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Abstract: Remote sensing provides an effective approach to extract soil information, whereas to construct 
appropriate hyperspectral model is the key for soil property estimation. In this study, the ASD portable 
spectrometer was used to measure hyperspectral reflectance of the soil of subsided mined-land in Jining city, 
China. Spectral reflectance was transformed into its reciprocal, logarithmic, the reciprocal of logarithmic and 
their respective corresponding first-order derivative for sensitive spectral variable extraction with respect to soil 
organic matter (SOM) estimation. By correlation analysis between mathematically transformed spectral 
reflectance and SOM, the absolute values of correlation coefficients of the first derivative at 930 nm achieved 
the maximum correlation coefficient. Through model performance comparison analysis, it turned out that the 
multiple linear stepwise regression model outperformed the simple linear regression model and the model with  
(1 / log (R))' as spectral variables performed best. Its variables obtained high R2 value as 0.965 and low RMSE 
as 0.415. Copyright © 2014 IFSA Publishing, S. L. 
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1. Introduction 
 

Soil is the most important material carrier of 
agricultural production and soil organic matter 
(SOM), which is a mark of soil fertility, is the most 
active part of soil. With the development of remote 
sensing technology, especially the advent of 
hyperspectral remote sensing technology, it provides 
a new way for SOM information retrieval. Zhang et 
al. [1] selected 1400 nm and 554 nm band of the 
spectral reflectance of Fluvo-aquic and paddy soils to 
build stepwise multiple regression model for SOM 
estimation and a coefficient of determination (R2) of 
0.79 was achieved. Lu et al. [2] proved that the 

sensitive bands for SOM estimation were ranged 
between 650 and 750 nm by using correlation 
analysis of different soils in the northeast plain. Xu et 
al. [3] carried out soil spectral reflectance 
measurement along the coastal tidal land area of 
northern Jiangsu province, and indicated that the 
visible wavelengths (400-700 nm), 1400 nm and 
1900-2450 nm from infrared spectral regions were 
the best spectral domain for SOM estimation. Zhou et 
al. [4] and Wang et al. [5] used first order derivative 
values of soil reflectance as variables to build 
multiple linear regression model, which had good 
curve fitting and forecasting ability. Ji et al. [6], and 
Huang et al. [7] adopted partial least squares 
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regression to establish the hyperspectral model for 
SOM estimation, and the model performed with 
independent validation samples. Lu et al. [8] applied 
principal component analysis to build hyperspectral 
model for SOM estimation and could well solve the 
problem of model autocorrelation between 
independent variables. Luan et al. [9], and Shen et al. 
[10] used artificial neural network to establish the 
non-linear prediction model for SOM estimation. 

Different from the above research, this paper 
focused on SOM estimation of subsided mined land 
in Jining city, China, through in situ collecting soil 
hyperspectral reflectance coupled with statistical 
analysis. The objective for this research is to rapidly 
and widely monitor distribution and changes of SOM 
content in subsided mined-land by developing remote 
sensing models. 
 
 
2. Material and Methods 
 
2.1. The Study Area 
 

Jining city is located in the southwest of 
Shandong province, China, covering about 
11000 km2, with temperate monsoon climate. The 
annual average temperature ranges from 13.3 °C to 
14.1 °C and annual average precipitation ranges from 
597 to 820 mm. The city is given priority to plains 
and has rich mineral resources ,especially coal. Ji'er 
coal mine is located in eastern suburb of Jiezhuang, 
Jining, and covers area of 90 km2 coal field. The 
geological reserve is 855.00 million tons while the 
usable reserve is 648.98 million tons. The design 
reserves and the recoverable reserves respectively are 
517.22 million and 347.02 million tons. The main 
soil type of subsided mined-land is loam and the 
wheat is the main crop. 
 
 
2.2. SOM and Spectral Measurements 
 

Thirty-one soil samples with the depth of 0-20 cm 
were collected by using cutting ring in Ji'er subsided 
mined-land in November 2011 and the soil samples 
were put into sealed bags to bring back to the 
laboratory for further processing. After the processes 
of drying and grinding, the collected soil samples 
were divided into two parts. One part was used for 
soil spectral measurement, the other part was used for 
laboratory determination of SOM. In sunny, 
cloudless, windless weather conditions, the spectra of 
treated soil samples was gathered outside by ASD 
Field Spec Pro. The wavelength range of ASD is 
350~2500 nm, the spectral sampling interval is 1 nm 
and the field angle of probe is 25°. The vertical 
distance between probe and soil sample is about 
10 cm, and white reference panel was used for each 
soil sample spectral measurement. Five spectra were 
collected for each soil sample, and the averaged 
spectrum was used for SOM modelling. The method 

of hydrated heat potassium dichromate oxidation-
colorimetry was used to determine the soil organic 
matter content in the laboratory. 
 
 
2.3. Data Preprocessing 
 

Due to the spectra near 1400 nm and 1900 nm 
were strongly affected by water vapor in the 
atmosphere, it’s necessary to eliminate the spectral 
regions around 1351-1415 nm and 1801-1940 nm, in 
addition the spectral region 2401-2500 was also 
removed due to the internal noise of ASD 
spectrometer. As shown in Fig. 1, the water vapor 
and internal noises strongly affected the spectral data 
quality, thus the spectral reflectance after eliminating 
effect of atmospheric water vapor and internal noise, 
see Fig. 2, were used for further analysis and  
SOM modelling. 
 
 

 
 

Fig. 1. The spectral reflectance before eliminating the 
effect of atmospheric water vapor and internal noise. 

 
 

 
 

Fig. 2. The spectral reflectance after eliminating the effect 
of atmospheric water vapor and internal noise. 

 
 

In order to enhance the spectral characteristics 
and establish a quantitative relationship with soil 
organic matter content, the spectral reflectance of the 
treated soil samples will be transform 
mathematically. This research made the following 
mathematical transformations: reciprocal (1 / R), 
logarithm (log (R)), the reciprocal of logarithm  
(1 / log (R)), first order differential (R '), first order 
differential of reciprocal ((1 / R) '), first order 
differential of logarithm ((log (R)) ') and first order 
differential of reciprocal of logarithm ((1 / log (R)) '). 
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2.4. Correlation Analysis 
 

The spectral range of ASD is 350~2500 nm, 
which belongs to visible, near infrared and short 
wave infrared spectral bands. The results of 
correlation analysis between the spectral reflectance 
and its mathematical transforms and the content of 
soil organic matter were shown in Fig. 3. The 
correlation coefficient for spectral reflectance (R) is  
-0.075~0.218, the reciprocal of spectral reflectance 
(1/R) is -0.218~0.12, and the correlation coefficient 
for logarithm (log (R)) is -0.098~0.218, while the 
correlation coefficient of the reciprocal of logarithm 
(1/log (R)) is -0.219~0.082. The absolute values of 
correlation coefficients for original and transformed 
spectral reflectance are less than 0.3, indicating that a 
weak correlation between spectral reflectance and its 
mathematical transformation and SOM content. 

The correlation coefficients between the values of 
first order derivative (R'), first order derivative of 
reciprocal ((1/R)'), first order derivative of logarithm 
((log (R))'), first order derivative of reciprocal of 
logarithm ((1/log(R))') and the SOM content are 
shown in Fig. 4, and the ranges of correlation 
coefficients are shown in Table 1. The maximal 
absolute value of their positive and negative 
correlation coefficients are greater than 0.7. It shows 
that the transformation of first order derivative can 
enhance the correlation between spectral reflectance 
and the SOM content, showing potentials 
hyperspectral modeling for SOM estimation. The 

wavelength of the maximal absolute value of 
correlation coefficient is around 930 nm. 
 
 

 
 

Fig. 3. The correlation coefficient between the value of R, 
1/R, log(R), 1/log(R) and the content of soil organic matter. 

 
 

3. Results and Discussion 
 

3.1. Linear Regression Model Calibration 
 

By correlation analysis, the band of the maximal 
absolute value of R', (1/R)', (log (R))' and (1/log (R))' 
is 930 nm, where each value of the first derivative 
can be regarded as independent variables to build 
simple linear regression models with sixteen soil 
samples. The models are shown in Table 2. As shown 
in Table 2, the simple linear regression model with  
(1 / log (R)) ' as the independent variables is better 
than other models, because its R2 is the largest while 
its RMSE is the least. 

 
 
 

     
 

(a) R′                                                                     (b) (1/R)′ 
 

     
 

(c) (log(R))′                                                          (d) (1/ log(R))′ 
 

Fig. 4. The correlation coefficient between the value of R', (1/R) ', '(log (R)), (1/log (R))' and SOM content. 
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Table 1. The maximums of positive and negative correlation of different transformations and the band positions. 
 

Transformation 
Maximal negative 

correlation 
The band of maximal 

negative correlation/nm 
Maximal positive 

correlation 
The band of Maximal 

positive correlation /nm 
R′ -0.828 930 0.724 2342 

(1/R)′ -0.750 767 0.758 930 
(log(R))′ -0.798 930 0.759 767 

(1/ log(R))′ -0.702 1653 0.828 930 
 
 

Table 2. Simple linear regression models. 
 

Transformation Simple linear regression models R2 AjustedR2 RMSE 
R′ 25.368-16205.333* R′930 0.685 0.663 2.840 
(1/R)′ 26.960+1276.378*(1/R)′930 0.575 0.545 3.301 
(log(R))′ 26.108-4651.248*(log(R))′930 0.638 0.612 3.048 
(1/ log(R))′ 25.192+6753.834*(1/ log(R))′930 0.686 0.664 2.838 

 
 

3.2. Linear Regression Model Validation 
 

Other fifteen soil samples are used to test the 
model by comparing the predicted values and the 
measured values. As shown in Fig. 5, the predictive 
accuracy of the simple linear regression model with 
(1/log (R)) ' as the independent variable 
outperformed the other three regression models 
(R2=0.58, RMSE=2.41). 

 
 

3.3. Multiple Linear Stepwise Regression 
Model Calibration 

 

Multiple linear stepwise regression method will 
choose the dependent variables, which have the 
greatest contribution and meet the requirements for 
the judgment into the regression equation, and 

remove the dependent variables which don’t accord 
with the conditions. In this research, significance 
level at 0.05 and 0.1 was set to choose and remove 
spectral variables. Multiple linear stepwise regression 
models with the values of first order derivative were 
established for SOM estimation (see Table 3 and 
Table 4). The model with (1/log(R))' as variables 
obtained high R2 value (0.965) with low RMSE 
(0.415), which is better than other models (Table 3). 

 
 

3.4. Validation of Multiple Linear Stepwise 
Regression Models  

 

The established multiple linear stepwise 
regression models are validated with 15 soil samples, 
and the predicted values and the measured values are 
compared, shown as Fig. 6.  

 
 

   
 

(a) R′                                                                   (b) (1/R)′ 
 

   
 

(c) (log(R))′                                                        (d) (1/ log(R))′ 
 

Fig. 5. Comparison between the measured value and the predicted value of simple linear regression models. 
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Table 3. The analysis of multiple linear stepwise linear regression models. 
 

Transformation Selected Band R2 AjustedR2 RMSE 
R′ 930,1119,1104,459,2392 0.973 0.959 0.989 
(1/R)′ 930,1119,726,1653,912  0.968 0.953 1.064 
(log(R))′ 930,535,1119 0.900 0.875 1.727 
(1/ log(R))′ 930,1119,459,1104,1654,534,2002 0.981 0.965 0.415 

 
 

Table 4. Multiple linear stepwise regression models. 
 

Transformation Multiple linear stepwise regression models 
R′ SOM=36.367-5678.863*R′930-8113.035*R′1119-5605.344*R′1104-5961.089* R′459-858.594* R′2392 
(1/R)′ SOM=27.700+696.287*(1/R)′930+3634.885*(1/R)′1119-1851.924*(1/R)′726-

3469.439*(1/R)′1653+367.849*(1/R)′912 
(log(R))′ SOM=25.985-3341.905*(log(R))′930+941.421*(log(R))′535-2852.760*(log(R))′1119 
(1/ log(R))′ SOM=33.053+2176.081*(1/log(R))′930+2354.300*(1/log(R))′1119+2685.363*(1/log(R))′459+1679.

853*(1/log(R))′1104-3056.044*(1/log(R))′1654-1759.354*(1/ log(R))′534-191.011*(1/ log(R))′2002 

 
 

   
 

(a) R′                                                            (b) (1/R)′ 
 

   
 

(c) (log(R))′                                                    (d) (1/ log(R))′ 
 

Fig. 6. Comparison between the measured value and the predicted value of multiple linear stepwise regression model. 
 
 

The model with (1/log(R))' as variables achieved 
high R2 value (0.965) and low RMSE (0.324), 
indicating its higher predictive ability than other 
models for SOM estimation in the case study area. 
 
 
3.5. Model Comparison 
 

As shown in Table 2, Table 3 and Table 4, the 
determination coefficients (R2) of all the established 
multiple linear stepwise regression models are greater 
than 0.9. The RMSE maximum and minimum of 
models respectively is 1.727 and 0.415. 
Comparatively, the determination coefficients (R2) of 
simple linear regression models are less than 0.7 and 

the values of RMSE of models are greater than 2. 
This investigation shows the fitting effect of the 
multiple linear stepwise regression models is superior 
to the simple linear regression models. With 
comparing the predicted values and the measured 
values,the values of R2 of multiple linear stepwise 
regression models are much greater than simple 
linear regression models and the values of RMSE of 
multiple linear stepwise regression models are less 
than simple linear regression models for. The 
validation results show multiple linear stepwise 
regression models have better predictive ability than 
simple linear regression models. Further, the multiple 
linear stepwise regression model with (1/log(R))' as 
variables is optimal model being investigated.  
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4 Conclusions 
 

This research further confirmed that hyperspectral 
remote sensing technology can be used to estimate 
SOM content. It shows big potential to estimate SOM 
at mined area or other reclaimed area by high 
resolution remote sensing images in the future. The 
following conclusions can be drawn through  
this study: 

1) Spectral reflectance of soil samples in the 
subsided mined-land has weak correlation with soil 
organic matter prediction. Even though spectral 
reflectance is transformed mathematically into 
reciprocal, logarithm, the reciprocal of logarithm, 
correlation is not obviously enhanced and the 
absolute values of correlation coefficient are less  
than 0.3. 

2) The first derivative analysis turned to be an 
effective spectral variable extraction technique. The 
maximal absolute values of correlation coefficient 
between SOM content and the values of first order 
derivative are greater than 0.7 and the bands of the 
maximums are located at 930 nm. These are different 
from the research of Zhang et al. [1] and Zhou et 
al. [4]. Because the soil physical and chemical 
properties and soil parent materials are not the same, 
the soil spectral reflectance characteristics  
are different. 

3) The simple linear regression method and the 
multiple linear stepwise regression method are used 
to establish the high spectral prediction model for 
SOM of subsided mined-land. The results show that 
the fitting effect and prediction ability of the multiple 
linear stepwise regression model are superior to the 
simple linear regression model. The model 
established with (1/log(R))' as variables whose model 
calibration R2reaches 0.981 and model validation R2 
is 0.965 has the best performance, so it's the  
optimal model. 
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