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Table 1 Statistics of available iron and organic matter contents in soil
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Table 2 Statistics of organic matter contents in different types of soils
e A i b K bl 5 5 R
Soil types Number of Meafl Mlnlmjlm Max1mﬁum . o (o)
samples (gkg") (gkg") (gkg™")
Lt b e 3 63.87 57.88 73.56 8.47 13.26
Mountain brown soil
Ly A 34 66.89 12.35 150.94 30.27 45.25
Mountain yellow-brown
soil
Lyl 25 38 2 49.75 35.28 64.23 20.47 41.14
Mountain yellow soil
1Ly B 2T 4 8 57.41 28.90 86.94 19.24 33.52
Mountain yellow-red soil
[IIEE¥ae: 143 22.43 4.80 100.54 14.15 63.10

Mountain red soil
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Fig. 2 Reflectance (a) and continuum removal spectral curves (b ) of mountain red soil in soil organic matter content
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Table 3 Statistics of soil organic matter contents
TIEA PR A FEAL H{H f/ME S ONI! . "
_ _ . ) iz 22 A5 R HL
Soil organic matter content Number of Mean Minimum Maximum
: . . : SD CV (%)
classification (g kg™ ) samples (gke™) (gke™) (gke™)
<10 21 7.61 4.80 9.88 1.44 18.93
10~ 20 54 15.67 10.02 19.74 2.94 18.78
20 ~ 30 42 24.89 20.37 29.40 2.55 10.24
30 ~ 40 16 34.02 30.55 39.71 3.26 9.57
> 40 10 61.10 40.09 100.54 18.45 30.19
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Fig. 3 Correlationsof reflectance and its variation spectra with

soil organic matter and soil available iron content
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Fig. 4 Scatter plot and binomial equation of organic matter
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Fig. 5 Comparison between models of Partial Least Squares Regression ( PLSR) (a, ¢ ) and Radial Basis Function (RBF) (b, d)

in prediction of soil organic matter content and available iron content
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Composite-Model-Based Indirect Reversion of Soil Available Iron Spectrum of
Forest Soil in Lushan

XIE Wen ZHAO Xiaomin' GUO Xi YE Yingcong LI Weifeng WANG Xiaoyan ZHANG Jiajia
( Key Laboratory of Poyang Lake Watershed Agricultural Resources and Ecology of Jiangxi Province, Jiangxi Agruicultural

University /College of Forestry, Nanchang 330045, China)

Abstract [ Objective] As iron is one of the nutrient elements essential to plant growth, the content
of soil available plays an important role in evolution of forest environment. The technology of hyper-spectral
remote-sensing ( RS ) provides a new means for determination of soil physical and chemical components in
laboratory. [Method] In this study, the relationship between soil organic matter and available iron was used
to predict the content of available iron in soil indirectly. Besides the traditional single factor prediction model
has its own limitation. In order to solve the problem of errors with the single-factor model, this study brought
forth a composite model to improve accuracy of the prediction of soil organic matter contents in forest soils at a
regional scale with the Vis-NIR spectrum technique. A total of 190 soil samples were collected from the 0 ~ 20
cm soil layers of the forests typical of Lushan region in Jiangxi Province. An ASD FieldSpec3 spectrograph
diameter equipped with a high intensity contact probe was used to measure original spectral reflectance of
the samples in line with standard procedure of the laboratory conditions, and mean while, the soil samples
were analyzed for physical and chemical properties. Out of the 190 soil samples, 143 were picked out as
samples for modeling and the remaining 47 verification ones. [Result] The results showed that a significant
positive correlation was found between the contents of soil organic matter and soil available iron, and then
the binomial model can be built. Based on the results of spectral inversion of soil organic matter content,
the contents of soil available iron were retrievable indirectly. Among the spectral inversion models, based on
the full band (400 ~ 2450 nm ) of soil spectra in this study, PLSR ( Partial Least Square Regression ) of the
optimal linear fitting model and RBF ( Radial Basis Function ) neural network of the nonlinear fitting model
were selected to form a combination to figure out arithmetic mean weight coefficients and to project an optimal
combination model based on squared, reciprocal and entropy weight coefficients. Accuracies of the predictions
of soil available iron content were evaluated by root mean squared error ( RMSE,) , ratio of partial deviation

(RPD ) and determination coefficients ( R*) . Results show that the combination model is superior to the
two separate models in prediction accuracy. Among the combination models, the entropy weight coefficient
combination model is the best, with determination coefficient ( R*) in verification model, root mean squared
error (RMSE[,) and ratio of standard deviation of determination to standard deviation ( RPD ) of the soil
organic matter prediction being 0.81, 11.54 g kg™' and 2.18, the soil available iron indirect prediction
being 0.70, 21.60 mg kg™" and 1.77, respectively. The combination model is able to make use to a maximum

margin of various information of the samples for prediction, reduce effectively the impacts of random factors
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in using single prediction models, enhance prediction stability and raise prediction capability of the models.
[ Conclusion] All the findings of the study demonstrate that it is feasible to in directly predict soil available
iron contents in forest soils by making use of hyper-spectral RS data. In the end, it can be concluded that the

combination model can play a pretty good role in predicting soil organic matter content and indirect predicting

soil available iron content.
Key words Soil spectrum; Prediction of soil available iron; RBF neural network; Partial least squares

regression (PLSR ) ; Combination model
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