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A B S T R A C T 

Background and objective: The changes in desert areas depend on climate 
conditions and the water balance of upstream watersheds. Satellite images can 
help us in distinguishing the trend of areas of Playa Wetland and with achieving 
these trends, both the status of the non-conventional water resources will be 
identified and this information can be used in wind erosion management. 
Materials and methods: In the present study, the changes in Gavkhuni Wetland 
was evaluated using MODIS satellite images from 2000 to 2016. For this 
purpose, after performing the required modifications on the satellite images, they 
were classified and their changes in studies time intervals were detected. Since 
the changes of desert areas depend on the humidity variations, the TVDI، 
MTVDI، VTCI indices were calculated to enhance the satellite images. The 
indices along with the bands of MODIS images were used in classification. The 
classification was done in August and March (maximum changes in desert areas 
and wet age) during 16 years. Due to the large number of used images, coding in 
MATLAB software was used to facilitate calculation of these parameters.   
Results and conclusion: The results indicated that in August and March, the 
desert areas faced descending precipitation, which led to reducing water rights. 
In the studied intervals, in 78.98% of the study areas, no changes were observed 
and the maximum changes (15%) were for a wet edge. Evaluating the validity of 
the maps revealed that the Kappa coefficient and total validation were 
respectively 95% and 96%. 

  

1. Introduction 

Soil moisture with dynamic nature is one of the fundamental parameters of the environment and it is 
considered as one of the most important elements of climate, ecologic, and hydrologic models (Legates, 
2018). 
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The traditional methods used to measure the soil moisture are costly and time-consuming and they are 
not applicable in large areas. Since the satellite images are continuous, cover a large area, and have a 
large amount of environmental information compared to point locations such as meteorological stations 
(Kogan, 2000), they can be useful in moisture detection. Normalized Difference Vegetation Index; 
(NDVI) is widely used to detect and evaluate the vegetation. Because of the close relationship between 
the vegetation and available soil moisture, NDVI has been used to evaluate the soil moisture in many 
studies (Tucker, 1996; Wang et al, 2005). There are several methods for estimating soil moisture on a 
large scale including the use of measuring tools using light waves, microwave, radio electromagnetism, 
or the use of nanotechnology tools and micro-electromechanical sensors. (Farayola et al. 2021). 

For example, Wang and Adagokec investigated the direct relationship between NDVI index and 
moisture and confirmed a delay in the effect of soil moisture on NDVI index (Adegoke et al., 2002). It 
should be noted that they ignored the surface temperature of the soil. Besides, in semi-dry areas, 
according to (Wang et al, 2017) evaluated the relationship of NDVI with soil moisture more validate 
than in wet regions and mentioned that in wet regions, the delay in the effect of soil moisture on NDVI 
was more than in semi-dry areas. Several researchers have also suggested the use of a combination of 
satellite data of land-surface temperature (LST) and vegetation indices in the estimation of soil moisture 
and acknowledged that the combination of these data could provide better information about the plant 
stress and soil moisture conditions.  

In dry regions, it is expected to observe a change in the negative relationship between NDVI and LST 
due to an increase in land temperature of the areas with low NDVI. This method is known as a triangular 
method, which is used to determine the moisture (Carlson. 2007; Mallick et al., 2009). The results 
indicated the capability of the SWDI in the detection of drought in different periods. In China, Wang 
monitored the surface soil moisture for 18 years using data of TM and ETM+ sensors along with NDVI 
and TVDI indices (Wang et al, 2010). The results led to revealing a direct linear relationship between 
TVDI and surface soil moisture. The selection of MORIS sensors’ data, LST, NDVI, and TVDI formed 
the algorithm of Chan research performed in the Mekong River Delta, Vietnam. In the research, TVDI 
was calculated by parametric analysis between the temperature of the soil surface and NDVI obtaining 
from MODIS images, thereby estimating the soil moisture of the study area (Chen et al., 2011). 

However, monitoring wetlands and extracting relevant data requires extensive and regional data, and 
point-to-point information is not only costly and time-consuming but also impractical on a large scale, 
as well as the use of point-study methods and interpolation of results on a large scale is not accurate. 
Therefore, a tool is needed, so that in addition to proper accuracy, it can be used operation Materials and 
methods: In the present study, the changes in Gavkhuni Wetland were evaluated using MODIS satellite 
images from 2000 to 2016. For this purpose, after performing the required modifications on the satellite 
images, they were classified and their changes in studies time intervals were detected. Since the changes 
in desert areas depend on the humidity variations, the TVDI ،MTVDI ،VTCI indices were calculated to 
enhance the satellite images. The indices along with the bands of MORIS images were used in 
classification. The classification was done in August and March (maximum changes in desert areas and 
wet age) for 16 years. Due to a large number of used images, coding in MATLAB software was used to 
facilitate the calculation of these parameters. 

In different regions (Kousari et al. 2010). Among these, remote sensing techniques are superior to 
point measurements and/or simulation models due to better spatial and temporal accuracy, ease of 
operation, and higher computational accuracy. Remote sensing is the acquisition of information about 
processes through analysis of data obtained from the sensor without contact with those processes. This 
is done by recording the reflective energy of the process surface. (Fathizad et al. 2016).) This technique 
is used in all sciences that are somehow related to spatial information. Satellite data are widely used in 
natural resource sciences and are among the most important applications of remote sensing data to study 
dynamic and changing phenomena over time. (Yousefi et al. 2019) 
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In arid regions, it is expected to observe a change in the negative relationship between NDVI and LST 
due to an increase in land temperature of the areas with low NDVI. This method is known as a triangular 
method, which is used to determine the moisture. (Guan et al. 2020) The validation of the method was 
obtained from the comparison of the results with field data of soil moisture. The results showed the 
acceptable accuracy of using MODIS data and employing the selected indices to estimate soil moisture.  

In the present study, the feasibility of monitoring the Gavkhuni Wetland using the surface moisture 
status was investigated using satellite images. Therefore, different satellite images were prepared at 
specific intervals and the necessary processing was performed on them. Finally, their changes were 
investigated. 

2. Materials and methods 

2.1. Description of the study area 

Gavkhuni Wetland Located in geographical position 53° 20 ʹ25 ʺ east longitude and 31° 53 ʹ12 ʺ north 
latitude.  It is visible in the southeast of Isfahan. In old references, the name of the study area was known 
as Gavkhany and Gavkhaneh, which means big well. The depression of Gavkhuni wetland begins from 
Sirjan and covers Abargu, Marvast, Sirjan, and Ebrahim Abad. In this wetland, the Neogene and Quaternary 
sediments have been deposited and several sand dunes can be observed around it. (Figure 1). 

Fig. 1 - study area. 

2.2. Research methodology  

2.2.2. Image Extraction, preparation and processing 

The continuous monitoring of short-term changes of surface soil moisture in areas with vegetation is 
only possible through optical-thermal infrared band data with medium spatial resolution sensors (250 
meters to 1-kilometer MODIS Sensor from Terra and Aqua Satellite) and with at least one pass in every 
two days. 
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 In this study, the statistical period was August and March of the year 2000-2016. MOD09GA (surface 
reflection of bands 1 to 7) with a spatial resolution of 500 or 1000 meters daily, MOD13A3 (Vegetation 
indices) with a spatial resolution of 1000 m per month, and MOD11A2 (radiation and surface 
temperature) with a spatial and temporal resolution of 1000 meters for 8 days were used in the study and 
these images were downloaded from Earth Explorer and Lads web sites. Then the coordinates of the 
images were converted to the geographical coordinate system. To calculate the indices TVDI ،MTVDI ،

TVX, first, LST and NDVI images were converted to TIFF format and then entered into MATLAB 
software. Next, the indices were combined with daily images and were cut based on region boundary. 
The following schematic diagram as shown in (figure 2) includes a detailed description of these steps 
and procedures. 

.  

 

Fig. 2 - Flowchart of steps and methods for this study. 
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2.3. The studied indicators 

2.3.2. Temperature Vegetation Dryness Index 

NDVI presents information about the growth and vegetation conditions on the land surface. LST 
reflects the soil moisture. Their combination can make a potential relationship to detect the land surface 
moisture (Tazeh et al., 2018). In the scattering curve of LST and NDVI, the pixels form a triangular or 
trapezoid space when vast areas with vegetation and areas with different surface moisture are available 
in the image. Fig. 3 shows a triangular space, in which TVDI is obvious. As seen, the wet side is a 
horizontal line and it is parallel with NDVI axes, which form the bottom side of the triangle. The line 
was considered as a diagonal line in the next studies (Han et al., 2010). Another side, called the dry side, 
forms the top side of the triangle. Both wet and dry sides were obtained from the fitting of the linear 
equation on the minimum and maximum values of LST in the dispersion diagram between NDVI and 
LST, respectively. 

 

 

 

 

 

 

 

Fig.  3. Schematic diagram of NDVI vegetation index and Land surface temperature (LST) 

After the formation of a triangular space, we can calculate the TVDI for each point using Eq.1, which 
takes a value between zero and one (Sandholt et al., 2002). 

 (1) 

𝑇𝑉𝐷𝐼 =
𝐿𝑆𝑇 − 𝐿𝑆𝑇𝑀𝑖𝑛

𝐿𝑆𝑇𝑀𝑎𝑥 − 𝐿𝑆𝑇𝑀𝑖𝑛
 

Where LST is the temperature of the pixel surface, LSTmax is the maximum temperature in NDVI 
related to the pixel, and LSTmin is the minimum temperature in NDVI. In dry (lack of water) and wet 
edge (the maximum evapotranspiration rate and unlimited water resources), the TVDI respectively are 
one and zero. Therefore, there is a negative relationship between soil moisture and TVDI. LSTmax and 
LSTmin of each NDVI can be calculated by linear fitting of the Eq.2 and 3: 

(2) 

𝐿𝑆𝑇𝑀𝑎𝑥 = 𝑎1 + 𝑏1𝑁𝐷𝑉𝐼 

((3 

𝐿𝑆𝑇𝑀𝑖𝑛 = 𝑎2 + 𝑏2𝑁𝐷𝑉𝐼 

where, a1 and a2 are the intercept of the fitted lines on maximum and minimum values of surface 
temperature, and b1 and b2 respectively are the slope of the fitted lines on these values in order to create 
dry and wet sides. 
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2.3.3. Modify Temperature Vegetation Dryness Index) 

This index is considered as a valid and applicable index in remote sensing that models the relationship 
between LST, vegetation, and soil moisture in a desirable manner (Sandholt et al., 2002). In addition, 
the index is used to calculate the relationship between the LST and the vegetation. LST and the Enhanced 
Vegetation Index (EVI) were plotted in the plot curve and a triangular or trapezoidal shape was obtained 
with the difference that instead of The NDVI index, EVI index was used which is calculated by Eq.4. 

((4 𝑀𝑇𝑉𝐷𝐼 =
𝐿𝑆𝑇 − 𝐿𝑆𝑇𝑀𝑖𝑛

𝐿𝑆𝑇𝑀𝑎𝑥 − 𝐿𝑆𝑇𝑀𝑖𝑛
 

Where LSTmax and LSTmin are calculated by Eqs.5, 6: 
((5 

𝐿𝑆𝑇𝑀𝑎𝑥 = 𝑎1 + 𝑏1𝐸𝑉𝐼 

((6 𝐿𝑆𝑇𝑀𝑖𝑛 = 𝑎2 + 𝑏2𝐸𝑉𝐼 

In Eqs. 5 and 6, LST is the land surface temperature of each pixel, LSTmin and LSTmax respectively 
are the minimum and maximum temperature of each pixel, which are known as dry and wet edges. a1, 
b1, a2, and b2 are the coefficients of the linear equations of dry and wet edges. According to Eq.4, the 
values of MTVDI vary between 0 and 1 (0= wet condition; 1=dry condition). 

2.3.4. Temperature/Vegetation Index 

Today, many researchers believe on the beneficiary of combining the reflective and thermal remote 
sensing data to obtain vegetation information and detect the soil moisture (AlaviPanah. 2003). TVX 
index is a hybrid index of reflective, infrared, and thermal data to estimate the land surface factors such 
as soil moisture, surface temperature, etc. (Goward et al., 2002).  To estimate the soil moisture by TVX, 
the slope of surface temperature curve and NDVI obtained from satellite data are used. The surface 
temperature can be determined through the different method; for example, using sensor thermal band or 
land surface brightness bands. The index is calculated by Eq.7: 

((7 
𝑇𝑉𝑋 =

𝐿𝑆𝑇

𝑁𝐷𝑉𝐼
 

2.3.5.  Vegetation Temperature Condition Index 

The index is based on the negative relationship between NDVI and surface temperature. VTCI 
physically is defined as the ratio of the temperature difference between pixels. The VTCI values vary 
from 0 to 1, where the low value indicated the high possibility of drought. 

((8 𝑉𝑇𝐶𝐼 =
𝐿𝑆𝑇𝑁𝐷𝑉𝐼𝑚𝑎𝑥 − 𝐿𝑆𝑇𝑁𝐷𝑉𝐼𝑖
𝐿𝑆𝑇𝑁𝐷𝑉𝐼𝑚𝑎𝑥 − 𝐿𝑆𝑇𝑁𝐷𝑉𝐼𝑚𝑖𝑛

 

((9 𝐿𝑆𝑇𝑁𝐷𝑉𝐼𝑚𝑎𝑥 = 𝑎 + 𝑏𝑁𝐷𝑉𝐼𝑖 

((10 𝐿𝑆𝑇𝑁𝐷𝑉𝐼𝑚𝑖𝑛 = 𝑎′ + 𝑏′𝑁𝐷𝑉𝐼𝑖 
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LSTNDVImax and LSTNDVImin, respectively, are the maximum and minimum land surface 
temperatures with the same NDVI values in the study area, LSTNDVI is the land surface temperature 
of each pixel with the NDVI vegetation index. The coefficients for Equations 9 and 10 can be obtained 
by Draw a graph of land surface temperature and NDVI index (Wang et al., 2010). (Figure 4). If the 
study area is vast enough to cover the large NDVI and surface moisture conditions, the shape of the 
curve will be rectangular on a local scale (Wang et al., 2005). 

Fig. 4. Schematic diagram of the physical interpretation of VTCI index 

2.3.6. Land surface temperature 

Data of LST, are other products of the MODIS sensor. The data are available with different temporal 
resolution 

2.3.7. The Normalized Vegetation Difference Index 

NDVI is one of the common, known and most applicable vegetation indices calculated by red and 
infrared bands. (Fathizad et al., 2017)For the first time, the index was introduced by Tacker (1996). The 
range of the NDVI is between 0 and 1. The researchers introduced NDVI as an index and density of 
vegetation considering the plant’s behavior in electromagnetic spectrum reflection.  NDVI is calculated 
by Eq.11: 

 ((11 
𝑁𝐷𝑉𝐼 =

𝑁𝐼𝑅 − 𝑅𝐸𝐷

𝑁𝐼𝑅 + 𝑅𝐸𝐷
 

2.3.8. The Enhanced Vegetation Index (EVI) 

For the first time, the index was formed for data of MORIS sensor to enhance the capability of NDVI, 
in which in addition to red and infrared bands, blue band was also used in EVI. EVI has been developed 
by optimizing the vegetation signals in the area of leaf area index and using the blue band reflection to 
correct the background signal of soil and reduce atmospheric effects, including the distribution of 
suspended particles. EVI is calculated by Eq.12: 

((12 
𝐸𝑉𝐼 = 2.5

(𝐵𝑁𝐼𝑅 − 𝐵𝑅𝐸𝐷)

(1 + 𝐵𝑁𝐼𝑅 + 6 × 𝐵𝑅𝐸𝐷 − 7.5 × 𝐵𝑏𝑙𝑢𝑒)
 

Where Bblue is a blue band.  
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2.4. Classification of satellite images 

Support Vector Machine method is a nonparametric monitored statistical method and acts on the 
assumption that no information is available on how to distribute the data set. The main feature of this 
method is its high ability to use fewer educational prototypes and achieve higher accuracy in comparison 
with other prior classification methods (Mountrakis et al., 2011).  In fact, the support vector machine 
(SVM) is a binary classifier that separates two classes using a linear boundary and is dependent on 
generalized linear classification (Afrasiyabi et al., 2019). 

 The SVM classifies the data bypassing the linear boundary, using all the bands, and applying an 
optimization algorithm so that first, the samples that form the boundaries of the classes are obtained. In 
other words, some educational points that have the smallest distance to the decision boundary can be 
considered as support vectors. In this method, the result of increasing the dimension of the data is more 
favorable. In fact, if in the spectrum space, the classes interfere with each other, the data will be shifted 
to a more dimensional space, so that their differentiation will be possible. 

 The main goal of this algorithm is to find the maximum distance between the two classes and, thereby 
increasing the classification accuracy and decreasing the generalization error as much as possible. The 
main component that distinguishes SVM is to follow the processing process of this algorithm from the 
rule of structural risk reduction. In fact, SVM minimizes classification errors in unseen data without the 
prior hypothesis of the probability of data corruption, while statistical techniques consider data 
degradation to be known (Mountrakis et al., 2011). In the present study, an SVM-type controlled 
classification was used. In this classification, each area was classified according to the specified 
educational areas into three categories including desert, wet edge, and other areas. 

2.5. Accuracy of satellite image classification 

The result of the classification of a satellite image can be evaluated in the form of a raster file, in 
which each of its pixels having a membership tag to a particular class. Image classification is based on 
the sample of each class. However, in order to assess the quality of the extracted classes, the results 
should be examined by specific methods. This validation method is performed by comparing the 
classified samples with the correct samples (reference) obtained from ground sampling (or a superior 
reference). In this comparison, an error matrix is created in which different factors are calculated in 
relation to accuracy. Correct reference samples are usually extracted through land-based methods. 
However, in this regard, satellite imagery with high spatial resolution and aerial imagery can also be 
considered as an accurate reference. In this study, to evaluate the accuracy of classified maps, Kappa 
coefficients and general accuracy were used. 

2.6. Change Detection 

Detection of changes in the process of identifying differences in the status of an object or phenomenon 
by observing it at different times (Chen et al., 2011). In order to identify and detect the changes, the rate 
and trend of changes that are dependent on the environmental and natural conditions of the area are 
usually determined. If the landscape changes are provided on an appropriately scaled image, the 
detection of the changes will be relatively easy unless the spatial variation is highly distributed at the 
image surface and is not visible and recognizable at the pixel level (Lu et al. 2004). Classification maps 
have been used to find out what changes in the region have occurred over 16 years and which classes 
have been expanded and which ones have fallen. In the present study, IDRISI software was used to 
detect changes. 
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4. Results 

Since desert areas are affected by moisture and water balance at different times of the year, the 
considered images are prepared and evaluated in two months of a year, with minimum and maximum 
levels. 

4.1. Classified images 

In Figs. 5 and 6, classified maps of Gavkhuni wetland from 2000 to 2016 are shown. According to 
this classification, desert regions, wet edges, and other areas were separated. Besides, Charts 7 and 8 
show the areas of each class in the study area. 

Fig. 5- Classification maps of Gavkhuni swamp by MODIS in August 2016-2000 
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Fig. 6-Classification maps of Gavkhuni swamp by MODIS in march 2016-2000 

After preparing the map of the desert classes in the study area, the areas of the different types of the 
deserts were calculated and their results were presented in the following diagrams. 

Fig. 7. Diagram of area different classes of Gavkhuni swamp by Modis sensor in August 2016-2000 
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Fig. 8. Diagram of area different classes of Gavkhuni swamp by Modis sensor in March 2016-2000 

 

Fig. 9. diagram of   precipitation changes of Gavkhuni swamp in 2016-2000 

The analysis of the above diagrams (figure 7, 8, 9) indicated that the changing trend of the desert was 
descending in August and March. While the trend of the wet edge respectively was descending and 
ascending in August and March. It revealed that in August and March by reducing the precipitation rate 
and water rights of the wetland, the area of desert coped with drought. In wet edge, the trend was 
descending in August. It means that this month some parts of the wet edge were converted into the desert 
area. On the other hand, it can be said that the changes in desert areas and the wet edge of Gavkhuni 
wetland were not dependent on annual precipitation. It seems that factors such as the management 
systems of water resources upstream and the closure of the water flow of the Zahandehrud have been 
effective in differentiating the trends in the Gavkhuni wetland. The slope of rainfall variation was also 
relatively negative in the studied area. Moreover, both desert areas and wet edges showed considerable 
variations. Thus, it can be concluded that the variability of the desert types of the Gavkhuni wetland was 
very high and varies greatly from year to year. The area of the desert class in the Gavkhuni wetland in 
August 2000 and 2016 was 371.46 and 392.74, respectively. This amount was slightly increased 
compared to the first time with the latter, but the overall trend was downward. In March, the type of 
dessert was increased from 384.76 km2 to 420.22 km2, while its 16 years trend of the desert area was 
descending. The wet edge was decreased in August from 359.05 in 2000 to 279.22 km2 in 2016 and in 
March from 114.37 km to 91.31 km2. Nevertheless, its trend was ascending in March, which was 
discussed on the possible reasons.  

4.2. Evaluation of the accuracy 

In the present study, an error matrix was used to evaluate the accuracy of MODIS classified images. 
The results of this study showed that the accuracy of the maps derived from the classification of images 
had a Kappa coefficient and 0.96 overall accuracies. 
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4.3. Changes detection 

The variations in August and March of 2016-2000 are illustrated in Fig. 9 by the image difference 
method. In Figure 10, the desert areas with the number 1, the wet area with the number 2, and other areas 
with the number 3 were specified. In addition, the areas that are converted to each other are characterized 
by different colors. In 2000, 2.44% of the desert was converted into the wet edge and 7.65% of the wet 
edge was turned into a desert. However, in 2016, 2.44% of the wet edge converted into a desert. For the 
years 2000 and 2016, 78.98% of the areas were unchanged. The most change was related to the 
conversion of the wet edge to other areas with a rate of 15.23%, and in 2016, no changes in desert areas 
were observed. 

Fig. 10- Detection maps of Gavkhuni swamp change by Modis in 2016-2000 
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5. Discussion and conclusion 

Because of the unique features of the remote sensing technology and its capability to detect changes, 
the MODIS images were prepared in the period of 2000-2016 in Aug and Mar. In order to enhance the 
study area, we computed the indices such as TVDI, MTVDI, VTCI, and TVX and by combining these 
indices with the daily images, the images were categorized using a supported vector machine. The results 
showed that the desert areas was increased from 2000 to 2016, but in 2011 and 2015, a sudden drop in 
the desert areas was observed. In addition, the surface of the wet edge showed a sinusoidal process, 
however, it has less area compared to a desert. The highest desert area was in 2006, with high 
precipitation rates, the lowest in 2015 with low rainfall. 

 The highest wet edge was in 2001 with high precipitation and the lowest is in 2013 with low rainfall. 
In March, during the 16-year statistical period, the desert area was changed sinusoid ally from 2000 to 
2016. In addition, the wet edge showed a descending trend from 2002 to 2008 and it was shifted sinusoid 
ally from 2008 to 2016. The highest desert area was observed in 2001 and the lowest was in 2015 with 
the low rainfall rate. The highest wet edge area occurred in 2009 with a high rainfall rate and the lowest 
in 2016 with a low rainfall rate. In Aug 2004, the area of desert and wet edge was almost identical and 
the changes were all about the other areas. In Mar 2003, the desert and wet edge area were increased and 
the other areas had a significant reduction. In 2013, the wet edge and desert area were almost identical 
and the changes were related to other areas.  

Generally, the overall changed of the desert area was ascending in both Aug and Mar. In Aug, the 
changing trend of the wet edge was ascending and in Mar was descending. In general, the results from 
the detection of changes by considering the visual interpretation and the results of the studied area during 
the years 2000-2016 showed that in the Gavkhuni wetland, the desert area was increased and the wet 
edge was decreased. The maximum and minimum desert area was observed in 2001 and 2003, 
respectively. Moreover, the maximum and minimum wet edge was observed in 2009 and 2001, 
respectively. The results of this study also showed that the combination of the indices could be a useful 
method for monitoring the soil moisture in different temporal and spatial scales. It is also possible to 
evaluate the soil moisture and drought conditions regularly using remote sensing data and techniques, 
which can be very effective in understanding and monitoring environmental changes and their 
management. Studies have been conducted in this field as follows: Goward et.al. (2002), Han Y et.al. 
(2010), Abutalebi et.al (2020), this research also confirms the results of our work. 
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