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Abstract

The study of silt fractions using the traditional methods, especially on large scales, is time-consuming, laborious, and costly. The present work intends to investigate 
the spectral behaviors of the soil silt fraction using refl ectance spectroscopy technology. Accordingly, 128 soil samples were collected from 20cm of soil surface of 
Mazandaran province, northern Iran. First, the sample set was subdivided into calibration and validation subsets. Spectral signatures of silt components were detected 
utilizing the PLSR algorithm and Cross-Validation technique. The fi nal model with 4 LFs was calibrated with these specs: Rc: 0.55, RMSEc: 8.31%, RPDc: 1.20, and 
RPIQc:1.71 and was eventually selected as the best model for studying the soil silt of Mazandaran province. The obtained spectral wavebands with the highest correlation 
coeffi  cients (R(CCmax)) indicate the high impact as the independent predictors in the processes of modeling. Finally, the capability of the proximal sensing technology (VNIR-
PS) was proved in examining the silt content of Mazandaran province. Also, the most infl uential spectral domains and ranges were detected and recognized. Our fi ndings 
can be used as a basis for studying silt content on a large scale by applying the upscaling process via airborne/satellite hyperspectral data.
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Introduction

Continuous monitoring of soil is very important. Because the 
soil loss is considered to be a major threat with negative impacts 
on ecosystem services, crop production, water resources, carbon 
stock, and biodiversity. Also, soil can directly affect global 
events such as warming, climate change, and desertifi cation 
[1,2]. And most importantly, one of the main factors affecting 
the rates of soil erosion is soil texture property [3]. In addition, 
having info on soil silt content is of great importance in many 
environmental views such as soil erodibility, degradation, 
and desertifi cation processes. As shown in the research, soils 
with high silt content have much more unstable aggregates, 
erodibility, and runoff [4-7]. Mapping of soil silt components 
is required in many fundamental types of research. In this 
regard, proximal sensing technology in the theVis-NIR-SWIR 
spectral ranges appears as a promising tool that scans soil 

quickly and nondestructively. This technology can create a 
modern revolution in characterizing and monitoring some soil 
properties [6-13]. 

From the viewpoint of soil spectral signatures in the 
refl ectance range of Vis-NIR, Soil Spectral Refl ectance Curve 
(SSRC) is concave specifi cally in the spectral range of 400-
2500 nm. It is also strongly infl uenced by some properties 
such as moisture, texture (particle size distribution), structure, 
organic material, lime, and type of clay minerals [6,7,14-17]. 
Mineralogically soil texture components can directly affect 
the Soil Optical Properties (SOP) [6,9,13]. The incident light 
(spectrum) will trap the coarser soil constituents and causes 
the signatures over the soil refl ected spectra [16]. Generally, 
the size and shape of aggregates affect the soil’s spectral 
refl ectance. The larger the soil particle diameter, the lower the 
intensity and magnitude of soil refl ected spectra. In addition, 
the shape of aggregates depends on the textural components 
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and structure of the soil. Hence the smooth surface which 
consists of more spheroidal aggregates has a higher spectral 
refl ectance than the unsmooth soil surface [9,16]. Matney, 
et al. [18] showed the suitability and usefulness of proximal 
sensing in the range of Vis-NIR to examine the wide range of 
soil properties. In addition, Summers, et al. [19] and Stenberg, 
et al. [20] studied and measured soil texture components with 
appropriate accuracy. Pietrzykowski and Chodak [21] using the 
Vis-NIR spectroscopy proved the main differences between the 
spectral features of studied soils were because of the diversity 
of texture constituents (PSD) as well as the parent material. 
Subsequently, Ostovari, et al. [5]; Xu et al. 2018a&b [11,12] and 
Peng, et al. 2020 [6] performed an estimation of soil textural 
properties using lab spectroscopy with acceptable model 
accuracy. Moreover, Zhao, et al. 2020 studied the soil clay 
content using an advanced spectrostatistical approach with 
great results. Curcio, et al. [22] also achieved moderate accuracy 
for the silt prediction process with R2 of 0.60 and RMSE of about 
7.2% utilizing the PLSR chemometric approach and CRT-SSAF 
(Continuum Removal Technique for Special Spectral Absorption 
Features). As well they detected and determined the spectral 
key-bands as the predictors of soil texture components. These 
wavelengths utilize for investigation of the texture using the 
upscaling process and spaceborne/airborne remotely sensed 
data on large scales. The research conducted by Small, et al. [23] 
showed distinct linear relationships between the silt component 
and the spectral absorption features in the visible range of 
refl ected spectra. Similarly, Rawlins, et al. [24] predicted the 
soil texture constituents utilizing the visible-NIR proximal 
sensing technology regarding the soil parent material. Also 
using the PLS algorithm, they estimated silt content as well as 
the spectral behaviors and signatures with moderate accuracy. 
Moreover, Gomez, et al. [4] had a good evaluation of some soil 
characteristics such as soil texture using the spectroscopy and 
multiple linear regression method. But silt component was 

predicted with less accuracy. The present research aimed to i) 
study the key wavelengths of soil silt in the Visible-NIR-SWIR 
using the proximal sensing technology ii) analyze the spectral 
signatures and behaviors of silt components by applying the 
advanced spectrostatistical approach to proving the capability 
of the technology in Northern Iran. 

Materials and methods

Sampling operation

Based on information such as geology, soil, land use, and 
also a road map of the province128 samples according to the 
stratifi ed randomized sampling method [25] were collected 
from 20cm of soil surface of Mazandaran, Iran. Their locations 
were registered using the handheld GPS, Garmin Montana 650 
with an accuracy of about 4m (Figure 1). In the soil lab after 
some pretreatments, each sample was divided into two parts. 
The fi rst was allocated for the determination of silt particles 
ratio using the hydrometer method [26] and the second was 
transferred to the darkroom of the spectral lab. 

Spectrostatistical approach

PLSR is one of the most common multivariate statistical 
procedures is used for spectral calibration and soil properties 
prediction [5,6,11-15,27]. It extracts the successive linear 
compounds from estimators which optimally consider the 
Y-explained and the X-explained variances [6,9,13]. 

Results and Discussion 

Statistical analysis 

ANOVA indicates the little variability of the soil silt (Table 
1). Furthermore, the minimum and maximum values were 16% 
and 65% respectively. The distribution of silt contents was 

Figure 1: The geolocation of sampled points throughout the Mazandaran Province. (GCS: Lat-Long WGS 1984: 36° 38´ 06´´to 36° 54´ 59´´ N; 50° 31´ 21´´to 53° 56´ 52´´ E).
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number of latent vectors (LV) should be utilized [27]. Hence 
the full-LOOCV technique was used to gain the optimum index 
factor (OIF), favorite LV number, and avoid overprediction error 
during the process. The best number of LVs were 4 factors for 
studying the silt contents of the area based on the analyses of 
dependent and independent variables as well as the minimum 
RMSEcv and the maximum R2cv values in the calibration 
subset (Figure 3 A, B, E, F, M, N, S). Therefore the best and 
most optimum LVs were determined as the constituent of the 
silt predictive model while having the maximum descriptive 
variances (Figure 3 A-H). Consequently in accord with the 
independent and dependent residual variances as well the 
descriptive variances of silt content and spectral variables 
(Figure 3 A-G, S-V) the most of spectral and silt changeability 
can be investigated applying 4 principal components (PCs). 
According to the Hotelling T2 test on adjusted leverage (Figure 
3 H-J, U, V) likewise, the infl uence test (IFt) (Figure 3 H-L, W, 
X) proved the minor part of sample-set had a strong effect on 
the silt modeling process. It is due to the multi-modal sample 
distribution and slight variability characteristics. Based on IFt 
and residual values of variance from Hotelling and Leverage 
tests found that most of the residuals were lower than Hotelling 
T2 and leverage statistics which indicated the absence of 
heterogeneous data during the modeling process in the research 
(Figure 3 H-L, U, V, X). In the next step, the most infl uential 
spectral wavebands were calculated and determined using the 
B-coeffi cients, weight analysis, and Martens’ uncertainty test 
(Figure 3 O-R). Therefore the most effi cient spectral domains 
in the prediction of silt particles were well recognized (Figure 
3 O-Q). Accordingly, the refl ectance ranges of UV, Vis, NIR, 
and SWIR have been used effectively in the soil study of 
Mazandaran province (Figure 3 O-R). The normality test of 
residuals based on four latent vectors (LV= 4) and comparison 
of y-residual vs y-predicted showed the moderate quality of the 
silt predictive model in the soils studied in the province (Figure 
3 M, N, S, T). The fi nal estimative model utilizing the principal 
components process (PC=4) was eventually calibrated with the 
following specs, Rc: 0.55, R2c: 0.30, RMSEc: 8.31, SEc: 8.35, the 
approximate slope of 0.298, and with the defi ned bias (Figure 3 
M & Figure 4). The fi nal calibrated model was specifi ed as the 
most desirable model to predict the silt constituent in soils of 
the study area (Figure 3 M, N & Figure 4). The specifi cations 
of the total predicting model besides the statistical results are 
shown in Figure 4. Subsequently, the fi nal quality and accuracy 
of the model were calculated using two analytical statistical 
indicators: RPD and RPIQD [31,32]. Based on the LF=4: RPDc 
and RPIQc were 1.20 and 1.71 respectively. These indices 
showed the model quality and power are slightly moderate in 
predicting the silt parameter across the soils of the province. 

Validation process 

The accuracy assessment and the evaluation of the silt 
predicting model using 32 samples of the separate standalone 
subset (which were not entered into the calibration process) 
were done. According to the model obtained from the 
calibration subset (Figure 4), the silt contents of the study 
area were estimated by the refl ectance data of 32 independent 
variables and then compared with the reference values (Figure 

normal without outlier based upon the Kolmogorov-Smirnov 
normality, Q-Q plot, and Box-plot tests. Also, there were 
multi-modal status, skewness (0.248), and kurtosis (0.249) 
based on the statistical distribution (Table 1). 

Visual Analyses of Spectral Refl ectance Characteristic 
Curve (SRCC) 

Changes in the refl ectance intensity are often due to the 
differences in soil particles size and textural components 
(Figure 2). Thus soils with fi ner particles probably have much 
more refl ected energy throughout the spectrum [17,28]. The 
most obvious spectral absorption features which are specifi cally 
infl uenced by texture constituents can be seen in Figure 2 
(around 1400, 1900 and 2200nm) [6,13,17,29,30]. The apparent 
absorption feature is around 2200 nm as a result of spectral 
interaction with the mineralogical Al-OH group (Figure 2) 
[5,9,10,28]. As stated by some studies absorption peaks about 
1400 and 1900 nm are related to the presence of both kinds 
of water: crystallized and hydrated. Also, the spectral events 
around 2000 to 2500 nm can be connected with the properties 
of soil minerals [6,11]. 

Calibration process 

Before calibration samples were randomly divided into two 
parts: 75% for model creation and 25% for model validation. 
To ensure the proper distribution of samples as well as the 
correspondence of the two parts, Kolmogorov-Smirnov (KS) 
(Table 2) Student’s T and Levene’s tests were done [8]. The 
results showed full correspondence of both groups at a 1% 
signifi cance level (Table 2). 

Since predictors have many multi-collinearity to create an 
apt estimative model, the appropriate model with the optimum 

Table 1: Statistical description of samples based on the ANOVA test of silt contents.

variable min max skewness kurtosis mean median mode SD range CV%

Silt 16 65 -0.248 -0.249 41.62 43 41* 9.89 49 23.8

* Multi-modal status in which the least is written.

Figure 2: Spectral refl ectance curves of soil specimens with the circled diagnostic 
absorption features.

Table 2: The results of the K-S test of two subgroups of silt modeling process

  Sample
Sig. 

Level
KS 

statistics
Critical 

limit
p-value

Normality 
hypothesis

Calibration 96 1% 0.065 0.103 0.799 verifi ed

Validation 32 1% 0.116 0.175 0.749 verifi ed
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Figure 3: Model output: Principal components analyses of PLSR, A) Density of spectral and silt variances based on PC1&2, B) Density of spectral and silt variances based on 
PC3&4, C) Cumulative descriptive variance of silt on LV=7, D) Averaged descriptive variance of spectra on LV=7, E) Residual variance of silt on selective factors, F) Residual 
variance of refl ectance spectra on selective factors, G) Total explained variance (by number of independent variables), H) Infl uence diagram by relationships between 
variances of dependent variable, independent variable and adjusted leverage, I) F-residuals of Hotelling test, J) Hotelling stat’s (LV=4); K) Scoring of selected components 
for fi rst, second and third factors, L) Scoring for fourth, fi fth and sixth factors, M) Diagram of calibrated silt predicting model based on predicted vs reference values 
(LOOCV), N) Comparison of reference and estimated values in calibration set, O) Characterization of important spectral bands in calibrating regional model of silt based on 
b-coeffi  cients, P) Spectral loading weights (LV=4), Q) Simple b-coeffi  cients, R) Matrix diagram of relationships between b-coeffi  cients, dependent and independent variables 
(characterization of effective spectral bands in modeling process of silt prediction), S) Averaged squares of error by LVs, T) the ratio between residuals and predicted values 
in silt calibrated model, U) Residuals of variates by independent variables, V) Residuals of variates by dependent variables (silt content), W) Leverage chart on samples, X) 
Matrix chart on samples (dependent variables), independent variables and their residues.
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5). Finally, the silt content of the study area was predicted 
with slightly acceptable accuracy in the validation subset. 
Figure 5-A shows the predicted vs the reference contents 
in the independent validation subset based on the LV= 4. In 
addition, the chart of the estimated values in the standard 
deviation range was calculated and drawn (Figure 5-B). The 
results of this step were as follows: Rp (the mutual correlation 
coeffi cient in the prediction subset): 0.32, R2p (the regression 
coeffi cient in the prediction subset): 0.10, RMSEp (root means 
a square error of the prediction process): 9.61%, SEp (standard 
error of prediction): 9.63 and with the defi ned bias around 
-1.56 (Figure 5 & Table 3). Similarly, the leverage values were 
calculated based on the adjusted leverage test for the fourth 
component in Figure 5-C. Moreover, the accuracy parameters 
of the estimating model were assessed based on RPDp and 

RPIQp (Chang and Laird 2002) 1.02 and 1.14 correspondingly 
(Figure 5 & Table 3). Finally, it was found the prediction stage 
of the silt constituent in Mazandaran soils, in northern Iran, 
was relatively moderate in terms of quality and strength of the 
model (Figure 5 & Table 3). 

Also the correlation coeffi cients (R) of silt components with 
the effective spectral domains were calculated as: UV 390 nm= 
0.27, Vis 680 nm=0.31, NIR 970-990 nm= 0.32, SWIR 1400-
1410 nm= 0.34, 1910-1930 nm= 0.38, 2200-2210 nm= 0.39, 
2340-2350 nm= 0.41 and 2430-2460 nm= 0.43. In which the 
specifi ed spectral bands with the maximum of R contents 
indicate their high impacts as the independent predictors on 
the silt parameter modeling process in the studied soils of 
Mazandaran province (Figure 6). In an analogous manner, 
Cambule, et al. [33] stated the most infl uential spectral 

Figure 4: Model output: the fi nal silt predictive model based upon the samples of calibration subset: predicted vs measured silt values with model specifi cations (LF=4).

Figure 5: Model output: Validation of silt predicting model: A) predicted vs measured values, B) predicted values with errors in the standalone set, C) calculative leverages 
on validation samples (LV=4).
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wavebands to study the soil parameters around 1.4, 1.9, and 2.2 
micrometers. That is because of the presence of –OH groups 
of soil moisture as well as the moisture content in the crystal 
lattice of clay minerals. These fi ndings were in agreement with 
the results of the present research work. 

According to the model outputs in fi gure 3-O, P, Q, R and 
the correlogram in fi gure 6, the most infl uential hyperspectral 
domains involved in the modeling process of silt particles were 
determined as follows: Vis 440-580nm, NIR 890-990nm, 
SWIR 1620-1900 and 2240-2430nm which the results are 
consistent with an investigation by Curcio, et al. [22] to detect 
the spectral domains. They also expressed the spectral ranges 
of visible, NIR, and SWIR as the most effective optical domains 
in the study of soil textural constituents using the Continuum 
Removal Technique (CRT). As mentioned earlier based upon 
the process outputs, the model quality and power indicators 
(RPD & RPIQ) were calculated as: RPDc= 1.20, RPIQc= 1.71, 
RPDp= 1.02 and RPIQp= 1.14. In accord with the RPIQ values 
in the calibration subset (RPIQc), which were between 1.4-2, 
it can be concluded the models are able to estimate the silt 
content of Mazandaran soils moderately. It shows to some 
extent the acceptable quality of the predicting model utilizing 
the hyperspectral lab data in the study province. It is the low 
coeffi cient of variation and the statistical range of the silt 
content in the area beside the existing multi-modal status 
which caused to decrease in the model effi ciency. In general, 
it can be concluded that the fi nal silt model can present a 
moderate estimation throughout the Mazandaran province. In 
addition, few studies have been performed on the study of silt 
components using the hyperspectral refl ected data indicating 

that silt predicting models are generally weaker than the 
other soil textural constituents. Bilgili, et al. [34] investigated 
silt components through the integration of spectroscopy 
and spectrostatistical approaches such as the PLS algorithm. 
So they were able to predict these soil components with R2c 
less than 0.5 and RPDc of about 1.36. That is indicating the 
moderate to the weak ability of the models in some studied 
soils. Similarly, the predictive model of silt fraction developed 
by Gomez, et al. [4] had a signifi cant reduction in ability. All 
of these results were consistent with our fi ndings. Although, 
Stenberg, et al. [30] were able to estimate this textural fraction 
with RMSE of about 7.4% and RPD around 1.6 indicating the 
model quality and strength were more acceptable. 

Conclusion

During the present research, the investigation of spectral 
behaviors and signatures of soil silt components in northern 
Iran was done using the state of the art technology integrated 
with enhanced spectrostatistical analyses. In the end, it is 
highly recommended to utilize soil samples with a wider range 
of silt content to further boost and strengthen the model 
quality. In the current investigation, some obstacles such as 
confi ned statistical range, the multi-modal status of the silt 
content, and low variation coeffi cient prevented the proper and 
accurate calibration process. Hence samples with a wider range 
and variability of the soil components should be used. Finally, 
the fi ndings detected and defi ned the spectral signatures and 
behaviors of the soil silt constituent. The infl uential spectral 
domains and wavebands involved in the modeling process were 
also specifi ed based on the same methods. These results can be 
applied as a basis for measuring the silt content in Mazandaran 
soils in a faster and more cost-effective approach. Considering 
this matter, today the new generation of hyperspectral remote 
sensors with high spectral resolution perform the sensing 
of the environment, our results can be the starting point to 
accurately detecting and monitoring silt particles using the 
remote sensing platforms. However, more research needs to be 
done on the application of remotely sensed- or proximal-based 
spectroscopy for studying these important soil components. It 
is noteworthy that using this technique, the key wavelengths 
of the model can be detected. Hence the upscaling operation, 
as well as the construction of the new airborne/satellite 
hyperspectral sensors in the near future, are possible using the 
defi ned key wavelengths.
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Figure 6: Correlogram of two-tailed Pearson coeffi  cient between the active soil 
spectral constituent (the silt parameter) and the refl ected hyperspectral bands of 
samples in the study area.
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