TLHARNY 223 ( Jiangsu J.of Agr.Sci.) ,2021,37(3) :622-631

622 http: //jsnyxb.jaasac.cn

FoOR, U M AR S TR REOL AL (PSO ) BRAE 2 BL TN B S S AR Y AR B [ ] IR A 4, 2021, 37
(3):622-631.
doi ; 10.3969/j.issn.1000-4440.2021.03.010

E?*ﬁ%ﬁﬂﬁwwsm BREZEIVMNFESE
EMIZ B =

F &' AT, # XK', FEEF, #hm'6 #HHRFA'
(LTS R MR TR BE, FriE 2EAST 8300005 2. 418 K2 TRYIZ A0 B B8 AFE 830000)

WE. SHEYZERCER (ET,) BRI VEE 5 K A S R A S K SR SR S B
WEE L, N T RIS TR RI ET, 5 ¥ A58 58 TR FHEE AL ( Particle swarm optimization , PSO ) -#8 R 24>
HL( Extreme learning machine , ELM) T30 ET,, 1 I8 e BT HE X 3 N0 (BB ORSE EAT A ) e AR
(Th) ﬂEE (T, CEYAHRE (Ry) JRGE (u,) JEIREE] (n) 48088, 57 PSO-ELM TR ALY | Xof 45
TURS B RN E PEEA TR ST, 9138 40 55 ELM  Makkink \I-A BT B L R SEAR R B T S B B BUNE 1, 45
LR PSO-ELM A/ 5 S G R T A BoA B UK B (4R =0.974 7, FHIMAE=0.252 0 mm/d , F-1)
RMSE=0.364 3 mm/d) , Hi PSO-ELM6 #:%] 5 ELM Makkink ,I-A B %] L 45 50 E 0 FEAHE S W i A 5
P, 3 A3k 5 H PSO-ELM6 A RT3 SR e, 3B %) PSO-ELM3 A5 AU 7 3 S b X 385 33 1 A R 5% A B, 1A
A TR B (T-34R*=0.946 5 ,BﬁiiﬂMAE= 0.307 0 mm/d,F-Y¥IRMSE=0.356 9 mm/d) , AI[E|¥, &S A FS
ST AN PSO-ELM BRI GBS B LS R AT 5 ET,Z A8 22 AEL M C R BT RIAE 3T SR X 1)
PR, AT LU X % HET, WS 8 vk

KW B, RFRLL; BIREINL SEEYEECR,; BRI

HESHES. S27;TP312 XEARIRE . A XEHS: 1000-4440(2021)03-0622-10

Prediction of reference crop evapotranspiration in Xinjiang based on parti-
cle swarm optimization( PSO) optimized extreme learning machine

YIN Qi', ZHOU Jian-ping', XU Yan', LI Zhi-lei’, FAN Xiang-peng', WEI Yu-tong'
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China)

Abstract: Accurate prediction of reference crop evapotranspiration (ET,) is of great significance in predicting crop
water demand, precise irrigation of farmland and improving water resource utilization efficiency. To solve the disadvantages
of traditional methods in obtaining ET,,, ET, was predicted based on particle swarm optimization ( PSO) -extreme learning

machine (ELM) in this study. By selecting meteorological data such as maximum temperature (T

max

) , minimum tempera-
ture (T, ), average relative humidity (R ), wind speed (u,) and illumination time (n) of three stations in Xinjiang

(Urumgi, Kashgar and Hami) , the PSO-ELM prediction

K075 H H - 2020-08-27 model was established. The accuracy and universality of
HETE [/ F 2L 05 0 I 238155 B (2018107550798 ; the model was studied, and the prediction accuracy of
BB TR AR KRS A RHRF 5 H (XJ2019G033) models combined with different meteorological factors was
fEERN T 1(199%4-) 5B WEH e A, A, FEMNE explored by comparing with ELM, Makkink and I-A mod-
BEARNFHEM BRI . (E-mail) 794760934@ qq.com els. The results showed that, PSO-ELM model showed the

BIFEE AT, (E-mail ) linkzhou@ 163.com highest prediction accuracy under the input condition of
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five meteorological factors (average R*=0.974 7, average mean absolute error=0.252 0 mm/d, average root mean square

error=0.364 3 mm/d). The prediction effect of PSO-ELM6 model was the best under the same meteorological factor input

conditions of three stations by comparing the PSO-ELM6 model with ELM, Makkink, I-A models. The research on the uni-

versality of PSO-ELM3 model in Xinjiang showed that, the model had high prediction accuracy (average R>=0.946 5, av-

erage mean absolute error=0.307 0 mm/d, average root mean square error=0.356 9 mm/d). The PSO-ELM model with

different meteorological inputs at different stations can accurately reflect the complex non-linear relationship between meteor-

ological factors and ET;, and the model shows good generalizability in Xinjiang, which can provide new methods for daily

ET, prediction in Xinjiang.
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Table 2 Accuracy evaluation of particle swarm optimization-extreme learning machine ( PSO-ELM) model under the condition of different
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Fig.4 Predictive value of reference crop evapotranspiration ( ET,) of particle swarm optimization-extreme learning machine ( PSO-ELM)

model for each station in 2019
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Table 3 Comparison of precision between particle swarm optimization-extreme learning machine ( PSO-ELM) model and other models with

the same meteorological factor input
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Fig.5 ET, distribution of different models at different stations
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Table 4 Universality results of PSO-ELM3 model among different

stations
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