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Abstract. Soil moisture controls the exchange of energy between the land surface and the atmosphere and 

is a significant factor affecting plant growth and productivity. Hyperspectral monitoring of soil water 

fraction could provide a theoretical basis for real-time estimation of spatial and temporal variations in soil 

moisture. To quantitatively evaluate the hyperspectral monitoring of soil moisture content (SMC): the 

SMC and its corresponding spectral reflectance were measured in the laboratory. In addition, the original 

spectral data was pre-processed by single and multiple transformations to study the effect of spectral 

preprocessing methods on the quantitative evaluation of soil moisture. The successive projections 

algorithm (SPA) was used to extract the corresponding wavelengths of soil moisture and the spectral 

monitoring model was established by using the partial least squares (PLS). The results show that (1) SMC 

and spectral reflectance show an obvious negative correlation, and the spectral reflectance gradually 

decreases with the increase of SMC. (2) Appropriate pretreatment methods can improve the correlation 

between SMC and spectral reflectance and improve the accuracy of the SMC monitoring model, of which 

T19 (R2 + SNV + FD) is the best spectral pretreatment method. (3) The optimal SMC monitoring model 

is T19-SPA-PLS (R2v = 0.986, RMSEv = 1.824, RPD = 8.239). This study provided a reference for 

spectral data processing and an effective method for the accurate estimation of SMC using hyperspectral 

remote sensing. 

Keywords: soil moisture content, multivariate statistical analysis, spectral features, partial least 

squares, remote sensing 

Introduction 

Soil surface moisture plays an important role in the exchange of water and heat 

energy between the land surface and the atmosphere (Shepherd et al., 2002). Soil 

moisture content (SMC) is an important factor affecting crop growth and development 

as well as an indicator of drought stress (Yuan et al., 2019). Real-time accurate 

determination of soil moisture is extremely difficult as traditional approaches cannot be 

used on such a large scale under field conditions (Zhang et al., 2020). Soil hyperspectral 

technology is characterized by a huge amount of information, fast operation without 

damaging and pollution concerns; and is preferred in soil water content estimation 

(Zeng et al., 2017; Yu et al., 2017; Cai et al., 2018). Monitoring SMC on different 

spatial scales is of great significance for formulating scientific and reasonable irrigation 

plans, realizing efficient utilization of water resources, and to improve crop yields with 

efficient irrigation systems (Hasan., 2014). 
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Hyperspectral techniques could be used to monitor SMC as there is a strong 

correlation between soil moisture content and hyperspectral reflectance (Qi et al., 2017). 

To be more precise, spectral reflectance will decrease with the increase of soil moisture 

content within a certain range (1400~1900 nm range). Based on the excellent 

correlation between soil moisture and spectral reflectance, many studies have 

established soil moisture monitoring models (Sanchez et al., 2014; Brosinsky et al., 

2014). However, the accuracy of these soil moisture monitoring models is still needed 

to be improved (Yuan et al., 2019). It is pertinent to mention here that spectral data 

collection is often affected by instrumental errors, environmental changes, and 

extraneous factors (Liu et al., 2004). Therefore, it is imperative to preprocess the 

spectral data before modeling to improve the accuracy of the model (Xu et al., 2016; 

Wu et al., 2020). The common soil spectral pre-treatment methods mainly include 

smooth denoising, normalization, first-order derivative and multivariate scattering 

correction, and so on (Rinnan et al., 2009). The use of spectral pretreatment methods 

can in turn improve the accuracy of monitoring models (Guo et al., 2014; Wu et al., 

2018). It has been proved that the spectral pretreatments and the combination of 

appropriate calibrated models can generally make a positive contribution to the 

predictive model (Li et al., 2014). By contrast, there is no single or combined of pre-

processing method suitable for all different soil situations (Dotto et al., 2018). 

Therefore, exploration of different preprocessing methods before model calibration can 

provide a new perspective for the improvement of model accuracy (Zhang et al., 2014; 

Wang et al., 2017). 

Soil texture and type can have a significant impact on the accuracy of soil moisture 

content monitoring models. He (2006) showed that soil type can seriously affect the 

reflectance of soil spectra because different types of soils have different 

physicochemical characteristics. For example, sandy soils have greater spectral 

reflectance than loamy soils. Lu (2018) showed that the accuracy and stability of the 

SMC prediction model improved as the soil particle size became smaller. Many studies 

have shown that it is difficult to analyze the effect of SMC on spectral reflectance when 

mixing different types of soils for a study (Liu et al., 2014). Therefore, in order to avoid 

the influence of factors other than SMC on the spectral properties of soils, the spectral 

reflectance of different soil moisture contents was measured under laboratory conditions 

in this study with a single soil type as the study object. In this study, we adopted a 

variety of pretreatment methods to transform the original spectral data and then used 

SPA to extract the characteristic wavelength of the preprocessed spectral data. Finally, 

we constructed PLS models of SMC on the full spectrum and on the characteristic 

wavelengths, respectively. The main objective of this study was to explore the best 

spectral pre-treatment method to achieve accurate monitoring of SMC. 

Materials and methods 

Soil sample collection and moisture treatments 

The soil samples were collected from Jinzhong City, Shanxi Province, China 

(37.6874° N, 112.7527° E). The soil is calcareous yellow-brown soil developed from 

loess parent material with a medium soil fertility (Wang et al., 2016). The soil was 

collected from 0 – 20 cm depth, homogenized, passed through a 2 mm sieve, and finally 

dried in an incubator at 105 °C for 24 h. Briefly, 10 soil samples of 100 g each were 

placed inside a box (diameter of 9 cm and a height of 2 cm). After its surface is scraped 
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flat, distilled water is slowly injected into the soil until soil saturation is achieved. 

Afterward, the soil samples were placed at room temperature to allow water evaporation 

naturally. Spectral information of soil samples was recorded regularly during the air-

drying process and soil moisture content was determined on a gravimetric basis. A total 

of 120 soil spectral data were collected and we divided them into the calibration set 

(n = 80) and the validation set (n = 40). 

 

Determination of soil moisture content 

To avoid the error caused by water evaporation, the water content of the soil samples 

was estimated immediately after the soil spectral reflectivity data was collected. The 

SMC is expressed by θ and is calculated as follows: 

 

  (Eq.1) 

 

where W0 is the total weight of the dried soil sample and the black plastic box; W1 is the 

weight of the black plastic box, and W2 is the weight of the plastic box and the soil 

sample during air drying. 

 

Spectral measurements 

Spectral reflectance of soil was measured by using a Field Portable Spectrometer 

(ASD FieldSpec.3) inside a dark room. Figure 1 shows the soil samples and experimental 

equipment. The device has a band range of 350~2500 nm, with a sampling interval of 1.4 

nm (350~1000 nm) and 2 nm (1000~2500 nm): and a resampling interval of 1 nm, with a 

total of 2,151 bands. The light source of the spectrometer is a 50 W halogen lamp. When 

measuring the soil spectral reflectance, the light source was 30 cm away from the surface 

of the soil sample, and the zenith angle of the light source remained 15°. The sensor of the 

spectrometer was located 10 cm above the surface of the soil sample, the whiteboard 

calibration was carried out before each soil spectrometric determination. During the 

collection of spectral reflectance of soil, the frequency of our collection of spectral 

reflectance decreases as the moisture content of the soil decreases. When the SMC is 

high, the soil spectral reflectance is measured every 4 h because the water evaporates 

more quickly. When the SMC is low, the soil spectral reflectance is measured every 8 h 

because the soil evaporates more slowly. We set the scan time for a spectral curve to 5 s. 

While determining the spectral reflectance, four angles were measured for each soil 

sample. After an angle is determined, the soil sample was rotated 90 degrees to measure 

the next Angle, and therefore 10 spectral curves were collected from each angle. After the 

removal of abnormal soil spectra, the collected spectral data was averaged and processed 

as the final spectrum of the soil sample. 

 

Spectral data preprocessing and analyses 

We used ViewSpecPro software to remove outliers, rectify spectral breakpoints, and 

normalize the spectral data. Moreover, the Unscrambler X 10.4 software was used to 

preprocess spectral data, Matlab 2018 software was used to extract characteristic bands 

and establish models, and finally, the data was mapped using Origin 2021 software. 

Before the use of the spectral data, the spectral edge with low signal-noise ratio 

(350~399 nm and 2451~2500 nm) affected by the internal noise of the spectrometer was 

eliminated, and then the original spectral data were preprocessed with 20 methods in 
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total, including conventional mathematical transformation, standard normal 

transformation (SNV) and First derivative (FD) as shown in Table 1. 

 

 

Figure 1. Spectroscopic equipment and soil samples 

 

 
Table 1. The list and details of different methods used during preprocessing of soil spectral 

data 

Shortened form Pre-processing method Shortened form Pre-processing method 

T0  T10  

T1  T11  

T2  T12  

T3  T13  

T4  T14  

T5  T15  

T6  T16  

T7  T17  

T8  T18  

T9  T19  

R is the original spectral reflectance 

 

 

The introduction of the partial least squares method 

Partial least squares (PLS) is a powerful multivariate statistical tool that has been 

widely used in many fields. PLS is an effective statistical method, which can compress a 

large number of related spectral data into several uncorrelated principal components, and 

mainly solve the regression problem from multiple dependent variables to multiple 

independent variables. It is especially suitable for the situation where the variables in the 

prediction matrix are more than the observed values, and the values of independent 

variables exist multicollinearity. Studies have shown that the PLS0 method can establish a 

linear equation between soil properties and spectra, and successfully use laboratory or 

field spectra for soil spectral analysis and soil characterization (Xu et al., 2020). 



Yan et al.: Performance of pretreatments and multivariate method on the hyperspectral estimation of soil moisture content 

- 2721 - 

APPLIED ECOLOGY AND ENVIRONMENTAL RESEARCH 20(3):2717-2732. 

http://www.aloki.hu ● ISSN 1589 1623 (Print) ● ISSN 1785 0037 (Online) 
DOI: http://dx.doi.org/10.15666/aeer/2003_27172732 

© 2022, ALÖKI Kft., Budapest, Hungary 

Statistical analyses and model evaluation parameters 

The determination coefficient (R2): root mean square error (RMSE): and relative 

percent deviation (RPD) were selected to evaluate the prediction accuracy of the model. 

The values of R2 reflect the stability of model establishment and subsequent 

verification. The closer R2 to 1, the better the model is stable and has a higher fitting 

degree. By contrast, the smaller RMSE values represent the better predictive ability of 

the model. Finally, the RPD also reflects the predictive ability of the model. If 

RPD < 1.4, the stability of the model is poor; if 1.4 ≤ RPD < 2, the model can make a 

rough assessment of the samples; if RPD ≥ 2, the model can make a good prediction of 

the samples (Guo et al., 2014). 

Results 

Descriptive statistical analysis for the SMC 

In this study, a total of 120 samples were collected, and the samples were sorted from 

high to low based on the value of SMC, and then, we divided the calibration set and 

validation set by 2:1. As shown in Table 2, the number of samples in the calibration set 

was 80, including the maximum and the minimum values of SMC with 65.1% and 

0.1%, respectively. The number of validations set samples was 40, the maximum value 

of 65% while, the minimum value of 0.3%. In addition, the correction coefficient (CV) 

of the calibration set and validation set were 73.7% and 74.6%, respectively. Since the 

data distribution of SMC is relatively uniform and the share of data in the calibration set 

is 2/3, the range, minimum, maximum, mean, SD, and CV values of the calibration set 

and the total sample are basically the same. The validation set, on the other hand, has a 

smaller number of samples, 1/3 of the total sample, and therefore exhibits slight 

differences in SD and CV data between the calibration set and the total sample. The CV 

of SMC is exceeded 36%, which indicates a high dispersion of SMC values. 

 
Table 2. Statistical characteristics of the SMC 

 Samples range Min Max Mean SD (%) Skewness Kurtosis CV 

Calibration set 80 65.0% 0.1% 65.1% 20.1% 14.839 0.765 0.207 73.7% 

Validation set 40 64.7% 0.3% 65.0% 20.1% 15.028 0.836 0.566 74.6% 

Total sample 120 65.0% 0.1% 65.1% 20.1% 14.839 0.779 0.259 73.7% 

SD is the standard deviation. Range represents the difference between the maximum and minimum 

values. Min. and Max. express the minimum value and maximum value of soil moisture content, 

respectively 

 

 

Spectral response on SMC 

Figure 2 shows the spectral curves of soils in different moisture ranges. It can be 

seen that there are three distinct absorption valleys near the 1400 nm, 1900 nm, and 

2200 nm bands of the spectral curve, respectively. The absorption valley near the 

1900 nm band is the largest, while the absorption valley near the 2200 nm band is the 

smallest. Moreover, with the increase of SMC, the absorption valley near the 2200 nm 

band became gradually less obvious. In addition, it can be seen that the spectral 

reflectance shows a gradual decrease as the soil moisture increases, and it decreases 
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sharply when the soil moisture range increases from 0~15% to 15~30%. It can be seen 

that the change in reflectance in the visible band (400-780 nm) is significantly smaller 

than that in the NIR band (780~2450 nm). And in the visible band, the spectral 

reflectance tends to increase significantly with the increase of wavelength, and the slope 

of the spectral reflectances decreases continuously with the increase of the soil moisture 

range. 

 

 

Figure 2. Soil hyperspectral reflectance curves under different soil moisture ranges 

 

 

Correlation between soil spectral reflectance after pretreatment and soil moisture 

content 

Figure 3a shows the correlation between the spectral reflectance and SMC after 

different pretreatments in the band of 400 nm to 2450 nm. Figure 3b shows the position 

of the highest correlation between the spectral reflectance and SMC with different 

pretreatments. It can be seen from Figure 3 that the original spectral reflectance (T0) 

shows a significant negative correlation with the SMC, and its maximum absolute 

correlation coefficient (MACC) with SMC is 0.901. The MACC after T4 pretreatment 

was -0.838, which was significantly lower compared to the MACC of the original 

spectral reflectance with SMC. However, the MACC between the spectrum reflectance 

under other Pretreatment methods and the SMC improved to varying degrees. Among 

them, the MACC of spectral reflectance and SMC after T19 pretreatment showed the 

largest increase, with the MACC value of 0.991. It can be seen from Figure 3b that the 

MACC values of spectral reflectance and SMC after different pretreatments were 

distributed in three ranges, 1313~1495 nm, 1763~1943 nm, and 2188~2416 nm, 

respectively. As shown in the soil spectral reflectance curve in Figure 2, there are three 

obvious moisture absorption valleys in these three band ranges, therefore, these three 

bands must have a strong correlation with SMC. 
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Figure 3. Correlation of spectral reflectance with SMC after different pretreatments 

 

 

Establishment of SMC models based on the full spectrum. 

With different pretreatment methods, we constructed full-spectrum PLS monitoring 

models for SMC, respectively. The models’ performance were presented in Table 3. It 

can be seen that the accuracy of the SMC monitoring model decreases after applying the 

four classical mathematical variants from T1 to T4, as well as after applying FD 

preprocessing based on T1 to T4 (T11~T14). However, the accuracy of the SMC 

monitoring model improved after applying SNV preprocessing (T5): FD preprocessing 

(T10): SNV + FD preprocessing (T15): and applying SNV preprocessing based on 

T1~T4 (T6~T9). In addition, the accuracy of the SMC monitoring model improved after 

applying FD preprocessing based on T6~T9 (T16~T19). Comparing the SMC 

monitoring models constructed after applying different pretreatments, we can conclude 

that the SMC monitoring model constructed by applying the T19 pretreatment method 

is the best (R2v = 0.987, RMSEv = 1.704, RPD = 8.819). To clearly show the PLSR 

model performance for SMC, the scatter plots and fitting lines of measured and 

predicted values for SMC were represented in Figure 4. As seen from the validation 

results, the data points in the scatter plot are near the 1:1 fit line, and the fit lines of the 

calibration and validation sets largely overlap with the 1:1 fit line. It indicates that the 

T19-PLS model has excellent monitoring ability for SMC. 

 

Analysis of spectral variable selection results based on SPA 

To screen out the characteristic wavelengths of SMC and further build the SMC 

monitoring model with lower complexity, as shown in Figure 5, SPA was used to 

screen the characteristic wavelengths under different pretreatments. It can be seen that 

the characteristic wavelengths under T0~T9 pretreatments are mainly distributed in four 

regions, which are 400~715 nm, 1256~1596 nm, 1799~1985 nm, and 2139~2278 nm, 

respectively. however, the characteristic wavelengths under T10~T19 pretreatment are 

mainly distributed in 402~585 nm, 805~1089 nm, 1805~1950 nm, and 2161~2278 nm. 

The reason for this phenomenon may be that T10~T19 applied the FD method, which 

led to the enhancement of the spectral features in the NIR short-wave region. 
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Table 3. Performance of SMC models constructed by using the full spectrum 

Model types 
Calibration set Validation set 

R2c RMSEc R2v RMSEv RPD 

T0-PLS 0.943 3.520 0.954 3.318 4.529 

T1-PLS 0.845 5.815 0.735 11.080 1.356 

T2-PLS 0.907 4.504 0.886 5.410 2.778 

T3-PLS 0.930 3.907 0.953 3.258 4.613 

T4-PLS 0.920 4.170 0.937 3.831 3.923 

T5-PLS 0.981 1.998 0.983 1.944 7.730 

T6-PLS 0.981 2.007 0.973 2.482 6.055 

T7-PLS 0.974 2.376 0.977 2.265 6.635 

T8-PLS 0.978 2.177 0.981 2.094 5.175 

T9-PLS 0.983 1.936 0.983 1.943 7.734 

T10-PLS 0.941 3.568 0.960 2.979 5.045 

T11-PLS 0.936 3.741 0.908 5.262 2.856 

T12-PLS 0.954 3.149 0.917 4.396 3.416 

T13-PLS 0.927 3.991 0.932 4.066 3.696 

T14-PLS 0.942 3.544 0.943 3.615 4.160 

T15-PLS 0.988 1.617 0.979 2.149 4.157 

T16-PLS 0.972 2.462 0.953 3.814 3.940 

T17-PLS 0.989 1.538 0.982 2.009 7.480 

T18-PLS 0.983 1.943 0.981 2.058 7.302 

T19-PLS 0.999 0.517 0.987 1.704 8.819 

R2, RMSE, and RPD represent the determination coefficient, root means square error, and residual 

prediction deviation, respectively 

 

 

 

Figure 4. Relationships between measured values and predicted values of SMC by using the 

T19-PLS model 
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Figure 5. Results of characteristic wavelengths filtered by SPA 

 

 

Establishment of SMC monitoring models based on characteristic wavelengths 

Based on the above feature wavelengths screened using SPA under different 

pretreatments, we constructed SMC monitoring models based on the characteristic 

wavelengths, and the performance of these models is shown in Table 4. It can be seen 

that the accuracy of the T1-SPA-PLS, T2-SPA-PLS, T11-SPA-PLS, T13-SPA-PLS and 

T14-SPA-PLS models decreased compared with the T0-SPA-PLS model. However, the 

accuracy of all other models improved to different degrees, with the T19-SPA-PLS 

model having the highest accuracy (R2v = 0.986, RMSEv = 1.824, RPD = 8.239). 

Figure 6 is a scatter plot of the fit of the predicted and measured values of the T19-

SPA-PLS model, from which it is clear that the performance of the T19-SPA-PLS 

model is outstanding. The fitted lines of the calibration and prediction set largely 

overlap with the 1:1 fit line. Comparing the models built from the full spectrum and the 

models built based on the characteristic wavelengths, it can be seen that T19 is the best 

spectral preprocessing method. Comparing the accuracy of the T19-PLS model and the 

T19-SPA-PLS model, it can be found that the accuracy of the two models is almost the 

same. However, compared to the model complexity, the T19-SPA-PLS model has few 

variables, so the model complexity is lower. Therefore, it can be concluded that the 

T19-SPA-PLS model is more valuable. 

Discussion 

Spectral response and character on SMC 

The results of this study showed that the soil hyperspectral reflectance decreased 

with the increase of SMC, and there were two obvious absorption valleys near 1400 nm 



Yan et al.: Performance of pretreatments and multivariate method on the hyperspectral estimation of soil moisture content 

- 2726 - 

APPLIED ECOLOGY AND ENVIRONMENTAL RESEARCH 20(3):2717-2732. 

http://www.aloki.hu ● ISSN 1589 1623 (Print) ● ISSN 1785 0037 (Online) 
DOI: http://dx.doi.org/10.15666/aeer/2003_27172732 

© 2022, ALÖKI Kft., Budapest, Hungary 

and 1900 nm, which is the same as previous studies (Tan et al., 2021). SMC showed a 

significant negative correlation with spectral reflectance (Babaeian et al., 2015). 

Generally, when the mass moisture content of the soil is below field capacity, the 

increase of soil moisture causes the soil surface particles to absorb moisture first and 

then become covered in a thin layer of water in the form of film around particles, and 

then, the light over the surface of the soil particles and water film exhibit multiple 

reflections resulting in decreased soil reflectance patterns (Yang et al., 2019). This may 

explain why the spectral reflectance is higher when the SMC is in the range of 0~15% 

and lower when the SMC is in the range of 15~60%. On the other hand, in terms of the 

effect of SMC on soil color, when the SMC is low, the soil color is lighter and the 

spectral reflectance is higher, and as the SMC increases, the soil color becomes darker 

and the spectral reflectance decreases. When the SMC is in the range of 0~15%, the 

change of soil color changes significantly with the increase of moisture content, and 

when the SMC exceeds 15%, the effect of moisture content on soil color becomes 

smaller. Therefore, it may lead to the difference of spectral curve changes in different 

soil moisture ranges. In addition, in the short-wave infrared region, water has a 

significant effect on reflectance due to the absorption of water at wavelengths above 

1000 nm, and the increase in water has a significant effect on the spectral reflectance of 

the soil (Lobell et al., 2002). Therefore, in the near-infrared spectral region, the spectral 

profile exhibits a huge variation phenomenon. 

 
Table 4. Performance of SMC models constructed by using the characteristic wavelengths 

Model types 
Calibration set Validation set 

R2c RMSEc R2v RMSEv RPD 

T0-SPA-PLS 0.881 5.102 0.891 5.127 2.931 

T1-SPA-PLS 0.846 5.845 0.762 9.625 1.561 

T2-SPA-PLS 0.901 4.653 0.868 5.877 2.557 

T3-SPA-PLS 0.938 3.721 0.961 3.015 4.984 

T4-SPA-PLS 0.912 4.375 0.938 3.758 3.999 

T5-SPA-PLS 0.981 1.987 0.982 1.961 7.663 

T6-SPA-PLS 0.966 2.721 0.955 3.125 4.809 

T7-SPA-PLS 0.975 2.305 0.974 2.387 6.296 

T8-SPA-PLS 0.976 2.371 0.974 2.412 6.231 

T9-SPA-PLS 0.979 2.206 0.978 2.189 6.865 

T10-SPA-PLS 0.900 4.751 0.946 3.658 4.108 

T11-SPA-PLS 0.892 4.831 0.803 9.068 1.657 

T12-SPA-PLS 0.987 1.759 0.977 2.351 6.392 

T13-SPA-PLS 0.921 4.132 0.866 5.924 2.537 

T14-SPA-PLS 0.856 5.568 0.879 5.204 2.888 

T15-SPA-PLS 0.980 2.139 0.984 1.935 7.766 

T16-SPA-PLS 0.988 1.654 0.981 2.106 7.136 

T17-SPA-PLS 0.967 2.758 0.983 1.938 7.754 

T18-SPA-PLS 0.971 2.514 0.982 2.038 7.374 

T19-SPA-PLS 0.988 1.682 0.986 1.824 8.239 

R2, RMSE, and RPD represent the determination coefficient, root means square error, and residual 

prediction deviation, respectively 
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Figure 6. Relationships between measured values and predicted values of SMC by using the 

T19-SPA-PLS model 

 

 

Correlation analysis of soil spectra data after different pretreatments with SMC 

In the soil spectral pretreatment methods adopted in this study, when the SNV 

pretreatment method is used, the soil spectral characteristics before 1400 nm weakened 

whereas, soil spectral characteristics after 1400 nm were strengthened. After 

preprocessing the spectral data using the FD preprocessing method, the spectral 

characteristics of the soil greatly changed. The original weak spectral information was 

enhanced, and the spectral characteristics of some bands were highlighted (Wu et al., 

2009; Sawut et al., 2014). From the positions of MACC about spectral reflectance and 

SMC under different pretreatments in Figure 2, the spectral characteristic regions of 

SMC are in three regions in the near-infrared band, where most of the MACC values 

appeared in the range of 1763~1943 nm, and in a previous study, it was also showed 

that the correlation between SMC and spectral reflectance was highest at 1969 nm, with 

the MACC value reached 0.94 (Zhai et al., 2020). Combined with the characteristic 

wavelengths of SMC screened using SPA in Figure 5, we found that the most obvious 

spectral characteristic region of SMC was near the 1900 nm band. In this study, 

compared with the original spectral reflectance (T0): except for T4, the correlation 

between soil spectral reflectance and soil moisture was improved after pretreatment. So, 

it can be concluded that suitable pre-processing methods can effectively enhance the 

soil spectral information and thus improve the correlation between soil spectral 

reflectance and SMC. For example, Yao (2011) used the spectral reflectance logarithm 

of the FD to estimate the SMC of black soil with a high prediction accuracy reaching 

0.931. In this study, T19 was the best pretreatment method that maximized the 

correlation between SMC and spectral reflectance, and it is the superposition of three 
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preprocessing methods: square, SNV, and FD. The squared original spectral reflectance 

was processed to highlight more clearly the positions of the peaks and troughs of the 

spectral curve, enhancing the effective information of the spectrum. Then, the squared 

spectral reflectance is further processed using SNV, which reduces the multiplicative 

effect of the scattering variation in the NIR spectrum and achieves the denoising effect 

(Diwu et al., 2019). Finally, the FD method is then applied to eliminate the spectral 

background noise, and it makes the spectral features more obvious (Zhang et al., 2020). 

T19 Applying a combination of methods to preprocess the original spectral reflectance 

provides a new horizon for enhancing the spectral information. 

 

Spectral monitoring on SMC 

Constructing the quantitative monitoring model of SMC by using spectral technology 

is essential for exploring their potential relationship and realizing their practical 

application in the future. In this study, PLS was used to build the SMC monitoring 

models. The PLS combined the characteristics of principal component analysis and 

multiple linear regression and can be used to resolve the collinearity problem of 

hyperspectral reflectance (Kuang et al., 2015; Xu et al., 2020). Tables 3 and 4 show the 

SMC monitoring models built using the full spectrum and the characteristic 

wavelengths, respectively. It can be seen that the accuracy of both types of models 

constructed based on T1 and T11 is low, which indicates that the T1 and T11 methods 

are not suitable for dealing with spectral reflectance. The SMC monitoring models with 

full-spectrum constructed by applying other preprocessing methods have a good 

performance due to the great advantage of PLS in handling multidimensional data, and 

the application of PLS compresses a large amount of spectral data into a few 

uncorrelated principal components, which well solves the covariance problem of 

spectral data (Wold et al., 2001; Kahaer et al., 2020). However, SMC monitoring 

models constructed based on the characteristic wavelengths also perform well. SPA can 

eliminate the redundant information in the spectral matrix and extract some 

characteristic wavelengths across the band (Wei et al., 2020). In this study, the SMC 

model constructed based on the T19 preprocessing method has the highest accuracy due 

to the squared reflectance of the original spectrum, which amplifies the features of the 

soil spectrum, and further application of SNV to eliminate the baseline shift and 

improve the signal-to-noise ratio (Fearn et al., 2009; Bi et al., 2016). The application of 

FD amplified the effective information of the spectrum, and these three preprocessing 

methods were superimposed to maximize the effective information of the original 

spectrum. Considering the accuracy and complexity of the model, we can conclude that 

the SMC monitoring model based on the characteristic wavelength is better and has a 

higher application value because this type of model not only has very high accuracy but 

also low complexity. The best SMC monitoring model in this study is the T19-SPA-

PLS (R2v = 0.986, RMSEv = 1.824, RPD = 8.239). Most of the previous studies only 

used a single pretreatment method to process the original spectral reflectance and then 

established a prediction model. For example, Jia (2018) preprocessed the original 

spectral reflectance by first-order differentiation, and the R2v of the SMC prediction 

model constructed was 0.903. In comparison, the T19-SPA-PLS model preprocessed the 

original spectral reflectance three times, and after greatly enhancing the spectral 

information, the SPA was used to extract the characteristic wavelength of the enhanced 

spectrum, which greatly reduced the wavelength variables and decreased the complexity 

of the model. Therefore, the T19-SPA-PLS model can achieve more accurate spectral 
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monitoring of SMC compared with the models constructed in the previous studies. 

However, real field conditions are complex, and the collection of spectral reflectance 

can be affected by a variety of factors, such as soil texture, soil organic matter content, 

soil salinity, soil particle size, etc. Therefore, if complex field soils are collected for 

SMC monitoring studies, it is difficult to clarify the effect of SMC on spectral 

properties due to the differences in soil components. Therefore, this study was 

conducted under laboratory conditions simulating SMC, avoiding the interference of 

other factors besides soil moisture. Although the relationship between SMC and spectra 

was adequately elucidated, the applicability of the T19-SPA-PLS model in complex 

field environments needs further validation. 

Conclusion 

In this study, we investigated the effects of different pretreatment methods on the 

spectral characteristics of SMC, and then compared the full-spectrum SMC monitoring 

model with the SMC monitoring model built based on characteristic wavelengths, and 

finally constructed the best SMC monitoring model. It was found that SMC showed a 

significant negative correlation with spectral reflectance, and the response of SMC to 

the spectrum was most sensitive near the 1900 nm band. Proper preprocessing methods 

can improve the correlation between SMC and spectral reflectance, and improve the 

accuracy of the monitoring model as well. The SMC monitoring model based on the 

characteristic wavelengths screened by SPA is not only simple in model structure but 

also has high accuracy, among which, T19-SPA-PLS is the best SMC monitoring model 

(R2v = 0.986, RMSEv = 1.824, RPD = 8.239). This study provided methodological and 

theoretical support for accurate monitoring of SMC by using hyperspectral. Future 

research should focus on the effects of soil properties interacting with soil moisture on 

the spectra, such as the interaction of soil grain size with moisture, soil organic matter 

content with moisture, and soil salinity with moisture. In addition, the quantitative 

effects of different soil components on the hyperspectral properties during the 

monitoring of SMC using hyperspectral should be explored. 
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