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Abstract: Soil moisture hampers the estimation of soil variables such as clay content 

from remote and proximal sensing data, reducing the strength of the relevant spectral 

absorption features. In the present study, two different strategies have been evaluated for 

their ability to minimize the influence of soil moisture on clay estimation by using soil 

spectra acquired in a laboratory and by simulating satellite hyperspectral data. Simulated 

satellite data were obtained according to the spectral characteristics of the forthcoming 

hyperspectral imager on board of the Italian PRISMA satellite mission. The soil datasets 

were split into four groups according to the water content. For each soil moisture level a 

prediction model was applied, using either spectral indices or partial least squares 

regression (PLSR). Prediction models were either specifically developed for the soil 

moisture level or calibrated using synthetically dry soil spectra, generated from wet soil 

data. Synthetically dry spectra were obtained using a new technique based on the effects 

caused by soil moisture on the optical spectrum from 400 to 2400 nm. The estimation of 

soil clay content, when using different prediction models according to soil moisture, was 

slightly more accurate as compared to the use of synthetically dry soil spectra, both 
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employing clay indices and PLSR models. The results obtained in this study demonstrate 

that the a priori knowledge of the soil moisture class can reduce the error of clay 

estimation when using hyperspectral remote sensing data, such as those that will be 

provided by the PRISMA satellite mission in the near future.  

Keywords: clay indices; remote sensing; proximal sensing; PLSR; satellite; spectral features  

 

1. Introduction 

Information on the variability of soil properties leads to an increased ability to monitor key physical 

and chemical processes, with agronomic and environmental management implications. In particular, 

soil texture is a key agro-ecosystem variable whose estimation is essential for a full knowledge of the 

potential of soils in terms of fertility and water holding capacity. For instance, the knowledge of soil 

texture variability is central for the implementation of site-specific farming management strategies that 

allow for a more efficient use of resources, such as water and fertilizers; therefore reducing costs and 

environmental impact.  

Soil spectroscopy in the visible-near infrared (VNIR: 400–1300 nm) and short-wave infrared 

(SWIR: 1300–2500 nm) domains has proven to be a non-destructive, reproducible, and accurate 

analytical technique for the quantitative estimation of soil variables [1]. The spectral composition of 

energy reflected or emitted from the topsoil depends on the organic and mineral soil composition, the 

soil moisture content, and the optical-geometric scattering. The most important factors influencing the 

scattering effect are both the particle size and roughness. In the soil spectroscopy context, some soil 

variables have a direct spectral response, e.g., having typical absorption features related to chemical 

components [2]. The main chemical components, or chromophores, interacting with visible and 

infrared radiations are water, organic matter, clay minerals, iron oxides, carbonates, and salts. These 

are related to well-defined absorption features [2], typically associated with overtones of functional 

groups in the VNIR and especially in the SWIR spectral ranges. In particular, free water absorption 

features are detected at 1455 and 1915 nm that are caused by overtones of O-H and H-O-H stretch 

vibrations, while metal-OH bends and O-H stretch related to clay lattice both affect the absorption 

peaks centered at about 1415 and 2207 nm. Hyperspectral imagers allow the measurement of spectral 

reflectance for hundreds of narrow bands, thus being an attractive tool that can be used for estimating 

soil variables. The fine spectral resolution of hyperspectral imagers allows for distinguishing the 

spectral features related to the chromophores. Published research in which hyperspectral satellite data 

has been used to estimate soil variables is, however, still very rare since currently only the Hyperion 

satellite hyperspectral imager on board of NASA EO-1 is available for soil studies. Four satellites 

carrying hyperspectral imagers, operating in the VNIR-SWIR spectral range, are due to be launched in 

the near future: the German EnMap (Environmental Mapping and Analysis Program) [3], the Japanese 

HISUI (Hyperspectral Imager Suite) [4], the Italian PRISMA (PRecursore IperSpettrale della Missione 

Applicativa) [5], and the U.S. NASA HyspIRI (Hyperspectral Infrared Imager) [6]. In particular, 

PRISMA, due to be launched in 2018, is a mission of the Italian Space Agency (ASI), which combines 
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a hyperspectral imager with a panchromatic, medium-resolution camera that will have the capability to 

collect 240 spectral bands in the wavelength range 400–2450 nm (VNIR-SWIR spectral ranges). 

The use of hyperspectral remote sensing data for the estimation of soil variables is hampered by the 

need to acquire data on bare soil conditions and by the characteristics of existing satellite sensors, i.e., the 

spectral and spatial resolution and the signal quality in the spectral regions affected by absorption peaks 

of the main soil variables [7]. Moreover, surface spectral data are also generally affected by the 

confounding effects of soil moisture and soil roughness. Soil moisture determines a reduction of the 

reflectance over the entire spectrum, because it has a strong influence on the amount and composition of 

reflected and emitted energy from the soil surface. This decrease in reflectance related to soil moisture is 

not linear and its magnitude varies depending on the spectral region and the soil type [7]. In particular, 

the strength of the most important absorption features related to the estimation of soil variables, such as 

clay, are greatly reduced with increasing levels of moisture [7–10]. For these reasons, soil moisture could 

be a limiting factor for the estimation of soil properties if its effects are not taken into account in the 

estimation models. Therefore, the a priori knowledge of soil moisture content, at the time of remote 

sensing imagery acquisition, could improve its estimation accuracy [9]. Many researchers have studied the 

influence of soil moisture on soil reflectance, but only a few have actually investigated the consequences of 

this factor on soil variable estimation, and particularly on clay content prediction [11–13]. In many cases, 

studies were only carried out in laboratory conditions [7,9,14–16]. The first derivative of soil spectra was 

used to understand the impact of variable soil moisture on soil organic carbon (SOC) prediction [10]. 

Specific prediction models were developed on soil samples having similar soil moisture contents, thereby 

obtaining a consistent improvement on SOC estimation accuracy [9]. This suggests that the a priori 

knowledge of soil moisture could improve the estimation accuracy of soil variables. Alternatively, the 

reduction of moisture effects was successfully obtained in spectra acquired in field conditions by [17] using 

a direct standardization (DS) of the spectra, using a technique called external parameter 

orthogonalization (EPO). This resulted in an improved prediction of clay and organic matter content 

from soils with unknown soil moisture content [12,13]. 

Satellite hyperspectral imagers have been employed to estimate soil moisture, in bare soil 

conditions, by using narrow band indices [18]. However, the low signal to noise ratio (SNR) in the 

SWIR band of the hyperspectral satellite sensors currently in operation (e.g., Hyperion) hampers the 

accuracy of the estimation. Therefore, the issue of soil moisture influence on clay estimation has been 

explored in this work, through the use of simulated satellite data.  

Multivariate or hybrid techniques, such as PLSR (partial least squares regression), principal 

component regression, or regression-kriging, generally provide accurate estimations [19–21]. 

However, these techniques require extensive ground data, laboratory analyses, and spectral 

measurements and provide only local models, which cannot be applied to different conditions or areas. 

The different sensor characteristics (e.g., bandwidths, number of bands, wavelength position) make it 

necessary to perform a new calibration for each sensor [22] or even images acquired under different 

illumination and geometry of observation. Instead, the development of spectral indices using soil 

spectra collected in laboratory conditions would allow for obtaining more general models, albeit less 

accurate than multivariate models [22].  

The objective of this work was to derive narrow band clay indices for the estimation of soil 

moisture and clay, developing a methodology to reduce the effect of soil moisture on clay estimation. 
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As a reference, results obtained with spectral clay indices were compared to those from PLSR models. 

To our knowledge, no previous research has investigated the possibility of estimating clay using 

narrow band spectral indices from realistically simulated satellite spectra.  

Since the prediction of soil clay content from satellite images could be significantly improved by 

the estimation of soil moisture at acquisition time, we developed two different approaches to reduce 

the effects of soil moisture. The first approach is based on the calibration of clay indices selected 

according to different soil moisture levels, whereas in the second approach, equivalent dry soil spectra 

(hereafter referred to as synthetically dried) are reconstructed from the spectra of wet soil samples and 

then used in clay estimation models. Both approaches were developed and tested, using spectral 

datasets acquired under laboratory conditions. In order to verify the feasibility of the two approaches 

for hyperspectral satellite data, both methodologies were also applied to simulated PRISMA data.  

2. Materials and Methods 

2.1. Soil Spectral Datasets 

Datasets of spectral reflectances, acquired in the laboratory from an extensive set of soils, were used 

for the development of the estimation methods. 

The first dataset (hereafter referred to as MAC), used for soil clay content estimation, includes spectra 

from 72 soil samples that were collected in the Maccarese farm (lat. 41°52′18″N, long. 12°14′05″E,  

alt. 8 m a.s.l.), near Rome (Central Italy), from the cultivated layer (0-30 cm soil depth) [23]. The soils in 

the area are Luvisols [24], which were formed from sediments of ancient coastal terraces from 

Pleistocene marine deposits and are the result of land reclamation works performed in the1920s. For 

each sample we measured clay, sand, and silt contents (%) using the pipette method according to the 

USDA (United States Department of Agriculture) system [25]. The reproducibility of the pipette 

method for clay is assumed to have an error of 1% [26]. The clay content of the soil samples of MAC 

dataset varies between 22% and 56%. The mineralogical composition of the MAC soil samples 

includes quartz, feldspars, and phyllosilicates. Salts and hematite are also present. The phyllosilicates 

are represented by smectite, illite, and kaolinite. 

The second dataset (hereafter referred to as SOLREFLIU [27]) is composed of 89 soil samples 

collected at a depth of 30 cm, coming from different sites in France and China. The clay content of the 

SOILREFLIU dataset varies between 0.2 and 66.8%. The mean calcium carbonate content is 5%. This 

dataset was only used to develop the procedures to reduce the effect of soil moisture on clay estimation 

(see Sections 2.2 and 2.3).  

For both datasets, spectral radiance was acquired on each sample using an Analytical Spectral Device 

(ASD Inc., Boulder, CO, USA) Field Spec Fr Pro spectroradiometer. The ASD spectroradiometer covers a 

spectral range of 350–2500 nm and was equipped with the ASD high-intensity contact probe with a 6.5 W 

quartz halogen lamp and a spot size of reflectance measurement of about 10 mm. The contact probe has a 

fixed spatial relationship between the detector fiber optic cable and the light source, allowing the 

measurement of a directional radiance value. The soil spectral radiances were acquired between 350 nm 

and 2500 nm with the contact probe using an integration time of 50 ms and a spectral resolution of 1 nm 

and then converted into absolute reflectance by using a NIST calibrated panel (Spectralon—reference 
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standard, S/N 5221—Sphere Optics Inc., Durham, NH, USA) to derive absolute reflectance spectra. The 

spectra were acquired by maintaining the same viewing geometry (nadir view) to minimize directional 

effects resulting from properties of the target with a directional set-up. Data at wavelengths less than 400 

were discarded since they were too noisy. 

The soil samples of both MAC and SOLREFLIU datasets had been air-dried and passed through a  

2 mm sieve. They were then put individually into Petri dishes (little cylinders 8.7 cm in diameter, 1.6 cm in 

height) forming a layer considered as optically infinitely thick. Water was slowly poured down from the 

side of the box to reach full saturation. When free water disappeared from the soil surface (i.e., 24 hours 

after wetting), the reflectance was measured. Measurements were performed four times during the drying 

process. In order to reduce the differences between the surface and the rest of the sample, Petri dishes were 

covered for two hours before the acquisition of spectra. The soil moisture content was then measured by 

weighing the samples after each ASD spectral acquisition and soil moisture was expressed as: 

𝑆𝑀 =  
𝑊𝑤 − 𝑊𝑑

𝑊𝑑
 

(1) 

Where 𝑊𝑤 and 𝑊𝑑 are, respectively, the weight of soil samples at wet and oven dry conditions. The 

main characteristics of the spectral datasets we used are reported in Table 1.  

Table 1. Main characteristics of the MAC and SOLREFLIU spectral libraries.  

 

Spectral dataset 

SOLREFLIU MAC  

N° samples 89 72 

Type Topsoil Topsoil 

Sampling area France and China Italy 

Spectral measurement Directional Directional 

Spectral range 350–2500 350–2500 

Spectral resolution 1 nm 1 nm 

2.2. Narrow Band Soil Moisture Indices—SMIR 

As a preliminary step to the application of different clay estimation methods that take into account 

soil moisture, spectra from both MAC and SOLREFLIU datasets were used to develop reflectance 

indices related to the soil moisture content. Inspection of Pearson’s correlation coefficient (r) between 

soil moisture and reflectance values for each wavelength within the range 400–2400 nm, allowed the 

identification of the spectral regions most affected by soil water content. These spectral regions were 

used to calibrate soil moisture indices, suitable for a satellite remote sensing context (hereafter referred 

to as SMIR), i.e., avoiding those regions that would be influenced by atmospheric water vapor 

absorption, from normalized (Equation (2)) or simple ratios (Equation (3)), which could be 

subsequently applied to hyperspectral satellite data: 

𝑆𝑀𝐼𝑅_𝐴 =  
𝑅𝑤1 − 𝑅𝑤2

𝑅𝑤1 + 𝑅𝑤2
 

(2) 

𝑆𝑀𝐼𝑅_𝐵 =  
𝑅𝑤1

𝑅𝑤2
 

(3) 
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where 𝑅𝑤1 and 𝑅𝑤2 are the reflectance values at the wavelengths most correlated with soil moisture. In 

order to obtain more realistic relationships, we excluded from the data soil moisture values higher than 

the field capacity, since these are rarely found in agricultural soils. Linear or quadratic regression 

models were used to describe the relationship between each SMIR and the actual soil moisture values. 

In addition to these indices, an index proposed in the literature, the Normalized Soil Moisture Index 

(NSMI) [18] was also tested on the same soil datasets used in this paper (MAC plus SOLREFLIU). 

The models’ accuracies were evaluated by examining the Root Mean Square Error (RMSE) and the 

Ratio of the Performance to the Interquartile Range (RPIQ) of the leave-one-out cross-validation. The 

equations used were:  

𝑅𝑀𝑆𝐸 = √
∑ (𝑥𝑜 − 𝑥𝑝)2𝑛

𝑖=1

𝑛
 

(4) 

𝑅𝑃𝐼𝑄 =
𝐼𝑄

𝑅𝑀𝑆𝐸
 

(5) 

where, 𝑥𝑜 and 𝑥𝑝 are respectively the observed and predicted values, 𝑛 the number of data pairs and IQ 

the inter-quartile range [28], i.e., the difference between the values below which we can find 75% (Q3) 

and 25% (Q1) of the samples (IQ = Q3 – Q1). For all estimation models, the bias was also computed 

and its statistical significance was assessed using a Student t-test (significance: 95%).  

2.3. Reducing the Effect of Soil Moisture from Laboratory Soil Spectra  

Two different strategies (Figure 1) have been explored to reduce the influence of soil moisture on 

the estimation of clay. They are: 

(a) application of different prediction models according to the different soil moisture contents; 

(b) use of prediction models with synthetically dried soil spectra derived from wet soil spectra.  

Both these approaches require the a priori knowledge of soil moisture content (see Section 2.2). 

Samples of MAC and SOLREFLIU datasets were divided into four subsets (i.e., four soil moisture 

classes for each dataset) according to the gravimetric soil moisture content, and named as dry (D; soil 

moisture < 0.06), little wet (LW; 0.06 < soil moisture < 0.16), wet (W; 0.16 < soil moisture < 0.26), 

and very wet (VW; 0.26 < soil moisture < 0.36). Soil moisture values greater than 0.36 were excluded, 

because they corresponded to soil water content values higher than the field capacity of most 

agricultural soils [29]. We tested the two estimation approaches mentioned above on full spectra 

(limiting the spectral range from 400 to 2400 nm with 1 nm of spectral resolution) and on simulated 

PRISMA data, by using either narrow band clay indices or the PLSR technique (Figure 1). 

2.3.1. Use of Different Prediction Models according to Soil Moisture Content  

The entire MAC spectral dataset was first converted from reflectance to band depth values. In fact, 

the normalization of the spectra into their continuum and the subsequent transformation into band 

depth highlights the spectral features and makes a comparison possible among spectra acquired in 

different measurement conditions. Band depth values were obtained using continuum removal [30] to 

normalize the spectra over the entire spectral range (Band depth = 1 − continuum removed data). The 

correlation between band depth and clay for all wavelengths was then inspected, and the spectral 
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ranges having the highest Pearson’s correlation coefficients were identified. Band depths valued at the 

most promising spectral wavelengths were then used to obtain normalized or simple ratio indices, 

according to Equation (2) or Equation (3). This process was carried out for each of the soil moisture 

classes in order to obtain different clay indices according to the soil moisture level. The results 

obtained from the indexes were then compared with those obtained from PLSR. 

 

Figure 1. Flow chart concerning the estimation of clay estimation using different 

prediction models according to soil moisture content or using reconstructed (synthetically) 

dry soil spectra.  

PLSR is a multivariate statistical technique [31] that allows the prediction of a dependent variable 

from a large number of predictors, by selecting a restricted number of latent variables having the 

strongest relationship to the dependent variable (clay). To obtain reliable models, we selected the 

number of latent variables, which explained at least 90% of the predictor variance.  

The performance of the model of each soil moisture class was assessed using a leave-one-out  

cross-validation, and the estimation accuracy was evaluated by using RMSE and RPIQ. Only  

cross-validation results for the best indices have been reported. 

2.3.2. Use of Prediction Models Calibrated with Synthetically Dried Soil Spectra 

In addition to the previous method, the use of synthetically dried soil spectra obtained from wet soil 

spectra (Figure 1) was attempted, in order to calibrate clay prediction models less sensitive to the 

influence of soil moisture.  
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For this purpose, we computed the difference for each sample of MAC and SOLREFLIU datasets 

between the band depth values of a dry spectrum and the band depth values of the corresponding wet 

spectra (LW, W, and VW), thus obtaining three band depth differences. These band depth differences, 

for each moisture class i, were then averaged over all the samples of the dataset to obtain a mean 

difference �̅�𝑖 and its standard deviation σi. Then, randomly extracted values from a normal distribution 

having �̅�𝑖 as the mean and 
𝜎𝑖

3
as the standard deviation were added to the band depth spectra of the wet 

(LW, W, and VW) samples (BDwet). We used one-third of the standard deviation to avoid extreme 

values from the distribution tails. This procedure allowed us to obtain synthetically dried band depth 

(BD) soil spectra (BDsyn_dry),  

𝐵𝐷𝑠𝑦𝑛_𝑑𝑟𝑦 = BD𝑤𝑒𝑡 + 𝑁( �̅�𝑖 ,
𝜎𝑖

3
 ) 

(6) 

The second term of the equation indicates the drawing from a normal distribution with mean �̅�𝑖 and 

standard deviation 
𝜎𝑖

3
. The SOLREFLIU dataset includes spectra of different soil types having a larger 

spectral variability than the MAC dataset. For this reason, in order to test the effective generalization 

potential of this technique, we obtained the synthetically dried spectra for MAC adding the correction 

factors (second term of Equation (6)) obtained from either the SOLREFLIU or MAC datasets. The 

Savitzky-Golay smoothing filter was then applied (filter order: 3; filter length: 21) by using the signal 

package (OCTAVE-Forge project http://octave.sf.net) in the R software [32]. 

The indices and the PLSR models were calibrated on dry soil samples and were then applied to 

naturally dry and synthetically dried laboratory band depth spectra. The mean RMSE and RPIQ values 

(obtained by leave-one-out cross-validation) of 100 iterations were used to compare the estimation 

accuracy of clay indices and PLSR models.  

2.4. PRISMA Simulated Data 

In order to obtain PRISMA simulated data, we took into account the wavelengths (band center), the 

full width at half maximum (FWHM), and the estimated Noise Equivalent Delta-Radiance (NEDR) of 

PRISMA’s satellite imager (as provided by the manufacturer, see [5]). The PRISMA payload design is 

based on a pushbroom type observation concept providing hyperspectral imagery (~250 bands) at a 

spatial resolution of 30 m on a swath of 30 km. The PRISMA instrument is based on a prism 

spectrometer concept and consists of the Hyp/Pan, optical head. The laboratory spectral reflectance 

acquired at all soil moisture levels and the synthetically dried soil spectra of MAC dataset (expressed 

as reflectance) were resampled according to PRISMA wavelengths and FWHM. The at-sensor 

radiance was calculated by applying the inverse equation of the atmospheric correction as expressed in 

Equation (7).  

𝑅𝑎𝑑(𝜆) =
𝜌(𝜆)𝜏↑(𝜆)[𝐸0(𝜆)𝐶𝑜𝑠(𝜃𝑧)𝜏↓(𝜆) + 𝐸↓(𝜆)] + 𝜋𝐿↑(𝜆)

𝜋
 

(7) 

where, 𝑅𝑎𝑑(𝜆) is at-sensor radiance, 𝜌(𝜆) is the reflectance of soil samples, 𝜏↑(𝜆) is the atmospheric 

transmittance from the ground to the sensor, 𝐸0(𝜆) is the solar spectral irradiance at the top of the 

atmosphere (TOA), 𝜃𝑧 is the solar zenith angle, 𝜏↓(𝜆) is the atmospheric transmittance from TOA to the 

ground, 𝐸↓(𝜆) is the at-surface spectral diffuse irradiance, and 𝐿↑(𝜆) is the upwelling radiance in the 
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sensor’s field of view (i.e., the path radiance). We then added to the 𝑅𝑎𝑑(𝜆) a Gaussian noise having 

zero mean and a standard deviation corresponding to the expected PRISMA NEDR (Equation (8)).  

𝑅𝑎𝑑(𝜆)𝑛𝑜𝑖𝑠𝑦 = 𝑅𝑎𝑑(𝜆) + 𝑁(0, 𝑁𝐸𝐷𝑅)  (8) 

Finally, in order to re-obtain the PRISMA ground reflectance 𝜌(𝜆)𝑃𝑅𝐼𝑆𝑀𝐴, we applied the direct 

equation used for the atmospheric correction (Equation (9)).  

𝜌(𝜆)𝑃𝑅𝐼𝑆𝑀𝐴 =
𝜋[𝑅𝑎𝑑(𝜆)𝑛𝑜𝑖𝑠𝑦 − 𝜋𝐿↑(𝜆)]

𝜏↑(𝜆)[𝐸0(𝜆)𝐶𝑜𝑠(𝜃𝑧)𝜏↓(𝜆) + 𝐸↓(𝜆)]
 

(9) 

The 𝜏↑(𝜆), 𝐸0(𝜆), 𝜏↓(𝜆), 𝐸↓(𝜆) and 𝐿↑(𝜆) in both Equations (5) and (7) were simulated using the 

MODTRAN radiative transfer code [33] by varying the input model parameters for summer, autumn, 

and winter conditions. This is expected to influence the SNR of the data according to the solar zenith 

angle. These simulated PRISMA data were used to test the predictive models of clay, both applying 

spectral indices and PLSR models.  

3. Results and Discussion 

3.1. Soil Moisture Estimation  

3.1.1. Laboratory Dataset 

The correlation between gravimetric soil moisture content of the MAC and SOLREFLIU samples 

and reflectance values highlighted the wavelengths most affected by water content (Figure 2). We 

detected four wavelengths in the NIR-SWIR region having the highest r value and that are potentially 

suitable for satellite data applications, i.e., less affected by atmospheric effects as compared to the 

typical water absorption bands centered at 1455 and 1915 nm. We tested these wavelengths for the 

development of normalized or simple ratio soil moisture indices. 

 

Figure 2. Pearson’s correlation coefficient (r) between soil moisture content and reflectance 

values of MAC and SOLREFLIU spectral datasets as a function of the wavelength.  
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Table 2 shows the results for the two best normalized or simple ratio indices (Equations (2) and 

(3)), named as SMIR_A and SMIR_B, providing the highest r value, alongside results using the NSMI 

index [18]. The SMIR_A index shows a strong positive correlation (r = 0.89), while SMIR_B shows a 

strong negative correlation (r = −0.88) with soil moisture. The quadratic regression model between 

SMIR_A and soil moisture provided an RMSE = 0.05, and similar statistics were found for SMIR_B 

(RMSE = 0.05). The plots of measured and predicted (by regression models) soil moisture values are 

shown in Figure 3. NSMI index, used as reference, shows a strong correlation with soil moisture, with 

similar performance as SMIR_B and SMIR_A. In fact, the quadratic regression models between NSMI 

and soil moisture provided the same RMSE value of SMIR_A and SMIR_B. The estimation of soil 

moisture by these indices was not affected by bias, since it was not significantly different from zero for 

all indices. The wavelengths involved in SMIR_A and NSMI are very similar. These two normalized 

indices use wavelengths close to the absorption bands of water and, in particular, those corresponding 

to the water absorption peaks’ shoulders (1770–1800 nm and 2100–2119 nm). The SMIR_B index 

utilizes the ratio between the right shoulder of the water peak centered at 1455 nm and the left shoulder 

of the water peak centered at 1915 nm. 

 

Figure 3. Plots of measured vs. estimated gravimetric soil moisture content by using  

(a) SMIR_A, (b) SMIR_B and (c) NSMI narrow band indices. In the graphs the 1:1 lines 

are reported. 
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Table 2. Cross-validation results of novel soil moisture indices (SMIR_A and SMIR_B) 

and the normalized soil moisture index (NSMI), using data from MAC+SOLREFLIU 

datasets [13]. The equations of the soil moisture indices, Pearson’s correlation coefficient 

(r), the coefficients of the quadratic regressions (Soil moisture = a + b*index + c*index2), 

the root mean square error (RMSE) and the ratio of the performance to the interquartile 

range (RPIQ) are reported.  

Soil Moisture Index Formula  r a b c RMSE (%) RPIQ 

SMIR_A (R1770 − R2100)/(R1770 + R2100) 0.89 0.03 1.63 −1.89 0.05 4.25 

SMIR_B R1506/R1770 −0.88 0.48 0.24 −0.75 0.05 4.25 

NSMI (R1800 − R2119)/(R1800 + R2119) 0.88 0.50 −1.67 1.46 0.05 4.25 

3.1.2. Simulated PRISMA Data  

The application of the indices reported in Table 2 to simulated PRISMA data provided very similar 

results (Table 3) to those obtained from full spectra data (Table 2) for all simulated atmospheric 

conditions. SMIR_A and NSMI indices seemed not to suffer from the lower spectral resolution and the 

addition of atmospheric effects, showing identical statistics as those of Table 2 for these scenarios. The 

results obtained with the SMIR_B were only slightly worse than those obtained using the full spectra. 

No bias was detected for the soil moisture prediction models using simulated PRISMA data. 

Table 3. Results from the application of SMIR and NSMI indices for the estimation of soil 

moisture from simulated PRISMA data, with the addition of simulated atmospheric effects 

for different seasonal scenarios. 

Atmosphere Statistics SMIR_A SMIR_B NSMI 

Summer 

r 0.89 −0.81 0.88 

R2 0.8 0.67 0.78 

RMSE (%) 0.05 0.06 0.05 

RPIQ 4.25 3.54 4.25 

Autumn 

r 0.89 −0.86 0.88 

R2 0.8 0.74 0.78 

RMSE (%) 0.05 0.05 0.05 

RPIQ 4.25 4.25 4.25 

Winter 

r 0.89 −0.86 0.88 

R2 0.8 0.75 0.78 

RMSE (%) 0.05 0.06 0.05 

RPIQ 4.25 3.54 4.25 

3.2. Clay Content Estimation Considering Soil Moisture 

3.2.1. Clay Estimation from Full Spectra  

Pearson’s correlation coefficients between clay content and band depth were quite different among 

the different soil moisture classes of the MAC dataset. Although, for all soil moisture classes, high 

correlation coefficients were found between 2170 and 2270 nm and at 2360 nm, other correlation 
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peaks were detected at 530 nm for the LW class, at 1340 nm for the W class and at 1680 nm for the 

VW class (Figure 4). We used the four wavelengths showing the highest correlation between clay and 

band depth for each soil moisture class to derive spectral clay indices according to Equation (2) or 

Equation (3). The clay indices of VW, W, and D classes showed r values higher or equal to 0.7, while 

the r value of LW class was lower than 0.7 (Table 4). In the extreme soil moisture classes (VW and 

D), the RMSE values were lower than 6% (Table 5) and RPIQ was higher than 2.8, while for the other 

two classes (W and LW) RMSE was higher than 7% and RPIQ lower than 2.3. The mean RMSE value 

of the four soil moisture classes, i.e., considering the different clay indices according to soil moisture 

content, was 6.7%. In the hypothesis that a spectral index for soil clay content estimation is obtained 

from dry soil samples, its application to moist soil data will entail a decrease of accuracy. When 

applying the D index to all the soil moisture classes, the mean RMSE was higher than 9% (Table 5). 

This shows that the a priori knowledge of the soil moisture class, for the selection the optimal clay 

index, decreases the RMSE by 27% (6.7% instead of 9.3%) increasing the accuracy of soil clay 

content estimation.  

 

Figure 4. Pearson’s correlation coefficient between clay content and band depth spectral 

values for the four soil moisture classes of the MAC dataset (VW: very wet; W: wet;  

LW: low wet; D: dry).  

Table 4. Band Depth (BD) clay indices for classes having different soil moisture (SM) 

level (D = dry, LW = little wet; W = wet, VW = very wet) and Pearson’s correlation 

coefficient (r) between indices and clay content. 

SM class Clay index r 

VW (BD2230 − BD1680)/(BD2230 + BD1680) 0.70 

W (BD1340 − BD2360)/(BD1340 + BD2360) −0.73 

LW BD530/BD2225 0.65 

D (BD2170 − BD2270)/(BD2170 + BD2270) 0.75 
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The PLSR models developed for clay estimation showed a better accuracy than spectral indices for 

each soil moisture level. The best results were reached for the class D (Table 5). Again, when applying 

the PLSR model calibrated on dry samples to all soil moisture classes, we obtained very poor accuracy 

(RMSE = 15.7%; RPIQ = 1.07) and, only in this case, the clay estimation was biased (i.e., the 

difference between measured and predicted values was significantly higher than zero).  

Table 5. Results from full spectral data using two different approaches (see text) to reduce 

the influence of soil moisture (SM) on clay estimation with two different clay estimation 

techniques (spectral indices and PLSR).  

Dataset 
SM Reduction 

Method 
SM Class 

Clay Estimation Method 

Spectral Indices PLSR 

RMSE (%) RPIQ RMSE (%) RPIQ 

MAC 

Different spectral indices  

according to SM level (a) 

 

VW 5.7 2.96 4.7 3.59 

W 7.4 2.28 6.4 2.64 

LW 7.8 2.16 5.0 3.37 

D 6.0 2.81 3.9 4.33 

Mean 6.7 2.52 5.0 3.37 

D model to all  

(mean value) 
9.3 1.81 15.7 1.07 

MAC  

synthetically dried  

using MAC (b) 

Synthetically  

dried spectra (c) 

VW 7.9 2.13 7.6 2.22 

W 6.5 2.58 7.9 2.14 

LW 6.2 2.73 6.2 2.72 

D 6.0 2.79 3.9 4.33 

Mean 6.7 2.52 6.4 2.64 

MAC  

synthetically dried  

using SOLREFLIU (d) 

Synthetically  

dried spectra 

VW 9.0 1.87 8.0 2.11 

W 8.2 2.07 7.9 2.14 

LW 6.6 2.58 6.5 2.60 

D 6.0 2.79 4.7 3.59 

Mean 7.4 2.27 6.8 2.49 

(a) the indices used for each class are reported in Table 4; (b) equivalent dry band depth spectra obtained from 

wet samples using Equation (6) with the second term of Equation (6) calculated from the MAC dataset; (c) the 

spectral clay index used for one is reported in Table 4 for class D; (d) equivalent dry band depth spectra 

obtained from wet samples using Equation (6) with the second term of Equation (6) calculated from the 

SOLREFLIU dataset. 

The typical absorption features related to the clay lattice of kaolinite and montmorillonite are 

located near 1400, 1900, and 2200 nm [34], whereas illite has also two absorption features near 2300 

and 2400 nm (Figure 5). Since the clay spectral features near 1400 and 1900 nm correspond to the 

atmospheric water absorption features, they cannot be used in remote sensing. The investigation on the 

wavelengths most correlated with clay content at different moisture levels, showed that the most 

suitable spectral features are strongly affected by soil moisture. It is likely that water interacts with 

spectral features of other chromophores correlated to the clay amount in soils. The feature at 530 nm of 

the LW index is due to the ferrous and ferric iron oxides (hematite). The feature at 1340 nm in the W 

index corresponds to the left shoulder of the water absorption peak at 1400 nm, while the feature used 

in the VW index at 1680 nm matches the highest reflectance values on the left shoulders of the water 
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absorption peak at 1900 nm. The increasing amount of water in the soil samples masks the typical clay 

absorption features, especially in the medium soil moisture classes (W and LW). This might explain 

why the best estimation accuracies were reached using dry and very wet samples (Table 5). 

The index for dry samples exploits two absorption features. The first is typical of kaolinite  

(2170 nm), the second (near 2200 nm) is characteristic of illite, montmorillonite, and kaolinite  

(Figure 5). A little addition of water (LW samples) brings about the masking of the first kaolinite 

feature, highlighting the iron oxides feature (near 530 nm). Concerning the index for W samples, the 

relation between clay and water content (1340 nm) and the absorption peaks of illite (2360 nm) was 

exploited. The indices for VW samples use the typical features of all clay minerals (near 2200 nm). 

Also the PLSR models showed the best estimation statistic for D and VW subsets [18] confirming an 

improvement of clay estimation accuracy using soil spectra having high soil moisture content as 

compared to spectra with lower moisture. Thus, both high and low soil moisture data seem to provide 

the best conditions for the estimation of clay from hyperspectral remote sensing.  

 

Figure 5. Typical spectra of montmorillonite, illite, and kaolinite obtained from the 

spectral library [24] (http://speclab.cr.usgs.gov/spectral.lib04/spectral-lib04.html). 

We then tested the procedure of bringing back the wet spectra to a simulated dry state for clay 

estimation on the MAC dataset. The band depth values of the synthetically dried spectra did not overlap 

exactly with the band depth values of the actual dry samples over the entire spectrum (Figure 6b). There 

was, however, a good overlap in the SWIR spectral region, especially at wavelengths employed in the 

clay dry index (2170 and 2270 nm). In Figure 6, the two wavelengths that were used for the clay index 

are shown. When applying the clay index obtained for the dry class (Table 4, class D) on synthetically 

dried spectra, clay content was estimated with increasing RMSE and decreasing RPIQ values, as a 

function of the initial moisture content of soil samples (Table 5). Results obtained from LW and W 

samples provided, however, a RMSE and RPIQ very similar to D samples (Table 5). This 

methodology does not seem to be very accurate for soil spectra characterized by high moisture content 

(VW), since in this case the RMSE was quite high and RPIQ was rather low (Table 5). The mean 

RMSE and RPIQ values obtained using this procedure from all soil moisture classes were respectively 



Remote Sens. 2015, 7 15575 

 

6.7% and 2.52, thus providing similar results as those obtained using the other approach, i.e., different 

indices according to the soil moisture class. Better results were obtained using the synthetically dry 

spectra for developing PLSR models (Table 5). Similarly to the application of indices, the highest 

RPIQ values were reached for LW samples (RMSE=6.2%; RPIQ=2.72). The mean RPIQ values 

obtained in this work, both from indices and PLSR models (Table 5), are very similar to those reached 

by [12] using the EPO algorithm and PLSR. 

 

Figure 6. (a) Band depth spectra of a soil sample from the MAC dataset at different 

moisture levels; (b) band depth of the same sample as (a) in which wet soil data were 

"synthetically dried" using the procedure described in Section 2.3.2. The vertical bars 

represent the wavelengths used for the clay dry index (SM class D). 

Although the SOLREFLIU dataset has fewer spectra than other regional or continental spectral 

datasets, such as LUCAS [35], it still includes spectra of different soil types having a much larger 

spectral variability than the MAC dataset. For this reason, in order to test the effective capability of the 

synthetically dry spectra technique, we obtained synthetically dried spectra by adding the correction 

parameters obtained from an extensive soil spectral dataset (SOLREFLIU) to a more local dataset 

(MAC). The purpose was to compare this procedure to the previous one in which correction 

parameters were obtained from the MAC dataset. In this case the RMSE and RPIQ mean values were 

slightly worse than those achieved using MAC data to obtain correction parameters, according to 

Equation (6), both by using indices or PLSR (Table 5).  

Dry soil samples are generally used to test the capability of soil spectroscopy to estimate soil 

variables under laboratory conditions [2], but when working in field conditions using remote or 

proximal sensing, it is not possible to have dry soil nor uniform soil moisture content within the study 

area. Many researchers investigated the capability of the PLSR technique to estimate clay from the 

spectra of dry soil samples, showing statistics very similar to those obtained in this work 

(RMSE=3.9%; Table 5). For example, [36] and [19] obtained a RMSE of leave-one-out cross-

validation of 3.1%, whilst [37] reported a RMSE of 3.8%. Although less accurate than PLSR, the 

results we reached using clay indices are quite good. In fact, the RMSE (6%) and RPIQ (2.8) are very 

similar to the statistics obtained in other works from PLSR or other techniques [38,39]. Although the 
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range of clay content values in the MAC dataset is quite large, the results have been obtained using 

only one soil group (LUVISOL). For this reason the estimation models shown in this work could 

mainly have a local validity. The capability of narrow band clay indices according to soil moisture 

needs to be further verified on different soil groups and geographical locations.  

3.2.2. Clay Estimation from Simulated PRISMA Data  

The clay indices applied to simulated PRISMA spectra provided less accurate results in terms of 

RMSE and RPIQ (Table 6) as compared to those obtained from full laboratory spectra (Table 4). The 

reduction of spectral resolution and the addition of noise and atmospheric effects lead to a slight 

decrease in accuracy of clay estimation using indices. Simulated PRISMA data provided, for autumn 

and summer by using the MODTRAN atmospheric radiative transfer model parameterization, a mean 

RMSE value of 7.3% and RPIQ of 2.3, whereas using the full spectra data, RMSE and RPIQ values 

were 6.8% and 2.5%, respectively. Additionally, these simulations support the advantage of the a 

priori knowledge of soil moisture. In fact, the results obtained by applying an index calibrated on dry 

soil data to all moisture classes showed very high RMSE values (Table 6) and in this case a significant 

bias was detected, which did not happen for estimation models according to moisture level. The results 

obtained by PLSR were statistically similar across seasons. The best performance for PLSR models, as 

well as for indices, was obtained by using the summer and autumn parameterizations. The estimation 

accuracy drops sharply when applying the PLSR model, calibrated on dry samples, to the whole 

dataset, as shown by RMSE values between 10.4% (winter) and 15.8% (summer). Additionally, for 

PLSR models, significant bias was detected only when the model for dry soils was applied to the 

whole dataset. PLSR models showed slightly better statistics as compared to those obtained when 

using indices, both for non-corrected spectra and synthetically dried spectra, however this difference 

could be irrelevant considering the error of 1% of the laboratory method to estimate clay [26]. The 

estimation of clay by using different prediction models (PLSR or indices) according to soil moisture, 

showed a slightly better accuracy than the prediction using synthetically dried spectra (Figure 7). The 

use of indices with Synthetically Dried Soil Spectra (SDSS) brings about a decrease of estimation 

accuracy, when moving from synthetically dried spectra obtained from soil samples having little soil 

moisture values to more wet samples, whereas using the PLSR technique, the differences between soil 

moisture classes are less noticeable. In this case, the difference between PLSR and indices in terms of 

RMSE was often higher than 1%, and thus higher than the error of reproducibility of the clay analysis 

method. The best results when using synthetically dry spectra were obtained for the LW class. The 

residuals of the prediction models are not correlated with the soil moisture content for both index and 

PLSR models, as shown in Figure 8. The lack of correlation between residuals and soil moisture was 

observed for both strategies used in this work (prediction model according moisture level and synthetic 

drying process). This confirms the robustness of these techniques to reduce the influence of soil 

moisture on clay estimation despite the non-linear effect of soil moisture on reflectance spectra [40]. 

The results obtained by using simulated PRISMA data cannot be compared to previous literature 

because of the lack of similar satellite hyperspectral remote sensors. Only Hyperion (on board of the 

EO-1 platform of NASA, USA) has a comparable spectral and spatial resolution, however, owing to 

the low SNR ratio of this sensor between 1900 and 2500 nm [41], the estimation of clay content is 
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strongly hampered. Using Hyperion data, [42] obtained similar RPIQ values to those shown in this 

paper (i.e., 2.40) when employing spatial techniques (i.e., linear mixed effect models), while when 

using PLSR, the RPIQ was drastically reduced to 1.6. Accordingly, the soil clay content estimation 

from simulated PRISMA data could be improved by using predictive models that exploit the spatial 

correlation between ground samples 

 

Figure 7. Bar plot of mean ratio of performance to inter-quartile range (RPIQ) values for 

clay estimation using simulated PRISMA data by means of different models according to 

soil moisture content both with clay indices (A) and PLSR (C), and by the use of 

synthetically dried spectra both with clay indices (B) and PLSR (D). 

 

Figure 8. Plots measured gravimetric soil moisture vs. residuals of the estimation models 

using simulated PRISMA data with summer parameterization, both for (a) index and  

(b) PLSR method.  
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Table 6. Results from simulated PRISMA data using two different approaches for reducing the effect of soil moisture (SM) and two different 

clay estimation techniques (indices and PLSR). Atmospheric effect was added using seasonal parameterizations of the radiative transfer  

model MODTRAN.  

SM reduction method SM class 

Clay estimation method 

Spectral indices 
 

PLSR 

Summer 
 

Autumn 
 

Winter 
 

Summer 
 

Autumn 
 

Winter 

RMSE  

(%) 
RPIQ 

 

RMSE  

(%) 
RPIQ 

 

RMSE  

(%) 
RPIQ 

 

RMSE  

(%) 
RPIQ 

 

RMSE  

(%) 
RPIQ 

 

RMSE  

(%) 
RPIQ 

Different spectral indices  

according to SM level(a) 

VW 6.6 2.6 
 

6.3 2.7 
 

6.3 2.7 
 

7.1 2.4 
 

6.7 2.5 
 

7.4 2.3 

W 8.2 2.1 
 

8.5 2 
 

10.6 1.6 
 

6.3 2.7 
 

6.8 2.5 
 

9.2 1.8 

LW 8.5 2 
 

8.2 2.1 
 

7.8 2.2 
 

9.5 1.8 
 

9.1 1.9 
 

9.5 1.8 

D 5.9 2.9 
 

6 2.8 
 

5.9 2.9 
 

4.7 3.6 
 

5.8 2.9 
 

7.3 2.3 

Mean 7.3 2.3 
 

7.3 2.3 
 

7.7 2.2 
 

6.9 2.6 
 

7.1 2.4 
 

8.4 2.3 

D to all (mean) 13.2 1.3 
 

13.3 1.3 
 

11.9 1.4 
 

15.8 1.1 
 

15.6 1.1 
 

10.4 1.6 

Synthetically dried spectra(b) 

VW 9.8 1.7 
 

9.8 1.7 
 

9.8 1.7 
 

7.6 2.2 
 

7.8 2.2 
 

8.6 2 

W 9.2 1.8 
 

9.2 1.8 
 

9.2 1.8 
 

7.4 2.3 
 

7.2 2.3 
 

8.5 2 

LW 7.7 2.2 
 

7.7 2.2 
 

7.7 2.2 
 

7.1 2.4 
 

7.2 2.3 
 

7.7 2.2 

D 5.9 2.9 
 

6 2.8 
 

5.9 2.9 
 

4.7 3.6 
 

5.8 2.9 
 

7.3 2.3 

Mean 8.2 2.1 
 

8.2 2.1 
 

8.2 2.1 
 

6.7 2.6 
 

7 2.4 
 

8 2.1 

(a) the indices used for each class are reported in Table 4; (b) the spectral clay index used the one is reported in Table 4 for class D. 
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4. Conclusions 

The results obtained in this study confirm that the a priori knowledge of soil moisture can 

significantly reduce the estimation error of clay using hyperspectral data. The use of narrow band clay 

indices according to soil moisture is a novel approach potentially of interest for proximal and remote 

sensing applications. In order to apply clay indices, precise quantitative information on soil moisture 

might not be required, since it will be sufficient to assign data to a rather broad soil moisture class: for 

instance we used classes with a 10% soil moisture range. Therefore, the use of clay indices appears to 

be very attractive when applied to hyperspectral data provided by satellite (remote sensing) or  

on-the-go sensors (proximal sensing).  

The two approaches tested to reduce the influence of soil moisture, i.e., the use of different 

prediction models according to soil moisture content or the use of models calibrated by using 

synthetically dried soil spectra data set, were both effective in improving clay content retrieval, both 

using narrow band clay indices and PLSR models. The estimation of clay when using different 

prediction models according to soil moisture was, however, slightly more accurate as compared to the 

use of synthetically dry spectra, both employing clay indices (mean RMSE = 6.7%; mean RPIQ = 

2.52) and PLSR models (mean RMSE = 5%; mean RPIQ = 3.37). Even though the spectral clay 

indices showed lower estimation accuracy than PLSR, indices generally ensure a higher adaptability to 

different soil conditions, being based on the specific spectral absorption features of the clays. 

The use of simulated PRISMA data brought about a decrease in soil clay content estimation accuracy 

as compared with the full spectral datasets data, both for indices (mean RMSE = 7.3%; mean  

RPIQ = 2.3) and PLSR (mean RMSE = 6.9%; mean RPIQ = 2.6) models. The a priori knowledge of soil 

moisture, for the selection the optimal clay index on the basis of the soil moisture class, decreased by 

27% the RMSE values and increased the clay content estimation accuracy by using lab soil datasets. 

The estimation accuracy of soil moisture content, as well as that of clay, is mainly affected by the 

SWIR spectral region and this is particularly evident around the water absorption features. Thus, in 

order to obtain acceptable estimation accuracies of soil variables from hyperspectral remote sensing 

data, high SNR values in the SWIR region are required.  

Although the process that we used to obtain simulated PRISMA data was rigorous, taking into 

account the sensor signal to noise ratio and different atmospheric effects, the different techniques 

proposed here should be tested on real hyperspectral satellite data with similar performances in real 

field conditions, in which, for instance, soil roughness or the presence of crop residues would add 

further errors.  
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