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Prediction Method of Soil Available Phosphorus Using Hyperspectral Data
Based on PLS — BPNN

QI Haijun' LI Shaowen' KARNIELI Arnon®> JIN Xiu' WANG Wencai'
(1. College of Information and Computer Science, Anhui Agricultural University, Hefei 230036, China
2. Jacob Blaustein Institutes for Desert Research, Ben — Gurion University of the Negev, Sede Boger 84990, Israel)

Abstract; Soil available phosphorus ( AP) is supposed to be an important nutrient constituent for the
growth and development of crops. Hyperspectral analysis has proven to be a rapid and effective means for
quantitatively predicting soil AP, which has a good prospect benefit from the narrow bandwidth and the
high resolution. However, the existence of multicollinearity and redundant considerably leads to
overfitting of the regression model and decrease of the generalization ability. A total of 145 lime
concretion black soil samples collected from the Northern Anhui Plain, China, were used as research
objects to investigate the prediction performance of the back-propagation neural network ( BPNN) based
on the partial least square regression ( PLS — R) algorithm. The PLS — R was applied to conduct
dimensionality reduction and feature selection on the soil visible and near infrared hyperspectral data
ranging from 400 ~1 000 nm with 339 wavelengths. Five latent variables (LVs) were obtained by the
leave one out cross-validation, and nine optimal wavelengths were selected by the variable importance in
projection ( VIP) scores. The BPNN regression models were built with the input of the five latent
variables (LVs — BPNN) , the nine optimal wavelengths ( VIPs — BPNN) , and the whole wavelengths
(Ws — BPNN ), respectively. The ratio of performance to deviation ( M,,, ) and the ratio of the
interpretable sum squared deviation to the real sum squared deviation ( Mg, sr) were selected to evaluate
the prediction accuracy and explanatory power of different regression models, respectively. As a result,
the prediction accuracies of three BPNN models outperformed the PLS — R model significantly; the VIPs —
BPNN model achieved similar performance ( M,,, was 2.05, My, was 0.79) as the Ws — BPNN
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model (M,, was 2. 09, My, s was 0. 85) of the validation set, while the M, was decreased obviously
from 10.27 (Ws —BPNN) to 2. 66 ( VIPs —BPNN) of the calibration set; the LVs — BPNN model gained
the highest prediction accuracy as M,,, was 2.29 of the validation set, even though the M« was
slightly decreased to 0. 76. The results illustrated that the PLS — BPNN models could significantly reduce

the degree of overfitting and improve the generalization ability; moreover, the LVs — BPNN model could

improve the accuracy of predicting soil AP.

Key words: soil available phosphorus; spectral analysis; regression algorithms; data dimensionality

reduction ; variable selection
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Tab.1 Descriptive statistics of soil available phosphorus

mg/kg

WOk PR B ROME P KM

R IE % 102 18. 41 13.49 4.50 12. 60 56. 10
I FE A 43 18.24 15.79 4. 40 9.20 56. 10
LUREA 145 18.36 14.17 4.40 11.05 56. 10
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Fig.2  Spectral reflectance of soil samples
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Tab.2 Model performance of different methods
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PLS-R 303 1.62 0.62 1.51 0.74 B 5 LVs
Ws — BPNN 303 10. 27 0.92 2.09 0. 85 A
LVs— BPNN 303 3.10 0. 86 2.29 0.76 A 5 LVs
VIPs — BPNN 9 2.66 0. 80 2.05 0.79 A VIP 154y KF 1.5
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