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Abstract: Soil salinity is a major threat to land productivity, water resources and agriculture in coastal
areas and arid and semi-arid regions of the world. This has a significantly negative effect on the
land and causes desertification. Monitoring salt accumulation in the soil is crucial for the prevention
of land degradation in such environments. This study attempted to estimate and map soil salinity
in Jaffna Peninsula, a semi-arid region of Sri Lanka. A Partial Least Squares Regression (PLSR) model
was constructed using Sentinel 2A satellite imagery and field-measured soil electrical conductivity
(EC) values. The results showed that satisfactory prediction of the soil salinity could be made based
on the PLSR model coupled with Sentinel 2A satellite imagery (R? = 0.69, RMSE = 0.4830). Overall,
32.8% of the land and 45% of paddy lands in Jaffna Peninsula are affected by salt. The findings
of this study indicate that PLSR is suitable for the soil salinity mapping, especially in semi-arid
regions like Jaffna Peninsula. The results underpin the importance of building adaptive capacity and
implementing suitable preventive strategies for sustainable land and agricultural management.

Keywords: soil salinity; Jaffna Peninsula; Sentinel 2; remote sensing; salinity indices; soil mapping;
paddy lands; sustainability

1. Introduction

Soil salinization is one of the world’s most significant environmental soil hazards, which results
in severe land degradation and desertification. This is caused by both natural and anthropogenic
activities [1,2]. The excess accumulation of soluble salts in the soil surface is referred to as salinization,
which has an adverse impact on agricultural production, biodiversity and sustainable development.
Saline soils predominantly occur in arid and semi-arid regions, where evapotranspiration exceeds
rainfall, as well as in coastal regions as a result of seawater intrusion and coastal tidal inundation.

In recent years, many national and international policies have focused on soil protection against
soil threats [3,4]. There are more than 800 million hectares of land globally affected by salinity [5],
and this extent is expected to increase in the future [6]. It is estimated that 20% of total cultivated
and 33% of irrigated agricultural areas in the world have been affected by high salinity, and by 2050,
more than 50% of arable lands are expected to be salinized [7]. High concentrations of salt in agricultural
soil or irrigation water affect almost all stages of the crop life cycle: from germination, to the uptake of
water and necessary nutrients, thereby reducing plant growth and significantly reducing crop yields.
Soil salinity also imposes ion toxicity, osmotic fragility and oxidative stress on crops, thereby limiting
the water absorption [8].

The regular monitoring of soil salinity for accurate information about its spatial extent and
magnitude of severity is essential for efficient land and water management in affected agricultural
areas. This can be achieved through mapping the electrical conductivity (EC) of the soil [9]. However,
conventional methods of field-based surveys are expensive and time-consuming. A large number
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of samples are required to adequately characterize salinization over broad areas as soil salinity shows
high spatial variability over short distances. Remote sensing has been recognized as a promising
technique for detecting and mapping soil salinity over the recent decades [10]. The relationship of
spectral information extracted from the satellite data with soil reflectance spectra provides the ability
to monitor and map regional and global soil salinity with greater efficiency and at low cost in a shorter
period of time [11].

Spectral indices derived from satellite images have proven to be important in soil salinity
mapping [12]. Multispectral satellite imageries, in particular Landsat series, have been widely used to
produce EC maps, and they are available at no cost, however their accuracy is often limited by the coarse
resolution (30 m multispectral resolution). The new generation Sentinel 2A satellite, equipped with
a Multi-Spectral Instrument (MSI), launched in 2015, offers freely available optical imageries with high
spatial (up to 10 m) and spectral resolution (13 spectral bands), and with short revisit cycles (5 days).
Recent studies have highlighted the great potential of this Sentinel 2A satellite imagery for soil salinity
mapping [13-16], compared to Landsat 8 OLI [17-20].

Soil salinity is an enormous problem in coastal regions and the irrigated lands in dry zones
of Sri Lanka. Approximately 11,200 ha of coastal lands have been affected and more than 50% of
the coastal paddy lands have been abandoned due to salinity [21]. Jaffna Peninsula, located in the
northern most part of Sri Lanka, is one of the most salt-affected regions in Sri Lanka. Salinity has been
a devastating threat to the fresh water and coastal lowlands of the region. Geographically, the relatively
flat terrain of the Jaffna Peninsula enhances the vulnerability to intrusion of seawater. The total
elevation ranges from —1.9 masl to 15 masl, and more than 89% of the land is below 5 masl. Moreover,
as a semi-arid region, high evaporation rates along with short-term precipitation induces top soil
salinization. Furthermore, the majority of the population depends on groundwater for their daily needs
and livelihood, as there are no perennial rivers or major water supply systems in the region. Therefore,
extensive usage of groundwater greatly exacerbates the salt migration into groundwater and further
inland [22,23]. Evidence of groundwater salinization along the coastal areas around the lagoons is well
reported. Previous studies have reported that a significant number of wells and hundreds of acres of
land have been abandoned due to salinity [24-26]. In a study by Gopalakrishnan, et al. [27], it was
established that during the last three decades, 8178 ha of paddy lands were permanently abandoned
and groundwater salinity increased 1.6-fold.

However, there is no published information related to soil salinity in the Jaffna Peninsula region.
To date, there has been no attempts to investigate the extent, magnitude and severity of soil salinity
in the Peninsula. Thus, to fill this gap, this study aims to examine the current status of soil salinization
in Jaffna Peninsula. The specific objectives of this study were to (1) estimate and map the spatial
variation of soil salinity in Jaffna Peninsula using remote sensing and GIS techniques, (2) explore the
potential of Sentinel 2A satellite data to map the soil salinity over the semi-arid landscape of Jaffna
Peninsula, and (3) assess the extent and magnitude of soil salinity over the paddy lands of Jaffna
Peninsula. To the best of our knowledge, this is the first study to map the salinity in Jaffna Peninsula
over a large area using remote sensing techniques. This information is of critical importance for
farmers, land use planners, policy makers and stakeholders in developing effective soil restoration and
sustainable management strategies for the salt-affected lands. It should also be noted that extensive
ground surveys in Jaffna Peninsula are fraught with danger due to unexploded ordinances left behind
by the civil war, hence a remote sensing-based solution would be extremely useful for the mapping
and long term monitoring of soil salinity.

2. Materials and Methods

2.1. Study Area

Jaffna Peninsula is located in the northern most part of Sri Lanka, between longitude 79°38'4’" E
to 80°34’56"” and latitude 9°49"17"/ to 9°28"13’" N, and occupies an area of about 1050 sq km (Figure 1).
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The topography is relatively flat, with median elevation of 2 masl. Jaffna Peninsula falls into a low
country dry zone with annual precipitation of 1290 mm and an average annual temperature of 29.5 °C.
More than 90% of the rainfall is received during the four months from October to January. The period
between two monsoon seasons is dry and extends from June to September. The entire Jaffna Peninsula
is predominantly underlined by Miocene limestone, which is compact, indistinctly bedded and highly
karstified [28]. The major soils are calcic red yellow latosols in the central region where high-value
arable crops are cultivated. In addition, alkaline and saline rega soils are dominant in the coastal areas
where paddy crops are cultivated. Jaffna Peninsula is predominantly an agricultural area, however the
rapidly increasing salinity in agricultural lands has been adversely impacting the livelihoods of the
people residing in the region.
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Figure 1. Location of the study area (A). Location of Jaffna Peninsula in northern Sri Lanka with
a Digital Elevation Model (DEM) (B). Sampling locations on a true color composite of Sentinel 2A
satellite imagery, 2019.

2.2. Soil Sample Collection and Laboratory Analysis

Soil sample location sites were selected based on the amounts of vegetation and agricultural land
use classes. A field survey was conducted during August 2019, which is the peak of the dry season and
the fallow season of paddy cultivation for Jaffna Peninsula. A total of 198 soil samples were collected
using hand augers at a constant depth of 15-20 cm (Figure 1). At each sampling point, four sub samples
were collected at a distance of 1 m north, south, east and west of the center of the core sampling point.
The sub samples were then thoroughly mixed in the field to make one representative composite sample
from the five sub-samples collected. The coordinates of each sample were recorded using a portable
Global Positioning System (GPS) Garmin Montana 680t (accuracy < 3 m).

Soil samples were then sealed, labelled and transferred to the lab for analysis. The soil samples
were air-dried at normal temperature in the lab, manually ground and sieved using a 2 mm sieve to
remove gravel and foreign matter. The samples were analyzed for determining salinity using 1:5 soil
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saturation extract method [9]. To prepare the soil suspensions, 100 mL of distilled water was added to
each 20 g of soil sample. These suspensions were then continuously shaken by using a mechanical
shaker for 60 min in order to dissolve the soluble salts. After mixing, the saturation extracts were kept
to settle for 30 min and EC was measured using an electrical conductivity meter at 25 °C.

2.3. Satellite Image Acquisition and Processing

The remote sensing data used in this study were from Sentinel 2A, which is a polar orbiting
satellite mission of the European Copernicus Program. The Sentinel 2A satellite carries a Multi-Spectral
Instrument (MSI) on board and acquires optical images at high resolutions. It provides multispectral
data with 13 bands, spanning through visible, near infrared (NIR) and shortwave infrared (SWIR)
at different spatial resolutions ranging from 10 m to 60 m (Table 1). The Sentinel 2A Level-1C (L1C)
MSI data of 8 September 2019 with cloud cover less than 11% were downloaded from Sentinel’s Scientific
Data Hub (https://scihub.copernicus.eu/). This was the best possible image of Jaffna Peninsula during
the study period that had the least cloud cover. L1C datasets have geometric- and radiometric-corrected
top of atmosphere reflectance. Atmospheric correction of the image was performed using the Sen2cor
plugin v 02.08.00 available on the Sentinel Application Platform (SNAP) toolbox version 7.0 where
the top of atmosphere (TOA) reflectance values were converted to bottom of atmosphere (BOA)
reflectance values. The image was then projected in WGS 1984 UTM zone 44 N and subset/clipped to
the study area.

Table 1. Characteristics of the Multi-Spectral Instrument (MSI) on board the Sentinel 2A satellite.

Bands Band Center (nm) Band Width (nm) Spatial Resolution (m)

Coastal aerosol 433 20 60

Blue 490 65 10

Green 560 35 10

Red 665 30 10
Vegetation Red Edge

(Red Ed1) 705 15 20
Vegetation Red Edge

(Red Ed 2) 740 15 20
Vegetation Red Edge

(Red Ed 3) 783 20 20

Near Infra-Red NIR 842 115 10

NIR narrow (NIRn) 865 20 20

Water Vapour 945 20 60

Cirrus 1380 30 60

Short Wave Infrared (SWIR1) 1610 90 20

Short Wave Infrared (SWIR2) 2190 180 20

2.4. Selection of the Optimal Spectral Index for Estimating Soil Salinity

In total, 14 soil salinity indices were developed from the Sentinel 2A satellite image based on
their potential for salt detection (Table 2). Logarithmic transformation was applied to the EC data
as it provides better accuracy. Soil samples that fell in the cloud cover patches of the satellite image
were excluded. The whole dataset (n = 184) was divided into two sets; a calibration set of 147 soil
samples (80% of the whole soil samples) and a validation set of 37 soil samples (20% of the whole soil
samples) for cross validation, respectively. PLSR was employed to model the relationship between
EC and spectral indices. Other regression models such as multiple linear regression and support
vector regression were also examined, but did not provide adequate accuracy, hence only the PLSR
model is explained here. PLSR is a bilinear regression technique that combines features from principal
component analysis and multiple regression. It offers greater predictive power when predictor variables
exhibit multiple collinearity. This is achieved by extracting a set of eigenvectors called latent variables
from the independent/predictor data matrix which have the best predictive power. Pearson correlation
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co-efficient R (PCC) and variable importance (VIP) were used to choose the appropriate/ best variables
for the models. Full cross validation was applied to select the optimum number of latent variables
in the model [29]. The PLSR was performed using R software version 4.0.2. Root mean square error
(RMSE) and coefficient of determination R?> were employed to evaluate the performances of the models.
The model with higher values of R? and lower values of RMSE was deemed as the best model for soil
salinity estimation.

Table 2. Soil salinity and vegetation indices derived from the Sentinel 2A multispectral satellite image.

Acronym Spectral Index Formula Reference
SI1 Salinity Index 1 BXR [30]
SI2 Salinity Index 2 VGXR [30]
SI3 Salinity Index 3 (G2 + R% + NIR?) [31]
SIi4 Salinity Index 4 (GZ+R?) [31]
SI5 Salinity Index 5 B/R [32]
Sl6 Salinity Index 6 (B-R)/(B+R) [32]
SI7 Salinity Index 7 (GXR)/B [32]
SIS Salinity Index 8 (BXR)/G [32]
SI9 Salinity Index 9 (RXNIR)/G [32]

S10RED Salinity index 10 red-edge 3 \/(G? + RedEdge? + NIR?) [16]
SI11 Salinity Index 11 (BXRedEdge)/G [16]
SI12 Salinity Index 12 (SWIR2 - G) /(G — SWIR1) [16]

NDSI Normalized Differential Salinity Index (R=NIR)/(R+ NIR) [33]
INN1 Intensity Index 1 (G+R)/2 [16]
INN2 Intensity Index 2 (G+R+NIR)/2 [16]

The common methods for soil salinity detection involve using direct soil reflectance
(salinity indices) [18,20] either alone or along with vegetation reflectance (vegetation indices) in regions
of thickly vegetated soils [34,35]. However, when vegetation is not present, the different levels of salt
in the soils result in different levels of reflectance, and these differences in soil reflectance could be
used in determining levels of salinity. In our case, there was no vegetation, since the soil samples were
obtained during post-harvest and ploughing season. Therefore, we have only used soil salinity indices
in salinity detection, which is a widely used technique [16,18,20,36].

2.5. Land Use Classification and Delineation of Paddy Land

The pre-processed Sentinel 2A satellite image was classified into six basic land use classes,
including paddy land, other crops, built-up area, barren land, wet land and water bodies,
using a supervised maximum likelihood classifier. In total, 2136 training sites were randomly
collected according to the typical representative of land use classes from Google Earth Pro. An accuracy
assessment of the classified map was performed from 992 randomly collected test samples from Google
Earth and the field visits. The overall accuracy was 90.5% with a kappa value of 0.85. Built-up area
land use was clipped from the study area boundary and the rest of the area was used for salinity
mapping. Paddy land use was extracted and overlayed with the resulting salinity distribution map to
estimate the extent of salinity on active paddy lands.

3. Results

3.1. Descriptive Statistics of the EC Data

The descriptive statistics of the whole dataset are presented in Table 3. For the whole dataset,
the EC ranged from 0.05 to 34 dSm™~!. The mean and SD were 3.51 dSm~! and 5.8 dS m~!, respectively.
The higher coefficient of variation of EC was 167.3, and this indicates that the soil is highly variable
with respect to EC.
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Table 3. Summary statistics of the whole set of EC data.

Descriptive Statistics (dS m~1)

Range 0.05-34.1
Median 0.58
Mean 3.51
1st Qu 0.21
3rd Qu 4.39
SD 5.8
CV (%) 167.3

3.2. Relationship between EC and Spectral Reflectance Bands

Since the EC data of the soil samples were positively skewed, a log transformation was applied
to conform them to normality. The correlation between the EC values of the soil samples, the band
values and the spectral salinity indices derived from the Sentinel 2A satellite image is visualized
in Figure 2. Elevation data extracted from the digital elevation model (DEM) were included as the only
environmental covariate. The DEM (1 m resolution) was produced from spot heights and contour data
obtained from the National Survey Department of Sri Lanka. The correlation coefficient results showed
that the SI5 and SI6 indices exhibited positive moderate correlations with EC. SWIR2 showed moderate
negative correlation, and SWIR1 and SI3 showed weak correlations. The correlation between spectral
indices and EC performed better than that with spectral bands. However, none of the single bands or
indices were capable of effective mapping with acceptable accuracy. Hence optimum combinations
of bands and indices were used in the models.
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Figure 2. Correlation matrix of EC and individual bands of Sentinel 2A satellite imagery, and the
spectral indices tested are shown.
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Richards [9] categorized soil salinity into five classes according to the impact level
on crops: non-saline (02 dS m1), slightly saline (2—4 dS m), moderately saline (4-8 dS m1),
highly saline (8-16 dS m™) and extremely saline (above 16 dS m™). However, rice crops are more
sensitive to even a 3dSm™ salinity level for most cultivated varieties [37]. Figure 3 shows the relationship
between the EC values of soil samples and the spectral reflectance of the Sentinel 2A satellite data.
Except for extremely saline soil samples, others with different salinity levels show a very similar
spectral reflectance trend. The spectral reflectance increases from blue to NIR (i.e., vegetation red edge),
reaches a peak at SWIR1 and then decreases from SWIR1 to SWIR2. Extremely saline soil samples
exhibit the lowest reflectance across all bands, which shows that the spectral reflectance of soil samples
is inversely related to their salt content, which is in line with previous research [38-40].

4000
3000
()
=
<
S
5]
L.q_-I) 2000 Non Saline
Q
o~ —8—Slightly Saline
1000 =—8— Moderately Saline
Highly Saline
—@— Extremely Saline
0
Blue Green Red Red-edl Red-ed2 Red-ed3 NIR NIRn SWIR1 SWIR2
Spectral bands

Figure 3. Sentinel 2A spectral reflectance spectrum of soil samples with different salinity levels.

3.3. Model Results

The best possible combination of variables from the Pearson correlation coefficient and VIP were
used in the calibration of the models. The results indicate (Table 4) that PLSR-PCC recorded better
results, with 0.69 R? and 0.4830 RMSE, compared to PLSR-VIP, where the R? and RMSE were 0.66 and
0.5072, respectively.

Table 4. PLSR model results.

R? RMSE
PLSR-PCC 0.69 0.4830
PLSR-VIP 0.66 0.5072

* PLSR-PCC: PLSR model with variables chosen according to the Pearson correlation co-efficient
* PLSR-VIP: PLSR model with variables chosen according to the VIP.

The calibrated PLSR-PCC model was used to generate the soil salinity distribution map of
Jaffna Peninsula (Figure 4). The soil salinity values were classified into five salinity classes as
aforementioned. The spatial distribution of soil salinity map of Jaffna Peninsula shows that the saline
soils are clustered all over the coastal lowlands of Jaffna Peninsula, covering approximately 401 ha
(32.8%), particularly around the lagoonal areas. The majority of them are paddy lands. The areas with
high salinity are located in the north-east, south-east and south-west parts of Jaffna mainland.
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Figure 4. Soil salinity distribution map of Jaffna Peninsula as derived from the PLSR-PCC model.

3.4. Distribution of Soil Salinity in Paddy Lands

The spatial distribution of paddy lands affected by different salinity levels, obtained from an
overlay analysis with the soil salinity map (Figure 5), indicated that the paddy cultivations in the
lowland regions were greatly affected by salinity. The intensively salt-affected paddy lands were located
in the north-eastern and western parts of the Jaffna mainland. About 46% of the total paddy land area
of Jaffna Peninsula was affected by salt (Figure 6). Slightly saline paddy land soil accounted for 14.8%
of the total paddy land area. Moderately saline and highly saline paddy land soil accounted for 9.2%
and 8.6%, respectively, of all paddy lands. Importantly, 13% of paddy lands were extremely saline.

Paddy cultivation in the islands was less affected by salinity, as compared to the mainland.
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Figure 5. Spatial distribution of paddy land use and overlaid on soil salinity map of Jaffna Peninsula.
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Figure 6. Percentage of paddy lands affected by various levels of soil salinity.
4. Discussion

Jaffna Peninsula is characterized as a semi- arid lowland region in Sri Lanka situated at a highly
dynamic ocean—atmosphere interface, which makes the region more vulnerable to salinization.
Jaffna Peninsula has been experiencing progressive seawater intrusion [41,42] into the coastal aquifers
since the 1960s [43] due to climate change and its ever increasing demand for groundwater resources.
In addition, tides and storms periodically bring brackish seawater from the ocean to lagoons and
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nearby coastal lands. Furthermore, high evaporation rates during the drier seasons [28] and a lack of
drainage in soil increase the accumulation of salt over time [38]. This situation is also exacerbated by
heavy rainfall and drought occurring frequently due to climate change [44].

This study focused on developing a soil salinity map to investigate the extent and severity of
soil salinization using Sentinel 2A satellite data. The results reveal that, contrary to similar studies,
spectral bands of the Sentinel 2A satellite imagery and derived salinity indices showed relatively
poor correlation with EC values, which could be due to the larger study area. The visible spectral
bands showed no significant correlation with EC. SWIR bands showed the largest correlation values
(0.30 and 0.44) among the spectral bands, followed by vegetation red edge bands. As expected,
the terrain covariate DEM showed a significant relationship with EC, which aligned with research
by Li, et al. [45]. Among the salinity indices, SI5, SI6 and SI12 had significant correlations with EC.
The spectral reflectance trend of the Sentinel 2A satellite imagery with different salinity levels reveals
that the highest salt content samples (extreme salinity) showed the lowest reflectance, and the lowest
salinity had the highest reflectance. This finding is consistent with that of Nawar, Buddenbaum,
Hill and Kozak [38], Li, Ren, Zhao and Liang [39], Abuelgasim and Ammad [40]. The relationship is
more likely due to the soil moisture, surface roughness and organic carbon content [38,46]. Further,
high-salinity soil samples with lower reflectance in the NIR were reported in the Mekong delta by
Nguyen, Liou, Tran, Hoang and Nguyen [34], where the hot and dry climate of the study areas was
attributed to the lower reflectance trend.

The findings indicate that the PLSR model yields a satisfactory relationship between the measured
and predicted EC values, with an R? value of 0.69. In addition, according to Farifteh, et al. [47]
models with an R? value above 0.66 can provide an acceptable approximate estimate, thus our results
indicate that the spectral reflectance of Sentinel 2A satellite data has a great potential to yield a fairly
accurate soil salinity map for Jaffna Peninsula. This finding aligns with the results of Wang, Ding,
Yu, Ma, Zhang, Ge, Teng, Li, Liang, Lizaga, Chen, Yuan and Guo [16], who found that Sentinel 2A
satellite data with a PLSR model provide greater prediction power for the assessment of soil salinity
in semi-arid regions. Therefore, this study demonstrated that this model could satisfactorily map soil
salinity over the large area of Jaffna Peninsula in Sri Lanka.

The intensity of soil salinity decreases significantly with increasing distance from the coast.
Generally, higher elevation (i.e., >10 m) areas are less affected by salts. This shows that seawater
intrusion and inundation could play a major role in the salinization of lands. More than 203 ha
of land (16%) is affected by moderate to high salinization, and 4% of land is extremely saline.
Increasing salinity levels in the groundwater of coastal Jaffna Peninsula over the past several
decades have been widely reported, and salty groundwater may have primarily contributed to
the soil salinization. In poor drainage conditions, when the groundwater table rises, the saline
groundwater reaches the top soil layers [48]. This is in agreement with the previous studies of
Gopalakrishnan, Kumar and Mikunthan [27] and Gunaalan, Ranagalage, Gunarathna, Kumari,
Vithanage, Srivaratharasan, Saravanan and Warnasuriya [26], where the groundwater salinization in
the dry seasons was reported in the north-east, south-east and south-west regions of Jaffna—areas
where highly saline soils were distributed.

Rice is the staple food in Sri Lanka, and any salinity beyond the threshold level of 3 dS m™
would cause reductions in yield by up to 12% [49,50]. Studies have shown that the crop is
salt-sensitive due to its geomorphological location (lowland) and edaphic needs, such as silt clay [51-53].
The high-density saline soils that were established to be predominant in the lowland paddy field areas
confirm that salinity is an explicit threat to rice cultivation in the area. Unlike other parts of Sri Lanka,
rice is cultivated during only one season (“Maha”) in Jaffna Peninsula due to a lack of irrigation water
availability. In this context, having 46% of paddy lands affected by soil salinity is an alarming threat to
the sustainability of paddy cultivation in Jaffna Peninsula. This agrees with our previous study [27] and
field investigations in that the increasing salinization could be the cause of paddy land abandonment
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in the south-east and south-west regions of Jaffna Peninsula. However, an investigation into long-term
soil salinity changes is required to further validate this concept.

The increasing food demand of the growing population, and the pressure thus exerted on the
already vulnerable fertile agricultural lands, are issues of concern worldwide. The total Jaffna Peninsula
is surrounded by water on three sides, and no part is more than 10 km from the coast. In our previous
study, we reported that the majority of the population (58.3%) in Jaffna Peninsula are living close to the
coast (within 2 km of the coastline) in high-density settlements [54]. Further, 62% of the population
are located within 5 masl, and are less than 3 km from the coast. In addition, we have also found
that a number of human resettlements established after the civil war were in areas very close to the
coast. This increasing population along the coastal fringes of Jaffna Peninsula will further increase
the vulnerability of the paddy lands in the coastal lowlands to salinization [55]. The subsequent
construction of more new wells and the over-extraction of groundwater is likely to increase seawater
intrusion into coastal aquifers [27].

The accuracy of the model’s ability to estimate soil salinity is limited by other soil properties,
such as soil moisture, soil clay content, soil organic content and vegetation [56]. We observed during
the soil sample collection period that most of the paddy lands were ploughed with organic matter,
which could have influenced the actual salt content prediction of the soil [34]. Further, another limitation
of soil mapping also comes with the uncertainty of the relationship between the salt content of the
soil and remote sensing data. For instance, although atmospheric and radiometric corrections were
performed, and soil samples that fell within the cloud cover areas were removed, the potential shadows
and terrain factors may cause errors.

Semi-arid coastal regions are particularly vulnerable to a range of natural and climate
change-induced hazards, such as tidal surges, rising sea levels, coastal erosion and seawater intrusion.
It is estimated that by 2050, across all four Intergovernmental Panel on Climate Change Representative
Concentration Pathways (IPCC RCP) scenarios, about 6.8-13% of the lands of Jaffna Peninsula will be
subjected to inundation [57]. At the same time, increases in population will accelerate the demand for
lands and water resources. In this context, the findings of this study have identified areas at risk of
salinization where immediate attention is required to prevent further land degradation. Additionally,
the maps created showing the vulnerability of paddy lands to salinity show that mitigation and
adaptation efforts are necessary to reclaim the impacted paddy lands so as to ensure the sustainability
of rice production and food security in Jaffna Peninsula.

Jaffna Peninsula has been ravaged by war over the last 40 years. Field work in remote sensing
is still fraught with danger, as there are still many unexploded ordinances present. In such a situation,
a remote sensing-derived product will be extremely useful for the mapping and monitoring of soil
salinity. This study has shown that Sentinel 2 satellite data have the capability to map soil salinity with
reasonable accuracy, and thus provide a viable option for soil salinity mapping and monitoring.

The correct use of soil, one of the non-renewable resources involved in human activities, affects the
long-term sustainability of agricultural systems. Nevertheless, soil conservation and protection
is paramount to reaching the UN Sustainable Development Goals (SDG) 2: Zero hunger, SDG 3:
Good health and wellbeing, SDG 6: Clean water and sanitation, SDG 13: Climate action, and SDG 15:
Life on land. Therefore, we believe that the results from this study will be useful for the implementation
of policies and regulations to improve food production and societal environmental sustainability
regarding the soil.

5. Conclusions

Soil salinity distribution in the Jaffna Peninsula was mapped using Sentinel 2A satellite imagery,
utilizing the various spectral bands and salinity indices. Satisfactory results were achieved based on
the PLSR model (R? = 0.69). The PLSR model was then applied to the reflectance values of each pixel
of the Sentinel 2A satellite image to map soil salinity for the entire study area. The results revealed that
32.8% of the study area is affected by salinity. Highly saline lands are distributed along the coastal
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lowlands and areas around the lagoons. Approximately 45% of the paddy lands are salt-affected,
and among them, 13% of paddy lands were extremely saline. Particularly highly intensive saline soils
were located in the north-eastern and western paddy lands of Jaffna mainland. This study demonstrates
that Sentinel images offer salinity estimations for the topsoil with an acceptable accuracy in semi-arid
regions. Future research will focus on assessing the long-term salinity changes that accompany land
cover change in order to confirm the impact of salinity on coastal agricultural lands, and determine the
sustainability of paddy cultivation in Jaffna Peninsula under the impacts of climate change.
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