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Pan evaporation modeling using deep learning theory
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2 ArelMe d SEHA SEEF AMHS 9% "Jeld (deep leamning) 2F o HEAAE HIEATh 2
AFoA A8H Y Y2 deep belief network (DBN) 7]4HF deep neural network (DNN) (DBN-DNN) %3
otk Ry A& HE fste] FAF #5A0A SAHE VA RE SE&sdon, ST diAdel
2 VIEHTE (YA, A, FEAdEE, A7) 23S nEste] JE S (Set 1, Set 2,

2> FAYgH RIYAPFT HIMAKE  (coefficient of efficiency, CE; coefficient of
determination, 1’; root mean square error, RMSE; mean absolute error, MAE)E o] &3to] H7l5glown, 7]&Ee] F=
7FAl 3 Ele] ANN (artificial neural network), & 53 &5 Al SGD (stochastic gradient descent) ¥ GD (gradient
descent)E Z+7+ %83 ANN-SGD @ ANN-GD =&y} vlwatgrl. &30 R4S 9ate] 7 o %

W 7|45 L& GA (genetic algorithm)E ©]-&3}e] H A 3}stdvt. 2 A3}, Set 19] tisle] ANN-GD1 2%, Set 2
o] tiate] DBN-DNN2 23, Set 3o tldte] DBN-DNN3 E&o] 7}y 943 23 A5S UrEhH% AOE &
AEHATE HE v REFE Aol P o] F ztolE HolAE &gou, EE dHEHAT diste]

rot
-,

=
DBN-DNN3, DBN-DNN2, ANN-SGD3 92 23 FgAo] &+

2

AlZ0]| : Deep neural network, Deep belief network, Stochastic gradient descent, Artificial neural network,

Pan evaporation

1. A &

NEg Qe FRRA FUS WS FEEA AA L FAY A, 53 A9 FA49 AL, A5A
fol, £53F 2 E, AR 5o RN Fo¥ AL dnh AT FTHA Fwge] AL
A8, BATA wH, 42/ 23 Fol oA Fase] got AT ATNLY, AA/WEY & =
det e A S 15te] mh el e ]

| o]l % =A% 44 A3 e
RPEL aAS FEA EofilAe] A& sbeAol HZ FEEI YTt (Bai et al. 2016; Li et al. 2016;
Tao et al. 2016). & Aol = 4 FLHPA ST AAS 919 deep learning 2F 2] 2845 H7Fst o
H, Held 2302 deep belief network (DBN) 7]WF deep neural network (DNN) (DBN-DNN) =8-S A 83}

2. Deep neural network
2.1 Restricted Boltzmann machines (RBMs)
RBMs2 7}A] % (visible layer) ( )3 >4 % (hidden layer) (h)9] T+ 7l9 Fo=2 F+AHE UEHYI 7}
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exp(— Elv, h16))

plv, h16)= (M

o714, Elv, h10)= oA 34 (energy function), 7= v, hexp(— Elv, k|6)) ]t}
RBMst Bernoulli RBM % Gaussian RBM3} & F 71#] Eldo] glew, RBM| o ojzal
(constrastive divergence, CD) &ilg] &S ©]&3lo] g5Ht

2.2 Deep belief networks (DBNs)

DBNs+= &AL Y (probabilistic generative model) 2241 Hejd Zgo] AFoltt HHd =EE FoA
b ditdoeln adARl By F stus tge 24 Awrek A7 (feed forward neural
network)©] T}, DBNs<> oJ2] 719 RBMsS #ol&d F2& 7HA 3 o). LRkl A A GelA 59 #71 &
7}atH AL (gradient vanishing) AR Q1ste] FwFart I8 Hiddd wAE EAHo] T
t}. 2128y DNNol| A= DBNS o] &3k A2 &5 (pretraining) S S8l o213t A4S /|AsY. =, DBNoZ
FH 3EE R¥Y JtEXES DNNS AT x7] 7F5A = AHEH ™, DBNS AR&ste] AFHSHEE DNN2
MNAd 2P sS HERUA €T

A W RBME 7HA5M 9 QexEsh D aelEe ol g3t st g A WA RBME
of F WA RBMe] 91X Am, AAAFel et oz old RBMS YwmERRE SR AT
oooleld g wEate, Age) Fo U@ eUFe FARS AHEP (supervised mode)e PO
A £ 9skel DBNS H49 Fol AFWS A7 DBNS| A4 SozREe] g

2.3 Genetic algorithm (GA)
GAT A AlAIS xgtA4el 7123 A9 23} 7|¥ (global optimization method) S =4 A8 (selection),

|
W2} (crossover), W] (mutation), T | (replacement) 53 22 T8 AAS T HA uj/jHsE S

3. 8 4 A3
DBN 7]¥t DNN X & (DBN-DNN)< o] &3 <
VAR (A, dEARE, AR, 4

N

Zd}

7]

2

om

U BN Aol A B
(training data, 2010-2014; testing data, 2015)

59 %3%35e] Table 13 7o) A 7
37ksh7] Sistel SAKA YA
ARG wA BHEH FAE)

2]

574

83

J=2)
=)

mlm
DI

P

e =,
o HA BEE 2467 A sEERe A
212173 (Set 1, Set 2, Set 3)< T334t} DBN-DNN &3
7} A E (CE, 1, RMSE, MAE)E A &3lgom, 71¥e F 714 3¢
(stochastic gradient descent, SGD)= %83+ ANN-SGD =33 7AW (gradient descent, GD)= %8 3&
ANN-GD 233 vustgvtk. 238 2mi/iisg A gtst7] Aste] & AT 4= GA (genetic algorithm)
& 4839ttt DBN-DNN9| A% 24ZF /M4, 249wt A5, v 4 vjX]27] (batch size)oll thsle] GAE
&3t 2™, ANN-SGD®| -9 249x=E JlF, W, wjx]27]¢] tidte], ANN-GD9] 4§ 2Hx== 75

o thatel GAZ Agaisih.
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Table 2= 238 &84 H7/IAFEE vwd Fola, Figure 1S #5X 9} o SX o] 3t AHHEE e
nd g&A ZwoA, Set 19] 4§ ANN-GDI =&, Set 29| 7% DBN-DNN2 %8, Set 32| 7% DBN-DNN3
2ol 714 S By Aes vEhE AR FAHT HE vl BRI E Abole] REFA sl T Aol
2 HolxE &9don BE JHEF ol dsle] DBN-DNN3, DBN-DNN2, ANN-SGD3 0% &3 F84 9]
8 RAow Ewkth DBN-DNN3 R3¢ 79 CE=0.795, r’=0.800, RMSE=0.754, MAE=0.580°0. %4 R E
Ha 28 F 7Hg 73 458 7HAe Ao=2 24T
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4. 4E
2o AFdaE 4 SEHA SEF Al oA "Ed 2E Y HEA4S HUhstyl #1skel DBN 71wk
DNN (DBN-DNN) 2 &2 A&t o5 st o=
Fo] Aol =& VRS ERSRYH A e 4839 E EYE TS
2% FH4A =W DBN-DNN3, DBN-DNN2, ANN-SGD3¢
=0.795, 1’=0.800, RMSE=0.754, MAE=0.580°.% RE H|xw R23¥ = 7}
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Table 1. Combination of input and output variables

Station Input sets Input variables Qutput variables
Set 1 Ry, D E,
Busan Set 2 Ry, D, GTean E,
Set 3 Ry, D, GTeans Thax E,

Ry solar radiation, D: sunshine duration, GTnen: mean ground temperature, 7. maximum air temperature, E:

evaporation

Table 2. Evaluation of model performance

Input sets Models CE 1% RMSE (mm) MAE (mm)
ANN-SGD1 0.770 0.779 0.798 0.629
Set 1 ANN-GD1 0.774 0.778 0.791 0.619
DBN-DNNI 0.773 0.778 0.793 0.622
ANN-SGD2 0.777 0.797 0.785 0.620
Set 2 ANN-GD2 0.788 0.794 0.767 0.585
DBN-DNN2 0.792 0.798 0.759 0.577
ANN-SGD3 0.791 0.800 0.761 0.588
Set 3 ANN-GD3 0.786 0.793 0.770 0.590
DBN-DNN3 0.795 0.800 0.754 0.580
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Figure 1. Scatter plots
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