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Analysis and Prospect of Interdisciplinary Research:
Foreign Case Studies of Agricultural Engineering
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21A17] E01ekA] HatA H thet 719 & FollA] el Hinterdisciplinary)
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H(interdisciplinary program or studies)(E3FeHE = %@L%LE' oz}l
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SR Aatoll A ZAL 27?1 ar SAIE AE7E Sl A = S
& B 2l AEL WA P 2 ook

=) /- (Department of Commerce) AFSFS] 5 713891 - utelAfck
(National Science Foundation, NSF)o|4+= &HA|7F ALE tf2a} o] A9
3t National Academy of Sciences, National Academy of Engineering,
and Institute of Medicine, 2005). “GHA|7F A= 7elou) Ateo] HE
go] = TN oo AHEoRe] AE, HlolH, 7|, oF 52 St A
2.9 07 HolE WSO BA Fol7l BASS sj2stALt BASe] 2]
e 54 A7) S G S sfen el 2 e 7
Fol o) ki Skl A7) oAk AR SHE Rofek W 4
et AlAIAR] 37 Ylo| A (Nature) £ A|(Special issue)oll4= “Why
interdisciplinary research matters” (SFA|ZF GG7 9 $231719)2k= A|
o] Zo] AFrKNature, 2015), “AATEAET} ASaREL 34 A
TIPAA oA, =, 715, AR, B4 S 22 Ak ARSlA ol Bl A
Sof SHL, A, e, TR S A G170 S 91T AT
& Estolo} Fick 2 712k Aok 4 ek
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o}, Hlglole|(Big data)@} 7|4 Sh5(Machine
learning)< ©-§5}o] 2= Aitds oSst
I, WEE AR Al Akl oA 23
= & & A stk WE 3H3rE(Parallel
computing)& ©|-85to] Y=/ HEHF2 5
A Al2d S ThAZo] A2 4= QA 8t
ot FEes
o]g3to] EQF 5k(Soil moisture) S AAIZ
BUEY o 24 4 Qs FeheE A
QEROIE ALES AEo RN 53 7]
ol 7ol slin, % o T AT A
52 2. HlblolE(Big data) / 7|4 S5
(Machine Learning)¥} ¢ 53} 3. #53 7
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old7}) 3t} Gonzalez—Sanchez et
al.(2014)= 7|4 d<5(Machine learning)<

olg3to] AAHelal ARl EFAS A Als)

13} St 725 A8 1049 dolet
Al(Dataset) 12]3 8719 33 WHE(E DE
ALgBo] AR AAERS ol =519, Tk
2170 Sk B lelo] S AN ol
2 ol AHe) A i mAS A
Q1 i X1 WX Sinaloa 2|jo]ck
Gonzalez—Sanchez et al, (2014)+= 7|4 St
& e o ¥ 3] (Multiple linear re—
gression), M5 3|7 =& ¢t118]Z(M5—Prime
A HAEE A8
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regression trees),
(Perceptron multilayer neural networks),
AL E WE da1e]E(Support vector regre—
ssion), k—ZF|LH o] ¥ilg]S(k—nearest
neighbor methods), |24 & 571¢] 7|4 st
2wl gl 7 mulo] sl gt
5171 9184 RMSE(FE Bt Al 24k Root
Mean Square Error), RRSE(ATHA H4 &
Z}, Root Relative Square Error), MAE(HE
At 2%}, Mean Absolute Error), R(A A
4=, Correlation Factor), ©|Z24] & 47}%]9]
tlole H5S fltt B7PRS ARSSIGiTt 3
29} 304 & = Q5o M5 3] K darE|S
k-2 o dare]Fo] 7 W RMSE,
RRSE, MAE =215 UeLL, 7MY =& R
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2 7/ & =Y Z3 Wt Ziu} 1(RMSE, RRSE)
b RMSE(%) RRSE(%)
MLR ANN M5—Prime KNN SVR MR ANN M5—Prime KNN SVR
CDO1 964 9.67 854 9.38 883 90.59 90.44 80.62 ]l 83.39
CD02 0.25 0.26 0.26 0.23 0.26 76.71 77.23 78.42 70.48 7782
CDO3 0.49 0.47 05 0.64 0.5 66.05 65.34 63.79 84.32 66.91
CDO4 1.07 1.09 0.97 1.05 1.09 93.18 95.02 83.08 9212 96.41
CD05 1.28 1.26 1.25 1.37 1.29 85.71 84,76 8373 91.62 86.21
CDO06 445 454 3.97 436 42 9284 95,19 82,06 90,06 84.97
CDbo7 5.32 5.29 497 44 491 83.68 82.99 76.96 64.27 76
CD08 15.8 16.03 16.2 12.87 13,16 83.97 85.32 86.49 68.91 70.34
CDO09 10.1 .77 10.03 10.54 10.3 82.24 942 80.75 84.23 83.43
CD10 5,66 5,61 47 426 5.61 96.44 96.56 79.89 o7 95.67
Average 541 56 514 491 5,02 8454 86.18 79.46 79.78 81.97
MLR: multiple linear regression
ANN: artificial neural network
KNN: k—nearest neighbor
SVR: support vector regression
H 3 7/ & 22 ES Tt Zat 2(R, MAE)
b R MAE(%)
MR ANN M5—Prime KNN SVR MR ANN M5—Prime KNN SVR
CDOt1 0.27 0.43 0.65 0.55 054 253 27,04 2218 2395 2237
CD02 0.29 0.35 0.23 0.6 0.29 9,07 913 9.37 6.71 894
CDO3 0.65 0.63 0.7 0.35 0.63 16.76 16.15 16.24 2284 17.27
CD04 oM 0.15 0.37 0.33 0.14 24.99 25.02 214 2291 25654
CDO05 0.15 0.15 0.22 0.15 0.1 824 8 7.85 9.21 84
CD06 0.25 0.3 0.4 0 0.3 12,57 12.9 9,76 10.43 10.41
CDbo7 0.03 -0.06 0.4 0.37 0.35 13.07 14,06 13.48 997 1215
CDO08 0.38 0.54 0.44 0.72 0.66 44.37 4588 39.76 3533 34.8
CD09 04 0.03 0.45 0.39 0.33 19.04 2177 17.57 16.61 18.74
CD10 -0.05 -0.18 0.54 0.74 -0.04 46,54 44.97 39.35 29,06 46.33
Average 0.25 0.21 0.42 0.4 0.31 21.63 21.99 19.42 18,12 20.29
MLR: multiple linear regression
ANN: artificial neural network
KNN: k—nearest neighbor
SVR: support vector regression
SAlE BolZglt o] FM M5 Bl ma ok AEIich Y5 AR|EQ B A2 SYA we
algjgo) #a0) oAk 7 g A ISR oleje} M5 9] K dale|ES oldsto] tf
7100 5719] 7174 ek AT et wEE A Wt FAES] S A A5 o 2l
ARFS ollEsr] glo] b ARer mez 4 2 glojel AlrEt,
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211, GBRTQ| YOI mHHX AHX Ea| IH(An exemplary decision tree model)(Goldstein et al., 2017)

Goldstein et al, (2017)2 Jojoba Israel(& A % o} 7l T HA —_\,} e
SHMH(Jojoba) T A2 AWAiksk= AlA| 2 °1W A=t o] K= o] ey
S N e,
RO W AR S S B AN HFHOE MRS oJEFoRA T A

Ak, P AU SAM W A LT RS AU ok
(Irrlgatlon) =] l-:O]-—,—(Know how) 2} & 714 8k5 dale]E =of|A GBRT(ZHAF A8
Z0] = 3 _,’5]— 3|9 ¥a18]&, Gradient Boosted Regression
Al ‘51*01 = 995 skoith ﬁ‘ﬂ}o = ooH) Trees) (T 1) 7} 7P W& oflete&s Hof 31
U RO FE SRS AR UG, GBI OlR AR 5
o ARG}, Jojoba Israelo] 437t soll= N AY S I3 orf A =d
ALK (Sensor) 0] A o] QlaL, o] A& et
AEEo] e B HEE e
e etk 22al 715, 3l ALk HlolH
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Measure Sett Set2 Set3 Setd Set5 Set6 Set7 Set8
RMSE 0.113 0.15 0,139 0.165 0.116 0,138 0.149 0.129
Meximal error 0.645 0.768 0.765 0.985 0.675 0.673 0.87 0.693
Maximal deviation rate 21.50% 26.10% 21.40% 26.00% 22.50% 21.70% 31.30% 23.20%
Success rate — total 9R.70% 88.10% 90.80% 91.30% 92.20% 92.70% 90.80% 90.40%

Success rate — 1999 seeds 85.70% 82.10% 89,.30% 82.10% 89.30% 85.70% 85.70% 85.70%
Success rate — 1999 clones | 93.20% 89,80% 89,80% 93.20% 89,80% 93.20% 89.80% 91.50%
Success rate — 2002 96.00% 92.00% 94.70% 94.70% 94.70% 92,00% 94.70% 92.00%
Success rate — 2004 east 91.10% 83.90% 87.50% 89.30% 92.90% 96.40% 89.30% 89.30%
RMSE: Root Mean Squared Error

3. & ZF=(Parallel Computing)/ 71$—E4e] 2 8 ©I(HRU, Hydrologic
Salee ZHE(Cloud Computing)t Response Unit)l}A] APSIM(Agricultural Pro—
=01 a5t duction Systems SIMulator)S ©]-8&3dfo] &

Y, Bk Eh, A e Y o

A A, AR AIE Esh] ffslial= A}, weF ghjel HrElE o83k oF 30
Y Al2E e jle] tiet ARE Hop A | Fr=o] Algte] aFA, /s HFE Al
Zog 0|83ty BEAsH= Aot} HolHri: 2HI(HPC, High Performance Computing)
A E= A ARl 2A|YE Js = = o]&ste] oF 10008] A= wheA Uy
ARSZHARL HlolEl S ZHAIAL AAAQ] A sto] oF 1044 =e e ALF S ubd 4
b & o A2t SRS 32 4 e Ao USRIt Zhao et al.(2013) Aol A= AlAFSH
oh ey W At ® s o] + Hiel o] Atk HlaEmzA|o] T
B & o]§sto] w¢ ¥l REeS & uf ZAF s aatH e w AFE ThskA sk, ke
2 5 9= A e A2l e fHAlolth 2 7Y 58 2okl WAl ek AlA] &
Ui B2 AR Ql=o] FQlEje] BlaE2|Ql T = Aol 7|t
@77k 8 % Yok Zhao et al, (2019)2 e B G A 5 A Bie B
7AFE (Parallel computing)¥} J12]= AFE o] Qlo] HY AE 4=HA] MA AR = Slto]
(Grid computing)& °©-§-5t4] sto]He|= Ht ot B 5 80t ohyzt w2k A4l qlof
Y(Hybrid computing) A28 78I, A FQT AT B 25, F, ESAE F
slo|He|E #HEES o] 8dlo] T3 R0 5 AT Aol QlotA & LAt AE S
gl AARE EOF EbA, s AZS TERIER o]t} Vani and Rao(2016)+= ARE21EHI(I0T,
wegS slgltt, E3F Zhao et al (2013)2 Internet of Things), 22h¢-E 5+%(Cloud
122d@=0ke] Ry 7|7kS F=11 AdWHE 3257 computing), HH} FA3FE)(Mobile computing)

uh AU 99 12, 7077449 748 olgslo] BEok 2u2 nUHsk =
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B 5 Gl AVNY EF A Qefsols S gtk 7 A Hopel gojet Aol
2 stk £5) njste] Wolq B4 sl4el  ThE7lo] o 2] BAPE S 4 ek 3
ATRT(V|5 29] B4 SJDO] AR Qe B ARE 7o) AETP RESle] AT AR 7
EQATET M2X 9= ZAES o830 AL FWAR/EUHAS T 4 Qs AR
W RO R(EF ST ANZ ZHE) £ o] ¥ & 4 ok, AnHoR A EH)7t
o 4 YRS AUIEE wER a]g@ 5 AN B e AlEelA sz 67 of
2 olgA AGEA S RLEE WS S Fol ) 058 GANES 44 & 4 Uk A
SV STk, TR ANSALS] £418 TlolE] FH olc) E AX) g Ak St Ha B 4
#l(post—processing) < SISIA AW sHAZ A gk AR T Hokg Fisfok slef o
A S ol ST 5 WA B MRS WE A7 1S AR shed st o)
Apros mUegstn 245 AL B U4 otk ST 9 SR (0] 22 Ak
Mol Gloid] As] FR% POl Vani  HASS ofi Aslusl/Abantel/ ot Hok
and Rao(2016)9) A SeheC APBQIE] o BASkaL 9hS Aet AZiT)) AT B3
Nk EROIE LT olgalo] AARES A 2 ol Apsl, A A 6 )
2 EYFSES RUHASR AT £ A B v Ao g AEe AT 98 A
0 D N P
2 7l0l2 & 4 94 Aolet Az apo.2) Wk A2 4 1ol 7 gl vt

w31 AR 5317k 4 9 Aole, 17 4
4. 22 TE AE P 5 Y SuY Zolt

“Scientists must work together to save the

(o)) MR o fej5o] T vt world"(Nature, 2015)2h= T ThA] Thil A4
Jﬁ*lﬁ AT She Algshe 4 et ZINZIEA 2w,
HE T2 5 ) ol4pe] BHESo] ghhd 2 o)
o) AL AT AR AT Hopg wkse  AmEH
2 Fold BASS st BASe)
HZo] o]gE 521 A17]7] Y5t oA+ HhAlel &t 1. A Goldstein, L. Fink, A. Meitin, S, Bohadana,
A7F A oA ™ H|43) o] x]01x] mEL) & O. Lutenberg, G, Ravid, 2017, Applying
AZF AT Ealo] AwEt LA a2dsl] 9] machine leaming on sensor data for irrigation

recommendations: revealing the agronomist’s
tacit knowledge, Precision Agric,, DOI 10,1007/
s11119-017-9527-4,
2. A, Gonzalez-Sanchez, J. Frausto-Solis, W.
A Ojeda-Bustamante, 2014, Predictive ability of
Ik HAk machine leaming methods for massive crop

Ak 33t A= S8l A @

e}, B2 st A7t 5 2L At




Vol. 59 No. 3, August 2017

4 d

49

yield prediction, Spanish Journal of Agricultural
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