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Regional Winter-wheat Yield Estimation Based on Coupling
of Machine Learning Algorithm and Crop Growth Model
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Abstract; To realize the regional winter wheat yield estimation accurately, efficiently and in real-time,
Shiqiao Village, Qi County, Hebi City, Henan Province, was taken as the study area. The ensemble
Kalman filter (EnKF) was used to assimilate the time-series leaf area index ( LAT) , which were estimated
by the PROSAIL radiation transfer model, into PyWOFOST crop growth model to estimate a certain
number of winter wheat site yield points with different growth. And those site yield points provided
training data for random forest regression (RFR) algorithm to establish machine learning model. Finally,
the established machine learning model and the time-series optical remote sensing images of Sentinel —2

with 10 m resolution were used to estimate the regional winter wheat yield, so as to realize the application
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of coupling crop growth model and machine learning algorithm, and establish a new regional winter wheat

yield estimation mode. Based on Sobol parameter sensitivity analysis algorithm, the sensitivity parameters
of TWSO and LAI , were quantified. The TDWI, TBASE, CVS and CVL sensitivity parameters related
to LAI___ were optimized by time-series LAl data and particle swarm optimization (PSO) algorithm. And
inputting them into the PyWOFOST model, using the EnKF algorithm and time-series LAI data to adjust
the AMAXTB1, TDWI, TSUMEM, and CVO sensitivity parameters of TWSO to improve the accuracy of
the single-point yield estimation. Compared with the site yield points, the R, RMSE, MAE, and Bias of
estimation were 0. 866 5, 468. 64 kg/hm”, 385. 70 kg/hm’ and 103. 08, respectively, providing accurate
site points yield of training data for establishing the RFR region yield estimation algorithm.

Key words: winter wheat; yield estimation; Sentinel —2 satellite; ensemble Kalman filter; PyWOFOST
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Fig. 1 Geographical location of study area
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Tab.1 Main crop parameters in PyYWOFOST model
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Tab.2 Main soil parameters in PyWOFOST model
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Fig.3 Winter wheat sampling design, sampling

point location and management area distribution
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Fig.4 Study area remote sensing images at different periods
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Tab.5 Evaluation of retrieval accuracy of single-point LAI
PACRER: ] R H ) e PG/ R? RMSE/(m®-m %) MAE/(m’-m~?) Bias By
2022 43 H8 H 2022 43 H 10 H +2 0.627 1 0.360 8 0.2723 0.077 y=0.5519x +0.484 1
2022 44 A2 H 2022 44 A2 H 0 0.744 5 0.5265 0.4514 -0.1898 y=0.5355x+1.5924
2022 44 H 7 H 2022 44 H9 H +2 0.664 4 0.774 1 0.676 1 -0.4458 y=0.6137x+1.8188
202245 H2 H 202244 HI9HHM?29H -13,-3 0.6081 0.8820 0.7359 0.3641 y=0.2599x +2.8257
2022 45 A 17 H 2022 45 423 H +6 0.0551 0.9103 0.7800 0.5246 y=0.0256x+3.5989
JERN 0.8632 0.7193 0.5747 0.0908 y=0.7513x+0.7090

m?/m? m?/m?
0
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(¢) 20224E4 HTH

m*/m? m*m?
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Fig.6 LAI value domain distribution map by PROSAIL + SUBPLEX algorithm retrieval
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Fig.8 Parameters sensitivity analysis about TWSO
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Fig.9 Parameters sensitivity analysis about LAI
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Tab.6 Single points yield accuracy estimation

gt 3¢ S LAT 51 R

RMSE/ (kg-hm ~?)
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Fig. 10 Assimilation multi-temporal LAI to realize

single points yield estimation
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Tab.7 Regional statistical yields and simulated yields
B X
¥ H X Bt
1 2 3 4 5 6 7 8 9 10

T #/hm? 24.52 26. 85 51.58 50.51 25.44 26. 04 26. 69 27.00 24.50 26. 10 309.23

Hiit e &/ kg 201 770 233020 399440 383 840 172730 217420 219 160 199 050 226 020 207 720 2 460 170

FEA 7= 5/ kg 217 194 239803 456533 453150 226186 231728 229425 238587 206244 231671 2730 521

x /% 92.90 97.17 87.49 84.70 76.37 93. 83 95.53 83.43 90. 41 89. 66 89.01
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Regional yield estimation map of winter wheat based on different models
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Tab.8 Statistics of winter wheat regional yield estimation based on machine learning

o K ‘
S pESan
1 2 3 4 5 6 7 8 9 10
T FL/hm? 24.52 26. 85 51.58 50.51 25.44 26. 04 26. 69 27.00 24.50 26. 10 309.23
Gi it 7=/ kg 201 770 233020 399440 383840 172730 217420 219160 199050 226020 207 720 2460 170
WA= i/ kg 182499 205404 420897 392021 199362 220558 216845 226105 193987 216339 2474017
NG E/ % 89. 44 86. 55 94.90 97.91 86. 64 98. 58 98.93 88.03 83.49 96. 02 99. 44
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Tab.9 Regional winter wheat yield estimation coupled PyWOFOST crop growth model with machine learning

HIX

ZH =8iy
1 2 3 4 5 6 7 8 9 10
T F/hm? 24.52 26. 85 51.58 50.51 25.44 26. 04 26. 69 27.00 24.50 26. 10 309. 23
it e/ kg 201770 233020 399440 383840 172730 217420 219160 199050 226020 207 720 2460 170
AL =1 kg 205397 226299 427727 423581 212513 217493 218842 224889 196470 215740 2568915
A B/ % 98.23 97.03 93.39 90. 62 81.28 99.97 99. 85 88.51 84.96 96. 28 95.58
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