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Abstract: Accurate and effective yield prediction is essential for wheat breeding, cultivation and field
management. In this study, the multispectral and RGB images of winter wheat during the grain filling
stage were collected from UAV, and 14 spectral traits and 28 morphological traits were extracted as
feature variables. Ten machine learning methods, including linear regression, random forest and neu-
ral network, were used to construct wheat yield prediction models, and the differences between the
models were compared to select the best one. Additionally, machine learning interpretability method
SHAP was introduced to analyze the importance of the feature variables, in order to improve the pre-
diction performance of the model. The results showed that among the 10 machine learning methods
used, the BPNN model had the best prediction performance (=0, 826, RMSE=0.094 t » hm ?).
According to the feature importance ranking determined by SHAP, Anthocyanin Reflectance Index
(ARD and Three-Dimensional Canopy Volume (Volume) had the greatest impact on the prediction

results, accounting for 45. 48% of the total feature importance. After feature selection using SHAP,
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the BPNN model with the best performance was determined based on nine feature variables (+* =0. 865,

RMSE=0. 075 t » hm?). This improved the prediction accuracy compared to the BPNN model using

all features and the pre-analysis method Pearson correlation analysis. Therefore, based on the optimal

yield prediction model, SHAP mechanism can be used to select and analyze the importance of feature

variables, so as to further improve the accuracy of wheat yield prediction.

Keywords: Wheat; UAV imagery; Machine learning; Shapley additive explanations; Yield prediction
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Fig. 1 Experimental design
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B.G.R and N in the equations represent the spectral reflectance of the wheat canopy in blue (450 nm) , green (560 nm), red (650

nm) and near-infrared (840 nm), respectively.
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Table 2 Morphological traits
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Table 3 Yield prediction evaluation of different machine learning models

- %k % Training set M4 Test set
Model r (tR.l\;l];E/z) (t[i/l}[?rf/z) RE rt (tR-I\ﬁ?nE/Z) (t J§/I}/?rf/z) RE
Z e A MLR 0.711 0.110 0.085 0.417 0.628 0.130 0.093 0. 494
K 4R 9 KNR 0.748 0.096 0.068 0. 255 0.707 0.108 0.075 0. 349
LR DT 0.726 0.094 0.071 0.265 0.717 0.109 0.077 0. 362
%[5 RDR 0.738 0.096 0.071 0. 329 0.722 0.108 0.075 0. 349
i fie/N —-F 0115 PLSR 0.828 0.084 0.073 0. 406 0.767 0.102 0.078 0. 435
M B A 2§ T+ XGBoost 0. 855 0.076 0.061 0.126 0. 804 0.090 0. 069 0.223
# 2t hlIEa SMR 0. 892 0.068 0.058 0.189 0. 806 0.090 0.068 0.274
B LR RF 0. 966 0.039 0.054 0.156 0.813 0.086 0.063 0.190
HHEmM AL SVR 0. 863 0.073 0. 066 0.143 0.817 0. 095 0. 069 0.208
5% 22 AL 1% W 4% BPNN 0. 862 0.073 0. 061 0.19 0. 826 0.094 0. 066 0. 265
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Fig.2 SHAP interpretability analysis result
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Table 4 Feature importance ranking of SHAP
e AT A SHAP 4% {H DTk Fib ke
Symbol Feature variable SHAP absolute value Contribution/ % Cumulative contribution/ %
X1 ARI 130. 14 23.94 23.94
X, Volume 117.12 21.54 45.48
X3 Hmean 60. 97 11.21 56.69
X4 CVI 42.5 7.82 64.51
X Clgreen 14.16 2. 60 67.11
X NCPI 14.02 2.58 69. 69
X7 PAI 13. 86 2.55 72.24
X PLA 13.22 2.43 74.67
X H99 10. 62 1.95 76.63
X1 DVI 8.67 1.59 78.22
Xn NDVI 8. 45 1.55 79.78
X2 NIRv 8. 11 1. 49 81. 27
X3 H97 8.07 1.48 82.75
X1 3DPI 7.91 1.45 84. 21
X5 Hmax 7.23 1.33 85. 54
X6 CcC 7.02 1.29 86. 83
X7 PSRI 6.32 1. 16 87.99
X5 SIPI 6.32 1.16 89. 15
X1 H80 6. 14 1.13 90. 28
X 20 HS83 6.12 1.13 91.41

TR L S R AE AR i B SHAP (78 T A 28 4k SHAP LS A T & LBl

Contribution refers to the proportion of the SHAP absolute value of a variable in the sum of SHAP absolute values of all variables.
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Table 5 Analysis of model accuracy with different combinations of features

R ik
Feature group

Il %4 Training set

MR Test set

RMSE/ ,
(t+hm™) (t*hm*) "

MAE/ RMSE/

MAE/

(t*hm™®) (t+hm *)

X, +X, X+ X, +X. X+ X XXX, X XXX XX, 0.861 0,081 0.057 0.845  0.082 0.058
X +X,+ X+ X X X+ X XXX X XXX X 0.866  0.080 0.059 0.847  0.086 0. 060
X +X, X+ X, X X+ XXX X X X, X X 0.869  0.068 0. 060 0.845  0.080 0. 062
X+ X, # XX, X X XX X X X XX 0.872  0.073 0.053 0.847  0.084 0. 062
X, +X,FX, X, XXX, X XX, X X 0.873  0.065 0. 054 0.849  0.081 0.063
X X, X, X, X XXX X X, X, 0.875  0.059 0. 054 0.854  0.078 0. 062
X X, X+ X, X XXX X X, 0.886  0.061 0. 057 0.855  0.078 0. 060
X, X, + X+ X, X XX XX 0.898  0.063 0. 052 0.865  0.075 0.057
X, +X, X, +X, +X,+X,+X,+X, 0.879  0.064 0.053 0.849  0.085 0. 062
X, +X,+X X, X, X, X, 0.862  0.077 0.055 0.845  0.082 0.058
X, +X,+X X, X+ X, 0.868  0.067 0.059 0.829  0.086 0. 064
X, +X,+X,+X,+X, 0.883  0.070 0. 055 0.827  0.087 0.058
X, +X,+X,+X, 0.862  0.073 0.058 0.826  0.094 0. 064
X, +X,+X, 0.802  0.090 0.061 0.754  0.105 0. 081
X, +X, 0.764  0.113 0.065 0.686  0.117 0. 086
X, 0.691  0.100 0.073 0.657  0.118 0. 086
a b c
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Fig. 3 Correlation between measured yield and predicted yield of different models
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Table 6 Prediction analysis of different

feature selection methods

LAY ) RMSE/ MAE/ .
Model ” (ehm®» (t-hm? KE
BPNN 0. 826 0.094 0.066 0. 265
Pearson-BPNN-16 0. 832 0.082 0.065 0. 250
Pearson-BPNN-9 0. 827 0. 083 0.053 0.223
SHAP-BPNN-16 0. 845 0.082 0.058 0.270
SHAP-BPNN-9 0. 865 0.075 0. 057 0.198
3 it
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