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Predicting Soil Available Phosphorus by Hyperspectral Regression
Method Based on Gradient Boosting Decision Tree

Jin Xiu, Zhu Xianzhi, Li Shaowen”, Wang Wencai, Qi Haijun
School of Information & Computer, Anhui Agricultural University, Hefei, Anhui 230036, China

Abstract Based on the previous studies, visible near-infrared hyperspectral (350-1700 nm) data of 193 samples
from sandy ginger black soil in northern Anhui province are firstly used to optimize the nine models by combing the
nonlinear and linear kernel functions. Then, model combination and secondary optimization are performed via three
integrated learning algorithms based on the random forest, boosting tree, and gradient boosting decision tree
(GBDT). Four single models, including partial least squares of Sigmoid function, linear support vector regression,
radial basis support vector regression, and support vector regression of Sigmoid function, are selected and combined
by model comparison. After optimization of the integrated algorithms, it is found that the prediction results of the
GBDT algorithm are optimal. The determination coefficient of the GBDT algorithm is 0.86, which is 17.8% higher
than that of the single model, and the relative analysis error coefficient is 2.55, which is significantly improved from
grade B to A. The GBDT algorithm not only improves the accuracy, but also has low overfitting degree and good
generalization performance. Therefore, the GBDT algorithm can be combined with the advantages of multiple
models and improve the accuracy of the prediction results of soil available phosphorus through hyperspectral model
integration.
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Table 1 Statistical parameters of soil available phosphorus content

Type Sample Max /(mg -+ kg ') Min /(mg -+ kg ') Average /(mg * kg') Standard deviation /(mg * kg™ ")
Total 193 34.96 0.03 10.56 9.36
Training 144 34.96 0.03 10.94 9.49
Testing 49 32.24 0.60 9.01 8.99
0.55 0.55
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g g
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Fig. 3 Hyperspectral reflectance of soil
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Table 2 Testing results of optimal single model

Training set
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Modeling method - - - - ) Parameter
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Table 3 Results of multi-model combination

Training set

Testing set

Prediction level

Ensemble method - " - " Parameter
frep R’ S reD R* (tcsting set)
Random forest 2.10 0.84 2.08 0.84 A R, cimators 3 R max depts =D
R n_estimators = SOO ’ R learning_rate = 001 [}
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Fig. 6 Results of different model integration algorithms. (a) Results of random forest based on modeling set; (b) results of

random forest based on testing set; (c) results of boosting tree based on modeling set; (d) results of boosting tree

based on testing set; (e) results of GBDT based on modeling set; (f) results of GBDT based on testing set
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