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Abstract 
 In the study, Vis-NIR hyperspectral imaging technique was investigated for non-destructive 
determination of soil moisture content. A total of 208 spectral information of soil samples by hyperspectral 
imaging system were collected. The differences between soil's moisture content and spectral changes were 
compared. Different methods of spectral data preprocessing methods, characteristic wavelengths extraction, 
and building models had influences on the performance of model established. Results from this investigation 
demonstrated that the reflectivity of soil spectrum were declining with the increase of soil moisture content. 
Once soil moisture content reached the limit of the field water holding capacity, the reflectivity of soil 
spectrum were increasing with the increase of soil moisture content. The methods of different pretreatment 
were analyzed, and the pretreatment method of normalization of unit vector was proposed. The number of 
characteristic wavelengths extracted by the method of uninformative variable eliminate (UVE), competitive 
adaptive reweighted sampling (CARS), beta coefficient (β), successive projections algorithm (SPA) were 49, 
30, 5, 7, respectively. In order to reduce data redundancy, characteristic wavelengths extracted by the method 
of UVE and CARS were further extracted by SPA method. The number of characteristic wavelengths 
extracted by the method of UVE + SPA and CARS + SPA were 5, 8, respectively. The MLR model built 
based on the characteristic wavelengths extracted by the β coefficient was chosen as the best model, which of 
the optimal characteristic wavelengths were 411, 440, 622, 713, 790 nm, respectively. The correlation 
coefficient (Rp) and the root mean square error (RMSEP) for prediction set were 0.979 and 0.763, 
respectively. Therefore, it is feasible to predict soil moisture content using hyperspectral imaging technique. 
 

Introduction 
 There are many water problems, such as shortage of water resources, the contradiction 
between supply and demand of water, which have become one of the important factors in 
restricting the sustainable development of economy in China. According to the statistics, a total of 
water resources every year in China was 2.8 trillion m3 and ranked the sixth in the world (Qiu 
2014). The contradiction in water supply and demand is particularly prominent and has been 
becoming a key factor of Ningxia Hui Autonomous Region’s economic and social sustainable 
development and ecological environment evolution (Feng et al. 2006). 
 Soil moisture is an important parameter as the basic conditions of crop growth and 
development and forecasting model of crop’s yield. The soil moisture not only has a direct 
influence on the growth of crops, but also some influences on the microclimate and soil 
mechanical properties (Liang et al. 2022). Soil moisture, as one of important natural components 
of soil, affects not only soil physical properties that contain bulk density, void and permeability, 
but also the nutrient dissolution and transportation and microbial activity of soil. The type of 
irrigation used here is not only a serious waste and low efficiency, but also easy to cause soil’s 
secondary salinization (Zarabi and Jalali 2012). Therefore, it is of great practical significance for 
agricultural production to monitor surface soil moisture content, to determine the reasonable 
irrigation system, and reduce the occurrence of secondary salinization in soil. 
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 Traditional monitoring soil moisture content methods are often invested through fixed-point 
of the field that has many shortcomings, such as time-consuming, strong soil destruction, less 
measurement points, and poor representation. At present, soil moisture content is measured by 
physical means that apply moisture molecules to quantify sample’s characteristics, and mainly 
contain microwave monitoring (William et al. 2023, Bao et al. 2007, Qiao et al. 2006), thermal 
infrared monitoring (Wu et al. 2013), optical monitoring (Zhang and Li 2004,Yao et al. 2004). 
Due to different inversion moisture content methods in soil, the inversion effect is also very 
different. 
 A new spectral detection technology, named hyperspectral imaging technology, commonly 
used onboard or satellite borne imaging hyperspectral data sources(Galvao et al. 2008, Selige etal 
2006, Gomez etal 2008). The partial least squares method was used to predict soil moisture content 
through Hyperion images, but results showed that the inversion accuracy of soil moisture content 
was very low (Zhang 2010). Hyperspectral imaging technology was used to invert the soil 
moisture content and adopt a variety of stoichiometric methods for analysis (Wei 2009). The 
relation between spectral reflectance and moisture content in soil surface was analyzed and 
achieved a good accuracy (Liu et al. 2004, Liu et al. 2011). The spectrum changes between 
moisture and salt in soil had a strong effect, and moisture content in soil was limited for different 
degrees of salinized soil (Liu et al. 2013). The studies above showed that the information 
extraction of soil moisture content based on hyperspectral imaging technology has practical 
feasibility, and achieves good results for relationship between different moisture content and 
spectrum of soil, which provide a method guidance and technical support for soil moisture 
monitoring. However, these methods are mostly as the research object of non-salted soil, and the 
effects of soil salinity on moisture and spectrum have not been considered to cause difficulty of 
application in arid areas. 
 The purpose of this study was to develop a hyperspectral imaging technique to predict soil 
moisture content. Because a hyperspectral image provides both spatial and spectral information, it 
is constructed in a three-dimensional data format with very high spectral redundancy. Thus, 
preprocessing methods and informative wavelengths selection are typically necessary to eliminate 
redundant variables and reduce noise in hyperspectral images. The specific objectives of this study 
were to (1) acquire the soil spectral responses using a region-based segmentation technique from 
hyperspectral images, (2) build a quantitative model between spectral data and measured moisture 
values of soil using chemometrics techniques, (3) obtain the informative wavelengths, (4) develop 
a prediction model of soil moisture content with the wavelengths selected, (5) evaluate the 
performance of the prediction model built through robustness and accuracy. 
 

Material and Methods 
 The experiment of this study was conducted in 2016 in the surrounding area of Yinchuan City. 
The diversity of soil types is well suited for development of agricultural production and growth of 
various economic crops. 

1. The 250 ml was taken in 11 beakers and was placed 100 g air dried soil in it. The soil salt 
content is less than 0.01% that means non-saline soil. Among 11 samples, one sample was treated 
as a control and the others samples were experiment groups and immediately sealed with a cling 
film. In order to ensure data accuracy, each soil sample was first carried out hyperspectral imaging 
and then weighed. The experiment lasted continuously 12 days. 
 2. Soil samples were collected with 3 cm diameter soil drilling in the experiment area, and 
each sample point that a total of four soil samples took depth of 0~10, 10~20, 20~30, and 30~40 
cm soil was on the basis of S-line sampling. 100g soil was put into the sampling bag and number 
was sealed.  
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 3.  30g weight of dry soil was filled with dry aluminum box and smoothed soil surface with a 
straight ruler. A gradient of 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14ml of moisture was injected, 
different gradient soil moisture content were obtained, such as 3, 6, 10, 13, 16, 20, 23, 26, 30, 33, 
37, 40, 43, and 46%, respectively. The images of each sample were collected by hyperspectral 
imaging system and analyzed by Envi4.6 software. 
 4. A total of soil from undisturbed soil collected dry soil and loam in different sampling points 
and areas was 208 samples, which were used to attain images using hyperspectral imaging 
technology and measure the moisture content of soil by a halogen fast analyzer. The spectral 
features of soil images were extracted by Envi4.6 software to built the regression model using 
Unscrambler 10.4 software and Matlab R2014a software.  
 Soil samples were collected from depth 0-40 cm and kept in plastic bags in a manner to 
prevent soil moisture evaporation. The soil's moisture content is calculated using the weight 
moisture content formula (Wu 2017):          

                        %100(%)
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 Where M is the moisture content of soil, m1 is the original soil sample quality; m2 is the mass 
of dried soil samples. 
 The CCD device in the hyperspectral imaging system attains noise and useful information on 
account of illumination distribution, different shapes, and existence of dark current. Hence, 
hyperspectral images obtained must be corrected. The original hyperspectral images (R0) should 
be corrected based on black and white reference images, which will reduce the influence of 
illumination and the dark current of the camera. In this study, the acquired images were corrected 
using the following equation (Wu 2017): 
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 Where R is the corrected hyperspectral image in a unit of relative reflectance (%), R0 is the 
original hyperspectral image, D is the dark image for which there is almost no reflection, W is the 
white reference image that is almost total reflection.  
 The acquisition parameters of images include motor speed, exposure time, and object 
distance. For Vis-NIR hyperspectral imaging, the proper speed of the translation stage, exposure 
time, and object distance were set to 200 mm/s, 30 ms, 360 mm, respectively.  
 The samples were laid in a defined queue on the plate to be scanning by the hyperspectral 
imaging system. To conduct spectral data extraction from each subsample in the hyperspectral 
image, the region of interest (ROI) function of ENVI v4.6 software was used to isolate the 
subsample in different types of soil. The data analyses are conducted using the Unscrambler 10.4 
software and Matlab R2014a software.  
 

Results and Discussion 
 In order to obtain a certain gradient moisture content of each sample, eleven samples’ initial 
soil moisture content were controlled 30%. The changes in moisture content and hyperspectral 
imaging spectra of samples on 1, 2, 3, 4, 5 and 12 days were measured and the results were shown 
in Figs 1 and 2. 
 It can be seen from Fig.1 that soil moisture content is gradually reduced along time increasing 
until the moisture content of the dried soil is reached at 0.3%. The decline rate of moisture content 
in the first day is larger than that of other days.  
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 Along with time increasing, the changes between soil’s moisture content and spectral exist a 
rule (Figs 1 and 2). The main reason is the evaporation free moisture of soil which enters directly 
the atmosphere from the soil surface from the first day to the second day. From the second day to 
the fifth day, the soil moisture mainly evaporates from the deep soil to the surface soil, and then 
into the atmosphere. Based on the theory of mass transferring, there is a gas film between the air 
and the surface soil, which existed a certain resistance that the process of mass transferring can’t 
be ignored, as a result, the evaporation rate became slower and the average daily decreased by 
2.6% per day. From the 5th day to the 12th day, soil's moisture content decreased from 17.7% to 
0.3%.  
 

 
 

Fig. 1. Hyperspectral imaging system and data cube. 
 

 
Fig. 2 Variation of soil moisture in different days. 
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 In the experimental area, the spectral reflectance of different soil content in tree and field are 
shown in Fig. 3. It can be seen from Fig.3 that the decreases with the increase of the depth of the 
soil (10, 20, 30, 40 cm). The absorption between moisture molecules and the spectrum appeared a 
phenomenon that the less moisture molecules, less spectral absorption and the higher the 
reflectivity in the wavelength range of 400~1000 nm. It can be seen from Fig. 4 that the reflection 
spectra of dry soil and loam are different in different bands, which is also consistent with the 
conclusion (Wei 2009). The moisture content of the soil in the 10-30 cm soil followed the law of  

 
Fig. 3. Soil spectrum curves for different days (400-1000 nm). 

 

 
 

Fig. 4. Hyperspectral curves of soils at different depths (400-1000 nm). 
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 “soil's moisture content increases along with the reflectivity decreases” (Figs 3 and 4), which was 
consistent with the results of Wei Na (2009). While the reflectance of the soil in the 40 cm field 
increased, mainly due to the moisture content of the soil in the 40 cm field exceeding moisture 
capacity of the field, soil surface will appear a moisture film, hindering the absorption of moisture 
molecules in the soil, increasing the spectral reflectance value, resulting spectral reflectance value 
increases along with the increase of moisture content of soil. This also provides the basis for the 
qualitative diagnosis of soil's moisture content in the future. 
 From the Fig. 5, the original spectral curve existed a serious baseline drift phenomenon in the 
wavelength range of 400~1000nm. As there is the phenomenon of baseline drift, so it is essential 
to take a pretreatment for the original spectral data. 
 

 
 

Fig. 5. Average spectra of dry soil and loamy soil (400-1000 nm). 
 
 It can be seen from Table 1 that the maximum and minimum values of the prediction set are 
within the range of the calibration set, and both of the average value is 5.98% and the variance of 
calibration set is almost as same as predication set. 
 It can be seen from Table 2 that the PLSR model of original spectra differed significantly 
from PLSR models of different pretreatment spectra. Comparison of the models of original 
spectrum and 24 types of pretreatment spectra, the area normalization and mean normalization 
method were optimized and has same effect. Therefore, area normalized pre-treatment spectrum 
was chosen in the wavelength range of 400~1000nm. 
 In order to reduce the data processing capacity, the feature wavelengths were extracted from 
the area normalized spectrum in 400~1000nm. Different extraction important wavelengths 
manners were employed, such as β coefficient, uninformative variable eliminate (UVE), 
successive projections algorithm (SPA), competitive adaptive reweighted sampling (CARS) in 
Fig.6. Table 3 shows the results of the comparison of different characteristic wavelength extraction 
methods. 
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Table 1. Determination of soil moisture content. 
 

Sample set NO. Maximum value (%) Minimum value 
(%) 

Average value 
(%) 

Variance 
(%) 

Calibration set 156 11.21 1.15 5.98 3.59 
Validation set 52 10.77 1.43 5.98 3.6 

 
Table 2. PLSR model of different pretreatment spectral (400-1000 nm). 
 
Types  PCs RC RMSEC RCV RMSECV RP RMSEP 

Original spectrum 3 0.951 1.109 0.947 1.15 0.944 1.186 
3 points of smoothing 2 0.946 1.16 0.944 1.187 0.947 1.147 

5 points of smoothing 2 0.946 1.161 0.943 1.187 0.947 1.145 
7 points of smoothing 2 0.946 1.161 0.943 1.188 0.947 1.143 
9 points of smoothing 2 0.946 1.161 0.943 1.188 0.947 1.143 

3 point of Gaussian filtering 6 0.972 0.842 0.968 0.903 0.96 1.053 
5 point of Gaussian filtering 3 0.95 1.113 0.947 1.153 0.943 1.187 
7 point of Gaussian filtering 3 0.95 1.115 0.947 1.155 0.943 1.186 

3 point of median filter 3 0.951 1.112 0.947 1.152 0.943 1.188 
5 point of median filter 3 0.95 1.12 0.946 1.16 0.943 1.189 

7 point of median filter 3 0.949 1.124 0.946 1.165 0.943 1.186 
3 point of 3 convolution of smoothing 3 0.951 1.11 0.947 1.151 0.944 1.187 
5 point of 3 convolution of smoothing 3 0.951 1.111 0.947 1.152 0.944 1.187 

Area normalization 5 0.984 0.637 0.982 0.672 0.979 0.764 
Unit vector normalization 1 0.965 0.943 0.964 0.955 0.965 0.965 

Average normalization 5 0.984 0.637 0.982 0.672 0.979 0.764 
Maximum normalization 2 0.963 0.964 0.962 0.985 0.96 1.027 
Threshold normalization 2 0.959 1.016 0.957 1.042 0.953 1.095 

First order derivative 3 point convolution 4 0.967 0.917 0.957 1.039 0.137 4.322 
First order derivative 1 point convolution 4 0.97 0.872 0.958 1.03 0.356 4.761 

Second derivative 3 point convolution 7 0.931 1.31 0.891 1.628 -0.763 15.84 
Second order derivative 1 point 
convolution 

5 0.95 1.117 0.912 1.472 -0.837 14.32 

SNV 6 0.98 0.705 0.972 0.84 0.979 0.808 
MSC 6 0.978 0.749 0.969 0.886 0.977 0.839 

OSC 3 0.969 0.882 0.965 0.945 0.955 7.708 
 

 From Table 3, as the UVE and CARS methods extracted more characteristic wavelengths, the 
SPA method is used to further extraction feature wavelengths in order to reduce the data 
redundancy in the400~1000nm. The number of characteristic wavelengths extracted by UVE 
reduced from 49 to 5, and the number of characteristic wavelengths extracted by CARS reduced 
from 30 to 8. The number of the characteristic wavelengths by PLSR and SPA methods extracted 
was 5 and 7. 
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Fig. 6. Spectral curves of all samples of dry soil and loam. 
 

 
Fig. 7. Different characteristic wavelength extraction method (400-1000 nm). 

 

     In order to optimize the models of the characteristic wavelength, MLR, PCR and PLSR 
methods were used to compare the different characteristic wavelengths extracted. The results were 
shown in Table 4. From Table 4, compared with the MLR, PCR, PLSR model, the MLR model of 
the same type of characteristic wavelength of extraction manners is superior to the others models 
established. 
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Table 3. Comparison of different characteristic wavelength extraction methods. 
 

Wavelength/nm Feature wavelength 
extraction method 

NO. The band or wave number of Extraction  

400-1000 βcoefficient 5 411, 440, 622, 713, 790  

UVE 49 1, 2, 6, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22, 23, 24, 
25, 26, 27, 28, 29, 36, 37, 59, 60, 61, 62, 63, 64, 65, 66, 67, 
72, 90, 111, 112, 113, 114, 115, 116, 117, 118, 119, 120, 
121, 122, 123, 124 

CARS 30 9, 17, 21, 23, 24, 27, 31, 35, 37, 38, 39, 40, 55, 56, 59, 65, 
72, 85, 86, 90, 93, 94, 97, 100, 109, 110, 112, 114, 120, 
121 

SPA 7 2, 3, 9, 16, 28, 44, 122 
UVE+SPA 5 7, 23, 28, 38, 49 
CARS+SPA 8 4, 5, 6, 12, 17, 21, 26, 30 

 
Table 4. Comparison of different model of extracted characteristic wavelengths (400-1000 nm). 
 

Method Type PCs RC RMSEC RCV RMSECV RP RMSEP 

MLR 

β coefficient — 0.981 0.706 0.979 0.728 0.979 0.763 

UVE — 0.992 0.542 0.98 0.721 0.98 0.711 

CARS — 0.992 0.492 0.988 0.562 0.97 0.878 

SPA — 0.977 0.789 0.974 0.82 0.971 0.875 

UVE+SPA — 0.973 0.847 0.97 0.871 0.963 0.972 

CARS+SPA — 0.971 0.889 0.967 0.92 0.969 0.892 

PCR 

β coefficient 2 0.966 0.926 0.965 0.946 0.965 0.959 
UVE 2 0.968 0.9 0.967 0.919 0.962 0.993 
CARS 1 0.964 0.923 0.963 0.963 0.965 0.942 
SPA 2 0.965 0.933 0.964 0.955 0.963 0.972 
UVE+SPA 1 0.965 0.936 0.964 0.947 0.966 0.927 
CARS+SPA 3 0.97 0.875 0.968 0.901 0.968 0.894 

PLSR 

β coefficient 5 0.981 0.692 0.979 0.726 0.979 0.763 
raw 5 0.984 0.637 0.982 0.672 0.979 0.764 
UVE 2 0.968 0.896 0.967 0.916 0.963 0.989 
CARS 1 0.965 0.945 0.964 0.957 0.966 0.941 
SPA 3 0.973 0.824 0.97 0.866 0.972 0.846 
UVE+SPA 1 0.965 0.934 0.965 0.946 0.966 0.926 
CARS+SPA 3 0.97 0.873 0.968 0.903 0.968 0.891 

 

 In summary, the MLR model of the characteristic wavelength of the β coefficient extraction is 
preferred in the 400-1000 nm. The predicted correlation coefficient is 0.979 and the RMSE of the 
mean square error is 0.763. 
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 In this paper, soil moisture content was measured by Vis-NIR hyperspectral spectroscopy 
(spectral range400~1000nm). The soil's moisture content and spectral variation were measured 
and compared along with different days. The results show that the reflectivity of the spectral curve 
decreases with the increase of soil moisture content, and the reflectivity of the spectral curve 
increases with the increase of soil's moisture content when it increases beyond the field moisture 
holding capacity.  
 The method of different pretreatment is analyzed and the optimal pretreatment method that is 
area normalization was obtained. The characteristic wavelengths are extracted by different 
manners in the wavelength range of 400~1000nm, and the number of characteristic wavelengths 
extracted by the UVE, CARS, β coefficient and SPA methods is 49, 30, 5 and 7, respectively. In 
order to reduce the data redundancy, feature wavelengths extracted by UVE and CARS manners 
were further extracted by SPA manners. The number of characteristic wavelengths extracted by 
UVE + SPA and CARS + SPA was 5 and 8, respectively. On the basis of this, the MLR, PCR and 
PLSR methods were used to establish the model based on the characteristic wavelengths extracted 
in 400~1000nm. The MLR model of the characteristic wavelengths extracted by β coefficient was 
chosen. The optimal characteristic wavelengths are 411, 440, 622, 713, 790 nm, respectively. The 
correlation coefficient predicted of optimal model was 0.979 and the RMSEP is 0.763. Therefore, 
soil moisture content can be quantitatively analyzed in different bands in future. 
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