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Abstract 

This study evaluates the performance of the Sentinel-2 multi-spectral instrument (MSI) and Landsat-7 Enhanced Thematic 

Mapper Plus (ETM+) for soil salinity mapping across contrasting agroecosystems in Egypt, with particular emphasis on 

subsurface salinity conditions (>0.5 m). A multi-stage calibration framework was implemented, in which historical Landsat-

5 imagery (1995) was first integrated with field-measured electrical conductivity (EC) data to establish a spectral baseline. 

This baseline was subsequently applied to Sentinel-2 and Landsat-7 imagery acquired in 2015 and validated using in-situ total 

dissolved solids (TDS) measurements. Among the evaluated spectral indices, Salinity Index 5 (SI5) demonstrated the strongest 

relationship with field data and was selected for salinity mapping. Comparative analysis revealed that Sentinel-2 significantly 

outperforms Landsat-7, achieving a higher predictive accuracy (R² = 0.89) compared to Landsat-7 (R² = 0.72), primarily due 

to its finer spatial resolution (10 m) and reduced mixed-pixel effects. In addition, the application of second-degree polynomial 

regression substantially improved model performance relative to linear approaches, confirming the non-linear nature of soil 

salinity–spectral relationships. The results further indicate that surface spectral indices can provide meaningful estimates of 

subsurface salinity under specific environmental conditions. Overall, the integration of multi-temporal satellite data, robust 

spectral indices, and non-linear modeling provides an effective framework for soil salinity assessment in arid environments. 

This approach enhances the reliability of remote sensing-based monitoring and supports sustainable land management in 

salinity-affected regions. 
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1. Introduction 

Soil constitutes a finite and non-renewable resource essential for sustaining terrestrial ecosystems and 

agricultural productivity [1–3]. However, soil degradation, particularly salinization, poses a significant threat to 

sustainable land use, especially in arid and semi-arid regions [4–6]. Soil salinity, defined as the accumulation of 

soluble salts in the soil profile, adversely affects plant growth, reduces crop yields, and can ultimately render land 

unproductive [7]. This process is largely irreversible on human timescales, making its monitoring and management 

a critical component of sustainable development strategies [8, 9]. In Egypt, soil salinization represents a pervasive 
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and escalating environmental challenge [10]. The country’s agricultural systems are largely concentrated in the Nile 

Delta and desert oases, where irrigation-dependent farming dominates. It is estimated that approximately 30–50% 

of Egypt’s cultivated land is affected by varying degrees of salinity [11]. Furthermore, climate change-induced sea-

level rise has intensified seawater intrusion into the Nile Delta, posing an additional threat to soil quality and long-

term agricultural sustainability [12].  

Traditional methods for assessing soil salinity rely primarily on field sampling and laboratory-based measurements, 

such as electrical conductivity (EC) analysis [13]. While these approaches provide accurate point-based observations, 

they are labor-intensive, time-consuming, and often impractical for large-scale or continuous monitoring. Consequently, 

there is a growing need for efficient, scalable, and cost-effective techniques capable of capturing the spatial and temporal 

variability of soil salinity across extensive regions.  

Remote sensing (RS) provides a synoptic and repeatable framework for detecting salinity through spectral responses 

of soils and vegetation. RS enables the indirect detection of salinity through variations in reflectance characteristics and 

vegetation stress indicators [14, 15]. Over the past two decades, multispectral satellite systems, including Landsat and 

Sentinel missions, have been extensively utilized for soil salinity assessment at regional and global scales. These sensors 

provide valuable data across visible, near-infrared (NIR), and shortwave infrared (SWIR) wavelengths, which are 

particularly sensitive to salt minerals and salinity-induced changes in soil and vegetation properties. Recent advances in 

remote sensing have demonstrated the increasing importance of integrating multi-source observational systems for 

environmental monitoring. For example, spaceborne global navigation satellite systems (GNSS)-based remote sensing 

techniques have shown strong potential for detecting complex geophysical phenomena through signal-based analysis, 

highlighting the value of combining different sensing modalities to improve spatial and temporal coverage [16–18]. 

Similarly, the use of real GNSS data for detecting atmospheric and ionospheric disturbances further emphasizes the 

capability of remote sensing technologies to capture subtle environmental variations through indirect signal responses 

[19–22]. 

On the other side, numerous studies have demonstrated the effectiveness of spectral band combinations and 

indices in detecting saline soils and salt-affected vegetation [23]. For instance, visible and infrared band ratios have 

been widely used to enhance salinity signals, while specific Landsat bands (e.g., thematic mapper (TM) bands 3, 4, 

5, and 7) have been identified as particularly informative for salt mineral detection [24–26]. Additionally, the 

integration of thermal bands has been shown to improve discrimination in cases of spectral ambiguity [27]. In the 

Egyptian context, remote sensing studies have successfully mapped salinity patterns in regions such as the Nile 

Delta and Siwa Oasis, revealing characteristic spectral signatures associated with salt-affected soils [12, 28]. 

However, many of these early efforts were constrained by moderate spatial resolution (30 m) and the reliance on 

relatively simple statistical models [29–31].  

Recent advancements in satellite technology, particularly the launch of Sentinel-2 with its multi-spectral instrument 

(MSI), have significantly enhanced the potential for soil salinity monitoring [32]. Sentinel-2 offers higher spatial 

resolution (10–20 m) and improved spectral capabilities compared to earlier Landsat sensors, enabling more detailed 

characterization of heterogeneous landscapes [22, 33]. Despite these improvements, several challenges remain in the 

application of remote sensing for soil salinity assessment [34]. 

First, there is a notable lack of rigorous comparative studies between legacy systems such as Landsat-7 and newer 

platforms like Sentinel-2. While Landsat-8 has been widely evaluated, Landsat-7 remains critical for long-term 

environmental monitoring due to its historical continuity [35–37]. Second, most existing research focuses predominantly 

on surface salinity (typically within the top 5–15 cm), where salt crusts are readily detectable [38–40]. In contrast, 

subsurface salinity, often occurring at depths of 0.5–1.5 m and directly affecting root-zone processes, remains 

insufficiently investigated, particularly in irrigated agricultural systems [41]. Third, the majority of studies rely on simple 

linear regression (SLR) models to relate spectral indices to salinity indicators such as EC or total dissolved solids (TDS). 

Although computationally efficient, these models often fail to capture the inherent non-linear relationships governing 

soil–water–salt interactions, especially in complex soil environments such as calcareous and clay-rich soils prevalent in 

Egypt [42]. 

In response to these limitations, this study presents a comprehensive comparative assessment of soil salinity derived 

from Sentinel-2 and Landsat-7 data in two representative regions of Egypt [43–45]. The proposed methodology 

integrates a multi-temporal and multi-sensor framework designed to enhance the accuracy and robustness of salinity 

estimation. Specifically, the study employs (i) a historical baseline calibration using Landsat-5 imagery and legacy field 

data to identify optimal spectral salinity indices, (ii) cross-sensor validation using Sentinel-2 and Landsat-7 datasets to 

evaluate the impact of spatial resolution on retrieval performance, and (iii) advanced modeling approaches, including 

polynomial and exponential functions, to better capture non-linear relationships and improve the estimation of 
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subsurface salinity conditions [46]. By addressing both methodological and data-related gaps, this research contributes 

to the advancement of digital soil mapping and supports the development of more effective monitoring strategies for 

salinity-affected regions in arid environments. 

2. Study Area and Datasets  

2.1. Study Areas 

The selection of multiple study areas is essential for evaluating the spatial variability and controlling factors of soil 

salinization under different environmental conditions. By analyzing regions with contrasting geomorphological, soil, 

and hydrological characteristics, this study aims to provide a more comprehensive understanding of salinity dynamics 

and their implications for agricultural sustainability. 

The first study area is located within Al-Beheira Governorate in the western Nile Delta, Egypt (Figure 1), and is 

geographically bounded by longitudes 29°44′30″–29°51′30″ E and latitudes 31°05′00″–31°10′00″ N. This area was 

selected based on data availability from the Japan International Cooperation Agency (JICA) project on the El-Omoum 

main drainage improvement conducted in the mid-1990s, for more information we can refer to 

https://openjicareport.jica.go.jp/pdf/11260965_01.pdf (accessed on April 2026). The region is characterized by a flat 

alluvial plain dominated by heavy clay soils, which are prone to waterlogging and secondary salinization due to poor 

drainage conditions, shallow groundwater levels, and high evaporation rates. These characteristics make the area 

representative of typical salinity-affected agricultural lands in the Nile Delta [47]. 

 

Figure 1. Location of the first study area in Al-Beheira Governorate, Egypt 

The second study area is located in northeastern Egypt, Al-Dakahlia Governorate extending east of the Nile 

Delta toward the Sinai Peninsula (Figure 2), between longitudes 31°30′–33°10′ E and latitudes 30°20′–31°30′ N. 

This region encompasses the El-Tina Plain and adjacent desert landscapes, where geomorphological conditions vary 

from flat coastal plains to inland aeolian sand formations. Unlike the first study area, soils in this region are 

predominantly sandy to sandy-loam, with lower water retention capacity but higher susceptibility to salinity 
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accumulation due to shallow saline groundwater and residual marine deposits (sabkha conditions). Groundwater 

salinity in the second study area is typically elevated due to marine intrusion and shallow saline aquifers, 

contributing significantly to soil salinization processes. Agricultural development in this area relies primarily on the 

El-Salam Canal, which conveys a mixture of Nile freshwater and agricultural drainage water, necessitating careful 

salinity management. 

 

Figure 2. Location of the second study area in Al-Dakahlia Governorate, northeastern Egypt 

The climate of both study areas is arid to semi-arid, characterized by high temperatures, low precipitation, and high 

evapotranspiration rates. During the field survey conducted in August 2015, the average air temperature was 

approximately 31°C, with relative humidity around 61%, and no recorded rainfall. These climatic conditions contribute 

significantly to salt accumulation in the soil profile, particularly under irrigation practices. 

The comparative analysis of these two contrasting environments, clay-rich alluvial soils in the Nile Delta and sandy 

coastal/desert soils in northeastern Egypt, provides a robust framework for evaluating the performance of remote sensing 

techniques in detecting and modeling soil salinity across different land-use and soil conditions. 

2.2. Field Data 

Ground truth data for the first study area were obtained from field surveys conducted in September 1995 by the 

Japan International Cooperation Agency (JICA) in the West Nile Delta as part of the El-Omoum main drainage 

improvement project. Soil samples were collected at depths not exceeding 0.5 m, and their electrical conductivity (EC) 

was measured under laboratory conditions. The spatial distribution of the sampling locations is presented in Figure 3 

[47]. 

For the second study area, field investigations were carried out in August 2015 by Mohram-Bakhom Consultant 

Office during the Mansoura–Damietta railway development project. A total of nine soil samples were collected at depths 

of approximately 1 m using auger drilling. The sampling locations were distributed along the railway alignment 

connecting Mansoura and Damietta, as shown in Figure 4. 
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Figure 3. Locations of soil sampling points for the first study area, projected in WGS 84 / UTM Zone 36N 

 

Figure 4. Locations of soil sampling points for the second study area 
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The collected samples were analyzed in the laboratory to determine total dissolved solids (TDS), which ranged from 

1260 to 14,800 mg/L, indicating significant spatial variability in soil salinity. The spatial distribution of these sampling 

points is illustrated in Figure 4. 

2.3. Satellite Datasets 

This study integrates multi-source remote sensing data with ground-based measurements to assess soil salinity across 

two contrasting regions in Egypt. The combined use of satellite imagery and field observations enables a robust 

evaluation of spatial variability and enhances the reliability of salinity estimation models. 

Three satellite datasets were utilized: (1) Landsat 5 TM, acquired on 26 September 1995, with a spatial resolution of 

30 m, (2) Sentinel-2 MSI, acquired on 13 August 2015, with a spatial resolution of 10 m, and (3) Landsat 7 Enhanced 

Thematic Mapper Plus (ETM+), acquired on 24 August 2015, with a spatial resolution of 30 m. The acquisition dates 

were selected to closely correspond with the timing of field data collection, ensuring consistency between satellite 

observations and ground measurements. 

All satellite images were geometrically corrected and projected to the World Geodetic System 1984 (WGS 84) using 

the Universal Transverse Mercator (UTM) Zone 36N coordinate system. Landsat data were obtained from the United 

States Geological Survey (USGS) archive, while Sentinel-2 imagery was selected with cloud coverage less than 10% to 

minimize atmospheric interference (see Figure 5). 

 

Figure 5. Overview of remote sensing datasets used in this study, including Sentinel-2, Landsat 7, and Landsat 5 imagery 

The Landsat 7 ETM+ image, with cloud coverage below 10%, is presented in Figure 6, where soil sampling locations 

are indicated. 
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Figure 6. Landsat 7 ETM+ image showing soil sampling locations 

Similarly, the Landsat 5 TM image for the first study area is shown in Figure 7. 

 

Figure 7. Landsat 5 TM image of the first study area 
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For validation purposes, the ground reference datasets corresponding to each study area are presented separately. 
The reference data for the first study area (JICA, 1995) include EC measurements of soil samples collected at depths ≤ 
0.5 m (see Figure 8) [47]. 

 

Figure 8. Spatial distribution of reference soil samples for the first study area 

The reference data for the second study area consist of TDS measurements from soil samples collected at 
approximately 1 m depth along the Mansoura–Damietta railway corridor (Figure 9). 

 

Figure 9. Spatial distribution of reference soil samples for the second study area 
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3. Methodology 

The methodological framework adopted in this study follows a structured workflow consisting of four main stages: 

image preprocessing, spectral processing, post-processing, and comparative analysis. A schematic overview of the 

workflow is presented in Figure 10. The use of different software platforms (SNAP for Sentinel-2 and ATCOR for 

Landsat) was based on sensor-specific optimization, ensuring accurate atmospheric correction tailored to each satellite 

system. 

 

Figure 10. Schematic diagram of the methodological workflow adopted in this study 

3.1. Image Preprocessing 

The preprocessing stage involved the integration of satellite imagery and ground-based measurements to ensure 

spatial consistency and radiometric reliability. The satellite datasets, including Sentinel-2, Landsat 5 TM, and 

Landsat 7 ETM+, were subjected to radiometric calibration and atmospheric correction to derive surface reflectance 

values suitable for quantitative analysis. Radiometric calibration was first applied to convert raw digital numbers 

into physically meaningful radiance values. Subsequently, atmospheric correction was performed to remove 

atmospheric effects and retrieve bottom-of-atmosphere reflectance, which is essential for accurate spectral analysis 

in arid environments [48].  

Sentinel-2 imagery was processed using the SNAP platform, employing standard atmospheric correction procedures 

to generate Level-2A surface reflectance products. Landsat 5 and Landsat 7 datasets were processed using the ATCOR 

module, which applies radiative transfer-based correction to account for atmospheric scattering and absorption effects. 

All corrected images were geometrically aligned and projected to the WGS 84 / UTM Zone 36N coordinate system. The 

outputs of the preprocessing stage are illustrated in Figures 11 to 13. 
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Figure 11. Sentinel-2 surface reflectance image after atmospheric correction 

 

Figure 12. Landsat 7 ETM+ surface reflectance image after correction 
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Figure 13. Landsat 5 TM surface reflectance image after correction 

3.2. Spectral Processing and Salinity Index Evaluation 

Following preprocessing, spectral salinity indices were derived from the Landsat 5 imagery to establish a calibration 

baseline. A total of seven salinity indices, previously reported in the literature, were computed using surface reflectance 

values. To evaluate the performance of these indices, a linear regression analysis was conducted between the spectral 

index values and corresponding in-situ soil salinity measurements. The relationship was assessed using the correlation 

coefficient (r) and the coefficient of determination (R²). 

The results of this analysis are summarized in Table 1, which presents the mathematical expressions of the indices 

along with their statistical performance. Among the evaluated indices, Salinity Index 5 (SI5) exhibited the strongest 

correlation with field measurements and was therefore selected as the most suitable indicator for subsequent analysis. 

Table 1. Mathematical formulations and statistical performance of evaluated salinity indices based on Landsat 5 calibration 

Modelling Indices Acronym Equation Reference Correlation 𝑹𝟐 Mean RE (%) 

Salinity index 1 SI1 (G × R)0.5 Douaoui et al. [49] 0.232 0.054 87.8 

Salinity index 2 SI2 (B × R)0.5 Khan et al. [50] 0.228 0.052 96.9 

Salinity index 3 SI3 (B − R) / (B + R) Bannari et al. [51] 0.133 0.018 113.6 

Salinity index 4 SI4 NIR / R Major et al. [52] 0.452 0.204 43.2 

Salinity index 5 SI5 (R × NIR) / G Abbas & Khan [53] 0.870 0.762 22.7 

Salinity index 6 SI6 (B × R) / G Abbas & Khan [53] 0.340 0.121 65.3 

Normalized difference salinity index NDSI (R − NIR) / (R + NIR) Khan et al. [54] -0.452 0.205 45.6 

3.3. Image Postprocessing 

Salinity index images were created, and their salinity values in surface reflectance (SR) were extracted for both 

satellite images. These values were then compared with the field-truth TDS data at specific points. The corresponding 

SR-based index values were extracted at locations coinciding with the ground sampling points. 

These extracted values were then compared with the field-measured Total Dissolved Solids (TDS) data. A statistical 

analysis was performed to quantify the relationship between the remotely sensed salinity index and in-situ measurements 

using Simple Linear Regression (SLR). This step enabled the evaluation of the predictive capability of the selected index 

and provided a basis for model validation. 
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4. Results 

Based on the statistical evaluation of the candidate salinity indices (Table 1), Salinity Index 5 (SI5) demonstrated 

the strongest correlation with field measurements and was therefore selected for subsequent analysis. Using this index, 

spatial distribution maps of soil salinity were generated from both Landsat 7 and Sentinel-2 imagery, as shown in 

Figure 14. 

   

Figure 14. Spatial distribution of soil salinity derived from Landsat 7 and Sentinel-2 imagery using SI5 

To assess the accuracy of satellite-derived salinity estimates, index values were extracted at locations corresponding 

to field sampling points. The relationship between the spectral index and measured TDS values was analyzed using 

Simple Linear Regression (SLR), with results presented in Figure 15. 
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Figure 15. Linear relationship between field-measured TDS and spectral salinity index values derived from Landsat 7 and 

Sentinel-2 

The results indicate a strong correlation between remotely sensed spectral responses and soil salinity levels. This 

finding is consistent with previous studies demonstrating that soil reflectance is influenced by key properties such as 

moisture content, mineral composition, and salt concentration [55-57]. In particular, multispectral data from Sentinel-2 

have been shown to provide enhanced sensitivity to salinity variations due to their higher spatial and spectral resolution 

[58].  

A comparative analysis between Landsat 7 and Sentinel-2 revealed that Sentinel-2 generally provides improved 

predictive performance, likely due to its finer spatial resolution (10 m) and additional spectral bands. However, Landsat 

7 remains valuable for long-term monitoring due to its historical data continuity. 

To further refine the estimation of soil salinity, multiple regression models of varying complexity, including linear, 

polynomial, and exponential functions, were evaluated. The performance of these models was assessed using correlation 

coefficients and relative error (RE%). The results of this comparative evaluation are summarized in Table 2. The 

negative correlation observed for Landsat 7 (r = −0.52) indicates an inverse relationship; however, the magnitude of 

correlation (|r|) is used to assess strength. While the corresponding regression relationships are illustrated in Figures 16 

and 17. 

Table 2. Performance comparison of salinity estimation models derived from Landsat 7 and Sentinel-2 imagery 

Index Sentinel-2 Landsat 7 

Correlation 0.72 -0.52 

Mean RE (%) 36 48 

R2 (1st degree equation) 0.52 0.28 

R2 (2nd degree equation) 0.89 0.72 

R2 (Exponential equation) 0.69 0.49 

Following the evaluation of multiple regression models, second-degree polynomial functions demonstrated superior 

performance in representing the relationship between spectral salinity indices and field-measured salinity. Compared to 

linear and higher-order models, the quadratic models provided the best fit to the observed data, effectively capturing the 

non-linear behavior of salinity variation. 

The fitted polynomial curves exhibited strong agreement with the ground truth measurements, closely reproducing 

both the increasing and decreasing trends in salinity levels. This is reflected in the high coefficients of determination, 

with R² = 0.89 for Sentinel-2 and R² = 0.72 for Landsat 7, indicating a robust predictive capability. 

The improved performance of the quadratic model suggests that soil salinity–spectral relationships in the study areas 

are inherently non-linear, likely due to the combined effects of soil moisture, texture, and salt concentration on spectral 

reflectance. Consequently, second-degree polynomial models are recommended for salinity prediction in similar arid 

and semi-arid environments, where such non-linear interactions are prevalent. 
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Figure 16. Sentinel-2 salinity index compared to field data using different equation degrees 
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Figure 17. Landsat 7 salinity index compared to field data using different equation degrees 
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5. Discussion 

Soil salinization represents a major threat to agricultural productivity and environmental sustainability, particularly 

in arid and semi-arid regions such as Egypt [59, 60]. In the Nile Delta, this issue is exacerbated by shallow groundwater, 

intensive irrigation practices, and poor drainage conditions, which collectively promote salt accumulation in the root 

zone. Within this context, remote sensing offers a scalable and cost-effective approach for monitoring salinity dynamics; 

however, its effectiveness depends strongly on sensor characteristics and modeling strategies. 

This study provides a comprehensive evaluation of the combined effects of sensor spatial resolution, spectral index 

selection, and regression modeling on soil salinity estimation, with a particular focus on subsurface salinity detection. It 

should be noted that the limited number of field samples in the second study area represents a constraint, and future 

studies should incorporate higher sampling density to improve statistical robustness. 

Recent studies published in 2026 further confirm the effectiveness of Sentinel-2 data for soil salinity mapping, 

particularly when combined with advanced modeling techniques. For instance, machine learning-based approaches 

applied to Sentinel-2 imagery have achieved high predictive performance (R² ≈ 0.87), demonstrating their superiority 

over traditional regression methods in capturing complex soil–spectral relationships [61]. In addition, recent review 

studies highlight that current research trends are increasingly focused on integrating multi-source, multi-scale remote 

sensing data with artificial intelligence to improve salinity monitoring accuracy and scalability [62]. These developments 

strongly support the findings of the present study, where high-resolution Sentinel-2 data and non-linear modeling 

approaches significantly improved salinity estimation accuracy. 

5.1. Impact of Sensor Spatial Resolution 

The transition from Landsat sensors (30 m resolution) to Sentinel-2 MSI (10 m resolution) represents a significant 

advancement in the capability to monitor soil salinity at finer spatial scales. In heterogeneous agricultural landscapes 

such as the Nile Delta, Landsat pixels often represent mixed signals from soil, vegetation, irrigation channels, and salt 

crusts, leading to reduced accuracy in salinity estimation. 

In contrast, Sentinel-2 significantly reduces mixed-pixel effects, enabling improved detection of localized salinity 

features, including narrow salt-affected zones along drainage networks. This improvement is reflected in the present 

study, where Sentinel-2 achieved higher predictive performance (R² = 0.89) compared to Landsat 7 (R² = 0.72). 

These findings are consistent with previous studies demonstrating that higher spatial resolution enhances salinity 

mapping accuracy by minimizing spectral mixing and improving the delineation of small-scale variability [40, 63, 64].  

5.2. Performance of Spectral Salinity Indices 

Spectral salinity indices exploit the distinct reflectance properties of salt-affected soils, particularly in the visible, 

near-infrared (NIR), and shortwave infrared (SWIR) regions. However, their performance is strongly influenced by soil 

texture, moisture content, and vegetation cover. 

In this study, Salinity Index 5 (SI5) was identified as the most effective predictor, achieving strong agreement with 

field measurements. The formulation of SI5 allows it to capture both increased reflectance from salt crusts and variations 

in soil background, making it particularly suitable for clay-rich alluvial soils. 

This finding aligns with studies conducted in similar environments, where SI5 demonstrated high predictive 

capability (e.g., R² > 0.9 in semi-arid regions) [65, 66]. However, the literature also highlights regional variability in 

index performance. For example, in calcareous or vegetated environments, indices such as SI2 or VSSI may outperform 

SI5 due to reduced sensitivity to vegetation interference. 

These discrepancies emphasize that no single spectral index is universally optimal, and index selection should be 

adapted to local soil and land-use conditions. 

5.3. Non-Linearity in Soil Salinity Modeling 

A key finding of this study is the superiority of second-degree polynomial models over linear regression for salinity 

estimation. The relationship between spectral response and soil salinity is inherently non-linear, influenced by factors 

such as reflectance saturation at high salt concentrations and interactions with soil moisture. 

The adoption of quadratic models resulted in a substantial improvement in predictive performance, increasing R² 

values from 0.52 to 0.89 for Sentinel-2 and from 0.28 to 0.72 for Landsat 7. These results demonstrate that polynomial 

models are better suited to capturing the complex spectral behavior of saline soils across a wide range of salinity levels 

[5, 40, 41, 67-69]. 

This finding is consistent with previous research, which shows that linear models tend to underestimate high salinity 

and overestimate low salinity, whereas non-linear approaches provide more balanced predictions across the full range 

of conditions. 
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5.4. Comparative Analysis with Regional and Global Studies 

The results of this study are broadly consistent with findings from both regional and international research, while 

also highlighting important context-specific variations. First, the identification of SI5 as the optimal index contrasts with 

studies in other Egyptian regions, where indices such as SI2 or SI7 have shown higher accuracy. This variation reflects 

differences in soil composition, particularly between clay-rich deltaic soils and calcareous desert environments. Second, 

the superior performance of Sentinel-2 over Landsat aligns with international studies, including Davis (2018) [40], 

which reported improved salinity mapping accuracy due to reduced mixed-pixel effects at higher spatial resolution. 

Third, the demonstrated advantage of polynomial modeling is supported by multiple studies, which consistently show 

that second-order models provide better predictive accuracy in semi-arid environments due to their ability to capture 

non-linear spectral responses. Overall, these comparisons confirm that sensor resolution, index selection, and modeling 

approach must be jointly optimized to achieve reliable salinity estimation. 

5.5. Subsurface Salinity Detection 

The ability to infer subsurface salinity from surface spectral data remains a major challenge in remote sensing. In 

this study, a strong correlation (R² = 0.89) was observed between Sentinel-2-derived indices and salinity measurements 

at depths up to 1 m [30, 57, 59]. 

This result suggests that, under certain conditions, surface reflectance can serve as a proxy for subsurface salinity 

due to vertical hydrological connectivity in alluvial soils. However, previous studies indicate that prediction accuracy 

generally decreases with depth, particularly in the absence of auxiliary variables such as topography or soil moisture 

[70]. Therefore, while the results are promising, the use of optical remote sensing for subsurface salinity detection should 

be interpreted with caution and ideally supported by additional data sources. 

The findings of this study demonstrate that the integration of high-resolution satellite data (Sentinel-2), robust 

spectral indices (SI5), and non-linear modeling approaches provide a reliable framework for soil salinity assessment in 

arid environments. Future research should focus on (1) incorporating machine learning models to further improve 

predictive accuracy, (2) integrating multi-source data (e.g., SAR, topography, soil moisture), and (3) expanding 

validation datasets to include deeper soil profiles and temporal variability. Such advancements will enhance the 

capability of remote sensing to support sustainable land and water management in salinity-affected regions. 

6. Conclusions  

Soil salinization represents a critical environmental challenge, particularly in arid and semi-arid regions such as 

Egypt, where hydrological and climatic conditions accelerate salt accumulation in agricultural lands. This study 

demonstrates the effectiveness of integrating remote sensing (RS), GIS, and ground-based measurements for the spatial 

assessment and modeling of soil salinity. 

The results confirm that spectral salinity indices derived from multispectral satellite data provide a reliable means 

for mapping salinity distribution. Among the evaluated indices, Salinity Index 5 (SI5) exhibited the strongest correlation 

with field measurements and was therefore selected as the most suitable indicator for salinity assessment in the study 

areas. A key finding of this research is the significant influence of sensor spatial resolution on salinity retrieval accuracy. 

Sentinel-2 imagery (10 m) outperformed Landsat 7 (30 m), achieving a higher coefficient of determination (R² = 0.89) 

compared to Landsat 7 (R² = 0.72). This improvement is attributed to the reduced mixed-pixel effect and enhanced 

ability to capture fine-scale spatial variability in heterogeneous agricultural landscapes. 

Furthermore, the study highlights the importance of non-linear modeling approaches. Second-degree polynomial 

regression demonstrated superior performance over linear models, effectively capturing the complex relationship 

between spectral response and soil salinity. This confirms that salinity–spectral relationships are inherently non-linear 

and require appropriate modeling strategies to improve prediction accuracy. Importantly, the results indicate that remote 

sensing-based indices can provide meaningful estimates of subsurface salinity (up to ~1 m depth) under certain 

environmental conditions, likely due to hydrological connectivity between surface and root-zone processes. However, 

this capability remains context-dependent and should be interpreted with caution. Overall, the integration of high-

resolution satellite data, robust spectral indices, and non-linear modeling offers a reliable and scalable framework for 

soil salinity monitoring in arid environments. This approach supports more efficient land management and decision-

making processes in salinity-affected regions. 

Future research should focus on: (1) incorporating machine learning techniques to further enhance prediction 

accuracy, (2) integrating multi-source datasets (e.g., SAR, soil moisture, topography), (3) expanding validation across 

different soil types and climatic conditions, and (4) investigating the limits of subsurface salinity detection using optical 

sensors. Such advancements will strengthen the applicability of remote sensing for sustainable agricultural management 

and environmental monitoring in salinity-prone regions. 
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7. List of Abbreviation 

Abbreviation Definition Abbreviation Definition 

ATCOR Atmospheric and Topographic Correction DN Digital Number 

EC Electrical Conductivity ETM+ Enhanced Thematic Mapper Plus 

GIS Geographic Information System GNSS Global Navigation Satellite System 

JICA Japan International Cooperation Agency MSI Multispectral Instrument 

NDSI Normalized Difference Salinity Index NIR Near-Infrared 

RE (%) Relative Error (%) RS Remote Sensing 

SI Salinity Index SI1 Salinity Index 1 

SI2 Salinity Index 2 SI3 Salinity Index 3 

SI4 Salinity Index 4 SI5 Salinity Index 5 

SI6 Salinity Index 6 SNAP Sentinel Application Platform 

SLR Simple Linear Regression SR Surface Reflectance 

SWIR Shortwave Infrared TDS Total Dissolved Solids 

TM Thematic Mapper UTM Universal Transverse Mercator 

WGS 84 World Geodetic System 1984   
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