This paper describes the control method we developed to maximize the output energy of a point-absorber type wave energy
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converter (WEC) using reinforcement learning. Conventional control methods necessitate the dynamic model of the WEC.

Modeling errors of the dynamic model, however, can decrease output energy and result in inaccurate control. The proposed
method does not require a dynamic model of the WEC because the method uses reinforcement learning to learn optimal control
on the basis of prior experiences. We performed numerical simulations in irregular waves to compare the proposed method
with the conventional method. The average output power in the proposed method was comparable to that of the conventional

method. Moreover, as an advantage, the proposed method decreased power fluctuation rather than the conventional one. We

verified that the proposed method was more effective than the conventional control method.

* MEHESCERELN R
FhazAt S 34 15 27H

# A A

SF343H 9H

(411)



18

DR ]

v EISIZR [-]

OC(s, a) = TTENMIMERIEL [-]

my 70— MNEE [kg]

m,  AHIVE & [ke]

my, - JEIREER R COMINE Hke]
z 1 71— B2 m]

c33 ¢ HEIREREL [N/m]

Frro: ) =7 S EFOHIET) [N]
N(w) : HEREEEHRE [Ns/m]

E\ (o) : IR /HREC [N/m]

S(w) : AT v [ms]

o : FAJEEEL [rad]

P ) =T REEOBIN AT — [W]
s filfE N A—% [Ns/m]

: HlfE N A—% [N/m]

DN &0 A U7 NEBRERR (BRI (W]
DU =T RERNGEY HLTZES (W]
s HESBRE [NVA]

BT [Q]

CAERIEE 8]

s - AFEEE [m]

DAL [m)

X B 72 H R kgl s]

]

RS RO

TR

(412)

xR
zk ........................................................................................ 18
o - S 19
gﬁ,ﬂj‘i—%"ﬂé .................................................................................... 19
ﬁgihi/i R = B 2 T 20
B3] JEHES S o LS g LT T Il s e 20
3.2 §+§§§%#F .................................................................................. 29
. %Uﬁ$j7%2 .................................................................................... 292
. §+§§%§§% .................................................................................... 25
. i & &b ...................................................................................... 27
%ﬁ §$ ........................................................................................ 27
Zgj?jzﬁk ........................................................................................ 27
5
a: T—V = hOITHE-]
r: == MOMTENT Ko TR i [-]
s T=—V =2 FOIRFE []
§ Tz b OB ORIE [



«

i LB e TEpTiE H20°8 Fa4 5 (G2FE) waWmE 19
1. FANE

W 7% FE A1 (Wave energy converter: WEC)?D | D Cdbh 5 Fig. | ITRTARA » 77— =A%, izl BT
(BT D 7 u— b ERBEESANE SN D A =D 2 BHE TR EIND. KA T 7V —_—AITRASH
DR FERE IR 2 22 FEDSRET STV B 28, MR CIISS BB I K AR A oD U =7 R7EHK (PMLG)Z R
U =7 WEC O3 EIT-oCT&7=. V=7 WEC DAV v ML, V=7REEOFIEICENEL, XT772L
DI IR ERABEN CX 5720, Bl 7252 L ThD. Fig. 1 ® WEC O, A/3—|Z PMLG
DEFEFZEFEL, HEEZNLTT7r— MIABy F285T 5. 7r— k& 23— OFXHEENC X 0 Ar#) 73 k-
T4 5. AIE 2 EE T OKABEA DOE D 285 &, BARALENC L 0 FERENNAEL, BETDH. K,
A B A AT 5 2 & CRERD RS A L CEE 1ICHD 1T Sk AR & isa Lok 5| - sz &
D HIE S A A9 %, Fig.1 O X 972 WEC T, —#%IC 7 12— s ORGSR OB E % & ol A3 gl
L9rt, FEENEDRTT 5. 207D, JRGFHRBGIRSEMN T TR L K HET H72DIHli#zMThn s 2 .

Spar —| -
o Float *Regenerative running
wave o
] i Motion direction
Control force
Permanent 1 Translator
magnet
H— Armature ] Permanent magnet
*Power running
Motion direction
Control force
Stater —y|

a0

Permanent magnet

Fig.1 Schematic view and principle of the wave energy converter with a linear generator.
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Fig. 2 Framework of the reinforcement learning®.
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Fig. 3 Schematic view of the WEC model and the mesh model of the float for calculation®.
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Table 1 Principal particulars of the WEG model.

Part Item Value
Float Outer diameter 0.3500 m
Inner diameter 0.1140 m
Depth 0.3000 m
Water-plane area 0.0860 m
Draft 0.1500 m
Natural Period 1.00s
Mass 12.90 kg
Added mass 8.00 kg
Spar Diameter 0.1000 m
PMLG Thrust coefficient 37.93 N/A
Winding resistance 2.115Q
t
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Fig. 4 Wave damping and Wave exciting force coefficients®.
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Fig. 5 Flowchart of the Deep Q-network for the WEC control®.
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Kernel
conv2d_1_input: Format](Frame, Data No., Channel) Layer name i Stride Activation
InputLayer input: (5, 100, 5) S1ze
i conv2d 1 | 10XS5 1 RelLU
conv2d_1: Conv2D input: (5, 100, 5) »
- output: (32,91, 1) conv2d_2 8 X1 1 RelLU
l conv2d 3 | 4X1 1 ReLU
2d 2 Conv2D input: (32,91, 1)
oM S oI I put | (32,84, 1) dense_1 - - RelLU
l dense 2 - - Linear
input: (32,84, 1) .
2d_3: Conv2 - -
conv2d_3: Conv2D output: 64,8 1) Lamda Linear
. l Action | AC, | AK,
flatten 1: Flatten Input: €81 1)
- output: (None, 5184) 0 '1 0
I 1 0 0
input: | (None, 5184) 2 +1 0
dense_l: Dense output: | (None, 2048)
- : 3 -1 -5
' T 0 | s
B 2 Dense input: | (None, 2048)
onse < output: | (None, 10) 5 +1 -5
l 6 -1 +5
lambda_1: Lambda input:_| (None, 10) 7 0 +5
- output: [ (None, 9) 8 +1 +5

Fig. 6 Architectures of the neural network model for the DQGN ®.
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Fig. 7 Averaged power in irregular waves (Hs=0.1m, Ts=1.2 and 1.4 s) per episode during training®.
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Fig. 8 Comparison between the ACL and the DON for averaged output power in irregular waves. The
error bars indicate standard deviation. The percentages show the ratio of the averaged output power
in the DON to the output power in the ACLY.
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Fig. 9 Standard deviation of the instantaneous output power in irregular waves. The error bars
indicate standard errors. The percentages show the ratio of the standard deviation in the DON to the
standard deviation in the ACL®.
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Fig. 10 Peak-to—average power ratio (PAPR) in irregular waves. The error bars indicate standard
errors. The percentages show the ratio of the PAPR in the DON to the PAPR in the ACL®.
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