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Abstract

Soil erosion and sediment yield in the downstream areas, water transfer canals, and dams are the most serious problems in the world
today. Soil erosion threatens soil resources, causes severe damage to infrastructures, and imposes high costs on agriculture,
watershed management, and natural resources. Reducing these hazards and damages due to soil erosion and sediment yield requires
the use of quantitative data to identify critical areas that require immediate protection. Due to the high cost and time consuming of
conventional methods, the use of new remote sensing technologies and satellite imagery is essential. This study used the MPSIAC
model, one of the most well-known models for estimating soil erosion and sediment yield in Iran, geographical information system
(GIS), and satellite image processing with object-oriented and pixel-based methods. For this purpose, basic data were prepared using
base maps, Sentinel-2 satellite imagery, meteorological and hydrometric data, and fieldwork. After establishing a database, the score
for each of the nine factors of the MPSIAC model was determined using the three common, object-oriented, and pixel-based
processing methods. The extent of soil erosion and sediment yield of the watershed was determined within each hydrologic unit.
Based on the results, the soil erosion and sediment yield intensities of the Lighvan watershed were classified as medium class (III).
However, the comparison of the specific soil erosion and sediment yield values obtained from the three methods showed that the use
of object-oriented methods in determining the values for land cover, land use, and current soil erosion state increased the accuracy of
the predictions (with the estimated error of 12.18% and 13.15% for sediment yield and erosion, respectively) compared to common
(with the estimated error of 15.73% and 16.71%) and pixel-based (with the estimated error of 18.78% and 19.45%) methods.

Keywords: object-oriented, pixel-based, remote sensing, Satellite image, MPSIAC model.

1. Introduction et al., 2015).

Although numerical models are used to study and
predict soil erosion and sediment yield, existing models
vary in complexity when it comes to understanding and
estimating soil erosion from field data collected with
remote sensing equipment and geographic information
systems (GIS) (Fernandez et al., 2003; Xu et al., 2009).

The main problem is that these models require
detailed and large numbers of data. However, most
watersheds lack sufficient data and hydrometric stations
(Merritt et al.,, 2003; Nigel, 2010). Therefore, it is
important to use alternative and less costly methods, such
as zonation methods, to predict and assess soil erosion.
On the other hand, modeling physical and dynamic

Soil, as the most valuable natural resource of any
country, has always been seriously threatened by erosion.
Soil erosion is a widespread problem of land degradation
and has irreversible effects on the economy, the
environment, natural ecosystems, and human life
(especially in arid and semi-arid regions). Sediment yield
caused by this process not only leads to water pollution,
but also causes dams to fill up and reduce the
productivity potential of land, environment, and natural
resources (Zandi, 2012). Soil erosion leads to nitrogen
and phosphorus runoff through the loss of fertile topsoil,
resulting in water pollution (Di Stefano et al., 2016;
Hancock et al., 2015; Tanyas et al., 2015). Several

studies have shown that several different factors such as
climate change, land use, and land cover play an
extremely important role in soil erosion (Li et al., 2016;
Diyabalanage et al., 2017; Ganasri and Ramesh, 2016;
Zhang et al., 2017). For this reason, it is necessary to
identify the factors that affect it and implement the
necessary prevention and management measures (Razavi
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processes such as soil erosion is fraught with problems
and errors. The lack of availability of accurate data
sources, the quality of the data used, scale problems in
modeling, measurement errors, and model complexity are
among the problems cited by many researchers in soil
erosion studies (Erfanian et al., 2015).

Nowadays, due to the great variety of effective
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factors identified in the soil erosion process and the need
for different, fast, and accurate analysis of information, it
is possible to obtain satellite images using remote sensing
techniques and database formation in a GIS environment
and their analysis to provide all the necessary
quantitative parameters in erosion models (Lidmaza,
2004). The main advantages of the MPSIAC model are
the quantification of the sediment yield and the
consideration of the largest number of effective factors
for soil erosion. The MPSIAC model predicts soil
erosion based on nine factors, including geologic
features, soil, climate, runoff, topography, vegetation
cover, land use, current soil erosion, and stream bank
erosion (PSIAC, 1968). MPSIAC is believed to be
suitable for environmental conditions in Iran
(Bagherzadeh, 1993; Sadeghi, 1993).

Remote sensing and GIS are advanced systems for
natural resource studies (Feizizadeh et al., 2020),
especially for studies on soil erosion and sediment yield
in watersheds (Lin et al., 2002; Qiao and Qiao, 2002;
Sahin and Kurum, 2002; Martinez-Casasnovas, 2003).
Due to the time and cost savings and more accurate
results than conventional methods, they have been widely
used by researchers and used as a powerful and cost-
effective tool in various studies (Holbling et al., 2015). In
addition, many advances in computer science and
artificial intelligence have led to the development of new
techniques. One of these techniques is object-oriented
analysis, which automatically extracts natural objects
from satellite imagery (Feizizadeh and Salmani, 2016;
Feizizadeh et al., 2017; Feizizadeh et al., 2018; Batz et
al., 2000). In fact, the object-oriented analysis method is
one of the most important classification methods for
extracting information from satellite imagery. In this
method, the desired effects are identified based on the
spectral, morphological, and contextual features of the
object and using expert knowledge (Brodaski et al.,
2006).

Spectral similarities of various phenomena on the
Earth's surface and the resulting interference in the
classification of satellite images required the use of
spatial and environmental information such as
compactness, shape, location, pattern, etc. This
important requirement was realized by processing
object-oriented satellite images (Blashaki et al., 2014).
In the object-oriented method, the images are
segmented based on the spectral, physical, and
geometric parameters of the ground phenomena
recorded on the image, and the image processing units
are changed from pixels to image phenomena or
segments. As a result of this change, information
processing became more comprehensive and object
extraction more accurate (Feizizadeh et al., 2007). This
technique was performed as an iterative process by
performing the steps of image segmentation, training
data extraction, feature space optimization, and
selection of appropriate classification algorithms in the

eCognition software to obtain the highest membership
level for each of the visual objects. Finally, each of the
visual objects should be assigned to one (or none) of the
classes (Feizizadeh and Salmani, 2016; Feizizadeh et
al., 2009; Abedi et al., 2015). Considering the possibility
of simultaneous review of all the required parameters in
erosion and sediment yield studies, using conventional
methods is time-consuming and costly, on the other hand,
the lack of accurate and quantitative data, Researchers
have turned to using new methods and up-to-date data to
speed up their analyzes and increase the accuracy of their
analyses. Currently, new techniques have greatly helped
to improve the qualitative and quantitative levels of
studies in the agriculture field. Therefore, the objective of
the study was to evaluate object-oriented and pixel-based
processing techniques for soil erosion and sediment
prediction and mapping using the empirical MPSIAC
model in the Lighvan watershed, northwest of Iran.

2. Materials and methods
2.1. Study area

The study area was Lighvan watershed (between
latitudes 37° 45' 00" N to 37° 50' 00" N and longitudes
46° 25' 00" E to 46° 26' 00" E). The Lighvan watershed,
with an area of 76 km? and a perimeter of 42.13 km is
located on the northern slope of the Sahand Mountains,
East Azerbaijan Province, Iran (Figure 1). For
homogenizing the working area, the watershed was
divided into 13 units (Figure 2) based on the DEM, slope,
hydrology, geological, and vegetation maps using
ArcGIS and the eCognition software.

2.2. MPSIAC model and conventional method of
evaluating the factors

The MPSIAC model uses an aggregation of scores for
nine different factors including geologic features, soil,
climate, runoff, topography, vegetation cover, land use,
current soil erosion, and stream bank erosion to predict
soil erosion and sediment yield (Table 1) (PSIAC, 1968).
These required data and maps were obtained from the
National Cartographic Center of Iran, the Regional Water
Company of East Azerbaijan, and the hydrological
station of the basin. In addition, field assessments were
conducted to identify the natural characteristics of the
watershed, adjust the available maps of the study area,
identify the current soil erosion types, assess the
condition of vegetation, and take ground control points
using GPS. To this end, regional erosion and sediment
yield reports were prepared during fieldwork in the study
area; and erosion status and types were studied in the
units of the watershed. Soil samples (135 samples from
the surface layer of the soil) were collected for laboratory
testing and characteristics of soil samples (soil texture,
bulk density, percentage of organic matter and calcium
carbonate equivalent, EC, pH, and SAR) were measured.

After determining the point values for all factors, the
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Fig 1. Location of the Lighvan watershed in East Azerbaijan Province, Iran.
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Table 1. Factors used for the MPSIAC model with the descriptions and scoring functions.

Factors Equation Domain of value Description
_ X1 determined based on stone type hardness
Surface geology Y, =X 0to 10 and fracture
Soil Y, =16.67X, 01010 X2 is the soil erodibility factor in the USLE
model
Climate Y; =0.2X, 010 10 X3is 6-h raquall intensity with a returning
period of 2 years (mm)
_ R is annual runoff elevation (mm), and Qp is
Y4 =0.006R +1 . . P
Runoff 4 =0.006 0Qp 0to 10 specific peak discharge measured (m3s 'year™)
Topography Y5 =0.33X5 0to 20 X is the average slope (%)
Land cover Y =0.2X¢ -10to 10 X is the bare grounds at each land unit (%)
Land use Y; =20-0.2P, -10to 10 P. is the canopy covering each land unit (%)
Current state of erosion Yg =0.25SSF 010 25 S.S.F is the score of soil surface erosion in the
BLM model
Gully erosion Yy =1.67SSFg 010 25 S.S.F.g is the score of gully erosion in the

BLM model

Table 2. Parameters layer weights used for the segmentation processes in this study

Bands 2 to 8
Parameter Scale Shape Compactness Slope DEM Sentinel-2 images
Layer Weight 50-70 0.6-0.7 0.3-0.4 0.0 0.0 1.0

sediment yield for each unit was calculated using the
following equation:

Q, =38.77¢"0333R (1]

where Qs is sediment yield (m?/ km? year) and R is
sediment yield rate, which is the sum of the scores for the
nine effective factors in sediment yield prediction by the
MPSIAC model.

Equations 2 and 3 were used to calculate the
sedimentation delivery ratio (SDR):

LogSDR =1.877-0.142x LogS [2]
SDR =Y 3]
E

where SDR is the sedimentation delivery ratio (one
square mile) and S is the area of the working unit of the
watershed (in square miles), SY is the sediment yield (m?
km? yr!) at the watershed outlet, and E is the total soil
loss (m?® km? yr'!), defined as the total eroded soil on the
lands eroding above the watershed outlet. Once the
sediment yield of the study area is determined, Table 2
can be used to classify the study area based on its
sediment yield production capability.

2.3. Research scenarios

The MPSIAC model-required scores of three factors
including land cover, land use, and current erosion state
were evaluated using field campaigns and available maps
and filling the scoresheets by user (known as
conventional method) as well as using satellite imagery
applying object-oriented and pixel-based image
processing algorithms. The scores for the remaining
factors were determined using the conventional methods
as explained in the MPSICA user manual. Finally, the
accuracy of the erosion and sediment predictions for
these three different scenarios were subjected to
statistical analysis. Figure 3 illustrates the steps taken for
sediment mapping in the study area.

2.4. Satellite images

MSI-Sentinel-2 satellite imagery (August 23, 2016) was
used to assess the land cover, land use, and current
erosion condition (surface erosion) factors. During initial
preprocessing, the Sentinel-2 satellite images were
atmospherically corrected and georeferenced using
SNAP software (Mueller et al., 2016). They were
analyzed and processed using ERDAS, ArcGIS, and
eCognition.
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2.5. Pixel-Based Image Analysis

In the image processing phase, we first performed
detection functions and then image classification based
on basic pixel methods (Feizizadeh et al., 2016). In
digital remote sensing images, each pixel has a specific
numerical value that reflects the spectral behavior of the
corresponding phenomenon on the ground. By analyzing
the numerical values of the digital images, it is possible
to identify and classify terrestrial features (land cover,
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land use, and current erosion state) on the image. This
type of classification based on the numerical value of
pixels, where phenomena with the same numerical value
are classified into a group, is called basic pixel
classification (Feizizadeh and Helali, 2009).

In order to pixel base images analyze, we used the
evaluation of correlations among the bands, the band
composition from 2 to 8 in the Sentinel-2 images was
selected and used together with DEM, geology, and slope
layers for classification and detection. In the next step,
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Fig 4. Segmentation map of Lighvan watershed with multiresolution algorithm (scale size 100)

using training patterns generated based on collected data
with  GPS, through field sampling, pixel base
classification was done. For this purpose, the training
patterns were implemented on the image processing
software and the resolution of the classes was calculated
by extracting the features in terms of their spectral and
statistical signs. Finally, the spectral features of the cases
were known sufficiently, classification was performed
based on the base pixel algorithm.

2.6. Object-Based Image Analysis (OBIA)

Image segmentation is performed using various
algorithms such as multiresolution, Chessboard,
Quadtree, and Contrast Split Segmentation. In this study,
bands 2 to 8 of Sentinel-2 images along with DEM and
slope layers were selected and different scaling
parameters (10 to 100) and shape and compactness
coefficients (total equal to one) were defined in the
eCognition software. Then, the segmentation process is
performed with different methods by trying the scaling
parameters and heterogeneity weighting of the softness
and compactness parameters and comparing the results of
each of them. Finally, the multiresolution segmentation
method was selected as the most suitable method for this
step of image processing (Figure 4).

The visual objects resulting from the segmentation
process are the basis of object-oriented classification.
Since they have many features corresponding to
terrestrial phenomena, this directly affects the quality of
the object-oriented classification (Feizizadeh, 2017). For
these reasons, segmentation parameters (including scale,
shape, and compactness) for each of the erosion classes
(surface, rill, and gully),the vegetation, and land use
classes were selected for segmentation of the image using

the multiresolution segmentation method, and the degree
of homogeneity and compatibility of the created segment
with the training samples was evaluated. Finally, the
most appropriate dimensions of the visual objects with
the effects in the image were selected as segmentation
dimensions for detection and classification (Table 2).
Object-oriented classification is a reproducible
process based on fuzzy techniques. In this process,
identified segments are evaluated according to the degree
of membership to the specified classes and are classified
into the class with the highest degree of membership
(Faizizadeh, 2017). Thus, after classification, each image
object is assigned to one (or none) of the classes. By
determining the features in terms of spectral information
and geometric properties, fuzzy logic operators are also
used in this research, including AND, ALP, OR, MAR,
MGE, and MGEW (Aksoy and Ercanoglu, 2012), and by
training the system with training data (sampling with
field operations and recording their spatial information
with GPS), we defined the appropriate conditions for
classification in the eCognition software. It should be
noted that to compare the results of the methods used in
this research (object-oriented and pixel-based), a
common training dataset was used for both methods.

3. Results and Discussion

In this study, three different scenarios were used to
evaluate the required factors of the MPSIAC model to
predict soil erosion and sediment yield in the Lighvan
watershed in northwestern Iran. Table 3 shows the scores
for these factors from the different scenarios and the final
values for the soil erosion and sediment yield predictions.
According to the results presented in Table 3, the
summation of the scores factors (R) of the whole
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Table 4. Determination of the annual sediment yield and erosion classes in the MPSIAC model

) o ) ) Sediment Yield Sedimentation Intensity
Erosion class Qualitative classification
m3/km? yr %

Vv Very High >1450 100-150

v High 450-1450 75-100

11T Moderate 250-450 50-75

11 Low 95-250 25-50

I Very low <95 0-25

watershed was 62.97 and the annual sediment yield was
2.34 tons/ha/year. The comparison of the annual
sediment yield obtained by the conventional estimation
method of the MPSIAC model (scenario a) with the
values obtained by the object-oriented (scenario b) and
pixel-based (scenario c¢) methods (2.21 and 2.28,
respectively) shows that the use of remote sensing,
especially the object-oriented method, can be a good
alternative to the conventional scoring method of
MPSIAC model. This is because the use of the remote
sensing method not only saves the cost and time of
fieldwork, but also provides the opportunity to conduct
comprehensive and continuous studies in time series
(Alavipanah, 2012; Ramachandra et al., 2004).
Eliminating researchers' errors in assessment, usually
through personalization, also increases the accuracy of
estimates. The values obtained for the three factors (land
cover, land use, and current erosion status) were
compared.

Using Eq. 1 and the values given in Table 3, sediment
yield was predicted for the study area and its working
units. Finally, the predicted sediment yield was classified
into different classes using Table 4 (Refahi, 2017).

According to the standard sediment yield grade
classification matrix (Table 4), the entire watershed is
classified as a medium class, and working units Al and
A7 with minimum and maximum sediment yield were
classified as low and high sediment yield classes,
respectively. Table 5 shows a comparative plot of
sediment yield in the Lighvan watershed based on the
three methods used in this study. The erosion rate of the
watershed is the main target of erosion and sediment
yield studies. However, since some of the eroded soil
sediment yields on the surface of the watershed during
transport out of the watershed and does not reach the
sediment yield and hydrometric stations, the amount of
eroded soil calculated at the stations is less than the
actual amount. Therefore, the amount of sediment yield
calculated at the station is less than the actual amount of
eroded soil from the watershed. In this study, to
accurately estimate the amount of erosion, the specific
erosion was determined and then the total erosion was
estimated by this factor.

After analyzing and evaluating 9 factors affecting

erosion, sediment yield intensity and one class thereof in
each working unit were determined, and the area and
percentage of the area of each class in each of the
working units of the watershed were calculated (Table 5).
The erosion and sediment yield classes of the watershed
studied were classes II and III, which have low and
medium sedimentation intensity, respectively.

Working unit Al, which covers 2.55% of the total
study area, was classified as sedimentation intensity class
11, and the erosion rate is low. The vegetation in this unit
is in good condition, and most of it is covered by
agricultural land and gardens. In this regard, this unit had
the lowest values of 3, 3.04, and 3.33 for land cover
factor and 4, 4.12, and 4.71 for land use factor based on
the scores of the three methods used in this study
(conventional method (a), object-oriented method (b), the
pixel-based method (c), respectively) (Table 5).
Accordingly, the amount of erosion and resulting
sediment yield in this unit is the lowest compared to the
other units (a=1.14, b=1.07, and c=1.14 t/ha/year). The
highest amount of erosion and produced sediment yield
occurs in unit A7 (a=3.32, b=2.88, and c=3.11 t/haly),
which covers 12.99% of the total study area. This is
followed by units A8 and A12 with the highest amounts
of production sediment yield. These three classes,
together with the other classes (except for class Al) were
classified as erosion and sediment yield group III. This
covers a total of more than 97% of the study area. It can
be concluded that erosion and sediment yields are so
severe in these areas that the implementation of soil and
water conservation programs is necessary and a priority
and the use of these areas is very limited.

According to the results in Table 5, the amounts of
specific erosion and sediment yield calculated for the
Lighvan catchment were compared. According to this
table, the amount of specific erosion in the catchment
calculated by the conventional method (a) is larger than
that calculated by the other two methods, object-based
(b) and pixel-based (c), and the object-based method
accounts for the lowest calculated amount. The amount
of special sediment yield estimated by the above methods
is equal to the magnitude of special erosion. In other
words, the two methods using satellite image processing
to evaluate the MSPAC factors and estimate the specific
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Table 6. Comparison of estimated erosion and sediment yield with MPSIAC model and measured data at Lighvan watershed

MPSIAC model

Parameter measured

usual method

object-oriented method  pixel-based method

Specific sediment yield (ton/ha/year) 1.97 2.28 2.21 2.34
Total sediment yield (ton/year) 14727.72 17074.4 16522.9 17464.6

specific soil erosion (ton/ha/year) 3.65 4.26 4.13 4.36
Total soil erosion (ton/year) 27273.55 31882.5 30852.8 32610.9

Table 7. Percentage of the estimation error of estimated parameters compared with measured

MPSIAC model
Parameter - - -
usual method  object-oriented method  pixel-based method
Specific sediment yield (ton/ha/year) 15.73 12.18 18.78
specific soil erosion (ton/ha/year) 16.71 13.15 19.45

erosion and sediment yield have lower estimated values
than the conventional method.

3.1. Evaluation of the accuracy of estimation

After estimating the specific erosion and sediment yield
of the Lighvan watershed using the MPSIAC model, the
results were evaluated and compared with the measured
sediment yield and erosion amounts in the hydrometric
station of the Lighvan watershed to evaluate the
applicability of this model to compare the three
evaluation methods (conventional method, object-
oriented method, and pixel-based method), which is
shown in Table 6.

Table 7 shows that the specific erosion and sediment
yield values estimated by the MPSIAC model differ
slightly from the measured values at the Lighvan
hydrometric station. Of course, all three methods used for
estimation  (conventional method, object-oriented
method, and pixel-based method) overestimated specific
erosion and sediment yield compared to the measured
one. The overestimation rate of the above methods was
evaluated according to Equation 4, and its amount for
each of the estimation methods is shown in Table 7.

OV = [wj*loo [4]
Me

Where OV is the percentage of estimation error, Es is the
amount of estimated sediment yield and soil erosion, and
Me is the measured sediment yield and soil erosion.
Table 7 shows that the amount of specific sediment
yield determined by the MPSIAC model (using all three
methods) was overestimated. The object-oriented method
estimated both the specific erosion and sediment yield
parameters more accurately (the estimation error is

12.18% and 13.15%, respectively). While the pixel basis
method has the highest estimation error (the estimated
error is 18.78% and 19.45%, respectively). In other
words, the object-oriented method reduces the estimation
error by about 6%. This error reduction in the object-
oriented method is about 3% compared to the
conventional method. Thus, the object-oriented method
estimated both the specific erosion and sediment yield
parameters more accurately than both the conventional
and pixel-based methods.

4. Conclusion

In this study, the MPSIAC model and the remote sensing
and satellite image processing method were used. For the
evaluation of three out of nine factors of the model (land
cover, land use, and current erosion condition) the
conventional, pixel-based, and object-oriented methods
were utilized. The results showed that the use of remote
sensing while reducing the cost of field studies and
saving time, increased the accuracy of the estimation of
erosion and sediment yield in the object-oriented method
(about a 3% reduction in the estimation error compared
to the conventional method). However, when using the
pixel-based method, the accuracy of the soil erosion and
sediment yield estimates decreased being 3% higher than
the conventional method. This decrease in accuracy
probably is due to using only the numerical value of pixel
spectral information in image classification, which is
eliminated and reduced in the new object-oriented
method due to the use of other information such as
texture, shape, position, and content in the classification
process that in consequence increases the degree of
image classification accuracy and the accuracy of the
estimations (Blaschke et al., 2014; Feizizadeh et al.,
2017). In other words, geometric features as one of the
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most important algorithms of object-oriented processing
led to better results in extracting maps of land use, land
cover, and the current state of erosion from satellite
imagery. The results of this study confirm the superiority
of the object-oriented method over the traditional pixel-
based method in classifying satellite imagery, and show
that comparing different classification techniques and
identifying the most efficient object-oriented algorithms
for evaluating each of the nine factors of the MPSIAC
model can speed up erosion and sediment yield
investigations and save time and cost.

Based on the results obtained from the use of the
object-oriented method in the analysis of satellite images,
and increasing the accuracy and speed of MPSIAC model
estimation, it is suggested that the use of satellite images
with high resolution and accuracy, along with the use of
object-oriented processing method, given more attention
by researchers in the studies related to soil science,
especially soil erosion and sediment yield.
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