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3 7 7 9l

§ = 23.45 < sin[% X (284 + n)] (5)
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adsorbed short wave radiation flux
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AR Yl 7HA] F8 WAYFOZE Figure 494 29|

net long-wave radiation flux

latent heat flux

= Ea. (D3} o] At

: sensible heat flux

]
Absorbed .
SW

Net .
swo -

ATk Bl Als 5]

al.(2016)

ET
H:
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Emitted Sensible Latent
long-wave radiation radiation

Shor_twave radiation Absorbed ;
radiation 7 long-wave g
radiation

Figure 3 Schematic diagram of the heat exchange
mechanism(Sedighi et al., 2016)

@3} EAR(short wave radiation)w A7 Wl HAME = B ol U #] €]

Zgolth A+ Wl Eddts & duRAls £A45 At b= A4 9
Aret Ak, Axlel HAAd FFo & EHe= A7, AEHY
&5 2313 dAbg Soll whEl g A7 JdAZE Sl 2 A steke,
Deardorff et al.(1978)x= L% 9ol F5% = shortwave radiation flux

-Absorbed __
Hgy, = egptgy (8)
Hﬁvl’[ﬁorbed . heat flux associated with the absorbed shortwave radiation

egw - shortwave reflection factor associated with the ground surface type

43t HAHlong-wave radiation)®] 79 A ZolA WEHE FI EHAL
sb 71l A FaE s Ak BAbe] 2o w AWd S gled FEAt

HY' = Bq. (99 2t}

Net __ Absorbed Fmitted
Hy' = Hgy — Hpy 9)
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Lw

=
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. radiation flux absorbed at the ground surface
. radiation flux emitted from the groundsurface

Al ofaf v
Stefan - Boltzmann

(Lewis et al., 2004).
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42 A% (conduction) ¥} tF(convection)ol 2]

A 3}

&
W A 2~ (moisture balance) 2}

of Al7)eF A EA el wpek K| 2o m A= 7]

Eq. (12)o.%
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. ground specific heat capacity

. air density
CP
. aerodynamic resistance
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T AZRAA AU o i AEe wfa
al.

H. _LXE (12)

L : latent heat of vaporisation

FE : evaporation flux

A7 Esle] oA Fe Eoke

g

N K

352 Fourier's Law7} 485

ol
= [e} =
Al Aok frAbsttal kg ¢ s, 7 ZoldA B¢ 2&7t
PN
T

G heat flux density
X © thermal conductivity of the soil

Z—g . vertijcal temperature gradien

Enrique et al. (1999)= Ad& &3l A t7F AHEHAES o Zlo] zo
Ao EFEE FASE S Eq. (14) ¢ 2ol At &3

=

21I(t—t,)
365  d

T(zt) = T, + A exp(— g

] (14)

E)Sin[

T ' constant groundtemperature

a

A, t annual amplitude of the surface soiltemperature
t, * lag time from arbitrary start date to the occurrence of the
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2.4, =X 2ulEZ A §AHARUEHFY AL

A AAAdsh gel B4 AolsE d A BYsts] g
G RAANAE 0|43 HolE el sEwe] AL oI, 53 2010
A olFel vl A skl FH ST 2010d 0 Furel ol =] wxo
Aol zuhe #3} AgFAo] OF A7) AR Sevete AT 33
W o A o) Fol A4 ekt

s e]e] AFAE S X Haggard et al.(2010)+ Transylvanian Plain
Ao = EFY 2o dF S v A= AAE FHol EFEA
(soil temperature regimes)S &Qlstal o]A S HlEo R X ZE 9]
T2 dols 9 HA S 9F d&
28s Vet EGeEE AY
A 4= (growing degree days)E A4t |
S-TMB-M002 &%=AMA & o] &3sto] S4 AT

Chen et al.(2014) Th&eE zlololM e ESF $Hde dotete] A7 2=
e FHe i 85 9otstr] s CC2530 EE 3 WSN(Wireless

ine 1 , — =
HE S &3l Aol HFH AlaE 253 A AR FAHAY. A
Aztez B 2%9t % dHeolHgE detstr] 98] 10 ecm, 20 cm, 30

Goap et al.(2018)+ &= AHHE Y F & T84 A5y A
A 2=8& EstE ATFE AT AFdA A BRYUHY @ EY &

T 72 A Bal 5% dolE e SVR(Support Vector Regression)
Rdly EF ] 9 SHES TS EY W FEHES d5)

B4 =
o AFEEHA e, VH-400 A E Fal ASEHAY. &4 Zigbees: &
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7leE o83 w2 E EUE Y A2 doAE Tteds geletr] ¢
& "= NapaxloolA 9418 TEEro Ay A" Jdsis
ATE st MEE AlAEE 7Y 2 ES HolHE AAeR By
HE gt} o] § Edie EYY Fx¢ 3 #E9 FAES At
shed AFEEH, SAES T #eEs 2den

Youm et al.(2018) =A|olA F2E AL B oY A EYL
d WAE AT Wtow FAE Y Asd 7ol 2 AT 247
< 93 Lora 41& o]&3ste] W& w=A oA Aul, Aib=F A S
A st Al2"S stk I0Tnternet of Things)E o] &3k %]
e Au) Alzdo e A WEyE U)o X9t FX fd, EY
<k, s VAR, AR o o]lE o] &sto] AW # s
Aolst At A shEl Eqfo] w2E Aulo] A A% 655 WHE7] 9
gl MM RE AMESteHl EFAEE daudds WY MIiads AT

LR = 10 (15)

LR : Lime consumption
A @ Amount of lime needed to increase pH 1.0.
D : Target acidity
X © Soil acidity
Y : Depth

Kim et al.(2018)2 EgF& 7I8te] 2ntE #4E & F e As
Ao] NS dets A5 AT Al="2 AA 474A, Hely
A (ESFFE-EC-A 24, 2-5AA), oy F5A5 (o8 27,
CDMA =), Bl A28 Ao R (HEEH,



Hge & Ay, sl 21.3% e eH, =2 S22 AdEo] ¥y

tH] 337% S7FeklaL 7 A5l 2561% SUbed T Halskqith

A 28 =EHol 9 19547 dislen, w7 ARE ol of
S

wAzE gld 84S wUHIg: FE§F AAE sy

Table 13} #t}.

Table 1 Purpose, Network, measurement depth indicated in the

reference
Thesis Purpose Network | Depth(cm)
Haggard(2010) Providing information WSN 10/30/50
Lee(2011) Irrigation USN -
Chen(2014) Irrigation - 10/20/30/40

Youm(2018) | Irrigation / fertilizer application Lora -

Kim(2018) Irrigation CDMA -

Goap(2018) Irrigation Zighee -
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25. =l A ol ALHolH % AT

Bilgili(2010)= 948 @B A &dollM A9 dFo] Fastths }
AS AAs %}%3}7] &l 2000~2007d E<F B 7] Adana 71735
ol BEYLEe} VYRS E AFA TR F5AA Sem,
10cm, 20cm, 50cm, 100cm ZlojolA e €W EYdrE o33 A
3t EA71H Y <184 %S LR(Linear regression), NLR(Nonlinear regression),
ANN(Artificial neural network) Al 7}#] R4S o F3st=d &85t 2
H, 71, 719§, F5, A, AN, d2AIbE iR R 248
stltt. HAe oY WeE AR fa = A-E00€73Y), wd
AR AE79Y) FAIZIZ U] ZF 7174Q1A S 3 50cm Zololl A o] E¢F
Abol 9] Cross-correlationsE Al 4Fa}93 o} 0601’2}4 fkol el
Agrel Wt Foskdth Bilgili(2010)9] A3 A 3o u}
std7|E A dHs FRAS zke ¥Wae otte] Aozt
o] wEd FAA o 7R, dFRAZ, FUIHSs o
(month) =X HE 0.60]7%9 =& AdaA7
2, 7714 Y(month), t7|<t, LAFE TAU=E
AZF A ek A Ve 25 % vA=
RIS
Bilgili(2010)¢] Aol M= 717d1Ak ol ¢fel d(month)oleh= F7]
T & Z&stsla olx 5A zloloMo Ay & FdHaATE Atk
Busa kB A% Bilgili(2010)2] A+E Faste] F714&
zb= AAES AAste] E&silal, Bup A Helal ARAdo] =& F
7174 A5 v R Z8eiith. 1Rk ofy e} Bilgili(2010)= €7
Adana 7)73#Z4o A 3% Ho]H = Traning¥ Test® UiFo] o=

oA =A3 2

R4

¥ ot B or X
il

2 v
~
e

i
=

2 B AFANE AA FdaA9 A$ Aeds
o137 slal BF UGN BEF ARE Fol BALL BHBE
o o] FolA: gl W Aelq AEL AW
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Alizamir(2019)+= #/HE &H oz 7] 3 7L, 5%, A F
= | 4 S A B P s J%X]% dS 83l 5ecm, 10cm, 50cm,
100cm ul 7§e] zloleAe] 9 EF® s oStk 288 =g
2 ELM(Extreme Learning Machme), ANN(Artificial Neural Networks),
CART (Classification And Regression Trees), GMDH(Group Method of
Data Handling) 4l 7}A] 1&*]5 Edolm 7} zlole} 7]44AAt 1+ At
AE 2 =Ze R3S T 4a A A AR
U Frtste] Agxo wggs gl H 3 9 (Feedforward
Selection)s &3l ZF Zolo|A HA ] w7y 23S A
A= A wep 23E Eal e 2ol UH7H%1_—’F i%%

EE LTS

Ol

1. 71

2.7l + F%

372+ FE + A

4. 712 + F5 + A + F5
19863 H-H 2010d7kA] 25 s<te] 47t 7| =8 AHgsision, Rnds
TF= =6 AFE3F traning data®} test data®] H]&S 82% AUt A=
H7t= RMSE, NSE, R2 Score Al 74| A2 A7lstdtt. Ag A}
5cm, 10cm, 50 cm Zololl A @ wi/fHSy= 7|28 &85 Zdo] thE
Ra S vl 43 A7 4o, 100cm ol es EeE AAE
Wi e &85 mdo] 7 43 FERrE ygivha Bt
Lk B o7l FUhgte] wel REe] At fAgtal Halstd
A 50 cm Zo|7bA= 71 HlolE Rto g AE AR Aq5S & F don
100cm Z ool A A& o Ssted A 2 F5 BRIV Qs

F e,

Alizamir(2019)e] AolA Ao wj7fAs Z23& 27| 98] Az
Bl S A8t 7 71dAAe] dEdH e A9 AFHE SIS A
e He] A Ao wel Frlsts W5 A7 A A=
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Alizamir(2019)= 1 A E 2 713 AA e ol EgREIRe] Holy
= ok vlaste] AP E g Ezel RG-S Ea AWde A2 A
th dlolE b geEruE g o]l & Ao A gl WEHuE F
sl FEFHS FQlsty] AR HlwA @G S 2= QA A
= OE Ao wElE ] wiiel whi vuvte 2 s AiEs gls)
= Zo] oyt wepA E AFolAE Alizamir(2019)9F Pz RA = A%
A A 7z 714RAE st AASTEY S EE 4Y

Feng et al.(2019)2 2cm, 5cm, 10cm, 20cm Y] 7FA] Zlojo Ao A 22
o =3}7] 98l ELM(Extreme Learning Machine), GRNN(Generalized
Regression Neural Networks), BPNN(Back Propagation Neural Networks),
RF(Random Forests) 4l 7FA] wAlelyd Ede] oF F=g g<lstd
A8 7hsd s AUk 712, AuisE, dAME, T 71t vF
A 714 JAAE iR GE o, T o] $4
oA 2011¢¥ 1€ 1¥~2014d 12¢ 31¢¥ 43 &<t AF7F 3= 30
= F7]9 dolHE g#HWwol dF5AIFH o™ traningd} testE 75 25%
o] A3dtdtr. A3 x= #H7b= Root mean square error (RMSE), mean
absoluteerror(MAE), Nash - Sutcliffe coefficient (NS) and concordance
correlation coefficient (pc) Ul 7FA B7HA32E 3l &2lstth

Feng et al.(2019)¢] AolX = AFEE oA 744 7)Ao di &l A
nAl= dEgEY 27y A, 4 T
gt A5 B Fro] Qo] WMo =%
Se7b GebA 7] wiEel AR E = iR STt
Adafjor & vt ok 2 Ao A3

Qe JFHe AAFA AFdw A5 ek,

£
=

2

£

ox, i AN A
1o o
o

D
X
iy
r

o
A
N
o
[40
5y
s
N

N
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2.6. NALHOIY dF& A% AT

N
5
o
b
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<
S
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J—U
o
N
lo,
(2
2
=
ol
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St
o
o
fr
r o
o
>,
N
o)
N,

A 74]%‘ oS dsta, o ZA}E FA AT Aey 24
GRUE A}&-314 AE 7S AE AHAIA met 47] REES wWSEhal,
H Test data

A 8 9% 24 308l dZd dE 47 mde a3E
o} Hlaste] Frbetgth. =akel AREE Wi dloly AEE ¢ ORE
o7 FAHEY 2010 FH 20147k wWlo] A A 5 2A] 30+ A%

oMol At Hit thr] 29 FES 2010F5E 20143 74A] 2] o]
717 "HelHolth 7Rz = ol &R, T2, VY, T, A" T
ZF, TFo] AFEHATE g HolHAES AZbdiel wet v xldst
R, B3, 449, 59), 864, 7€, 89), 71=(9¥, 104, 119), 7

=
=12¢, 1¢, 29)22 UF3d 2ol Asde Hrkstr] fsiM =

|m mm

= ] 3}

MAE, MSE, RMSEE& At&3tla, A3 vlal 4 23 MAE® &7}
tE 7 7HAel vE) S-Fetrhal ek sich

Zhou et al.(2019)¢] 749 AAIE dleo]lHd g&S A= ALLS 4
£317] 98 138 48712 dolE HNEE Yol mz AdS W3y
ool V2 2t APS AaAsA HH Ad Az 2R7F Y sj=
7 etAl Hol ZF miAwHge] JEgE S Hrketr] & o e wisid
T 284S Afste 2 ATl AE&strlde artkE Agte] Wol Ao d
o} 2 Ao A= dolE NMEE AdHR Eelste] st g AA
e Yebd & s RS E Y5y A8 A8t

Lee et al.(2021)+= A|F=dst2 Adl] TAH 7|2 s wE =
715l g S ALl mi-Esty] e ARG 7S AsEH Wt
| =& Ao e] For =& PG7|2 o5 AF7F o] Fojxof & I

o, AIZHe] g Wit Wtk ol E A ste d F

Ho]= RNN(Recurrent neural network) R =3} RNNo| 7}%]

o

o,

o
843
KeX

T

(=)

o,

7}
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1 JdE F719E=4 Long-Term Dependency)®A S s ZA3t7]| sl et
¥ LSTM(Long Short-Term Memory) X237 GRU(Gated Recurrent
Unit) 225 B3] ARG d7]2 A5EC] =2 dde dFAE o=
H7 & dS5stl Ag=s Hrteles A5 st 4 Added

B7FE 93 lossite MSE(Mean Squared Error)® 2183t a, {7}
MAE((Mean Absolute Erro)& #8333ttt Epoch’} 1008 =2 @Q
Stgol A A Kot RE EAdA AAACR w& =
193, LSTM E43 GRU &Ele] Axghe] xpo]r
I Sk Sts Sl W hAs) oS HgA
T AAG. 2l AsS HAESE d AN
ISRO(Indian Space Research Organisation)®] 7]&&
A H2E Ay 7z »do] Lossgt= RNN 1.1316, LSTM
8638, GRU 0918322 &¥xo] LSTM<2 2% A 71# 2d F A5
Aol 7b Ao SimpleRNNo] 71 H & olow HF &Moo 7V =
2de GRU 99 &< & &+ A, 2o B s AT

MSE®9] 4% RNN 8178 RNN 16.6962, GRU 18.7785= LSTMe©

= BYLERE A Fo] Jhesitte Ale S F sl 2d
2HE dskls W RNNo| Algto] 7bF Fo] Aulon GRU

oF LSTM2 A& A[ke] A FdstAAR Alo]E 27 @3 GRU

7F LSTME o dvbao = e o= & & 4 Q3

2 Aol M= Lee et al(2021)7F AYE o7& WebA 7] 8 st
% Al EpochE 30022 AA3ear, 1o wE Overfitting?] ZAS WX
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Previous Studies

| Bt et el |

Prediction Model
Same region

Meteorological parameters in experimental station

Soil temperature in experimental station

_ Predicted soil temperature

TR
1 This Study f

I Prediction Model
Other region

Meteorological parameters in Public weather station
Meteorological parameters in Field

Soil temperature in public weather station
Predicted soil temperature

Factor with periodicity

Figure 4 The experimental methods of previous experiments and
the experimental methods of this experiment
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2) Incheon weather station

3) Seoul weather station
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Table 2 latitude, longitude, altitude above sea level, and climatic

characteristics of each public weather station.

weather station

Weather station | Latitude/Longitude | Elevation | Local climate
Chuncheon 37.9026 / 127.7357 | 76m Inland
weather station
Incheon 3747772 / 126.6249 69m Continental
weather station
Seoul 3757142 / 126.9658 36m Continental
weather station
Cheongsong*gun 36.4351 / 129.04005 209m Continental
weather station
Daejeon 36.37198 / 127.37211 70m Continental
weather station
Gochang*gl%n 35.42668 / 126.69724 99m Continental
weather station
sunchang“gun |- g5 97151 /1971986 | 129m Inland
weather station
Ulryeong*gl.m 35.32258 / 128.28812 14m Oceanic
weather station
Bosung=gun | 5 76935 / 12791226 | 1m Oceanic
weather station
Gimhae 3522981 / 12889075 | 55m Oceanic
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Figure 6 Satellite Image of Test Field
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Table 3 Specifications of each weather and soil sensor.

Sensor range Precision

Air temperature -25765C +0.1TC
Humidity 07100% +3%
Wind direction 0~ 360 ° £7°
Wind speed 0-50 m/s 1m/s
insolation 072,000 W/m?(+5%) +59%
Soil -10°C to +55°C +0.3°C

rrnﬂ A-PRO¥
LS

Figure 7 Picture of outside expectation

(left) and soil sensor (right)
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Figure 8 Location of external expectations and soil sensors(left)

and schematic diagram(right) in the field
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Table 4 The parameters used in the experiment

parameter Unit Classification
Air temperature T Weather
Humidity % Weather
Wind direction ° Weather
Wind speed m/s Weather
Insolation M]J/m2 Weather
Average monthly temperature nationwide °C Periodicity
Altitude of the sun radian Periodicity
Soil temperature in other region T Periodicity
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3.4.1 RNN(Recurrent neural network)

RNN(Recurrent neural network) &L &u=9] w-toi A3} 3
TE SO U2 AFgts 85 WEdoRELE RUWEA, A 2HST ==
e} [e]

%
o g A dHoE it 548 23 Yt ARs mdelu,

=z
HA Hdem Agy et HiolHE wtgets AW dagEelr] W

ol 189 dlolEl7} obd A<l dlo|H & 5ol &go] 7sdtth RNN
& AAD doly sro] sbeat, &4 HFolu Aol o] 7Hed
7] mjEe] WMo AZbA WEe] wEl gte] oEe] Bed B AT A
3t

sk )

ogk RNN2 @A =x=of W 3A FeHE AFESE w3 A7t o«
= d A (Long-Term Dependency)&tal 3}

o o]gdt EAE K5 "?4‘3H LSTM(Long Short-Term Memory) 5

P - o @? @?__@?
& ¢ ¢

Figure 9 RNN Model Structure(Colah’s Blog, 2015)
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3.4.2 LSTM(Long Short-Term Memory)

RNN ®del 49 2 Aol 598 A%< wEgoz 4 gsof o
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& 2

AER7F AdE vEe] Aol ofsf FAET, ol¥d LSTME 1 A
< 7HA 2 Tk LSTM HEY A= & N
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(Siami-Namini, 2018).
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Figure 10 LSTM Model Structure(Colah’s Blog, 2015)
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3.4.3 GRU(Gated recurrent unit)

{« LSTM =4l ¥Ha defo]t}(Zhou et al., 2019). LSTMel A
=9, 98, A4 AlolEgt= 3/ AlelEVF EAS 1A GRUCNA

= 4
*XHOV] w ol Lut
H

Ho]lE AlelEst Al AClE F 7} Alo]|Exte]
ARl A5-ol4 GRU= LSTMEY o5 S27b =1 Hs2dh des
At

g."r

hr-l

Xt

Figure 11 GRU Model Structure(Zhou, 2019)
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Table 5 Combination of parameters of each dataset

for experiment 4.1.1

Data set Combination of parameters

Set_1 Air temperature / Humidity / Wind direction / Wind speed / Insolation

Set_2 Humidity / Wind direction / Wind speed / Insolation
Set_3 Air temperature / Wind direction / Wind speed / Insolation
Set_4 Air temperature / Humidity / Wind speed / Insolation
Set 5 Air temperature / Humidity / Wind direction / Insolation
Set_6 Air temperature / Humidity / Wind direction / Wind speed
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10cm - RNN
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y=0.8779x + zm45]
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Figure 12 Scatter plot graph of each set of RNN models at a

depth of 10 cm
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Figure 13 Scatter plot graph of each set of LSTM models at a
depth of 10 cm
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Figure 14 Scatter plot graph of each set of GRU models
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20cm - RNN
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Figure 15 Scatterplot graph of each set of RNN models
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Figure 16 Scatterplot graph of each set of LSTM models

at a depth of 20 cm
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Figure 17 Scatterplot graph of each set of GRU models at
a depth of 20 cm
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30cm - RNN
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Figure 18 Scatterplot graph of each set of RNN models
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Figure 19 Scatterplot graph of each set of LSTM models

at a depth of 30 cm
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RMSE (RNN / 10em)
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Figure 21 RMSE, NSE, and R2 values of RNN model predictions
at a depth of 10 cm.
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Figure 22 RMSE, NSE, and R2 values of LSTM model predictions
at a depth of 10 cm.
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RMSE (GRU / 10cm) NSE (GRU / 10cm)
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Figure 23 RMSE, NSE, and R2 values of GRU model predictions
at a depth of 10 cm.
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Figure 24 RMSE, NSE, and R2 values of RNN model predictions
at a depth of 20 cm.
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Figure 25 RMSE, NSE, and R2 values of LSTM model predictions

at a depth of 20 cm.
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RMSE (GRU / 20cm) NSE (GRU / 20cm)

0 — . — = _ —
l l l I I -
0

4
Set_1 Set 2 Set 3 Set 4 Set 5 Set 6 Set_1 Set 2 Set 3 Set_4 Set 5 Set 6
B RMSE 276 1027 32 264 3.01 3.07 ENSE 091 -0.21 0.88 092 09 0.89

R2 (GRU / 20cm)

1

09
08
07
06
0.5
04
0.3
0.2
0.1
0

Set 1 Set 2 Set 3 Set 4 Set_s Set 6
ER2 091 0.02 0.92 091 0.9

Figure 26 RMSE, NSE, and R2 values of GRU model predictions
at a depth of 20 cm.
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RMSE (RNN / 30cm)
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Figure 27 RMSE, NSE, and R2 values of RNN model predictions
at a depth of 30 cm.
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Figure 28 RMSE, NSE, and R2 values of LSTM model predictions
at a depth of 30 cm
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Figure 30 Scatterplot graph of each set of RNN, LSTM, GRU models
at a depth of 10 cm
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Figure 31 Scatterplot graph of each set of RNN, LSTM, GRU models
at a depth of 20 cm
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Figure 32 Scatterplot graph of each set of RNN, LSTM, GRU models
at a depth of 30 cm
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Figure 33 RMSE, NSE, and R2 values of RNN model predictions
at a depth of 10 cm
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Figure 34 RMSE, NSE, and R2 values of LSTM model predictions
at a depth of 10 cm
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Figure 35 RMSE, NSE, and R2 values of LSTM model predictions
at a depth of 10 cm
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Figure 36 RMSE, NSE, and R2 values of RNN model predictions
at a depth of 20 cm
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Figure 37 RMSE, NSE, and R2 values of LSTM model predictions
at a depth of 20 cm
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Figure 38 RMSE, NSE, and R2 values of GRU model predictions
at a depth of 20 cm
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Figure 39 RMSE, NSE, and R2 values of RNN model predictions
at a depth of 30 cm
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Figure 40 RMSE, NSE, and R2 values of LSTM model predictions
at a depth of 30 cm
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Figure 41 RMSE, NSE, and R2 values of GRU model predictions

at a depth of 30 cm
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4.92. F7IARAHS

Table 7 Parameters of each data set

set Parameters
Set 10 air temperature / humidity / wind speed / insolation /
et_
The average monthly temperature nationwide
Set 11 air temperature / humidity / wind speed / insolation /
et_
altitude of the sun
Set 19 air temperature / humidity / wind speed / insolation /
et_

Soil temperature by depth in other region

22
Table 7 7o) WAMS 23 FASD A FFe) viaey wdz
A el Zolol A lEe AWk 2t ZolW, maw AEgh-o 37
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Figure 42 Scatter plot graph of each set of RNN, LSTM, GRU models
at a depth of 10 cm

—
o
(@)
8
N
o
=2
>,
r b
X
k1
I
)
[H
Ll
fob
r o
rot
iR

I set_119] 45 A A

4 wabslo] 9l

o
I
[
il
i
o
=
K
o
s
X,
ki
X
e
=i

27 BAHelgA m Rl Rige] o] setdntt ¥A Yot 3
2 B9 £ v

- 5 A= 8w



20cm

@ ) - P
|y =0.8899x - 0.3481 y = 0.879x + 2.2486 y=0.9226x + 1.6283

R? =0.85 R?=0.91 R? =0.96
30 S ” g 0 —7 SRl
e
20 5 .'.,A?;Hm
10 F
¥ 4
0 A0 0 4
40 5 > 40
y = 0.9235x + 0.9704 y=0.9448x + 0.4523 y =0.9614x + 1.1212
R? =095 ! R? =0.89 J R*=0.94
0

y =0.863x + 3.0941

Ri= 083 y=0.9828x-0.719 ¥ =0.5045x + 2.4751

R?=0.82 R?=0.89
30

GRU ﬁ"(

e (5’?
n)i?:ﬁ‘ o 0
© set.10  Set 11 Set 12

Figure 43 Scatter plot graph of each set of RNN, LSTM, GRU models
at a depth of 20 cm
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Figure 44 Scatter plot graph of each set of RNN, LSTM, GRU models
at a depth of 30 cm
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Figure 45 RMSE, NSE, and R2 values of RNN model predictions
at a depth of 10 cm
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Figure 46 RMSE, NSE, and R2 values of LSTM model predictions
at a depth of 10 cm
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Figure 47 RMSE, NSE, and R2 values of GRU model predictions
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Figure 48 RMSE, NSE, and R2 values of RNN model predictions
at a depth of 20 cm
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Figure 49 RMSE, NSE, and R2 values of LSTM model predictions
at a depth of 20 cm
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Figure 50 RMSE, NSE, and R2 values of GRU model predictions at a
depth of 20 cm
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Figure 51 RMSE, NSE, and R2 values of RNN model predictions at a
depth of 30 cm
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Figure 52 RMSE, NSE, and R2 values of LSTM model predictions at
a depth of 30 cm
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Figure 53 RMSE, NSE, and R2 values of GRU model predictions at a

depth of 30 cm
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Figure 54 RMSE, NSE, and R2 values for each data set and model
combination at a depth of 10 cm.
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Figure 55 RMSE, NSE, and R2 values for each data set and model
combination at a depth of 20 cm.
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Figure 56 RMSE, NSE, and R2 values for each data set and model
combination at a depth of 30 cm.
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4.3.1.1. 10cm
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2
Lgnees
0 f sre\essigior \ 7 N .
1;?&f % ,‘f' ----- o] f 1S e { ﬂ_\\ 1/9
-1 .\ \‘ Ilf _____________________ \ I.' \\ ™ 2
I \ / v., / '-,I Ly
z e % N \ ............ [ ‘\ .
I v \ PR VI
'\\ I|I \
4 y =-0.0192x + 0.8134 ||' Y
& R?=0.4856 J
6
Measurement{10cm) / Part_2
a5
an

55 il
Lt bt
—g Mu & | 310 448 5/8 6/8 o 9:'-.-’?;

-10

n

Measurement{10cm) / Part_3
a5
40

- W ull

i W"LI'W'WJ"'N«KM ,., 'N]“' i el i y = -0.0086x + 33.09

54 R2 = 0.8633

- JN I LU

10

5 “"pj"f'll't M;

7/28 827 8/26 10/26 11/25

o

Figure 57 Graph of annual changes in measured values
at a depth of 10 cm
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Figure 59 Graph of annual change of predicted value B
at a depth of 10 cm.
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Table 8 Comparison table of annual best records, lowest records, and

average values of measured values, predicted values A, and predicted

values B

Data Highest record Lowest record Average
Measurement 7/28/17:00, 39.6C 1/9/8:00, -5.6TC 16.26C
Predict A 7/24/16:00, 36°C 1/8/8:00, -5.99°C 16.48°C
Predct B 7/27/15:00, 35.3C 1/8/8:00, -7.81°C 16.28°C
10cm ZololA o= gk A°l A5 HAHLS AFa3 22 Azl
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Figure 60 Daily variation graph of the measured value, predicted

value A, and predicted value B at August 15 at a depth of 10 cm.

Table 9 Comparison table of the daily highest, lowest, and average
values of August 15 of the measured value, predicted value A, and

predicted value B

Data Highest record Lowest record Average
Measurement 17:00, 35.30C 8:00, 25.60TC 29.68TC
Predict A 13:00, 34.11TC 6:00, 23.23TC 28.43TC
Predct B 16:00, 28.49C 5:00, 22.34T 25.06C
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4.3.1.2. 20cm
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Figure 61 Graph of annual changes in measured values

at a depth of 20 cm
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Figure 62 Graph of annual change of predicted value A
at a depth of 20 cm.
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Figure 63 Graph of annual change of predicted value B
at a depth of 20 cm.
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Al 7He] dlelH & Mgk F+= Table 1039 2t}

Table 10 Comparison table of annual best records, lowest records, and
average values of measured values, predicted values A, and predicted

values B

Data

Highest record

Lowest record

Average

Measurement

7/28/17:00, 35.3TC

1/9/8:00, -3.6TC

16.427C

Predict A

7/27/15:00, 32.89C

1/9/8:00, -4.7°C

16.13C

Predct B

7/24/16:00, 32.11TC

1/9/10:00, -4.99C

16.78°C

22
)
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Figure 64 Daily variation graph of the measured value, predicted value

A, and predicted value B at August 15 at a depth of 20 cm.

Table 11 Comparison table of the daily highest, lowest, and average
values of August 15 of the measured value, predicted value A, and

predicted value B

Data Highest record Lowest record Average
Measurement 18:00, 32.2C 8:00, 26.6C 29T

Predict A 15:00, 30.58T 7:00, 23.21TC 27.14C

Predct B 15:00, 28.93TC 6:00, 23.32°C 25.86C
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4.3.1.3. 30cm
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Figure 65 Graph of annual changes in measured values
at a depth of 30 cm
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Figure 67 Graph of annual change of predicted value B
at a depth of 30 cm.
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552TC= vl =ZA YyeElt Al 709 dHolgE wlugt ¥+ Table 129}
2,

Table 12 Comparison table of annual best records, lowest records, and

average values of measured values, predicted values A, and predicted

values B
Data Highest record Lowest record Average
Measurement 7/28/19:00, 33.4C 1/10/8:00, -0.6C 16.27°C
Predict A 7/27/16:00, 31.46°C 1/9/8:00, -2.5C 16.67C
Predct B 7/24/15:00, 36.3C 1/9/5:00, -5.58C 16.01°C
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Figure 68 Daily variation graph of the measured value, predicted value

A, and predicted value B at August 15 at a depth of 30 cm.

Table 13 Comparison table of the daily highest, lowest, and
average values of August 15 of the measured value, predicted

value A, and predicted value B

Data Highest record Lowest record Average
Measurement 19:00, 30.42C 8:00, 27.1TC 28.62TC
Predict A 13:00, 28.75C 7:00, 24.11TC 26.6TC
Predct B 14:00, 31.03C 7:00, 21.28T 26.3TC
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43.2.2.1. d5FA

Predict A
10cm 20cm 30cm
(+) ) (+) ) () ()

Time Value Time Value Time Value Time Value Time Value Time Value
03-25 15:00| 465 |02-01 10:00| -3.08 03-25 15:00| 546 |05-12 13:00(-3.02 03-25 15:00 | 476 |02-20 14:00| -3.24
03-25 16:00 | 448 |02-01 11:00| -3.06 03-25 16:00| 6.34 |05-12 14:00( -3.13 03-25 16:00 | 5.68 |05-12 14:00] -3.19
04-26 16:00| 3.54 |02-19 21:00| -3.01 04-26 17:00| 3.07 |05-14 12:00( -3.03 10-11 09:00 | 3.02 | 06-04 10:00] -3.27
04-26 17:00| 363 |02-19 22:00] -3.02 07-27 18:00| 3.32 10-11 13:00 | 3.04
04-26 18:00| 3.12 |02-19 23:00] -3.01 07-28 18:00] 3.02 10-11 14:00 | 345
06-28 18:00| 3.36 |02-21 10:00] -3.64 07-29 17:00| 3.16 10-11 15:00 | 3.25
06-30 18:00| 318 [02-21 11:00] -3.15 07-29 18:00] 3.16 10-16 09:00 | 3.35
07-01 18:00| 3.30 |05-12 11:00| -3.54 07-31 18:00] 3.63 10-16 10:00 | 3.51
07-27 18:00| 4.27 |05-12 13:00] -3.31 10-16 10:00| 3.09 10-16 11:00 | 4.10
07-28 17:00| 3.82 |05-12 14:00|-3.17 10-16 11:00| 3.64 10-16 12:00 | 4.37
07-28 18:.00| 4.02 |05-13 09:00| -3.29 10-16 12:00] 3.9 10-16 13:00 | 4.68
07-29 16:00| 3.41 |05-13 10:00| -3.57 10-16 13:00| 4.04 10-16 14:00 | 3.76
07-29 17.00| 3.97 |05-13 11:00| -3.49 10-16 1400| 3.91 10-16 15:00 | 3.15
07-29 18:00| 3.62 |05-13 12:00] -3.57 10-16 15:00| 3.60 10-16 16:00 | 3.05
07-31 17:00| 3.88 |05-13 13:00] -3.20 10-16 16:00| 3.33 10-17 07:00 | 5.48
07-31 18:00 | 447 |05-14 10:00| -3.38 10-17 07:00 | 4.98 10-17 08:00 | 4.35
07-31 19:00| 3.23 |05-14 11:00| -4.03 10-17 08:00| 4.97 10-17 09:00 | 3.52
08-06 16:00| 3.32 |05-14 12:00| -4.33 10-17 09:00 | 4.44 10-17 10:00 | 3.27
08-16 16:00 | 3.32 |05-14 13:00| -3.80 10-17 10:00| 3.79 10-17 11:00 | 3.21
08-16 17:00| 3.51 |05-14 14:00| -3.38 10-17 11:00| 3.32 10-17 12:00 | 3.06
08-16 18:00| 3.08 |[05-23 11:00] -3.74 10-17 12:00] 3.7 10-17 14:00 ] 3.11
08-17 18:00| 3.50 |06-02 10:00| -3.42 10-17 13:00| 3.07 10-17 15:00 | 3.63
08-18 17:00| 3.53 |06-02 11:00| -3.52 10-17 14:00] 3.37 10-17 16:00 | 417
10-16 14:00| 3.21 |06-07 14:00] -3.12 10-17 15:00| 3.63 10-18 07:00 | 3.61
10-16 15:00| 3.12 |06-09 11:00] -3.02 10-17 16:00| 3.73 10-18 08:00 | 4.29
10-17 07:00| 3.05 |06-10 12:00] -3.19 10-18 09:00 | 3.17
10-17 14:00| 3.08 |06-20 14:00| -3.04 11-08 13:00 | 3.01
10-17 15:00| 343 |06-22 11:00] -3.36 11-08 14:00 | 3.28
10-17 16:00| 3.61 |06-22 12:00] -3.18 11-09 13:00 | 3.06
10-17 17:00| 3.10 11-22 12:00 | 3.37

Figure 70 Time zone and standardized residuals value of outliers

by depth of predicted value A.
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Figure 71 Time zone and standardized residuals value of

outliers by depth of predicted value A.
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43.22.2. 45 %4B

Predict B
10cm 20cm 30cm
(+) ¢ (+) ) ) )

Time Value Time Value Time Value Time Value Time Value Time Value Time Value Time Value
07-02 15:00 | 3.03 01-24 11:00 | -3.54 |03-30 07:00| -3.37 03-25 15:00 | 397 01-24 10:.00| -324 05-01 10:00 | -3.17 10-17 00:00( 3.02 01-23 1500 | -3.05
07-27 17:00| 3.23 01-24 12:00 | -3.63 |03-30 08:00| -3.82 03-25 16:00 | 503 01-24 11:00| -3.70 05-01 11:00 | -3.43 10-17 01:00( 3.07 01-23 16:00 | -3.08
07-28 16:00 | 3.32 01-25 11:00 | -343 ]03-30 09:00| -3.24 08-17 17:00 | 336 01-24 12:00| -364 05-08 07:00 | -3.36 10-17 02:00( 3.1 01-23 17:00 | -3.11
07-28 17:00| 3.30 02-01 11:00 | -3.24 |03-3108:00( -3.12 08-17 18:00 | 330 01-24 13:00| -3.24 05-11 08:00 | -3.41 10-17 03:00( 3.25 01-23 18:00 | -3.04
07-29 17:00| 3.06 02-01 13:00 | -3.08 |03-3109:00| -3.35 08-17 19:00 | 344 01-25 11:00| -3.62 05-11 14:00 | -3.23 10-17 04:00( 3.34 01-25 14:00 | -3.38
07-31 16:00 | 3.58 02-05 13:00 | -3.09 |03-3110:00| -3.03 08-17 20:00 | 343 01-25 12:00| -347 05-14 14:00 | -3.64 10-17 05:00( 3.44 01-25 15:00 | -349
07-3117:00| 3.53 02-12 11:00 | -3.27 |03-3111:00| -3.93 08-17 21:00 | 3.20 01-25 13:00| -3.08 05-14 15:00 | -3.39 10-17 06:00( 4.23 01-25 16:00 | -3.09
08-15 1400 | 3.36 02-12 12:00 | -3.05 |03-3112:00| -3.36 08-17 22:00 | 3.12 01-25 14:00| -3.06 05-22 15:00 | -3.34 10-17 07:00( 4.11 02-2113:00 | -3.24
08-15 15:00| 3.79 02-13 11:00 | -4.65 |04-0109:00| -3.12 03-05 09:00| -3.07 05-23 12:00 | -3.76 10-17 08:00( 3.95 02-21 1400 | -3.52
08-16 13:00| 3.0 02-13 12:00 | -2.86 |04-01 12:00| -3.07 03-05 10:00| -3.35 05-23 13:00 | -3.93 10-17 09:00( 3.63 02-21 1500 | -3.50
08-16 16:00 | 3.07 02-19 11:00 | -3.34 | 04-17 07:00| -3.18 03-05 11:00| -3.10 05-25 15:00 | -3.03 10-17 10:00 3.31 02-21 16:00 | -3.13
08-17 14:00| 3.63 02-19 12:00 | -3.82 | 04-19 07:00| -3.11 03-17 09:00| -3.21 06-07 15:00 | -3.13 10-18 01:00( 3.00 04-21 12:00 | -3.05
08-17 15:00 | 3.83 02-19 13:00 | -3.75 |04-19 08:00| -3.18 03-18 09:00| -3.51 10-29 13:00 | -3.31 10-18 02:00( 3.02 04-2113:00 | -3.25
08-17 16:00 | 312 | 02-20 11:00 | -384 |04-20 07:00 -3.20 03-25 08:00| -3.01 | 11-06 11:00 | -3.11 10-18 03:00( 3.02 | 04-21 1400 | -3.37
08-17 17:00 | 3.47 02-20 12:00 | -3.68 |04-21 09:00| -3.31 03-30 08:00| -3.39 11-06 12:00 | -3.13 10-18 05:00( 3.17 04-21 15:00 | -3.22
08-17 18:00 | 3.22 02-21 09:00 | -3.09 |04-2110:00| -3.14 03-30 09:00] -3.05 11-07 10:00 | -3.21 10-18 06:00( 3.50 05-13 13:00 | -3.09
08-17 19:00| 3.05 02-21 10:00 | -3.51 |04-22 0900 -3.19 04-01 07:00| -3.05 11-07 11:00 | -353 10-18 07:00( 3.14 05-13 14:00 | -3.22
08-18 16:00| 3.14 02-21 11:00 | -363 |05-1208:00| -3.22 04-09 07:00| -3.36 05-14 12:00 | -343
10-16 12:00 | 3.05 02-21 12:00 | -3.61 |05-22 15:00| -3.11 04-14 07:00| -3.02 05-14 13:00 | -3.94
10-16 13:00| 3.32 02-21 13:00 | -3.55 |05-23 12:00| -3.33 04-15 08:00| -3.00 05-14 1400 | -3.63
10-16 14:00 | 3.32 02-26 12:00 | -3.67 |05-23 13:00( -3.38 04-17 07:00| -3.75 05-14 15:00 | -345
10-16 15:00 | 3.16 02-26 13:00 | -3.18 |05-26 11:00| -3.40 04-17 08:00| -4.33 06-09 12:00 | -3.29
10-17 06:00 | 3.63 | 03-0509:00 | -4.20 |o05-26 12:00| -3.27 04-17 12:00| -3.43 06-09 13:00 | -3.10
10-17 15:00 | 3.54 03-05 10:00 | -4.13 |05-28 12:00| -3.07 04-17 13:00| -3.67 06-09 14:00 | -3.06
10-17 16:00| 3.25 03-05 11:00 | -3.72 |05-28 13:00| -3.03 04-17 14:00| -3.01

03-06 11:00 | -3.29 |05-28 14.00| -3.16 04-17 15:00| -346
03-08 11:00 | -3.63 | 11-07 12:00| -3.21 04-19 07:00| -3.86
03-08 12:00 | -3.02 | 11-1509:00| -3.26 04-19 08:00| -3.23
03-10 10:00 | -3.31 11-29 11:00{ -3.50 04-19 15:00| -3.19
03-10 11:00 | -3.13 04-20 07:00| -3.63
03-15 10:00 | -3.03 04-20 08:00| -3.22
03-23 09:00 | -3.36 04-21 07:00| -337
03-23 10:00 | -3.32 04-25 07:00| -3.58

04-30 12:00] -3.52

zone and standardized
depth of predicted

Figure 72 Time

residuals value of outliers by

value B.
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Abstract

Development and accuracy evaluation of field
soil temperature prediction model by depth
using artificial intelligence and

meteorological parameters

Daehyun Kim

Major in Biosystems Engineering
Department of Biosystem Engineering
The Graduate School

Seoul National University

Precise agricultural technology that analyzes weather, soil environment
and crop information using various advanced technologies, minimizes
resource use, and maximizes productivity, needs to be applied in the
field, but it is difficult to control the environment due to the influence
of external weather. In the case of this, the efficiency is low compared
to the cost of the equipment, so there are few cases where it is
applied to the actual agricultural environment.

Of these, soil is directly involved in crop growth, so it is essential
to acquire soil environment data for the normal growth of crops.

Because it 1s important information, it is necessary to acquire data



according to depth.

In this study, as a way to acquire soil temperature data by depth
without the cost of measuring equipment, we made a model that
predicts soil temperature by depth over time using artificial
intelligence, and compares the predicted value derived through the
model with the actual value. and, it was reviewed whether it can be
applied to actual agriculture.

Time unit geothermal data at three depths of 10 cm, 20 cm, and 30
cm using three machine learning models, RNN, LSTM, and GRU, and
five meteorological factors: temperature, humidity, wind direction, wind
speed, and insolation, which were judged to have an influence on the
geothermal temperature. The optimal combination of parameters and
models to accurately predict Confirmed. And, the applicability to actual
agricultural activities was judged by confirming the similarity of the
predicted values made from the two combinations evaluated as having
the best performance through pattern analysis and residual analysis
with the actual values. Evaluation was made through the values of
three indicators: Root Mean Square Error (RMSE), Nash - Sutcliffe
Efficiency (NSE), and Determination Coefficient (R?).

As a result of the experiment, the combination of parameters and
models using temperature, humidity, wind speed, solar radiation,
average monthly temperature data and LSTM model showed the
highest performance. and temperature, humidity, wind speed, insolation,
soil temperature data by depth in other regions, and the parameter and
model combination using the RNN model showed the second highest
performance. In addition, as a result of residual analysis with the
measured values, it was confirmed that the residuals were normal and
the outlier rate at all depths was around 1%6.

Both the predicted values of the two datasets and model

combinations selected through the experimental process were judged to
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show high agreement with the actual values through evaluation index,
pattern analysis, and residual analysis, and were evaluated as

applicable to actual agricultural activities.

Keywords : Soil temperature, field, artificial intelligence,

time series prediction.
Student Number - 2020-25115
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