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2 % HZ oI Ad/AR oA 9 AEIE T gAY Ed(digital twin) 71€ A77F SESH 3
Foli, 34 A9 FAH 1747 SF e wAle GEEAARL} L ANY/AETE RG4S gttt SHARE
9] ouzof ofsiA H71E Aitshs TN HEgol 2 = ]1-17‘] of osiA LA 17 594 =9
723 847 WHSH] #HEo] Qlo] olF Aol BAE olfstal d&ske Aol Hi¢- Fasith wetd A WA=
1 golE, XE54F(OWC: Oscillating Water Column, ©|5t OWC) 1“314 AA dlolg 53 &2 HEdo] w2

glolE Ztofl 9] Sle AWEA &l Basith F HAR ta2E JUBAE 7NeE FEH HolHE 95 A2
5o =N Yohe FEE 5T & e YHE ATVt olFoiAof frt. & AFolA e wETd AAde gAE
Edog AnE 2§ 9 FAESTL 7Heot e AA e 49] [oT AlA HolHE o]&3ste] OWCS &E 52
s mAlEY ZHJAILE S8 AAERS 7R Sarde dAsta, A5 9 F7 HolgAE 5T 4E 95
w49 RS DU

Abstract The Korea Nowadays, which is research on digital twin technology for efficient operation in
various industrial/manufacturing sites, is being actively conducted, and gradual depletion of fossil fuels
and environmental pollution issues require new renewable/eco-friendly power generation methods, such
as wave power plants. In wave power generation, however, which generates electricity from the energy
of waves, it is very important to understand and predict the amount of power generation and operational
efficiency factors, such as breakdown, because these are closely related by wave energy with high
variability. Therefore, it is necessary to derive a meaningful correlation between highly volatile data,
such as wave height data and sensor data in an oscillating water column (OWC) chamber. Secondly, the
methodological study, which can predict the desired information, should be conducted by learning the
prediction situation with the extracted data based on the derived correlation. This study designed a
workflow-based training model using a machine learning framework to predict the pressure of the OWC.
In addition, the validity of the pressure prediction analysis was verified through a verification and
evaluation dataset using an IoT sensor data to enable smart operation and maintenance with the digital
twin of the wave generation system.

Keywords : Machine Learning, OWC, Pressure Prediction Model, Wave Energy Converter, Big Data, HPC
Cloud
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Fig. 1. OWC wave energy converter and air turbine

Fig. 19] OWC ot=aAdA)= gigof gt 3 o
9] 3717} Ast& Xsstal olof wet 3717} 95}k v
BE FELE gt FELESS ke 3717 EHolEE
BT EN YIS SAAZIA H 1L ol 71AA o
A2 At} gHlez Agd 7|4 ovA= 7S
Bl 7] oA 2 AT, SEARE AU A &/
4 QAo g2 Aol LAsH| wEe] o|FA Ay
H oA AHHIFFX|(PCS: Power Conversion
System, °|5} PCOE AA L4 A4y} Fup=g 4
= 2714 oux & HgEr &, 7144 ovx & &3
1A719] £92 Halels et X949 A7)

=

SRRASS

.

2714 odAo]7] tol AFe] AAste] mheiuay
A% LW FeAE PCS7E R o WasteHy,
8l.

2.2 H0|g 2 ZMZ KNIME

KNIME ¥4 Z21Z(analytics platform)<
2 7]819] d&EA(predictive analytics) AT E 0]
ERFOE FA4, MY & o ATELQo] BEES
Bo] &olstH, dlole 43, dHolg W, Hold &
&, tlolE EAo] o]27|71A] AEEAE Aok A
ATE EHEoIHH9, 101.

IAN
-

|

o

e



AN |&8 8 =R A A21d A11E, 2020

Table 1. KNIME feature
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PREDICTING
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Fig. 2. Development process of pressure predictive
model based on machine learning in OWC
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Table 3. Raw data collected from wave-height meter
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Fig. 3. Location of sensors and wave power plant
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Fig. 4. Workflow for correlation analysis
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Table 4. Raw data related to chamber, power generation

(such as internal pressure, RPM, torque,
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Fig. 6. Analysis result of wave with power generator
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Table 5. Result of Correlation analysis
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Fig. 7. Schematic layout of OWC
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Table 6. Feature Engineering for data preprocessing
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Fig. 12. Development process of pressure prediction
model
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Fig. 16. Training and evaluation result
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