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Abstract

Vegetation density extraction is influenced by the characteristics of satellite images, vegetation type, classification algorithm,
and region, but there is little information about multispectral imaging (MSI). Studying the compatibility of the information
content of sensors to replace sensors in areas where there is no easy access to their data is necessary for remote sensing (RS)
studies. This study aims to assess the suitability of MSI from Sentinel-2 and Spot-5 satellites for generating pasture density
maps. The Middle Kashkan watershed in the Lorestan Province of Iran was the study area. Geometric correction of the
images was performed using ground control points (GCP) and the area's digital elevation model, achieving an accuracy of
0.21 pixels or better. Supervised classification techniques including parallelogram, minimal distance, maximum likelihood,
and artificial neural network (ANN) algorithms were applied to the primary MSI of each satellite, as well as the integrated
image of Spot-5 and the resulting pasture density map. Three density categories were considered: 5-25%, 25-50%, and over
50%. To validate the accuracy of the classification, a ground truth map of the region was created by interpreting a referenced
official digital orthophotomosaic image at a scale of 1:40,000. Comparative analysis of the classified images revealed that the
Sentinel-2 image with PCA-2-8 band composition and ANN classification algorithm yielded superior results, with an overall
accuracy of 65.72% and a kappa coefficient of 0.08, compared to the Spot-5 image with PCA-3-1 band composition and the
ANN classification algorithm. Spot-5 satellite images demonstrated greater effectiveness in generating pasture cover maps
across the three density categories. These findings suggest that satellite images with suitable spatial and spectral resolution
can be effectively utilized for generating accurate pasture density maps and monitoring long-term pasture preservation,
particularly in regions characterized by high aerial photography altitudes in pasture areas. This approach holds the potential
for effective pasture management and conservation efforts on a global scale.

Keywords Supervised classification - Multispectral imaging - Band composition - Sentinel-2 - Spot-5 - Overall accuracy -
Kappa coefficient

Introduction

With the rapid development of the population, as well as the
destruction and limitation of resources, it is now necessary
to understand the various aspects of the natural environment
to apply scientific management (Zahoor et al. 2022). In addi-
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It is costly and time-consuming to collect data from
expansive pastures using traditional methods. Using con-
ventional methods to collect data from expansive pastures
is expensive and time-consuming (Dastgheyb Shirazi et al.
2021a, b). Although aerial image mosaics produce highly
accurate maps, the process is lengthy. Therefore, it is essen-
tial to employ simple and inexpensive procedures based
on the region's characteristics and the type of information
desired (Phiri et al. 2020). In such circumstances, satellite
images are a viable option. Due to benefits like multi-spec-
trally, imaging in extremely short periods, and availability,
satellite images have made it feasible to extract information
in the shortest time possible and monitor the change process
(Alvarez-Hess et al. 2021). There is a long history of using
satellite images to extract vegetation data and create maps.
However, one limitation of some MSI is their lack of spatial
resolution, making it difficult for the RS community to pro-
cess land use and land cover maps accurately and quickly
(Gémez et al. 2016).

As a result, given the availability of MSI, selecting the
right image can reduce the cost of making national maps and
improve the precision of provided statistics (Li et al. 2021).
In addition, it is possible to develop thematic maps for pas-
ture studies, such as the map of pasture density and the map
of restored regions, and to use RS methods and images to
assess changes over time (Oliveira et al. 2020).

The Sentinel-2 satellite is the latest generation of earth
observation satellites belonging to the European Space
Agency, which is mainly designed to monitor resources in
land and coastal areas (Drusch et al. 2012). This satellite
was launched in 2015 and compared to the Landsat series of
satellites, it has better spatial, spectral, and temporal resolu-
tion. This satellite has made it effective in different applica-
tions such as forest classification and product monitoring,
detecting built-up areas, and water environment monitoring
(Immitzer et al. 2016; Lefebvre et al. 2016; Paul et al. 2016;
Pesaresi et al. 2016). The most important limitation of using
this data in monitoring the phenomena is the short period
of activity of this satellite as well as the limitations related
to obtaining data in cloudy conditions (Vajsova et al. 2020).
As aresult, in long-term monitoring using time series, it is
necessary to use the images of other sensors that have the
most matching information content with Sentinel-2 images.
The long-term and free archive of Landsat images is the best
option to check this match (Crawford et al. 2023). The data
from two sensors have made it possible to investigate visits
of less than 5 days for a specific area with moderate spatial
resolution (Bannari 2019). As a result, the simultaneous use
of these two meters provides the possibility of monitoring
resources in short time intervals.

Comparing the data content of different sensors to replace
them in cases where it is not possible to access any of the
sensors has been investigated in many researches (Korhonen
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et al. 2017; Zhang et al. 2018). This lack of access can
include the restrictions applied to users of some countries
or the existence of unfavorable weather conditions for tak-
ing satellite images. In this situation, alternative gauge data
can be used. Zhang et al. (2018) investigated the effect of
atmospheric correction on spectral indices extracted from
Sentinel-2 sensors and Landsat 8 images. The findings of
this study showed that the normalized vegetation index
(NDVI) extracted from Sentinel-2 and Landsat 8 data does
not have statistically significant differences with each other
and that the NDVI values of one gauge can be used instead
of the NDVI index of another gauge if necessary. In another
study, the area index made from the MSI of these two satel-
lites was extracted and compared with each other (Xi et al.
2019). The researchers concluded that the Sentinel-2 sensor
has a better performance for extracting built-up areas (Feng
et al. 2021). This superiority is more apparent when using
spectral indices in the classification process. The Landsat
image showed the area of built-up areas more than the vali-
dation data (Xie et al. 2020).

A review of the literature shows that, in general, in most
studies, there is a good match between the corresponding
bands in Iran of the MSI of these two satellites (Forou-
zan & Arfania 2020). Despite the extensive use of Sen-
tinel-2 data, no specific research has been done to check
the information content of the Sentinel-2 MSI sensor and
Landsat 8 OLI. Most previous research has investigated
other types of sensors. Alavipanah et al. (2006) com-
pared the correlation of bands thematic mapper (TM) and
enhanced thematic mapper (ETM™) in two desert areas and
an urban area located in the semiarid region of Damghan.
The results showed that in both regions, the correlation
between the thermal band and reflective bands between
the two sensors is low, so they do not contain duplicate
information. Also, numerous scholars have investigated
vegetation cover using satellite images and concluded that
this technique is appropriate for investigating the dynam-
ics of pasture vegetation (Malinowski et al. 2020). Huong
et al. (2017) extracted eleven classifications from Senti-
nel-2 images in the Dak Nong area of Vietnam and applied
them to create a map of the land use and vegetation in
various seasons using four classification methods. Overall
accuracy for all seasons and classification methods ranged
between 63.9 and 80.3%, while the kappa coefficient was
between 0.611 and 0.80. Several studies demonstrate that
the characteristics of satellite images, the type of vegeta-
tion, the classification algorithm, and the examined area all
significantly impact the extraction of vegetation density.
Rudiastari et al. (2018) utilized Spot-6 data to generate a
biomass map of mangrove forests in Indonesia's East Lem-
bak. They concluded that estimating the amount of bio-
mass in the mangrove forest is necessary for determining
how productive and sustainable it is, as well as how much
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carbon can be released as carbon dioxide during deforesta-
tion. Abdi (2020) created the South Sudan land use map
using Sentinel-2 satellite imagery and nonparametric clas-
sification methods. The findings revealed that the support
vector machine method performed much better in extract-
ing the land use map, with an overall accuracy of 75.8%.
Tawab and Fantan (2020) assessed land use changes in the
north-western areas using Landsat TM satellite imagery
and supervised classification. The results indicated that the
kappa coefficient for the land use map in 1986, 2002, and
2018 was correspondingly 0.79, 0.83, and 0.89.
Considering the free access to the archive of the Land-
sat satellite series and the Sentinel-2 data, it seems neces-
sary to check the compatibility of the information content
of these two sensors. In case of acceptable compliance,
it is possible to use the combined images of these two
satellites in a long-term time series with medium spatial
resolution. To the best of our knowledge, few previous
studies have used Sentinel-2 and Spot-5 MSIs to create a
density map of pasture cover. For this purpose, the current
research aimed to compare Sentinel-2 and Spot-5 MSIs to
create a density map of pasture cover in the middle Kash-
kan drainage basin in Lorestan Province, Iran. To do this,
in the first part, the correlation of the corresponding bands
of the two sensors was investigated. Then, the effective-
ness of these two sensors in classifying the land cover in
a heterogeneous area has been measured. An ANN algo-
rithm was used for classification, and finally, the results
were validated using existing maps and satellite images
with high resolution. Therefore, the major innovation of
this study lies in the integration of high-resolution Sen-
tinel-2 data and Spot-5 MSIs and an ANN algorithm for
creating a density map of pasture cover at a fine scale.

Materials and methods
Study area

The study area is 33,196 ha in western Iran, with a longi-
tude of 48° to 48° 07" 30" and latitude of 33° 45’ to 33° 52’
30". The area's highest and lowest elevations are 3639 and
1812 m above sea level, respectively. The maximum annual
precipitation in the region is 1212 mm, while the lowest is
53 mm (Azadi et al. 2020) (Fig. 1).

Methodology

Sentinel-2 satellite images from 2018, with a polar orbit and
13 spectral bands in the visible, near-infrared, and short-
infrared ranges, were used in this study. In terms of spatial
resolution, these bands fall into three groups. Bands 2, 3, 4,
and 8 have a spatial resolution of 10 m, whereas bands 5, 6,
7,11, and 12 have a spatial resolution of 20 m. Bands 1 and
9 have a spatial resolution of 60 m. In addition, the Spot-5
satellite's HRG sensor data from 2018, which involves four
MSI bands (green, red, near-infrared, and mid-infrared) with
a spatial resolution of 10 m, was utilized. Two sheets of the
area's 1:25,000-scale topographic map were used to recog-
nize and explore the area and assist in creating the ground
truth map. Figure 2 shows the flowchart of the study imple-
mentation process.

Quality assessment of satellite data
Before using satellite data for digital analysis and geomet-

ric correction, the data's geometric and radiometric errors
were evaluated for accuracy. No anomalies were found while
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Fig. 1 Location of the study area
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Fig.2 Flowchart of study implementation process

analyzing the radiometric quality of the satellite data for
errors such as striping, line drop-outs, and duplicate pix-
els using image magnification and checking histograms and
related statistics. The satellite data were georeferenced with
the ground truth map via nonparametric geometric match-
ing of the images, using maps and GCPs. Fifty-five GCPs
were selected from the 1:25,000 digital topographic map
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of the region for this purpose, and geometric matching was
performed using the first-order equation with an RMSE of
0.21 pixels. The nearest neighbor method was used for resa-
mpling. The geometric correction was done well by stacking
the line features on the images.

Principal component analysis (PCA)

Given the ability to apply multiple processes to satellite
images as well as the original data during the data analy-
sis process, several processing methods, such as principal
component analysis, have been applied to the data of both
sensors. In this technique, the statistical properties of several
bands are employed to evaluate data into its primary compo-
nents. This method generates new images based on the num-
ber of available bands and the degree of correlation between
bands. The first band contains the most information, the
highest standard deviation, and the highest variance; these
values decrease with each succeeding band. After creating
the available images using the principal component analysis,
the first band with the most information was used to prepare
the optimal band combination and classify the images.

Classification and preparation of pasture density
map

The necessary procedures were carried out on the color
image after selecting the trained samples required for the
classification of pasture density in the area, following the
region's knowledge and using the collected secondary infor-
mation. Satellite images were classified using the appropri-
ate band set and the parallelogram, minimum distance, maxi-
mum likelihood, and ANN algorithms.

Ground truth map

To verify the classification accuracy of satellite data, a
ground truth map is required for comparison purposes. The
cluster-systematic sampling method was used to generate
the ground truth map for this study. At the intersection of
UTM lines and 1:25,000 maps, a basic grid with dimensions
of 1000 m by 1000 m was created for this method. From
this grid, 117 samples were collected, and the GPS coordi-
nates of the sample centers were recorded in two directions.
In each plot, north—south and east-west samples were col-
lected. In addition, the percentage of pasture covering in
each sample plot was calculated based on the sample plot's
area, and according to the Natural Resources and Watershed
Management Organization of Iran's standard, it was catego-
rized into three density classes: 5%-25%, 25%—50%, and
more than 50%.
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Accuracy assessment

To assess the accuracy, the results of the digital categoriza-
tion of satellite images were compared to the ground truth
map and control points, and error value evaluation tables
were created. The accuracy was examined using criteria for
overall accuracy and the kappa coefficient.

Overall accuracy This accuracy gives the overall results
of the confusion matrix. It is calculated by dividing the
total number of correct pixels (diagonal values) by the total

Table 1 Kappa coefficient classification

number of pixels in the confusion matrix. On the other hand,
accuracy levels that are accepted by users may not be accept-
able by other users for a certain task (Geremew 2013).

Kappa coefficient (KC) The kappa statistic was used to
measure the agreement between two sets of categorizations
of a dataset (Table 1) and used to estimate the accuracy of
predictive models by measuring the agreement between the
predictive model and a set of field-surveyed sample points
(Moriasi et al. 2007).

Results and discussion
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ETM + sensors. The map of canopy density was produced
in the categories of 5%-25%, 25%—-50%, 50%—75%, 75%-
100%, and one layer without forest. The optimal index factor
method was used to determine the optimal band combina-
tion. The five images of Sentinel-2 and Spot-5 were pro-
duced by combining the four primary bands and the first
band derived from the data analysis of principal component
analysis.

The optimal band composition for Sentinel-2 is thus 8-4-
2. With the PCA band applied, the optimal combination
would be 8-4-PCA. The best possible band combination for
Spot-5 is 1-4-2-1, while the optimal band combination for
PCA is 1-2-PCA. This research showed that it is possible to
distinguish between pasture and agricultural areas on aerial
photographs of the area and also on existing images. Fur-
thermore, in the preparation of the ground reality map, the
interpretation of aerial photographs alone is not enough, and
other auxiliary elements should be used in the map produc-
tion process. Among these elements used are existing maps,
field control, and familiarity with the situation of the region.
Finally, the ground reality map was prepared in the form
of a map of pasture and non-pasture areas, as well as three
classes of pasture in the target area.

Fig.4 Classification of pasture
areas into three density classes
A: Sentinel-2 image and B:
Spot-5

Legend N
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Satellite image classification

Using Sentinel-2 and Spot-5 images, the classification map
of pasture areas into three density classes (pasture with a
density of 5-25%, 25-50%, and more than 50%) was created
after selecting the best appropriate combination of bands and
classification algorithms (Fig. 4). The varying spectral range
of the bands, the spectral interference of the image bands,
the variation in the statistical characteristics of the numerical
values of the samples in the images, and the classification
methods can all affect the resolution of the classes in various
images (Sekovski et al. 2014).

The most accurate ANN classification map in the Sen-
tinel-2 image had a PCA-2-8 band composition, an overall
accuracy of 65.72%, and a kappa coefficient of 0.08. Mean-
while, the ANN classification map with 3-1-PCA band
composition an overall accuracy of 70.53% and a kappa
coefficient of 0.65 had the highest accuracy in the Spot-5
image. Based on the classification of Moriasi et al. 2007),
the Sentinel-2 and Spot-5 spot images are classified as poor
and good respectively (Table 2).

Bazrafkan et al. (2014) used parallelogram classifica-
tion methods, minimum distance from the mean, maximum
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Table 2 Accuracy estimation results of different classification algorithms in Sentinel-2 and Spot-5 images

ANN Maximum likelihood Minimum distance Parallel Images
Kappa coef- Overall accu- Kappa coef- Overall accu-  Kappa coefficient Overall accu-  Kappa coef- Overall accu-

ficient racy (%) ficient racy (%) racy (%) ficient racy (%)

0.08 65.72 0.06 36.82 -0.18 21.22 0.06 51.18 Sentinel-2
0.65 70.53 0.1 51.82 0.08 50.32 -0.02 60.85 Spot-5

Table 3 Comparison of the results obtained in the classification of
pasture into three density classes and the use of filter

Kappa coef-  Overall accu-  Image classification

ficient racy (%)

0.1 67.35 Sentinel-2 using 3 X 3 filter majority
0.23 71.61 Spot-5 using 3 X 3 filter majority

likelihood, and an ANN to construct a canopy density map
of Zagros forests. With three density classes (thin, semi-
dense, and dense), the ANN method produced the highest
overall accuracy and kappa coefficient of 78.47% and 0.66%,
respectively. Hu et al. (2018) created a vegetation map of
Qingdao, China, using Landsat 8 satellite images and an
ANN classification algorithm. According to the findings,
the classified map's overall accuracy is 82%, and its kappa
coefficient is 0.76. Furthermore, compared to the maximum
likelihood and support vector machine algorithms, the
authors claimed that the ANN's overall classification accu-
racy increased by 5 and 14%, respectively.

The pasture cover map created using the satellite men-
tioned above image in the form of three density classes has
improved accuracy, as shown in Table 1, overall accuracy
(70.53), and kappa coefficient (0.65) of the ANN classifica-
tion method in the Spot-5 image. The extent of each pasture
density class is as follows: The second class has a density of
25-50% with an area of 22,962 hectares > the first class has
a density of 5-25% with an area of 9804 hectares > the third
class has a density of more than 50% with an area of 430
hectares. According to this information, the most consider-
able portion of the research area contains a pasture density
that ranges from 25 to 50%.

Many organizations, such as the Natural Resources and
Watershed Management Organization, must adopt effective
measures with the aid of other decision-making authorities
to protect and restore pastures and prevent the degradation
of these valuable ecosystems (Motamedi et al. 2020; Feng
et al. 2021; Krichen et al. 2023). Using the filter command,
a comparison was performed following the completion of
the classification to achieve superior results. A 3 x 3 filter
with the average method was used to classify the image of
Sentinel-2 and Spot-5 within the specified range (Table 3).
Based on the data, it appears that the classified images from

the Spot-5 satellite contain a higher number of pure pixels
than the images from the Sentinel-2 satellite.

Using MSI for accurate pasture density maps offers
several advantages, including enhanced spectral informa-
tion, improved spatial resolution, temporal coverage, and
wide coverage and accessibility. MSI captures data across
multiple wavelengths, allowing for a more comprehensive
understanding of vegetation characteristics and density. This
enables better discrimination and classification of pasture
areas (Forouzan & Arfania 2020; Oliveira et al. 2020; Li
et al. 2021; De Luca et al. 2022; Ku et al. 2023). MSI from
satellites like Sentinel-2 and Spot-5 typically provide high-
resolution imagery, allowing for the detection of built-up
areas of fine-scale variations in pasture density (Rudiastuti
et al. 2018; Xie et al. 2020; Kearney et al. 2022). This level
of detail aids in accurate mapping and monitoring of pas-
ture areas. Furthermore, satellites capture MSI repeatedly
over time, providing a temporal dimension to the analysis
(Ku et al. 2023). This enables the monitoring of changes in
pasture density over seasons, years, or even longer periods,
facilitating long-term pasture management and conservation
efforts. Finally, satellite imagery covers large areas, making
it suitable for regional- or global-scale analyses (Vajsova
et al. 2020; De Luca et al. 2022; Sangjan et al. 2022; Craw-
ford et al. 2023). Additionally, MSI is often publicly acces-
sible or available for purchase, allowing researchers and land
managers to access the data easily.

Conclusion

The pasture coverage density map for Lorestan province
(middle Kashkan drainage basin) was created by comparing
images from Sentinel-2 and Spot-5 MSI sensors. Compared
to other algorithms, it was discovered that the ANN classi-
fication algorithm has the highest accuracy in both images.
The overall accuracy (70.53) and kappa coefficient (0.65)
of the ANN classification algorithm in the Spot-5 image
show that this satellite image is more reliable for produc-
ing the map of pasture cover in three density classes. For
pasture density classification, Spot-5 images surpass Sen-
tinel-2 because spectral capability is more effective than
spatial resolution. Most of the study area has pasture cover
ranging from 25 to 50%. Therefore, it can be concluded that
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only using and referring to the overall accuracy to evaluate
the capability of satellite images in examining the process
of changes cannot be enough. Rather, other criteria such as
the kappa coefficient should be used for this purpose. The
higher the kappa coefficient is, the more accurately the loca-
tion and amount of the pasture have been determined into
three density classes. The pasture density classification map
is an important management tool for managing pasture use,
reducing stress on pastures, and preventing their devastation.
Furthermore, because of its broad coverage and quick access
to satellite images, this tool can produce maps of vegetation
and pastures and assess, control, and monitor pastures over
a specific period. According to the results, the combined use
of Sentinel-2 and Spot-5 sensor data can be very suitable in
preparing a map of pasture and non-pasture areas as well
as classifying pasture areas into three density classes. It is
suggested that the Spot-5 satellite images be used to prepare
and update pasture coverage maps in the western part of
Iran on a scale of 1:25,000 due to the appropriate and high
accuracy obtained compared to the Sentinel-2 sensor. Also,
it is recommended to use Spot-5 sensor images in different
periods in the growing season to compare the surface of
pasture areas in the west of Iran. To the best of our knowl-
edge, this work is one of the attempts to integrate Sentinel-2
and Spot-5 MSIs to create a density map of pasture cover
in the world.
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