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Grain Yield Prediction of Winter Wheat Using Multi-temporal UAV
Based on Multispectral Vegetation Index

CHENG Qian XU Honggang CAO Yinbo DUAN Fuyi CHEN Zhen
( Farmland Irrigation Research Institute, Chinese Academy of Agricultural Sciences, Xinxiang 453002, China)

Abstract; Timely and accurate crop monitoring and grain yield prediction before harvest of winter wheat
are helpful for accurate farmland management and decision-making. Aiming to explore the potential of
multi-temporal vegetation indices ( VIs) extracted from unmanned aerial vehicle ( UAV ) based
multispectral images in the whole growth period of winter wheat and improve the grain yield prediction,
a UAV platform carrying multispectral camera was employed to collect the high resolution images of the
whole growth period of winter wheat under different water deficit states. Different kinds of multispectral
VIs were used to characterize the growth characteristics of winter wheat and the correlations between VlIs
and winter wheat grain yield were analyzed. The multi-temporal VIs were collected to form the data set,
which was used to train the machine learning algorithm. Three algorithms, including partial least squares
regression ( PLSR) , support vector regression (SVR) and random forest regression (RFR) were used to
predict the grain yield of winter wheat. The results showed that with the growth of winter wheat, the leaf
area index (LAI) was changed basically as parabolic, indicating the useful of MTVI2 in remote sensing
retrieval of LAI. Meanwhile, the correlation coefficient between multiple VIs and grain yield was
continually increased to 0. 7 at the end of the filling stage. The linear regression determination coefficient
(R?) between Vs and grain yield also reached the maximum. Moreover, the accuracy of VIs forecasting

grain yield was also continuously improved, because of the multi-temporal VIs reflecting the changing
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characteristics of winter wheat growth. The multi-temporal VIs at the flowering and early stage of filling
had higher accuracy than the VIs at a single growth period. For instance, the R* of PLSR was increased
by about 0. 021 and the R* of SVR was increased by about 0. 015 and the R* of RFR was increased by
about 0. 051. For the multi-temporal vegetation index at the end of filling stage, different models had high
estimation accuracy. The highest R* and RMSE of PLSR were 0. 459 and 1 822. 746 kg/hm”, the highest
R* and RMSE of SVR were 0.540 and 1 676.520 kg/hm’ and the highest R’ and RMSE of RFR were
0.560 and 1 633.896 kg/hm’, respectively. So the RFR trained in this data set had the highest
estimation accuracy and better stability. These findings demonstrated that the proposed approach can
improve the prediction accuracy of grain yield as well as achieve an efficient monitoring of crop growth.
Under water deficit conditions, long-term water deficit had a great impact on the growth of winter wheat at
the filling stage, in turn leading to a decline of winter wheat grain yield. In comparison with normal
quantity of irrigation water, the long-term water deficit caused a decrease in winter wheat production by
about 1/2.

Key words:; winter wheat; grain yield prediction; multispectral vegetation index; unmanned aerial

vehicle
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Tab.1 Vegetation index calculation formula
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Fig.2 Correlation coefficient between vegetation index and yield in different growth stages
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Tab.2 Coefficient of determination between

vegetation index and yield in different growth stages

ES AL A H M
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PPR 0. 161 0.289 0. 081 0.123 P 3 AN [ [m] U A R Ay i 7 ke S R 4K
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Tab.3 Validation statistics of different regression models for grain yield prediction
PLSR SVR RFR
HE 2 RMSE/ MAE/ 2 RMSE/ MAE/ 2 RMSE/ MAE/

(kg+hm ™)  (kg+hm™?) (kg-hm™?)  (kg-hm™?) (kghm ™)  (kg-hm™?)
S1 0.201 2220. 391 1781.903 0.179 2247. 844 1749. 620 0.121 2 320. 945 1848.928 1
S2 0. 405 1914.504 1540. 814 0. 400 1919. 624 1 554.365 0.397 1924.217 1515.2019
S1 +82 0.426 1 880. 096 1521.957 0.415 1 896. 352 1503.371 0. 448 1 840. 500 1446.8179
S3 0.376 1960.245  1578.268 0. 449 1839.541  1494.705 0. 459 1823.742  1478.7414
S1 +8S3 0.379 1 954. 880 1578. 405 0.397 1922.329 1 546.551 0. 486 1778. 100 1432.094 0
S2 483 0.399 1923.071  1542.813 0. 450 1836.143  1485.457 0. 473 1799.508  1446.8475
S1 +82 +8S3 0.414 1 898. 935 1 540.370 0. 460 1 823.038 1457.225 0. 495 1760.515 1411.2005
S4 0. 454 1 829. 691 1 466. 355 0. 540 1676.520 1.343. 839 0. 541 1 668. 267 1342.086 5
S1 + 54 0.438 1 856. 437 1 500. 630 0.453 1825.773 1 460. 182 0. 546 1662.743 1337.3803
S2 +54 0. 442 1847.772  1481.228 0.534 1685.654  1345.959 0.542 1666.032  1344.0133
S3 +54 0. 449 1 838. 468 1 480. 680 0.509 1 729. 620 1 375.947 0. 560 1633. 896 1330.1489
S1 +S82 +54 0.459 1 822. 746 1 489. 984 0.508 1 735. 896 1371. 800 0. 544 1 665. 379 1337.3733
S1 +83 +54 0.431 1 867. 955 1514.049 0.451 1 829. 609 1462.971 0.553 1 648. 364 1335.3659
S2 +83 + 54 0. 455 1827. 151 1 466. 980 0.513 1724.261 1370.410 0. 549 1 655.438 1345.6957
S1 +82 +S3 +54 0. 448 1841.018 1500.714 0. 500 1 748. 636 1387.222 0. 546 1 662. 556 1346.8379
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