TLIRAM 223 ( Jiangsu J.of Agr.Sci.) ,2020,36(3) :577~583
http: //www.jsnyxb.com 577

JE OB, TR T EVI-RBE By KR B IN R ram T [ 1] VAR b 24 4], 2020,36(3) :577-583.
doi : 10.3969/].issn. 1000-4440.2020.03.007

E T EVI-RBF By E K< 15N A 7= =Tl

B, RAGE, A, F W
(LR F B2 Be DU AR 6100655 2. 791 R 2K A5 BALIR S S50 3, 101 #R 610065)

FEE . ARk AR S WD IR ™ 5 ORI 5% R 22 S8 38 4o 7 2 2 A A R B TR SR S Y | T X AR AN B
IR . AT ESL T — AT AR AR SO = i Ge R Y BRI B s WO vk, DL ER AT
FEXF4, FIH MODIS09A 1 %d 8 57 H:2000- 2018 4F () 344 5k B AF 4 15 50 (EVI) W8] P80, 3144 2% 5 56 b 42 1) 3
(RBF) M2 M4 A SEL, T — BB EVI S 1K 7= 5 S W4 0% Hh S50, 58 B0 K I R 34T B 7= 1t 73
W, 200 R ) oL FH B BB e VA8 W R T o B ) KB o b, X oK EVEE A BOIRG B2 3R 30 T 90. 0% LA -, 7=
ST AH S T2 G W 41 B RS TR o A I S 42 s, ORGSR B T 98. 6%, ARMUAR B 8 H5ORT 7™ 2 45 TH A ) 4 3
A R 5= 2 TN T A AR R B g IS RIS

XgR: MODIS09A1; EVI-RBF; Ek; K#, y &

HESES. S127;S513 XERFRIRAD . A XEHS: 1000-4440(2020)03-0577-07

Maize growth monitoring and yield prediction based on EVI-RBF

TANG Jun', ZHAO Cheng-ping', ZHOU Xin-zhi', LI Bo’
(1. Electronic Information School, Sichuan University, Chengdu 610065, China; 2.Joint Laboratory of Water Conservancy Informatization, Sichuan Univer-

sity, Chengdu 610065, China)

’

Abstract: In recent years, the research of maize growth monitoring and yield prediction is mostly achieved by build-
ing complex growth models, but these methods are not easy to be popularized. To overcome the problem, a method of maize
growth monitoring and yield prediction was established based on vegetation index and statistical yield data. Taking maize as
the research object, the enhanced vegetation index( EVI) time sequence from 2000 to 2018 of the maize was established by
using MODIS09A1 data. Moreover, this time sequence was taken as the input parameter of radial basis function ( RBF)
neural network, and the values of EVI or maize yield in the next stage were taken as the output parameters. This method has
been successfully applied to the research on maize in Binxian County, Harbin City, Heilongjiang province, with the predic-
tion accuracy of over 90% for the value of EVI. Compared with the results based on conventional linear regression forecas-
ting method, the prediction accuracy of yield based on the proposed method in this study was significantly improved. In con-
clusion, the method of growth monitoring and yield prediction based on vegetation index and statistical yield data has a great
application prospect.
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Fig.2 Framework of prediction model
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Fig.4 Comparison curve of maize growth in Binxian County
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Table 1 Division of maize growth vigor from 2000 to 2018

BRI T4 I 2 AR S bR 22 | eI
AT ZRER BB E2E il i 5 A2t RBF
P2 MEE I YIZRREA

s EK EVIH B HER
06-18 06-26 07-04 07-12 07-28 08-05 08-13 08-21 08-29
2000 4F  0.207(1)  0.275(2) 0.386(3) 0.433(1) 0.497(1) 0.576(1) 0.569(1) 0.532(1) 0.510(1) 0.465(1)
2001 4F  0.201(1)  0.246(1) 0.317(1) 0.417(1)  0.496(1) 0.632(3)  0.554(1)  0.552(2) 0.520(1)  0.506(3)
2002 4F  0.264(3)  0.331(3) 0.434(3)  0.530(3) 0.629(4) 0.649(4) 0.609(3) 0.599(4) 0.545(3)  0.504(3)
20034 0.215(1)  0.380(4) 0.432(3) 0.475(2) 0.538(2) 0.616(3) 0.640(4) 0.575(3) 0.558(3)  0.573(5)
2004 4F  0.251(3)  0.291(3) 0.372(2) 0.540(3) 0.583(3) 0.679(5) 0.616(3) 0.560(3) 0.527(2)  0.488(3)
20054 0.277(4)  0.346(3)  0.459(3)  0.626(5) 0.617(4)  0.615(3) 0.691(5) 0.609(4) 0.559(3)  0.515(3)
2006 4F  0.207(1)  0.248(1) 0.305(1) 0.475(2) 0.530(2) 0.571(1) 0.683(5) 0.566(3) 0.551(3)  0.523(4)
2007 4F 0.249(3)  0.341(3)  0.471(4) 0.586(4) 0.601(3) 0.615(3) 0.634(4) 0.564(3) 0.568(4) 0.534(4)
2008 4F  0.247(3)  0.288(3)  0.530(4) 0.569(4)  0.698(5) 0.628(3) 0.698(5) 0.555(2) 0.562(4) 0.447(1)
2009 4F  0.203(1)  0.217(1)  0.378(2)  0.519(3)  0.592(3)  0.630(3)  0.595(3)  0.600(4) 0.549(3)  0.524(4)
2010 4F  0.287(4)  0.282(2) 0.491(4) 0.551(3) 0.673(5) 0.611(3) 0.577(2) 0.586(3)  0.600(5)  0.534(4)
20114F  0.260(3)  0.342(3)  0.424(3)  0.591(4)  0.655(4) 0.699(5) 0.648(5) 0.615(5) 0.567(4)  0.529(4)
20124F  0.302(5)  0.393(4)  0.568(5) 0.620(4)  0.588(3) 0.712(5)  0.592(3)  0.623(5) 0.584(5) 0.511(3)
20134F  0.338(5)  0.444(5)  0.527(4) 0.671(5) 0.665(4) 0.671(5) 0.676(5) 0.636(5) 0.593(5)  0.533(4)
2014 4F  0.349(5) 0.463(5) 0.538(4) 0.612(4) 0.679(5) 0.631(3) 0.581(2) 0.567(3)  0.520(1)  0.495(3)
20154F  0.297(4) 0.441(5) 0.527(4) 0.558(4) 0.696(5) 0.629(3) 0.628(4) 0.584(3)  0.540(3)  0.491(3)
2016 4F  0.292(4) 0.417(4)  0.529(4)  0.618(4)  0.635(4) 0.655(4) 0.626(4) 0.590(4)  0.546(3)  0.592(5)
20174F  0.329(5) 0.493(5) 0.568(5) 0.609(4)  0.628(4) 0.627(3)  0.620(3)  0.624(5)  0.653(5)  0.552(4)
2018 4F  0.305(5)  0.499(5) 0.531(4) 0.561(4) 0.627(4) 0.619(3) 0.633(4) 0.611(4) 0.576(4) 0.582(5)
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Table 2  Prediction results of maize enhanced vegetation index
(EVI) in 2018
H#(A-H) EVI A EVI T T i 2=
06-18 30.525 33.164 0.086
06-26 49.861 48.482 -0.028
07-04 53.074 54.945 0.035
07-12 56.082 60.965 0.087
07-20 62.730 64.088 0.022
07-28 61.891 59.514 -0.038
08-05 63.264 61.080 -0.035
08-13 61.117 58.086 -0.050
08-21 57.565 54.128 -0.060
08-29 58.150 61.601 0.059




582 o9 &b 2 W

2020 4E & 36 % 3 M

222 F%-RBF &&  EVI E{H 5 %0 145 1)
M i B B AR M X RIIVEY K A —
SEFERE L TR T A B R oK
ARG AT HE9 A 22 H)® EVI E &K
{H . B IHE52000-2015 45 1 £ K AR 3 7= i fE 37 28
P [F]AR A

FIFEET FBEAIN 2016 4F Tk P~ i, 45 50 (32
3) R, A5 Y ) T K7 i T 25 SR B A AR R R
2% EVI YIERTHUR EVI BT E A A [ 500 5% 22 0
13. 1%, EVI e KAEARL ) TR 25 24. 3%

£3 ETZUEAREMNERFEMNER

Table 3 Prediction results of maize yield by linear regression model
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Fig.5 Regression model of vegetation index and maize yield
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