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Abstract:
This study was aimed to investigate the changes in surface and vegetation cover of the Sirjan Salt Playa (SSP) located in
Kerman, Iran using Remote Sensing (RS) data. The ASTER data from 2002, 2008, and 2013 were used as the main tool.
Also, using the Normalized Difference Vegetation Index (NDVI) on satellite data, the vegetation area and species diversity
were determined. The research technique was correlation and comparison methods, and data analyses were made using
SPSS and Edrisi software. Result showed that RS systems, in some ways, have a very good ability to study developments in
desert areas. Based on the results of 15 years evaluation, the area of SSP was changed in different years and the vegetation
area was changed in each period compared to the previous period, but vegetation diversity was not changed in this area.
After extracting the vegetation map using NDVI index, considering the mean and standard deviation in satellite images of
each period, the vegetation of the study area was divided into four classes of good, average, very poor and no vegetation.
Also, the results showed that the area of good vegetation cover was 19278 ha in 2002, which increased to 22971 ha in 2008
and decreased by 20499 ha in 2013 compared to 2008. The medium vegetation class comprised 104985 ha of the land
in 2002, which increased to 136128 and 108340 ha in 2008 and 2013, respectively. The kappa coefficient obtained from
the comparison of the vegetation map using NDVI index and land cover map for 2002, 2008, and 2013 were 0.81, 0.83,
and 0.84, respectively, which gave higher values than the SAVI vegetation index. Generally, the study suggested using
other indices as NDVI and Soil-Adjusted Vegetation Index (SAVI) indices in arid lands and playa margins, with very poor
vegetation cover.
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1. Introduction

The Sirjan salt marsh is referred to as one of the largest salt
reservoirs in Iran which turns into a large and a wavy lake
at times of rainfall in the Sirjan desert in a few hours and
attracts thousands of tourists from different cities of Ker-
man and Fars provinces, Iran. While it is filled with water
after rainfall due to flooding of the surrounding plains, this
area being known as the salt marsh after the evaporation of
water in this season witnesses a thick cover of table salt on
the desert, which covers thousands of hectares. In general,
there is not enough information available about saline lands
and their potential in the country so that this information
cannot be the basis of appropriate planning [1, 2].
The term “salt marsh” or “salinization of soils” is the accu-
mulation of a certain amount of soluble salt on the surface

crust of the earth, i.e. the soil, where the surface soil crust
loses its capability as the place of growth and development
of plants due to the biological activity taking place in this
part [3]. Different factors affect the accumulation of salts
and salinization of soils, which are collectively divided into
two intrinsic (genetic) and acquired factors [4]. The most
important factors are geomorphological and hydrological
conditions (entry of saline water into the region, the prox-
imity of groundwater aquifers to the ground typically <
50 m), transfer of salts by wind and biological factors, and
the impact of human activities [5]. Salinity and alkalinity
resulting from the accumulation of salts and bases together
with inadequate natural drainage are both associated with
drought and inadequate drainage [3]. On the other hand,
plants that grow and complete their life cycles in habitats
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Figure 1. Geographical position of the Sirjan Salt lake in
Iran’s map.

with high salt concentrations are called halophytes, a term
usually used only for plants found in permanent saline habi-
tats [6, 7]. The actual range of plant distribution and the
impact of certain environmental factors on plant zonation is
not easily detectable in halophyte communities [8, 9]. As
such, the zonation of halophytes includes stem succulent
plants, leaf succulent plants, and halophytes depending on
the distance from the center of salinity (reduction of salt
levels) [10]. Very saline and saline soils have a large mor-
phological and chemical diversity; therefore, due to the high
physical, chemical, and biological complexities of soil, it is
reasonable to expect soil spectral complexities. This has led
to different spectral reflections from the salt marshes [3].

There are also studies conducted in this area. Nateghi
et al. reported that 21% of mangrove forest area and 60%
of agricultural lands and natural vegetation within Qeshm
Island were added during 13 years [11]. Pour Khosravani et
al. showed that the vegetative forms of plants were effective
in explaining the formation and evolution of Nebkas [12].
The presence of different relationships between the mor-
phometric components of Nebkas and vegetation indicates
the different performance of species in the development of
Nebkas. According to Yamani and Mazidi, NDVI is the best
indicator for the study of vegetation in a study area [13].
Ahmadi Nodooshan et al. studied the changes in the land
cover of Arak city using RS and GIS [14]. The results
showed a significant increase in the area of the city, a de-
crease in vegetation and barren lands and the stability of
the mountain class between 1985 and 2010. Yarahmadi
investigated the role of Lake Urmia in atmospheric parame-
ters of temperature, precipitation, and humidity using the
Technology and Atmospheric Mission Platform” (TAMP)
model [15]. Kardan et al. evaluated the capability of the Air
Pollution Modelling (TAMP) model (version 3) to simulate
atmospheric parameters in the Jazmourian pit in Kerman
province, Iran [16]. Zhou et al. showed that air temperature,
wind speed and direction, and energy balance would change
by the reduction and elimination of regional lakes [17]. Sun
et al. implemented a monthly NDVI time-series from HJ-1
optical imagery to reflect salt marshes [18]. They achieved

Figure 2. Chavez’s Geometric corrections using a
topographic-based map with an accuracy of 90%.

the overall accuracy of the salt marsh mapping equal to
90.3%. After 2 years, Sun et al. applied the monthly NDVI
time-series to all viable Landsat TM/ETM + images [19].
They found that the upper low marsh vegetation community
has diminished by 19.4% in the study period. Mardi et al.
found that in the last two decades, the pollution caused by
the suppression of emissions of salts on the Lake Urmia bor-
der, as the major regional aerosol source, has doubled [4].
Westinga et al. utilized hyper-temporal NDVI imagery to
optimize the hierarchical vegetation mapping and achieved
high accuracy results [20]. Maneja et al. implemented a
ground-based survey and NDVI time-series to assess the
resilience of offshore islands’ ecosystems in the Saudi wa-
ters [21]. They found that any reduction in island vegetation
may lead to island desertification.

Located in the southeast of Iran, Kerman province is one
of the major arid and desert regions of the country. The
study of these areas requires detailed fieldwork and sea-
sonal constraints and natural barriers, particularly in desert
areas, and other problems such as cost, time, and facili-
ties and equipment provide many constraints. Therefore,
the most appropriate method is to use RS and its efficient
techniques [22]. Perhaps, one of the most important capa-
bilities of this system is the pervasiveness, observation, and
frequent study of desert phenomena to examine the evolu-
tionary trends over successive and even short-term periods.
In This research, it is tried to partially investigate changes
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Figure 3. Atmospheric and reflection corrections of images from 2002; (a) before and (b) after correction.

in the Sirjan salt marsh, including changes in vegetation and
salt marsh, with the help of RS data.

2. Materials and methods
Sirjan Salt Playa (SSP) catchment area, which is one of
the sub-basins of the Gavkhooni swamp, was investigated
in this study (Fig. 1). The area geographical coordinates
are 56º 26′ 31′′ to 30º 54′ E and 35º 30′ 27′′ N, the region
encompasses large parts of Sirjan and Shahrbabak and a
small part of Yaft city (Fig. 1). The area of this basin is
442779 ha and its minimum and maximum altitudes above
sea level are 56 and 1754 m, respectively. Due to a high alti-
tude difference (> 1698 m) between the highest and lowest
altitude points, the area has relatively high climatic diversity.
The annual precipitation varies from 120 to 350 mm with
an average of about 180 mm. More than 65% of precipi-
tation occur in winter. The highest rainfall occurred in the

cold months of the year (January, February and March),
and the lowest rainfall occurred from June to October. The
annual evaporation and the average annual temperature in
the region are 2185 mm and 16.1°C, respectively. The study
area is located between the central and the eastern Zagros
Mountains and its most important heights are Panj, Chahar
Gonbad, and Ain-al-Baqar mountains. The SSP is seen as a
dent in the region. Magmatic activity in this area includes
acidic intrusions in the Hajiabad-Sirjan areas, which are
often in the forms of granite and diorite and are observed in
the form of small and large batholiths. Granites and diorites
are also related to the orogenic phase and Laramide Folding
formed as batholiths, etc. In this region, the main source of
rainfall is in the western air mass and the effect of humid air
is in the Indian Ocean. The most important rivers of Sirjan
are the Tangoyeh (Palangi) and Hossein Abad rivers, both
of which are seasonal.

Figure 4. Atmospheric and reflection corrections of images from 2008; (a) before and (b) after correction.
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Figure 5. Atmospheric and reflection corrections of images from 2013; (a) before and (b) after correction.

Figure 6. Combinations of different bands and making a false-color image; (a) 2002, (b) 2008, (c) 2013.

Figure 7. Classification of the vegetation index; (a) 2002, (b) 2008, (c) 2013.
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Table 1. Results of PCA and percentage variance of information in the first three components.

T-Mode PCA 1 PCA 2 PCA 3

T-Mode Component T-Mode Eigenvalue 0.033 0.000 0.000
% Var 99.278 0.634 0.087

PCA 1 PCA 2 PCA 3

B1-2008 0.994 -0.099 0.041
B2-2008 0.998 -0.044 -0.035
B3-2008 0.995 0.090 0.008

At weather station Sirjan, the average long-term annual
rainfall and temperature are about 150 mm and 17 °C, re-
spectively. The study area is called Keffeh Namak (salt
marsh) in the Sirjan desert catchment area, which is located
35 km west of Sirjan city.
The information used for the present study is the ASTER
satellite imagery. The vegetation products of ASTER sensor
related to Terra satellite for 2002 (May 9), 2008 (May 26),
and 2013 (May 7) were used here because one of the impor-
tant goals of this research was to study and discover changes
over some time. The spectral range in which images are ob-
tained is three bands in the visible and near-infrared spectral
range (VNIR subsystem), six bands in the short-wavelength
infrared range (SWIR subsystem), and five bands in the ther-
mal infrared range (TIR subsystem). The images received
in three spectral ranges had different spatial resolutions.
VNIR and SWIR bands had spatial resolutions of 15 and 30
m, respectively, while thermal infrared images had a spatial
resolution of 90 m.
In this research, the type, amount, changes, and expansion
of vegetation were determined using the normalized differ-
ence vegetation index (NDVI) on two series of satellite data
from 2002, 2008, and 2013 using correlation and compari-
son methods. In this regard, the prepared satellite images
were first subjected to processing. NDVI is very suitable
for the representation of vegetation biomass, leaf area in-
dex, plant production, and vegetation segregation, which is
calculated using Equation (1) [23]:

NDVI =
NIR−RED
NIR+RED

(1)

Where NIR and RED are reflections in the near-infrared and
the red bands, respectively. Theoretically, the value of this
index ranges between +1 and -1. The bands 2− 3 of the
ASTER sensor, abbreviated as b1, b2, and b3, were used in
this study. One of the necessary steps in RS studies is the
extraction of digital information such as sampled ground
points, which is time-consuming and requires a careful ex-
amination. For this purpose, the coordinates of the ground
points specified by GPS must be determined on the image.
For more convenience, a point peel was created from the
coordinates of the points sampled in the field operation. The
sampling method consists of three pixels, i.e. each sample
represents three pixels. Therefore, it seemed necessary to
calculate and determine the average spectral value of three
pixels as a sampling point to obtain different statistical anal-
yses between soil samples with different factors and the
spectral values of the sample points. The software used in
this section was Idrisi. Also, according to the error matrix
Tables (Tables 3, and 4), the indicators of the product accu-
racy, user accuracy, and kappa coefficient, the calculation,
and accuracy of the final map were tested. The result ob-
tained from the error matrix was considered from the user
accuracy, producer accuracy, and overalls accuracy of the
classification result.

3. Results

3.1 Preprocessing of images
Satellite images should be examined for streaks, misalign-
ment of scan line clusters, duplicate pixels, and atmospheric
errors such as cloud spots. To this end, different bands
of the ASTER sensor were reviewed separately after im-

Table 2. Characteristics of vegetation classes and NDVI value for the periods of 2002, 2008, and 2013.

Classes NDVI Value
Period 2002 2008 2013

Good vegetation 0.1−0.86 0.096−0.816 0.15−0.78
Medium vegetation 0.039−0.1 0.044−0.096 0.042−0.15

Very poor vegetation −0.022−0.039 −0.008−0.044 −0.073−0.042
No vegetation −0.383− −0.022 −0.279− −0.008 −0.789− −0.073
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Table 3. Kappa coefficient values and overall accuracy of plant indices.

2002 2008 2013
Plant indices Kappa Overall accuracy Kappa Overall accuracy Kappa Overall accuracy

coefficient (%) coefficient (%) coefficient (%)

NDVI 0.81 85 0.83 87 0.84 89
SAVI 0.75 81 0.79 82 0.81 86

proving the contrast and also as color combinations with
different magnifications, and different correction operations
were performed on individual images.
Geometric correction operations of the ASTER sensor
bands related to May 7, 2002, June 25, 2008, and May
7, 2013 were performed in Idrisi software using 15 ground
control points with an RMSE error of 0.46 pixels. The ac-
curacy of the geometric corrections was examined with the
topographic map of the study area using the vector layer
of roads and the routes taken via GPS. By overlaying this
layer on the matching images, the geometric correction
of the images was confirmed more accurately. Fig. 2 de-
picts a corrected sample image. The purpose of geometric
correction is to compensate for deviations. Topographic
maps of 1: 50,000 of the Army Geographical Organization
were used to geometrically match the images. The images
were geometrically matched using a half-pixel geometric
error (RMS = 0.5) using ground control points. In the next
step, for geometric correction of the images, geo-coding
was done using the image sampling method so that all the
images are geometrically compatible with each other and
obtain the same conditions. The images were geometri-
cally matched using a half-pixel geometric error (RMS =
0.5) using ground control points. In this research, Chavez’s
method was used for atmospheric correction [24]. Figs.

(3), (4), and (5) show atmospheric reflectance corrections
for images from 2002, 2008, and 2013. It shows the high
performance of atmospheric and reflection corrections of
images from 2002, 2008, and 2013 before the correction
processes in each stage.

3.2 Modeling vegetation surface and main bands

In this study, only near-infrared (b3) and red (b2) bands
with correlation coefficients of 92% and 95%, respectively
had significant relationships with vegetation characteristic
(P<0.01). Since the absorption and transmission of elec-
tromagnetic energy are very low and the reflection rate is
high in the near-infrared range (Safdar et al.,), the signif-
icant relationship between the vegetation surface and the
near-infrared band can be attributed to a high reflection of
vegetation in this area [25]. Also, the sparse vegetation in
most arid areas has created special conditions in terms of
the reflection type and causes the substrate soil to affect and
dominate the plant reflection effect.
Examination of tables obtained from the principal compo-
nent analysis (PCA) determined the participation percentage
of each band in the construction of different components
and the variance percentage of each component. Table (1)
represents the information about the components obtained
from bands 1, 2, and 3 of the ASTER sensor. The first

Table 4. Accuracy of classifying images in years of 2002, 2008, and 2013.

Classes of
Index vegetation 2002 2008 2013

condition

User Product User Product User Product
accuracy accuracy accuracy accuracy accuracy accuracy

NDVI Good 89.27 75.63 84.72 94.17 88.14 92.87
Medium 98.18 99.47 98.27 97.35 99.11 97.36

Very poor 97.55 92.38 89.81 88.13 84.25 88.14
No vegetation 53.19 76.18 87.45 81.47 69.51 77.43

SAVI Good 91.43 84.77 75.24 76.44 81.29 82.55
Medium 98.28 97.72 98.33 97.64 95.87 94.88

Very poor 96.55 84.66 94.23 95.56 79.46 86.39
No vegetation 67.48 77.47 63.22 66.38 77.11 84.91

2008-9996[https://dx.doi.org/10.57647/j.jrs.2023.1303.1529]

https://dx.doi.org/10.57647/j.jrs.2023.1303.1529


Atighi et. al JRS13(2023)-132318 7/11

Table 5. Vegetation classes and the area of each class.

Vegetation class Area in each period (ha)
2002 2008 2013

Good 19278 22971 20499
Medium 104985 136128 108340

Very poor 283786 253346 284308
No vegetation 34730 30334 29632

Sum 442779 442779 442779

component obtained from the PCA has the highest percent-
age variance of information, which indicates the level of
information transferred to this component so that the first
components account for 99% of the information (Table 1).
In the subsequent components, the amount of information
is lower than that in the first comparison. In this study,
therefore, the first component of the three transformations
was added as artificial bands to the existing bands for digital
analysis.
After the calculation of the utility index, the combination
of bands 1, 2, and 3 was selected among a combination of
different bands according to the resolution of composite
images and possible detection of topologies. Fig. 6 displays
the combination of the main bands for creating a false-color
image.

3.3 Results of image classification
After the necessary processing on satellite information
in terms of geometric and atmospheric corrections, it

Figure 8. The rate of vegetation change in 2008 compared
to 2002.

is necessary to convert the data into a usable form for
vegetation assessment, for which Vegetation Indices (VIs)
were used based on combining the bands for the evaluation
of the relationship between plant indices and reflections.
NDVI is one of the most widely used indices for monitoring
vegetation changes. NDVI values range from -1 to 1,
with higher values indicating denser vegetation. It was
implemented to reclassify NDVI maps as referring to
vegetation rates based on spectral reflections (Bharathkumar
and Mohammed-Aslam) [26].
To investigate the qualitative changes in vegetation during
15 years, NDVI output maps were classified into four
vegetation classes (good, medium, very poor, and no
vegetation) based on means and standard deviations [27].

Class 1): Values smaller than the average minus the
standard deviation
Class 2): Mean minus standard deviation to average
Class 3): Mean to mean plus standard deviation

Figure 9. The rate of vegetation change in 2013 compared
to 2002.
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Figure 10. The amount of vegetation changes from 2002 to
2008 in each of the codes.

Class 4): Values greater than the mean plus the standard
deviation
Table (2) lists the values of each class for the periods of
2002, 2008, and 2013. Based on Table (2), the vegetation
index in the four classes was prepared for each period.
Also, Fig. 7 presents the classification of the vegetation
index. It indicates that the area of good vegetation cover
was increased in 2008 and decreased in 2013. The medium
vegetation class increased in 2008 and decreased in 2013.
The very poor class decreased 2008 and increased in 2013.
The rate of vegetation change in 2008 compared to 2002
and also in 2013 compared to 2002 were shown in Figs. 7
and 8, respectively.

3.4 The error matrix
In this study, results with high accuracy compared to similar
research have been obtained [11]. The reason was the high
level of educational points and the accuracy in selecting
educational points (polygons). This result is consistent with
the theory of Nateghi et al., which considers the acceptable
accuracy of land use classification using satellite images to
be 85%.
In Table 3, the values of the kappa coefficient and overall
accuracy of plant indices calculated for the three years stud-
ied are given with the highest NDVI coefficient. The results
showed that the kappa index had the best performance in
both years and the SAVI index was in the next stage.
In the next step, the indices of product accuracy, user accu-

Figure 11. The amount of vegetation changes from 2002 to
2013 in each of the codes.

Figure 12. The amount of vegetation changes from 2008 to
2013 in each of the codes.

racy, total accuracy, and kappa coefficient were calculated
and the accuracy of the final map was tested according to
the error matrix tables (Table 4). Kappa coefficient and
overall accuracy deal only with the whole classification and
do not provide information about individual classes or the
spatial distribution of the error. Other parameters such as
user accuracy and product accuracy are used to estimate
the accuracy of the classes separately, as shown in Table
4. In this study, the results of the NDVI index with higher
accuracy compared to the other index estimated in this study
(SAVI) have been obtained. Analyzing Table 4, it can be
concluded that the highest product accuracy is related to
lands with medium vegetation for all studied indicators and
the lowest product accuracy is related to areas without veg-
etation for all indicators in all three periods. Among the
studied indices, NDVI index coefficients were higher. Ac-
cording to the obtained results, the NDVI index with the
highest kappa coefficient of 0.84 in 2013 and 0.83 in 2008
and also 0.81 in 2002 had a better performance than other
indices. The findings from this study indicate that high-
resolution RS imagery can extract and classify vegetation
with a satisfactory result.
Table 5 indicates that the vegetation has changed in each
period compared with the previous period. So that the area
of good vegetation cover was 19,278 ha in 2002, which
increased to 22,971 ha in 2008 and decreased to 20,499 ha
in 2013. The medium vegetation class comprised 104,985
ha of the land in 2002, which increased to 136,128 ha in
2008 and decreased to 108,340 ha in 2013. The very poor
class comprised 283786 ha in 2002, which decreased to
253346 ha in 2008 and increased to 284308 ha in 2013.
Figures 8 and 9 presents the rate of vegetation change in
2008 compared to 2002 and change in 2013 compared to
2002, respectively. Also, Figures 10, 11 and 12 shows the
amount of vegetation changes from 2002 to 2008, 2002 to
2013 and 2008 to 2013 in each of the codes respectively.
According to Fig. 12 the largest change occurred in the
Class 7 code with a total of 8,040,662 pixels. In other
words, very poor vegetation changed into moderate vegeta-
tion in 2008. After this class, changes in code 10 (average
vegetation to very poor vegetation) and code 5 (very poor
vegetation to the no vegetation class) are in second and third
places, respectively.
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4. Conclusion

The purpose of this study was to monitor the changes of
vegetation area and diversity in Sirjan Salt lake Using
Remote Sensing Data based on the comparison method
after classification in the land use map of each sensor. It
is of importance to obtain information about vegetation
statuses such as their levels and distribution. The use
of RS systems is currently an indispensable component
of environmental studies [28]. Different VIs are used
to identify and detect vegetation, each of which has
advantages and disadvantages depending on the study area.
In this study, the NDVI was used to identify and extract
vegetation in the SSP, and a vegetation map was prepared
for each period to compare the vegetation areas in different
periods. The study of the SSP from satellite images shows
that this area is composed of different parts: the main part
of the salt marsh, in which relatively little water is collected
during the rainy season, and the lake marginal parts, which
appear as dried salt marshes.
After extracting the vegetation using the NDVI, considering
the means and standard deviations in the satellite images of
each period, the vegetation of the study area was divided
into four classes of good, average, very poor, and no
vegetation. The results showed that the area of good
vegetation cover was 19,278 ha in 2002, which increased
to 22,971 ha in 2008 and decreased to 20,499 ha in 2013.
The medium vegetation class comprised 104,985 ha of
the land in 2002, which increased to 136,128 ha in 2008
and decreased to 108,340 ha in 2013. The very poor class
comprised 283786 ha in 2002, which decreased to 253346
ha in 2008 and increased to 284308 ha in 2013. There
is very low-density vegetation around SSP and mainly
includes halophytes. Since the vegetation of the region is
composed of xerophyte species, fluctuations in rainfall have
not affected the vegetation, which has also been confirmed
during local studies. Accordingly, it can be deduced that
the vegetation diversity has not changed in this area.
It is difficult to study vegetation by RS in areas where
vegetation canopy is less than 40% due to the reflection of
soil and rocks, but the vegetation status of these areas can
be detected with the use of VIs and appropriate methods.
Jabbari et al. concluded that the substrate soil covered
vegetation reflection in poor vegetation, and prevented the
reflection of vegetation in the image, resulting in reduced
NDVI or similar NDVI values in different areas [29]. Ming
Lee and Chung Yeh considered the NDVI index as the most
general index in assessing vegetation and many researchers
have used this index in their studies [30]. The results of the
kappa coefficient of production maps based on vegetation
indices and comparison of images of vegetation indices in
each sensor with its land-use map indicate that the NDVI
vegetation index was better than the SAVI index. Because
in this index, the slope of the soil line is used and the
negative effects of the underlying soil are well removed and
the vegetation separation is done more accurately and the
results of this section are in line with the results [31, 32].
According to the obtained results, the NDVI index with the
highest kappa coefficient of 0.84 in 2013 and 0.83 in 2008
and also 0.81 in 2002 had a better performance than the

SAVI index. This result indicates the ability of vegetation to
distinguish from other land features and better performance
of this indicator in detecting changes, which is consistent
with the results of Allbed et al. [32]. This is consistent with
the results of research by Darwish and Faour, and Ming Lee
and Chung Yeh who rated the NDVI vegetation index as
the best indicator for vegetation assessment [30, 33].
The relatively low correlation coefficients indicate that in
arid regions with low vegetation percentage, the predomi-
nance of the substrate soil on the one hand and the nonlinear
nature of the correlation relationships between spectral
reflectance and vegetation characteristics, on the other hand,
result in lower correlation coefficients. Masoud and Koike
pointed out the ability of the SAVI index to highlight the
scattered vegetation of desert areas [34]. Huete introduced
the SAVI index as a hybrid index of relative and distance
indices [35]. The results indicate that the ASTER sensor
images have the necessary ability for preparing a vegetation
map in the SSP, which can confidently be generalized to
desert areas. It should be noted that the final accuracy of
production maps for such studies depends on the accuracy
of field measurements, both concerning the use of sampling
methods and in terms of determining suitable and correct
sampling sites. Additionally, the accuracy of received data
and the methods of image processing and data analysis
can play an important role in improving the accuracy of
studies. The result of the vegetation study shows that the
SSP has directly affected the density of plant species. Bare,
vegetation-free lands are visible immediately around the
playa due to the soil salinity and the high groundwater that
makes salt available to plants, and denser vegetation is
observed with increasing distance from the salt playa due
to the presence of soils and proper drainage [36]. These
results are consistent with those of Quevedo and Frances
and Jafari et al. who showed that soil salinity and texture
were important factors in the establishment of vegetation in
these areas [6, 37].
Overall, modeling of vegetation index and main bands
shows that a decrease in vegetation percentage increases
the effects of substrate soil and reduces the sensitivity
of single bands to vegetation so that the substrate soil
affects and overcomes the effect of plant reflection.
Therefore, the reflection from a surface with vegetation
coverage will be a combined reflection of vegetation and
substrate soil, and separation of these two from each
other makes the conditions for using satellite single-band
information more difficult and the RS technique fails to
estimate vegetation characteristics using single-band data.
The results showed that individual VIs for each image
has specific disadvantages and advantages in different
situations. Therefore, the type of sensor, characteristics,
and conditions of the study area, knowledge of the type
and level of vegetation, and the type of land uses should
be considered in the selection of the most appropriate
method. For these areas, simultaneous application of
several indices also provides better results in the detection
and separation of the vegetation level. However, the most
appropriate method should be selected with a high accuracy
depending on the regional characteristics based on the
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highest correlation to use the most efficient indices and
analyses and provide appropriate models to monitor and
study the vegetation of the study area and areas with similar
features.
Due to the special climatic conditions, monitoring and study
of vegetation in arid and semi-arid regions are of special
importance for applying correct soil and land management
methods. Therefore, using LANDSAT satellite images, we
can understand the development or destruction process
in these areas, especially the vegetation of the area. In
this case, the use of LANDSAT satellite imagery provides
accurate information with less cost and time at regional
and regional scales to implement optimal management
methods and achieve the desired results. Finally, additional
studies on these areas can help to identify the reasons for
the increase and decrease in the areas under study and be
useful in developing management strategies in the area.
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