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Abstract: The remote sensing of unmanned aerial vehicle ( UAV) is accurate flexible and fast. It is of
great significance for large-scale agricultural management and water efficiency evaluation to establish yield
estimation model of summer maize based on drone remote sensing. It was reported such an effort for
summer maize in Inner Mongolia by using UAV multi-spectral platform. Six kinds of linear models for the
measured summer maize yield maize as function of various vegetation indices derived at various growth
stages were constructed by using Newton-trapezoidal integral and least squares method. And the threshold
filtering method was used to reduce the influence of soil noise on the accuracy of the model. The results
showed that there were significant differences in the accuracy of the models at different growth stages. In
single growth period the model precision from high to low was ordered as tasseling silking wax maturity

and jointing and the optimal vegetation index was EVI2 ( R* =0.72 RMSE was 485. 46 kg/hm®) . For
most growth periods the superior vegetation index was GNDVI ( R* =0. 89 RMSE was 299. 35 kg/hm®) .
After soil filtration the increase of R” in jointing stage and multiple growth stages was significant. The
correlation coefficient R* was increased to above 0. 87 for the multifertility estimation model based on
vegetation indices GNDVI MASVI2 and EVI2. In summary the UAV yield estimation model can
quickly and effectively diagnose and assess crop growth and yield. The estimation accuracy of the model
in multiple growth periods was better than that in a single one and GNDVI was the optimal model
parameter. The threshold filtering method can effectively improve the estimation accuracy.
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3 R*(n=15)

Tab.3 Comparison of R*( n =15) before and after soil pixel filtration in different growth stages and whole growth stages

NDVI 0.24 0.32 0.63 0.61 0.53 0.55 0.38 0.38 0. 68 0.71
MSAVI2 0.16 0.30 0.69 0.71 0.67 0. 68 0.41 0.39 0.73 0. 88
EVI2 0.18 0.30 0.70 0.72 0. 68 0.69 0.39 0.41 0.79 0.87
OSAVI 0.23 0.28 0.63 0.61 0.51 0.55 0.32 0.31 0. 66 0.70
SAVI 0.22 0.27 0.63 0.63 0. 48 0.52 0.24 0.26 0.62 0.68
GNDVI 0.18 0.31 0.71 0. 68 0. 68 0.70 0.41 0.38 0.77 0. 89
4 RMSE( n =15)
Tab.4 Comparison of RMSE (n =15) before and after soil pixel filtration in different growth stages and
whole growth stages kg/hm’
NDVI 796. 65 825. 14 557.51 664. 42 624. 30 681. 07 722. 80 738. 35 515.97 590. 13
MSAVI2 838. 80 763. 40 505. 54 491.23 523.58 512.30 700. 55 715. 44 476. 98 314.89
EVI2 826.76 766. 05 500. 97 485. 46 511.91 504.77 713.77 703. 31 413.28 322.68
OSAVI 801.28 775.23 554. 64 571.08 638. 67 611.37 754. 35 761. 13 534.79 495. 41
SAVI 808. 08 782.22 551.24 557.53 659. 03 631. 62 796. 15 786. 32 561.94 517.38
GNDVI 830. 65 761.29 487.20 511.83 511.57 498. 89 702. 18 746. 25 435.13 299. 35
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