2021 1 A
Jan. 2021

BEMLHEK 24

Journal of Irrigation and Drainage

F405 F 1M
No.1 Vol.40

YEHS: 1672 -3317 (2021) 01 - 0091 - 06

GPR. XGBoost #1 CatBoost #&$\;T Faih[X
SEZEMZEHEEN MR

A heg b, Akt Borie V) kgEed, wEES,
(Lé S ITAFE RASESIASRE, &9 330099;
2HLRMAR KR FRREKETAEAKFTIIELERE, KO Hx 712100;
BRI kS Rbk5e&Hsr, B9 650500; 4.7 # K5 KIKFRFER, &% 210098)

AA

# E: (O] RENBEFIRABMA T W ABEELDEEfEE. [FE] AT2Ha8% I5AMAAE
35 2001—2015 F HAE AL £ 548 (R & R RAK R AR, K AR AR 4T, daxtiR B A= 2 m & Kk ), Y4 FAO-56
Penman-Monteith(P-M) 2 X &4 7+ $ £ %ﬁhﬁﬂ” #5 THHE ETy 89 347342 = )2 (GPR) L R 4% & 42 7+ (XGBoost)
Fakh B AR R EA (CatBoost) A, HF 45452 AstiTIIkE., [4R] &AL 5HOTIE F I AW ET, 8
W EHhE KB IMRAH : Ry Trae #2 Trins RH Uz, R Traes Tmine Ref7 RH LR AR B AWM B F IR
(RMSE<0.2 mm/d) A4k ETo# A . shsh, 3 AME PSR AR MRG) LR HKIBT LA RIFa9E Ak, BH T4
KBBAEAR, L+ GPR 4= CatBoost A 49 FANH %, 12 GPR B A A% % M & 4F, [£i6] F R I P AF TR A A4
B2k, A E AR e, GPRAEA TTHE A TR A E AR E AL H T k.

X 8 AFGEHARS; AR E,; MRRAER, HERT RN, 2REA

hE 2S5 :5274.1; 5274 4 XHEARERD A doi: 10.13522/j.cnki.ggps.2020056

OSID:

X/ haE, RENk, R
3R, 2021, 40(1): 91-96.

%, %. GPR. XGBoost #1 CatBoost ##lT Fith[X & E (EMZE B ERE R R[], ERHIKE

LIU Xiaogiang, DAI Zhiguang, WU Lifeng, et al. Comparing the Performance of GPR, XGBoost and CatBoost Models for

Calculating Reference Crop Evapotranspiration in Jiangxi Province[J]. Journal of Irrigation and Drainage, 2021, 40(1):

91-96.
035l &

LA 503 CEM TR /K B AR 3K R 1
FHER ¥, 7K BRI A P B RT VR BE ol =R
B AR T KR R 1 e S BB 2%
e (ETp Mo [WFtikie] EpshEHEE FAO-56
Penman-Monteith (P-M)> /£ Jyfiti B ET, HIAR#E T vEM,
M P-M JAFRERREAR e, Z2H 20N
R TCIEIRBNZ LR R, 13 P-M LR 52 E
—EFERE B PR S, TRA A R R AR & 5
B2 7112 R, Qe FA4R 0 rmak 2BV Makkink

WFSHHER: 2020-02-10

BEEWB: LA HETHANHFEREHH (Gl180952); VLA
HIT BB AEEETIE (20171BAB216051)

YEH@A: XS (1995-), H, VIR A. BEwFaE, FEAFS
7J</?£{E;EIE1@ FHARRST. E-mail: liuxiaogiangyx@163.com

BEMEE: R0 (1985-), 5, BRILKIHA. VW, fL, #iim
KBRS 5 HEORWTFE . E-mail: china.sw@163.com

VRS R BIE T R TR AT ANE S 9 Ry ik
FEHT 2 (@ I, R IR STE T Irmak B 0 2
TAREVE . 2 21 75 e e FE M X K B Makkink
VE AT B T SRR T 5 X LA ETo.

AR, Ml Sk e S
ik X PV RIBE HLARARC DL B 5 A AL B (i
A A W PR 2 SRR B 2 ST B Ak S 4
228y T4 N SHH A R DR FE AR T 2R 00 B 3
TS AT 58, Ff ELAE R 2 DX B o8 o RS
WWWKwAﬁlﬂ@ﬂﬁﬁE$§ﬂB,mﬂ%ﬁ
£ EHTRR B 2R 2 TR S
o Ak, VPR KIS AEE SRR, HAAKR
IS G GRG0k s B =, Joykis e ARl
PEXR BRI T, K, HEEER ETyiHE T
VG LB L T K2 H 8 FIH LS 2 ST ET, Y
DURE RS TRIRG B B SE 0t 585 2 9, g4 % e gt
5 B IR S LB 9 76 VL 78 X G 5 2 3

91



FEBLHEZK 23R http://www.ggpsxb.com

[ vt Bt @] Ak, L FAO-56 P-M it
B ETo 45 BN, @ 3 TARMA SR 3
FhpLge22 > HiR (GPR. XGBoost 1 CatBoost), 7}
AN R S5 B 2 76 1 X E T IS 55 ) 52 mi R
SENE; FERHLES 52 IR Y Irmak A1 Makkink 5 7 if
ITECR, VP HLAR 7 SRR (RS FE ARG e 1, DA
i AR R BE AN R A R P X & B ETo fli 5
BARTT 8, AHA AL VG b [X YR 1) 1) s R K B s
Telic B LR #4185

1 RS

1.1 IR XL

VPG4 (24929'—30°04'N, 113°34'—118°28'E)
(A S I R 5 R s e A e = P R P o
B LAFELRIRN 16.3~19.5 'C, H—#xHEJbr %
W AWK, FEEFRE 49 H, 247
FE7K & 1341~1 940 mm. [E/K 2RO, U
TIKEBK, FZ MK
1.2 HFEWESLE

WEGT AR, BHE. 5%, &), 5E., )
i BOPH. Stfs. 7 5. R, SRR B, mEdk.
B 515 15 NS Gk 2001—2015 4 A 00K
b B EE RS (B TIR (Toa)~ BAKSIR
(Tmin)~ FXHEEE (RH). 2 m ER#E (U, KX
TZ5ES (R HiRERS (Ro)). HA 2001—2010
FEHTIIZ, 2011—2015 FH T 5E
1.3 ARFGZE
1.3.1 FAO-56 Penman-Monteith £ A&

FAO-56 Penman-Monteith (P-M) ARk & R
A AR B B A S 2 Ve 7 B i 7 i,
HAMFIEAR:

900
0.408A(R,~G)+y— U (e -e,)

A+y(1+0.34U,) ’

ET, = D)

X ETo ASHAEMABE: R, NHIERASES: G
NHEPGEESE, T A 2 m SRR U,
N2 m AR RGHE ; eq AT e, 73 AR LR KR RS2 BR
KRR ANZRIEMEIRER; PR E T
1.32 ZAfdA2 = jasE Al

e D={(xynli=12,...n}, Hr x D4k
NI,y NS EAR R, n ORUIGREARSL, N
FiE X N D> BRI, Y N EREH, Fiidh
D=(XY). i EEHBEA (GPR) 245 € i A 1Al
B fE H b B m AT, BSME R L w(X)
T 2 BRE K(x, x' )%

92

F(x) ~ GP((X ), K(x,x) - (2)

1.3.3 Mk A ARA A

e 15 2 2 71 (XGBoost) 42 1 Chen I Guestrint®®!
T 2016 FFEHEH B — MR EEHE SEATL (GBMs) BT YA
7%, XGBoost 11 & 7E; 1kt B2l &, [F)Id s itk
SRR PR S5 5 Ea - v @ 1] (39 - 5 N
XGBoost HiEJE T “4&TH” BFIMES, B4E T 45
I B PA TN, B R R IR IR R S . H
THE A

fi(t) = ZLzl f06)= £+ £ (%) (3

R )BT t S, (O 17 RSB N t
Ft1; xRN,
1.3.4 6 3R 9F s Rt A

B BT U (CatBoost) & — R irBhE 12
TSR (GBDT) 5kl Rk Thit kb3l 7 45 2K
fiF, FERFI IR FE s 23 SRR A AL B], T A A2 Tk
o ZEVER R — AN R T AR IR R S5 R B B
AUHEHE, XA BT LA FF e v A
VISR, BRI BR AR AT B LHEZ 1t
BRI . %0 TR S, B EGIE
H B B8 S Y B P TS Bt 5

2 0=[0,,0,0,] NEH, RIEHXGRE:

Z?;ll[xaj‘ KXok }.Yaj +5-P
Z:ll[xoj‘ ok }+ﬂ
X PAERE: S8 B &R E AL E,

1.4 GitHERR

KEFAER T 3 ANE SRR, 258
BixiRzZ (MAE). B7HRR%E (RMSE) Mg
ZH(RD.

2 FERERHR

2.1 3 MHEEFEIEEEE L

R 1R 3FIHLAS 2 I RUAS R N 45 1 B T
ETo FIPEREPEALZE . 3R 1 vl A, X TIlZRi, 41
A 1~9 HIREALKS R BN XGBoost>CatBoost>GPR,
M4 10 BN CatBoost>XGBoost>GPR. {EHIE
M, BT ZHAAK) RMSE 1 MAE KR ZHBAE 2.7%
PLAY, 4 CatBoost 1 GPR #E7Y B MG E,
i I CatBoost 1 GPR # 7Y Fiiill ETo 5 FE Lk
XGBoost #i 7 &,

A BN S S G R IR FE A 2
B, WRA Toae Tmins Res RHy Thmaxs Trmins Rea

XO'p, kK —

, (4)



X/ Z: GPR., XGBoost il CatBoost AL G 11 [X S 25 VB W) ZE Bl 10E MAPERTE AL

Uz A1 Trnascs Trnin Rs 195 A SEUIAERY HER A T
Tmins Ras RHy Toas Tmins Ras Ua M Traxs Tmins Ra
BRI ROR I, 1XRH] Ry Lt Ry XA AR
SR . T34k, A 9 R 10 kDL T 8,
R RH. Up XM BLY RS A — IR . RT
HAE MR RO T T ETo FIFEMA K Tonad Trin IX

Z, Uy /e fESIERA, Bi%Y CatBoostl0 1) RMSE
M MAE {8 2 &G, R® fm (R=0.998,
RMSE=0.073 mm/d, MAE=0.050 mm/d), 5 _Eik{#Hi
— 3. P IE I G 8 A AL b F 4 5 5k} At
AR EL E NG B, HEFERL 8 /RN ixthX ET,
EEBA,

% 1 GPR. XGBoost #= CatBoost #£ & 44 -F- 3 471 45 4%
Table 1 Average statistical results of the GPR, XGBoost and CatBoost models

S IRIE
WAALE e " RMSE/ MAE/ o RMSE/ MAE/ .
(mm 4™ (mm 4 (mm4d™ (mm 4
GPR1 0.838 0.612 0.446 0.837 0.618 0.451 1
Traxs Trin XGBoostl  0.849 0.592 0.436 0.833 0.625 0.458 2
CatBoostl 0842 0.606 0.446 0.832 0.625 0.459 3
GPR2 0.934 0.392 0.289 0.940 0.375 0.279 2
R, XGBoost2  0.955 0.338 0.250 0.943 0.368 0.275 1
CatBoost2 ~ 0.942 0.365 0.269 0.939 0.377 0.281 3
GPR3 0.366 1.230 0.979 0.314 1.284 1.007 3
RH XGBoost3  0.458 1227 0.977 0.363 1.284 1.006 1
CatBoosts 0375 1205 0.974 0.315 1.284 1.006 2
GPR4 0.052 1507 1.262 0.042 1519 1276 3
U, XGBoostd  0.175 1506 1.261 0.107 1519 1274 1
CatBoostd 0050 1514 1.269 0.045 1516 1272 2
GPRS5 0.862 0.565 0.399 0.857 0577 0.412 1
T Trine Ra XGBoosts  0.813 0.497 0.359 0.807 0.589 0.422 3
CatBoosts 0876 0.535 0.384 0.851 0.588 0.423 2
GPR6 0.883 0.521 0.369 0.870 0.548 0.390 2
Tooc Trins Rew Us XGBoost6  0.818 0.377 0.271 0.812 0.550 0.386 3
CatBoost6 0910 0.456 0.324 0.871 0.547 0.387 1
GPR7 0.925 0.418 0.282 0.922 0.437 0.296 1
Traxs Tmins Rev RH XGBoost7  0.954 0.304 0.213 0.914 0.448 0.303 3
CatBoost? 0943 0.368 0.252 0.919 0.443 0.301 2
GPRS 0.967 0.270 0.194 0.966 0.277 0.205 1
Trac Tmins Rs XGBoost8  0.983 0.161 0.119 0.959 0.283 0.208 3
CatBoost8 0976 0.231 0.167 0.966 0.279 0.205 1
GPRY 0.988 0.167 0.111 0.987 0.179 0.117 1
Traxs Twins Res RH XGBoostd  0.994 0.061 0.045 0.982 0.179 0.118 3
CatBoostd  0.992 0.131 0.001 0.986 0.178 0.118 2
GPR10 0.967 0.269 0.194 0.966 0.277 0.206 2
T Tmins Res Uz XGBoost10 0.993 0.123 0.092 0.964 0.287 0.211 3
CatBoost10 0.998 0.052 0.039 0.998 0.073 0.050 1
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R i i, IX BE2H S 407 R RH. Uy, T 5t 51 R? 9 0.943;
CatBoost 17 & A KB Fil ETo 19 R® feis, i R?
90998, 1Ak, A 5 ANHATIN ET, i R HEHES 2
fir. Bk EH, ERAFHT, XGBoost B R HEF
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P SRR IS IE SAM T I SR IA )44 RMSE K

grE (R 2) mTAn: XT3 LA I B, XGBoost
BEAIIEAE AT RMSE I H 4y LLE S AN A3 80K
HE KB b2 193.4%; 1 GPR 81 4 Eh g K
WS R /N, #RAE 8% LA ; XF T CatBoost #:7, 7E Rl
5 A A, HE A 10% AN, TG 5 ANdLa T
HAT 20%~41% 2 1), $EH] GPR BRI BB £2 € 1t
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Table 2 The average RMSE and percentage of machine learning models during the texting period relative to the training period

[E Lsans H 4 %
MNHAE
GPR XGBoost CatBoost XGBoost CatBoost GPR XGBoost CatBoost
Tmaxs Tmin 0.612 0.592 0.606 0.618 0.625 0.625 0.980 5.574 3.135
Rs 0.392 0.338 0.365 0.375 0.368 0.377 -4.337 8.876 3.288
RH 1.230 1.227 1.225 1.284 1.284 1.284 4.390 4,645 4.816
U, 1.507 1.506 1.514 1.519 1.519 1.516 0.796 0.863 0.132
Tmacr Tmins Ra 0.565 0.497 0.535 0.577 0.589 0.588 2.124 18.511 9.907
Tmaxs Tmins Rav Uz 0.521 0.377 0.456 0.548 0.550 0.547 5.182 45.889 19.956
Tmaxs Tmins Rav RH 0.418 0.304 0.368 0.437 0.448 0.443 4,545 47.368 20.380
Twacs Tmins Rs 0.270 0.161 0.231 0.277 0.283 0.279 2.593 75.776 20.779
Tmacs Tmins Rsv RH 0.167 0.061 0.131 0.179 0.179 0.178 7.186 193.443 35.878
Tmaxs Tmins Rss Uz 0.269 0.123 0.052 0.277 0.287 0.073 2.974 133.333 40.385
k3 BRHRBAFIUE F AP ST A5 4R MAE=0.333 mm/d).
Table 3 Average statistical results of the empirical and N
33T iR

machine learning models

U el
WA

RMSE/ MAE/
(mm 4 (mm b

g HE o RMSE/ MAE/ ,

(mm 4D (mm 4

Irmak  0.92  0.426 0340 092 0.430 0.342
Tma GPR8  0.96  0.270 0194 096 0.277 0.205
Tm;"; XGBoost 098 0.161 019 095 0283  0.208

CatBoost 0.97  0.231 0167 096 0279 0.205
T Mekkink 0.92 0447 0337 093  0.440 0.333
T,.. GPRO 098 0.167 0111 098 0.179 0.117
Re» XGBoost 0.99  0.061 0045 098 0.179 0.118
R CatBoost 099 0,131 0091 098 0.178 0.118
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Rl RH I AN AT, S iE - Makkink 5578 T
ETo HIKSE % (R°=0.931, RMSE=0.440 mm/d,
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Comparing the Performance of GPR, XGBoost and CatBoost Models for
Calculating Reference Crop Evapotranspiration in Jiangxi Province

LIU Xiaogiang™?, DAI Zhiguang®, WU Lifeng"", ZHANG Fucang?, DONG Jianhua®, CHEN Zhiyue*
(1.College of water conservancy and ecological engineering, Nanchang Institute of Technology, Nanchang 330099, China;
2. Key Laboratory of Agricultural Soil and Water Engineering in Arid and Semiarid Areas, Ministry of Education, Northwest A&F
University, Yangling 712100, China; 3. Faculty of Agriculture and Food, Kunming University of Science and Technology,
Kunming 650500, China; 4. College of Hydrology and Water Resources, Hohai University, Nanjing 210098, China )

Abstract: [Background] Alternate drought and waterlogging increasingly occurring in Jiangxi province means that
rational irrigation strategies are required to safeguard its agricultural production. [ Objective] The objective of this
paper is to select a suitable machine learning model to calculate reference crop evapotranspiration across the
province.l Method 1Meteorological data - including daily maximum (Tyax) and minimum (T,;,) ambient temperature,
global solar radiation, extra-terrestrial solar radiation(Rs), relative humidity (RH) and 2m-height wind speed (U,) -
were measured from 2001 to 2015 at 15 stations across the province; they were then used to train and test three
models: The gaussian process regression (GPR), the extreme gradient boosting (XGBoost), and the gradient boosting
with categorical features support (CatBoost). We compared accuracy with empirical model for estimating the
reference evapotranspiration. [ Result 1 The meteorological factors that impacted the accuracy of the machine learning
model for estimating ET, was ranked in the descending order as follows based on their significance:
Rs>Tmax>Tmin>RH>U,. Models using Tmax, Tmin,» Rs and U, gave the most accurate ET, estimate with RMSE<0.2
mm/d. All three models have a good applicability by using limited meteorological data, and are superior to the
traditional empirical model. In particular, GPR and CatBoost were more accurate, and GPR was most stable.
[ Conclusion] In terms of complexity, accuracy and stability, GPR was the most suitable model for estimating
reference crop evapotranspiration in Jiangxi province.
Key words: reference crop evapotranspiration; gaussian process regression; extreme gradient boosting; gradient
boosting with categorical features support; empirical model
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