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Sunflower LAI Inversion Based on Unmanned Aerial Vehicle
Remote Sensing Data and Machine Learning

YU Hailin'?  LAN Yubin'® LI Jingqian'® YANGA Lei'” CUI Wenhao'*
ZHAO Junsheng® GONG Huihui® ZHAO Jing'*
(1. School of Agricultural Engineering and Food Science, Shandong University of Technology, Zibo 255049, China
2. International Research Center of Precision Agriculture Aviation Application Technology,
Shandong University of Technology, Zibo 255049, China
3. Institute of Industrial Crops, Shandong Academy of Agricultural Sciences, Ji'nan 250131, China)

Abstract: To quickly and accurately ascertain the leaf area index ( LAI) of breeding sunflowers,
unmanned aerial vehicle (UAV) remote sensing data were collected at the budding, flowering, and
maturation phases of the sunflowers by utilizing a multispectral camera and DJI L1 LiDAR lens. The
analysis included the computation of nine multispectral vegetation indices and eight categories of texture
features, alongside the extraction of eight LIDAR feature parameters. By applying the Pearson correlation
coefficient method, four vegetation indices, three texture categories, and four LiDAR features, which
exhibited a high correlation with LAI, were identified for further analysis. The study employed machine
learning algorithms, namely K-nearest neighbor ( KNN ), random forest ( RF ), eXitreme gradient
boosting ( XGBoost ) , and category boosting ( CatBoost) , to develop models for estimating the LAI of
sunflowers. These models were based on singular and combined inputs of vegetation indices, texture
features, and LiDAR feature parameters. The accuracy of these models was evaluated by using the full
terms coefficient of determination (R*) and root mean square error (RMSE). The model that showcased
the highest accuracy, utilizing the CatBoost algorithm in conjunction with a combination of vegetation
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indices, texture features, and LiDAR feature parameters, was selected for inverse estimation of LAI in

breeding sunflowers and subsequent visualization. The findings demonstrated that this combined approach

yielded the best model for LAI estimation across all three stages of sunflower growth, with coefficient of

determination values of 0.93, 0.91 and 0.90, and root mean square error values of 0. 13, 0. 14 and

0. 15, respectively. The research result can lay the groundwork for enhanced sunflower breeding and

precise field management by leveraging advanced remote sensing and machine learning technologies.

Key words: sunflower; leaf area index; UAV remote sensing; feature combination; machine learning;

inversion
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Tab.1 Statistical analysis of sunflower LAI data
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Tab.2 Correlation between different features and LAI

SR WEH FHEH A SR BEH JHEW A
RVI 0. 668 0.526 0. 640 nir-dis 0.475 0.259 0.229
NDRE 0.673 0. 656 0.709 nir-ent 0. 680 0.708 0.333
GNDVI 0.677 0. 698 0.700 nir-sm -0.678 -0.693 -0.307
Cl-rededge 0.616 0. 642 0.716 nir-cor -0.426 0.335 0. 127
Cl-green 0. 625 0. 689 0. 709 H,, -0.933 -0.759 -0.874
LCI 0.768 0.638 0.705 H . 0. 817 0. 808 0. 845
MSR 0.716 0. 550 0. 644 H, oo 0. 830 -0.173 -0.059
MSAVI 0.776 0.280 0. 598 Hoy, 0. 859 0.298 0. 496
0SAVI 0.777 0.577 0. 606 Hy,, 0. 859 -0.242 -0.120
nir-mean 0. 159 0.313 0.181 Foer 0. 880 0. 804 0. 877
nir-var -0.266 0. 478 0.285 Fq -0.758 -0.812 -0.872
nir-hom 0. 643 0.726 0.341 Ry 0. 648 0. 070 0.326

-0.129 0.517 0.293
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Tab.4 Accuracy of LAI estimation model for

sunflowers at budding stage

P FHE YILhsE LAl S
S R? RMSE R? RMSE
A 0. 65 0.23 0. 64 0.30
B 0.57 0.26 0.56 0.33
C 0.85 0.15 0.84 0.20
KNN D 0. 69 0.22 0. 68 0.28
E 0.90 0.13 0.88 0.17
F 0.87 0.14 0.86 0.18
G 0.92 0.13 0. 89 0.12
A 0. 61 0.22 0. 65 0.30
B 0.57 0.26 0.56 0.33
C 0.87 0.14 0.84 0.20
RF D 0.71 0.21 0.67 0.29
E 0.91 0.12 0. 89 0.16
F 0.87 0.14 0. 85 0.19
G 0.92 0.11 0.91 0.15
A 0.79 0.18 0.75 0.25
B 0. 69 0.22 0. 60 0.31
C 0. 89 0.13 0.88 0.18
XGBoost D 0.83 0.16 0.76 0.24
E 0.92 0.11 0.90 0.15
F 0.91 0.117 0.88 0.17
G 0.95 0.09 0.93 0.14
A 0. 80 0.17 0.74 0.26
B 0. 66 0.23 0.58 0.32
C 0. 89 0.13 0.83 0.20
CatBoost D 0.85 0.15 0.75 0.25
E 0.95 0.09 0.92 0.13
F 0.92 0.11 0.90 0.16
G 0.95 0.09 0.93 0.13
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Tab.5 Accuracy of LAI estimation model for

sunflowers at flowering stage

- HHE IZsE BIFLE
4% R? RMSE R? RMSE
A 0. 54 0.31 0.42 0. 36
B 0.54 0.31 0. 44 0.36
C 0. 85 0.19 0.82 0.18
KNN D 0. 60 0.28 0.52 0.33
E 0. 86 0.18 0. 86 0.16
F 0. 88 0.15 0. 83 0.17
G 0. 88 0.18 0.87 0.17
A 0.52 0.32 0. 44 0.36
B 0. 56 0.31 0. 47 0.33
C 0. 86 0.15 0.84 0.19
RF D 0. 62 0.28 0.52 0.33
E 0. 90 0.15 0. 86 0.18
F 0. 90 0. 14 0.87 0.18
G 0.91 0. 14 0. 88 0.17
A 0. 63 0.29 0.55 0.29
B 0. 62 0.28 0. 50 0.34
C 0. 88 0.15 0.85 0.19
XGBoost D 0.73 0.25 0. 66 0.26
E 0.92 0.13 0. 86 0.18
F 0.93 0.12 0. 86 0.17
G 0.94 0.11 0.87 0.17
A 0. 59 0.29 0.51 0.34
B 0. 66 0.27 0.58 0.32
C 0. 85 0.18 0. 82 0.20
CatBoost D 0.72 0.24 0. 062 0.30
E 0. 88 0.16 0. 85 0.19
F 0. 90 0. 14 0.87 0.17
G 0.96 0.09 0.91 0.14
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Tab.6 Accuracy of LAI estimation model for sunflowers at maturity stage

. HFE MRS Lisanis . FEIE PSS IE4E
=R7R (=87
% R? RMSE R? RMSE £ R? RMSE R? RMSE
A 0.55 0.29 0.50 0.31 A 0.65 0.25 0.52 0.31
B 0.42 0.35 0. 46 0.29 B 0.43 0.34 0.32 0.30
C 0. 82 0.20 0.78 0.17 C 0.88 0.15 0.79 0.19
KNN D 0. 60 0.27 0.54 0.31 XGBoost D 0. 67 0.25 0.57 0.29
E 0. 88 0.15 0. 86 0.17 E 0. 89 0.14 0.85 0.18
F 0. 86 0.16 0.85 0.18 F 0.89 0.15 0. 82 0.18
G 0.90 0.14 0.84 0.18 G 0.92 0.12 0. 84 0.17
A 0.58 0.27 0.55 0.30 A 0.57 0.28 0.53 0.31
B 0.41 0.34 0.31 0.34 B 0. 49 0.32 0.37 0.31
C 0. 80 0.19 0.75 0.22 C 0. 87 0.25 0. 84 0.18
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Fig.5 Optimal LAI inversion results of sunflowers at different growth stages
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