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ABSTRACT 

Salt accumulation within the soil is one of the subtle ecological issues around the world. 

An integrated of remote sensing with different statistical techniques has indicated 

accomplishment for creating soil quality forecasting models. The objective of this research 

was to unveil the degree and location of the salt affected soils as it has a severe effect on the 

agricultural crop yield of the Gautam Buddha Nagar (GBN) district. To assess spatial 

variation of the salt-affected soil a simulation model integrating satellite observation data, 

artificial neural network (ANN) and multiple linear regression (MLR) was used. The 

statistical correlation amongst ground-truth data and Landsat original bands and band ratios 

showed that all the bands and ratios showed a non-significant correlation with SAR. While 

four optical bands and eleven band ratios showed high correlation with all the soil quality 

parameters. Combining all the remotely sensed variables into models resulted in the finest fit 

with the R
2
 value equal to 0.84, 0.69, 0.59 and 0.85 for EC, pH, ESP and TSS, respectively. 

The soil quality parameter maps generated using selected models revealed that most of the 

part of the agricultural land of the study area lies in the range of moderately saline and 

moderately sodic soil. Further Analytical Hierarchy Process (AHP) was applied to generate 

overall soil degradation probability map of the district, with respect to salt accumulation. The 

result revealed that the major portion of the entire agricultural field of the study area lie 

between low (32.74 %) to moderate (29.53 %) probability zones of salt susceptibility.  

Keywords: Soil quality parameters, Landsat OLI & TIRS, Correlation, Artificial Neural 

Network (ANN), Multiple Linear Regression (MLR), Analytical Hierarchy Process (AHP) 

and Weighted Index Overlay (WIO) 
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INTRODUCTION 

Sodicity and soil salinity has been a genuine ecological concern worldwide. Soils having 

electrical conductivity (EC) of the saturation extract higher than four deci-Siemens per meter 

(dS/m) at 25 °C, Exchangeable Sodium Percentage (ESP) lesser than 15 and pH (soil 

reaction) lesser than 8.5 are named as saline soils, which means the presence of excess 

soluble salts such as sulfates, carbonates, & chlorides in the salt solution soil. Differently, soil 

with a pH greater than 8.5, ESP more than 6 % and a majority of carbonate and sodium 

bicarbonate are referred to as sodic soil (Richards, 1954). In India, salts in soil grow every 

year as an outcome of secondary salinization due to human activities such as urbanization 

and improper irrigation practices. The spatial disposition of excess salt-affected soils over the 

area is exceedingly delicate and measured by a range of parameters such as parent material, 

penetrability, water table level, quality of groundwater, topography, irrigation, rainfall, 

drainage and humidity (Douaik et. al., 2004). Around 7 million hectares area of India 

including the states of West Bengal, Uttar Pradesh, Gujarat, Punjab, Rajasthan, Maharashtra, 

Delhi, Haryana, Tamil Nadu, Kerala and Orissa are facing soil problems due to salt 

accumulation out of which about 2.8 million hectares of salt containing soils are present 

within the Indo-Gangetic alluvial plain  (Abrol & Bhumbla, 1971). 

The addition of salts in agricultural lands caused by irrigation and other escalated 

agricultural pursuits, deteriorates cropland producing the degeneration in the efficiency of 

crops and thus favoring the decline in agricultural yields (Patel et al., 2009; Akramkhanov, 

2011). The accumulation of salt in the soil is a continuous and changing process, which 

requires to be observed continuously in order to have the most recent knowledge of their 

extent, level of graveness, nature, spatial dispersal and expanse (Azabdaftari & Sunar, 2016). 

Understanding when, where and how salts impact may occur, is very critical to the 

sustainable advancement of any agricultural land framework. Ground-based measurement of 

EC and pH is usually recognized as the highest efficient technique for measurement of the 

quantity of salt-affected soils (Norman et. al., 1989). Traditional methods of measuring salt 

in soil by collecting and analyzing samples in the laboratory are expensive, tedious and need 

extensive manpower for surveying and mapping of land. The dynamic nature of the 

salt-affected soil in space and time makes it more challenging to use traditional techniques 

for a large area (IDNP, 2003). For monitoring such kind of dynamic processes, remote sensed 

data has great potential. 

Over a few decades, remote sensing information has been extensively used as 

a cost-effective method to map salt-affected soil, either directly or indirectly, in a real-time at 

different scales (Metternicht & Zinck, 2008). Interesting studies have been done for salt 

recognition in soil using optical multispectral, microwave and thermal remote sensing 

techniques synergistically in recent years. High precision sensors onboard various satellites 

are quite helpful in identifying and observing the saline and sodic soils. Multi-spectral data 

such as SPOT, LANDSAT, IKONOS, IRS, EO-1 & Terra-ASTER with resolution ranging 

from average to high along with hyperspectral sensors can be utilized for detecting salts in 

the soil. Kant et. al. (1997) effectively delineated, mapped and digitally classified salt 

affected and waterlogged zones of India using bands 3, 4, 5 and 7 of Landsat TM image with 

an accuracy of about ninety six percent. Those sensors can only scan the upper surface of dirt, 

whereas the whole profile of soil is affected and should be inspected. This restraint calls for 

the requirement of utilizing some additional techniques and data, in collaboration with 

remote sensing (Farifteh, 2006). 

It creates the impression that the utilization of statistical tools and spectral transformation 

as often as possible have a great outcome for upgrading the derivation of soil-related 
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information from spectral bands. Spatial modeling, which is the use of numerical 

mathematical statements to simulate real phenomenon and processes, has followed several 

methodologies for evaluating and predicting salt problems in soil (salinity or sodicity). 

Several approaches have been used for spatial modelling till date, few of them are Artificial 

Neural Network (Akramkhanov & Vlek, 2012), Regression Tree (Mehrjardi et. al., 2014), 

Fuzzy Logic, Generalized Bayesian Analysis (Douaik et. al., 2004), Geostatistics 

(eg.  Kriging, Cokriging, Regression Kriging) (Tajgardan et. al., 2010) and Statistical 

Analysis (regression, ordinary least square) (Judkins & Myint , 2012). Bouaziz et al. in 2011 

stated a reasonable relation between spectral indices and electrical conductivity using the 

linear spectral unmixing (LSU) method to enhance the estimation of salt-affected soil using 

MODIS data. It was also revealed that the application of LSU improves the correlation. 

Bannari et al in 2008 proposed that SSSI (Soils Salinity and Sodicity Indices) making use of 

EO‐1 ALI 9 and spectral bands (ten) gives significantlybestcorrelation with the ground truth 

data of electrical conductivity and proved efficient to simulate various spatial distribution 

categories of low and moderately salt-affected soil.A multiple linear regression model 

grounded on various digital image enhancement techniques have also been broadly used to 

forecast salt concentration in soil and to enhance the characterized variability of salinity or 

sodicity. Jian-li et al. in 2011 used a Landsat ETM+ image to focus the main variables to be 

put in use for extraction and classification of salinised soils using decision tree methodology 

of principal component analysis (PCA). Afework in 2009 constructed a trustworthy linear 

regression model to simulate salt-affected soil in the sugarcane farms of Ethiopia by 

correlating NDSI to electrical conductivity. Janik et al. in 2009 stated that forecasting variety 

of physical and chemical characteristics of soil from MIR spectra using PLSR and neural 

networks combination. Cozzolino and Moron in 2003 utilized modified partial least squares 

(MPLS) regression and first derivative transformation of the reciprocal reflectance to inspect 

soil samples for sand, silt, clay, Cu, Ca, Mg, K, and Fe. Principally, PLSR is the most 

frequently assessed spectral treatment technique on the statistical basis for soil studies. 

Lately, Judkins and Myint in 2012 invented that Landsat band 7, Tasseled Cap 3 and 5 and 

Transformed Normalized Difference Vegetation Index (TNDVI) resulted from TCT, showed 

better correlation with the spatial distribution in soil salinity. Integrating these spectral 

variables into a regression model (MLR) assisted them to map and simulate spatial 

distribution levels of salt-affected soil efficiently (Allbed et. al., 2014). 

Poor crop productivity in salt-affected environment in the selected study area (GBN 

district of Uttar Pradesh) is due to insufficient and untimely canal supply to agricultural land 

and inefficient field water management practices. This could further degrade due to 

inadequate maintenance of canal network, ongoing secondary soil salinization and 

waterlogging, worsening of groundwater quality. Large patches of low productivity in 

irrigation commands are occurring due to waterlogging and salt-affected soil. Therefore, the 

primary aims of conducting this research are: (i) to interpret and understand the spectral 

reflectance attributes of salt affected soils in Gautam Buddha Nagar district, (ii) to investigate 

the capability of Landsat imagery to spot and map the salts in soil over the area of interest, 

(iii) to assess interrelationship between on-field measurements and data procured from 

Landsat imagery, and (iv)to develop spatial dataset classified with very high, high, moderate, 

low and least degradation probability zones. We address these questions in the following 

sequence. We first describe the characteristics of the study area and which data are gathered 

in this area. Then, we explain how and with which methods we analyze the data, followed by 

a presentation of the results. We conclude by addressing the main research questions and 

formulating a set of recommendations how to continue this study. 
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STUDY AREA 

This study presents an approach based on input feature selection (with ANN) and empirical 

modelling fed with different Landsat 8 OLI spectral band ratios, calibrated using soil salinity 

data collected in-situ. The location where we collected such data is Gautam Buddha Nagar 

(GBN) district of NCR region. GBN district falls in Yamuna sub-basin at latitude 

28024
0
14.731” N and longitude of 77032

0
33.870” E (Figure 1). The district spans over an 

area of around 1442 square kms. and is at an elevation of around 200 meters above MSL. The 

primary water sources include the groundwater aquifers and few surface water canals that are 

scattered across the region.  

 

Fig. 1: Location map of study area 
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A large portion of the district falls in upper Ganga canal command. Eastern part of the 

district has a good network of canals. The irrigation of the district is basically met by means 

of minor irrigation structures such as tube wells and dug wells. The district is known for its 

sub-humid weather pattern along-with scorching summers and exhilarating cold winters. The 

yearly average precipitation of the region is round about 600 mm. The absolute ambient 

temperature goes over 32 °C during the summer season and during winters the average mean 

temperature is approximate 14 °C. The soil ranges from pure sand to stiff clays and including 

all combination of the two extreme litho units. The major field crops fertilized are wheat, 

rice, sugarcane, maize, barley, mustard, pigeon pea. 

 

 

DATA COLLECTION 

Field Sampling 

Sampling sites were selected based on the division of the district and varying extent of 

settlements. Gautam Buddha Nagar district is divided into 4 blocks Bisrakh, Dadri, Dankaur, 

and Jewar. Out of these blocks, Bisrakh is completely urbanized, remaining three are covered 

with agricultural fields. Composite soil sampling was performed twice following the 

sampling procedure of Bouaziz et al. (Bouaziz et. al., 2011). Firstly, during February 2014 

for the development of the model and secondly, during February 2016 for the validation of 

the model. Soil samples were collected from over 50 locations covering 20 villages of three 

blocks (Dadri, Dankaur, and Jewar) of the district. The 50 sampling locations of the field 

samples were recorded on a Global Positioning System (GPS) unit, and a GIS map was 

generated (Figure 2). Each composite sample of soil consisted of four core sub-specimens 

that were collected at a span of20 m north, south, east and west of the center sampling point. 

The sub-specimens were gathered from the surface horizon (0–20 cm) with a hand auger 

(10  cm diameter) which were grinded and blended with each other to form one sample. 

Since the aim of this research was to develop a correlation between soil quality parameters 

(EC, pH, TSS, ESP and SAR) and satellite based spectral bands and extrapolate point data to 

produce a soil degradation probability map of the study area, direct measurements of soil 

salinity and sodicity were carried out by taking the measurements of EC, pH, TSS, SAR and 

ESP in the soil saturation extracts in the laboratory, as narrated by Richards (Richards, 

1954).The formula used for the calculation of TSS, SAR and ESP is as mentioned below: 
 

TSS (mg/l) = EC (dS/m) X 640 ……….. (i) 

SAR = [Na] / √(1/2 ([Ca] + [Mg])) ……. (ii) 

ESP = Exchangeable {(Na)/(Ca + Mg + K + Na)} X 100 ……. (iii) 

Although ESP and SAR cannot be determined directly from a soil saturation extract, the 

other variables used for the calculation of ESP and SAR i.e. sodium, calcium, magnesium 

and potassium can be calculated using a saturated soil paste. 
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Fig. 2: Distribution of sample points over the study area 

 
 

Satellite Data 

Satellite data of Landsat-8 (OLI & TIRS) of Path – 146 and Row - 40 were obtained, for the 

preparation of the models of salt-affected soils. Satellite images employed in this research 

were obtained near the actual soil sampling date on 9
th

 February 2014 and 2
nd

 March 2016 

(Table 1). Although comparing just two values may be considered a limitation for 

longitudinal change and transformation studies, this specific study primarily aimed at finding 

a meaningful method to unravel variation, and not to predict long term changes. Firstly, the 

pre-processing methods such as radiometric and atmospheric corrections should be applied 

to multi-temporal Landsat images. The un-stripping of Landsat satellite data was carried out 
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as a radiometric rectification. Then, atmospheric rectification was applied in order to lower 

the effect of various atmospheric parameters. Such corrections are highly recommended in 

the studies, where in a correlation between on-field measurements and spectral reflectance 

values are required (Selch, 2012). Reflectance calibration is applied by deriving the 

reflectance value from the DN and computing the top of atmosphere reflectance (TOA). In 

short, the satellite data enable a pixel based spatial modelling using reflectance values of the 

satellite image using ERDAS IMAGINE 14 software Change in the characteristics of the soil 

will definitely affect the reflectance value of the pixel. Therefore, the accuracy of the model 

depends on its ability to detect this variation in the reflectance value of the satellite data and 

predicting soil quality irrespective of the time and years.  

 

Table 1: Satellite Data Used for the Study 
 

Satellites Acquisition Date Sensor Spatial 

Resolution 

Projection 

Landsat 8 

Landsat 8  

02/03/2016 

09/02/2014 

OLI-TIRS 

OLI-TIRS 

30 m 

30m 

WG84 UTM Zone 44N 

WG84 UTM Zone 44N 

 

 

DATA ANALYSIS 

Image Processing (Spectral Enhancement) 

Since the adoption of satellite-based recording of spectral radiance of ground objects in 

visible and near-infrared bands became possible, various indices have been developed based 

on the certain combinations (sum, difference, ratio, linear-additional) of bands 

(Somvanshi et. al., 2017). These indices enable the identification and monitoring of temporal 

variations in objects. The variety of indices has an additional advantage that they can reduce 

the effects of external factors, such as solar irradiance, atmospheric influence etc. (Girard & 

Girard, 2003). Two salinity based index (Normalized Differential Salinity Index and Salinity 

Index) and one vegetation based index (Normalized Differential Vegetation Index) as shown 

in table no. 2, were used to create enhanced images for the modeling of salt-affected soil 

using ERDAS IMAGINE 14 software. These indices were shortlisted because of their very 

high substantial relation with EC and pH. Due to absorption in the visible region and high 

reflectance in the NIR range of the electromagnetic spectrum, NDVI has been mostly 

employed to map the salt affected soils by monitoring vegetative cover (Fernandez-Buces 

et. al., 2006; Elnaggar & Noller, 2009; Jabbar & Chen, 2008). Khan et. al. in 2005 also 

revealed that NDSI resulted in the most acceptable outcomes in recognizing various salt 

classes compared to other salinity indices in case of cropped land. 

 

Table 2: List of Spectral Indices Used in the Study 
 

S. No. Vegetation Indices Formula 

1 Normalized Differential Salinity Index (NDSI)  (R – NIR) / (R + NIR) 

2 Salinity Index (SI) Tripathiet al.(1997) SI = R/NIR X 100 

3 Normalized Differential Vegetation Index (NDVI) (NIR – R) / (NIR + R) 

 

Band Ratio is the quotient between the reflectance of separate bands of the electromagnetic 

spectrum. Band ratioing is highly effective in enlightening concealed details when there is an 

inverse association amongst two spectral responses to the same biophysical phenomenon. 

Absorption of red wavelength (R) by chlorophyll contents of the leaves and strong reflection 
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of infrared (IR) wavelength by mesophyll cells of leaves, resulting in deviating different 

spectrum response from healthy green vegetation in red and NIR radiation. Therefore, the 

reflectance of the ratio of infrared band to red band (IR/R) of the actively growing plant will 

be high. On the other hand, the non-vegetated surface which includes water, man-made 

features, bare soil, stressed vegetation and dead vegetation will not show this specific 

spectral response and thus the reflectance value of the ratio would be less. Thus, the infrared 

to red band proportion can be used to measure photosynthetic activity and biomass within 

a pixel. The IR/R ratio is only one of many measures of vegetation vigor and abundance 

(Campbell, 2002). Knipling (1970) applied ratio between visible and near-infrared radiation 

on the physiologically based reflectance of vegetation. Since the time satellite recording of 

spectral radiance of ground objects in visible and near-infrared bands became possible, many 

others have developed various band ratios based on the certain combinations (sum, 

difference, ratio, linear-additional) of bands. These ratios are used to identify and monitor the 

temporal variation of water bodies. Band ratios which have been used in the present study for 

the modeling of salt-affected soil are B2/B3, B2/B4, B2/B5, B2/B6, B2/B8, B3/B2, B3/B4, 

B3/B5, B3/B6, B3/B8, B4/B2, B4/B3, B4/B5, B4/B6, B4/B8, B5/B2, B5/B3, B5/B4, B5/B6, 

B5/B8, B6/B2, B6/B3 , B6/B4, B6/B5, B6/B8, B8/B2 ,B8/B3, B8/B4 ,B8/B5 , and B8/B6 

(Band 2= Blue, Band 3=Green, Band 4=Red, Band 5=NIR, Band 6=SWIR–1, Band 

7=SWIR–2 and Band 8=Panchromatic Band). These ratios were developed using the 

modular of the ERDAS IMAGINE 14 software (Somvanshi et. al., 2012). All the images 

produced after spectral enhancement was used for the development of models for monitoring 

and predicting salt-affected soil over the study area. 

 

 

MODEL GENERATION  

The statistical analysis used SPSS 20 software. Pearson correlation, artificial neural 

network (ANN) and multiple linear regression (MLR) were put in use to calculate the 

association between the soil parameters (dependent variables) and pixel values of the satellite 

image (independent variables). Pearson correlation analysis between Landsat-8 (OLI 

&TIRS) bands, band ratios and spectral indices with soil quality parameters was performed 

to disclose the association amongst these variables and evaluate their effectiveness in 

forecasting salt-affected dirt. This statistical tool assisted in exclusion of insignificant 

independent variables; only the ones having a high correlation with dependent variables were 

selected. The highly correlated variables were then subjected to ANN modeling. ANN is 

logically encouraged computer programs envisioned to innervate the pattern in which the 

human mind computes the information and therefore, it is categorized in the artificial 

intelligence category of the neural network models. ANN Model was run on the data using 

Multi-Layer Perceptron (MLP) plugin of SPSS-20 software. Soil quality parameters were 

given as dependent variable and all other spectral values were given as independent 

variables. The model was run recurrently for the chosen independent variables for different 

activation functions and numbers of hidden layers until an acceptable R square value was 

obtained. The model gave a ranking of the independent variables for forecasting different soil 

quality parameters respectively. 

Further, MLR models were put in use to measure the associations amongst the various soil 

attributes and shortlisted bands and band ratios of the satellite data. The model was applied 

on different soil quality attributes and spectral variables on the basis of the normalized 

importance graph achieved through ANN. MLR model was carried out repeatedly using 

different combinations of five spectral variables, in accordance with resulted normalized 
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importance graph through ANN. The coefficients of chosen variables were used to generate 

ten regression equations for prediction of each soil quality parameter respectively. After 

comparing the regression coefficients (R
2
), the standard error of the mean Y estimate 

(SE(Y)), and P - value at 95 % confidence level, the best-suited regression model was 

selected for developing unique class simulated maps for each soil quality parameter. 

 

Model Validation 

The developed regression models on the satellite data of 2014 were validated and 

quantified using the field collected ground truth data and satellite image of 2016, to certify 

that they not only applicable on a specific data set but also generated precise results on 

several data sets. In order to validate the models, two quantitative criteria R
2 
and RMSE, 

were calculated between the computed and forecasted values. R
2
 values specify the integrity 

of the statistical linear relationship between two values, and RMSE indicates absolute 

estimation errors (Moriasi et. al., 2007). Further, normal probability plots, scatter plots and 

Shapiro–Wilk tests (W) were performed using SPSS 20 to evaluate the normal distribution of 

the residuals. If the W test is significant (p < 0.05) or greatly significant (p < 0.001) then the 

distribution is non-normal (Field et. al., 2012). 

 

Analytical Hierarchy Process (AHP)  

Finally, all the simulated maps generated using regression models along with maps 

generated through indices were subjected to AHP. AHP is a technique which enables the 

combination of weighting various criteria and of solving problems which need to be 

addressed from using multiple dimensions. We need AHP to reveal salt accumulation and use 

this to generate the overall soil degradation probability map. AHP was put to use to allocate 

the weights to all the six criteria (pH, EC, TSS, ESP, NDVI, and NDSI). AHP is an effective 

tool for linking qualitative and quantitative elements through expert’s opinion and has 

a capability to evaluate the discrepancies in judgments, hence ensure accuracy of the results. 

The basis of AHP lies on the creation of a chain of ‘pairwise comparison’ matrices which 

compares all the criteria with one another. In the present study, it was done to estimate the 

weight of each of the criteria which states the importance of the criteria in contributing to the 

whole aim. This method was carried in three significant steps: (i) the pairwise comparison 

matrix generation; (ii) the criterion weights computation; and (iii) the consistency ratio 

estimation. Easy AHP module of QGIS 2.18 was used for the implementation of each of 

these steps in this study. The AHP process is as shown in Figure 3. 

Criteria and alternatives are allocated weights on a 9 point ordinal scale by virtue of 

pairwise comparison amongst them, as mentioned in table 3given by Saaty (1977). The 

pairwise comparison matrix was utilized for the computation of weights in terms of 

eigenvectors (Saaty, 1980, 2000; Ramanathan, 2001). The six criteria were compared 

pairwise and weights were assigned to each of the criteria on a scale, spanning from one to 

nine depending on their comparative significance with respect to one another in having an 

adverse influence on the environment. The outcome of this assessment is displayed in the 

format of a pairwise comparison matrix (Table 4). 
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Fig. 3: AHP Process 
 

 
 

Depending on different data input, the factors can be allocated weights. The calculated 

factor weights can be subjective sometimes, hence to dodge such a case, the steadiness of the 

comparison matrix is specified using the consistency ratio (CR). CR is stated as the ratio 

between the consistency index (CI) and the random index (RI). Random Index is the 

consistency index of a randomly created pair-wise comparison matrix. Random Index was 

developed by Saaty (1980, 2000), based on many random samples taken. CI is defined in 

equation (iv). 

CI = λmax – n / n – 1………. (iv) 

here,  
 

λmax = biggest eigenvalue of the matrix and n = number of factors (here, n = 6). Saaty 

proposed that if this proportion is more than 0.1, the set of judgments may be overly 

inconsistent to be dependable. If the value of CR equals to zero, this implies that the 

judgments are flawlessly consistent. Further, with the help of a pairwise matrix weighted 

linear combination (WLC) was awarded to different criteria. 

 

Table 3: Definition of Numerical Scales for Pair-Wise Comparison (Saaty 1977) 
 

Preference/ordinal scale Degree of preference Remarks 

1 Equally Factors inherit equal contribution 

3 Moderately One factor moderately favoured over other 

5 Strongly Judgment strongly favour one over other 

7 Very strongly One factor very strongly favoured over other 

9 Extremely One factor favoured over others in highest 

2, 4, 6, 8 Intermediate Compensation between weights 1,3,5,7 and 9 

Reciprocals Opposite Refers inverse comparison 
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Table 4: Pair-wise Matrix 
 

 NDSI TSS EC NDVI ESP pH 

NDSI 1 3.0 1.0 1.0 3.0 3.0 

TSS 0.333 1 1.0 3.0 3.0 2.0 

EC 1.0 1.0 1 1.0 2.0 1.0 

NDVI 1.0 0.333 1.0 1 3.0 1.0 

ESP 0.333 0.333 0.5 0.333 1 2.0 

pH 0.333 0.5 1.0 1.0 0.5 1 

 

To identify and map the soil degradation probability zones with respect to salt 

accumulation, various maps (EC, pH, TSS, ESP, NDVI and NDSI) generated were integrated 

into ArcGIS 10.5. The weights calculated through AHP were assigned to each criteria. 

Attribute values were scored using a 1 to 5 scale, where 1 is the least susceptible and five 

being the highest susceptible. 
 

 

RESULTS 

Correlation Matrix  

Correlation matrices were produced for Landsat 8 (OLI & TIRS) bands (B2, B3, B4, B5, 

B6, B7 and B8), band ratios (B1, B2, B3, B4, B5, B6, B7, B8), band ratios (B2/B3, B2/B4, 

B2/B5, B2/B6, B2/B8, B3/B2, B3/B4, B3/B5, B3/B6, B3/B8, B4/B2, B4/B3, B4/B5, B4/B6, 

B4/B8, B5/B2, B5/B3, B5/B4, B5/B6, B5/B8, B6/B2, B6/B3, B6/B4, B6/B5, B6/B8, B8/B2, 

B8/B3, B8/B4, B8/B5, and B8/B6), spectral indices (NDVI and NDSI) and soil quality 

parameters (pH, EC, SAR, ESP and TSS). 
 

Table 5: Descriptive Statistics of Soil Quality Parameters 
 

Soil Quality Parameters → 

Descriptive Statistics ↓  EC pH ESP TSS SAR 

Mean 
6.311 9.031 8.975 4039.040 0.371 

Max 
16.000 10.45 14.230 10240.000 0.980 

Min 
2.300 8.000 6.100 1472.000 0.010 

SD 
3.407 0.516 2.065 2180.406 0.241 

CV (%) 
54 5 23 54 65 

 

The main descriptive statistics for all soil quality parameters are mentioned in Table 5. As 

per the classification of soil salinity by the Food & Agriculture Organization (FAO), EC of 

the samples of the region of interest varies from highly saline (>16 dS/m) to 

moderately-saline (2-4 dS/m). A 54 % Coefficient of Variation (CV) confirms the moderate 

changes in the EC values across the study region. On the other hand, more than 50 % of the 

total samples were categorized as strongly sodic due to high pH. Although the changes in the 

pH values over the study areas are very low.  Total dissolved solids (TDS) in the soil samples 

were ranged between 1472 mg/l to 10240 mg/l. Sodium adsorption ratio (SAR) varied from 

0.01 to 0.98. 

Statistical correlation between ground truth data (EC, pH, ESP, SAR & TSS) and Landsat 

original bands and band ratios showed that all the bands and ratios showed a non-significant 

correlation with SAR. Four original bands (B2, B3, B4 and B7) & eleven band ratios (B2/B3, 
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B2/B4, B2/B5, B3/B2, B3/B4, B3/B5, B4/B2, B4/B3, B4/B5, B6/B5, and B8/B5) showed 

high correlation with all the soil quality parameters except SAR (Table 6). 

 

Table 6: Correlation Matrix between Soil Quality Parameters and Spectral Variables 
 

Soil Quality Parameters → 

Spectral Variables ↓  EC pH ESP TSS SAR 

B1 0.489608 0.530015 0.454299 0.489608 0.178842 

B2 0.700419 0.68237 0.613012 0.700419 0.305047 

B3 0.762493 0.700348 0.64491 0.762493 0.373985 

B4 0.831199 0.747272 0.693068 0.831199 0.41491 

B5 -0.47124 -0.51386 -0.48172 -0.47124 -0.2805 

B6 0.63671 0.582573 0.536913 0.63671 0.349028 

B7 0.808919 0.730462 0.666938 0.808919 0.393227 

B8 0.704805 0.638486 0.579223 0.704805 0.367305 

B2/B3 -0.78412 -0.65641 -0.62249 -0.78412 -0.44194 

B2/B4 -0.86525 -0.77108 -0.71071 -0.86525 -0.43349 

B2/B5 0.708908 0.725105 0.671349 0.708908 0.363758 

B2/B6 -0.48935 -0.44236 -0.43577 -0.48935 -0.27372 

B2/B8 -0.65649 -0.58872 -0.54188 -0.65649 -0.39317 

B3/B2 0.785029 0.655532 0.624082 0.785029 0.445828 

B3/B4 -0.86493 -0.78723 -0.71905 -0.86493 -0.41425 

B3/B5 0.808386 0.788761 0.733964 0.808386 0.427314 

B3/B6 -0.34584 -0.32305 -0.32446 -0.34584 -0.18701 

B3/B8 -0.49368 -0.48668 -0.43692 -0.49368 -0.33066 

B4/B2 0.875151 0.764136 0.712246 0.875151 0.451868 

B4/B3 0.877912 0.784886 0.722922 0.877912 0.429113 

B4/B5 0.867193 0.812392 0.756213 0.867193 0.450622 

B4/B6 0.162157 0.137494 0.088017 0.162157 0.070947 

B4/B8 0.41429 0.289283 0.280506 0.41429 0.096287 

B5/B2 -0.67537 -0.70621 -0.64551 -0.67537 -0.34022 

B5/B3 -0.75141 -0.75399 -0.69447 -0.75141 -0.38626 

B5/B4 -0.78814 -0.77518 -0.70941 -0.78814 -0.39139 

B5/B6 -0.64406 -0.63225 -0.60467 -0.64406 -0.37072 

B5/B8 -0.64926 -0.61407 -0.59079 -0.64926 -0.34261 

B6/B2 0.499962 0.429441 0.423055 0.499962 0.272057 

B6/B3 0.35398 0.316532 0.314205 0.35398 0.184681 

B6/B4 -0.14476 -0.11939 -0.07779 -0.14476 -0.06391 
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B6/B5 0.675274 0.629408 0.602603 0.675274 0.379737 

B6/B8 0.389952 0.328635 0.345504 0.389952 0.241116 

B8/B2 0.649124 0.582808 0.536927 0.649124 0.405632 

B8/B3 0.462741 0.460777 0.415523 0.462741 0.328391 

B8/B5 0.69326 0.645929 0.610002 0.69326 0.371842 

B8/B6 -0.36362 -0.31771 -0.32268 -0.36362 -0.2292 

NDVI -0.84225 -0.80235 -0.74149 -0.84225 -0.42836 

NDSI 0.842246 0.802352 0.741494 0.842246 0.428361 

SI 0.867192 0.812392 0.75621 0.867192 0.450622 

 

Furthermore, good correlation results were found between indices and soil parameters with 

the R
2 

values more than 0.8 for almost all the parameters except SAR. Fernandez- 

Buces et al., 2005 stated a substantial correlation between NDVI, SAR, & EC. Later, Pérez 

González et al. in 2006 have tried to find out the relation between the spectral values of 

NDVI of halophytic vegetation with the spatial variability of the physical and chemical 

characteristics of an area to recognize saline hydromorphic soils. Their outcomes 

demonstrated that NDVI is highly efficient in identifying vegetation and relating it to the 

salt-affected soil. Also, Bannari et al. in 2008 have stated that salt stress could be forecasted 

by employing NDVI due to decline in vegetation cover. Fan et al. (2012) discovered that 

NDVI values had a noteworthy negative interrelation with salt-affected soil, whereas, soil 

salinity indices exhibited high positive correlations with EC and pH. 

 

Artificial Neural Network (ANN) and Multiple Linear Regression (MLR) 

The ANN model was run on the ground truth and spectral variable data using Multi-Layer 

Perceptron (MLP) in SPSS-20 software. Based on normalized importance (Figure 5) and 

correlation coefficients B2, B4, B7, B8, B2/B4, B3/B4, B3/B5, B4/B2, B4/B3, B4/B5, 

B5/B8, B8/B5, B3/B2, and B6/B5 were shortlisted as most significant independent variables 

for the prediction of EC. Similarly, B3, B4, B4/B3, B2/B5, B2, B4/B5, B8/B5, B5/B6, 

B3/B5, B4/B2, B3/B4, B5/B4, B5/B3 and B2/B4 were shortlisted for pH; B2/B3, B3, B4, 

B5/B2, B4/B3, B5/B3, B5/B4, B8/B5, B3/B2, B2/B5, B2/B4, B3/B4, B3/B5, B4/B2 and 

B4/B5 were shortlisted for ESP and finally, B2, B4, B6, B7, B8, B8/B2, B2/B5, B6/B5, 

B2/B8, B5/B8, B4/B3, B4/B2, B4/B5, B3/B4, B2/B4, B3/B5 and B5/B4 were shortlisted for 

the prediction of TSS. Shortlisted bands and band ratios were subjected to MLR. 

Stepwise regression was applied to ascertain the variables that satisfactorily described the 

majority of the variability of the dependent variables, which were EC, pH, ESP, and TSS. 

Ten models each were developed for individual parameters, respectively, as shown in Table 

No. 7. Once all the developed regression models were assessed, models with (i) a high R
2
, 

denoting a strong linear relationship, (ii) low standard errors of the model’s variables and (iii) 

not many variables with a p-value of less than 0.05 were chosen for the assessment using the 

testing data. 
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Fig. 5: Normalized importance graph for (a) EC (b) pH (c) ESP and (d) TSS 
 

 
 

The statistical results of the developed regression models are summed up in Table 8, 

revealing how effectively, spatial changes in salts can be forecasted by applying different 

developed regression models. All of the developed regression models were immensely 

significant; still, models no. 3, 2, 10 and 7 were the most effective to forecast EC, pH, ESP 

and TSS spatial variation, respectively (Table 7), as they fulfilled all the model selection 

criteria. Amongst those models, model no.3, which merges B2/B4, B3/B4, B3/B5, B4/B2, 

and B4/B3 resulted in being the most efficient for forecasting EC. It had the highest R2 value 

of 0.8483, denoting a strong linear relationship amongst evaluated and forecasted EC and 

also made it evident that 84% of the variance in the EC values could be described by this 

model with comparatively low standard errors for its variables at 1.4. Each of those variables 

had significant p-values, implying a strong correlation with EC. In contrast, Mehrjardi 

et al. (2008) also discovered the red band as the most correlated with EC and based on this 

outcome, a regression model good enough to associate EC to red band and the exponential 

relation was found to be the best type of model. 
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Table 7: Regression Models for Different Soil Quality Parameters 
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Contrarily, model no.2, which merges B4/B3, B2/B5, B2, B4/B5, and B8/B5 provided the 

best fit for predicting pH of the soil with the R
2
 value of 0.69 and relatively low standard 

errors of 0.3. Similarly, model no.10, which combines B3/B4, B2/B4, B5/B4, B5/B3 and B4, 

and model no.7, which combines B4/B2, B4/B5, B3/B4, B2/B4, and B4 provided the best fit 

for predicting ESP and TSS respectively with the R
2
 value of 0.59 and 0.85. 

 

Model Validation and Generation of Maps 

The effectiveness of the developed regression models on the data of 2014 was quantified 

using the ground truth data of fifty (50) sampling points and image of 2016. The justification 

of 50 sampling points derived from exploring the terrain, and from recommendations and 

practices from similar studies relying on remote sensing (Galvao et. al., 2008). Samples were 

collected from agricultural fields, which were severely affected by the salts, with the help of 

the farmers working there. The west side of the study area was not sampled, as the block of 

the district was completely urbanized.  

Figure 6 presents the validation outcomes for the finest regression models. Selected models 

perform well with respect to the normality test of the residuals. Moreover, the W test for 

model 3 for EC upgraded to 0.87 with a non-significant p-value (p < 0.05), presents a normal 

distribution of the residuals. Also, the values of R
2
 equaling 0.765 and RMSE of 1.56 dS/m 

reveal that this regression model is the most efficient for predicting EC as compared to the 

others. The selected model for predicting EC in this study seems to outweigh in the 

prediction power (R
2
 = 0.76) of soil salinity over those described by Shrestha in 2006 with 

R
2
 equal to 0.23, Shamsi et al. in 2013 with R

2
 equal to 0.39 and Allbed et. al. in 2014 with 

R
2
 value equal to 0.65, using different moderate resolution images. Nevertheless, 

dissimilarity in spatial resolution can have a significant influence on forecasting soil salinity 

(Figure 6). 

Values of R
2
 and RMSE as 0.268 and 0.5, respectively, for the regression model no. 2 of 

pH showed that this model would not ascertain soil sodicity with high precision making use 

of remotely sensed data. As per validation outcomes for ESP and TSS models, the W-test for 

model 10 for ESP improved to 0.93 with an insignificant p-value of 0.01, indicating the 

normal distribution of the residuals. Moreover, the values of R
2
 equaling 0.46 and RMSE of 

1.45 indicate that this regression model is appropriate for predicting ESP. Furthermore, 

W-test statistic value of 0.78 for model no. Ten for TSS and R
2
 of 0.53 indicate the normal 

distribution of the residuals, as well as the model, is the best fit for predicting TSS. Hence, 

those statistical outcomes indicate that the regression model no. 3 for EC, model no. Ten for 

ESP and model no. Seven for TSS meet both the model selection as well as the model 

evaluation criteria. As a result, the best-executed regression model that fulfilled all the model 

selection and validation principles were selected and put in use to forecast and map the 

spatial changes in soil salinity. Each one of the statistical analysis was undertaken in SPSS 

20, with significance levels set to p < 0.05. 
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Fig. 6: Validation results for the best regression models 
 

 
 

In addition to statistical tests, the data enabled us to generate soil parameter maps of the 

area of interest for each of the chosen models. The benefit of these maps is that they visualize 

the locations and distributions of the saline and sodic areas in relation to those where 

agriculture is practiced. Most of the agricultural land in the study area is moderately saline 

(EC = 3-6 dS/m) and moderately sodic (pH = 8.48-8.69) soil. ESP is one more parameter that 

symbolizes soil sodicity. As per the ESP simulation map, the range of ESP in our study area 

is 6.83-7.53, which shows that our study area is not facing problems due to excess sodium. 

Furthermore, the result showed that there exists a linear relationship between EC and TSS 

within a certain range, which can be useful in estimating soluble salts in a soil sample. The 

range of TSS in the present study throughout the study area is 1073-2194 mg/l, which shows 

that the concentration of the soluble salts is towards the higher side. 

As observed, a lower concentration of salt accumulation in the vegetated areas may be due 

to the fact that, vegetated regions are exposed to a leaching process which lowers salt levels. 

Still, there is a significant variation in salt over the vegetated areas throughout the study area. 

These differences are considered mainly caused by poor drainage and improper irrigation 

management. 
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Soil Degradation Probability Map using Analytical Hierarchy Process 

The overall map showing soil degradation probability zone was generated by overlaying 

different maps (EC, pH, TSS, ESP, NDSI, and NDVI) using GIS integration. Weights for 

each soil salinity criteria were calculated using AHP (Table no. 8), with the CR value equal to 

0.09. According to which the highest weight was assigned to NDSI (0.266) and the least 

weight was assigned to ESP (0.092). 

 

Table 8: Weighted Linear Combination (WLC) 
 

S.No. Layer Name Weights 

1 NDSI 0.266 

2 TSS 0.213 

3 EC 0.165 

4 NDVI 0.16 

5 ESP 0.092 

6 pH 0.104 

 

The soil degradation probability zones compared to soil salinity and sodicity in the study 

area have been classified into five classes viz., least, low, moderate, high and very high 

susceptibility towards salt. According to the final simulated map of the soil quality of the 

district, major portion of the total agricultural land of the study area lie between low 

(32.74 %) to moderate (29.53 %) probability zones of salt susceptibility, whereas 22.78 % of 

the total cropland has the least susceptibility to salt. 5.66% and 9.26% of the agricultural land 

of the study area is liable to high and very high probability of getting degraded due to 

salt-affected soil, respectively (Table 9, Figure 7).  

 

Table 9: Area of Soil Degradation Probability Zones 
 

Class Probability Zones Area (sq km) % Area 

1 Least 168.128 22.78 

2 Low 241.569 32.74 

3 Moderate 217.877 29.53 

4 High 41.815 5.66 

5 Very High 68.371 9.26 

Total 737.76 100 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Somvanshi Sh.S., Kunwar P., de Vries W.T., Kumari M., Zubair S.: Unveiling spatial variation in salt affected soil 

of Gautam Buddha Nagar district based on remote sensing indicatorsAAAAAAAAAAAAAAAAAAAAAAAAAA 
 

80 

Fig. 7: Soil degradation probability zones 

 
 

 

CONCLUSION 

Responding to the key objectives of our research, we concluded that it is possible to 

understand the characteristics of salt affected soil with the spectral reflectance. The harmony 

between satellite driven data and on-field data can be used in the future and greater 

correlation can be witnessed.  We further conclude that Landsat-8 (OLI & TIRS) satellite 

data cannot be put in use for the estimation of SAR of the soil as all the bands and ratios 
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showed a non-significant correlation with field analyzed SAR data. We also put forward that 

Blue, Green, Red & NIR bands of Landsat-8 (OLI & TIRS) are the most suitable bands for 

the study of salt affected and degraded soil. Through our study, it is evident that the ANN 

followed by MLR is an effective statistical tool for the assessment of the relation between 

field measurements and the satellite imagery through models. Further, the AHP method is 

most appropriate for assigning weights to all the soil quality parameters and indices for the 

generation of soil degradation probability zone map. After analyzing the soil degradation 

probability zone map generated using spatio-temporal model, we concluded that most of the 

part of the study area lies under low and moderate soil degradation probability zones, and 

very less part of the area lies under high and very high impact zones respectively, which 

clearly states that there is hardly any unaffected area left. 

Finally, we summarize that random sample surveys in farmlands, including soil quality, 

provide an interesting tool to assess the effects of proposed land improvement projects. This 

study also reveals how statistical analysis, paired with satellite images of high spatial 

resolution, could efficiently forecast and map spatial changes in soil quality across 

agricultural land. Therefore, the information dispensed here can assist agricultural workers, 

scientists and engineers in controlling soil related troubles influencing the environment. 

Also, the straightforwardness of this approach, with its adequate correctness, can impart 

considerably to soil salinity and sodicity prediction and mapping, in more economical ways 

than conventional approaches. It will be valuable information for policy and decision makers 

for sustainable land resource development with respect to food security and crop 

productivity. 
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