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The use of soil spectral reflectance, which has been introduced as a new method in soil science,
is widely used in estimating the physicochemical properties of soil. The aim of this study was
to estimate the amount of gypsum in surface soils of Fars province. Based on random sampling

method, 100 soil samples were collected and measured by standard method. Spectral analysis
of soil samples was performed using a spectrophotometer in the range of 2500-400 nm. After
this stage, various preprocessing methods were evaluated and finally the percentage of soil
gypsum was modeled using two models of partial least squares regression (PLSR) and support
vector regression (SVR). The results showed that the best results for estimating the
percentage of soil gypsum are related to the SVR model with Preprocessing Savitzky- Golay
Filter with the first derivative. Also, according to RPIQ statistics, the estimation of PLSR model
for the percentage of soil gypsum in the weak class is 1.02% and for the SVR model in the

moderate class is 1.54%.

1. Introduction

The use of visible-near-infrared spectroscopy has
been introduced as a fast, inexpensive and non-
destructive method that has a good capability in
estimating different soil properties (Cambou et al,
2016). One of the most important characteristics of soil
is the amount of soil gypsum. Gypsum has more solubility
than carbonates and therefore, is under the influence of
leaching process, and this resulted in less amount in the
soil (Chaternour et al., 2020). The amount of gypsum has
significant effect on soil properties such as soil water
retention, aggregate stability and soil structure; More
than 25% gypsum has a negative effect on plant growth
and soil resilience (Smith and Robertson., 1962). Due to
the cost, time and difficulty of direct measurement of soil
gypsum, the use of indirect methods such as soil spectral
behavior and spectroscopy has become common
(Khayamim et al., 2015). So far, many studies have been
done in this field, most of which have been researched on
soil particle size, CaCO3 (Gomez et al., 2008), the soil
organic matter (Ostovari et al,, 2018) and soil moisture
(Mina et al.,, 2021). In these studies, methods such as

partial least squares regression, principal component
regression, and support vector machine have been used
to estimate the corelation between soil properties and
spectral data (Farifteh et al., 2007). Also, studies have
been reported in estimating the amount of soil gypsum
using spectral reflections. Among these studies is a study
by Chaternor et. al., 2020, they used PLSR and SVR
models to estimate the amount of gypsum using spectral
reflections of soil. Their results showed that the SVR
model has a higher accuracy than the PLSR model. In
another study, some chemical properties of soils in
Isfahan province were estimated by spectroscopy. The
properties of calcium carbonate, gypsum and organic
matter were obtained with optimal accuracy with
coefficients of determination of 0.45, 0.8 and 0.61,
respectively (Khayamim et al, 2015). Hassani et al.
(2014) estimated the properties of gypsum (RPD = 2.65),
organic matter (RPD = 1.64) and calcium carbonate (RPD
= 2.86) using spectral reflections. Gohari et al. (2017)
used visible-near-infrared spectroscopy to estimate the
amounts of gypsum, organic matter and carbonates. their
research showed better result in the percentage of
gypsum and organic matter in the good class, while it
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showed worse result in the carbonates in the weak class
due to the relative deviation of the model prediction.
Due to the importance of gypsum content, this study
was conducted to estimate the percentage of soil gypsum
with PLSR and SVR models using spectral data by
applying Savitzky -Glaye filters with the first derivative.

2. Method
2.1. Study area

The study area was Fars province which is located in
the south-central region of Iran with coordinates 27° 2'
to 31° 42' latitude and 50° 42' to 55° 36' longitude.

2.2.Soil sampling and soil analysis

Soil sampling was done randomly from a depth of 0
-10 cm. 100 soil samples were collected and then the
samples were transferred to the laboratory, air dried and
passed through a 2 mm sieve. The gypsum content was
determined by acetone method (Nelson,1982).

2.3. Spectral reflectance measurement

Soil spectral data were determined using a
spectroscopy device (NIRS-XDS) in the range of visible
and near-infrared wavelengths (2500-400 nm). 20 g of
each sample of air-dried soil with a size of less than 2 mm
was placed in a special container and then 5 scans were
performed on them (Figure 1, a). Due to the high noise at
the beginning and end of the spectral data, the range of
449-400 and 2500-2451 nm was removed from the
modeling process and then the preprocessing of the
Savitzky and Glaye filters with the first derivative was
applied to the spectral data of soil samples (Figure 1, B).
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Figure 1. The a) raw and b) preprocessed spectral
reflectance data.

2.4.Model evaluation

To predict the percentage of soil gypsum based on soil
spectral reflectance, partial least squares regression and
support vector regression were used. To evaluate the
accuracy of the models, three statistical criteria including
coefficient of determination (R2), root mean square error
(RMSE) and ratio of performance to the interquartile
range (RPIQ) were used (Mina et al., 2022).

3. Results

For the purpose of modeling, the data were randomly
divided into two sets of training (70% of data) and
testing (30% of data). Using t-test, no significant
difference was observed between the two data sets.
Table 1 shows the statistical summary of the measured
soil gypsum for both train and test datasets. All soil
samples had a low amount of gypsum with a mean of
097% and 0.99% for train and test datasets,
respectively.

Table 1. Statistical analysis of the soil gypsum, minimum,
maximum (Range), mean values, standard deviation (SD)
and coefficient of variation (CV).

soil parameter Gypsum

Train Test
Unit % %
Range 0.2-3.98 0-3.90
Mean * SD 0.972+0.64 0.992+0.68
CV (%) 65.97 68.68

a-significant difference (p< 0.05)

The values of R2, RMSE and RPIQ from modeling in
estimating soil gypsum based on soil spectral reflections
are presented in Table 2. The results of Table 2 show that
the SVR model can have a higher performance in
estimating the amount of soil gypsum than the PLSR
model. The SVR model has the highest R2 (0.85, 0.73%)
and RMSE (0.22, 0.39%) in both training and testing
stages, respectively. In addition to RMSE, the accuracy of
the model predicted by RPIQ was also evaluated.
Classification is done by Lacerda et al, 2016 into 6
classes: Very Poor with RPIQ < 1, weak with RPIQ = 1 -
1.4, Moderate with RPIQ = 1.4-1.8, Good with RPIQ = 1.8-
2, Very Good with RPIQ = 2-2.5 and Excellent with RPIQ
>2.5. The SVR model has a moderate performance using
spectral reflectance with Savitzky- Glaye filter with the
first derivative, and the PLSR model has a poor
performance in estimating the amount of soil gypsum.

Table 2. Prediction result for gypsum using partial least
squares regression (PLSR) and support vector regression
(SVR) model.
Method Train Test
Model R? RMSE RPIQ R? RMSE RPIQ
PLSR 0.74 0.30 1.97 0.57 048 1.02
SVR 0.85 0.22 210 0.73 0.39 1.54

R2 - coefficient of determination, RMSE - root mean
square error, and RPIQ - ratio of performance to the
interquartile range.

Figure 2 depicts the measured gypsum versus the
predicted gypsum using the PLSR and SVR models in
both train and test datasets. In both datasets, the points
are well-scattered around 1:1 line for SVR compared to
PLSR, which shows the better performance of the SVR
model.
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Figure 2. Scatter plots of predicted versus measured
gypsum by PLSR and SVR. a) Train set (N=70), b) Test set
(N=30). PLSR: Partial least squares regression; SVR:
Support vector regression.

4. Discussion

The t-test showed that there was no significant
difference between soil gypsum in the train and test
datasets. Table 1 shows the statistical description of soil
properties in two sets of training and testing. The
standard deviation of the amount of gypsum in the
training setis 0.64 and, in the test, setis 0.68. This clearly
shows that the test datasetis a good representation of the
dataset.

It has been used as an input parameter in PLSR and
SVR models to estimate soil gypsum using wavelengths
of the visible-near-infrared range (400-2500 nm). In
predicting the percentage of gypsum by two models PLSR
and SVR, the highest value of RZ and the lowest value of
RMSE were obtained in each training and test sets (Table
2). The results of this study are consistent with the study
by Chaternor et al., 2020. The results clearly show that
the SVR model is better for estimating soil gypsum than
the PLSR model. Research has been conducted using
PLSR and SVR models in 72 soil spectral samples in Iran.
Their results showed that the SVR model has the highest
performance in estimating soil CEC.

In another study, Khayamim et al. (2015) obtained an
excellent yield (RPIQ> 2) for the amount of soil gypsum
using the PLSR model.

Also, the SVR model had the shortest distance from
the line (1: 1) and the best fit (Figure 2).

In general, according to Table 2 and Figure 2, the
results clearly show that the performance of the SVR
model is better than the PLSR model in estimating soil
gypsum. Therefore, it can be concluded that SVR is a
more suitable multivariate method for soil spectral data.

According to Nawar et al. 2016 research, the range of
changes in the concentration of soil properties has an
important role in the accuracy of the regression model
and with an increase in changes and data breadth and
also an increase in range, the model’'s accuracy
estimation increases.

Also, according to the Wilding (1985), the extent of
the data with the coefficient of variation (CV) in the range
of > 35 is considered as a large extent. In the present
study, the CV for the training and test data sets is 65.97%
and 68.68 % respectively, which indicates the
appropriate breadth in the Collected data and has
improved the accuracy of gypsum estimation in both
models.

5. Conclusion

In this study, we explored the ability of reflectance
spectroscopy to estimate gypsum. Generally, the results
showed that there is a correlation between the gypsum
and soil spectral reflectance. Among the two predictive
models, the machine learning algorithm performed
better compared to the common PLSR method. Our
results proved that spectral reflectance is a promising
tool for efficiently assessing large areas.

Therefore, it can be said that soil spectral reflections
can be used as a rapid and alternative method in soil.

To get a better view of the performances of machine
learning methods in soil science studies, we recommend
comparing other data mining approaches such as
random forest and artificial neural networks, for the
future studies.
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