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Multi-source Remote Sensing Data Fusion and Machine Learning in Multi-scale
Winter Rapeseed Applications in Biomass Monitoring and Yield Forecasting

Yang Yang' Chen Yiqing' Lou Kexiang' Xiao Slrlengnan2 Ren Yilin'
(1. College of Engineering, Huazhong Agricultural University, Wuhan 430070, China
2. College of Plant Science and Technology, Huazhong Agricultural University, Wuhan 430070, China)

Abstract; Rapeseed is one of the important oil crops in China, and accurate biomass estimation can
improve the prediction accuracy of rapeseed yield, which plays an important role in formulating
reasonable planting strategies and increasing yield. In view of the high cost, poor timeliness and limited
spatial scale of traditional manual monitoring of rapeseed biomass and yield, a multimodal feature fusion
framework of remote sensing data, meteorological data and machine learning was proposed to achieve low-
cost, large-scale and high-precision monitoring of biomass and yield. By integrating UAV high-resolution
images, totally 599 sets of field biomass measured data, 327 sets of yield data and daily meteorological
data, a multi-dimensional feature space containing vegetation index and texture features was constructed
to construct a field-scale biomass prediction model. Then, the yield prediction model was constructed by
using the output of the biomass model and field-scale feature data as inputs, and the optimized machine
learning model was used in the multi-dimensional feature space generated by the fusion of satellite remote
sensing data and county-level meteorological data to achieve yield prediction at the county level. The
results showed that the biomass prediction model based on XGB got the best R* (0. 788 8) , and the mean

square error of the yield prediction model based on random forest, which took the biomass prediction
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value as one of the key feature data, was 0. 135 3 t*/hm*. Finally, the model was extrapolated to eight

districts and counties in Jingzhou City, the largest rapeseed growing city in Hubei Province, and achieved

an average accuracy of 72% (up to 91.97% ) under complex conditions that did not rely on biomass

truth value and high county heterogeneity. Finally, under the dual challenges of multimodal data fusion

and scale migration, high-precision, high efficiency and low cost field-scale and county-level rapeseed

biomass monitoring and yield prediction were realized, which provided an effective reference for regional

crop monitoring.

Key words: rapeseed; aboveground biomass; yield; multi-source remote sensing; scale fusion; machine

learning
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Tab.1 Remote sensing data acquisition situation
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Tab.2 Field meteorological data
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. 252 ¥ A bR B/C  B/mm ERY]
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1011.33 195.75 2023 4E2 A 17 H

912.09 152.85 2024 4E1 A8 H
K B (30.5°N,114.4°E)
1074.18 407.74 2024 43 A3

KM C (30.5°N,114.4°E) 686.79 177.09 2023 43 H7 H

x3 HAMNTEXESKHE
Tab.3 Meteorological data of various districts and

counties in Jingzhou City
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Fig.3 Field remote sensing data processing
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Fig.4 Proposed process for multiscale rapeseed biomass monitoring and yield prediction

integrated multimodal remote sensing data fusion and machine learning algorithms
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Correlation analysis between various characteristic information and AGB
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Tab.4 Training results of modeling for monitoring AGB of rapeseed
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Fig.6 Correlation analysis between various characteristic information and rapeseed yield
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Tab.5 Training results for predicting rapeseed yield

L] 3=2] piERS ML 4R

HL TR R? MSE/(t* -hm ~*) MAE/(t-hm %) R? MSE/(t* +hm ~*) MAE/(t-hm ~?)
RF 0. 895 4 0.0313 0.1413 0.5387 0.1283 0.2862
HGBT 0. 809 1 0.057 2 0.1843 0.4732 0.170 4 0.354 4

ET 1 0 0 0.494 2 0.1368 0.2896
XGB 0.8553 0.0420 0.157 1 0.4885 0.169 0 0.3316
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Tab.6 Results of hyperparameter optimization in XGB model
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Tab.7 AGB monitoring and yield prediction results of rapeseed in various districts and counties of Jingzhou City

T S AR 1T B/ AGB &/ J T {E AGB gt/ i 95894 Pish o =NV

KHA hm? (t+hm~?) (t+hm~?) kt kt kt

IR X 15 000 2.878 1.797 29.935 26.952 35.251
VI 4000 2. 866 1.601 8.599 6. 406 7.955
TR 2 24 000 3.764 1.542 75.383 37.017 67. 505
LA 23750 4. 880 1. 653 115.919 39.274 49. 502
N B 39970 2. 880 1.799 115. 142 71.923 119. 737
HE T 20 700 2. 886 1. 689 59. 648 34.971 50. 629
W F 78 800 2.873 1.831 222.200 144. 245 156. 837
Mt 29 600 2.932 1. 809 72.912 1 53.544 86. 648

JE o FRI M A DXL FROORS B2 43 53 Sy < RN X 76. 46 % B A M

YT 80.53% JI.Ws H. 54.84% WA TH 79. 34% |
B 60.07% AT 69.07% Wi F T 91.97% |
LT 61.79% |, BAKKTEELY 12% , i — X 8 X
S0 O 5 S8 T AT K Kk AR G 4 B
Wi MO R Bk 3] 0. 949, 3 W B R 7E 4% X H 8] Y
P HE YRR G 25 R B s LA iR D, T
A AE RO B B AT S A e . A
e  AGB B O GE it B, il S AGB Wi A5 AU
A Ry 7 g F0I ) o () A8 g, HAR B 45 SR R SR T

A, H

3.3.2 BT ArcMap KX 38 19 0 4% 2 I g

hE W R R A B WO E & 2R, R
ArcMap Xf 25 BEHE A7 Al AL S i . 5T AGB Wi %%
Pt 55 77 a5 0 A AR 1 S v L (1 T) o, Tl SE AGB
e oI AR — 8, 2L MM, D
AGB S [ (B Te) Ry, w8 ik i 24 2 B W R
AT AGB AN X Vb T X VTR B AGB #&
1o 31X 5 4 DX BT Ak KT T S R AR AT e X B
T BR 5 UIAH O < i o 38 8 i oo 3T AR KPR



%154 Wt . RET 2008 B Al A S AL 5 2T 0 2 RUBE AT S8 A6 o S 00 R 7 T A Y 265
Zz 111°36'0F 112°48/0'F, H400EE 7 111°36'0E 112°48/0'F, H400EE 7 111°36'0E 112°48'0'E H4°00EZ
SLoN =0~6405 26952~39274 {3 SEN =0~7954 35250~50628 1 % Sk N =0~11465 ~  ©59746~90343 12
S1OA . =6405~26952 #39274~71923 |L F| A g, ~7954-35250 =50628-86048 |3 S1OA PUILLGooRTHORI0I ST I J0R o
S =71923~144245|% R =86648~156837| ™ & : = 115904~226416| &
z £ = £ = =
1= t S B Y ST =]
of 12 2[ 2 5l 12
2 R 3 ] 3 &

0 40 80 £ 0 40 80 £ 0 40 80 £

| 5= P ia™ = |y =

111°36'0F. 112°48'0'F. 114°0" O'EE“. 111°36'0F. 112°48'0'F. 114°0’ O’Eg 111°36'0"F. 112°48'0'F. 114700’ Eg,
(a) 5 TR (b) = & ELILAH (c) AGBFll

P 7 50 A R M T A XL S

Fig.7 Inversion maps of various districts and counties in Jingzhou City based on predicted values
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