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SEC: South Equatorial Current
EUC: Equatorial Undercurrent
DCT: Deep Cycle Turbulence TAO

TP o
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1.2 mitE SR T REEZ
b. EFRABENOEERTRSSREN
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b. EFRANBOWERELSREN

BPNN
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(Han et al., 2022)
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1.2 MRS BUNERAESZE
c. iRz, (LES) EEhENRESE& ¥k R—PALM
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1.2 MRS N eHE S ZE
c. iRz, (LES) EFENRESE ¥ R—PALM

PALM (Parallized Large Eddy Simulation) :
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s g 00] 2 00
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Bulk formula

LHF = paLvCE(CIs — Qa)
SHF = pacpCy(65— 04)

(WHOI )
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a. Neural N etwork Module ¢. CFSv2.0 Module

GFS
(Once per 180 s)

Flux

e 1|0 RHT —ANET 550
=TT BRI WLRGK
' F R OB RS

b. Physical Constrains Module TLOSS y MOM4
MSE = (MSE(Pred, Label), Pred x Label >0 (Once per 180 s) /f/k} ;[j -
- MSE(PV), Pred x Label <0

o [EH T 12MNESPGE
= QUM B g7i

70°NH

35°Nj

35°51

70°S

(Zhou et al., 2024) 32
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Physical-Informed Neural Network (PINN)

PDE: L(u(x,t),0) = g

- ———

-
-

MSE = MSE(, gcicy + MSER]

HYZ=

ETEYIE S
N ESVETT =
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( Raissi et al.,
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2. PINNKfEE/KREYT 8U51=

oT 0 aT

I K1 T R R B T == (ks )

Update kz, 0

loss <€
or
iter > maxit
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