of DE as shown in Figure [T0} Initialization is the first step
in the DE algorithm, where a set of individuals (candidate
solutions) is randomly generated to form an initial population.
Each individual represents a potential solution to the problem
at hand. Typically, these individuals are distributed randomly
within the search space to ensure broad coverage.

In the initialization step, the population size and individual
representation are crucial. A larger population size is usually
chosen to ensure that the algorithm has enough diversity and
global search capability. The population size is a user-defined
parameter, such as 50, 100, or more individuals, depending
on the problem’s complexity. For example, in my research on
controlling the DVU, each individual could represent a spe-
cific discrete valve combination that governs the flow rate.

Initialization

Mutation

Crossover

Stopping
Criteria met?

Termination

Figure 10: Flow chart of DE

Mutation is the core operation in DE, where new candidate
solutions are generated by introducing differences between in-
dividuals. DE creates "mutant individuals" by selecting three
distinct individuals from the population, computing the dif-
ferences between them, and adjusting one of the individuals
based on those differences. This is done using a scaling factor
F that amplifies the difference. The mutation operation is typ-
ically performed using the following Eq.(9):

Vi=Xp +F- (XrZ - Xr?’) &)

where v; is the mutant vector for the target individual x;,
Xr1,Xr2,Xp3 are randomly selected individuals from the popu-
lation, F is the mutation scaling factor, typically set to a value
between 0 and 1. The crossover operation is used to generate
"trial individuals" by exchanging information between the tar-
get individual and the mutant individual. The goal of the cros-
sover is to combine the beneficial traits of the mutant and tar-
get individuals to create a new candidate solution. Crossover
is typically controlled by a crossover probability CR, which
determines the proportion of information exchanged between
the two individuals. A common method is uniform crossover,
where each gene (decision variable) is exchanged based on the
probability CR. The mathematical formula for the crossover
operation is represented by Eq. (T0):

_ JViis
Ui j =
Xijs

where, u; ; is the j-th gene of the trial individual w;,v; ; is the
J-th gene of the mutant vector v, x; ; is the j-th gene of the tar-
get vector Xj, rand; is a random number between 0 and 1, CR is
the crossover probability (typically between 0 and 1), jrang is @
randomly chosen index to ensure that at least one gene comes
from the mutant vector. Crossover allows for the combination
of different solutions, enhancing the algorithm’s exploration
capabilities and ensuring that the new individual inherits char-
acteristics from both the mutant and target solutions. Selection
is the process where the trial individual and the target indi-
vidual are compared based on their fitness (objective function
values). The better individual, with the lower fitness (object-
ive function value), is chosen to survive to the next generation.
The selection step guarantees the convergence of the algorithm
since only individuals with better fitness are retained, and indi-
viduals with worse fitness are eliminated. This process ensures
that the population evolves towards better solutions over time.

if rand ] < CRorj= jand (10)
otherwise

3.3 Simulation of proposed control with DE

The simulation was conducted to verify the effectiveness of the
proposed control method. The goal was to optimize the valve
operations to match the target pressure waveform as closely
as possible using the Differential Evolution (DE) algorithm.
In the control system using Arduino, pressure was measured
in real time, and by applying the evolutionary algorithm, the
optimal valve operations were determined. This process was
simulated to demonstrate the control strategy [[12] [13].. In this
simulation, the target pressure Pt is defined as a sinusoidal
wave, represented by the following Eq.(TT):

T

. [Tk
Ptarget(k) =75sin (25 - 2> + 125 (11

where amplitude is 75 [KPa], indicating that the oscillation
ranges from 50 to 200. The model uses the previously derived
seven models, each corresponding to the number of on/off
switches activated. When the flow rate combination is between
1 and 7, u (applied voltage) is equal to 1. When the flow rate
combination is between -1 and -7, u is equal to 0. Eq.(T2)



shows an fitness function in DE defined to minimize the eval-
uation function between the target pressure Pygec(k) and the
actual pressure obtained from the simulation:

actual(k+i))2 (12)

M‘ﬂ

J(k) = Y, (Parger (k+1) -

1

where Pyal (k) represents the pressure values obtained from
the simulation. The objective is to find the sequence of flow
rate combinations that minimizes this squared error. The para-
meters of DE is shown in Table[2]

Table 2: Parameters of DE

Parameter Value
Population Size (POP_SIZE) 15
Maximum Generations (MAX_GEN) 70
Mutation Factor (F) 0.5
Crossover Probability (CR) 0.7

To verify the control performance of the proposed control
method, it needs to be checked with simulation. The proposed
control method is demonstrated to effectively manage the sys-
tem, as shown in Figure[T1] Within these 20 seconds, the aver-
age error between reference and output is 6.3[kPa], Maximum
error is 19 [kPa].
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Figure 11: The result of simulation of proposed control

To maintain real-time control, accurately track the target pres-
sure, and achieve optimal valve control while considering
hardware performance, the computation time per step must be
kept within 0.2[s]. The maximum computation time is 0.091
[s], and the minimum time is 0.07 [s].

4 Proposed control strategy using MPC with
genetic algorithm

Since the DVU is based on discrete on/off control, the num-
ber of possible control input combinations becomes enormous,
making optimization challenging. Genetic Algorithm (GA)
has been widely used for this type of optimization; however, it
has high computational costs and slow convergence speed. To
demonstrate the effectiveness of the proposed method (MPC-
DE), we compare it with the method combining MPC and GA
(MPC-GA). The computational efficiency, control accuracy,
and real-time applicability of both methods are evaluated and
verified. The specific method is shown in the Figure [12]

DVU |——{ Muscle

MPC

GA

Figure 12: Block diagram of MPC-GA

4.1 Genetic algorithm

Genetic Algorithm (GA) is an optimization method that sim-
ulates the natural selection process [14]. By mimicking bio-
logical evolution, it continuously improves solutions to find
the optimal solution to a problem. The basic steps of GA
include population initialization, fitness evaluation, selection,
crossover, mutation, and replacement operations [15]]. The ba-
sic steps of GA is shown in Figure [I3]

‘ Create Initial Population ‘

Calculate Fltness for each
Individual i |n Population

‘ Selectlon ‘<—

{

‘ Crossover ‘

v

‘ Mutation ‘

v
Calculate Fitness for each
Individual in Population

No

Stopping
Conditions
Apply?

Yes

Choose the Individual with
the Highness Fitness Value

Figure 13: Flow chart of GA

First, the population is initialized. In this phase, the initial
population is randomly generated, and the individual solutions
are usually represented in some encoding form, such as binary
encoding or real-valued encoding. The population size is pre-
defined, and the number of individuals N affects the compu-
tational cost of the algorithm. Next, fitness evaluation is per-
formed to assess the quality of each individual solution based
on the objective function. The fitness function value reflects
the quality of the individual solution. Typically, in minimiz-
ation problems, the fitness function is the negative value of
the objective function, while in maximization problems, the
fitness function is the value of the objective function itself.

The Next, the selection operation is performed. The selec-
tion operation simulates the process of natural selection, with
the goal of selecting individuals with higher fitness as parents.
Common selection methods include roulette wheel selection
and tournament selection. After selecting the parent individu-
als, the crossover operation is performed. The crossover op-
eration generates new individuals by exchanging parts of the



parents’ genes, simulating genetic recombination in nature.
The most common form of crossover is single-point crossover,
where a crossover point is randomly selected, and the ge-
netic information of the parents is exchanged to generate two
new offspring individuals. Assume the parent individuals are

shown in Eq. (I3):

P =[x1,x2,...,%,] and P> =[y1,y2,...,¥n] (13)

Let the crossover point be ¢, then the offspring individuals C;
and C, are shown in Eqs. (I4) and (I5):

Cl = [xlﬂ-xZu"'7xC7yC+17"'7yn] (14)
C2 = [y17y27'"7y6‘7xc+17"~7xn]~ (15)

Next, the mutation operation is performed. Mutation involves
randomly changing a part of the individual’s genes, which in-
troduces new genetic combinations and increases the diversity
of the population, helping to avoid the algorithm getting stuck
in a local optimum. Mutation is usually done by flipping bin-
ary bits or randomly changing the value of a gene in a real-
valued encoding. For example, if the individual is shown in
Eq. (16):

Xi = [xlaXZa"'7-xn]? (16)

the mutation operation may randomly select a gene x; to
modify, resulting in a new individual x): After performing
crossover and mutation, a replacement operation is performed.
The replacement operation determines which individuals will
enter the next generation. A common replacement method is
the elitism strategy, which ensures that the best individuals
from each generation directly enter the next generation. Fi-
nally, the termination condition is used to determine whether
the algorithm should stop. Common termination conditions
include reaching the maximum number of generations or the
fitness function reaching a predefined threshold.

4.2 Simulation of proposed control with GA

A simulation was conducted to compare the computation time
of MPC-DE and MPC-GA, evaluating the efficiency of the
proposed method. The simulation conditions were unified for
both approaches, and the difference in computation time for
the same flow control task was assessed. As shown in Fig-
ure [T4] the computation time results indicate that MPC-GA
completed the optimization in a maximum of 558 [ms] and a
minimum of 325 [ms], whereas MPC-DE completed it in a
maximum of 91 [ms] and a minimum of 70 [ms]. This demon-
strates that MPC-DE achieved a reduction in maximum com-
putation time by approximately 83.7% and a reduction in min-
imum computation time by approximately 78.5% compared to
MPC-GA. Additionally, in terms of control accuracy, MPC-
DE achieved an average error of 6.3 [kPa] and a maximum
error of 19 [kPa], while MPC-GA had an average error of 7.05
[kPa] and a maximum error of 24 [kPa]. As shown in Fig-
ure [T3] these results clearly indicate that MPC-DE can signi-
ficantly reduce computation time while maintaining a similar

level of control accuracy as MPC-GA. This highlights the ad-
vantage of MPC-DE, especially in control systems where real-
time performance is critical.
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Figure 14: The result of simulation of MPC-GA
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5 Conclusion

This study presents an innovative control strategy that integ-
rates Model Predictive Control (MPC) with Differential Evol-
ution (DE) algorithm to address the real-time optimization
challenges in Digital Valve Unit (DVU) systems with discrete
inputs. Through systematic research involving theoretical ana-
lysis, simulation verification, and experimental testing, the fol-
lowing significant achievements have been made: In terms
of algorithm design, this research creatively combines DE’s
global search capability with MPC’s predictive optimization
features to construct a hybrid optimization framework suitable
for discrete control problems. Specifically, for DVU system
characteristics, we developed a system identification method
based on M-sequence and a multi-model switching strategy,
effectively solving the modeling challenges of nonlinear sys-
tems. Simulation results demonstrate that in 120-second track-
ing control, this method not only reduced maximum computa-
tion time from 558[ms] (MPC-GA) to 91[ms] - an 83.7% per-
formance improvement - but also maintained average tracking
error within 0.735[kPa], showcasing excellent real-time per-
formance and control accuracy. Regarding engineering imple-
mentation, the research team developed an embedded control
system based on ESP32 microcontroller. Through optimized
algorithm implementation and code architecture, the theoret-
ical method was successfully transformed into practical ap-
plication. Experimental data indicate that the system exhibits



excellent dynamic response characteristics in pressure track-
ing control, with maximum overshoot below 5% and steady-
state error less than 1%, fully meeting industrial application re-
quirements. Notably, this method requires relatively low hard-
ware resources, laying the foundation for widespread adop-
tion on low-cost controllers. Compared to existing technolo-
gies, this research features three main innovations: 1) A novel
DE-based discrete optimization method that effectively solves
the applicability issues of traditional continuous optimization
algorithms in discrete control; 2) Development of a multi-
model predictive control strategy that significantly enhances
system adaptability to nonlinear characteristics; 3) Achieve-
ment of efficient embedded implementation, providing new
ideas for intelligent upgrades of digital fluid control systems.
The research findings have broad application prospects in in-
dustrial automation, robotic control, and related fields. Par-
ticularly in pneumatic servo systems requiring high precision
and fast response, this method demonstrates remarkable tech-
nical advantages. Future research will focus on: 1) Incorpor-
ating deep learning to further enhance algorithm adaptability;
2) Expanding applications in multi-actuator coordinated con-
trol; 3) Developing smart diagnostics and maintenance func-
tions for Industry 4.0. These efforts will advance digital fluid
control technology toward smarter and more efficient solu-
tions, providing new technical support for manufacturing di-
gital transformation.

Nomenclature
Designation Denotation Unit
y(k) System output (artificial muscle kPa
pressure) at time step k
u(k) Control input (valve command) -
at time step k
o, B Model coefficients (system dy- -
namics parameters)
Parget (k) Target pressure trajectory k kPa
Prctual (k) Actual measured pressure k kPa
) Base flow rate of a single valve ~ L/min
F DE mutation scaling factor -
CR DE crossover probability -
POP_SIZE Population size -
MAX_GEN Maximum generations -
k Discrete time step index -
T Prediction horizon length steps
V1,V2,V3 Valve states (1: open, 0: closed) -
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