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Fig. 1  Distribution and contour map of the soil sampling sites and spectral data measuring sites in the study field
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Table 1  Statistics of soil samples in the study field

5 FEARL fe/MA PN E FHE T e 2 5 R AL
it
Number of Minimum Maximum Mean SD CV
Item
samples (gkg™") (gks™") (gks™") (gks™") (%)
A€/ S
64 5.51 15.57 4.02 25.82
Calibration dataset
IRE WA &/ S
21 9.18 14.77 2.75 18.59
Test dataset
A 4R
85 5.51 15.38 3.75 24.36

Whole dataset
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2 5 A A3 4
R U2 6 T 1 RRAIE 2B 95 07 1 5 4k , )
Number of components RMSECV RMSEP R”
Data transformation ~ Feature selection Variable number
included inthe model
43748 4 All variables 128 4 2.98 2.13 0.4450
: GA-PLS 18 8 2.85 2.06 0.5316
i B
SPA 9 7 2.74 2. 14 0.477 6
Spectral data
UVE 49 6 2.96 1.88 0.599 7
UVE-SPA 5 5 3.24 1.81 0.584 5
A8 4 All variables 128 4 2.98 2.13 0.4450
GA-PLS 15 6 2.71 1.85 0.577 9
NS BT
SPA 4 4 3.11 1. 84 0.597 5
Wavelet analysis
UVE 30 5 2.91 2.13 0.496 3
UVE-SPA 14 6 2.97 2.05 0.518 4
43R5 5 All variables 21 3 2.87 2.15 0.436 4
GA-PLS 8 8 2. 64 1.88 0.649 6
bl e Ty
SPA 4 4 2.84 1.79 0.645 8
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UVE-SPA 3 3 2.93 1.90 0.612 8
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GA-PLS 10 2 2.52 2.09 0.459 7
BN Y .
SPA 4 1 2.74 1.90 0.5122
PCA
UVE 3 1 2.82 1.79 0.594 7
UVE-SPA 2 1 2.93 1.81 0.5535
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Fig. 4 Feature selection of NIRS and features after transformation with different feature selection methods
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ESTIMATION OF SOIL CARBON USING A FIELD AMBULATORY
INFRARED SPECTROSCOPY DEVICE

Shen Zhangquan' *"  Ye Lingbin'?  Shan Yingjie®
(1 Institute of Agricultural Remote Sensing and Information Technology Application, Zhejiang University, Hangzhou 310058, China)
(2 Key Laboratory of Agricultural Remote Sensing and Information System, Zhejiang Province, Hangzhou 310058, China)
(3 Zhejiang Soil and Fertilizer Station, Hangzhou 310020, China)

Abstract To improve accuracy of the prediction of soil carbon using a soil carbon calibration model, feature trans-
formation and feature selection was done to soil infrared reflected spectral ( NIRS) data obtained with a field ambulatory
infrared spectroscopy device in situ. Firstly, feature transformation was done of the soil NIRS data through independent
component analysis (ICA) , principle component analysis (PCA) or wavelet analysis (WA ), and then feature selection
was through uninformative variable elimination (UVE) , successive projection algorithm ( SPA) , uninformative variable
elimination in combination with successive projection algorithm ( UVE-SPA ), and genetic algorithm with partial least
squares regression ( GA-PLS) , separately. And in the end, a soil carbon calibration model was established. Results show
that after the processing, a prediction model, better than subjecting the NIRS data to direct wave band selection in accura-
cy, can be built up, while the combination of the feature selection method with PCA or WA could only achieve some simi-
lar effects to those of subjecting NIRS data to direct wave band selection. Therefore, it is feasible to establish a more relia-
ble soil carbon prediction model through feature transformation and selection with the feature selection method coupled with
ICA of the NIRS data acquired with a field ambulatory device under complicated environmental condition.

Key words Feature transformation; Feature selection; Soil carbon; Field ambulatory measurement; Near-infrared

spectra; Partial least square regression
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