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Abstract: Oscillating-water-column wave energy converters (OWC-WECs) are gaining attention for
their high energy potential and environmental friendliness. However, their irregular input energy
characteristics pose challenges to achieving stable power generation, particularly due to high peak
power compared to average power. This study focuses on stable rating control to enable continuous
power generation in the presence of irregular wave energy. It is difficult to precisely configure
the existing rated power controllers due to physical time delays; this impacts system stability and
utilization. To address this, we propose a rated power controller that compensates for system time
delays using a deep learning algorithm. By predicting the valve control angle in advance and
analyzing the input data for angle estimation, we successfully compensate for the physical time
delay. The performance of the proposed rated power controller, incorporating the deep learning
algorithm, is evaluated by analyzing the algorithm’s error rate. The results demonstrate that the
proposed method improves power generation under various wave conditions by compensating
for the unavoidable time delay of OWC-WECs, leading to a significant increase in annual power
generation. In conclusion, the proposed method achieves approximately 31% higher annual power
generation compared to the time delay controller.

Keywords: artificial intelligence; deep learning algorithm; maximum power point tracking; rated
power control; oscillating-water-column wave energy converter; optimal control; time delay; output
power performance; renewable energy

1. Introduction

Wave energy is a renewable energy source that has gained significant global research
interest due to its high energy density and potential [1]. However, the commercialization of
wave energy converter technology is still challenging due to its high unit cost (levelized cost
of electricity, LCOE) of energy compared to other renewable energy sources [2]. Various
studies have been conducted to address this issue [3–5].

Most wave energy converters are designed to operate at resonance with the incident
waves, maximizing the energy extraction based on the natural frequency of the system [6].
Oscillating-water-column (OWC) devices and movable-body-type devices are two major
types of wave energy converters designed for resonance. OWC devices, which operate by
compressing and expanding air without direct contact with the waves, have shown stability
and are closest to commercialization [7–9]. Control algorithms play a crucial role in improving
the performance and commercial viability of OWC devices. The maximum power point
tracking (MPPT) algorithm is important for obtaining the maximum output based on the
input wave energy [10–12]. Additionally, rated power control, which enables the system to
respond to wave variability, is essential [13–16]. However, the optimal rated power control
technology to overcome wave energy variability is yet to be developed [17–21].

In order to overcome the challenges posed by wave variability, several studies have
proposed the use of artificial intelligence (AI)-based deep learning techniques in renewable
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energy applications [22–26]. Asrari et al. [22] proposed a method for predicting the hourly
sunshine state for photovoltaic power generation; Mendonça de Paiva et al. [23] conducted
a study on the improvement of wind speed estimation performance for wind turbine
systems; and Roh [27] conducted a study on large-scale wind turbine control. Ju et al. [28]
investigated an operation control algorithm to predict the generation output of renewable
energy and increase the economic feasibility. In conclusion, as artificial-intelligence-based
estimation techniques are being introduced in various renewable energy fields, estimation
control algorithms based on artificial intelligence technology are expected to be able to
control the variability of wave energy more precisely. However, despite the extreme
variability in wave power generation, AI-based control applications are found lacking [20].
Roh and Kim [20] analyzed the angular velocity estimation performance of the wave power
generator according to a deep learning algorithm; however, they did not evaluate the
applicability of the actual control system. There may be a limit to accurately determining
the operating characteristics of an actual system. That is, it is necessary to develop a control
algorithm capable of confirming the dynamic characteristics of the actual system under the
input conditions of the wave power generator and to verify its performance.

In this study, a deep learning model that can predict the valve control angle based on
various operating data of the target model was constructed to perform stable rated power
control overcoming the inevitable time delay that may occur in real systems. Through
this, this paper evaluated the performance of the rating control algorithm that predicts the
valve control angle in advance based on input data that change in real time. The proposed
method can expand the operating range of the wave energy converter by increasing the
generation time, as well as the stability of the system, by stably controlling the energy
that rapidly changes in seconds. The proposed rating controller was compared with an
ideal rated controller without time delay and a rated controller with time delay reflecting
the characteristics of the actual system. To this end, the amount of power generated, the
change in angular velocity, and the control angle of each rated controller were analyzed. In
conclusion, the proposed method compensates for the time delay that inevitably occurs in
the actual system by predicting the valve control angle through a deep learning algorithm.
Through this, stable power generation and an increased system operation rate could be
achieved.

The rest of this paper is structured as follows. Section 2 presents the control algorithm
and the problems of the existing frequency columnar wave generator—the time delay of
the behavior actuator and the amount of change in current generation based on the target
model. Section 3 describes the proposed deep-learning-based algorithm. It includes the
deep learning algorithm construction method and verification through the target model.
Section 4 compares the performance with the existing method under the rated control
operation condition and the proposed condition. Finally, Section 5 presents the conclusion
and the direction of contribution of this study. It also presents research directions and
utilization plans based on various analyses.

2. Conventional Control Methods and Problems of OWC-WECs

The oscillating water column–type wave energy converter utilizes irregular wave
energy to produce the electrical energy required by the power system. Wave energy has
a great deal of potential energy globally, but it is still in the developmental stages. At
present, oscillating-water-column wave energy converters are considered the closest model
to commercialization in terms of stability and maintenance.

Oscillating-water-column wave energy converters consist of a chamber, a turbine, a
generator, and a power converter. The chamber converts wave energy into pneumatic
energy; the turbine converts pneumatic energy into mechanical energy; and the generator
and power converters convert the mechanical energy into electrical energy.

As with all renewable energies, the input energy of the oscillating-water-column wave
energy converter has high variability; therefore, the amount of power generated must be
adjusted through appropriate control. In other words, an optimal control technology is
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required to extract the maximum amount of power generation in response to the variability
of the input energy and to overcome the energy above the rated value. In particular, because
the variability of wave energy has a large peak-to-average ratio, control is difficult, and
moreover, inappropriate control reduces power generation and utilization.

Figure 1 shows the load control curves of oscillating-water-column wave energy
converters. The load control curve can be derived from the power takeoff (PTO) of the
oscillating-water-column wave energy converters [17]. The PTO consists of a turbine, a
generator, and a power converter. The efficiency of the turbine has a dominant effect;
therefore, the load control curve was derived based on the performance curve of the
turbine. The turbine used in this study is an impulse turbine, and the operation model can
be expressed as follows, based on the steady-state and one-way flow models.

Ca =
∆pQ

βt × v3
x ×

(
1 + 1/

∅2

) , Ct =
T

βt × v2
x ×

(
1 + 1/

∅2

)
× rt

(1)

βt =
ρa × bt × lt × z

2
(2)

ηt =
Pm

Ppne
=

T ×ωm

∆pQ
=

Ct

Ca ∗∅
(3)

The control of the OWC-WECs can be divided into three regions according to the input
energy [14]. Region 1 is a region in which the generation load does not operate because of
low input energy and there is no power generated. In region 2, a generation load is applied
to obtain the maximum generated power according to the input energy. In region 2, an
angular-velocity-based generation load was applied according to the change in the input
energy. Region 3 controls the input energy entering the turbine through the valve because
more energy than the system can handle enters owing to the large amount of input energy.
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Figure 1. Generation regions of oscillating-water-column wave energy converters according to
turbine angular velocity.

In region 2, the load control curve analysis of the PTO system of the oscillating-column
wave power generator can represent the turbine-side flow velocity as an input condition.
Based on Equation (1), the input power can be calculated as follows:

Ppne = ∆pQ = Ca ∗ βt ∗ v3
x ∗ (1 +

1

|∅|2
) (4)

Based on the input power (Ppne) and turbine efficiency (ηt) shown in Equation (3), the
mechanical power (Pmech) can be calculated as follows:

Pmech = ηt ∗ Ppne (5)
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The standard load value for obtaining maximum power generation was obtained
when all the mechanical power was converted into electrical power. Assuming that the
reference load value is equal to the mechanical torque, it can be calculated as follows:

T∗e = Tmech.opt =
Pmech.opt

ωmech
=

ηt.MAX ∗ Ca ∗ βt ∗ r3
t ∗

1 +
1

|∅|2opt

 ∗ |∅|3opt

 ∗ω2
mech (6)

Based on Equation (6), the reference current value for electrical load control can be
calculated as follows based on the generator constant value:

i∗e = T∗e
/

1.5 ∗ Np ∗ ψpm
(7)

where Np represents the number of poles of the generator and ψpm represents the flux
linkage of the generator.

Rating control was performed by reducing the input energy by operating the valve
at an angular velocity above the rating in Section 3. The rated control can create a control
signal based on the rated angular velocity and the current angular velocity. Figure 2 shows
a block diagram of the rated power control system.
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Because the variability of the input energy of oscillating-water-column wave convert-
ers is large, an inaccurately rated power controller reduces the utilization rate of the system.
However, a rated power controller using a mechanical device may cause a time delay in the
mechanical operation [20]. That is, even when an operating signal is received, the actual
operating time of the system is delayed. Because the wave energy changes significantly in
a few seconds, the control delay represents an inaccurate rated power control.

Figure 3 shows the characteristics of the rated controller according to the time delay.
The valve control angle represents the system characteristics with a time delay of 1 s and
2 s to reflect the time delay of the ideal controller and the actual system. Time delays of
1 s and 2 s were used to check the effect on the system as the delay time increases, and the
target model had a 2 s time delay. When the time delay occurs, the electrical output and the
turbine angular velocity exceed the rated value, and the 2 s time delay, similar to that in an
actual system, results in more than twice the rated power.
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3. Proposed Algorithm Based on Deep Learning

Deep learning algorithms have already been applied to data estimation in many
industries. In particular, owing to the nature of renewable energy with irregular input
energy and high variability, estimation technology using deep learning algorithms is not
only necessary but also actively researched. Estimation technology configures an algorithm
that considers various input variables, and the accuracy of the estimation may also change
according to the data combination and accuracy. Therefore, in this study, we propose a
predictive control method based on a deep learning algorithm to compensate for the time
delay caused by mechanical motion. Through this, it is possible to compensate for the
decrease in the operation rate and the amount of power generation of the OWC-WECs
caused by the mechanical delay. We analyzed the input data affecting the time delay to
analyze and compensate for the mechanical delay and configured an algorithm that can
predict the mechanical delay time.

Figure 4 shows the configuration of the proposed algorithm, which can compensate
for the time delay based on a deep learning algorithm. The proposed algorithm performs
predictive control to compensate for the mechanical operation delay time of the valve-
driven actuator to implement the rated control. Time delay compensation predicts the valve
motion control signal using a deep learning algorithm. The mechanical operation delay is
compensated for by estimating the valve angle, in advance, by the delay time. Through this,
it is possible to obtain an increase in the operation rate and increase the power generation
of the vibration-column-type wave power generator.

The deep learning algorithm applied in this study used long short-term memory
(LSTM). As shown in [20], this is the most accurate valve-angle estimation method. The
LSTM algorithm is suitable for predicting time algorithms because the back propagation
gradient has high propagation based on the forget and input gates. Figure 5 shows a block
diagram of the LSTM algorithm.

The past input information was selected in the forget gate. A value between 0 and 1
was used to properly reflect the past state information using the sigmoid function: if the
value was 0, the information from the previous state was forgotten, and if the value was 1,
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the information from the previous state was fully remembered. The gate of oblivion can be
represented as [29]

ft = σ
(

ωxh_ f xt + ωhh_ f ht−1 + bh_ f

)
(8)Processes 2023, 11, x FOR PEER REVIEW 6 of 20 
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The input gate stores the current input data. Using the hidden state value (ht−1) from
the previous step and the current state data, we can calculate the strength and direction of
the current data as

it = σ(ωxh_ixt + ωhh_iht−1 + bh_i) (9)

ot = σ(ωxh_oxt + ωhh_oht−1 + bh_o) (10)

The LSTM equations reflecting the forget gate and the input gate can be written as

gt = tan h
(

ωxh_gxt + ωhh_ght−1 + bh_g

)
(11)

ct = ft � ct−1 + it � gt (12)

ht = ot � tan h(ct) (13)
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Figure 6 shows the correlation of the input data to configure the rating control based on
the deep learning algorithm. The correlation matrix confirmed the predictive performance
of the data. Thus, it is possible to select the input data that affect the estimation data. The
numbers and colors shown in Figure 6 indicate the degree of correlation. The closer the
number is to 1, the closer the color is to white and the higher the degree of correlation. The
input is the amount of electricity generation (power), the angular velocity (speed), and the
current valve angle (ang), and the output is the valve control angle after 2 s (pre_ang).
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Figure 6. Deep learning algorithm input data correlation analysis result.

In this study, to compensate for the physical time delay, the valve angle of the rated
control was predicted in advance by the time delay. A physical time delay of 2 s was
predicted for the predicted time. The input data for the valve angle estimation consist
of the electrical power, turbine angular velocity, and current valve angle. The input data
were acquired by constructing an OWC simulation experiment set, and a comparison was
performed with the actual sea area experiment data. As training data, 18 h of data from
an ideal rated controller under various wave conditions (Hs = 0.5~2 m, Tp = 4~8 s) were
used. The amount of data for one hour was 360,000 data points, and the training time for
one hour of data was approximately 6 h. For the training data, 80% of the total data were
randomly learned, and the remaining 20% were used as verification data. The loss model
of the deep learning model uses the mean squared error (MSE), which is the most common
loss model.

Figure 7 shows the actual valve angle after 2 s for the rated power control and the
valve angle predicted using the deep learning algorithm. It can be confirmed that the
proposed deep learning algorithm–based rating control method appropriately followed the
actual valve control angle after 2 s. In other words, the proposed method can compensate
for the time delay by predicting in advance, even though a physical time delay occurs. The
valve angle MSE for that model was approximately 0.5592.
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The dynamic analysis of the vibrating-column wave power generator was performed
using the vibrating-column wave power model presented in [20]. Figure 8 illustrates
the application of a deep learning model in this study, which was trained using real sea
operation data. Additionally, a time-delay hydraulic device was developed based on the
actuator shown in Figure 8b. The dynamic analysis model was implemented using MAT-
LAB/Simulink, and a comparative verification was conducted by comparing it with the
model presented in [20]. The numerical analysis compared three controller configurations:
an ideal rated controller (referred to as “Conv”), a rated controller considering physical
time delay (referred to as “delay”), and a deep learning algorithm–based rated controller
(referred to as “proposed”). To provide a visual representation, Figure 9 displays the
configuration models of the deep learning algorithm for the proposed method and the
configuration diagram of the method applied in this study. The MATLAB/Simulink model
was developed based on the configuration shown in Figure 9 [21].
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4. Results and Discussion

The performance of the oscillating-water-column wave energy converters was evalu-
ated using different rated controllers under assumed environmental input conditions. The
ideal rated controller (“Conv”) accurately calculated the valve angle without any time delay.
The rated controller with a time delay (“delay”) reflected the same physical time delay as
the actual system, with a 2 s delay in the calculated valve control angle. The proposed
rated controller (“prop”) predicted the valve control angle 2 s in advance, allowing it to
operate smoothly even in the presence of a physical time delay, with the predicted angle
being implemented 2 s earlier to offset the time delay.

The system was rated at 30 kW of power and 83.7 rad/s of angular velocity. The
input data were obtained from two cases: one with wave conditions where the rated
control was in effect and another with wave conditions where the rated control was not
applied. The Pierson–Moskowitz (PM) spectrum was utilized for the input wave conditions,
with Hs = 2.0 m and Tp = 8.0 s representing energy levels above the rated condition and
Hs = 0.75 m and Tp = 4.75 s representing energy levels below the rated condition. The
simulation using the Pierson–Moskowitz (PM) spectrum was conducted for a total of 3 h.

4.1. Input Data for Rating Control Performance Verification (Hs = 2.0 m, Tp = 8.0 s)

Figure 10 shows the irregular wave input data for the performance verification of the
rated controller. The spectra of the irregular wave energy (wave spectrum density, S[ω]),
the input time series, and the duct flow velocity are shown in Figure 10. The performance
of each rated controller was verified under the same input conditions. Because the rated
controller operates at more than the rated energy, the wave energy conditions in this part
were selected as wave conditions (Hs = 2.0 m, Tp = 8.0 s) that could satisfy the rated
conditions of the vibrating-column wave power generator.
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Figure 11 shows the mechanical and electrical powers of the OWC-WEC according
to each rated controller. There are a total of three controllers compared in this paper: an
ideal rated controller (Conv, black), a rated controller with a physical time delay similar
to that in the actual system (delay, blue), and a proposed rated controller based on a deep
learning model (prop, red). Because the existing rating controller performs rated power
control without a time delay, both the mechanical and electrical power are stable, and the
electrical power does not exceed the rated power. The rated power controller reflecting the
physical time delay exhibits higher mechanical power and electrical power than the ideal
rated controller because a time delay occurs. In particular, as the electrical power exceeds
the rated power, this results in a reduction in the system stability and operating efficiency
owing to mechanical and electrical fatigue. In conclusion, the wave condition under which
the OWC-WEC can generate power is reduced. However, because the proposed method
predicts the valve control angle for rated power control in advance by the time delay, it
shows almost the same performance as the existing method, even though a physical time
delay occurs. In other words, it can be confirmed that the mechanical and electrical powers
were stable, and the electrical power did not exceed the rated power. Figure 12 shows
a histogram of the electrical power for each rated controller. Only the rated controller
reflecting the time delay exhibited power exceeding the rated power.
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Figure 12. Histogram of output power of OWC-WECs by rated power controller (Hs = 2.0 m,
Tp = 8.0 s).

Figure 13 illustrates the angular velocity of the turbine and the corresponding his-
togram for different rated power controllers in OWC-WECs. The conventional rated power
controller (Conv) without time delay ensured that the turbine angular velocity did not
exceed the rated value. In contrast, the rated controller incorporating the physical time
delay, similar to the actual system, continuously monitors the portion where the angular
velocity exceeds the rated value due to the time delay. As depicted in Figure 13b, the rated
controller accounting for the physical time delay occasionally generated values surpassing
the rated angular velocity. However, the proposed rated power controller, which predicts
the valve control angle in advance and accounts for the system’s time delay, only slightly
exceeded the rated angular velocity. It is important to note that the deep learning algorithm
may introduce some errors, making the proposed controller less than ideal compared to
the existing rated controller.

Figure 14 illustrates the valve control angle of the OWC-WECs for each rated power
controller. It is evident that the valve control angle of the rated power controller with
the physical time delay lags behind that of the ideal rated controller with time delay.
Consequently, this delay leads to exceeding the rated power value. However, it is observed
that the proposed method’s valve control angle closely resembles that of the ideal rated
controller despite the presence of time delay.

Figure 15 presents the voltage and current profiles of the generator for each rated
controller. As mentioned earlier, the rated power controller incorporating the physical
time delay results in voltage and current values exceeding the rated limits. In contrast, the
proposed method demonstrates performance comparable to the ideal rated controller. This
indicates that the proposed method can establish a stable rated controller by leveraging
a deep learning algorithm–based approach to predict the valve control angle, effectively
compensating for the unavoidable physical time delay.

4.2. Input Data for Rated Control Performance Verification (Hs = 0.75 m, Tp = 4.75 s)

Figure 16 displays the input data for irregular waves when the rated controller is not
active. The figure includes the spectrum of the irregular wave energy, the input time series,
and the duct flow velocity. The performance of each rated controller was verified under
identical input conditions. In this scenario, the wave condition Hs = 0.75 m, Tp = 4.75 s
was selected, representing a situation in which the rated controller is not in operation. This
choice confirms that consistent performance is expected regardless of the specific controller
when it is not active.

Figure 17 illustrates the valve control angles for each controller under the input
conditions presented in Figure 16. In Figure 16, the depicted input condition corresponds to
a situation in which the rated controller is not operating. Consequently, for all controllers,
the valve control angles exhibit a value of “0”. In other words, when the energy levels
are below the rated energy threshold, the outcome remains the same regardless of the



Processes 2023, 11, 1787 12 of 19

controller utilized. The graph provides confirmation that no operation signal is generated
based on the error of the deep learning algorithm.

Processes 2023, 11, x FOR PEER REVIEW 12 of 20 
 

 

 

Figure 12. Histogram of output power of OWC-WECs by rated power controller (Hs = 2.0 m, Tp = 

8.0 s). 

Figure 13 illustrates the angular velocity of the turbine and the corresponding 

histogram for different rated power controllers in OWC-WECs. The conventional rated 

power controller (Conv) without time delay ensured that the turbine angular velocity did 

not exceed the rated value. In contrast, the rated controller incorporating the physical time 

delay, similar to the actual system, continuously monitors the portion where the angular 

velocity exceeds the rated value due to the time delay. As depicted in Figure 13b, the rated 

controller accounting for the physical time delay occasionally generated values surpassing 

the rated angular velocity. However, the proposed rated power controller, which predicts 

the valve control angle in advance and accounts for the system’s time delay, only slightly 

exceeded the rated angular velocity. It is important to note that the deep learning 

algorithm may introduce some errors, making the proposed controller less than ideal 

compared to the existing rated controller. 

 
(a) 

Processes 2023, 11, x FOR PEER REVIEW 13 of 20 
 

 

 
(b) 

Figure 13. (a) Turbine angular velocity and (b) histogram of turbine angular velocity for each rated 

controller (Hs = 2.0 m, Tp = 8.0 s). 

Figure 14 illustrates the valve control angle of the OWC-WECs for each rated power 

controller. It is evident that the valve control angle of the rated power controller with the 

physical time delay lags behind that of the ideal rated controller with time delay. 

Consequently, this delay leads to exceeding the rated power value. However, it is 

observed that the proposed method’s valve control angle closely resembles that of the 

ideal rated controller despite the presence of time delay. 

 

Figure 14. Valve control angle according to each rated controller (Hs = 2.0 m, Tp = 8.0 s). 

Figure 15 presents the voltage and current profiles of the generator for each rated 

controller. As mentioned earlier, the rated power controller incorporating the physical 

time delay results in voltage and current values exceeding the rated limits. In contrast, the 

proposed method demonstrates performance comparable to the ideal rated controller. 

This indicates that the proposed method can establish a stable rated controller by 

leveraging a deep learning algorithm–based approach to predict the valve control angle, 

effectively compensating for the unavoidable physical time delay. 

Figure 13. (a) Turbine angular velocity and (b) histogram of turbine angular velocity for each rated
controller (Hs = 2.0 m, Tp = 8.0 s).

Processes 2023, 11, x FOR PEER REVIEW 13 of 20 
 

 

 
(b) 

Figure 13. (a) Turbine angular velocity and (b) histogram of turbine angular velocity for each rated 

controller (Hs = 2.0 m, Tp = 8.0 s). 

Figure 14 illustrates the valve control angle of the OWC-WECs for each rated power 

controller. It is evident that the valve control angle of the rated power controller with the 

physical time delay lags behind that of the ideal rated controller with time delay. 

Consequently, this delay leads to exceeding the rated power value. However, it is 

observed that the proposed method’s valve control angle closely resembles that of the 

ideal rated controller despite the presence of time delay. 

 

Figure 14. Valve control angle according to each rated controller (Hs = 2.0 m, Tp = 8.0 s). 

Figure 15 presents the voltage and current profiles of the generator for each rated 

controller. As mentioned earlier, the rated power controller incorporating the physical 

time delay results in voltage and current values exceeding the rated limits. In contrast, the 

proposed method demonstrates performance comparable to the ideal rated controller. 

This indicates that the proposed method can establish a stable rated controller by 

leveraging a deep learning algorithm–based approach to predict the valve control angle, 

effectively compensating for the unavoidable physical time delay. 

Figure 14. Valve control angle according to each rated controller (Hs = 2.0 m, Tp = 8.0 s).



Processes 2023, 11, 1787 13 of 19

Processes 2023, 11, x FOR PEER REVIEW 14 of 20 
 

 

 

Figure 15. Generator voltage and current for each rated controller (Hs = 2.0 m, Tp = 8.0 s). 

4.2. Input Data for Rated Control Performance Verification (Hs = 0.75 m, Tp = 4.75 s) 

Figure 16 displays the input data for irregular waves when the rated controller is not 

active. The figure includes the spectrum of the irregular wave energy, the input time 

series, and the duct flow velocity. The performance of each rated controller was verified 

under identical input conditions. In this scenario, the wave condition Hs = 0.75 m, Tp = 

4.75 s was selected, representing a situation in which the rated controller is not in 

operation. This choice confirms that consistent performance is expected regardless of the 

specific controller when it is not active. 

Figure 15. Generator voltage and current for each rated controller (Hs = 2.0 m, Tp = 8.0 s).



Processes 2023, 11, 1787 14 of 19
Processes 2023, 11, x FOR PEER REVIEW 15 of 20 
 

 

 

Figure 16. Input energy without rated power controller operating (Hs = 0.75 m, Tp = 4.75 s): wave 

energy spectrum, wave energy time series, and flow velocity in duct. 

Figure 17 illustrates the valve control angles for each controller under the input 

conditions presented in Figure 16. In Figure 16, the depicted input condition corresponds 

to a situation in which the rated controller is not operating. Consequently, for all 

controllers, the valve control angles exhibit a value of “0”. In other words, when the energy 

levels are below the rated energy threshold, the outcome remains the same regardless of 

the controller utilized. The graph provides confirmation that no operation signal is 

generated based on the error of the deep learning algorithm. 

 

Figure 17. Valve control angle according to each rated controller (Hs = 0.75 m, Tp = 4.75 s). 

Figure 18 shows the mechanical power, electrical power, and angular velocity of the 

turbine of the OWC-WEC according to each rated controller. It can be confirmed that all 

the output results appear the same because at operating conditions below the rating the 

rated controller does not operate. 

Figure 16. Input energy without rated power controller operating (Hs = 0.75 m, Tp = 4.75 s): wave
energy spectrum, wave energy time series, and flow velocity in duct.

Processes 2023, 11, x FOR PEER REVIEW 15 of 20 
 

 

 

Figure 16. Input energy without rated power controller operating (Hs = 0.75 m, Tp = 4.75 s): wave 

energy spectrum, wave energy time series, and flow velocity in duct. 

Figure 17 illustrates the valve control angles for each controller under the input 

conditions presented in Figure 16. In Figure 16, the depicted input condition corresponds 

to a situation in which the rated controller is not operating. Consequently, for all 

controllers, the valve control angles exhibit a value of “0”. In other words, when the energy 

levels are below the rated energy threshold, the outcome remains the same regardless of 

the controller utilized. The graph provides confirmation that no operation signal is 

generated based on the error of the deep learning algorithm. 

 

Figure 17. Valve control angle according to each rated controller (Hs = 0.75 m, Tp = 4.75 s). 

Figure 18 shows the mechanical power, electrical power, and angular velocity of the 

turbine of the OWC-WEC according to each rated controller. It can be confirmed that all 

the output results appear the same because at operating conditions below the rating the 

rated controller does not operate. 
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Figure 18 shows the mechanical power, electrical power, and angular velocity of the
turbine of the OWC-WEC according to each rated controller. It can be confirmed that all
the output results appear the same because at operating conditions below the rating the
rated controller does not operate.

Figure 19 shows the average power generation and the standard deviation of the
power generation according to the change in the error rate of the deep learning algorithm
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of the proposed rating controller. An error of 0% represents the amount generated by the
ideal rated controller. The average generated amount and the standard deviation of the
generation amount were standardized based on the ideal rated controller. As the error
rate increased, the average power generation decreased. When the error rate was 30%, the
average power generation decreased by approximately 4%. In addition, as the error rate
increased, the standard deviation of the power generation increased by approximately 11%,
based on an error rate of 30%. This is because a large amount of power exceeding the rated
power was generated owing to an increase in the error rate. The average error rate of the
controller in this paper was set as a target within 5%.
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Figure 19. (a) Average generation and (b) standard deviation of generation according to the change
in error rate of the deep learning algorithm of the proposed rated power controller.

Figure 20 shows the output energy of each controller according to the input energy
change. For the wave conditions (Hs, Tp) shown in Figure 20, a comparative analysis
of the output energy was performed based on conditions that may occur in the sea area
where the target wave power generator is installed (Figure 8). The part represented as
zero in the average power generation data is a wave condition in which continuous power
generation is difficult because it exceeds the rated power. Because the ideal rated controller
(Figure 20a) and the proposed controller (Figure 20c) are not affected by the time delay,
generation is possible over a wider range of wave conditions. However, the rating controller
(Figure 20b) that reflects the time delay of the actual system confirms that wave conditions
that can generate power exceeding the continuous rated power result in a decrease in
overall power generation. In conclusion, the proposed rating controller can generate power
over a wider range of wave conditions because it can control a rating similar to the existing
ideal rating controller, even though a physical time delay occurs on the actual system. Thus,
the proposed rating controller can increase the annual power generation of OWC-WECs.
Table 1 shows the annual power generation for each controller. It can be seen that the
controller with time delay reduces power generation by about 31% compared to the ideal
conventional controller, but the proposed algorithm only reduces it by about 0.4%.
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Figure 20. Output energy according to input energy change: (a) ideal rated controller, (b) rated
controller with time delay, (c) proposed rated controller.

Table 1. Annual power generation under the same input condition according to each controller.

Conv Delay Prop

Output energy [kWh] 535.97 368.9 533.7
Reduction ratio [%] - 31.1 0.4

5. Conclusions

OWC-WECs have been widely studied worldwide owing to their high energy po-
tential; however, problems remain to be overcome owing to their irregular input energy
characteristics. In this study, research on a stable rated power controller was conducted to
enable continuous power generation, even with irregular wave energy. In real systems, it is
difficult to configure a precisely rated controller because physical time delays inevitably
occur. Thus, exceeding the rated power reduces the stability and utilization rate of the
system. Therefore, this study proposes a rated power controller that compensates for
the unavoidable time delay of the system by applying a deep learning algorithm. The
algorithm applied in this study was learned based on the operation data of the target wave
power generator, and learning was performed based on the time delay of the actuator of the
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target wave power generator. As a results, even if a physical time delay occurs, it enables
an accurate rating control, similar to an ideal rating controller, by predicting the time. In
addition, by performing an analysis based on the error rate of the deep learning algorithm,
the performance of the proposed rating controller to which the deep learning algorithm
was applied was closely analyzed. In conclusion, the proposed rated controller enables
power generation under various wave conditions by compensating for the unavoidable
time delay of the frequency-column wave power generator, which increases the annual
power generation. These algorithms are expected to significantly increase the annual power
generation of wave power devices. As a future study, we plan to perform analysis by
applying the algorithm to a real sea area model and design a specific deep learning model
based on data gathered over a long time.
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Abbreviations
The following symbols are used in this manuscript:
Ca Input coefficient
Ct Torque coefficient
∆p Pressure drop across the turbine
Q Flow rate
bt Blade span
ρa Air density
lt Chord length of the turbine rotor blade
z Number of turbine rotor blades
vx Airflow speed at the turbine duct
φ Tip speed ratio
T Mechanical torque
rt Turbine rotor mean radius
ωm Mechanical rotational speed
S[ω] Wave spectrum density
Pm Mechanical power generation
Ppne Pneumatic power generation
ηt Efficiency of the turbine system
Te Electrical torque
Np Number of poles of the generator
ψpm Flux linkage of the generator
td Time delay of mechanical system
β(t) Blade control angle
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