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B O NS AER A EE R Wit N S EY 2 HE (Reference Evapotranspiration, ET,), %A 788 43 B = LAk B
B (VO R T 44 E SR C e B X o, B RV RSN RS HR R, R Sobol BU M4 5 ik ik
AN B S S8, G HAE BN, Ll Penman-Monteith (FAO-56 PM) K+ 8B AFRAEE, SR L
WifiAt. (Bayesian Optimization, BO) HIEMLANL A2 317570 GCFERIEFIAML (Support Vector Regression, SVR). BEALAR
# (Random Forest, RF) FIAZFRZ > Ml (Extreme Learning Machine, ELM)) WIS %, @7 3 MOlRg &N ET, £ HAx
% (BO-SVR. BO-RF fll BO-ELM), 45 R MR BEME N ETo X BEME AN PN HERE . TP RGE . e m SR T A
BRI R, —BURRIS A 0450, 0.304. 0.064 F1 0.026, BT 4 AR RS HE A, BO-ELM A
DA B #4742 F BO-SVR #1 BO-RF, H+ BO-ELM B FFIMXHREE . P E ., BRSBTS ENSES
AGMERER S, JUE R WITHRRE T4 R 2378 0.928. 0.069 mm/d F1 0.046 mm/d, BO-ELM Y
AR I HE R D B S RS CPIAXHR R R WM BTy, RE R BT RIRZEMPI L5 1R % 5
179 0.910. 0.078 mm/d F1 0.057 mmvd. ZREHIETHEAEEEFIUHEAM, 7H BO-ELM BAUE A RS HBR LG T I
B  ETo IS E 7. WRFONETSEN BT, SR IE 8075 .
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Penman-Monteith (FAO-56 PM) #E N5 ET, HIbriE
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Sm IS M 7 5 Pl 406 A AR 16 e e DR R X )
M, R I Makkink 5 L FRIHLA 45 R B H2L FAO-56 PM
PR SR . (R 7T R BV AIAS TR X 3o FH B BT A5
B AN — 8, w1 &R X S S
Hargreaves-Samani 7%, DY 1| 754 Al [X 32k 503 4 A
Priestley-Taylor i% .

TR it A% 355 P 553 A RO BH 14 2 S R0 XU AH L T 2 R PR
BRI/, RS R R BN BT, B AEAERIBR
M. BRETZIUEIE T FAO-56 PM AR, 7EIR % IS
TARGF LA RCR, UESE TR ZE N H FAO-56 PM H1 5
KA RSN FIKEN 0 —AUERT
Mahmoodi-Eshkaftaki 5! *7E 5 = N AR 8 il & 7 A [H
FISESHL, @0 7l ET, M8, 55 9 PR R AEXT
b, 7RI NAMEUS T IRIF RO SR . Kitta 25 HRE
VAN R SECR B 2 ANRFIE (gt A FH 48 5 1
BN R NI RGE LR @) R, AT
W ET, 24 7 sk, LB IE G ROfl SRR B
ERE ARG D H AP TR AR RS B 2 Al SR i
R, DRGSR A SR R R R I V.

AR, ML S 12 N R AE &AM 18, ZE 50
SHEARZEEE_ IR T R AT R R Petkovié 2
K H Makkink 7281 7€ ET,, EZFFEBRIZEBL, e
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WREA IS R T HLas =2 1 (IR B Uit N 25 1 E M 28 B A B 109

TS5 ET, M ER G SHA G (H PR SRS .
BRI R AL B S i3 T B 4L
(Mind Evolutionary Algorithm, MEA) ik AR 2 J [A] #£
MM 2% (Back Propagation Neural Network, BPNN)
TR Z SR BERIS TN PE AL R X ET, 5 WA ARG
Hio BWFEPIH 3 KL LR WSS
TERIFREE W 28 B503E ) R SR IX 1) BT, #E4T 7885, 1E
HRERAA RE BRGSO . Elesloy
A5 KA 5 AR R A 45 I SCRF [ &AL (Support
Vector Machine, SVM ) Fl % [R 56 & $#& F 75 (Extreme
Gradient Boosting, XGBoost) 2 Fi#Las2% > 77k, AeIhf
S B ARG EToo ML 1 77 R B FH AR AR 75 2 i Bl 4R
FEABBOR, X T/AREARE G, HLAR 7 >3 1 000 e
Zo BPXTIX—ILR, BASECRAE BT 2 2R T E AT
k. TR ST — R TR AR DAk AR R 2 ST WL
%, RO T EAS TR EEAR A 1R, XHERZE A ET, 1
G BA R E N YE . H Al H B Bk w1 i
MACS IR BRI e A SRR, Oy
BRI ERE R, M EREE REL S e RER
TRERA GG B) — AR S5, i 2R T DU i
PSR -4k (Bayesian Optimization, BO) #i%,
W O REREBARRER S, AT DR
FAFIEAL B AR, Otk ) B A ER AL T AT S R
MEL BB RE, B 200 o 4 50 2 2l 5 Bt
W ETo, FiFEmENA D IRSEMEE, 11 HAL R
W22 BT A B SR SRS A K &, T Bt ok
SRR SHRNE S IR RN ETy BB Uk L
DU,

A BN R S B R WO A ETo, 48303
T = AR T Rt P R SC b R g A S R s
ML BEA R TR, R BURPE TR IR A AR5 S
#, LLFAO-56 PM LRI RAE AR bR itE(E, R BO
LA 5 ) TR L N ET, Bl B AL,
DA R IE R BN ET, AL H AL 4G 8075 .

1 MREEE

1.1 RIS LR

PN @ o LK VAR R R A RTINSy =Y 32 3 = MDA Mkl
BRI B TR = P /K HE SR o 3 o s R A S
JRTEHEHL (24°50'N, 103°57'E, 1796 m) , J& TAbiIE#
WKL E R L S, IR 15.2 °C, W E
878.5 mm. RIHL LN TUER LI L, IR —=ER
Witk Rr (T 3 2B EEARM, FEXEA 8.3%,
VU1 2 2RI, IEYEEN 24.5%) .
1.2 HUEXRIERTUALTE
1.2.1 #¥ERR

=HEHARER HZRERMEANR 1 000 B3
W R G heft, MERNIE ST KRS (R,
W) Sl (T, C) . MXHEE (Relative Humidity,
RH, %) FAXGE (u, m/s) , AKPHIE4E SHE B A X E
Pl R 22 B AE B 1.5 m () BE, RV A R 0 5

[ 1 m, ¥dh DL2e s R4S & 30 min >REE 11X,
TFACAS BRI, 5050 B BB AR MR 2, 2R3 2018
FESHSH—9 H30 HM201943 A5 H—6 H 29 H
IS S8R, 412828 4. Witish < 5 KIE T h E
G HHEM (http:/data.cma.cn/) , SRS N FEE P
Ph3k (24°32'N, 103°46 E, 1704.3 m) , #&HL 2018—2019
EBRHARRER, B THRIE (Tuw C)  &ESIE
(Tpax, owr C) ~ BARTUR (Tpin, oy C) ~ “FIIAHRRSE
(RHpueo %)~ HIRIFEL (ngye b FPFIIRGE (g m/s) o
1.2.2 #ETLE

W SC R AR B AT FE, 25— MEdR 1 d NI
BRBEZT 3 R, BEZRITEHIEESR, SREDT 3
B 50 ME B IR AR A 4, H B e
SCH 1 d SRR 48 AIEURE SR IE S F) .

HR4E FAO-56 PM 5458, K K P 5a 5T R, LA
FEA 25 8.64x107, fH LA B W/m?® #5459 MJ/(m*-d).
U e AR LA E 2 m KGR uy, HedaA

4.87u
Uy=—— (D
In(67.8z —5.42)
o up WHIER VL E 2 m A KGHE, m/s; z AR DL BRI
B, my u NHEERPLE zm 4 XGE, m/s.

R TRE 4 35 AN S BRI BT B 22 ) B AR AR £
WERR, ERANIGSE T, RAR () KBS
H—fbAb 3.

X—p
(e
o X AREARME; w AFEARIE,

N X A AR M .

TR BCE A R PRI ZR RN, =AY
SRS, UL ET, AHEBFEARENNEIRHET, RA%
TR AETE, DA 201 (1 B B SR R R AR 4
1.3 WRAZE
1.3.1 FAO-56 PMA%A

ALLL FAO-56 PM R4S B[ ET, 1E NbnitE
B, HHERPR

(2
o NFEARDREZ: X

X =

900
0.4084(R, - G)+y—— -
( n ) )/]-,a+273u2(ev ea)

ET, = (3)
A+ y(1+0.34u,)

XA ETo NS HEM AR, mm/d; G ATIERER,
MI/(m*d); T, N FHEE, C; e, AMFIKISIE, kPa;
e, NBRAKIRE, kPa; A4 NMIFI/KIR K SHEE R RNk
FIFR, kPa/'Cs y ATIRIEEE T H %, kPa/'C. ET, W45
JIERE IR ETgrg (mm/d) F145 S50 7750 ET ggero (mm/d)
TN

0.4084(R, — G)
i = ) @
A+y(1+0.34u,)
900
V(e —e,)
__T +273 (5)

ETOacro
A+y(1+0.34u,)
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1.3.2  #RMSHT
NGRS R SHOE 2GR BIUAR, ACET
WA ETy kAR, KH Sobol HUBME /> HT 710k < %
ZH. Sobol 73 HS& H Sobol®*VF 1993 R Hify—Fhit
T 05 250 R A R PR BB A3 M 5 ik, %R O £ 5y
fi XA
D=Y'D,+Y D +-+ > D, (6)

X D NFTE SHOTRRIN ST % DN | AN SHTTIR
W5 25 Dy N5 i AR j AN SHOR EATE R DTk o7 22
k NS HA KL

ANTFI R S R B R R

o

S, =— D

D

D,
S, =1 (8)

D

D +D, . +--+D, . .

= i i,j i,k (9)

D

K SN i ANSH—IBUR RS S; 85 i NS A
ZH IR R Sp NS | NSEIN B BUR RS

ARICRA T Tang 260 6HBUR R BN 2 Pobm e, BRURK
FHAE[0.1, DVEE N OVIREU, ££[0.01, 0.1)VEH N A
J&, 1E[0, 0.01)7E N A B
1.3.3 ##Fk

HR4E Sobol BURAE AT T VAT A MM IR SHL, 4l
BRXF ETo 2B/ SR SH, 1k — M UR R 80 =
PN ESHE R ESH, Kasfiamdads, ®
AR RHE G, Il AN B A ol 2. Bk
T :

1) SZHFm E H AL

Y HFIAE AJAHL (Support Vector Regression, SVR)
& SVM I —ANE B33, R H R H N\ REAE RS
B e 2 2 0] A S Rk (R VB g o i A B AR 2 1 K
ARVCR 4% R 3£ 4Z PR B (Radial Basis Function, RBF) #f
ITHLU . SVR BAIRA 2 AMRERFMISE, 20l E
THRTF (o) MZEESH () , cid Rl gk, A
T2 5y i W, ¢ i /NEl g 10N, BEAL TN 25 2 R E
X A S B it R EGS /N, SR iz AR
ARZE,

2) BEHLARAR

BaHLARMR (Random Forest, RF) /&H Breiman®* T
2001 SEFEH ) —FREE R AR, FEATRE v it 3 BhHhRE
1% (bootstrap) MUNZREEHFHHIUFEARLE, HMEZANEHHRT
PIAEEY, A B A R SR IR TNE SR 3 ME, 75 BIBEALAR
MRETERATNE . ASCIEA 2 NSECT RF AT,
SRR FIEE () FIMWAAE (@) , WRIEE
KK, tHHEWMSIER, WREER/D, BTN SR
PG RIRREEEROR, BEAIRLA RO, BRIk T
A IE IE I G, (ISR B .

3) PR IR

PR 2% > L (Extreme Learning Machine, ELM) /& H

Huang Z:0YF 2004 4E42 H 10— Rl )1 2R 50 B & 2 A5t
fift 22 W 2% ( Single-hidden Layer Feedforward Neural
Network, SLFND (595, FEA A . SR H0H s ok
i N R T BEATUREAE I 2 PR i BT R R AR 25 (], 1931
Fed=rftE 7, MRS 2 E H MERE T,
I HA=T RFEERE S E N R R 5 3R 6
AR F 0 BN “sigmoid” , B XTRRS Z M4
T Ch) AR ELM BIfG B RE .
1.3, 4 ARARALH

BT 2 OB S G RS S T RE, N
R ROz AR 1, FREXN ST . &
SR A -4k (Bayesian Optimization, BO) L%
SVR. RF #l ELM WIS HEHAT IR, 1207k d AR
R (probabilistic surrogate model) I8 5t 56 B 2 43 A
132056 245 B J5E R 401, R AR B2 (acquisition
function) AR¥E J5 S AEEE 5 A0 7= A B VT AR Y, AR
W% 45 ¥ Parzen Al 71 75 #% ( Tree-structured Parzen
Estimator Approach, TPE) PR ML ACHAE AL, A L k¥
AL ZABEN SR, BO B EUD> . HFE, 2 M
JRRA SR, 1 RSB T BRI S, Hodh SVR
2 NSEONF AR, RF 2 NS0 ELM )
Fair EHgndt (b %A, DU A2 — AN IEAR
I, AT %Z (Mean Square Error, MSE) /)
IR, A 100 P, SRS B RS L.

®1 AEREGHERNSH

Table 1 The parameters to be optimized in the different models

RIETT I SHAAR Hidn KR SR
Modeling methods Parameter names Data type  Parameter space
SRR AL EFRH A [1.0,10.0]
Support Vector L -
Regression (SVR) % g Rt [0, 0.1]
WAL 2Rk WEEROCERE d tisit) [10, 100]
Random Forest (RF)  jappy e e L5l [10, 100]
PR 2T HL
Extreme Learning & EHIZ 08 h Lol (10, 100]
Machine (ELM)
13,5 BLALEMN

RIVEAG HLAS 5 2 7R FE T A R S50 A Ak 5
FE, AL LAY E RELCRY) « #8977 % % (Root Mean Square
Error, RMSE) FI-F#)248%F 1% % (Mean Absolute Error,
MAE) {E R HEFRRY, 38 B A B LT 1
(1 R*, #/MF) RMSE Fil MAE.
1.3.6 #IBEHIt

F Excel #8, Tib B 50 2 #5 F1EEl, X H Python
3.7 AT BURAE o A FIAR AR A 2 o

2 GER55H

2.1 BHEAMNSRESHMER

Tt A1 8 A BH ¥ 5 B E SR 45 ) H R 20T
HARE), BARARTZ% FAO-56 PM it g, H4
Bt USESSEIINSE S-S s s - S LSERPS
ZWE 1 Fos. WE T ATUUE ], BN/ SR AT
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FETHLES 5 S IR B A 225 VR 25 BB A

111

11
==

ZIEIE MY, PR, &EAiR. &IIRRR
T 259 R 0ot TR B U] AR OGP 2 3, VR R B RP 23R
0.914. 0.721. 0.925 A1 0.923, &N FH<EET
AN S35 SR, Wt A PR T S50 A X 1 ARG T 1

it A0 ST S5 R VR, SBE T A it e A P 5 e AN ST 24 X
ISR R R, R R R, SERHEN
A0 IR BH 5 8 S RT3 G AE BT SR IR F R A S R
FEEEES, WE REL RPN 0.647 F10.611.

2.5 30p 40
o 3] L
~ 20} 2 72 T
BeE b g9 30
2.2 FE, 20r res sl o A
=8B 151 wE° i 55
=82 R p =R 0] e
K53 10 s <ET ol Eis 15t
z S“E »=0.011x-0.181 E=Ruhe =0.957x+1.600 R y=1.073x+2.013
Eg8 05 R=0.647 KR8 sk R=0914 =2 = R=0.721
Hzz a3 P<0.01 g P<0.01 3 P<0.01
0 100 300 300 = 0 10 20 30 0 10 20 30 10
Wit 0 K BA A BOEAPI BERA e U
Net solar radiation outside the facility/(W-m-) Mean temperature outside the facility/°C Maximum temperature outside the facility/°C
a. AKPH &I b. PR c. e Ul
a. Net solar radiation b. Mean air temperature ¢. Maximum temperature
25 o 100 1.0
2 B s . .
2 20t BEsx 80F =2 08
EED 225 Mg .
= -5 as g
LEE st 2% e0f Z2< o6t g
i3 BES SEE
Eo g F5 o0 e
8% 10 52 40 g8 04
EEZ 1=0.962x-0.462 g 3=1.012x-6.159 Esy 3=0.096x+0.248
RKEZ 5| R=0.925 X5 20} R2=0.923 KSE 9ol R=0.611
§ P<0.01 < P<0.01 <.g P<0.01
0 1 1 ] 1 1 1 1 1 1 1 1 1
10 20 30 L 20 40 60 80 100 0 2 4 6 8
VEHESMT I i VEHESM T Ao 5  BSERE
Minimum temperature outsid the facility/°C Average relative humidity outside the facility/% Average wind speed outside the facility/(m-s)
d. B IR e. TR £, T3 R

d. Minimum temperature

A1
Fig.1

2.2 WHERSN ETHIK R

TR R BN ETo RS I (ET g, ou) A1
KN TTFI (ETogero, on) » T 2IFH 5P ETo Z A1)
KAWR:

ET, = 0.012ET, , ., +0.105 (10)

AR 10D R? 5 0.858, RMSE 4 0.099 mm/d,
MAE %3 0.075 mm/d, MK (10) 7] LA H, &4 ET,
) S TN R B)) )  TAA B AL 4 1 0.012
1 0.291, FESFIURT o5 LOBIAR /N o 3k — 200 20 1 1 it Y
1) ETo 0 NER S TR S8) )12 . LL 2018 4 5 H A
Bl (B 2y, kT 27 d W, R FHRATE KK
EL 5 R 8:11:8.

M2 HaT DLE Y, 1 A 3RS T BT grag, in B A EZIT
0, 3N ETpuero, in 5 ETo IR FAE . 5 H
27 HFEW I E] 40 mm, B4 RYAE B AR E 7t
T B0 A AR S S bR ARV R R BT, KRR ZE
CHIFIKIRE ey 5SEBRKIRIE e, IIZEAR) Z2/N, 3T ET,
AN (R (5) D) I, ETosero, in fEFN KA FF%
#adh o KB TIF I ET ggero, in 5 ETo Z 1A RZ 4 0.999,
RMSE 4 0.008 mm/d, MAE & 0.006 mm/d, K, i
P ET, ol LUE AR R A

+0.291ET,

Oaero, out

900
BRI
A+y(1+0.34u,)

uZ (es - ea)

ET, ~ ET, (11)

aero,in

e. Average relative humidity

P AEONER AL P

Relationships between meteorological factors inside and outside the facility

f. Average wind speed

g 12r S ETUmd, in = ETDxero, in 100
= !
£

i
L
[8a]

304
L
m
2
m

05-05 05-11 05-17 05-23 05-29
H #{Date

T+ ETond, in RIERABENERIT TG ETowero, in AR B A 233 71 2250
ETo B Bl N S B AR BUE . RH, B Bt P3PS AH X

Note: ETong, in is the radiation term in shading facility; EToaero, in is the
aerodynamic term in shading facility; ET is the reference evapotranspiration in
shading facility; RHj, is the average relative humidity in shading facility.

B2 EFHREA ET &1L
Fig.2 Values for each part of ET in shading facility

NHM SN IR S HOH IR BN I BTy, ¥
Bt 025 80 17 I ETogero, out 3 B P ET ggero, in AU &
( @ 3 ) ’ ETanro, out L:j ETanro, in Z [‘E_J E(]?%/%y‘j

ET, =0.291ET, +0.110

Oaero,in Oaero,out

TERH B 173 B 775 T ET aero,oue 5 B M ETgaero,in
Z [/ R* 4 0.856, RMSE & 0.097 mm/d, MAE Jy
0.073 mm/d. fLELEREH, ERENIRSEERKTE
LR, mnEE R (12) BB AN R S B
BB EToo

a2
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L 8 o
| o]
o @
- ] ° o%
o
o % e $=0.291x+0.110
L R*=0.856
RMSE=0.097 mm-d"
| <] MAE=0.073 mm-d"!
1 1 1 1
0 1 2 3 )

Bt oh 43 18 )12 I
Aerodynamic terms outside the facility/(mm-d™")

B3 &M ETy £ A3 A F A 316 B
Fig.3 Fitting diagram of aerodynamic terms inside and outside
the facility

2.3 BRSO

R A R S H, KA Sobol BUBAE 4 Hr 7
%, ET Q0D Xl s IR RS EE BUE M A,
GERUNE 2 . M 2 WA, HEAN T A T
(RH,,) MI—MEUK RS, N 0450, B BURRE
1B 0.581; it 7135 RGH Cugy) » B il Toa, out)
PHAER (T » —HBURREANT 0.026~0.304, &
WU R EA T 0.046~0.440. Wit 9 ETo %0 A B A
PR Tonin, ou A1 H RIS no AR, — B BBURR R UL T
0.01, A [EIX 2 NI RS HOF IR il N BT, IR

MR BT it N BT X 4S5 S B U B
ARSCER RHow M o EAEE S, 5 Thacow B Tou
HHAE, Bl 4 MRESEAEE RN T S BB
BIANT (R 3) .

R2 EHREISRESEHRMEINER
Table 2 The results of sensitivity analysis of meteorological
parameters outside the shading facility

Meteorological parameters ) .o.tal order . First order sensitivity
sensitivity coefficient coefficient
O AT A X E
Average relative humidity 0.581 0.450
outside the facility
B AT 1 R
Average wind speed 0.440 0.304
outside the facility
Belti A e R
Maximum air temperature 0.096 0.064
outside the facility
BT
Average air temperature 0.046 0.026
outside the facility
Bt AR
Minimum air temperature 0.020 0.002
outside the facility
Behtigh H g %
Sunshine duration outside 4.971x10* 8.228x10™
the facility

R3 EHREMEEKSEES
Table 3 The combinations of meteorological parameters outside

the shading facility
s gt itk
Serial number Combination of meteorological parameters
1 SPRPRSIREE, SFEIRGE, el PERR
2 SPYTFRIIREE, PRIXGHE, Rl
3 TR, THIRE, TR
4 TR, TR

2.4 FEBUES RIFN
2.4.1 FIEXIS

WFEARGE L 2:1 B LR o3 I ZRE AR, Horh
IR 178 41, HTHUBHE ST B S H0AT, i
SOAG SRR, ARSI 88 4, T IAAAR AL A A B
Ae. MEARERRIFER K 4, GEMNRENEIES
THRHMEARIT, £ @R E ERAREME.

F 4 ET,ENGERMINE ERGIHHFHE

Table4 Statistical characteristics of ET in training set and test set

BORH BME g BEE
FEAREE FEA%GE  Maximum  Minimum Me;n / Standard
Sample set Sample size  values/ values/ (mm-d™) deviation/
(mm-d")  (mm-d?) (mm-d™)
e g
u!l’f%c‘;% 178 1.189 0.023 0.422 0.266
Training set
g 88 1.155 0.043 0.413 0.254
Test set
2.4.2 AR RAkehindt

SEH DU e A B vEAR 35 )11 254 %4 SVRLRF Al ELM
FRISEGATRAL, EARREISN 100 R HEALR AL
JGHRIZE K S, HEASHIIKHERIAE.

x5 ETARSREHAEHTRERMILENEH

Table 5 The optimized parameters of the different models based
on different meteorological parameter combinations

SVR RF ELM
N l:’l /»\)E'
i) 4 w LRSS f 1) ¢ o s b
soral TRy PEESECHIRR g wesen
ernel RS
number Penalty : - Number ~ Number of
parameter function  Maximum of tree  nodes in hidden
parameter  depth of tree
layer
1 9.86 0.006 31 15 18
2 8.72 0.009 95 38 13
3 9.76 0.026 88 16 15
4 9.27 0.002 48 23 11

2.4.3 KAEHEMHAE

BT AMRESHAE (K3, R BO Mbz4L
#37 BO-SVR #7%4, BO-RF #7F1 BO-ELM #5784 il 53
BHBE BTy (K 6) , HLes2% I B4 5] H BO-SVR1~
BO-SVR4. BO-RF1~BO-RF4 1 BO-ELM1~BO-ELM4
F7”. BO-SVR il BO-ELM X ANMIA RS HEER AN
BB, Al RS P B N SR R 2 AR, KRR
SRR TR, WAHENEEERUE
M%; BO-RF1~BO-RF4 #AI{{4E RMSE ¥ LI Z54E
RMSE K. &% F, BO-RF #HX}T BO-SVR ! BO-ELM
NSRBI RE %E .

FERIN RHou #ous Tmax, out A T B, %A SRR A
REN RMSE /1T 0.069~0.082 mmv/d, Il 28 A4
FIAl SRS A B 4 Fos o 3 FlLaS 2 ) Al SRR It
WGBS AT 11 L, P& BELBFRDH N
0.932. 0.944 F10.951, AJ WAL 1R U LA R -
Hrh BO-ELMI MM SR Br, IZREMNRE R 5
7124 0.938 i1 0.928, RMSE 43%1°4 0.066 1 0.069 mm/d,
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W E N BTy B B Moks BRI R E . R kv
RHour tous Timax, oue M Touw VE Al SHEMERF B0 A ET, 1)
RS L.

EXRHABRDMEESZSEHAE (R M ugy) 5
HRIR S, 3 PP HLES 2 ) A K4 ) RMSE A
T 0.078~0.091 mm/d (£ 6) . BO-ELM4 & {1
RS R e, MARAE RN 0.910; BO-RF4 5 A [ £l 8
AL, WRE R* N 0.875, @/ T HIUI%GE R
(0.981) , # B BO-RF4 KR IF/ET L& R,
BO-ELM4 1 BO-SVR4 1 Y [A] i B A A2 5 1 4 e 1
MHE RIS EREE (R 6) , BIRGHEN VRS ES
e Al BT B A ET,o

*6 TRIEEX ET, MEHEESR
Table 6 The estimation results of ET, by different models

il AR YIZREE Training set WAL Test set

Estimation _,  RMSE/  MAE/ > RMSE/ MAE/
models (mmd) @md) F  (mmd)  (mmd?
BO-SVRI 0.928  0.072 0.054 0927  0.069 0.045
BO-RF1 0985  0.034 0.025  0.898  0.082 0.064
BO-ELM1 0.938  0.066 0.050 0928  0.069 0.046
BO-SVR2 0916  0.077 0.060 0918  0.073 0.051
BO-RF2 0987  0.031 0.023  0.897  0.082 0.065
BO-ELM2 0.912  0.079 0.061 0918  0.074 0.053
BO-SVR3 0916  0.078 0.062  0.895  0.083 0.060
BO-RF3 0984  0.034 0.026  0.890  0.085 0.064
BO-ELM3 0911  0.079 0.063  0.905  0.080 0.057
BO-SVR4 0.897  0.086 0.068  0.907  0.080 0.055
BO-RF4 0981  0.038 0.028  0.875  0.091 0.069
BO-ELM4 0.910  0.080 0.064 0910  0.078 0.057

I ARSI 1~4 NRB S G5 . BO MIUHfL. THE.
Note: The numbers 1-4 after the estimation models are the serial numbers of
meteorological parameter combination. BO is bayesian optimization. Same as below.

12- P 127 12-
~ = |4 Training set ::I’!J; g~ ~ 1148
T 10} @ BRATest set AHine, s 10} % 1o} I1ine
] g g
< . < A 3 lEx
gosp AR g 08F 1-0950+0,020 g 08F  1-0.936x+0.027
E 20928 E R*=0.985 - E R=0938 =
g 06F g 06 . g 06f
E E £
7 04+ % 04} % 04
= I I = I I = PR
& y=0.932x+0.018 = 1=0.944x+0.023 pori y=0.951x+0.012
2 02F R=0.927 2 02 R=0.898 202 R=0.928
0 1 1 1 1 1 1 0 1 1 1 1 1 1 0 1 1 1 1 1 1
0.2 0.4 0.6 0.8 1.0 12 0.2 0.4 0.6 0.8 1.0 12 0.2 0.4 0.6 0.8 1.0 12
115 {f Calculated values/(mm-d) 115 {f Calculated values/(mm-d™) 1F 5 {f Calculated values/(mm-d™)
a.BO-SVRI b. BO-RFI ¢. BO-ELMI
B4 ET f& 85+ FE 408 B
Fig.4 Scatter diagrams of the estimated and calculated values of ET
2.4.4 HERM e, AT 26.35~28.78 s, M 5 #n[ %, BO-RF2

ARTL 53 53 AR (1 2 HO D0 IS TR A 2 A 1R e 3t 1
BT A GR DD .

®7 TRERBHELMN

Table 7 The calculation cost of different models

MHEER  SHORMRNE @, . SRR KIME
C . . JEYingS .
Estimation ~ Parameter tuning Modeling . Mean running

. . Total time/s .

models time/s time/s time/s
BO-SVR1 0.96 0.00 0.96
BO-SVR2 0.96 0.00 0.96 0.97
BO-SVR3 1.02 0.00 1.02 ’
BO-SVR4 0.94 0.00 0.94

BO-RF1 28.35 0.02 28.36

BO-RF2 28.73 0.05 28.78

27.46

BO-RF3 26.33 0.02 26.35

BO-RF4 26.33 0.02 26.35
BO-ELM1 222 0.02 223
BO-ELM2 2.16 0.00 2.16 » 0
BO-ELM3 2.19 0.00 2.19 ’
BO-ELM4 2.30 0.00 2.30

M 7 Fa] %1, BO-SVR Fl BO-ELM [z 17 i [A] 4%
%, BO-RF HIiHHAM B . BO-SVR fEHIN 4 A%
SR AT ZEE RN, PR 0.97 s. RF
R 2 ANSHF RN, SHCERIBAL10, 100], HEL
AR R R K 38t 5 &, 8 RF IS 20

ORI B R TR BE AR B il ol 95 R 38, AHER
BO-RF1. BO-RF3 il BO-RF4 ¥J#:k, FLL BO-RF2 [
A ) FE K . BO-ELMI [IFAE E 44 05 b Hodth
3%, BUTEER K, WS EManiud s
Xt ELM W EAR = A 5eml . (R, 7EREARSE &R b
W, A& M4 NSEE ], WD IEAT A

3 i

D TR S R R s, RE E KN )
AFALEER, TR B R B R A s E A, SRk
it P A7 K S 4 2 S R ST 28 XGRS PR 35S . 5 X
ST X 3= BEREAT L, = -E s 388 195 Ve P 1) TR
AHFL VL Hita A0 ) S AR =y, B B DX 25 A AR X I 3
hn, T =R T R P B AR FE A, RO R
A=A RS A, 5 — 5, 2 5 M BT R
R —EEH, EFEEE—LH .

2) KFHERS 2 ET MR I EESH, @F X ET,
BEKMIF 5 IR ERGW T mRm RS
MIZEBEM R, S5RERWE, WERERE, KHfES
Xt ETo FITER &K, TMAEARSCH, = -aRIG DT &t A
ETo XF /NI R S E H RIS ngy (55 K PHEE 5 B3 AH
%) AHUK, Moller W IRFR LB, Bt P A BH 4R 5
F BT K PBH R A, K B8 S )7 ek 2% o R A =
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FA U/ T B AR, 0 b DO e T 358 e 14 L € 30 T Y
A58 A IS 25 S5 114035 S5 R R0 S o PEE S50 Tk, B TR
FEN 8.3%, WEENZEN 24.5%, HILALHEK
FOFI 26 S5 AH G 1T I REUES 50060 88 19 1 it P 1Y) BT 27N

3) RF 0 (B AR (R B2 LU S, ELM B2 2 4l
2 ICHUE R [ 2 AT I (R E RE A, PR e i Ak 2
K 7 SRR A K D B R, RTE 45N SR
F], DAY ALZ AT B AR . 75 3 Fhfily A o
SVR FIRBEEE, X2EHT SVR A ANk, #7717
FEAY (R 24 BE 7, TR R B ¢ W 1 A S 8 e 1A] B 5 11
ETTRLEE, miE A R E RS, & BO LS, 2
F+7 SVR ML SRS FE s ELM Al 3@ 4R 28 1 e b 75 21 d N
SR R, ir B ELM 25 77 2032
FHEAL L SRS FE R, ASCRI ARG ELM X it
ET, MBS T BRI 45 R . BO AL 5 1) SVR AR
IR I ELM eI 258 BRI 2kt 1 S e R4 Bl 5
FEEERA—5, BHEHEMSMASRRBAIS, mit
165 1) RF 7E I ZREE A5 50K B oz v T4, A 1t
B, SEUHEPIRER 5, RF 8L H T
YR, ] AR AU BURRAE, B A R R 2
PRGN BOER ], S T/EAREIE, rrae Il 2R
AL ] S SRR, B8 RF BEAL7E I ZREE AR 4R | 1)
B 2 TR

4 % i

AL FAO-56 PM TSR NARTE(E, et BUs ik
TR AN SR S H, R 3 R T DL
flttk (Bayesian Optimization, BO) HiEMALIIALES2: ]
JriF, AN T RE B N S B AEY 25 BE (Reference
Evapotranspiration, ETy) , %5H %0

D NSRBI F 2 3 E M, Hd T
AR e R BRI RT ST XA A X TR] R R 5
B, RP=0.721, Bt P P38 SR T A T 3
AR, W PSR4 RE K I AL T R A 1~ 24 A
XMEFE o RN ETo B4R ST I (ETgrain) #2350, ETy
NG TS B) J1%# I (ETgaeroin »+ EToneroin 5 WA
SENSIHI (ETgaeroon) ZIAIH RZ 4 0.856, RMSE A
0.097 mm/d, MAE 4 0.073 mm/d, i@ id 5wt 425
LN ET gnero,ou i FIE BT BN EToo

WA 6 PG SHH, SFIIFHNTEE (RHou0) ~
SPIIRIE (o) ~ B Sl (Tnax, o) FPPEIRER (To)
Sobol BUBNE BT B — P BUR R0 58 0450+ 0.304
0.064 F1 0.026, XJ¥JtiN ET, feme K, alfEfh S
Wl ETo FIHLAS 2% > R s A A\ T

3) LA RHyue Uues Tmax, out A Tout 1’Ej‘j’fﬁﬁﬁﬁﬁﬁﬁﬁ
W ET, MW EIES R SEAHE, BO Libi ELM1 B8 B A
BN A, B B A RS AR, DIAE RS
RMSE £ MAE 43 %4 0.928.0.069 mm/d A1 0.046 mm/d.
BO-ELM4 #5241 58 1R 47 1@ M A\ D 8 R 540 (RH,y
H uo G HE AN A ETo R RMSE #1 MAE 73 %14 0.910.

0.078 F1 0.057 mm/d. BO-ELM 4% 4 A] FH Tk 47 10 1 14 it
M ETyo
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Estimation of reference evapotranspiration in shading facility using
machine learning

Chen Shaomin?, Li Xiaoli!, Yang Qiliang**, Wu Lifeng?, Xiong Kai®, Liu Xiaogang®
(1. Faculty of Modern Agricultural Engineering, Kunming University of Science and Technology, Kunming 650500, China;
2. School of Hydraulic and Ecological Engineering, Nanchang Institute of Technology, Nanchang 330099, China;
3. School of Hydraulic and Environmental Engineering, Changsha University of Science & Technology, Changsha 410114, China)

Abstract: Reference evapotranspiration (ETy) is one of the most important parameters to calculate the crop water demand. The
key physical quantity of the water cycle can also pose a great challenge to the water balance for the decision-making on the
agricultural water use plan at present. The ET in the facilities can be generally estimated by the improved empirical formula
with high accuracy. But, much more meteorological parameters are required during estimation. It is prohibitively expensive for
the experimental cost of ET, estimation using measurement instruments for the meteorological parameters in the shading
facilities. Alternatively, machine learning can be expected to easily obtain the meteorological parameters outside the facilities.
However, only a few studies were focused on the estimation of ET, in this case. In this study, an efficient and accurate
estimation of the ET, was proposed to clarify the relationship between the meteorological parameters inside and outside of
Panax notoginseng shading facility. A Sobol sensitivity analysis was implemented to determine the effective meteorological
parameters outside the facility as the model input. A Penman-Monteith model was used to calculate the standard values. Three
ET, estimation models (BO-SVR, BO-RF, and BO-ELM) were established, where the Bayesian Optimization (BO) was used
to optimize the parameters in the Support Vector Regression (SVR), Random Forest (RF), and Extreme Learning Machine
(ELM). The results showed that there was a strong correlation between six meteorological parameters inside and outside the
shading facility, among which the average temperature, the maximum temperature, the minimum temperature, and average
relative humidity were significantly correlated, and the coefficient of determination (R?) values were 0.914, 0.721, 0.925 and
0.923, respectively. The radiation term was close to 0 in the shading facility. The ET, was approximately equal to the
aerodynamic term, where the R, the Root-Mean-Square Error (RMSE), and the Mean Absolute Error (MAE) were 0.999,
0.008 mm/d, and 0.006 mm/d, respectively. There was a strong correlation between the aerodynamic terms inside and outside
the shading facility, where the R?, RMSE, and MAE were 0.856, 0.097 mm/d, and 0.073 mm/d, respectively. Therefore, it was
feasible to estimate the ET, in the shading facility of Panax notoginseng using the meteorological factors outside the facility.
In Sobol sensitivity analysis, the ET in the shading facility was highly sensitive to the average relative humidity, average wind
speed, maximum temperature, and average temperature, with the first-order sensitivity coefficients of 0.450, 0.304, 0.064, and
0.026, respectively. There was a small influence of the minimum temperature and sunshine duration on the ET,, where the
first-order sensitivity coefficients were less than 0.01. Therefore, an optimal combination of four meteorological parameters
was constructed for the improved model. The overall performance of the BO-ELM model in the test accuracy was better than
those of the BO-SVR and BO-RF models. The highest accuracy was achieved for the BO-ELM model using the optimal
combination of average relative humidity, average wind speed, the maximum temperature, and average temperature,
particularly with the Rz, RMSE, and MAE of 0.928, 0.069 mm/d, and 0.046 mm/d, respectively. The BO-ELM model was also
well adapted to estimate the ET in the facility with a small number of meteorological parameters (average relative humidity,
and average wind speed), with the R>, RMSE, and MAE of 0.910, 0.078 mm/d, and 0.057 mm/d, respectively. The
computational cost of each estimation model was calculated from the parameter tuning time and modeling time of the model.
Overall, the BO-SVR and BO-ELM models presented relatively short running time of 0.97 and 2.22 s, respectively. By
contrast, the longest running time of 27.46 s was obtained in the BO-RF model. Therefore, the BO-ELM model can be
expected to serve as the ET, estimation in the shading facility in the absence of some meteorological parameters, fully
considering the calculation accuracy and cost of the simulation. The findings can also provide an effective way for the
estimation of ET| in the shading facilities.

Keywords: crop; evapotranspiration; models; machine learning; sensitivity analysis; Bayesian optimization algorithm; Panax
notoginseng



