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Fig. 1 Distribution of moisture content maize seed samples
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Fig. 2 Near infrared spectra of maize seed samples
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Table 1 Modeling results of different preprocessing methods for prediction model of moisture content in maize seed
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Table 2 Comparison of prediction effect of four models
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Fig. 6 Loss function of the testing set of four models
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Fig. 8 Test results five times by stacking model
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Content in Maize Seeds Based on Ensemble

Learning and Near Infrared Spectroscopy

YANG Lin',ZHANG Lin' and YE Zehui*
(1. College of Electronic Information and Electrical Engineering, Shangluo University, Shangluo Shaanxi 726000, China;
2. Shaanxi Shangdan Gaoxin School, Shangluo Shaanxi 726000 ,China)

Abstract Traditional chemical methods for measuring moisture content in maize seeds are complex in
process,long in time and high in cost etc. ,a fast and nondestructive method for predicting moisture
contents in maize seeds was proposed in this paper based on ensemble learning algorithm and near in-
frared spectroscopy. In this study,320 maize seeds of 8 varieties such as ‘Shannke 97 were collected
by near-infrared spectroscopy ( Antaris [I , Nicolet, USA). Partial Least Squares Regression (PLS)
method was used to compare and analyze the pretreatment effects of Savitzky-Golay(SG) and combi-
nation of four spectral pretreatment methods on NIR spectra of maize seeds. It is found that combina-
tion of Savitzky-Golay method with multiple scattering correction method has the best denoising
effect. Competitive adaptive reweighting algorithm (CARS) was used to extract feature wavelengths,
and the cumulative contribution rate of the first seven spectral features was over 92%. GBDT(Gradi-
ent Boosting Decision Tree), RF (Random Forest), XGB (or XGBoost, Extreme Gradient Boosting)
was used as the basic model,and Stacking was used as a fusion strategy to build a stacking ensemble
learning model. After pretreatment, the first 7 principal components were extracted as feature vec-
tors,and the moisture content of these seeds was obtained by direct drying method as labels. Four
prediction models for moisture content in maize seeds were trained respectively,and the performance
indicators of the four models were compared and analyzed. After 2 163 times training,the prediction
correlation coefficient R} of the stacking ensemble model was 0. 939 1,and the relative analysis error
PRD was 2. 91. The results showed that the stacking ensemble model ensemble the advantages of GD-
BT,RF and XGB models,with high precision,good convergence characteristics and strong generaliza-
tion ability,thus providing a new idea for fast and nondestructive determination of moisture contents
in maize seeds.

Key words Maize seeds; NIRs; Ensemble learning; Stacking; Moisture content
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