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Abstract. Prediction of Soil Organic Carbon (SOC) reservoirs is high priority in the rangelands
managements in arid and semi-arid regions. This study was conducted to estimation carbon
sequestration using Multivariate Linear Regression Analysis (MLR), Principal Component
Analysis (PCA) and Euclidean Distance from the soil line (D) on remote sensing data in semi-
arid rangelands of southwest of Neishabour, Khorasan Razavi province, Iran. The map of SOC
was prepared using a total of 102 soil samples (depth 0-10 cm). Landsat 8 images of the study
area were provided on 5 July 2018 and used to develop the models including (OLI, TIRS),
visible, near-infrared, middle-infrared, and thermal infrared bands. Models were developed using
SOC as dependent variable and spectral data of MLR, PC1 and Euclidean D soil line as
independent variables. Then, the developed models were validated using additional samples (30
points). The results illustrated that the MLR, PCA, and Euclidean D soil line models explain 62,
45, and 53% of the total variability of SOC coupled with root Mean Square Error (RMSE) values
0.09, 0.21, and 0.05, respectively. Therefore, the MLR technique could provide superior
predictive performance than that for PCA and Euclidean D soil line techniques. It was concluded
that the SOC spatial information derived using the MLR technique had much greater spatial
detail and higher quality than to that derived from the conventional soil map.
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Introduction

Soil Organic Carbon (SOC) is the major
terrestrial carbon pool (Stockmann, et al.,
2015). SOC is an important source of
nutrients for plant growth and range
production. There are some factors
influencing SOC reservoirs, including land
use type, soil type, climate, and vegetation
(Gholami et al.,2021; Loveland and Webb,
2003). SOC plays a key role in soil quality
and has plenty of positive effects on various
biological,  chemical, and  physical
characteristics of the soil. SOC is also one of
the important factors affecting soil aggregate
stability and plant production (Loveland and
Webb, 2003). (Seybold et al., 1997
Zeraatpisheh et al., 2019) found that the
SOC pool in croplands is a result of a long
history of cultivation, and thus they argued
that croplands have a large potential to
restore SOC and sequester atmospheric CO2
(Oldfield et al, 2019). This will also lead to
a gradual restoration of soil fertility and, in
many cases increase crop Yyield through
nutrient use efficiency (Oldfield et al.,
2019).

In addition, the role of SOC in improving
soil properties, nutrient cycling and crop
production to carbon sequestration in soil
and the mitigation of global climate change
effects is undeniable (Kumar and Lal,
2011).The importance of global warming in
the future is related to SOC (Prentice, 2001).
Furthermore, SOC is known as a sink or
source of atmospheric CO> depending on the
agricultural management (Smith, 1999;
Kumar and Lal, 2011). It is notable that
quantification of spatial variability of SOC
helps to have a suitable implementation of
management practices (Hummel, et al.
2001; Mendoza et al., 2003; Matinfar et al.,
2021; Sainepo Bernice et al., 2018). SOC is
often highly spatially variable as affected by
natural soil variability, climate, and
topography.
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In general, it can be said soil
management affects the return and dynamics
of soil organic matter by changing the
quantity and quality of plant debris entering
the soil, their seasonal and spatial
distribution, the ratio between terrestrial and
underground inputs, and by changing
nutrient inputs (Rotich et al., 2020; Kendler
et al. 1999). However, the quality of
prediction of the SOC content can be
increased and spatial sampling intensities
can be reduced by incorporating
topographical attributes as an auxiliary
variable source (Terra et al., 2004; Mueller
and Pierce, 2003; Guo et al,
2019). Traditionally, information on the
SOC is derived through standard procedures
of soil sampling and laboratory
analysis. Since conventional methods for
SOC monitoring are time consuming and
costly  (Omran, 2017), researchers
investigated  the  implementation  of
alternative approaches that can be applied in
different conditions and soil types (Jandl et
al., 2014) Remote sensing is also known as a
cost-effective and nondestructive analytical
technique to evaluate SOC with acceptable
accuracy (Frazier and Cheng, 1989; Mulder
et al.,, 2011). SOC has magnificent effects
on the shape and nature of the soil
reflectance spectrum. A wide spectral range
found by different researchers to assess SOC
content, suggesting that SOC is an important
soil constituent across the entire spectrum
(Ben-Dor, et al., 1999).

Ar"chi et al. (2009) developed a regional
prediction model of SOC content based on
laboratory measurements of reflectance
within the visible and near-infrared spectral
ranges. They showed good predictions of the
SOC content are therefore still possible
using a cheap spectrometer operating
between 400 and 950 nm in a regional soil
database which can be progressively
enhanced. Muhaimeed and Taha (2017) in
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application of remote sensing and GIS based
methods to predict the spatial distribution of
SOC content in southern Irag found that
approach of using statistical correlation
models derived from spectral indices
processed from Landsat multispectral
indices for a region of interest to predict
spatial variations of SOC is successful.
Frazier and Cheng (1998) used Landsat
Thematic Mapper (TM) band ratios to
categorize various concentrations of organic
matter and iron oxides. Chen et al. (2000)
reported that the reflectance of aerial
photography, illustrated a high correlation
with SOC. The initial airborne experiments
were carried out by Baumgardner et al.,
(1970) and Al-Abbas et al., (1972) to
evaluate the relationship between organic
matter and reflectance. Chen et al., (2008)
developed a relationship between the surface
(0-15 cm) SOC concentration and the image
intensity values from an aerial photograph
using a logarithmic linear equation
(R?=0.93) on a Georgia coastal plain field.
Sullivan et al., (2005) reported a high
correlation  (r=-0.78) between spectral
response remotely sensed by the IKONOS
satellite and surface (0-15 cm) organic
carbon of tilled soils in an Alabama coastal
plain field. They also showed that SOC was
negatively correlated with reflectance, the
higher SOC concentration had a darkening
effect which can lead to the reduction of
reflected energy. In other studies, SOC was
detected in the visible and NIR regions of
the spectrum, where the relationship is linear
or curvilinear (Henderson et al., 1992).
High-resolution secondary information such
as remote sensing (RS) could be applied to
obtain more detail in low extensive soil
measurements like SOC (Vagen et al.,
2013). It is hypothesized that RS imagery
may play a role in the detection of SOC
variability in rangelands according to the
relationship between SOC and forage
growth conditions since the latter was highly
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correlated with RS data (Blackmer and
Schepers, 1996; Yang and Everitt, 2002;
Wang et al. 2018). Soil line is a linear
relationship between reflectance and image
intensity in the Red and NIR wavelengths
(Campbell, 2006). Fox and Sabbagh, (2002)
used an exponential function to measure the
relationship between a pixel distance along
the soil line with the OM of the soil. Fox
and Metla (2005) developed relationships
between remotely sensed bare soil images
and surface organic matter content using
principal component analysis (PCA). The
PCA used to reduce the data dimensionality
and to indicate the components and the
schematic representation of the distribution
responsible for the spectral variability in the
dataset (Dwivedi, 2001; Ray et al., 2002).
Fox and Metla (2005) used the first principal
component (PC1) to study the SOC content
from remotely sensed data. In the present
study, we attempted to estimate the SOC by
MLR, PCA and Euclidean distance from the
soil line D models using remote sensing data
and also determine the most suitable model
representing the variability of SOC in saline
and calcareous soils of semi-arid of Iran.

Materials and Methods

Study area

This study was carried out in the South-
West of Neyshabur, Iran (36°6.36'-
36°10.38'N, 58°35.33'- 58°43.91' E) (Fig.
1). The study site covers a surface area of
about 5474 ha. In some parts of the area,
accumulation of the soil particles delivered
by surface runoff resulted in alluvial soil
formation. On the basis of American soil
classification Entisols and Inceptisols
(USDA, 2014) are widely found in this
region. Based on the long-term measured
data from 1991 to 2018 acquired
Meteorological service of Iran, the average
monthly temperature varied from 1.72 to
27.81°C. The average lowest and highest
temperatures occur on January and July,



Journal of Rangeland Science, 2023, Vol. 13, No. 2

respectively, and the average annual rainfall
was 237.9 m.
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Fig. 1. Location of the study and distribution of studied points

A total of 102 soil samples were collected
from 0-10 cm depth and sieved after drying
by a 2 mm sieve. A Latin hypercube were
used as a sampling method as shown in Fig.
1. Soil pH and Electrical conductivity (EC),
soil particle size including sand, silt and clay
content, calcium carbonate equivalent
(CCE) contents were measured in the

laboratory based on the standards of Iran
Soil and Water Research Institute. The ESP
parameter was determined by the ratio of
sodium cation content to the sum of sodium
and other cation in soil solution. The
descriptive statistics for all soil properties
are presented in Table 1.
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Table 1. Descriptive statistics of study soil

Properties Mean Min Max Std. dev
Clay (%) 296 19.0 39.0 4.98
Silt (%) 475 350 630 4.8
Sand (%) 23.0 140 36.0 6.3

Organic carbon (OC%)

Calcium carbonate equivalent (CCE %)

pH

Electrical conductivity EC (dS m™)

Exchangeable sodium (ESP %)

0.6 0.4 0.8 0.1
125 90 155 1.9
7.9 7.8 8.1 0.1
123 65 195 3.4
4.9 0.0 18.0 4.2

Multi spectral data and variables
Landsat7 ETM™ images of the study area
were provided on 5 July 2018. Since the
former date some data had been missed due
to the technical problems of scan-line
correctors, the data missing pixels were
provided via geo-statistic method. In
addition, these data were compared with
Landsat 8 images and the comparison
showed that the images of Landsat 7 present
superior data. A single band data from the
Landsat image were obtained with spatial
resolution of 30 m. Also, Atmospheric
correction was performed by the Black body
method (French et al. 2003) to eliminate the
possible effects of atmospheric factors in the
ENVI software. The subset image covering
the study area was introduced into the ENVI
software and georeferenced using the
landform map of Iran with a scale of
1:25000 with 0.1-pixel accuracy.

Soil Line concepts

The soil line approach is based on the
Euclidean distance of a pixel to the soil line
(Fox et al., 2004). The latter links to the
pixels with the smallest Red and NIR values,
that is, the darkest soil in the field. This
technique was developed to derive the
relationship between a pixel’s Euclidean
distance along the soil line and SOC. It uses
values in the Red and NIR bands for pixels
located specifically within the field of
interest and soil measurements recorded at
the same places to develop a model between
soil Digital Number in the Red and NIR
bands and SOC.

Principal component analysis (PCA)

PCA was applied to all pixels of images.
That is a way to discover factors from a set
of independent variables. Steps in PCA
included calculating univariate statistics,
covariance matrix, correlation matrix, the
eigenvalues, and eigenvectors and the
degree of correlation (Pallant, 2020). New
images representing the PC1 values also
were obtained. PC values were calculated by
ENVI software.

Multiple Linear Regression (MLR),

MLR is a statistical technique that uses
several explanatory variables to predict the
outcome of a response variable (Kuhn,
2020). The goal of the MLR is to model the
linear relationship between the explanatory
(independent)  variables and response
(dependent) variable.

Validation

Statistical analysis was done to investigate
the relationships of SOC and remote sensing
data using SPSS software. Descriptive
statistics such as means, minimum,
maximum, coefficient of variation (CV) and
skewness were also determined.

Samples were randomly separated into two
groups. The first group which included 72
samples was used to develop the models and
second group, including 30 samples was
kept for model validations. The dependent
variable was SOC and independent variables
were digital numbers, Euclidean distance D
and PCl1l values. MLR equations were
established to create models for SOC
estimation from DN and univariate
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regression models were applied for
estimating SOC by D and PC1 values. Root
mean square error (RMSE) and R? were
calculated to evaluate the performance of the
three methods. The ability of each technique
to predict SOC was investigated using
correlation  coefficients  between  the
estimated and measured SOC.

The RMSE and Mean absolute error (MAE)

were estimated based on Isaaks and
Srivastava (1989):
RMSE ={z[z*(si)—z (si )]Zln}%

MAE :Z‘[Z*(si)—z (si)]\/n

Where:

Z (si)= the measured value of z and

Z*(si) =the predicted value at the same
location, and

n=the number of validated observations.

Results and Discussion

Descriptive statistics

The descriptive statistics and variations of
SOC are illustrated in Table 2. The SOC
content of 72 soil samples varied from 0.4 to
0.8%, with a mean of 0.6 and SD of 0.1.

The remote sensing data were normally
distributed as confirmed by the Kolmogorov
Smirnov test. According to the results the
variability of SOC was low (CV=17).
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Norouzi et al. (2009) reported that the CV of
SOC in hilly slope was high 40. Terra et al
(2004) showed that the SOC was relatively
low and only moderately variable
(CV=21%). In the other study the CV of
SOC in grassland and barren area were 33.5
and 35.2, respectively (Mishra et al. 2010).

The correlation between SOC with band
1,2, 3,5 and 7 was negative, and correlation
between SOC and band 4 was positively
significant (p<0.01). The Highest correlation
was found between SOC and the DN of
Band 2 (r =-0.47) (Table 3). According to
Wu et al. (2009), positive correlation was
observed between SOC and band 4 and a
negative correlation was found between
SOC and band 1, 2, 3, 5 which were in line
with finding of our study.

As shown in Table 3, the correlation
between SOC with band 1, 2, 5 and 7 was
significantly negative (p<0.01). Broge et al.
(2005) reported that the spectral reflectance
data within the visible and near infrared
range were correlated with the SOC content
using multi-spectral aerial imagery and
topographic data. The results of Broge et al.
(2005) observed a significant negative
correlation (p<0.05) between SOC and band
1, 2, 3, 4 which was in line with our
observations (Broge et al., 2005).

Table 2. The descriptive statistics of study area soil organic carbon

Variable Unit Min Max Mean CV%

Std  No Obs.

SOC % 04 038

0.6 17 0.1 72

Table 3. Descriptive statistics of Landsat Enhance Thematic Mapper Digital number and Pearson correlation
coefficients (r) between SOC and auxiliary data

Bands Min Max Mean StDev Range Skew Correlation
SOC Vs. auxiliary data
Bandl 98 120 108.75 5.08 22 0.11 -0.47™
Band2 101 131 1165 6.75 30 -0.02 -0.48™
Band3 134 177 156.74 10.36 43 0.00 -0.27™
Band4 110 187 131.81 13.08 77 0.65 0.29™
Band5 132 211 168.93 17.43 79 0.01 -0.27™
Band7 107 173 142.4 15 66 -0.05 -0.44™

**= Significant at 1% probability level.
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Models implementation

A MLR model was developed between SOC
and the soil Digital Number (DN) in
different bands as:
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opposite of each other and soil line was
obtained for each image (Fig. 2).

It is required to identify the minimum
point along the soil line, to calculate the

S0C(%) = 0.01 (band2) — 0.013 (band3) + 0.06%ucligdea distance (D) of each pixel

With R%, MAE and RMSE values of 0.61,
0.09 and 0.02, respectively. Univariate
nonlinear models were used to develop the
relationship between SOC, the first principal
component (PC1) and Euclidean distance
(D) values. PC1 accounted for 97% of the
variance in the dataset. Therefore, among
PC values, only the relationship between
PC1 and SOC was evaluated.

Exponential functions were determined to
show the most appropriate relationships
(Fig. 2). Digital number (DN) of red and

intensity value from the soil line’s minimum
point:
Where NIR and R are the NIR and red DNs
at the sampling location, and are the NIR
and red DNs for the minimum point on the
soil line (Fox et al., 2004; Richards, 2013).
D indicates the position of pixels along
with the soil line in the dimension of DN.
The lower value of D shows that the desired
pixel is close to the soil line. The equation
was applied to the original images, and then
the images representing the distribution of D
were obtained.

NIR bands were extracted and plotted

0.9 - 0.9 -
y = 1.0222e0-003x y =0.7116e 0007
R?=0.45 2 _
0.8 - 0.8 - R*=0.55
0.7 07 |
Q 8]
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R

Fig. 2. The regression modes of SOC vs. PC1 (Soil organic carbon prediction vs. first principal component) and
SOC vs. D (Euclidean distance from soil line) and between (DN values of R vs. NIR bands)
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The models were utilized to predict SOC
values based on D soil line, PC1, and DN of
bands. In addition, linear regressions were
developed between predicted values and

2.3
2.1
1.9 4
1.7 4
1.5 4
1.3 4
1.1
0.9
0.7
0.5
0.3

OC % Estimated
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actual SOC (measured in the laboratory) to
evaluate the accuracy of each technique

(Fig. 3).

095 4
09 4
0.85 -
0.8 1
0.75 A
0.7 1
0.65 -
06 7
0.55 A
05

08 1 14 16 18

12

0OC % Measured

12

[ ST

1.4 16 18

OC % Measured

Fig. 3. The relationships between SOC Measured vs. SOC predicted in three conditions a) PC1, b) D from soil line

and ¢) MLR techniques

The statistical parameters of three models
used to estimate SOC are presented in Table
4. In this regard, MAE and RMSE also were
calculated. Estimation of the three models in
the study area resulted in root mean square
error (RMSE) values of 0.03, 0.13 and 0.09,
mean absolute error (MAE) values of 0.06,
0.11 and 0.08 using MLR, PCA and D from
soil line models, respectively.

The strongest correlation observed in
MLR that its (R?=0.56) values was higher
than those for PCA and soil line techniques.
Fox and Metla (2005) observed similar
regression coefficients in PCA, soil line, and
the MLR techniques. Our results showed

that PCA and soil line techniques were less
accurate than MLR which was in contrast
with findings of by these authors. The
relatively poor accuracies of the D soil line
and PCA techniques indicated that these
methods are not suitable to evaluate some
significant relationships between spectral
reflectance and SOC. The soil line technique
used red and NIR, failing to use the green
and short wave infrared, which were
significantly correlated with SOC (Fig. 2).
PCA reduced the variance in the data and
also in a pure bare soil image; the PC1
theoretically corresponds to the D from the
soil line, which may cause a reduction in



Journal of Rangeland Science, 2023, Vol. 13, No. 2

accuracy. Fox and Sabbagh (2002) and Fox
and Metla (2005) reported that Dvaurom soil
line and PCA can be used to select in situ
soil samples in order to detect of SOC
heterogeneity in the field. As a result, PCA
and soil line techniques present less
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accuracy when compared with MLR which
uses all data bands. Finally, with the data
extracted from the MLR model, a digital
carbon map of the region was generated by
interpolation method (Fig. 4).

Table 4. Statistical parameters of three models used to estimate SOC

Techniques R? RMSE MAE
MLR 0.67 0.03 0.06
PCA 0.47 0.13 0.11

Euclidean D Soil line 0.54 0.09 0.08
RMSE=root mean square error
MAE=mean absolute error
MLR= multivariate linear regression
PCA=principal component analysis

X

Legend 3

OC (%) 0.51 -0.54
0.54 - 0.58

N 0.40 — 0.47 i 0.58 — 0.65

1 0.47 — 0.51 | 0.65 — 0.78

)

Fig. 4. Predicted SOC map using Data from model MLR estimation

Conclusion
The study area was in arid and semi-arid
climates therefore it is necessary to identify
spatial variability of SOC content in this
climatic situation. On the other hand,
conventional methods of SOC measuring as
important indicators of nutrient quality and
carbon sequestration in soil stabilization are
very time-consuming and costly. This study
was conducted to estimate the SOC by
remote sensing data as cheap and available
data and using MLR, PCA, and D from soil
line techniques and also to determine the
best technique which explains the variability
of SOC in a hilly region of central Iran.

The strength of PCA and D from soil line
techniques in the estimation of SOC was
approximately similar. The Euclidean

distance from soil line and PC1 were
correlated with SOC; however, their
accuracy was not strong enough to predict
SOC. In general, the multivariate linear
regression (MLR) technique provided the
most accurate approach for the prediction of
SOC from remotely sensed data. MLR was
accurate enough for use in SOC mapping. It
was concluded that the variables extracted
from Landsat 7 data with the help of
statistical model can be a fast, cheap and
acceptable tool for estimating SOC in arid
and semi-arid regions.
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