202646 f | A I R A= 1 5§57 % 511 )

doi:10.6041/j. issn. 1000-1298.2026. 11. 025

ZIRERS|SREIERM A B H B E =B

1,2 S 1,2 . 3,4 1,2 1,2
- BIXE L B H % FEF

(1. Arpfnlh o2 T2F B, BRI 4300705 2. Al b R4 V0 i T it Al 26 4% 1 L 36 =, 2RI 4300705

3. R4 O IR OR) A T TR SE G =, B AT 1001935 4. p E AL KR IR S S F B, bt 100193)

FEE : IR R A ERE T RHEY 2 —  H o 7= 5 7= 0 o 0 00 X AR T 2 ATl Al AR e A B R A W e TR T
A0 A TR S X I S B R T R AR RS B2 B AR 22 R A B B R AL B 2 AR ST A Y )
R A S AR L B S B R R R A L 2R R 2 R R RS R R KB A R Y SR B 5 R A T TR T AE e
TEMCELAL b, 1A 6 Flb 25 M B 45 2 ST BT, R G0 1T Al AN [R)A5E 2 R AN [) 250 90 8 20 45 76 il 3 53 7™ 5 7™ 30 0 o g
g2 5, SRR, 1B IS R RO R A AT B A R T o 2 A T — B R R S R R, B — R
AN FE BB G540 T R R0 — B0tk SRE . N RV B 5 40 4 78 BT A BT EL o % B0 1 A8 18 4 — SRR - BB
G AR AL, R OAUE B A, s RN AR MA U E RS 2RI AE KRR SRR DER LW E
Y 2 R T S B R B R TR A B B LR, A7 T P, CatBoost 3% B & 4 (R® N 0.679 RMSE K
0.269 t/hm’ MAE 3} 0. 194 t/hm®) ; 4 7= 0 | Cubist 22 3 5% 4% (R® 7 0. 952 RMSE 3 9. 42 kt MAE 7 5. 00 kt) ,
TSR S A R AE =S | 44T B S WIE SR B, APPRBLNZERR S IR ERME S 6 WS
Bl 2% > 7 %, BR A A% Fed ot DXl RU 2 3i i 507 5 7 LIS B2, Sy i S 7 2 M 00 A A ol 4 B R oA AL T AR o 2
P PR AL TR S BR SE

KR M ZUWRBUE; B ST BUNELR; W LS 035
FESES: TPT9 XEEFRIRAD: A XEHES: 1000-1298(2026)11-0292-11 OSID . ‘E-,¥

Prediction of Canola Yield and Production by Fusing Multisource
Remote Sensing and Meteorological Data

CHEN Jiang'®> LIAO Qingxi'® XU Beibei’* LIAO Yitao'> WAN Xingyu'
(1. College of Engineering, Huazhong Agricultural University, Wuhan 430070, China
2. Key Laboratory of Agricultural Equipment in Mid-lower Yangtze River,
Ministry of Agriculture and Rural Affairs, Wuhan 430070, China
3. State Key Laboratory of Nutrient Use and Management, Betjing 100193, China
4. College of Resources and Environmental Sciences, China Agricultural University, Beijing 100193, China)

Abstract.; Canola is one of the most important oilseed crops worldwide, and accurate prediction of its
yield and total production is of great significance for food and edible oil security assessment, agricultural
production management, and bioenergy potential analysis. To address the limited sample size in canola
yield and production prediction, as well as the lack of systematic evaluation of production modeling and
multi-source information synergy, county-level canola yield and total production data were collected, and
multi-source remote sensing and meteorological big data were integrated to develop a collaborative
prediction framework for canola yield and total production. On this basis, six tree-based machine learning
models were employed to systematically evaluate the performance differences among models and data-
source combinations in predicting canola yield and production. The results demonstrated that the joint use

of remote sensing and meteorological data consistently outperformed single-source inputs for both yield and
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production prediction, with this advantage showing strong consistency and robustness across different tree-

based model structures. For yield prediction, CatBoost achieved the best performance (R® =0.679,
RMSE =0.269 t/hm’, MAE =0. 194 t/hm”) , whereas for production prediction, Cubist performed best
(R>=0.952, RMSE =9.42 x 10’ t, MAE =5.00 x 10’ t). The spatial patterns of the predicted yield

and production were generally consistent with the observations. Overall, the results indicated that the

integration of multi-source remote sensing and meteorological information with tree-based machine learning

methods can effectively improve the accuracy of regional-scale canola yield and production prediction.

The research result can provide reliable technical support for canola yield monitoring, precision

agricultural management, and harvest scheduling decisions for agricultural machinery.

Key words: canola; multisource big data; yield; production; prediction model; tree-based machine

learning
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Tab.1 Validation indicators of canola yield prediction

under different input data combinations
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Fig.4 Validation scatter plots of canola yield predictions from different tree-based models
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