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ABSTRACT

Models to predict Leaf Wetness Duration (LWD) were evaluated using the observed
meteorological and dew data at the 11 citrus orchards in Jeju, South Korea from 2016 to
2017. The sensitivity and the prediction accuracy were evaluated with four models (i.e.,
Number of Hours of Relative Humidity (NHRH), Classification And Regression Tree/Stepwise
Linear Discriminant (CART/SLD), Penman-Monteith (PM), Deep-learning Neural Network
(DNN)). The sensitivity of models was evaluated with rainfall and seasonal changes. When
the data in rainy days were excluded from the whole data set, the LWD models had smaller
average error (Root Mean Square Error (RMSE) about 1.Shours). The seasonal error of the
DNN model had the similar magnitude (RMSE about 3 hours) among all seasons excluding
winter. The other models had the greatest error in summer (RMSE about 9.6 hours) and the
lowest error in winter (RMSE about 3.3 hours). These models were also evaluated by the
statistical error analysis method and the regression analysis method of mean squared
deviation. The DNN model had the best performance by statistical error whereas the
CART/SLD model had the worst prediction accuracy. The Mean Square Deviation (MSD) is
a method of analyzing the linearity of a model with three components: squared bias (SB),
nonunity slope (NU), and lack of correlation (LC). Better model performance was determined
by lower SB and LC and higher NU. The results of MSD analysis indicated that the DNN
model would provide the best performance and followed by the PM, the NHRH and the
CART/SLD in order. This result suggested that the machine learning model would be useful
to improve the accuracy of agricultural information using meteorological data.

Key words: Leaf Wetness Duration, Mean Square Deviation, Number of Hours of Relative
Humidity, Classification And Regression Tree, Penman-Monteith, Deep-learning
Neural Network
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Fig. 1. Observation sites of Jeju agricultural research.
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Table 1. Agro-meteorological network of observation in Jeju

Site Latitude Longitude Altitude (m) Land cover
1 Deokcheon-dong 333 126.46 130 Field
2 Donghong-dong 33.16 126.34 143 Orchard (citrus)
3 Gasi-ri 33.21 126.46 88 Orchard (citrus)
4 Hogeun-dong 33.15 126.32 116 Orchard (citrus)
5 Jeoji-ri 33.19 126.15 114 Field (corn)
6 Ora-dong 33.29 126.31 70 Orchard (citrus)
7 Samdal-ri 33.22 126.51 29 Orchard (citrus)
8 Sangye-dong 33.15 126.22 161 Orchard (citrus)
9 Sumang-ri 33.19 126.43 145 Orchard (citrus)
10 Susan-ri 33.27 126.52 66 Field
11 Nohyeong-dong 33.29 126.27 52 Orchard (citrus)
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Fig. 2. Structure of the Deep-learning Neural Network (DNN) model for leaf wetness duration.
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Fig. 3. Box plots of all-days (AD) and clear-days (CD) with NHRH, CART/SLD, PM, and DNN models at
11 sites. Dashed line is median and dot line is mean.

ol ol 7b BT M e AN A 3] 2met SEv AR T2 HES Uehth
o Uiehgh. DNN melo] 434 Bae o8-S NHRHS} CART/SLD 51| RMSESH MAEL o

o)

ALRE Y] Aoz 050139 FHEAE B F QAT 7PE A0 AR APt 7P AR e R
PANE W= Al AR AP A7 et ek o5 2L 2 ol AlFEe] ot
ol ZR7|Ztol 1do= vz Fot shgd =4 7% 5H0R &2 S5 AR Bol UEhA S
7% A} o2 Ago] AF V7t UeRdy] g2 o wizet £ mdo] o]&® oush Alyl Wl
off AER #AE 2A] vehd Ao w ke 4 wfZolet. 7123l PMI DNN 2 glo] RMSES} MAE
¥ Wilo] 2189 NHRHY} CART/SLD 29O 5 = A& Alefstal Add gatghe] Zol7f the
WA= AT Aol A dAF 2A debd Y AR Aot A4 g9kt PM RH2 =
t}. ©]i= Hong et al(2006)°] SIg=o] ghepitar A Rz v BgsARluAzE 718 S 9
A2 w2 AP A B HROR A9 7|97 & vRIth webA, BofEAluAs AdER
ChEA| vERe o= glell Z19Ist Ao R dekEnh wf Aok AA ] wiiel]l A o]’} NHRH,
A 2 IS A5 Age] WEshs 7IHESR  CART/SLD Wil B} a7 27 vepd Zlolt.
Qe RFebibe AuA & FAo] WAEIL o]2 f1 DNN wHll2 Fa7|7hollM A =#] 715 54



270 Korean Journal of Agricultural and Forest Meteorology, Vol. 20, No. 3

1.0 1.0 1.0 1.0
.
.
0.8 . 0.8 0.8 0.8
.
Correl- °¢ li’ 06 é} 06 06
ation 04 04 04 04
0.2 ¢ 0.2 ! 0.2 0.2
0.0 + - 0.0 0.0 0.0 -
Spring Summer  Fall  Winter Spring Summer  Fall  Winter Spring Summer  Fall  Winter Spring Summer  Fall  Winter
14 14 14 14
12 . 12 . 12 12
10 T 10 10 10
RMSE s * 8 8 T 8
6 6 6 6
(hour) Q
4 4 4 4
2 . 2 2 2 i’ %
0 0 0 0
Spring  Summer  Fall  Winter Spring  Summer  Fall  Winter Spring  Summer  Fall  Winter Spring  Summer  Fall  Winter
10 10 10 10
8 ] 8 . 8 8
.
MAE ¢ ol 1 s s
.
(hour) ¢ 4 % 4 . 4
2 2 2 2
. = == |
0 0 0 0
Spring Summer  Fall  Winter Spring Summer  Fall  Winter Spring Summer  Fall  Winter Spring Summer  Fall  Winter
10 10 10 10
8 - 8 ] 8 8
.
Bi 6 . 6 * 6 6
1as -, 4 % 4 4
(hour) 2 tﬁi 2 %’ 2 l%l % 2
0 ¢ 0 0 0 ?’ l%i EI é
2 2 2 2
Spring  Summer  Fall  Winter Spring  Summer  Fall  Winter Spring  Summer  Fall  Winter Spring  Summer  Fall  Winter

Fig. 4. Box plots of spring, summer, fall, winter with NHRH, CART/SLD, PM, and DNN models at 11 sites.
Dashed line is median of data and dotted line is mean of data. The NHRH, CART/SLD, PM, DNN models

were analyzed in 2017.

& A8 Ankel A 5 ek 3 Ago] v
Aol ]3| RMSESH MAE @27 2he 212 A1
S ol AR B glokn o]&o] WhbshelekE
A% A17k0] B9k7] tolch. Biast W melo]
H#el WFom Hejme] 9w NHRHS}
CART/SLD 2Hl9] A#¥ Bias:= RMSE2} MAE2}
we Ao ekt PM 29| Biast ofEe
7V 31 ol b4 WA Uehdek DNN 589] Bias
= ok malo) ujs) AthHOR AW Bias7t 2 3}
o] glo] Upekgtom] g 241k nlgo.z ko] Bias7}
Uebite.

33, X|Hd = m@yt
17 AollA] w53 o] SAI&GAIRE 2t Kol Af

&3l o]EAHAIZFE dTHZ Hmd A=
Table 29} At 471 RO JtAl> Bt PM 2dl
0] 0.372 7P WA Yelda DNN el 0.572

7 =4 el NHRH, CART/SLD, 18|31 PM
wale 2uiz} 49l AFell M 71 e e By
o 283} 49 AL Al el R[Sk o] A
& Az 7P thsst |Gdolek S el o
SRS wo] vk= NHRHS} CART/SLD 2d& A|F
%o 2] 714 BAS wHgshA] £519li, PM &
o tk&EF 7o) o= Aolwr} Algs| v A
s}o] & 2~ 9J9ltk DNN RalojA] 0.5 njake] Ak
4 AFEL 201790 FAH 714 QAAFE0] Agpo

o_lﬂi

1% ol

mlo



271

(anoy) Jourg AInjosqy UBIN=AVIN ‘(1n0y) Iourg poienbg ued]N J00Y=HSINY ‘UONB[QLIOD=¥ s

0€0  $0'T 19T LSO 66T  LST  vbS  LEO vSY  v9vY  8¥L  8%0 16T 9I'c  8LS TS0 o3e10AE

€9°0- LS80 6T 8LO 8T  8TT Il SE0 996 99S 068  LEO 88°¢C  $6€ TOL TO LI-Uuesng 11

890 €91 SLE  THO 6%°0 4 18 60 LYT  L8T  8€S 690 0€0 TET  ¥I'E  TLO 1-Suewing 01

Suo
Y1 LFL STE 190 vLT  11E WS 10 989 989 601 SS0 L8S  88S 1T6 LSO P 6
-0A3ueg
80 850  SLT  LLO 8¢  S9C  9¢’S  0€0 69S 695  €L8  9%0 S6C  66'€  T69 IS0 LI-[epuueg 3
Suo

€00 660 S9T  €¥0 LT 661  00F  €€0 Y€y vEY  6€L  8¥0 IST  €ST €TSS  ¥S0 -e% L
) ) ) ) ) ) ) ) . . . . ) ) . . Suop

vLO0 6T 0€E  OY0 8LCT €€ 60  €T0 YOS 6I'S  LYL PO 0¢ 0T¢ €SS 840 SuookyoN 9

80 L¥I  SOE 690 €60 0T  SL'E 850 6E €Iy 10L 850 €T 8T L¥S 090 -1foaf S
. ) ) ) . . ) ) . . . . ) ) ) . Suop

Y00 810 060 850 8¢T  vPT  0¢y 810 Y6y  96% €08 TTO 8LC 18T LS 670 _unoSoyy ¥

SOT  ¥ST  €€€  8L0 960 81T 8¢ 19°0 LTY 8TV L69 690 86C 10€ L¥S L0 L-1Se0) €
) ) ) ) ) ) ) ) . . . . ) ) . . Suop

10 €0 8€T  6£0 €T I1ST TES 910 ¥S€ SSE 919 €€0 197 €97 €IS LEO SuoyBuoq 4
. ) ) . ) ) ) . . . . . ) ) . . uop

¥9°0-  LOT 78T  S¥O 1T €LT  v6v 10 0¢  LbE  oLS  Tho 161 9T SLY  ¥¥0 ~uoayoy0aq] I

selg  AVIN ASIWY selg  VIN ASIWNY seig  VIN ASIWY d selg  AVIN ASIWNY ¥ cong

NNA Nd aA’IS/LYVO HYHN ’

Park et al.: Evaluating the prediction models of leaf wetness duration for citrus orchards in Jeju, South Korea

L10T ul s[epow NN PUe ‘Nd ‘ATIS/LYVD ‘HYHN YHIM Poje[nuls pue paAlesqo :uoneinp ssaujom jed] Suowe uosuedwo) 7 dqel



272 Korean Journal of Agricultural and Forest Meteorology, Vol. 20, No. 3

ek W% = A%e geseh @71 RMSE,
MAE, 18|31 BiasE& $¢F o2 18ste] Tddl=
dl, 53], ARAGE 05014 © BAH BAlo] %
ojelrii sheksi,

Kim et al.(2005)2} Luo and Goudriaan(2004)-2 o]
SAIEAZE o5 Kdle] RMSEZ} 2.5 oJst=2 Uehd:
o st mie- Al griskith 471 md B
DNN =dle RMSE 2.612 M4l oIt Axke} 714
A% RMSES 7HA|aL Q)AL Adso] 7 -3k
t}. NHRHS®} PM ®2glo] RMSE B-o z}z} 5.78,
5442 UERG I MAES} Bias 9% PM Ldlo] ok
2t 2 el =3 A3 RMSE 2= NHRH
7} PM =l w27 et 2 Al dig me
QP PM melo] Ssigick. oleh ol ot %
AS 58] AT mE A5 DNN mdlo] 74y 94
3}l CART/SLD wgl9] AHste=rt 73 WA et
Wt 122]3 NHRHEF PM g8 H|=3t 5o &
UERdt: A e AAHem oAl Axtel v
=% o= yERdAIRE 99T 10R(54h Al
Ao deldel Amprt verdh oW AHelAs
DNN meo] 7}3 ©25}7) ura}w—r 2o g PM
Ao HY NHRH X dlo]
CART/SLD Zel} |23t A9 1t} 9 2|4

ol Aol 19682 AUE F 7HY e A
7h BAEY 2 DNN male £31 At ges
= 29 Aio] 4537 WlEe] DNN Bo] 73
948 27} velslth NHRH 299 49, &
S ARl Bl S8kl AA)| olgo] EAYsH
A 37 ol o] e LAl yEtT 10
H 2" NHRH 249 AA 47} =31 RMSEZ}
7P S R, THE Aol TH S
BH DNN mdo] e Aphisel /b &&
RMSEZ} Yepgdth 108 2358 ol A ARl
10042t Aol vlsl ol ARIZE 2A] YEb e
o B} 2] vl S=7F w4 veRd AR7E @A
e3t7] 2ol NHRH HHo) A 50| 7 YEt
ek

e 02E SAA R EAsto] ndl oS g
=5 B7Ishs RS 7P &3] ARElE Wrol ARt
NHRH®} PM HEAE H|S=3h AijoA= 25 2l

mdo] F&

Aelo] 47] gt} o2 weles] 9la) Erldow
MSD T4 AR 24 uhe Ea) 25 me 458
Blas) 2okt

34. MSD & HJ}

2 Bls 450) AR A7l Ll o8t
e M B BA PHS AT o1& T ¥l
ool 4090 A 7P 917 djse] 7] s

AR ol 2e) 419 Sl 4H] 00l 7187
7} 12 Uehde 7Ieei Fig. St o]&A4At el
of tfgt X4H MSD2] SB, NU, JE]J_ LC 3484
2 wojzr), 7+ wulo] AHEL giE LTk A1
31 Thg0 s SB7} B HlES AASIAon NUL
welo] wel ek vlao] e Rtk 100
A& Alefetar e A3 9] 45 DNNo| 71 9
451993 the-© 2 PM, NHRH, CART/SLD 02 1}
Epth. PMY} DNN 2912 79 Wdl Hop NU9 Bl
o] #A yepdtt =dl AE 71 Al NULE SBe= oI5
I} H= Apol9] @7 Fel(error type or false alarm)
RS xF3ITE SB= & FHI7F 38 2F(false
positive)l} -4 2. =(false negative)2] 3+ WlgFo g
w29 gl 5o AgEn NUE 34 ot 3
O O WE Aol 498 ejujaic 12T 34
o5l 2 080 A} SRS SBYFNUL #7|
Al k. NHRHEL} CART/SLD 22 tfjFEo] 2|4

oA 3 2570 A7t Wol UEht7] ozl SB7}
o e HSS ARSI NUZF B2 HIS-S 27
&= PMa} DNN HElo- 4 079} B 02 xl7}

L o] YeRg7| whzol]l NUZE 24| Yepgdt). of
DNN Rl o] uhae] s RIS o o] 371
4 9lthd NU ©3b= 7rasl 5= 9l

A 117 A= 15 MSD 44 845 254
o2 Histo] v|wel HQIth(Fig. 6). MSD= DNNoJ
7} ek PM, NHRH, CART/SLD 428 MSD
ol 2A vty 9bA thas ofjul $iE NHRHS}
PM mel %S MSD 4 A7 Aol watsh)
HEih AR 2y} E04 292 MSDoj 7]ofs)
£ PAat A2 e e 49 9l
NHRH®} CART/SLDS SBe} LC7} 2 Lehd |
9, =] 2dl PMI} 7| AI5ks 4l DNNojA= LC7}
=A Uebal SBF NU7F HISsSE 0= UrEhyd
T LC7} 47 Mol 7ha 2 HEe AXjshe AL
o] Wel AT Gl Aol Beow wgt

il




1
1
1

Park et al.: Evaluating the prediction models of leaf wetness duration for citrus orchards in Jeju, South Korea 273

20
10 { === SB
00 | s NU
SO*ELC
70 |
60
50
40 1

A aals/

2 3 4 5 6 7 8 9 10M1

(a) NHRH

30 -
20 +
10 4
0,

12 3 45 6 7 8 9 10 M1

(c) PM

120
110
100 H
90 +
80 - —
70 -
60 -

Z‘W i
10 |
0 ‘

234567891011
(b) CART/SLD

10—! n QD ==

O,

1 2 3 4 5 6 7 8 9 10 11
(d) DNN

Fig. 5. Components of MSD in LC, NU, and SB for NHRH, CART/SLD, PM, and DNN models at 11 sites
of Jeju in 2017.

70

60 1
50 1
40
30 1
20 1

10 A

Fig. 6. Components of MSD average in LC, NU, and
SB for NHRH, CART/SLD, PM, and DNN models at

SB
mm NU
—LC
NHRH CART DNN

Jeju in 2017.

o} s mdofx] 3714] 54 84 F LC7F ARAJst
+ H|Fo] 7 IX9k =27]+= CART/SLD, NHRH,
PM, DNNO 2 Z=% opiil SB HA| LCe} E2
Aoz Upeht.

I
oy

Iv. 1

A= Al A BedolA BAshs 249
o] %x] 2Nt of|& e XA 5131} 47FR(NHRH,
CART/SLD, PM, DNN) =dlof tfgt A%-2 vl U
Bkt W7 e AR eaks UEid=
Correlation, RMSE, MAE, Bias, 12|37 MSD2] 4]
QA7 v BA5keIct 1 % DNN mdo| 7Pk o
2 oA} A2 AR [odo] EA UEhe
#). CART/SLD mdllo] 7} 122 o2} =215 Hoj
A Fo/de] WA UElRth NHRHSF PM 2>
O} 3 7Eo®E PM RElo] 2 A5S HANL




274 Korean Journal of Agricultural and Forest Meteorology, Vol. 20, No. 3

A NHRH 25lo] o 7] vehgeh 95
29 4359 A 7R A4S AiEcd MSDE] NU
227} 2 NHRH welo] A4 ojx]7} Zick MSDY]
LCSINU 248 Zol7] Slajilt: melat 7 2
HoR JHE 0 FE SR Zlo] Baskn MSD
©] SB 84t mdl 11o] Bias A QA4S Z7)5}0]
#5o] mel ez 2% 4 9Urk DNN male 47}
A md Fold HAe] A5 M B ARS
wol SRgss wae] Yehde oS AN 4 9
o oluf 7|45 Bl A=} apgelA] g Ak
o] 2mE|T X2 T2E 3] A L Yol
Atk 45 37149 B9 Aeg sk ok
3 Ui el WEIE 21gatchd DNN S44 1

as|

=

4

i
X

o} Aehest gAE 4 9 Aolth
V. @0 U zE

ol&2 A Aol WAsH= ol 92 Qs
el ol&= the o Qlth o] &9 W WiAUS
2 27| wjZof oA e-dE Aelehs o]
Fasic) ZFe-dg 23S Blof Hg) A-ds Al
9]3t 7+ mdlo] RMSE, MAE, 1|1 Bias: tj3i
daste] et ndl Hetert Srekelnh olgh
AR 790t ol& MAUSS Fsto] =2 o]
Agol= Zo] nd Hte s FY T 4 ek E=3E
NHRH, CART/SLD, 12|32 PM ZE& o0 713
& QA7F WSl Aol @2t 71 2 e
ST A ol& ARZF WA 487 wiEel] veRd
Aol oF At & A AlFE ofFo] 7|53}
Ao g gk S-S 7R Slo] A HE e
7123 27t UER7] wiZelth DNN 223 A2
g 3719] B2 o]&o] HFEE i 7ROl A5
Aetert BlaA BlssstA| Yepg o o350 B o
2 Agert 2d AA oA s B sk 9
o] EH3ick

zdloj|A] &3] AL&E]= RMSE, MAE, “12]1! Bias
oF 22 FAA oA Wor AuE nd g
DNNo| 718 94=319ict. CART/SLD2] & AH3w
7} 7V 2 A WrEbgtal NHRHSF PM L dle: v]5=5)
s Btk AR o2 AFE Hel Ak o
QAT AA|H o2 A5 £9+= DNN, NHRH E+=
PM, CART/SLDZ Uelgr} Bdlo] 452 L A
A8] 738kl At MSD HHE o] 88 4= Qlch

MSD: SB, NU, 18|31 LC A4 FEEH o]
£ o83t e e DNNo| 7 9-=513lem,
k222 PM, NHRH, CART/SLD %2 A%o] 4
eidth mE Aol 94ERE SBoF LCE 745t
A5k NUE 37k5he 4] Uehge. ojd NUE: 3
4 SR} Y R7k BAI b ) Slekn
o wRpel 34 e Y Rk wsichd S
o] Z7te o vebii

ojAY 7]Eol e A B Eud wd B
o 7|AekE HES A9 B HHor 83l
7P 9t Aee HEhATE SPARE 2t DNN Heke-
Convolutional Neural Network (CNN), Recurrent
Neural Network (RNN), Long Short Term Memory
network (LSTM) 5-9] thoksl drarg]Zo] wha A w
dskal 7] wizell H2of sh= ok W AdEol
SRsItk webs 2o gHA| 7| Aeks REle Y
St chopal wpE-S ujmahe Aglo] Zasttk
F71A7E Bl A Aol HHIE ol &4
& HdS ARt 5 H3e oAU &
A A A"l A f-85HA 8 o Sl

2 7]

e

[o o= B o

>
1=}
Al

A

8 2

2016975 201797HA] A5 =3 117 A
ol WET 714 5 o& A=EE ]85t o]&A
LA o mUE WIS ol |<AI7E mElo)
=S} oS AHehe Hrhole 4 7HA] HE(Number
of Hours of Relative Humidity, Classification And
Regression Tree/Stepwise Linear Discriminant, Penman-
Monteith, Deep-learning Neural Network)o] A%
Qe el wigtEl 7852t A walol ket 7}
shick AA AgolH 29 ARE AT ol
AARE RS BT SAHFAFELA oF 15
hours)7} ] Wefsieh 714l mele A A2
3 AR QAL ISR A (FRARZO oF 3
hours) 2 Ukt Lpul ) BElEL oSl 3K
FAFELA 9 9.6 hours)7k 7H 27 ALl 74
A& A(BFAFZEA OF 3.3 hours) .2 ekt
wg o) HIRE B e FAA o3 24 Y
o B AR wA B R e A 54
A2 F9 BY %S DNN mulo] 7hg 943t
HhHof] CART/SLD 22 oS Hew=r} 7 A



Park et al.: Evaluating the prediction models of leaf wetness duration for citrus orchards in Jeju, South Korea 275

etttk BRAE HAMSD)E mee] HFA
Al AR Blolol(SB), M7 7127INU),
B RHLC) THALE TN} LI
Holt}, mdl o] 923k 2 SBO} LC 745
5 NUE bl 2ol hebdch MSD 34 A
DNN mdlo] 7bg $43l9on] thgom PM,
NHRH, CART/SLD 0.2 Uehgtth. £ Aol &
89 A B 74 PRE o83 T Y
A Aare] e Aol SA| Zofe Aow wet
e,

o ox fllo

2 ¥

aAtel =

B =no s Syast g RA Y
71Tty “AHARI 7147 ]E7EHKMA2018-0
0621)”94 AP e Qlsyct ol& 2R =

ZelF4l AFEEAAE FH71Ede] =R

et

REFERENCES

Allen, R. G., L. S. Pereira, D. Raes, and M. Smith,
1998: Crop evapotranspiration: Guidelines for
computing crop water requirements. FAO Irrigation
and Drainage Paper No. 56, Rome, Italy: United
Nations FAO.

Beysens, D., 2016: Estimationg dew yield worldwide
from a few meteo data. Atmospheric Research 167,
146-155.

Beysens, D., M. Muselli, V. Nikolayev, R. Narhe, and
1. Milimouk, 2005: Measurement and modeling of
dew in island coastal and alpine areas. Atmospheric
Research 73, 1-22.

Cosh, M. H., E. D. Kabela, B. Hornbuckle, M. L.
Gleason, T. J. Jackson, and J. H. Prueger, 2009:
Observation of dew amount using in situ and
satellite measurements in an agricultural landscape.
Agricultural and Forest Meteorology 149, 1082-1086.

Gauch, H. G., J. T. Hwang, and G. W. Fick, 2003:
Model evaluation by comparison of model-based
predictions and measured values. Agronomy Journal
95, 1442-1446.

Gleason, M. L., S. E. Taylor, T. M. Loughin, and
K. J. Koehler, 1994: Development and validation
of an empirical model to estimate the duration of
dew periods. Plant disease 78, 1011-1016.

Gleason, M. L., 2007: Validation of weather inputs for

disease warning systems. American Phytopathological
Society 97(7), 147.

Hinton, G. E., S. Osindero, and Y. W. Teh, 2006:
A fast learning algorithm for deep belief nets.
Neural computation 18(7), 1527-1554.

Hong, K. O., M. S. Suh, and D. K. Rha, 2006:
Temporal and spatial variations of precipitation in
South Korea for recent 30 years (1976-2005) and
geographic environments. Journal of Korean Earth
Sciences Society 27(4), 433-449.

Kim, K. S., S. E. Taylor, M. L. Gleason, R.
Villalobos, and L. F. Arauz, 2005: Estimation of
leaf wetness duration using empirical models in
northwestern Costa Rica. Agricultural and Forest
Meteorology 129, 53-67.

Kim, K. S., S. E. Taylor, M. L. Gleason, and K. J.
Koehler, 2002: Model to enhance site-specific
estimation of leaf wetness duration. Plant disease
86, 179-185.

Kim, S. S., S. M. Jang, H. J. Baek, H. Y. Choi,
and W. T. Kwon, 2006: Climatological variability
of temperature and precipitation in Jeju. Journal
of Korean Earth Sciences Society 27(2), 188-197.

Klemm, O., C. Milford, M. A. Sutton, G. Spindler,
and E. Van Putten, 2002: A climatology of leaf
surface  wetness.  Theoretical — and
Climatology 71, 107-117.

LeCun, Y., Y. Bengio, and G. Hinton, 2015: Deep
learning. nature 521(7553), 436-444.

Lee, H., J. B. Jee, J. S. Min, S. Kim, and J. H.
Chae, 2018:
radiation characteristics using WISE observation
data. Journal of Korean Earth Sciences Society
39(1), 89-102.

Lee, Y. J, and J. Nang, 2016: A personal video
event classification method based on multi-
modalities by DNN-Learning. Journal of KIISE
43(11), 1281-1297.

Luo, W., and J. Goudriaan, 2004: Estimating dew
formation in rice, using seasonally averaged dial
patterns of weather variables. NJAS wageningen
Jjournal of life sciences 51, 391-406.

Maestre-Valero, J. F., R. Ragab, V. Martinez-Alvarez,
and A. Baille, 2012: Estimation of dew yield
from radiative condensers by means of an energy
balance model. Journal of Hydrology 460, 103-109.

Park, J. H.,, D. H. Shin, and C. B. Kim, 2017: Deep
learning model for power demand
prediction using special day separation and
prediction elements extension. Journal of Advanced
Navigation Technology 21(4), 365-370.

Applied

Analysis of meteorological and

electric



276 Korean Journal of Agricultural and Forest Meteorology, Vol. 20, No. 3

Park, J. S., K. R. Kim, M. Kang, and B. J. Kim,
2017: The influence of evaporation from a stream
on fog events in the middle Nakdong River.
Journal of Korean Earth Sciences Society 38(6),
395-404.

Rowlandson, T., M. Gleason, P. Sentelhas, T.
Gillespie, C. Thomas, and B. Hornbuckle, 2015:
Reconsidering leaf wetness duration determination
for plant disease management. Plant Disease 99,
310-319.

Sentelhas, P. C., T. J. Gillespie, M. L. Gleason, J.
E. B. Monteiro, J. R. M. Pezzopane, and M. J.
Pedro, 2006: Evaluation of a Penman—Monteith
approach to provide “reference” and crop canopy
leaf wetness duration estimates. Agricultural and
Forest Meteorology 141, 105-117.

Sentelhas, P. C., A. Dalla Marta, S. Orlandini, E. A.
Santos, T. J. Gillespie, and M. L. Gleason, 2008:
Suitability of relative humidity as an estimator of
leaf wetness duration. Agricultural and forest
meteorology 148, 392-400.

Shin, D. H.,, and C. B. Kim, 2018: Short term
forecast model for solar power generation using

RNN-LSTM. Journal of Advanced Navigation
Technology 22(3), 233-239. (in Korean)

Montone, V. O., C. W. Fraisse, N. A. Peres, P. C.
Sentelhas, M. Gleason, M. Ellis, and G. Schnabel,
2016: Evaluation of leaf wetness duration models
for operational use in strawberry disease-warning
systems in four US states. International journal of
biometeorology 60, 1761-1774.

Veronica, N. S., W. F. Clyde, A. P. Natalia, C. C.
James, and C. Amy, 2010: Spatial variability of
leaf wetness duration in citrus canopies. Proceedings
of the Florida State Horticultural Society 123, 49—
55.

Wallach, D., and B. Goffinet, 1989: Mean squared
error of prediction as a criterion for evaluating
and comparing system models. Ecological Modeling
44, 299-306.

Wieland, R., W. Mirschel, K. Groth, A. Pechenick, and
K. Fukuda, 2011: A new method for semi-automatic
fuzzy training and its application in environmental
modeling. Environmental modeling & software 26,
1568-1573.



