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Abstract: Soil moisture content (SMC) plays a key role in the crop production as it act as a nutrient and serves as solvent for other 

nutrients such as sodium, potassium, carbon, nitrogen. Soil characteristics can be analyzed using spectral reflectance of the soil in the 

0.4-2.5 um domain. 25 soil samples of different textures have been collected from four different areas of Aurangabad city, 

Maharashtra. Soil spectral reflectances were measured in the laboratory with an ASD (Analytical Spectral Devices) Fieldspec-Pro 

spectroradiometer in the (0.4–2.5 μm) spectral domain. Dataset consists of 150 spectral refelctances (six SMC level i.e. 0%, 12%, 

16%, 21%, 26% and 30% for each sample).  Existing spectral indices like Normalized Soil Moisture Index (NSMI) and Water Index 

SOIL (WISOIL) are sensitive to water vapor absorption. Our study has been focused on to overcome existing spectral indices 

limitation. To accomplish this, new spectral index i.e. Normalized Index of NSWIR domain for Smc estimatiOn from Linear 

regression (NINSOL) has been implemented on the dataset. Semi empirical soil model has been used to estimate SMC as it is robust 

against soil sample texture. From the results, it is observed that NINSOL operates in 2056 nm and 2263 nm spectral range. 

Performance comparison has been done among NSMI ,WISOIL and NINSOL. NSMI and WISOIL led to R2 value as 0.79, 0.81 

respectively and 6.6, 6.2 RMSE value. NINSOL produces better results than existing indices as R2 value of 0.85 and 5.6 RMSE value. 
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1. INTRODUCTION 
SMC is most important nutrient present in the soil. It makes a 

significant impact on plant growth, percolation, evaporation, 

microbiological decomposition of the soil organic matter and 

also on heat exchange. Usually, soil moisture is affected by 

soil physical properties such as soil color, soil texture features 

[1,2], structure and bulk density. It is significant parameter for 

several applications in hydrology, horticulture, agriculture and 

meteorology. It influences plant growth, percolation, 

evaporation and heat exchange. Description of SMC is very 

useful for many agricultural applications like irrigation 

system, plant stress and improving crop yield. Remote sensing 

techniques have several advantages in comparison with others 

classical methods (gravimetric, electromagnetic, thermal…) 

for monitoring SMC, as they provide better temporal and 

spatial coverage [3].  

In agriculture point of view, soil moisture information is 

essential for many applications like irrigation scheduling, 

plant stress and improving crop yield. Soil moisture also 

determines the partitioning of net radiation into latent and 

sensible heat components in the field of meteorology. 

Therefore, accurate soil moisture estimates are essential in 

several applications as to examine the effect of climate change 

on land surface hydrological variables such as soil moisture, 

infiltration fluxes, runoff and surface temperature caused by 

changes in heat fluxes and to quantify the amount and 

variability of regional water resources in water limited regions 

of the world on seasonal.   

 

E.E.Abdel-hady* et al. [4], conducted experiments in which 

soil moisture content was measured using X-ray spectroscopy 

system. It is concluded that the bulk density at dry and wet 

stages remain unaffected as there is no rearrangement during 

wetting and drying process. K. Grote et al. [5] used Ground 

Penetrating Radar (GPR) to measure SMC using 450 & 900 

MHz antennas. It is observed that multi-frequency GPR 

should be used to calculate soil moisture content at different 

depths. Active microwave sensor is used at high spatial 

resolution due to its sensitivity to the dielectric constant of 

soil and its moisture [6]. Hyperspectral imagery can be used 

to estimate the SMC but its performance depends on the crust, 

soil color and texture. [6-9] 

Gaussian spectral models presented by Michael [10] presented 

an approach fitting an inverted Gaussian function to estimate 

moisture content. It is concluded that both area and amplitude 

of inverted Gaussian has high relationship. Fusun Balik Sanli 

et al. [11] gathered SAR data by RADARSAT , ASAR and 

PALSAR satellite images of Menemen Town, Izmir. The 

correlations between the soil moisture content and 

backscattering of ASAR, RADARSAT-1 and PALSAR 

images were found 76%, 81% and 86 % respectively.  Marion 

Pause et al. [12] concluded that data obtained from inversion 

of airborne & satellite L-band radiometer provides estimation 

of soil moisture. They evaluated effect of Leaf Area Index 

(LAI) against airborne L-band brightness temperature of crop 

canopies. Jian Peng et al. [13] evaluated Discrete Wavelet 

Transform (DWT) to find SMC. 13 different mother wavelet s 

along with six decomposition levels from 5-10 are identified 
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for selected data. It is concluded that DWT reduced the 

hyperspectral dimensionality, thus giving better results than 

existing methods.  

Angström A.[14] conducted laboratory experiments and 

concluded that soil spectral reflectance shows traces of soil 

moisture content. In 1987, American Society for Testing and 

Materials (ASTM) [15] published standard test method which 

uses microwave oven for estimating soil moisture content. It 

stated that it is alternative to conventional oven. Bach, H.et al. 

[16] confirmed the behavior proposed by Angstrom and then 

spectral reflectance is used to develop soil moisture content 

approaches. Lesaignoux, A. et al. [17] proposed a semi-

empirical soil model which is robust to soil texture. A priori 

soil classes are identified and then soil samples were linked 

them.  

Soren-Nils Haubrock¨ et al. [18] studied Normalized Soil 

Moisture Index (NSMI) to Hyperspectral data. They 

concluded that NSMI is best suitable to estimate soil moisture 

content from high spectral resolution remote sensing data. 

Haubrock, S. et al. [19] proposed new approach called NSMI 

in spectral range (350-2500nm) which is robust against many 

influencing factors. From the results, it is concluded that 

NSMI remains unchanged under effect of surface crusts or 

substrate heterogeneity. Attila Nagy et al. [20] used spectral 

reflectance of soil samples to estimate SMC. The reflectance 

curve of sand & sandy loam soil is linear with the wavelength 

& gradual increase of clay soil sample curves. Sophie Fabre 

et al. [21] recorded spectral reflectance of the collected soil 

samples in the reflective domain (0.4-2.5 μm). Then they 

compared performance of new approaches to calculate SMC 

against available SMC estimation indices like NSMI and 

WISOIL. Lobell et al. [22] collected four bare soil spectra and 

applied an exponential model onto it. They concluded that 

SMC is sensitive to SWIR domain. 

2. DESCRIPTION OF THE 

REFERENCE DATA SET 

2.1. Database Collection 
Soil spectral reflectances were measured in the laboratory 

with an ASD (Analytical Spectral Devices) Fieldspec-Pro 

spectroradiometer in the (0.4–2.5 μm) spectral domain with a 

spectral resolution of 3 nm in the (0.4–1.0 μm) domain and of 

10–12 nm in the (1.0–2.5 μm) domain. The database is 

collected from 4 different areas near Aurangabad city, 

Maharashtra. It is composed of 25 natural soil samples, 

covering different ranges of texture (clay, loam, sandy). 

Spectral signature of each soil sample was collected at six 

different SMC level, thus six spectral reflectance of each 

sample. Thus, our dataset consists of total 150 spectral 

reflectance of soil samples. Detailed description of the data set 

along with their Munsell color code is described in table 1. 

 

 

Table 1. Detailed description of data set (Munsell color 

code [24] 

Description Munsell Color Code 

Area Name Number Hue Value Chroma 

Himayat 

Baugh(6) 

3 5Y 7 1 

1 2.5Y 7 6 

2 2.5Y 6 6 

Dr.BAMU 

Campus(5) 

3 5Y 5 4 

2 5Y 5 3 

Himayat 

Nagar(8) 

4 2.5Y 4 4 

2 10YR 4 2 

2 2.5Y 5 1 

Pimpalgaun(6) 3 2.5Y 8 3 

3 5Y 6 1 

2.2. Measurement Method 
Each soil sample was oven dried (at 105 ° C) until fully dried 

situation. After 24 h in the oven, it is assumed that soil sample 

is fully dried.  Then these samples are artificially wetted at 

different soil moisture levels: (percentage of dry weight):12%, 

16%, 21%, 26%, 30% and successive spectral reflectance of 

soil samples at different moisture level were taken. In our 

dataset, there are 25 soil samples, each sample has 6 

reflectance spectrum thus resulting in total 150 spectral 

signature in our dataset. Figure 1 illustrates the observed 

spectral behavior of the dry sample at different soil moisture 

content in the VISible (VIS; (0.4–0.8 μm)) and Near and 

Shortwave InfraRed (NSWIR; (0.8–2.5 μm)) spectral 

domains. 

 

Figure 1. Spectral reflectance of soil sample at different SMC 

levels 

3. DESCRIPTION OF THE METHODS 

TO ESTIMATE THE SOIL 

MOISTURE CONTENT 

3.1. Spectral Indices 
Most widely used spectral indices are Normalized Soil 

Moisture Index (NSMI) and Water Index SOIL 

(WISOIL).These spectral indices are operated at that 

wavelength range which are sensitive to water vapor 

absorption (at 1.2, 1.4, and 1.9 μm). Thus producing 

ineffective or underperforming results (see table 2). 

The wavelengths at 1.8 μm and 1.45 μm operated respectively 

by NSMI and WISOIL are located at the border of the 

atmospheric water vapor absorption band.(see figure 2) 
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Table 2. Existing spectral indices to estimate SMC 

Spectral 

Index 

Specific Spectral 

Bands 

Formulation 

NSMI 1.800 μm ; 2.119 μm 
119.28.1119.28.1 /  

 

WISOIL 1.30 μm ; 1.45 μm 
30.145.1 /   

The WISOIL and NSMI performance is then very dependent 

on the quality of the atmosphere compensation processing. 

Due to drawback of existing spectral indices, there is need to 

define new spectral index. 

 

WISOIL      NSMI

 NINSOL(new proposed index) 

Figure 2. Spectral indices  

3.2. Description of the Soil Empirical 

Spectral Model 
Various spectral soil models exist to estimate soil moisture 

content. But, all these modes uses soil texture to estimate 

SMC. To overcome this limitation, the proposed model is 

based on an a priori soil classification defined according to 

the global spectral shape of the dry soil reflectances [16]. The 

soil samples with the same spectral behavior are then grouped 

together in a priori spectral classes. [16]. The semi-empirical 

soil model linking the spectral reflectance to the SMC for a 

given a priori soil class defined by the Table 2, is retained. Its 

analytical formulation is the following: 

)().().()( 2  lglgl

l

SMC cSMCbSMCa
g

 … (1) 

where l designs the soil spectral class, a, b and c are the 

spectral coefficients of the polynomial function in the solar 

domain.  

3.3. A priori Classification  
Dry soil samples were used to define a priori class. These can 

be obtained by grouping spectral reflectance of soil depending 

upon their spectral shape in VIS and NSWIR domain. In our 

data set, three groups i.e. 1V, 2V, 3V groups are obtained in 

VIS domain and four groups i.e. 1N, 2N, 3N, 4N groups were 

identified in NSWIR domain .These groups in each domain 

leads to formation of six a priori classes defined in table 3 and 

illustrated in figure 3. 

Table 3. The a priori spectral classification 

Class Spectral behavior 

groups 

Number Soil number VIS NSWIR 

1 4 1V 1N 

2 5 1V 4N 

3 2 2V 2N 

4 3 2V 3N 

5 3 3V 3N 

6 8 3V 4N 

 

 

Figure 3. Six a priori spectral classes 

Haubrock et al. [19] proposed procedure for new index for 

estimation to soil moisture content which is robust against 

water absorption effect. 

According to this procedure, the normalized ratio Xnorm ( i , 

j ) defined by the following equation: 

)()(/)()(),( jijijinormX   ..(2) 

where  (i ) and  (j )respectively represent the reflectance 

values at the wavelengths i and j belonging to the reflective 

domain (0.4–2.5 μm). 

The coefficient of determination for the linear regression [23] 

between SMC and a quantity Xnorm ( i , j ), derived from the 

spectral reflectance, is plotted in a matrix where the first 

wavelength value i is referred to by the abscissa axis and the 

second wavelength j is referred to by the ordinate axis 

(Equation (2)). This matrix is called regression matrix, shown 

on Figure 4 and the color scale from 0 to 0.85 represents the 

corresponding R2 value.  

SMC are very sensitive to wavelength pairs ( i , j ) are 

located in the spectral range (1–2.5 μm).The wavelength pairs 

leading to the highest determination coefficients between the 

SMC and the quantity Xnorm ( i , j ), are used to construct 

these new indices: 

 2056 nm and 2263 nm for Xnorm ( i , j ) : R2 = 85% 

These results lead to the following spectral index: 

 Normalized Index of NSWIR domain for Smc 

estimatiOn from Linear regression (NINSOL) 

 

)()(/)()( 2263205622632056  NINSOL  
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Figure 4. Determination matrix for Xnorm ( i , j ) derived by 

linear regression 

4. RESULTS AND DISCUSSION 

4.1. Performance Analysis 
Spectral indices and semi empirical soil model is implemented 

to estimate SMC on described data set. Their performance is 

evaluated by two metrics i.e. coefficient of determination (R2) 

and Root Mean Square Error (RMSE). The dataset is divided 

in two groups. first calibration data set to calibrate the 

methods and second validation data set is used to the 

validation based on 80% - 20% pattern i.e. 120 spectral 

reflectance in calibration data set and 30 remaining spectral 

reflectance in validation data set. For each method, the 

comparison process is as follows: 

 Calibration stage: The measured spectral reflectance 

and the corresponding SMC of the calibration data 

set are used to achieve the linear regression between 

the index values and the SMC for NINSOL, 

WISOIL, NSMI. 

 Validation stage: The SMC is estimated with the 

validation data. The quality of the SMC estimation 

is assessed by computing the R2 and the RMSE. 

The RMSE is expressed as follows: 

  NSMCSMCRMSE i

est

i

mes /)( 2  

where SMCi
est is the estimated SMC for the soil sample i, 

SMCi
mes is the measured SMC for the same sample i and N is 

the number of samples.  

4.2. Results 
Table 4 shows performance metrics i.e. R2 and RMSE on the 

validation data set and measured SMC by semi empirical 

model for each a priori soil spectral class. From the results, it 

is concluded that R2 is better than 0.83 and RMSE ranges 

between 4% and 6%. 

 

Table 4. R2 and RMSE for each a priori class 

Soil Spectral Class R2 RMSE 

1 0.89 4.4 

2 0.88 4.7 

3 0.87 6.2 

4 0.90 5.5 

5 0.93 5.2 

6 0.83 6.0 

Performance comparison for existing and proposed spectral 

indices is given in table 5. NSMI and WISOIL gives 0.79 and 

0.81 values for R2 and 6.6, 6.2 RMSE values respectively. The 

new proposed index NINSOL shows better performance than 

existing spectral indices i.e. R2  value of 0.85 and 5.6 RMSE 

value.  

Table 5. Methods and their performance 

Method R2 RMSE 

NSMI 0.79 6.6 

WISOIL 0.81 6.2 

NINSOL 0.85 5.6 

The results for WISOIL and NINSOL are illustrated in the 

figure 5 and figure 6 respectively. 

 

Figure 5 .Estimated SMC according to measured SMC for 

WISOIL 

 

Figure 6. Estimated SMC according to measured SMC for 

NINSOL 

http://www.ijcat.com/


International Journal of Computer Applications Technology and Research 

Volume 6–Issue 7, 338-343, 2017, ISSN:-2319–8656 

www.ijcat.com  342 

 

5. CONCLUSION 

Based on the results of the study, soil moisture content can be 

efficiently estimated with the help of spectral signature of soil 

sample in reflective spectral domain (0.4-2.5 um). Existing 

methods takes soil texture as important parameter for 

estimation of soil moisture content. Existing spectral indices 

i.e. NSMI and WISOIL operates in the range of wavelength 

which are sensitive to water vapor absorption. Semi empirical 

soil model overcomes limitation of existing soil models. It 

defines a priori classes for data set and then soil samples were 

linked to these a priori classes to estimate SMC. It is observed 

that soil moisture content is sensitive to the spectral range 1-

2.5 um. Thus, study of soil samples has been carried out in 

this range by determining the regression matrix for 

normalized difference of spectral reflectance by linear 

regression. New proposed index i.e. NINSOL is robust and 

remains less affected by water vapor absorption. NINSOL 

operates in 2056 nm and 2263 nm spectral range. Performance 

analysis has been done on NSMI, WISOIL and NINSOL. 

NSMI led to R2 value of 0.79 and RMSE value of 6.6. While 

WISOIL produces R2 value as 0.81 and 6.2 RMSE value. 

NINSOL produces better results than existing indices as R2 

value of 0.85 and RMSE value of 5.6. 
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