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Abstract 

 

     Soil salinity phenomena are one of the main problems of arid and semi-arid lands. Saline soils constitute a huge 

part of Iran, and also threaten its neighboring lands. Therefore, in order to optimum exploitation of such soils, 

qualitative monitoring is necessary. Recently, remote sensing techniques have been increasingly applied in 

monitoring soil characteristics. The present study was carried out between 2014 and 2015, with the purpose of using 

remote sensing  for mapping soil salinity in the saline rangelands of Chezan plain (Markazi province). In the first 

step, 50 soil samples were taken from the topsoil (30 cm depth) and their Electrical Conductivity (EC) was measured 

by EC- meter. To use the soil salinity map using remote sensing, we first used Indian Remote sensing Satellites (IRS) 

satellite imagery and the satellite’s LISS sensor (LISS III, 2008). After geometric and radiometric correction, this 

image was been classified using the Maximum Likelihood method. Then in the next step, Comparison of Spectrum 

indices were done by extracting maps of soil salinity. For this purpose, Four indices including: Brightness Index (BI), 

Salinity Index (SI1), SI2, and Normalized Difference Salinity Index (NDSI) were used. Among these indices, SI2 had 

the most correlation with ground control points (0.63 in 1% level) and is introduced as a more suitable index than 

others for zoning soil salinity. Regarding to the salinity map, the results showed that a sizeable portion of the study 

area was classified class 2 with a salinity of between 4-8 dS/m (55% of whole land).  
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1. Introduction  

 

     In the present century, the population 

increase has resulted in destroying vegetation 

and changing landscapes, especially in arid and 

semiarid regions, which constitute as fragile 

ecosystems that cover 35% of the earth’s land 

surface (Ziadat et al., 2012).  Saline lands are 

more susceptible to erosive factors: salinity and 

alkalinity are two major phenomena leading to 

soil degradation in arid and semi-arid areas. Soil 

salinity is an in-situ form of soil degradation 

due to the buildup of soluble salts at the surface 

soil (Bouaziz et al., 2012). Saline soils occupy 

about 23 million hectares (15%) of the total area 

of Iran and there are about 163 halophyte and  
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Salt tolerant species in Iran (Ahmadi et al., 

2013). According to the United States 

Environmental Protection Agency, about 20% 

of the world’s fields suffer from salinity, and 

soil salinity is a huge limitation impeding the 

use of agricultural lands (Rezaie et al., 2006). 

The degradation of soil quality due to natural 

and anthropological factors is a major concern 

because it threatens the sustainability and food 

production of humans. In particular, there is 

general agreement that soil salinity is a major 

threat to irrigated and rain-fed agriculture 

throughout the world (Scudiero et al., 2015). 

     Soil salinity inhibits cell water uptake in 

plants and also causes the aggregation of Na+ 

and Cl-, and getting nutrition by the mutual 

comparative effect or the selective permeability 

of ions in membrane (Bruria and Arie, 1998). 

Therefore, the investigation of soil salinity is 
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essential for optimum exploitation of such soils, 

especially in agricultural activities.  

     Salinity assessment and mapping are 

traditionally conducted by soil surveys and the 

interpolation of analytical results of soil 

samples. However, such conventional means of 

soil survey requires the investment of a great 

deal of time and funding (Wu et al., 2014). 

Current developments in the use of remote-

sensing technology in the mapping and 

managing of saline lands have led to increases 

in the speed and accuracy and decreases in 

related fees (Taher Kia, 1999). Remote sensing 

is superior to conventional methods for drought 

and salinity monitoring (Safari Shad et al., 

2017), as this technology can predict soil 

salinity and provide impact assessment. It saves 

labor, time and effort when compared to 

conventional field measurements. The 

information derived from remote sensing tools 

is significantly objective, and covers a wide 

region, and the data provided gives us 

information on salt-affected soils of both spatial 

and temporal natures.(Abbas et al., 2013). 

     Many studies have been conducted through 

satellite imagery to investigate salinity. Nawar 

et al. (2014)studied the potential of remote 

sensing in estimating and mapping soil salinity 

in the El-Tina Plain, Egypt. They constructed 

two predictive models based on the measured 

soil’s electrical conductivity (ECe) and 

laboratory soil reflectance spectra were 

resampled to the Landsat sensor’s resolution in 

keeping with the PLSR model. The results 

indicated that MARS is a more suitable 

technique than PLSR for the estimation and 

mapping of soil salinity, especially in areas with 

high levels of salinity. Dashtakian et al. (2009) 

used several methods to produce the soil salinity 

map of Marvast, (Yazd) including Brightness 

Index (BI), Normalized Difference Salinity 

Index (NDSI), Salinity Index (SI), Yazd Salinity 

Index (YSI), and the maximum likelihood and 

average of regression with some Bands. By 

analyzing and comparing methods with the 

actual soil salinity map, the most suitable 

methods for this region were found to be: 1. 

Average regression with standardized band 1,2 

and 3. 2. Salinity index method.  

     Azhirabi et al. (2015) used different 

vegetation-based indices such as SI1, SI2, SI3, 

BI, NDSI, PD322, IPVI and DVI, which were 

extracted from ETM+ (Landsat 7) to map soil 

salinity in the army field of Gorgan. Also, the 

brightness value was determined. Their results 

showed that among SIs, SI1 and SI2 had the 

highest capability to provide salinity maps with 

the most correlation with land data. 

     Dehni and Lounis (2012) applied the remote 

sensing technique in mapping salt affected soils 

in the Oran region of Algeria. Their approach 

was to exploit the multi-spectral optical data 

from the LANDSAT ETM + to map surface 

states using indices of salinity and sodicity as: 

BI, NDSI, SI, ASI, Index of Salinity (using GIS 

and remote sensing), and finally SSSI “Soil 

Salinity and Sodicity Index”. These indicators 

of salinity were tested in the Oran region using 

spectral sensor ALI (Advanced Land Imager) 

from satellite EO-1 (NASA from 2002 to 

2006).  

     Hakimzadeh and Vahdati (2018) monitored 

Electrical Conductivity (EC) for the soil salinity 

index and Organic Matter (OM) using IRS 

(LISS III) satellite images in the area of Harat 

(Yazd). Results showed that during the period 

stretching between 2008-2012 the organic 

matter content of all farmlands increased and 

the area of saline land decreased.   

     Since most of the rangelands in Markazi 

province and Chezan plain have faced the 

danger of salinization and alkalization, this 

study was carried out with the purpose of 

capturing images using  the IRS satellite’s LISS 

III sensor, and comparing spectrum-indices to 

prepare the soil salinity map. 

  

2. Materials and Methods  

 

2.1. Study area 

 

     The study area is located in the Chezan plain 

at the following coordinates: 49  ˚  8' 22"E to 49˚ 

10' 9"E and 33  ˚  32' 5"N to 34  ˚  33' 37"N (Fig. 

1). This area has saline and alkaline soils 

dominated by Comphorosma monspeliaca, a 

halophyte range plant (Fig.2). The average 

annual precipitation is about 255 mm and mean 

height is 1644 m a.s.l. The annual mean 

temperature of the study area is 14.2 C˚. 

According to soil taxonomy (2014), the gypsic 

and salic diagnostic horizons were separated 

and the study area’s soil was classified in the 

aridic order.  

 

2.2. Soil sampling 

 

     A sampling area of 500 hectares (2236 

meter*2236 meter) was selected for the 

preparation of soil salinity samples. 50 soil 

samples were collected from 0-30 cm depth of 

topsoil during the summer 2014. Sample 

locations were determined by GPS. Fig. 3 

shows a satellite image of the sampling area, 

located in Chezan plain. 
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Fig. 2. Geographic location of study area and sampling points 

 

Fig. 3. Vegetation type of Chezan saline rangelands including Comphorosma monspeliaca shrubs 

 

2.3. Geometric correction and images 

classification 

 

     Definite and suitable parts of the land with a 

clear geographical location should be selected 

for geometric correction. These locations should 

evidently have enough Ground Control Points 

(GCPs) with a proper distribution geometric 

correction. In the present study, 50 Ground 

Control Points were used, and the accuracy of 

geometric correction was calculated through 

RMSE (0.46). 
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     The classification of satellite images was 

done in 3 classes of soil salinity including: class 

1: low salinity, class 2: medium salinity, and 

class 3: high salinity. In the next step, class 

classification was calculated based on the 

Jefferies Matusita index and the maximum 

likelihood method, the results of which have 

been shown as maps (Fig.4 to Fig.8). The areas 

of each soil salinity class were calculated in 

ArcGIS ver. 10. Software (Table5).  

     The Jeffries–Matusita (JM) distance is 

widely used as a separability criterion for 

optimal band selection and evaluation of 

classification results (Table 5). The Jeffries-

Matusita distance measures the separability of 

two classes on a more convenient scale [2-0] in 

terms of B: J=2(1-e^⁻B) 

  

Normality test for spectrum indices 

 

     Regarding the different ability of each index 

in presenting a soil salinity map, first, data 

normality was tested using SPSS. As the 

significance for all indices and all collected soil 

data was more than 5%, null hypothesis will not 

rejected and data will be normal (Chahoki, 

2010).  

 

3. Results and Discussion 

 

3.1. Determination of best band combination 

and evaluation of the land use map accuracy 

 

     In selecting the best band combination, Table 

1 was used. In this Table, Cohen's kappa 

coefficient and the total correction for different 

band combination of sensor LISSIII were 

observed. The results revealed that this sensor, 

with a band combination of band 1, MNF 

(Minimum Noise Fraction) 1, and PC1 which 

are settled in RGB, will show the highest 

accuracy, and thus were introduced as the best 

band combination. 

 

  
              Table 1. Cohen's kappa coefficient and total accuracy of the band combination of different bands of LISSIII  

Image type Band combination Cohen's kappa coefficient Total accuracy 

LISSIII Band 4,3,2 0.61 64.15% 
 Band 2,3,PC2 0.74 78.10% 

 Band1, MNF1, PC1 0.79 86.60% 

 Band3, PC1, MNF1 0.63 69.21% 
 Band 4, SAVI, 3 0.61 72.78% 

 Band 3, PC1, 1 0.66 73.31% 

 Band 2, PC1, NDVI 0.65 70.98% 

 

     After assurance of correct classification, 

each soil salinity class area were calculated with 

Arc GIS. 

 

3.2. Image classification  

 

Mapping soil salinity with spectrum indices  

 

     With remote sensing, the soil salinity index 

can be derived from image using mathematical 

process on main sensor’s bands and many maps 

with spectrum characters could be extracted. 

The most important indices for soil salinity are: 

brightness index (BI), salinity index (SI), 

normalized different salinity index (NDSI), and 

others (Dehni and Lounis, 2012). Azhirabi et al. 

(2015) also used different vegetation-based 

indices such as SI1, SI2, BI, NDSI, etc., which 

were extracted from ETM+ (Landsat 7) to map 

soil salinity, and found, based on accuracy tests 

on studied indices that SIs had the most 

correlation with ground control points. In the 

present study, some spectral indices including: 

BI, NDSI, SI1, and SI21   were used and 

                                                           
1 Salinity index 2 

different maps for each index were prepared. 

Creation classes were based on image 

interpretation and experimental data. Four 

salinity classes were determined. After applying 

map classification, produced maps were 

subjected to final processing. For this purpose, a 

5*5 filter was employed to decrease spatial 

diversity on maps. 

 

Correlation test of spectrum indices  

 

     The correlation among maps extracted from 

the indices and real data (ground control points) 

of the study area were  collected after insurance 

of data normalization. The extracted map of 

spectral indices showed high correlation with 

the real soil map. (Table 4). 

     In Table 7, the SI2 index had the most 

correlation with soil salinity (0.63 at level 1%). 

Also, the kappa coefficient and total 

classification accuracy were at 0.79 and 

86.60%, respectively. These numbers resemble 

those of Hakimzadeh and Vahdati (2018), 

whose calculated accuracy classification and 

kappa coefficient were found to be equal to 82% 

and 0.72, respectively. 
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 So, for the evaluation of class accuracy other 

parameters such as user accuracy and producer 

accuracy must also be taking into consideration, 

and the commission errors and omitted errors 

were also mentioned in Table 2.  

 
                  Table 2. Evaluation of classification results for Chezan plain 

Index Salinity Class 

(dS/m) 

User accuracy Producer accuracy Commission  

errors 

Omission 

errors 

BI 0-4 77.50 64.75 8.5 4.35 

 4-8 94.57 91.46 6.76 7.80 

 More than 8 83.61 91.75 9.46 7.45 

 

     Having and omitted errors related to the 

classes of the soil salinity map for the SI2 index 

were investigated. The most and the least 

having errors were related to the 0-4 dS/m class 

(8.50) and over 8 dS/m class (9.46). In addition, 

the most and the least omitted errors were 

related to the more than 8 class and 0-4 dS/m. 

  
                     Table 3. Results of index normality test (Kolmogorov–Smirnov test) 

Kolmogorov–Smirnov test 

  SI1 SI2 NDSI BI EC1 

 Number 50 50 50 50 50 

Normal Parametersa,,b 
Average 140.36 1.946 .1347 158.08 4.84 

Standard deviation 14.821 5.266 .02648 12.673 1.638 

Most Extreme Differences 

Absolute 0.130 0.126 0.202 0.114 0.109 

Positive 0.098 0.105 0.135 0.106 0.097 

Negative -0.130 -0.126 -0.202 -0.114 -0.109 

 
Kolmogorov-Smirnov Z 0.922 0.892 1.429 0.804 0.774 

Asymp. Sig. (2-tailed) 0.364 0.404 0. 304 0.537 0.587 

 

     Table 4. reveals that SI2 has the most 

correlation with soil salinity. Therefore, the 

present map of this index was used as the soil 

salinity map using remote sensing for the study 

area.  

 
                      Table 4. Correlation among values of brightness and soil salinity data in different indices 

  BI SI1 NDSI SI2 EC 

BI Pearson Correlation 1     

Sig. (2-tailed)      

N 50     

SI1 Pearson Correlation 0.967** 1    

Sig. (2-tailed) 0.000     

N 50 50    

NDSI Pearson Correlation 0.290* 0.417** 1   

Sig. (2-tailed) .041 0.003    

N 50 50 50   

SI2 Pearson Correlation 0.989** 0.983** 0.358* 1  

Sig. (2-tailed) 0.000 0.000 0.011   

N 50 50 50 50  

EC Pearson Correlation 2.6 0.52 -0.084 0.63** 1 

Sig. (2-tailed) 0.661 0.722 0.560 0.663  

N 50 50 50 50 50 

** represents significance at the 0.01 level (2-tailed) 

*  represents significance at the 0.05 level (2-tailed) 

 

     The result of the study revealed that the 

electrical conductivity of the Chezan plain 

ranges between 2.4 to 8 dS/m. After an 

observed classification of the maximum 

likelihood method, the soil salinity map was 

extracted (Fig 4).  
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Fig. 4. Soil salinity classification map of the Chezan plain extracted from LISSIII image 

 
                                  Table 5. Separation of EC classes based on the Jefferies Matusita index (LISSIII image) 

Soil salinity class  dS/m Jefferies Matusita index LISSIII 

EC  0-4 1.91 
EC 4-8 1.93 

EC> 8 1.90 

 

3.2. Classification accuracy 

 

     Having errors, show that each area of land is 

a class that does not truly belong to that class, 

and omitted errors show the amount of land area 

of a class that belongs to other classified 

classes. The most and the least omitted errors 

are related to the class 8 d  S/m and above 

which equals11.71, and the 0-4 dS/m class 

equals 7.63 and the most and the least omitted 

errors are related to class 4-8 and class 0-4 

dS/m, respectively (Table 6).  

3.3. Soil salinity classes areas  

 

     Table 7 represents the area of each class and 

area percentage of the related class. 

 

BI (brightness index) map 

 

     Figure 5 shows the map extracted from the 

BI index in which most of the area has a salinity 

that lies between 4-8 ds/m (class 2).  

 
             Table 6. Accuracy evaluation of classification results 

Year Salinity class dS/m User accuracy Producer accuracy Having error Omitted error 

2008 0-4 92.37 95.51 7.63 4.49 
 4-8 93.22 89.81 7.58 10.19 

 More than 8 88.29 82.83 11.71 7.17 

 
                                   Table 7. Areas of each soil salinity class in Chezan plain (2008) 

Soil salinity class Areas (hectare) Area (%) 

0-4 1349. 8239 15.29 

4-8 7897. 4901 55.55 
more than 8 7456. 2572 29.15 

total 4671. 8824 100 

 

 
Fig. 5. Map of soil salinity extracted from BI index 
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NDSI (Normalized Difference Salinity Index) 

map 

 

     Figure 6 reveals the map derived from the 

NDSI index. Most areas of land are located in 

classes 1 and 2 (salinity of 0-4 and 4-8 dS/m.). 

 

SI1 (salinity index 1) map 

 

     Figure 7, which was concluded from the 

study area’s salinity index reveals that most 

areas of land are class 2  (EC 4-8 dS/m). 

 

 
Fig 6. Map of soil salinity extracted from NDSI index 

 

 
Fig 7. Map of soil salinity extracted from SI1 index 

 

SI2 

 

     Figure 6 represents the map extracted from 

salinity index 2 for the investigated location. 

The most areas of land are class 2, meaning a 

salinity of 4-8 dS/m (Similar to SI1). 

 

 
Fig. 8. Map of soil salinity extracted from SI2 
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     As mentioned before, SI2 has the most 

correlation in level 0.01 with soil salinity. 

Therefore, the present map of this index was 

used as map of soil salinity for the study area. In 

table 8, the area of each class and its percentage  

(based on SI2 map) vis-à-vis the whole area is 

presented.  

 
                      Table 8. Areas of different soil salinity classes based on SI2 index for Chezan plain 

Soil salinity classes Area (hectare) Area percentage 

0-4 438.084 4.96 
4-8 7646.388 86.65 

more than 8 739.886 8.38 

total 8824.592 100 

 

     Several studies have shown that image 

enhancement techniques consisting of spectral 

indices (e.g., NDVI, SI, NDSI, TNDVI) have a 

great potential in enhancing and delineating soil 

salinity detail in an image. For example, Zhang 

et al. (2011) found and emphasized that 

identifying salt-affected soils based on the 

image enhancement method, represented by the 

salinity index, yields better results than 

individual bands, due to its ability to enhance 

the saline patches by suppressing the vegetation. 

Allbed et al. (2014) also reported that the high 

performance of combined models for mapping 

soil salinity is attributed to: (i) the spatial 

resolution of the images; (ii) the great potential 

of the enhanced images, derived from SI, by 

enhancing and delineating the spatial variation 

of soil salinity. Shamsi et al. (2013) found that 

using an image enhancement method (Salinity 

Index (SI)) reduced estimation errors and 

increased the model’s efficiency.  

     According to the extracted maps, the 

northern and western lands of study area are 

more saline. This may be due to land form and 

topsoil conditions. Because soil salinity spectral 

reflectance is affected by the physical-chemical 

properties of soil: quality and mineralogy of 

salt, together with soil moisture, color and 

surface roughness (Allbed et al., 2014) The 

result also indicates that the measured spectral 

reflectance and IRS data have great potential for 

predicting and mapping soil salinity. This 

finding is in agreement with Hakimzadeh and 

Vahdati (2018) who indicated that remote 

sensing data, especially IRS-LISIII, are highly 

efficient in the detection of soil salinity.  

 

4. Conclusions 

 

     Soil salinity, either naturally occurring or 

human-induced, is a serious global 

environmental problem, especially in arid and 

semi-arid regions. This is a complex dynamic 

process with serious consequences for the soil , 

not to mention its geochemical, hydrological, 

climatic, agricultural, and economic impacts. 

Being a severe environmental hazard, the 

frequent detection of soil salinity and 

assessment of its extent and severity at an early 

stage become very important at both local and 

regional scales. Traditionally, soil salinity was 

assessed via collecting in situ soil samples and 

analyzing those samples in the laboratory. 

Undertaking this method, especially over a large 

area, is expensive and time-consuming. Remote 

sensing represents a good alternative for 

monitoring and mapping changes in soil 

salinity. 

     Remote sensing data have been used 

extensively to identify and map saline areas, and 

the potential of remote sensing for assessing and 

mapping soil salinity is enormous. Multispectral 

satellite sensors are the preferred method for 

mapping and monitoring soil salinity, largely 

due to the low cost of such imagery and the 

ability to map extreme surface expressions of 

salinity. 

     The present study demonstrates the potential 

of using IRS satellite data (LISIII sensor) for 

characterizing soil salinity and environmentally 

degraded lands in the Chezan plain in Markazi 

province. Combining the spectrum indices 

technique with remote data for the assessment 

and monitoring of salt-affected soil over a large 

area provides a reliable variety of indicators to 

address land degradation by salinization. 

     In this research, four indices including BI, 

SI1, SI2, and NDSI were used, and among 

them, SI2 was found to have the most 

correlation at 0.63 at the 0.01 level was as the 

more suitable factor for mapping soil salinity. 

Regarding to the salinity map of this index, 

most areas of land were  class 2 with a range of 

4-8 dS/m. Based on soil salinity maps, studies 

revealed that the soils of the study area, because 

of the high evaporation of saline groundwater, 

are exposed to salinity. Areas lying to the north 

and west were found to be more saline. Special 

management and deepening  water tables are a 

way of preventing the continuing tendency of 

salinification. Also salt-tolerant and salt-

absorbent plants and crops could be planted in 

such places in order to reduce soil salts, keeping 

in mind that the climate is one of the most 
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important factors as well. The results of the 

study revealed that in the mapping of soil 

salinity, the use of remote sensing techniques 

are better because of their high accuracy and 

low cost.  However, regarding the low 

separation and radiometric power of sensors, 

salinity changes are not tangible and traceable. 

Salinity is a parameter that indirectly reflects 

waves (contrary to vegetation cover) Thus, in 

order to achieve the best index we need high 

resolution and more vast extended areas to 

obtain the best results, so as to define the 

reliable local index.  

     This study offered a good method for the 

quantitative mapping of soil salinity over a large 

area with multispectral reflectance data. Further 

research could be done to reduce spectral noise 

in multispectral imaging and refine prediction 

models to improve the accuracy in the 

quantitative mapping of soil salinity.  
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