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Modeling of an Electro-Hydraulic System for
Wave Generation in a Wave Channel

Batin Demircan, Tugce Yaren, Ersin Akyuz, Sabri Bicakci

Abstract—This paper presents a black-box mathematical model
of the electrohydraulic system controlling the wave generation
structure in a wave channel under various operating conditions.
For the position control of the system, NI-CRIO 9074 hardware
and LabVIEW software were used. Open-loop position control
experiments of the hydraulic cylinder were conducted using
stimulus signals with different initial positions (0, 120, and 240
mm) and amplitudes. Data were recorded for different sampling
times: 1 ms, 2 ms, 5 ms, and 10 ms. The recorded data were
processed using the System Identification Toolbox (SIT) in
MATLAB, and system models were developed in both continuous
and discrete time domains using transfer function, state space,
and AutoRegressive with eXogenous input (ARX) models. These
models were compared and analyzed based on their fit rates to the
training and test data. Among the system models with high
compliance rates, the top three models were selected for further
comparison using an additional test dataset. Based on this
evaluation, the transfer function model (120 mm initial condition
and 1 ms sampling time) type was identified as the best-
performing model. This model was successfully integrated into the
real-time control study, achieving effective controller
performance.

Index Terms—Wave channel, Electro-hydraulic
Hydraulic control, System identification, Black-box.
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I. INTRODUCTION

AVE CHANNEL SYSTEMS are critically important in

many engineering and research fields, such as
interaction with coastal structures, wave energy, and flood and
tsunami modeling [1-3]. These systems enhance the accuracy
of experimental studies by generating water waves in specific
forms. Wave generation is typically carried out using flap,
plunger, or piston-type mechanical systems, and these
mechanisms are driven by technologies such as electric motors,
servo systems, pneumatic actuators, and electrohydraulic
systems (EHS) [4, 5].

EHS, with its high power-to-weight ratio and rapid
response capabilities, stands out by enabling the generation of
complex waveforms in wave channel applications. However,
their complex structures, arising from nonlinear dynamics,
time-varying parameters, and susceptibility to external
disturbances, necessitate accurate dynamics modeling and the
development of effective control strategies [6].

System identification techniques play a critical role in the
modeling processes of EHSs. These techniques enable the
development of models that accurately represent the system's
dynamics using various mathematical approaches such as
transfer function (TF), state space (SS), and AutoRegressive
with eXogenous input (ARX) models with external inputs,
leveraging experimental data [7-10]. Each modeling method
offers different advantages in analyzing system dynamics and
designing effective control strategies. While transfer functions
and state-space models are more traditional approaches, the
ARX model offers a data-driven alternative that can be
particularly useful in scenarios where system dynamics are
complex and cannot be easily captured by physical models.

The choice of modeling technique depends on the specific
requirements of the EHS application, as well as the desired
accuracy, computational efficiency, and the complexity of the
system dynamics. Each method contributes to a deeper
understanding of system behavior and facilitates the
development of effective control strategies. In the literature,
numerous studies have been conducted using various methods
and approaches to better understand the complex dynamics of
EHSs and to develop accurate system models. Rahmat et al.
used the MATLAB System Identification Toolbox (SIT) to
derive an ARX model of the EHS and designed a P1D controller
tuned with the Ziegler-Nichols method based on the obtained
model [8]. Similarly, Das et al. utilized artificial neural
networks to model the nonlinear dynamics of an
electrohydraulic actuator (EHA) system and validated the
model with experimental data [11]. Salleh et al. also used SIT
to identify an ARX model of the EHA system and reported that,
during the model validation phase, the predicted model
demonstrated high accuracy in representing the actual system
behavior, achieving a best fit of 94.88% [12].
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The Recursive Least Squares (RLS) method is one of the
approaches used for system identification of EHSs. Ghazali et
al. modeled the EHA system with time-varying parameters
using the system identification method and derived a linear
discrete-time model. The model parameters were estimated
using the RLS algorithm [13]. Furthermore, the use of
nonlinear state-space models, as explored by Yan et al., enables
a more comprehensive representation of system behavior under
varying operating conditions and significantly enhances the
accuracy of the identified models [14].

Black-box modeling techniques have gained increasing
importance in the modeling of EHSs due to their capability to
represent complex system dynamics without requiring detailed
knowledge of underlying physical processes. These approaches
rely solely on input-output data to develop mathematical
models that can predict system behavior under various
operating conditions [15]. Jin and Wang highlighted that black-
box methods, such as artificial neural networks and fuzzy
systems, can effectively capture the dynamics of hydraulic
cylinders by fitting models to experimental data, thereby
addressing the inherent modeling uncertainties present in
hydraulic systems [16]. This capability is particularly
important in EHS applications, where inherent nonlinearities
and varying operational conditions often complicate traditional
modeling approaches.

Mitov et al. successfully achieved control performance by
analyzing the robustness of an electro-hydraulic steering
control system wusing a black-box model [17]. The
implementation of advanced control strategies, such as Model
Predictive Control (MPC) and Linear Quadratic Regulator
(LQR), largely depends on accurate system identification. By
comparing the performance of these controllers, Mitov et al.
demonstrated that the effectiveness of control strategies is
significantly influenced by the quality of the underlying system
model obtained through identification techniques [18].

Recent advances in electrohydraulic systems have
highlighted the critical need for accurate and efficient modeling
approaches, particularly under varying operating conditions.
While traditional white-box models rely heavily on detailed
physical parameters, recent studies have demonstrated the
growing importance of black-box and data-driven techniques
for capturing system dynamics with limited sensor data [19,
20]. For instance, Schwarz and Lohmann [21] proposed a
robust identification method based solely on pressure signals,
enabling effective modeling even in sensor-constrained mobile
hydraulic systems. Similarly, energy-focused investigations by
He et al. [22] emphasized the role of pump-controlled
architectures in improving system efficiency, while Han et al.
[23] introduced deep learning methods to predict complex
nonlinearities such as friction in hydraulic actuators. In a
related effort, Kim et al. [24] demonstrated that neural network
inverse models could outperform traditional adaptive control in
force control of hydraulic actuators, highlighting the
limitations of physical models under uncertain dynamics.
Likewise, Jiang et al. [25] proposed a neural network-based
adaptive disturbance rejection strategy that integrates model
reference control with nonlinear hydraulic models, showing
increased robustness under high nonlinearities. Dindorf [26]
further contributed to this domain by introducing a discrete
incremental hydraulic positioning system using binary valves,
which achieves accurate sensorless step positioning based on
dynamic modeling and simulation. Building upon these
developments, this study presents a black-box modeling
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framework for an electrohydraulic wave-generation system,
emphasizing model accuracy, experimental validation, and
integration into real-time position control.

In this study, the dynamics of the EHS, illustrated in the
schematic diagram in Fig. 1, were examined using a black-box
modeling approach applied to the wave generation mechanism
located in a 24x1x1 m laboratory-scale wave channel at the
Department of Civil Engineering, Faculty of Engineering,
Balikesir University. Experiments were conducted by applying
stimulus signals with varying initial positions (0 mm, 120 mm,
and 240 mm) and amplitude values, and the corresponding
system responses were recorded. The collected data were
processed using the SIT, and models were obtained in transfer
function (TF), state-space (SS), and ARX structures. The
prediction performance of these models was evaluated under
different sampling times (1 ms, 2 ms, 5 ms, and 10 ms) for each
initial condition. The model fit (FIT) ratios of the TF, SS, and
ARX models were assessed for all initial positions.
Furthermore, the models developed using training datasets
were tested on validation datasets at different time scales.

This study presents a comprehensive analysis of the
dynamics of a wave-generating mechanisms under varying
initial conditions and sampling times, contributing to the
modeling process of EHSs. The findings lay a significant
foundation for improving the control performance of
electrohydraulic systems in wave channel applications. The
main contributions of this study are outlined as follows:

o Experimental modeling of an electrohydraulic flap-type
wave generator system under different initial positions and
amplitude levels.

e Development and comparison of TF, SS, and ARX models
using the SIT, based on a black-box modeling approach.

e Evaluation of model accuracy across various sampling
times to support the design of effective control strategies.

The structure of this paper is organized as follows: the
section "Materials and Methods" details the EHS, the
methodology for conducting experiments, and the development
of transfer function, state-space, and ARX models using the
SIT. The section "Results" discusses the validation of the
obtained models under various operating conditions and their
comparative analysis. The section "Conclusion™ provides the
final conclusions and future work.

Position
sensor
Double

Acting
h 4
K K
[ A

| Controller

Proportional
Valve

r—

7'y
Pump I__
Relief
L

Motor L valve

Fig. 1. Schematic diagram of EHS

Il. MATERIAL AND METHODS

A. System Overview and Modeling

The EHS used in this study consists of a hydraulic cylinder
and a hydraulic pump unit, as shown in Fig. 2a. The hydraulic
cylinder is a double-acting, double-rod servo cylinder, while
the hydraulic pump unit is equipped with a proportional
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directional control valve, a hydraulic power supply, and safety
components. This system is central to the experimental setup,
as shown in Fig. 2b, and plays a key role in generating and
controlling the wave dynamics, as shown in Fig. 2c.

Hydraulic Cylinder

Y

FlapType
Wave Maker  Water

Damping
Beach

Wave Direction

1 Meter

24 Meters

Fig. 2. (a) Hydraulic cylinder and pump unit (EHS), (b) physical wave
channel system, (c) general structure of the wave channel.

The NI-CRIO 9074 packaged controller (PAC) used for
EHS position control is operated by the user via LabVIEW
software running on a Windows platform. Table 1 presents the
hardware specifications of the NI-CRIO 9074 PAC [27].

TABLE |
NI-CRIO 9074 PAC SPECIFICATIONS
FEATURE SPEC
Processor 400MHz Freescale MPC2500
Memory 128 MB
Flash Memory 256 MB
1/0 Module Slots | 8 hot-swappable C Series module

To provide a clearer understanding of the architecture
within the experimental setup, a detailed block diagram of the
system is shown in Fig. 3.The diagram illustrates the
interactions between the hardware components—including the
NI-CRIO-9074 controller, LabVIEW interface, hydraulic
valve, servo cylinder, and the flap-type wave maker—along
with their electrical, mechanical, and hydraulic connections.
This structure enabled real-time data acquisition and control
during the experiments.

Hydraulic

Valve
CRIO | NI-9263 ——I |

9074 Hydraulic Flap Type Wave
NI-9215 <} Lvdt <> . «l -
[ Cylinder Wave Maker Channel

Hydraulic I Hydraulic Connection
— . .
Pump [ Electrical Connection
Notebook ) ) .
Unit I \viechanical Connection

Fig. 3. Block diagram of the experimental system architecture and signal flow

The hydraulic servo cylinder used in the wave channel is
custom-made, designed to handle a frequency of 0.625 Hz at a
300 mm stroke value and a +/- 150 amplitude. The general
structure of the servo cylinder is shown in Fig. 4. Since the
servo cylinder is double-ended and double-acting, the chamber
volumes are equal when the cylinder is at the 350 mm position.
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Fig. 4. Hydraulic servo cylinder.

The servo cylinder consists of two main parts: the bore side
and the rod side. Because the cylinder is symmetrical, the areas
on both sides are equal. The area and force generated by the
servo cylinder are calculated using the following equations:

= Tp2_ 1)
A= (D -d?)

F=P.A )

where D is the piston diameter, d is the rod diameter, P is the
hydraulic pressure, A is the piston area, and F is the generated
hydraulic force. The cylinder volume, the time required for
piston travel, and the volumetric flow rate are calculated based
on piston area and stroke length (L), as follows:

V=AL (3)

— @)
v

Q=Av (5)

where v is the average piston velocity, V is the cylinder volume.
The design criteria for the cylinder include a piston diameter of
50mm, a rod diameter of 28mm, a stroke length of 700mm, an
oil flow rate of 48 Ipm, and a fixed operating pressure of 30
bar. The results of these calculations are provided in Table 2.

TABLE Il
CALCULATED HYDRAULIC SERVO CYLINDER PARAMETERS
SPEC VALUE
Area (cm?) 13.4774
Volume (1) 0.9434
Force (kN) 4.0432
Time (sec) 1.1792
Velocity (m/s) 0.5935
Outflow (Ipm) 63.930
TABLE Il
HYDRAULIC PROPORTIONAL DIRECTIONAL VALVE PARAMETERS
SPEC VALUE
Nominal Voltage 24 VDC
Absorbed Power 70W
Maximum Current 26 A
Current Signal -10/+10 V
Duty Cycle 4-20 mA
Max operating pressure -P-A-B 100%
Max operating pressure -T port 350 bar
Nominal flow with Al1Obar P-T 210 bar

The proportional directional valve (PDV) used in the EHS
is the Duplomatic Oleodinamica DSE3J model, which receives
control signals in the range of +10 V. It governs the flow of
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hydraulic fluid to the servo cylinder, thereby enabling position
control within the 0—700 mm range. The NI-CRIO 9074 PAC
communicates with this valve via analog output modules. The
fluid used has a density of 0.869 kg/L and a kinematic viscosity
of 46 cSt. The specifications of the PDV used in the system are
summarized in Table 3.

Although all hydraulic components in the wave channel
system can be modeled mathematically, the nonlinear
characteristics of the hydraulic system—such as pressure-
dependent behavior, temperature sensitivity, and fluid
dynamics—make the derivation of a complete analytical model
highly challenging. Therefore, only essential mathematical
formulations for the hydraulic servo cylinder and its associated
flow dynamics are considered. The PDV ports—P (connected
to the pump), T (connected to the tank), and A/B (connected to
the two sides of the cylinder)—allow bidirectional control of
the cylinder position, as illustrated in Fig. 5.

Ql =A,v Q;)_ =A,,V
T e P B\" T
o T T
SR nmni 1Y
({0 I Y 2L |14 'R
Bl R B BELI Bl

Fig. 5. Schematic of the PDV flow at neutral and for positive excitation.

The motion of the hydraulic piston can be generally
described by Newton’s second law, which states that the net
force acting on a moving mass equals the sum of inertial,
damping, and spring forces. This relationship is expressed in
the classical form:

F=m¥+bx + kx (6)

However, in electro-hydraulic systems, the driving force is
not applied directly but is instead generated by hydraulic
pressure acting on the piston surfaces. By considering the
effective pressure forces on both sides of the piston, along with
the return stiffness and friction force Fy, the dynamic equation
of motion can be reformulated as:

_PlAal_PZAaZ_ky_Ff

y=v, v = - ™

where P denotes the pressures acting on the left and right
chambers of the piston, k is the spring stiffness coefficient, y
represents the piston displacement, and m, is the equivalent
moving mass of the system.

To fully describe the behavior of the electro-hydraulic
system, it is essential to model not only the piston dynamics but
also the flow dynamics through the PDV, since the control
input directly affects the pressure applied to the cylinder
chambers. The valve dynamics determine how the control
signal e influences the hydraulic flow rates entering and leaving
the piston chambers.

The relationship between the control input, pressure
differences, and flow rates is governed by nonlinear orifice
equations. For positive excitation (e > 0), piston extension
occurs, and flow is directed through valve ports P-A and B-T.
The corresponding flow rates are expressed as:

Q1 =Aqv = (clez\/(Pp -P)+ clz\/(P,, - Pl)) - C3/(Pi—Pp) (8)
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where the terms @, and Q, denote the volumetric flow rates
through the valve ports P-A and B-T, respectively. B, is the
pump pressure, and Py is the tank pressure. C; and C, are
dimensionless discharge coefficients representing the flow
characteristics of the valve orifices. Similarly, in the case of a
negative command (e < 0), the retraction of the piston can be
modeled with the P-B and A—T flows.

Frictional forces are another critical component of the
model and the frictional force in the system can be expressed
using a static modeling approach, as:

Ff = Fo, |v| < UO, (10)

N2
Fr=F, + (F, — F.) exp{— %} +a,(v—1vy),|v| > v, (11)

where F, represents the adhesion force; v, denotes the slip
velocity; F, indicates the Coulomb friction; v, corresponds to
the Stribeck velocity; and a, represents the viscous friction
coefficient. Additionally, F, signifies the maximum limit
lubrication friction, and represents the associated velocity.

The complete hydraulic power unit includes components
such as safety valves, filters, and a fixed-displacement pump.
The PDV controls the flow to the hydraulic cylinder based on
command voltages from the NI-CRIO control system, which
interacts with an analog input/output module and an LVDT
sensor for real-time position feedback. Due to the inherent
nonlinearity of the EHS and its sensitivity to environmental and
operational variables deriving an exact white-box model is
challenging. Therefore, in this study, a black-box modeling
approach is adopted. System identification techniques using
input-output data are employed to develop empirical models
(TF, SS, ARX), which capture the dominant system dynamics
under various initial conditions and sampling intervals.

B. Data Acquisition

A flap-type wave generator was utilized ina 24 m x 1 m x
1 m wave channel to produce various wave forms, and the
laboratory-scale physical setup of the wave channel system is
shown in Fig. 6.

S P R S A o e g

SO0 :
HYDRAULIC VALVE AND HYDRAULIC CYLINDER %

- Fig. 6. Wave channel.

For the development and identification of the EHS model
used in the position control of the flap-type wave generator,
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both LabVIEW and MATLAB software were utilized. As
illustrated in Fig. 7, the configuration includes the NI-CRIO
9074 and analog input-output modules serve as the PAC
hardware. The position of the hydraulic cylinder is controlled
by a proportional valve, and feedback is obtained from a 4-20
mA output LVDT sensor. The hydraulic power unit provides
the required flow and pressure for system operation.

INPUT AND
OUTPUT DATA

‘B

STIMULUS

OB signaL @

e POSITION SIGNAL

SYSTEMO |_>

IDENTIFICATION

Fig. 7. EHS system identification data collection and mode generation
structure.

To excite the system dynamics, stimulus signals composed
of three different sinusoidal components were applied at initial
positions of 0 mm, 120 mm, and 240 mm. These signals, given
in Equations 12—14, were used to measure and record the
position data of the hydraulic cylinder in response to these
signals in real time.

y = 1.5(sin2m(0.05t)) + 0.9(sin2m(0.2t)) + 2.2(sin2m())  (12)
y = 1.1(sin2m(0.05t)) + 0.9(sin2m(0.2t)) + 2.2(sin2m())  (13)

y = 11(sin2m(0.05t)) + 0.5(sin2m(0.20)) + 0.8(sin2n(t))  (14)

rtz] LVDT Signal Status Leds
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konum
) e e e =
e ——— ——— ——— T ————— - il

- ————————————— -
Loop Teme (ms)  Period aaman ||

(o 8 (- | Wy
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S e o e e
o
ol
00
50-
oo
o
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: o [4] Data storage location |
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Fig. 8. EHS control software developed in Labview software.

The experimental interface, developed in LabVIEW and
shown in Fig. 8, includes the following functional components:
(1) start/stop control for testing, (2) LED indicators showing
the real-time LVDT position, (3) configuration of stimulus
signal parameters and control of the analog output, (4) file path
selection for saving acquired data, and (5) real-time
visualization of the cylinder position.
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At each initial position, the stimulus signal was applied at
four different cycle times (1 ms, 2 ms, 5 ms, and 10 ms), and
the resulting position data were recorded. The collected input-
output data were then transferred to MATLAB for system
identification. TF, SS, and ARX models were generated using
the SIT. An overview of the identification process is provided
in Fig. 9.

5. lteration of software loop

time and recording duration

for the EHS position at "240

mm" in steps of "1ms, 2ms,
5ms, 10ms"

1.Design and generation of
the reference signal

1.1.5end the reference signal
to the NI-CRIO 9074

6. Selection of the top three
models for the positions "0
mm," "120 mm," and "240

mm" based on experimental

results

1.2.Application of the

by the NI-CRIO 3074

1.3.Reading the EHS position
data using the LVDT and
recording it through the NI-
CRIO 9074

7. Application of real-time
test data to the selected
three models and selection
of the most accurate model

2.5torage of the reference
signal and the actual EHS
position signal on a
computer

8. Transfer of the best
maodel to the
MATLAB/Simulink
environmentand
determination of PID
controller parameters in
MATLAB

9. Real-time implementation

of the ider d parameters

to the nd comparison
mulation data

Fig. 9. EHS identification process

C. System ldentification

System identification methods are categorized into three
main approaches based on the level of system knowledge:
White-box model method is used when the physical structure
and mathematical model of the system are fully known. It is
typically defined based on physical principles. Grey-box model
approach combines theoretical and experimental methods and
is employed when some parts of the system are known while
the remaining parts are completed through data or estimation.
Black-box model method is utilized when the internal structure
of the system is entirely unknown. Mathematical models are
developed solely based on input-output data. Instead of
understanding the system dynamics, the black-box model
focuses on making predictions through data-driven approaches,
which is particularly advantageous for complex, nonlinear, or
systems that are challenging to model physically.

The SIT enables the development of mathematical models
based on input-output data of systems. It includes features for
creating transfer function models, state-space models,
autoregressive models (ARX, ARMAX), and nonlinear models
such as Hammerstein-Wiener.

In this study, the selected models and their characteristics
were chosen to analyze the dynamic behavior of the cylinder
system from different perspectives and to obtain a model that
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best represents the system's features. The transfer function
model with three poles and two zeros directly represents the
input-output relationship of the system and is useful for
understanding the fundamental properties of dynamic systems.
Both continuous and discrete-time representations allow
accurate examination of the real system in digital control
environments (discrete-time) and theoretical analysis processes
(continuous-time).

Import models.
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I ” *
E e | A e
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| . |
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v iV
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S8 2ms Cont TF 5

/'VWM .
ARX_5ms Disc
Data Views Model Views
To To
(] Time plot Ui BTy (O Hodel outpit () Transient resp Noninear ARX
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Trash

TF _Sms C:

| s oms cont || ss oms po ¢ 10ms con

ear

() Mode! resids

() 2Zeros and poles
Starto 10ms () Noise spectrum

Vaiidation Data

Fig. 9. Matlab SIT interface.

Second- and third-order state-space models offer a more
flexible and detailed dynamic representation by directly
addressing the system's state variables. Low-order state-space
models are capable of representing the fundamental
characteristics of the system while maintaining manageable
complexity. Continuous-time and discrete-time state-space
models provide a suitable framework for both the theoretical
analysis of the physical system and for numerical simulations
and control design. The ARX (4,4,1) and ARX (3,3,1) models
are valid only for discrete-time systems and were selected due
to their ability to quickly and practically model autoregressive
structures. ARX models are a suitable option for rapidly
predicting the linear relationship between high-frequency data
and input-output. In particular, higher-order models like ARX
(4,4,1) can capture more complex relationships between input
and output, while lower-order models like ARX (3,3,1) provide
the ability to generalize with a simpler structure. In selecting
these model structures, the goal was to evaluate the linear and
nonlinear dynamic characteristics of the system, compare the
prediction performance of different structures, and optimize
model accuracy from both theoretical and practical
perspectives. This approach not only adds academic depth to
the system identification process but also enhances the
applicability of the obtained models in various applications.

800 Measured (StartD 10ms ) and simulated model output

wof [T Py

R AR
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g
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Fig. 10. Model estimation results for the training data with a 0 mm initial
condition and a 10 ms sampling time (a).

In the system identification process, a distinction is made
between training data and test data to evaluate the accuracy and
generalization capability of the model. Training data is used to
estimate the model parameters and enables the system to learn
its input-output behavior. This data is selected to represent the
fundamental dynamics of the system. Test data, on the other
hand, is used to assess the model's performance and
generalization ability. This dataset, which is not used during
training, is crucial for analyzing the model's accuracy on
different data sets beyond the training data. Experimental data
collected from the system under 0-120-240 mm initial
conditions, with four different sampling times, were
sequentially imported into the SIT interface as training data, as
shown in Fig. 9.
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Fig. 11. Model estimation results for the training data with a 0 mm initial

condition and a 10 ms sampling time (b).

In this study, the performance of the predicted models was
evaluated using the best-fit ratio between the measured system
output and the simulated model output. Fig. 10 and Fig.11
presents graphs illustrating the fit of the predicted models to the
measured system output, using input-output data with a 10 ms
sampling time as an example. Fig. 10 illustrates how accurately
the predicted models replicate the system output, whereas Fig.
11 presents the error signal between the measured and
simulated outputs. Fig. 10 illustrates a comparison between the
measured system output and the outputs of various simulated
models using input-output data sampled at 10 ms. The ARX
(4,4,1) model, shown in purple, and the ARX (3,3,1) model,
shown in yellow, achieved the highest fit ratios of 93.79% and
92.49%, respectively, demonstrating superior performance in
capturing the system dynamics. The continuous-time transfer
function model, represented in blue, yielded a fit ratio of
91.29%, while the discrete-time transfer function model,
shown in green, achieved 90.19%. Both the continuous-time
and discrete-time state-space models, depicted in light and dark
green, exhibited fit ratios of 88.13%. The third-order discrete-
time state-space model, shown in orange, had the lowest
performance with a fit ratio of 83.94%. As illustrated in the
graph, the ARX models—particularly those shown in purple
and yellow—maost accurately replicated the system behavior.

Fig. 11 illustrates the error signals between the measured
system output and the outputs of various simulated models. The
ARX (4,4,1) (purple, 93.79%) and ARX (3,3,1) (yellow,
92.49%) models demonstrated the best performance, exhibiting
the lowest error signals throughout the time interval. These
models remained closest to zero error, indicating a highly
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accurate replication of the system dynamics. The continuous-
time transfer function model (blue, 91.29%) and the discrete-
time transfer function model (green, 90.19%) followed with
moderate error magnitudes. The continuous-time and discrete-
time state-space models (light green and dark green, both
88.13%) showed slightly higher error variations. The third-
order discrete-time state-space model (orange, 83.94%) yielded
the largest error signal, particularly in the latter stages of the
simulation. The color-coded traces in Figure 11 clearly reveal
that the ARX models outperformed the others in terms of both
accuracy and consistency across the entire simulation period.

The ARX (4,4,1) and ARX (3,3,1) models demonstrated the
best performance with fit ratios of 93.79% and 92.49%,
respectively. The fit ratios for the transfer function (both
continuous and discrete-time) and state-space models were
calculated as 91.29%, 90.19%, 88.13%, and 83.94%,
respectively. As shown in the graphs, the ARX models, in
particular, successfully represented the system's dynamics with
a low error signal.

I1l. RESULTS

A. ldentification of EHS Model

The model prediction performance of the cylinder system
for different initial conditions (0 mm, 120 mm, 240 mm) was
analyzed at different sampling times (1 ms, 2 ms, 5 ms, 10 ms)
and is presented in Tables 4, 5, and 6, respectively. For each

initial condition, the FIT of different model structures, such as
the TF, SS, and ARX models, were evaluated. Additionally, the
models obtained from the training dataset were tested against
validation datasets at different time scales.

According to the results obtained for the 0 mm initial
condition presented in Table 3, the ARX models provided the
highest fit ratios (89.47%-94.92%), particularly in discrete-
time systems, and successfully represented the system's
dynamic behavior. In this context, the ARX (4,4,1) model
delivered the most reliable results, showing consistent
performance across all sampling times (ranging from 92.5% to
94.92%). Among the TF models, the continuous-time 3-pole,
2-zero structure exhibited good performance at low sampling
times (85.77%-91.29%), while the discrete-time versions, with
low accuracy rates (e.g., -21.98%), failed to sufficiently
represent the system's dynamics.

SS models, particularly second-order continuous-time
models (88.7%-92.02%), provided satisfactory results and
demonstrated a high generalization capacity during validation
processes. However, the performance of third-order state-space
models was lower, which is associated with the negative impact
of increased model complexity on generalization capacity.
Continuous-time models generally achieved higher accuracy at
different sampling times, reflecting the flexibility and universal
characteristics of continuous models.

Initial Cond: 0 mm Sample Time: 1 ms Initial Cond: 0 mm Sample Time: 2 ms
T T y T 700 T T T T T T
ARX ARX
S8 Discrete S5 Continuous
SSContinuous 600 SS Discrete
TF Discrete TF Discrete
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Measured Data Measured Data
= 400
£
g 300
%
&
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100,/
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Fig.12. System identification results for 0 mm initial condition with 1, 2, 5, and 10 ms sample times.

The validation FIT results indicate that model performance
was also evaluated with test data at different sampling times.
Specifically, at low sampling times (1 ms), models created
using training data maintained high fit ratios during validation,
even when tested with high sampling time test data (e.g., 10
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ms). For instance, the SS (Continuous) second-order model,
trained with 1 ms data and tested with 10 ms data, achieved a
95.72% validation fit. This demonstrates the generalization
ability and applicability of continuous models across different
sampling times. In conclusion, while the ARX models
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demonstrated superior performance in discrete-time systems,
continuous-time transfer function and state-space models
allowed for a broader representation of linear systems. These
findings highlight the necessity of carefully evaluating the
performance and generalization capacities of the chosen model
structures in relation to specific applications during the
modeling process. The performance of the predicted models at
1ms, 2 ms, 5ms, and 10 ms sampling times for the 0 mm initial
condition was compared to the measured data and presented in
Fig. 12. This figure clearly illustrates how the predicted models
represent the system dynamics and the impact of sampling time
on model performance.

Table 5 presents the prediction and validation performance
of different model structures at 1 ms, 2 ms, 5 ms, and 10 ms
sampling times for the 120 mm initial condition. Continuous-
time models, particularly the TF Continuous and second-order
SS Continuous structures, provided high fit ratios across all
sampling times.

The TF Continuous model exhibited stable performance
with fit ratios ranging from 94.92% to 96.61%, demonstrating
consistent results from low to high sampling times. The SS
Continuous models, especially the second-order structure,
provided successful results (e.g., 90.62% fit at 10 ms), while
the increased complexity of the third-order model negatively
impacted validation performance.

Among the discrete-time models, the ARX (4,4,1) model
delivered the highest fit ratios and best represented the system
dynamics with results ranging from 94.06% to 96.94%. The
ARX models demonstrated consistently high performance, not
only with training data but also in validation tests. For instance,
the ARX (4,4,1) model trained with 5 ms data achieved a fit
ratio of 92.67% when validated with 10 ms data. In contrast,
TF Discrete models failed to represent the system dynamics,
yielding negative fit ratios. This is due to the insufficient
representation of information caused by the low sampling
frequency in discrete-time TF models.

Validation data analysis shows that continuous-time
models maintained their generalization capacity across
different sampling times. For example, the TF Continuous
model trained with 1 ms data achieved a fit ratio of 89.33%
when validated with 10 ms data. Similarly, SS Continuous
models exhibited high validation fit at low sampling times, but
a decrease in validation performance was observed with the
third-order structure.

Table 6 presents the model prediction and validation results
conducted under the initial condition of 240 mm. Among the
continuous-time models, the TF Continuous and SS
Continuous models have stood out. Especially the 3rd degree
SS Continuous model has successfully represented the system's
dynamics with high accuracy rates. For example, this model,
trained with a 5 ms sampling time, achieved a 96.14% fit rate
and reached up to 97.12% in validation tests.

The TF Continuous model also achieved satisfactory results
in terms of generalization ability, but its accuracy rates were
lower compared to the SS Continuous model. Among the
discrete-time models, the ARX (4,4,1) model has provided the
highest fit rates and has stood out as the structure that best
represents the system dynamics with results reaching 97.77%.
ARX models have also maintained their generalization
capacity in validation tests and have demonstrated stable
performance at all sampling times. For example, the ARX
(4,4,1) model trained with a 5 ms sampling time achieved a
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97.6% fit rate in the 10 ms validation test. In contrast, the TF
Discrete models have shown low performance and generally
yielded inadequate results in validation tests. At low sampling
times (1 ms and 2 ms), both continuous and discrete-time
models achieved higher accuracy rates, indicating that low
sampling times better capture the detailed dynamic behaviors
of the system.

Continuous-time models have reliably represented system
dynamics, especially at longer sampling times, while
maintaining their generalization capacity. ARX models, on the
other hand, have provided reliable results under all test
conditions with high accuracy and generalization capacity in
discrete-time systems. These analyses reveal that the ARX
(4,4,1) model, the 3rd degree SS Continuous model, and the TF
Continuous model are the structures that best represent the
system dynamics. While the ARX model stands out as a strong
option for discrete-time control applications, continuous-time
models allow for a broader range of analysis and control of the
system. These models provide a suitable foundation for further
testing with different types of signals.

The ARX (4,4,1) model has provided the best results for
discrete-time systems under both 0 mm and 240 mm initial
conditions. This model is a strong option for digital control
applications. The TF Continuous model has provided the best
result under the initial condition of 120 mm and is
recommended for continuous-time analysis and control
applications. For ARX models, a sampling time of 10 ms is
ideal in terms of both prediction and validation performance.
For continuous-time TF models, lower sampling times (e.g., 1
ms) provide higher accuracy.

Among the models evaluated under different initial
conditions and sampling intervals, the best-performing
structures were selected for further comparison. First, the 3-
pole, 2-zero continuous-time transfer function model obtained
at a 120 mm initial condition and a 1 ms sampling interval (as
shown in Equation 15) was preferred due to its high fit rate

(96.31%) under low sampling intervals and its stable
performance during the validation phase.
2
86.48 s + 845.1s + 9902 (15)

17 $3113.9952 + 12895 + 0.7653

Secondly, the ARX(4,4,1) model shown in Equation 16—
obtained under a 240 mm initial condition and a 10 ms
sampling interval—was chosen for its high prediction accuracy
(97.77%) and strong generalization capability.

G, = {A(z) =1-1.079z"1 - 0.2649z"% + 0.073862z> — 0.4173z™* (16)
2 B(z) = 45.6z7' — 134272 + 132.2z7% — 43.827*

Finally, the second-order continuous-time state-space
model shown in Equation 17, obtained under the 0 mm initial
condition and a 5 ms sampling interval, was preferred due to its
low complexity and consistent performance (93.19%)
demonstrated during the validation phase.

_ [0.003973 —0.08541] _ [0.001494
Gy = 01342  —8391 I’ -0.04018]  (17)
C=1[3.326e+4 -—1.065], D =[0]

http://dergipark.gov.tr/bajece


http://dergipark.gov.tr/bajece

BALKAN JOURNAL OF ELECTRICAL & COMPUTER ENGINEERING, Vol. 13, No. 3, September 2025

1000

Reference Position
= G1 Model

G2 Model
= G3 Model

800

Position (mm)
IS o
S =
8 S

~
S
S

Tracking Performance (Validation)
T T T

suggesting  superior

tracking accuracy and
Moreover, the ITAE values, which highlight long-term
cumulative error, demonstrate that G, exhibits enhanced
performance with time. (The ITAE values were scaled by a
factor of 102 for visualization purposes.)

RMSE = /% YN (e(D)?, ITAE = [ tle(t)|dt

333

robustness.

Time (sec)

50

Fig. 13. Tracking performance during the validation phase for different
models (G;, G,, Gs).

The performance of the system models was further
evaluated using three commonly used error metrics: Root Mean 00
Square Error (RMSE), Mean Absolute Error (MAE), and
Integral of Time-weighted Absolute Error (ITAE), as shown in

Equation 18.
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TABLE IV
MODEL ESTIMATION AND VALIDATION RESULTS WITH A O MM INITIAL CONDITION
Sample Time Model Type Model Structure (F"Z \;_a::ia;o: :: Vlarl::iai;o: :‘I;I' ;/?nh:i;'ig :::15'
TF (Continuous) 3 pole, 2 zero 85.77 85.71 86.11 87.5
SS (Continuous) Second-order 88.7 93.83 96.12 95.72
SS (Continuous) Third-order NaN NaN NaN NaN
1ms TF (Discrete) 3 pole, 2 zero -21.98 X X X
SS (Discrete) Second-order 88.7 X X X
SS (Discrete) Third-order NaN X X X
ARX (Discrete) (3,3,1) 89.47 X X X
ARX (Discrete) (4,4,1) 92.5 X X X
Sample Time Model Type Model Structure (F‘;I; \;a:‘dsa;o: :1': \;arl‘!‘(isa;osr\ :1':- \Zlamh;ja_;u;g ':‘15-
TF (Continuous) 3 pole, 2 zero 85.3 81.07 87.39 89.49
SS (Continuous) Second-order 89.95 84.0 92.41 93.81
SS (Continuous) Third-order 89.96 86.16 91.81 93.36
2ms TF (Discrete) 3 pole, 2 zero -122.9 X X X
SS (Discrete) Second-order 89.95 X X X
SS (Discrete) Third-order 89.96 X X X
ARX (Discrete) (3,3,1) 93.21 X X X
ARX (Discrete) (4,4,1) 93.4 X X X
Sample Time Model Type Model Structure (Foz \;a::a;o: :‘I;I' \;arl::a;o; :‘I:- \sla:nhga_;lc]).r(; :;
TF (Continuous) 3 pole, 2 zero 89.31 84.76 88.23 91.06
SS (Continuous) Second-order 92.02 83.48 89.64 93.19
SS (Continuous) Third-order 64.14 59.48 62.12 66.53
5ms TF (Discrete) 3 pole, 2 zero 18.66 X X X
SS (Discrete) Second-order 92.02 X X X
SS (Discrete) Third-order 64.14 X X X
ARX (Discrete) (3,3,1) 95.5 X X X
ARX (Discrete) (4,4,1) 94.92 X X X
Sample Time Model Type Model Structure ;Z \1/3 I:::t_':q :; ;\l/; I:::t_';: :I \1I3 I::t_l;); :I
TF (Continuous) 3 pole, 2 zero 91.29 84.84 88.43 89.53
SS (Continuous) Second-order 88.13 81.55 84.31 86.16
SS (Continuous) Third-order 83.94 75.45 79.47 81.68
10 ms TF (Discrete) 3 pole, 2 zero 90.19 X X X
SS (Discrete) Second-order 88.13 X X X
SS (Discrete) Third-order 83.94 X X X
ARX (Discrete) (3,3,1) 93.79 X X X
ARX (Discrete) (4,4,1) 92.49 X X X
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TABLE V
MODEL ESTIMATION AND VALIDATION RESULTS WITH A 120 MM INITIAL CONDITION
Sample Time Model Type Model Structure :,2; \fla:::a;o; :: \flarl:‘dsa;osn :: ?llz:rl:;ia_;lcir(; :2
TF (Continuous) 3 pole, 2 zero 96.31 90.7 89.63 89.33
SS (Continuous) Second-order NaN NaN NaN NaN
1ms SS (Continuous) Third-order 75.36 74.96 76.6 76.89
TF (Discrete) 3 pole, 2 zero -126 X X X
ARX (Discrete) (3,3,1) 90.68 X X X
ARX (Discrete) (4,4,1) 94.06 X X X
Sample Time Model Type Model Structure :,2; \;arl:‘dsa;oln :: \;arl:‘dsa;osn :: \ZIE:TI::;’_;I‘;: :2
TF (Continuous) 3 pole, 2 zero 95.16 91.62 95.86 95.57
SS (Continuous) Second-order NaN NaN NaN NaN
2ms SS (Continuous) Third-order 67.32 71.6 65.36 64.85
TF (Discrete) 3 pole, 2 zero -138.7 X X X
ARX (Discrete) (3,3,1) 94.88 X X X
ARX (Discrete) (4,4,1) 95.21 X X X
Sample Time Model Type Model Structure (IZ;I; \;arl:iago: :: \;arl:iago; :: \slfnh:la_;'zg :z
TF (Continuous) 3 pole, 2 zero 94.92 90.94 93.27 95.04
SS (Continuous) Second-order 93.73 86.85 92.35 93.55
Sms SS (Continuous) Third-order 82.41 83.16 82.72 82.18
TF (Discrete) 3 pole, 2 zero -48.64 X X X
ARX (Discrete) (3,3,1) 96.99 X X X
ARX (Discrete) (4,4,1) 96.64 X X X
Sample Time Model Type Model Structure (Fo;; \llgl:::t_l;)r; :Is- \llgl:‘?sai;); :r:: Y;I:::E;g :z
TF (Continuous) 3 pole, 2 zero 96.61 93.26 94.46 96.58
SS (Continuous) Second-order 90.62 93.47 92.02 91.05
10 ms SS (Continuous) Third-order 90.05 90.65 91.55 90.55
TF (Discrete) 3 pole, 2 zero 40.02 X X X
ARX (Discrete) (3,3,1) 95.36 X X X
ARX (Discrete) (4,4,1) 92.67 X X X
TABLE VI
MODEL ESTIMATION AND VALIDATION RESULTS WITH A 240 MM INITIAL CONDITION
Sample Time Model Type Model Structure &T) \;a::ia;o; :: \Ilarl:isai)losn ::;r \llar::i;'ig :Ts-
TF (Continuous) 3 pole, 2 zero 77 74.67 75.04 76.36
SS (Continuous) Second-order 89.03 94.55 95.15 93.06
1ms SS (Continuous) Third-order 95.63 91.16 89.7 88.3
TF (Discrete) 3 pole, 2 zero 76.36 X X X
ARX (Discrete) (3,3,1) 89.69 X X X
ARX (Discrete) (4,4,1) 91.87 X X X
Sample Time Model Type Model Structure (I:LT) \;a::ia;o: :: \;arl::iaiosn :‘I;r \zlamh;ie:u;; :Is-
TF (Continuous) 3 pole, 2 zero 87.69 84.1 88.43 89.68
SS (Continuous) Second-order 90.82 83.33 93.51 93.53
2ms SS (Continuous) Third-order 93.91 88.12 96.52 96.69
TF (Discrete) 3 pole, 2 zero 80.4 X X X
ARX (Discrete) (3,3,1) 93.65 X X X
ARX (Discrete) (4,4,1) 95.1 X X X
Sample Time Model Type Model Structure (F;; \;arl:‘c:a;oln :Il;r \;arl:liaiozr\ :‘I: \slz:::ga_;lzg :;
TF (Continuous) 3 pole, 2 zero 87.55 82.84 86.1 88.95
SS (Continuous) Second-order 93.34 83.39 90.81 93.17
5 ms SS (Continuous) Third-order 96.14 86.9 93.03 97.12
TF (Discrete) 3 pole, 2 zero 68.05 X X X
ARX (Discrete) (3,3,1) 97.65 X X X
ARX (Discrete) (4,4,1) 97.6 X X X
Sample Time Model Type Model Structure ;2; ;’gI::t_';Z :_: l’gI::t_';: :I \1/3Ir|::t_|>or; :I
TF (Continuous) 3 pole, 2 zero 89.57 82.72 86.82 88.12
SS (Continuous) Second-order 95.48 86.17 91.14 93.8
10 ms SS (Continuous) Third-order 94.81 89.59 95.34 96.74
TF (Discrete) 3 pole, 2 zero 11.67 X X X
ARX (Discrete) (3,3,1) 97.57 X X X
ARX (Discrete) (4,4,1) 97.77 X X X
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B. Real-Time Control Implementation

Among the models identified using different structures
and sampling times, the one referred to as G, which exhibited
the lowest tracking error during addition test, was selected for
control application. This model provided the most accurate
dynamic representation of the EHS and was thus integrated
into the closed-loop control design. Based on the G, system
model, the sampling time and controller configuration were
determined for real time application.

For the control of the EHS, a Proportional-Integral (PI)
controller was employed. A control interface was developed
in LabVIEW to apply voltage signals in the range of —10 V to
+10V to the proportional directional control valve. Various
signal types (e.g., sine, square, and step) could be generated
for reference tracking. The measured position of the hydraulic
cylinder was continuously compared with the desired position
command, and the resulting position error was used to
compute the control input. The most appropriate cycle time
for the control loop was selected based on the previously
identified system dynamics.

The use of PI controllers in hydraulic systems offers
significant advantages in terms of maintaining equilibrium
and enhancing system response. By combining proportional
and integral components, the PI controller delivers both
immediate reactions to system deviations and corrections
based on historical errors. The P term in PI control refers to
the control mechanism that responds rapidly in proportion to
the error between the desired and measured positions. In this
study, this response was executed via a proportional
directional control valve, which quickly intervenes in system
deviations to make instantaneous corrections. The | term in
PI control, on the other hand, represents the accumulation of
error. It attempts to compensate for constant imbalances in
the system (such as friction, leakage, or unmodeled
dynamics) based on errors accumulated over time. If a
persistent error exists, the integral component integrates this
error and sends additional corrective signals to the
proportional directional control valve, thereby eliminating
permanent discrepancies in the system. By combining these
two terms, the PI controller ensures that the EHS operates
more precisely, stably, and reliably.
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In this study, since the model of the EHS provided the
transfer function with the highest accuracy and fidelity, the
determination of the Pl parameters was carried out within a
MATLAB/Simulink simulation environment and
subsequently applied to the EHS. The Pl controller
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parameters for the control of the EHS were determined based
on the model developed in the Simulink environment.
Initially, the proportional gain K,, and integral gain K; were
both set to 0, and the system response was observed.
Subsequently, the K, and K; values were gradually increased
to optimize the behavior of the closed-loop system. During
the simulation process, the accuracy and stability of the EHS
position control were analyzed, and the optimal values were
determined as K,, = 0.28 and K; = 0.14. These parameters
were then integrated into the LabVIEW software and
implemented in the system. As a result, it was verified that
the Pl controller successfully adapted to the dynamic
characteristics of the EHS and effectively achieved the
desired position control.

A LabVIEW control loop speed of 1 ms was employed
when implementing the PI controller coefficients on the EHS
and generating the desired step signal. Figure 15 presents the
system’s closed-loop response under Pl control, showing the
actual EHS position, the applied step reference signal, and the
theoretical response predicted by the identified transfer function
model. This model, derived from the system identification
process, was used in the MATLAB/Simulink environment for
tuning the controller parameters. The close agreement between
the real system response and the model output verifies both the
effectiveness of the PI controller and the accuracy of the
identified model used in the control design.

IV. CONCLUSION AND DISCUSSION

This study comprehensively examined the dynamics of an
EHS in a laboratory-scale wave channel using black-box
modeling and advanced control techniques. Utilizing the SIT
in MATLAB/Simulink, various model structures—including
continuous-time transfer functions, state-space models, and
discrete-time ARX models—were developed and evaluated
under different initial conditions and sampling times.
According to comparative simulation results, a third-order
continuous-time transfer function was identified as the most
suitable model structure. Since responses were obtained from
the transfer function model with a 1-millisecond cycle time,
the control program in LabVIEW was also set to a 1-ms cycle
time for the controller.

Additionally, based on the most accurate model obtained,
a Pl controller was implemented for EHS position control
using LabVIEW. The controller parameters were optimized
in the MATLAB/Simulink environment, with the
proportional gain K, set to 0.28 and the integral gain K; set to
0.14. The integration of this Pl controller into the system
provided significant improvements in tracking performance
and system stability by rapidly responding to instantaneous
deviations and accounting for accumulated errors. Overall,
the findings of this study highlight the critical importance of
accurate system identification in enhancing the performance
of electro-hydraulic systems in wave generation. The selected
modeling approaches and control strategies improve the
predictability and reliability of such systems, providing a
robust foundation for future research.

Although the developed models and the Pl control
implementation yielded promising results, the study focused
on a specific system configuration and controlled operating
conditions. Factors such as external disturbances, strong
nonlinearities beyond the tested range, and long-term
operational behavior were not within the scope of this work.
Future research may explore advanced nonlinear
identification techniques—such as neural networks or hybrid
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grey-box models—to better capture complex dynamics, and
validate the approach under broader operating scenarios to
improve generalizability.
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