202443 A &k MLk 2= i 555 % 43 1

doi:10.6041/]. issn. 1000-1298.2024.03.017

EFERBZSEF1 CNN - Transformer )%/ EF={E

EmE' T OHI A K OB xke’ Fas' ITEME
(1. ALK 22 50 TR B, L5 100083,
2. e MG A LA M 5 K BCHB 1 T 5 95 305, L3 100083
3. oA K% MR AR, L 100193
ABRPEE RS, P95 TI0014 5. o LB K 1 CLBUR BB . L 100094)

T O TR A/ B TR B AT 7R A A ) A AR A AR B 4, LA P 48 6 P R BT S
X3, ﬁﬁl’jﬁrm#m%ﬁ?ﬁﬁi?&%&(\/“l) VT B B (LAL) RG-S A R0 ST W fi L 38 (FPAR) S 38 SR R AIE 2
B, 855 B RPN Z M 45 (CNN) Jay SR AR 4@ HURE ) F12E T A 2 s WL Transformer 9 45 1) 42 Jay {7 B 42 IUBE U1, 14
# CNN = Transformer 3¢ 3 2% ] 58U, HJ -4 0 O P i & /N 22 72 . 15 Transformer #%1 (R* 2y 0. 64, RMSE Yy
465. 40 kg/hm® ,MAPE Jy 8. 04% ) #H Lt, , CNN — Transformer 18 % EL 45 T 25 (1 4 /N 22 B0 7= £ W) 45 B2 (R & 0. 70, RMSE
H7 420. 39 kg/hm® ,MAPE 2}y 7.65% ) , A {1 I\ 38 & 22 S50 PR BUE 22 5 7= B M1 £ 8., FLXE T Transformer #5877
TE Y e 7 R AL AR ™ S A BRI A BTl o 2T 5 P8 U R VA AN B — 15 i — B B ik T CNN — Transformer £5 %!
MG HETERNZALRE ST o LAk, £E T CNN — Transformer #5547 38 4 /N 22 A K5 B 19 B BURLN , 43 #7328 A5 8 L) LB
iy N2 O 7 A 0 A 2 I A AR R X A /N O T A A B B ) R B AR B R AE RE T o S5 R W] BEAL RE A AL
LA/ A R B S 9,3 TR A A S ] B )R A /N AR R i B I I

KB ADE; WM BEREZSHG ERMEMY; Transformer 7Y

R E 4SS TP79 XEkFRIRAD: A NEHHS: 1000-1298(2024)03-0173-10

Yield Estimation of Winter Wheat Based on Multiple Remotely
Sensed Parameters and CNN — Transformer

WANG Pengxin'®> DU Jiangli'"® ZHANG Yue'? LIU Junming’ LI Hongmei' WANG Chunmei’
(1. College of Information and Electrical Engineering, China Agricultural University, Beijing 100083, China
2. Key Laboratory of Agricultural Machinery Monitoring and Big Data Applications
Ministry of Agriculture and Rural Affairs, Beijing 100083, China
3. College of Land Science and Technology, China Agricultural University, Beijing 100193, China
4. Shaanxi Provincial Meteorological Bureaw, Xi’an 710014, China
5. Aerospace Information Research Institute, Chinese Academy of Sciences, Beijing 100094, China)

Abstract; In order to improve the accuracy of winter wheat yield estimation and the phenomena of
underestimation of high yield and overestimation of low yield that exist in yield estimation models, the
Guanzhong Plain in Shaanxi Province, China was taken as the study area, and the vegetation temperature
condition index ( VTCI), leaf area index ( LAI) and fraction of photosynthetically active radiation
(FPAR) at the ten-day interval were selected as remotely sensed parameters, and a deep learning model
was proposed for estimating winter wheat yield by combining the local feature extraction capability of
convolutional neural network ( CNN) and the global information extraction capability of Transformer
network based on the mechanism of self-attention. Compared with the Transformer model ( R* was 0. 64,
RMSE was 465. 40 kg/hm®, MAPE was 8. 04% ), the CNN — Transformer model had higher accuracy in
estimating winter wheat yield (R* was 0. 70, RMSE was 420. 39 kg/hm’, MAPE was 7.65% ), which
can extract more yield-related information from the multiple remotely sensed parameters, and improved

the underestimation of high yield and overestimation of low yield which existed in the Transformer model.
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The robustness and generalization ability of the CNN — Transformer model were further validated based on

the five-fold cross-validation method and the leave-one-out method. In addition, based on the CNN —

Transformer model, the cumulative effect of the winter wheat growth process was revealed, the impact of

gradually accumulating ten-day scale input information on yield estimation was analyzed, and the ability

of the model to characterize the accumulation process of winter wheat at different growth stages was

assessed. The results showed that the model can effectively capture the critical period of winter wheat

growth, which was from late March to early May.

Key words: winter wheat; yield estimation; multiple remotely sensed parameters; convolutional neural

network ; Transformer model
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Fig.1 Location of study area and winter wheat planting areas
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Tab.1 Five-fold cross-validation results for
CNN — Transformer yield estimation model
bl 4 R? RMSE/ (kg-hm ~2) MAPE/ %
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