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ABSTRACT
Both natural and man-made soil salinity is a chief geological disaster in semi-arid
and arid parts. In cultivated land, it has a negative impact on plant development
and harvests, while in semi-arid and arid non-agricultural zones, due to
subsidence, corrosion and groundwater quality, it affects urban structures, leading
to additional soil erosion and land deprivation. The study was conducted at central
Punjab, Pakistan with the aim to develop a baseline and to show the precision and
accuracy of Geographic Information System (GIS) technology for delineating soil
salinity in no data region. The samples of soil were gathered at deepness of 0-15
and 15-30 cm, and three factors (pH, Electrical Conductivity, and Sodium
OPEN8ACCESS Adsorption Ratio) were analyzed in the laboratory. Landsat 8 OLI imagery were
used for salinity indices development. A statistical index association was found
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owing mostly to climate change. Primary salinity was caused by normal geological processes including salt
transport and redistribution. Salt deposition during weathering, as well as soil buildup by surface and groundwater,
cause salinity. Secondary salinization is triggered by soil and water mishandling for a variety of causes (Anjum et al.,
2025a; 2025b; Hussain et al., 2010). The estimated soil affected by salts differs. Commonly, it is estimated that 10%
of world surface soils are covered with diverse types of salts, making it 1 billion hectares, around. It has also been
assessed as a result of human intrusions that 77 million hectares has become saline, named as secondary
salinization (Sarwar et al., 2019a; 2019b; 2021; Hillel, 2000). Irrigation through salinization and water logging into arid
zones of several countries like Afghanistan, China and Pakistan, has affected huge regions of productive soils (Al-
Khaier, 2003). There is 6.3 million hectares of brackish affected land in Pakistan. In terms of total extent of salt
affected soils, Pakistan positions 8™ in the biosphere (Martin et al., 2006).

Remote sensing (RS) is the source of footage evidence via electro-magnetic scale without any physical interaction.
(Fussell et al., 1986). Lately the remote sensing applications are extensively used from plain soil or covered with
plants in real time at various scales for salinity mapping and investigation. The outdated data gathering procedures
including examination from laboratory and field studies for observing this main ecological issue are inadequate for
preparation of further complete maps as mass of soil samples needed wide designs which make them costly and
additional time consumption (Anjum et al., 2024; Allbed et al., 2014). Geographic information system (GIS) is the
simple means for operating, storing and get into spatial data as an outcome of it's capability to organize spatial and
other data inside a private context (Rahman et al., 1997; Unwin, 1996; Estes et al., 1987). GIS and RS expertise
have shown boundless potential for consistent observing and drawing of huge saline affected zones or ruined soils
due to upgraded speed, accurateness and budget efficacy technologies. (Farifteh et al., 2006).

Tajgardan et al., (2010) observed salinity issue in Thailand and recognized several models of salinity including NDVI
and different band ratios of Landsat for protruding and estimating the soil salinity. Their research displayed that Mid
and Near Infrared has exposed worthy link with measured electrical conductivity (EC). Here are many statistical
procedures used including spectral transformations e.g. PCA, Spectral vegetation indices using the NDVI/ Tassel-
Cap transformation and further Landsat band percentages to classify and define soil salinity which are based on data
attained from remote sensing (Eldeiry and Garcia, 2004). Spectral Vegetation indices were mathematically merge
from various spectral bands in visible and near infrared areas of electromagnetic spectrum. Soil spectral reflectance
were affected by three major parameters which were color, roughness and amount of water (Bouman and Tuong,
2001). Elhag and Bahrawi (2017) evaluated that NDVI and its different derivatives were applied to detect crop water
relationship by using Landsat 8 data along with that Principal Component Analysis.

Salinity related to soil is rapidly increasing, harming agricultural production in Punjab. Because of elevated sodicity
and salinity in province Punjab, the ecological farming is under hazard. Salinity of soil is an imperative ecological
issue in irrigated and/or canal parts that must be observed frequently to retain pathway of its infringement. Profitable
growth of salt-prone soils requires inventive and feasible procedures, assessment tackles, and plan actions on a
regular basis, such that new Geographic Information System and Remote Sensing methods can be effective
methodologies.

The key objective of this investigate was to monitor spatiotemporal soil salinity change at the research sites by use of
Landsat-8 satellite data. The detailed study objectives include; to know the level and concentration of salinity at
research areas, to calculate the possible facts gained via GIS and RS for spatiotemporal soil salinity mapping, and to
match the GIS-created map of soil salinity with Ground or field data for assessing the exactness and accurateness of
GIS skill for describing diverse soil salinity classes.

MATERIALS AND METHODS

Study Area

This research study zone present at Rachna Doab bank and further stretched to the sites of Jarawala with
geographic position 31°33'33" N 73°43'33" E, Chak Jhumra with geographic position 31°56' 78" N 73°18' 35" E,
Chinot with geographic position 31°72' 00" N and 73°97' 89' E, and Pindi Bhattian with geographic position 31° 53' 45
N, 73°16'34" E located in Punjab province Punjab of Pakistan.

Research Area Climate

The study region has a semi-arid climate with subtropical continental influences. The region experiences two distinct
seasons: a hot summer with a late monsoon and a mild winter. The hottest month is June, with temperatures
reaching a maximum of 48°C and a minimum of 40°C. Conversely, January is the coldest month, with a maximum
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temperature of 4.4°C and a minimum of -4.0°C. The normal yearly temperature ranges from 23.9°C to 32.3°C. The
area receives an annual rainfall of approximately 380 to 400 mm, with the heaviest showers occurring in June and
August (PMD, 2018).

Methodological Framework

The current work focuses on assessing the regression correlation and PCA among the ground truth data and the
parallel salinity catalog value obtained from the satellite photos. Hence, accurate and reliable ground truth data was
acquired and synced with satellite information.

Field Soil Sampling and Laboratory Analysis

Primary field study of suggested location was done and essential information was also gathered and examined for
salinity attributes. A field experiment was carried out, during which a total of eighty soil samples were gathered in a
random manner, with further consideration given to areas exhibiting visible signs of salinity. The GPS coordinates
were also recorded as stated above. In three districts, the primary areas of the sample collecting were Tehsils of
Jarawala, Chak Jhumra, Chinot, Pindi Bhattian, Gojra, Kamalia, and Toba Tek Singh. All collected soil samples were
analyzed for pH, EC and SAR after passing from 2 mm sieve from Pindi Bhattian Soil Salinity Research Institute
(SSRI) located in province Punjab of Pakistan.

Satellite Data Acquisition and Processing

Remote sensing data for December 2018 was obtained from the Landsat-8 OLI (Operational Land Imager) by
downloading. The photos were georeferenced using WGS (World Geodetic System Application) 1984 standard data
to convert them into UTM coordinate system (Universal Transverse Mercator). While the picture spans across path
149, line 38; path 150, line 38 and path 150, line 39. The selection of said 3 settings was based on their coverage of
the research area, clarity, and absence of cloud covering. For each specific band, standard atmospheric
adjustments, radiation corrections, and spatial resolution upgrades were carried out. Each individual band was
combined to create a mosaic, and the study area was then masked. The adjustments were implemented with the
ENVI program.

Indices Development

To determine and examine the differences in spectral reflectance between saline and non-saline soil. Mapping
spectral reflectance of various soil salinity levels was crucial. This is expected to facilitate creation of soil salinity
indexes. The study examined thirteen distinct spectral salinity indices that were utilized in several investigations
focused on salt detection mapping and soil salinity analysis. The metrics were categorized into two subgroups: 1)
Brightness or Intensity metrics and 2) Salinity Indices. The presented Tables 1 and 2 display collection of brightness
or intensity and salinity indices used to create the drawings of salinity, correspondingly. In order to generate soil
salinity and assess the classification of salinity levels, it is necessary to establish a particular link between the salinity
index value obtained from field data and retrieved from satellite images. Consequently, the PCA investigation was
conducted to establish a correlation among the field data and the indices produced from satellite images.

Table 1. Brightness or Intensity Indices for making maps of salinity

Indices Procedure Reference
‘CRSI (VIR X R) = (G x B) (Scudiero et al., 2015)
(NIR XR) + G x B)
(R — NIR)
“NDSI -—_— Kh l., 2
S R+ NIR) (Khan et al., 2005)
*Bl-1 /R2 + NIR2 (Khan et al., 2005)
FHRKB|-2 [G2 + NIR? (Bouaziz et al., 2011)
R .
Fokonx| -] @ -; ) (Bouaziz et al., 2011)
*kkkkk||_D (G + R2+ N_IR) (Khan et aI., 2005)

* Canopy Response Salinity Index; ™ Normalized Differential Salinity Index; ***Brightness Index-1;
****Brightness Index-2; ****|ntensity Index -1; ******|ntensity Index-2
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Table 2. Salinity Indices used for making maps of salinity

Indices Procedure Reference
*SI-1 v G? + R?2 + NIR? (Nicolas and Walter, 2006)
*Sl-2 VB X R (Khan et al., 2005)

R .

*SI-3 G ; (Bannari et al., 2008)
*Sl-4 VG xR (Khan et al., 2005)
*SI-5 (B 2 k) (Khan and Abbas, 2007)
*SI-6 JG? + R? (Nicolas and Walter, 2006)
*SI-7 VG +R (Garcia et al., 2005)

S| (1-7) = Salinity index 1-7

Statistical and PCA

In order to ascertain relationship, the Pearson correlation coefficient assessment was utilized to acquire insight
among variables (satellite data and ground data sets), Principal Component Analysis (PCA) is a valuable method for
assessing integrated multi-dimensional data. Whole spectral bands necessitate a certain level of redundancy in
numbers. PCA was employed as a compression approach to address the specified problem. Principal Component
Analysis (PCA) is a technique that transforms category coded variables into numerical values by optimal scaling.
Linting et al., (2007) stated this process generates values and component loads from converted numeric variable.
Core modules in the correlation matrix are dependent on the eigenvectors of covariance. The variance-covariance
matrix CX can be presented alike;

Where, X = Variables in N dimensions with the mean vector M,
P = Number of pixel,
Every Xi component is designated by;
X = a X1+ ayX, + a3 Xz + i QX e (i)
The entire conversion maybe written:

X=ATX ..........(iiQ)
Where A = matrix of eigenvectors that provides covariance matrix Cy of Y by,
Cy =ACAT ...........(Iv)

The Cy matrix = a diagonal matrix, the components that are eigenvalues of Cxis displayed as,

A, 0 - 0
0 % 0

C, = ......... )
0 0 . X

The key component method was applied to 13 NIR data sets to de-correlate redundant data, such as saline land
cover, into specific PCs. For multi-spectral facts bases, PC 1 being first principal component contains of biggest ratio
of complete variance and succeeding components (PC 2, PC 3, ............... , PC 13) each variance comprise a
lessening proportion of scene variance (Lillesand et al., 2015). Prior to the visual inspection of the RGB color
composite, PC1s were triggered. Analyzing the Eigen-matrix can provide important insights on the structure of the
original ground data and the results of the transformation. Each eigenvector may be employed to calculate the
fraction of actual data variance that contributes to the creation of subsequent principal components. By examining
eigenvectors for actual data, we may estimate the involvement of data to the actual PC picture (Loughlin, 1991). The
red, green and blue color compound was produced (known as RGB color compound), in which PC1 of NIR is
exposed in red and PC1 of Red and PC1 of Green is demonstrated in green and blue correspondingly.
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RESULTS AND DISCUSSION

Utilizing several soil salinity equations can yield divergent outcomes, hence enabling the utilization of remote sensing
data to accurately predict levels of soil salt on a broad gauge. The statistical correlation was produced between the
salinity of soil observed in the soil samples of field and the 13 GIS-based salinity indices stated earlier. The
importance of effect and the parameters of the model were tested for various soil salinity indices using regression
model fitting. The facts were categorized into 3 classes: 1) Ground dataset, 2) Brightness or Intensity indices, and 3)
Salinity indices. The PCA was done on the given facts. PCA is a mathematical conversion that is performed based
on the examination of the correlation matrix or covariance of many spectral bands. It restructures data to eliminate
interconnections and redundancies. Theoretically, it offers an intriguing approach to address the identification and
detection of soil salinity, as well as determining the most relevant characteristic among all.

Spatial pattern of field data and research laboratory analysis

About 80 samples of soil were gathered from various places within the research area. The said samples were
gathered from the deepness of 0-30 cm. All samples were subjected to laboratory testing to determine their pH,
electrical conductivity (EC), and sodium adsorption ratio (SAR). The Table 3 presents a concise overview of the
findings derived from the chemical analysis and field measurements of ground soil samples. The initial study includes
the Min (minimum), Max (maximum), mean, SE (standard error), and SD (standard deviation). The analysis
outcomes from the research laboratory of field facts sets are displayed in Figure 1(a), Figure 1(b), and Figure 1(c).
Power of Hydrogen (pH)

The soil pH values for the chosen data points varied from 7.7 to 10.3, with an average value of 8.83 (Table 3). The
pH mapping in Figure 1(a) was conducted using IDW spatial interpolation. The results indicated that the pH levels at
the research location were predominantly alkaline, with the exception of a tiny region where the soil pH was either
neutral or acidic. The soil pH values vary from two to ten and are divided into six classes: Acidic (2 — 6.6), neutral
(6.6 — 7.4), mildly alkaline (7.4 — 7.9), moderately alkaline (7.9 — 8.5), strongly alkaline (8.5 — 9), and very strongly
alkaline i.e. > 9 (Scianna, 2002). The map indicates that the majority of the zone is characterized by moderate to very
alkaline conditions, with a soil pH value above 7.9.

Electrical Conductivity (EC)

The research laboratory investigation of collected samples revealed highest and lowest values of electrical EC i.e.
65.50 & 1.30 dS m?, correspondingly (Table 3). The investigated soil salinity categorization was conducted based on
the following levels: The electrical conductivity (EC) values for different types of soil are as tails: non-saline soil: 0-2
dS m?; saline-alkali soil: 2-4 dS m-1; moderately saline soil: 4-6 dS m1; strongly salty soil: 6-8 dS m1; heavily saline
soil: more than 8 dS m? (Wallender and Tanji, 2011). The research findings from Figure 1(b) indicate that a
significant portion of the area has moderate to very pronounced salinity issues, which may need the implementation
of salinity management measures such as improved drainage or the cultivation of salt-tolerant crops. However, there
are other areas within the region that exhibit either no salinity or just modest levels of salinity.

Sodium Adsorption Ratio (SAR)

The Sodium Adsorption Ratio (SAR), is a quantitative indicator of the appropriateness of soil for agricultural
purposes. It is calculated by analyzing the concentration of dissolved solids, particularly sodium ions, in the soail. In
general, soils with greater SAR (sodium adsorption ratio) values are less conducive to agricultural activities.
Additionally, it diminishes the ability of soil to absorb and allow the passage of water, leading to complications in
agricultural yield. Figure 1(c) displays the amounts of soil sodium danger. The SAR map was categorized into several
classes based on the sodium adsorption ratio (SAR) values. The classifications are as follows: 0-10 (neutral), 10-18
(mildly sodic), 18-26 (moderately sodic), 26-100 (extremely sodic), and more than 100 which is very strongly sodic
i.e. (Sivakumar et al., 2015). The graphic indicates that the majority of the study region has SAR values over 18,
indicating moderately to very highly sodic conditions. Table 3 displays the SAR values, which vary from 6.60 to
290.10, with an average of 54.14.
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Figure 1. Soil pH (a), EC (b), and SAR (c) taken from exclamation of research location observation data

Table 3. Laboratory analysis of soil samples

. : Mean
Factors N Depth Range Min Max Statisic SE SD
pH 80 0-30 2.6 7.7 10.3 8.83 0.0724 0.6474
EC 80 -do- 64.2 1.3 65.5 10.19 1.4018 12.5379
SAR 80 -do- 283.5 6.6 290.1 54.15 7.8436 70.1551

*Depth was measured in cm

Spatial Pattern of Varied RS Based Soil Salinity Indices

The soil samples spectral reflectance were analyzed over certain wavelength ranges, including the visible range
(400-770 nm) and near-infrared (NIR) range (900-1030, 1270-1700, 1900-2150, 2150-2310, 2320-2400). The
references used are and Sidike et al., (2014) and Nawar et al., (2014). The spectral absorption pattern is closely
linked to level of salt and has been used to quantitatively assess soil salinity by remote sensing (RS). Though, the
spectral features were primarily influenced by the existence of vegetation and soil crust, which altered the soil texture
and resulted in a solid reflecting impact on visible and near-infrared electromagnetic waves. This reflection was
greater than that observed in moderately or non-saline soil. The reflection level is closely correlated with the degree
of saline within soil (Bouaziz et al., 2011).

Several salinity indexes have been produced in various research studies. The analysis of soil salinity involved the
examination of salt buildup and the mapping of salinity using Landsat imagery. Thirteen salinity indices, which are
listed in Table 1 and Table 2, were considered in this research. The broadband indicators were selected based on
their relevance in determining soil salinization. The indicators were categorized into 2 distinct classes: i) Brightness
or Intensity indicators (NDSI, CRSI, BI-1 & 2, II-1 & 2) and ii) Salinity Indices (SI-1 to 7). These classifications are
illustrated in Figures 2 and 3 correspondingly.
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Figure 2. Brightness or Intensity Indices maps of the research site created through Landsat 8 OLI
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Figure 3. Salinity Indices maps of the research site created from Landsat 8 OLI
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Based on the survey samples in this study, it was shown that very saline soils have a more pronounced spectral
response in the visible and near-infrared region compared to lower degrees of salt. The presence of crystalline salts
on the surface of very saline soils significantly contributes to the overall spectral reflectance of the surface. The
findings of Allbed et al., (2014), and Everitt et al., (1988), are consistent with these results. They discovered that soils
with well-developed salt weathering and crusts had high reflectance in both visible and NIR wavelengths. The
presence of well-structured soils with high organic matter content is believed to contribute to a decrease in spectral
reflectance. This conclusion is reliable with the study conducted by Bannari et al., (2008).

Furthermore, this study reveals that soil salinity affects the spectral reflectance of different types of salt bark
surfaces. The soft, dry and less coloured salt bark tops exhibit more spectral reflectance in visible part of spectrum,
particularly in the red band. On the other hand, saline soils with wetness, hardness, and dark fuzzy salt surface show
less spectral reflectance. The outcomes align with the conclusions of Fallah et al., (2013), who demonstrated that
reflectivity of salty soils is influenced by various spectral characteristics, including the existence of salt surfaces,
moisture content, color, and roughness. These characteristics collectively contribute to the overall reflectivity of the
soil.

Connection Among Field Data and Soil Salinity Indices

The correlation investigation presented in Table 4 revealed that associations between the field data sets (pH, EC,
SAR) and chosen salinity indices were distinct. When evaluating soil salinity, the pH, NDSI, 1I-1, SI-4 & 6 indices
were found to be the only relevant indicators. However, when considering EC, NDSI, CRSI, 1I-1, SI-6 & 7 were
identified as the suitable soil salinity indices. Similarly, when it comes to SAR, the variables 1I-1, SI-4, and SI-6 exhibit
the most robust and statistically significant association. However, some studies have found strong connections
among field data sets and several soil salinity indicators (Wang et al., 2020; Bouaziz et al., 2011). The decent
representation of the NDSI, CRSI, 1I-1, SI-6 & 7 indices yields similar results to those obtained from red, NIR, blue,
and green bands, which employed to capture the salinity outlines and features such as the top soil crust. The
correlation between the red and NIR spectral areas has been observed as a means of recognizing stress by salts
including various soil minerals found in the crust (Zhang et al., 2011). These findings are corroborated by Wang et
al., (2020) and Allbed et al., (2014), who noted that the CRSI and NDSI indices provide satisfactory results in defining
different levels of salt extent on the soil surface. However, the outcomes from the research of Bannari et al., (2008)
shown that the NDSI is not a reliable sign of salty content.

Table 4. Correlation coefficients among EC, pH and SAR and satellite based Salinity values

EC pH SAR
Factor Cor. Coeff p value Cor. Coeff p value Cor. Coeff p value
CRSI -0.78 0.01 -0.39 0.60 -0.51 0.20
NDSI -0.65 0.01 -0.75 0.01 -0.43 0.46
BI-1 0.48 0.68 0.47 0.79 0.44 0.79
BI-2 0.46 0.88 0.41 0.70 0.42 0.61
-1 0.59 0.01 0.60 0.01 0.60 0.01
-2 0.58 0.75 0.57 0.17 0.56 0.19
SI-1 0.54 0.95 0.51 0.44 0.51 0.65
SI-2 0.58 0.97 0.60 0.96 0.58 0.39
SI-3 0.55 0.69 0.58 0.57 0.57 0.62
Sl-4 0.59 0.08 0.60 0.01 0.59 0.01
SI-5 0.56 0.91 0.59 0.89 0.56 0.59
SI-6 0.59 0.01 0.60 0.01 0.60 0.01
SI-7 0.56 0.01 0.59 0.73 0.58 0.82

Principle Component Analysis

Dataset include both ground-based and the satellite-derived soil salinity date and/ or indicators. Oftentimes, there is
duplication in the obtained data, leading to correlation between variables. It is advisable in this situation to employ
data reduction techniques to decrease the large collection of variables to a more concise and essential set of
variables. Keho (2012) recommends using Principal Component Analysis (PCA) for generating indexes.
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The Principal Component Analysis (PCA) yielded three components when applied to the ground data, six
components when applied to the brightness/intensity indices, and seven components when applied to the salinity
indices. These components account for 83%, 70%, and 93% of the total variance, respectively (Table 5). The Bartlett
and KMO tests produced comparable findings in the principal component analysis of the first two components. The
KMO test yielded a value of 0.79, whereas Bartlett's test of sphericity displayed a statistical significance of less than
0.01.

According to the Kaiser (1960) criteria, only components with eigenvalues greater than 1 are used in constructing the
PCA. Therefore, the components for the field data set, brightness or intensity, and salinity indices with eigenvalues of
2.49, 4.22, and 6.55 correspondingly are used in the PCA creation by use of below procedure. To generate an index
for salinity conduct, square of the values in column 3 of Table 5 is multiplied by the replies of individuals for
identifications of salinity in succeeding mode (Equation vi, vii & viii);

PCAground aata = PH X 0.542 + EC X 0.57% + SAR X 0.607 ....... . (vi)
PCAg; = NDSI X —0.32% + CRSI X —0.33% 4+ BI1 X 0.42% + BI2 X 0.39% + II1 X 0.462 + [12 X 0.47% ... .. ...... (vii)
PCAg; = sil x 0.33% + si2 x 0.382 + si3 X 0.0.372 + si4 x 0.392 + 5i5 X 0.382 + 5i6 X 0.39% + si7 X 0.38% .........(viii)

The results indicate that, when considering field data, only one out of the three components has an Eigen value
greater than 1. Put simply, only component 1 meets the requirements set by Kaiser (1960) for it to be included in the
PCA. Likewise, for brightness/ intensity indices, two out of six components have Eigen values more than 1. However,
for salinity indices, only one out of seven components has an Eigen value greater than 1. A series of ordinary least
squares (OLS) regressions were conducted to assess the impact of various ground data sets on satellite-based
salinity indicators. The comprehensive outcomes of the inquiry are succinctly outlined in Table 6. The results indicate
a positive correlation between salinity indicators and the ground data sets. The ground data exhibits a consistent and
predictable pattern of change in response to variations in salinity indices, and this relationship is statistically
significant at a 1% level of confidence. The monotonic relationship remains stable throughout all 3 constituents of the
index, with minimal change in value of coefficient. The brightness or intensity indices do not show a meaningful
correlation with the sets of ground numbers.

Table 5. PCA results for Field data sets, Brightness or Intensity and salinity indices

Data Sets Component Factor loadings
Field Data pH 0.54
Eigen value 2.49 EC 0.57
Variance described 83% SAR 0.60
Brightness or Intensity Indices NDSI -0.32
Eigen value 4.22 CRSI -0.33
variance described 70% BI-1 0.42
BI-2 0.39
-1 0.46
-2 0.47
Salinity indices SI-1 0.33
Eigen value 6.5 SI-2 0.38
variance described 93% SI-3 0.37
Sl-4 0.39
SI-5 0.38
SI-6 0.39
SI-7 0.38

CONCLUSION

Results concluded that application of remote sensing followed by field observation is a powerful tool for detecting
saline areas. Indices like NDSI, II-1, SI-4, SI-6, and SI-7 is the good to present soil salinity values in the present
research zone. Monitoring temporal soil salinity study are the major investigation adequate natural resource
management plan in the immediate upcoming. While this research showed that soil salinity mapping and modeling
can be performed well based on high spatial resolution multispectral images but additional study is still desirable to
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investigate the hyperspectral data in areas dominated by different crops. Possibility of salt mapping and modeling
investigate whether it can improve the accuracy of the modeling and mapping process.
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