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The coastal mid-Atlantic region of the United States is increasingly vulnerable to soil salinization, 
primarily driven by sea-level rise and powerful coastal storms, posing a threat to farmland productivity, 
and ecological stability. However, the spatially heterogeneous nature of salinization across different 
land covers makes it challenging to monitor their interactions across large areas and longer time 
periods. To address this gap, we combined remote sensing-based land cover classification with 
modeled soil salinity data to assess landscape-scale dynamics across the Delmarva Peninsula 
from 2000 to 2016. Using a Random Forest classifier trained on Continuous Change Detection and 
Classification (CCDC)-derived synthetic Landsat surface reflectance, we generated gridded land cover 
datasets for five years (2000, 2002, 2005, 2009, and 2016) to match and compare with the existing 
Global Soil Salinity Maps. Overall, forests and other vegetation expanded, whereas farmland and 
bare soil declined. Salinization trend across these land covers is neither uniformly optimistic nor 
categorically alarming. Our results showed that over 75% of Delmarva remained in the non-saline 
category in those 5 years, increasing by 1,138 km², and extremely saline zones declined by 833 km². 
More than 83% of land cover transitions occurred without changing salinity categories, while 7–11% 
moved to a lower salinity category. Our findings based on these temporal snapshots reveal fluctuations 
in salinity across different land covers, underscoring the value of multi-temporal remote sensing for 
continuous monitoring of salinity-driven land changes.
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Increasing soil salinization is one of the most dominant environmental factors driving land degradation, 
affecting approximately 831 million hectares of land worldwide1. Salinization of agricultural lands has severe 
consequences for global food security, with studies documenting major declines in crop yields and reduced crop 
diversity2–4. Moreover, salinization imposes substantial economic burdens on agriculture, with annual losses 
estimated at $27 billion globally5.

In addition to agricultural impacts, salt stress has been linked to the conversion and mortality of a variety of 
managed and natural coastal landscapes6. For example, saltwater intrusion has been observed to induce land use 
and land cover (LULC) changes, including conversion of farmland and bare soil to marshland owing to rising 
salinity7,8. Additionally, studies have reported the loss of upland forest9, wetland forest10, and mangroves11. These 
salinity-induced changes disrupt ecosystem services, threaten community livelihoods, and undermine ecological 
balance12. For instance, salinity has driven shifts toward more lucrative land uses, such as shrimp farming in 
rural Bangladesh, which offers considerably higher financial returns than traditional rice cultivation13,14. This 
situation is further compounded by accelerated sea-level rise (SLR), which converts coastal marshes and forests 
into open water, intensifying the challenge of preserving these critical ecosystems9. These transitions, such as 
upland forest retreat and freshwater wetland conversion, also lead to nutrient mobilization, highlighting the 
urgent need for effective salinity management, land cover monitoring, and climate adaptation strategies15.
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Soil salinization dynamics are site-specific and respond to external drivers through complex feedback 
mechanisms that balance resilience with increased vulnerability, shaped by both natural processes and human 
interventions16. These interactions, compounded by ecosystem and landscape characteristics that lag behind 
SLR rates, can extend the effects of SLR from decades to centuries17,18. This variability makes it challenging to 
monitor the impacts of salinization. For instance, a site might experience recurring hydroclimatic events driving 
salinization but could potentially recover if conditions such as drainage and freshwater input are favorable. An 
area experiencing high salinization for the first time may never recover and become uncultivable if unfavorable 
conditions, such as poor drainage and low freshwater input, hinder recovery from a storm surge with a high salt 
content (e.g., brackish water)19. However, negative feedback mechanisms can stabilize ecosystems during the early 
stages of salinity stress. These include reduced water use and resource competition in the surviving vegetation, 
soil accretion, and farmland management practices. Despite these stabilizing factors, processes that mitigate 
salinity, such as drainage improvements, can simultaneously increase hypoxia and other conditions that amplify 
saltwater intrusion and vegetation shifts once the critical thresholds are exceeded20. A notable consequence of 
such salinization episodes is LULC change, which can be either temporary or permanent depending on the 
nature of the event and site characteristics9,21. Such changes, influenced by a complex interplay of stabilizing and 
destabilizing feedback, are crucial for assessing a site’s vulnerability to long-term salinization and for identifying 
mitigation and adaptation strategies for sustainable agriculture and socio-economic activities19.

The mid-Atlantic, southeastern, and Gulf Coast regions of the United States of America (USA) are expected 
to face increasing challenges from saltwater intrusion and SLR exacerbated by climate change8,22. Understanding 
these changes is critical, especially because upland-to-wetland conversion disrupts both ecological and economic 
stability8,23. Marshes and mangroves, which replace inundated freshwater forests and farmlands, provide valuable 
ecosystem services such as reducing coastal erosion, improving water quality, protecting against storm surges, 
sequestering carbon, and providing marine habitats24. However, in the USA, residential property values may 
decrease in proximity to wetlands25, making the conversion of uplands to wetlands undesirable for some26. 
Sustainable management in coastal regions requires adaptive strategies owing to shifting ecosystem boundaries 
and complex trade-offs between direct and indirect land-use values27. Spatial understanding of land vulnerable 
to varying degrees of salinization is thus essential for landowners and policymakers to improve decision-making.

Remote sensing techniques offer a valuable approach for mapping salinization dynamics and LULC, providing 
extensive temporal and spatial coverage that complements resource-intensive direct soil measurements, such as 
electrical conductivity (ECe)28,29. ECe, or the electrical conductivity of the saturation extract, is a widely accepted 
indicator of soil salinity, representing the concentration of soluble salts in water extracted from a saturated soil 
paste. Researchers have used a combination of remote sensing indices derived from multitemporal, multispectral, 
and hyperspectral imagery with biophysical data on soil properties to provide an accurate estimation of soil 
salinity changes using tools such as statistical regression models or machine learning algorithms30–35. The 
growing amount of high-resolution data from earth observation satellites36, and state-of-the-art algorithms for 
land cover change detection37,38 have made such Geographic Information Systems (GIS) and remote sensing 
techniques particularly suitable for understanding, analyzing, and monitoring LULC over large geographic 
regions in unprecedented detail.

In regions such as the Delmarva Peninsula (Fig. 1A; coastal counties in the states of Delaware, Maryland, 
and Virginia, USA), soil salinization poses a growing threat to LULC dynamics. Delmarva’s economy is 
predominantly driven by agriculture and aquaculture, accounting for 28.4% of the total harvested farmland 
across the three states8. Consequently, increasing soil salinization threatens not only agricultural productivity 
but also land-use stability in a region where livelihoods are tightly coupled to coastal agroecosystems. Although 
numerous studies have explored soil salinity changes under various land-use conditions39–41, the Delmarva 
region remains understudied in this context, leaving the nuanced interactions between salinization and LULC 
dynamics in coastal areas poorly understood. This study aims to address this gap by analyzing LULC changes on 
the Delmarva Peninsula for five years (2000, 2002, 2005, 2009, and 2016), matching the available surface salinity 
data from the Global Soil Salinity Map (GSSM) dataset (Fig.  1B42)  and performing land cover classification 
using a Random Forest (RF) classifier (Fig. 2) by leveraging the daily synthetic surface reflectance of Landsat 
imagery derived from the Continuous Change Detection and Classification (CCDC) algorithm43. The GSSM 
dataset provides categorical salinity data for specific years across five salinity stages from non-saline to extremely 
saline. Integrating historical land cover data with soil salinity maps offers a cost-effective alternative to direct 
ECe measurement; and thus, can reveal long-term salinization trends and large-scale LULC changes often 
missed by field data. Accordingly, this study evaluates how salinity gradients influence land-use and land-cover 
dynamics by first quantifying the distribution of different land cover types across varying salinity levels, and 
then quantifying the loss/gain/stability in land covers within each salinity category. This study contributes to the 
growing body of knowledge on how salinization affects coastal ecosystems and offers insights into identifying 
priority areas for further monitoring in the face of increasing climate and anthropogenic pressures.

Results
Random Forest model performance
The RF classifier demonstrated strong performance in classifying the land cover classes across Delmarva, with 
overall training and testing accuracies of 100% and 90.6%, respectively. These results are further supported 
by the five-fold cross-validation accuracy of 90.2% ± 0.13% (Supplementary Table S1), which demonstrates 
consistent performance across different data subsets. Additionally, an OOB score of 90.3% provided independent 
validation of the model’s predictive accuracy. High true positive counts are observed along the diagonal of the 
confusion matrix (Supplementary Fig. S2), reflecting accurate predictions across all land cover classes. Notably, 
forest, bare soil, and marsh exhibited excellent classification accuracy, with minimal misclassification into other 
categories. Water was classified with high accuracy, although minor confusion occurred with marsh areas, and 
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moderate confusion was observed between farmland and other vegetation classes. The model effectively captured 
the variability in the data, providing reliable classifications for most land cover types. Bare soil, built, forest, 
marsh and water achieved precision, recall, and F1-scores of approximately 0.90 or higher (Supplementary Fig. 
S2). Farmland and other vegetation showed slightly lower values for precision (0.82 for both), recall (0.87 and 
0.81) and F1-scores (0.84 and 0.81). The macro-averaged precision, recall, and F1-score were all 0.91, indicating 
consistent performance across all classes.

Spatiotemporal changes in total area with varying salinity
From 2000 to 2016, Delmarva experienced notable fluctuations in areas with varying salinity. Most of the land 
(over 75%) in Delmarva was found to be non-saline (Salinity-0) across the study period, increasing by 1,138 km2 
(7.5%) during 2000–2016 (Table 1). Slightly saline areas (Salinity-1) peaked in 2002, but saw a drastic reduction 
by 2016, with a net loss of 342 km2 (42%; Table 1). Extremely saline areas (Salinity-4) fluctuated but ultimately 
decreased by 833 km2 (23%; Table 1). Moderate and highly saline areas (Salinity-2 and Salinity-3) remained 
minimal, with negligible changes across the study period.

The change detection maps (Fig. 3), illustrating the periods of 2000–2002, 2002–2005, 2005–2009, and 2009–
2016, reveal a complex and regionally varied pattern of salinization. While both increases and decreases in 
salinity were observed across the peninsula over the study period, there was a prominent and recurrent pattern 
of this change along the coastal fringes and inland areas adjacent to the water bodies. While the Delmarva 
Peninsula experienced an increase in extremely saline (Salinity-4) regions during both 2000–2002 and 2005–
2009 (Table  1), the spatial manifestation of this increase differed. Between 2000 and 2002, the expansion of 
extremely saline areas predominantly occurred in central inland regions. In contrast, from 2005 to 2009, the 

Fig. 1.  Map of the study area, the Delmarva Peninsula, spanning 14 coastal counties of Delaware, Maryland, 
and Virginia. (A) Elevation above mean sea level, derived from the USGS 3DEP dataset and resampled to 
an 80 m resolution; (B) Global Soil Salinity Map for 2016 at 250 m resolution, classified into five salinity 
categories. The maps were created in ArcGIS Pro 3.6 ​(​h​t​​​​t​p​​s​:​/​​/​​p​​r​o​​.​​a​r​c​​g​i​​s​.​​c​​o​m​/​e​​n​/​p​​r​o​​-​a​p​p​/​l​a​t​e​s​t​/​g​e​t​-​s​t​a​r​t​e​d​/​d​o​w​
n​l​o​a​d​-​a​r​c​g​i​s​-​p​r​o​.​h​t​m​)​.​​​​
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increase was primarily concentrated along coastal fringes (Fig.  3). These patterns suggest localized salinity 
responses to a combination of sea-level rise, hydrology, and land management dynamics.

Land cover distribution across salinity gradients
Our findings demonstrated that land cover categories exhibited uneven changes over time, with some showing 
consistent changes in salinity, while others experiencing fluctuations (Fig. 4). Across all classes, most land was 
found in the non-saline (Salinity-0) category, followed by varying extents of extremely saline (Salinity-4) and 
slightly saline (Salinity-1) zones between 2000 and 2016. The presence of land cover in the moderate (Salinity-2) 
and highly saline (Salinity-3) categories remained minimal. In terms of total area, forest exhibited the most 
substantial expansion, followed by other vegetation. In contrast, farmland and bare soil underwent noticeable 
declines, whereas marsh areas showed a modest decline.

Farmlands were predominantly in the non-saline category (Salinity-0) (Fig. 4), increasing slightly from 4,778 
km2 to 4,903 km2 between 2000 and 2016. In contrast, the slightly saline (Salinity-1) farmland area declined 
sharply from 380 km2 in 2000 to 186 km2 in 2016. Additionally, the extremely saline (Salinity-4) farmland area 
decreased from 743 km2 in 2000 to 525 km2 in 2016. The loss of saline farmland area exceeded the gain in non-
saline farmland, resulting in a net decline in total farmland area.

Other vegetation followed a similar salinity pattern overall (Fig.  4), with non-saline (Salinity-0) areas 
increasing from 2,475 km2 in 2000 to 2,916 km2 in 2016, indicating favorable conditions for growth and expansion 
over time. On the other hand, slightly saline (Salinity-1) and extremely saline (Salinity-4) other vegetation areas 
showed an overall decline to 125 km2 and 487 km2, respectively, by 2016. The total area for the other vegetation 
class increased, despite fluctuations across the salinity zones.

Marsh areas in the non-saline (Salinity-0) category increased from 2,171 km2 to 2,192 km2 between 2000 and 
2016, with some fluctuations in between (Fig. 4). The slightly saline (Salinity-1) and extremely saline (Salinity-4) 

Year Salinity-0 Salinity-1 Salinity-2 Salinity-3 Salinity-4

2000 15,081 (77%) 815 (4%) 1 (0%) 1 (0%) 3644 (19%)

2002 14,658 (75%) 889 (5%) 8 (0%) 4 (0%) 3943 (20%)

2005 15,979 (82%) 825 (4%) 2 (0%) 0 (0%) 2706 (14%)

2009 16,200 (83%) 61 (0%) 1 (0%) 0 (0%) 3274 (17%)

2016 16,219 (83%) 473 (2%) 1 (0%) 1 (0%) 2811 (14%)

Table 1.  Land area (km2) of various salinity classes over the years in Delmarva. Values in parentheses show 
the rounded percentage of area for each salinity zone out of the total land area (excluding water pixels) of the 
Delmarva Peninsula.

 

Fig. 2.  Flowchart showing the datasets, data processing steps, and machine learning model used for land cover 
classification.
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marsh areas showed a gradual decline from 15 km2 to 6 km2 and 220 km2 to 68 km2, respectively. Across these 
changes, the overall marsh area decreased throughout the study period.

The total bare soil area experienced a decline across all salinity categories during the study period (Fig. 4). 
Non-saline bare soil (Salinity-0) decreased from 429 km2 to 187 km2, slightly saline (Salinity-1) from 35 km2 to 
4 km2, and extremely saline (Salinity-4) from 65 km2 to 16 km2 between 2000 and 2016.

The non-saline forest areas (Salinity-0) showed a net increase over the study period (Fig. 4), expanding from 
4,527 km2 in 2000 to 5,268 km2 in 2016, following an initial decline in 2002. In contrast, forest areas affected 
by slight salinity (Salinity-1) rose to 300 km2 by 2005 but subsequently declined to 130 km2 by 2016. Extremely 
saline forest areas (Salinity-4) decreased from a peak of 2,107 km2 in 2002 to 1,655 km2 in 2016, indicating a 
reduction in the extent of saline forest over time.

Salinity dynamics across land cover change trajectories
Our analysis of salinity changes across land cover transitions revealed key aspects of landscape dynamics, 
highlighting land cover changes (Fig. 5A) and changes in salinity (unchanged, increased, and decreased) for 
each land cover that remained stable (Fig. 5B), were gained (Fig. 5C), and lost (Fig. 5D) between 2000 and 2016. 
Across all land cover transition categories, regardless of whether land cover remained stable, was gained, or lost, 
the majority of the area (> 83%) exhibited no change in salinity. A smaller proportion (7–11%) showed decreased 
salinity, whereas increases were rare, occurring in less than 5% of the area.

Between 2000 and 2016, farmland experienced a net loss primarily driven by the conversion of 1,007 km2 to 
other vegetation. At the same time, farmland regained area through 604 km2 converted from other vegetation 
and 252 km2 from bare soil. Salinity trends across these transitions were largely stable, where 85–87% of areas 
showed no change, and 9–11% showed decreased salinity.

Other vegetation showed a net gain through dynamic exchanges with both farmland and forest. This change 
was primarily driven by inflow from farmland (1,007 km2) and built-up areas (127 km2), and outflow to forest 
(490 km2) and farmland (604 km2), with additional minor exchanges involving marsh and water categories. 
Salinity remained stable in 86–87% of these areas, and up to 10% experienced salinity reductions, indicating 
environmental conditions were broadly favorable for vegetative expansion.

Fig. 3.  Spatiotemporal evolution of salinity across the Delmarva Peninsula, 2000–2016. The maps show the 
dynamic patterns of salinization, with red indicating increased salinity, blue indicating decreased salinity, and 
white representing no change in salinity, across four distinct periods, 2000–2002, 2002–2005, 2005–2009, and 
2009–2016. Each map was created on the Google Earth Engine code editor platform ​(​h​t​t​p​s​:​/​/​c​o​d​e​.​e​a​r​t​h​e​n​g​i​n​e​.​
g​o​o​g​l​e​.​c​o​m​/​)​.​​​​
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Marshes experienced a net decline, losing 360 km2 mainly to water, farmland, and other vegetation, even after 
gaining 228 km2 from reverse transitions. Despite this flux, salinity remained essentially unchanged in 85–90% 
of the marsh transitions, with 7–11% showing decreased salinity.

Bare soil declined considerably, primarily due to 252 km2 transitioning to farmland in certain areas, even 
though 44 km2 of farmland changed into bare soil. Salinity patterns showed high stability where stable bare soil 
retained the original salinity in 93% of the area, and other areas that gained or lost bare soil also showed strong 
stability (85–89%), with a modest decrease in salinity in 6–11% of the areas.

Fig. 4.  Vertically stacked bar plots for each of the study years showing the proportion of total area across 
different salinity zones (primary y-axis). The black line represents the total area (secondary y-axis) for various 
land cover classes, including farmland, other vegetation, marsh, bare soil, and forest.
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Forests saw the largest net increase in extent. Although 388 km2 of forest was lost to different land 
covers, these were offset by 490 km2 of gains from other vegetation and 111 km2 from farmland, pointing to 
ongoing reforestation and natural regeneration. Salinity remained stable in 83–85% of forest transitions, with 
approximately 11% of areas showing decreased salinity, suggesting that changing salinity levels did not strictly 
constrain forest growth.

Discussion
This study demonstrates the value of pairing temporally consistent land cover classification with global salinity 
data. The CCDC-based approach used here offers a replicable framework for LULC classification, which further 
facilitates integration of existing multi-source data that are only available for certain years, such as GSSM. 
Our LULC classification, developed using a RF classifier, demonstrated high model reliability and strong 
generalization to unseen data, thus highlighting its robustness for large-scale applications. Examination of the 
confusion matrix revealed minor misclassification between water and marsh; this was anticipated given the 
spatial proximity and spectral similarity of these classes in the study area, a challenge also noted in similar 
coastal landscapes44,45. Similarly, moderate confusion between other vegetation and farmland is consistent with 
overlapping seasonal spectral characteristics common to these vegetation types as also seen in other coastal 
landscapes46. These patterns suggest that incorporating additional temporal or textural features can improve the 
class separability in future research47,48.

Salinity fluctuations, particularly those in the extremely saline zones (Salinity-4), were not uniformly 
distributed across the peninsula. Instead, they were often found along coastal fringes or water-adjacent inland 
corridors, especially during 2005–2009 (Fig. 3). This spatial concentration is consistent with the mechanism 
of coastal saltwater intrusion, a process intensified by sea-level rise, increased intensity and frequency of high 
tides, and over extraction of groundwater49–51. A notable event is the tropical storm Ernesto in September 2006, 
which produced sharp salinity spikes along estuarine corridors52, and triggered severe barrier island erosion in 
southern Delmarva53, both creating pathways for saltwater encroachment onto adjacent low-lying areas.

Our findings also revealed a non-uniform relationship between land cover and salinity, with some classes 
exhibiting resilience, while others declining more sharply in saline environments. The year or season of satellite 

Fig. 5.  Sankey diagrams summarizing land cover and salinity transitions between 2000 and 2016. (A) Major 
land cover changes across the study period. Labels on the left indicate total areas of each land cover in 2000, 
while those on the right highlight major transitions to other classes between 2000 and 2016. (B–D) Salinity 
change patterns for land covers that remained stable (B), were gained (C), or were lost (D) during the 2000–
2016 period. For each land cover type, labels on the left show the percentage of area experiencing unchanged 
salinity and decreased salinity. Transitions representing less than 5% of the area—primarily those involving 
increased salinity—are not shown for clarity.
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or field observation might dictate the salinity level of a certain land cover, as it is not unusual for a region to go 
through a salinity spike after a coastal storm or flooding event, followed by a ‘reduction’ in salinity after a rainfall 
event. This likely explains why over 83% of each class, whether gained, lost or stable, retained its original salinity 
category from 2000 onward (Fig. 5). A small but consistent portion (7–11%) experienced decreased salinity that 
could simply represent the lower point of long-term fluctuations, or could be driven by enhanced salt leaching, 
improved pore structure, vegetation-driven salt uptake, and the application of organic or physical amendments, 
factors known to facilitate salinity decline under appropriate soil and climatic conditions54. Thus, the dominance 
of non-saline areas across all land cover classes, along with the decline in extremely and slightly saline zones 
(Fig. 4), highlights the potential value of more temporally frequent monitoring to better capture these dynamics.

These fluctuations in salinity and land cover contrast with those of more arid or semi-arid systems, where 
salinization is often a direct precursor to land abandonment and vegetation loss55,56. In Delmarva, resilience 
to salinity during land cover transitions may reflect the influence of active water and land management57. This 
was particularly evident in the reciprocal transitions between farmland and other vegetation. These transitions 
highlight that the relationship between land cover and salinity is not a one-way mechanism; rather, it is a 
dynamic feedback loop in which changes in land cover may influence salinity levels and vice versa. As land cover 
types shift, they can either contribute to or mitigate salinization processes, depending on various environmental, 
management, and climatic factors, as seen in semiarid and coastal landscapes39,58,59. For example, marsh 
vegetation might protect comparatively less salinized regions from further salt accumulation via salt uptake60,61. 
These findings suggest that examining transitions between land cover classes and their corresponding salinity 
levels could provide valuable insight into the processes driving land cover and salinity changes over time19,41.

The farmland–non-crop (other) vegetation dynamic represents a highly active frontier of land cover change. 
Transitions from farmland to other vegetation are commonly associated with declining soil productivity or 
sub-surface waterlogging, both of which are well-documented precursors to land retirement62,63. However, our 
analysis reveals that this trend was not unidirectional. We observed that a considerable proportion of land cover 
initially classified as other vegetation was subsequently reclaimed as farmland. This indicates a hiatus rather 
than an irreversible conversion, likely representing periods of long-term fallow or rotational abandonment 
driven by soil conditions. Spatially, these reclamations coincided with areas of stable or decreasing salinity in the 
GSSM dataset. The increase in non-saline farmland areas over the study period suggests that land management 
or mitigation efforts may have been effective in these regions, contributing to the stability of these farmlands 
despite ongoing environmental pressures19. Additionally, the intermediate fluctuations in slightly and extremely 
saline farmland areas likely indicate episodic saltwater intrusion, hydrological variability, and targeted mitigation 
efforts64–66.

The net decline in marshland over the study period mirrors well-documented patterns across the mid-Atlantic 
estuaries, where marshes are increasingly vulnerable to submergence due to sea-level rise, sediment deficits, 
and hydrodynamic alterations67,68. Conversions to open water and other vegetation point to a combination of 
geomorphic processes and anthropogenic pressures, including drainage, land reclamation, and development69,70. 
Conversely, transitions from open water or other vegetation back to marsh likely indicate recovery under more 
favorable hydrogeomorphic conditions and reduced anthropogenic pressure, which is consistent with marsh 
reestablishment when sediment supply and accommodation space are sufficient71,72. These nuances may warrant 
consideration in future land use planning or targeted marsh conservation efforts.

Methods
Study area
The Delmarva Peninsula is a relatively low-lying area, located on the eastern coast of the USA, with the majority 
of land below 20  m of elevation from sea level. It spans 14 coastal counties across the states of Delaware, 
Maryland, and Virginia (Fig.  1A). Delmarva is primarily characterized by forest, marshland, and farmland. 
Seafood, corn, and soybean production dominate agriculture and aquaculture in the region. Soil drainage varies 
across the region, with poorly drained soil found in lowland areas and well-drained soil in upland regions, which 
substantially influences hydrological processes and landscape dynamics73.

Global soil salinity maps
The Global Soil Salinity Maps (GSSM; Fig. 1B) dataset is a moderate-resolution gridded dataset (spatial resolution: 
250 m) developed by integrating seven soil property maps, thermal infrared imagery, and 15,188 ground truth 
points for electrical conductivity (ECe) from the World Soil Information Service (WoSIS) database42. The dataset 
categorizes soil salinity into five classes: non-saline (ECe < 2 dS/m), slightly saline (ECe 2–4 dS/m), moderately 
saline (ECe 4–8 dS/m), highly saline (ECe 8–16 dS/m), and extremely saline (ECe > 16 dS/m)42. The dataset 
offers an overall validation accuracy ranging from 67 to 70%. Here, we used GSSM for the years 2000, 2002, 
2005, 2009, and 2016.

Land cover classification using Landsat time series data
The Continuous Change Detection and Classification (CCDC) algorithm was used to derive synthetic surface 
reflectance from Landsat imagery at daily time-steps for land cover classification. The CCDC is a powerful 
method for detecting and analyzing land surface changes over time by leveraging the full range of available 
Landsat data43. Changes were detected by comparing model predictions with satellite observations and flagging 
deviations beyond a set threshold within a moving time window (Supplementary Fig. S1). In this study, synthetic 
surface reflectance data from CCDC-derived Landsat imagery were used in two ways: (1) to identify stable land 
cover by analyzing the temporal consistency of surface reflectance, and (2) to extract spectral reflectance values 
from the first day of selected representative months, which were then used as inputs to an RF classifier for annual 
land cover classification from 2000 to 2016.
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The CCDC-derived Landsat imagery was further complemented by a high-resolution National Agriculture 
Imagery Program (NAIP)-Landsat derived dataset of LULC for the year 2016–2017, with a spatial resolution of 
1 m74. The NAIP-Landsat derived dataset was developed using 41,263 reference points, out of which 30% were 
used for accuracy assessment. The overall accuracy of this dataset is 83% for Virginia, 84% for Maryland, and 
90% for Delaware8. This dataset was used to collect reference points for training the RF classifier after aggregating 
the individual LULC classes to 30 m to match the CCDC dataset (Fig. 2). Because NAIP images are not available 
for the entire contiguous U.S. (CONUS) for the same time-period, the dataset for the Delmarva region was as 
follows: Delaware – 3 counties – 2017, Maryland – 9 counties – 2017, and Virginia – 2 counties – 201674. The 
NAIP-Landsat derived dataset offers 8 land cover classes: water, forest, farmland, marsh, other vegetation, bare 
soil, built, and salt patch, out of which we used 7 classes (all except salt patch). We used this dataset in two ways: 
(1) to identify pure pixels at 30 m spatial resolution, which were then used to extract the corresponding surface 
reflectance values from the CCDC dataset, and (2) to extract the labels for the pure pixels, which were used as 
target variables in the RF model training.

Reference data collection for RF model
The seven LULC classes from the NAIP-Landsat dataset were split into individual 1 m raster layers and aggregated 
to 30 m resolution in Google Earth Engine (GEE) using the ‘count’ reducer. Pixels with counts less than 900 
(30 × 30) were masked out, retaining only pure land cover pixels for each class. To ensure reliable training data, 
we used only stable land cover pixels, those without abrupt changes one year before or after the classification year 
and those not in transitional states, such as degrading forests. Because NAIP imagery represents a single summer 
snapshot, we selected CCDC pixels that were stable over a three-year window to reduce misclassification. For 
Delaware and Maryland, stability was assessed from 2016 to 2018 (using NAIP 2017), and for Virginia from 2015 
to 2017 (using NAIP 2016).

To identify stable pixels for training, we applied a threshold to the slope parameter from the CCDC dataset, 
which indicates the rate of spectral change over time and helps detect land cover transitions (Supplementary Fig. 
S1). Through random testing, pixels with slope values between − 0.005 and 0.005 in both the Red and NIR bands 
were considered stable, as these bands are most responsive to vegetation types relevant to salinization analysis 
(e.g., forest, farmland, and marsh). This yielded a mask of pixels with no abrupt change or transition between 
2016 and 2018 for Delaware and Maryland, and 2015–2017 for Virginia. We applied this mask to the aggregated 
NAIP-Landsat land cover layers and performed stratified random sampling to select up to 2,000 stable points 
per land cover class per state for model training. The final distributions of training points are summarized in 
Supplementary Table S2.

To capture seasonal variability in land cover, we structured the CCDC preprocessing to include images from 
the first day of four representative months, January, April, July, and October, spanning winter to fall. This approach 
ensured that the training features reflected spectral variation relevant to the salinization dynamics. In addition to 
the standard Landsat bands (including blue, green, red, NIR, SWIR1, SWIR2, and thermal bands), we computed 
a set of spectral indices: Normalized Difference Vegetation Index (NDVI;75, Normalized Burn Ratio (NBR;76, 
Enhanced Vegetation Index (EVI;77, and EVI278 (Supplementary Table S3). These indices highlight vegetation 
health, surface moisture, and other land cover characteristics that could be affected by salinization processes. 
We also applied the Tasseled Cap transformation79 to derive brightness, greenness, and wetness indices, with 
greenness capturing vegetation cover and wetness and brightness providing insight into soil moisture retention. 
All features were stacked into a single multiband image, which served as the input for extracting sample values 
at training points for each land cover class. Processing was performed using the GEE, ensuring consistency and 
computational efficiency.

Random Forest classifier
A Random Forest (RF) classifier80 was implemented in Python to perform LULC classification across seven 
classes: bare soil, built, farmland, forest, marsh, water, and other vegetation. RF was chosen for its robustness 
to noise, overfitting, and class imbalance, properties that make it well-suited for land cover mapping81. The 
algorithm builds an ensemble of decision trees using bootstrap samples, with the final prediction determined by 
the majority vote.

To ensure reliable classification results, the reference dataset was divided into a 70%-30% training and testing 
split, respectively and applied grid search with three-fold cross-validation to optimize the hyperparameters. The 
search tested combinations of n_estimators (50, 100, 200), max_depth (None, 10, 20, 30), min_samples_split (2, 
5, 10), and min_samples_leaf (1, 2, 4). The grid search process, using three-fold cross-validation, systematically 
tested each possible parameter combination to determine the configuration that yielded the highest classification 
accuracy. The optimal parameter combination consisted of 100 trees (‘n_estimators = 100’), an unlimited tree 
depth (‘max_depth=None’), and standard minimum settings for splitting (‘min_samples_split = 2’) and leaf size 
(‘min_samples_leaf = 1’). The robustness of the final model was evaluated using five-fold cross-validation and 
out-of-bag (OOB) scoring (Supplementary Table S1) to guard against overfitting. The five-fold cross-validation 
partitions the training data into five subsets, allowing the model to be iteratively trained on four subsets while 
validating on the remaining one, and OOB score is derived from the subset of data not used during the bootstrap 
sampling process in training. This offers a built-in measure of performance without relying on a separate 
validation set82.

Model performance was assessed using precision, recall, and F1 score, computed using Scikit-learn’s 
‘classification_report’ function83. Precision measured the model’s ability to reduce false positives, and recall 
captured its sensitivity to true positives. The F1 score, calculated as the harmonic mean of precision and recall, 
provided an overall measure of the model’s performance in multivariable binary classification tasks. An F1 
score of 1 indicates a perfect balance between precision and recall, whereas a score of 0 reflects poor model 
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performance. The resulting classified LULC maps were then combined with salinity layers to analyze how land 
cover types were distributed across salinity classes from 2000 to 2016, and to evaluate how salinity evolved 
across areas of land cover stability, loss, and gain. To address potential misalignments between the 30 m LULC 
data and the 250 m GSSM salinity data, we analyzed trends at the landscape scale rather than at the pixel scale. 
By aggregating land cover statistics within salinity zones, our objective was to minimize the impact of co-
registration errors.

Caveats
Despite the strengths of the regional-scale analytical approach, the proposed framework has several limitations. 
The spatial resolution of the gridded soil salinity data may constrain the detection of fine-scale salinity 
heterogeneity within narrow marsh areas, agricultural drainage features, and land–water ecotones, where 
localized salinity thresholds can exert disproportionate influence on vegetation response. In addition, the CCDC 
framework prioritizes long-term temporal consistency, which may dampen short-duration salinity signals 
associated with episodic disturbances such as storm surge or extreme flooding events. Although the Random 
Forest classifier achieved high overall accuracy, residual spectral ambiguity among transitional land cover 
classes - particularly between marsh and open water and between farmland and other vegetation - introduces 
uncertainty in class-specific salinity attribution. Even though the RF classifier was trained using reference labels 
derived from the NAIP-Landsat fusion dataset for a single period (2016–2017), we only considered ‘stable pixels’ 
(as discussed in the “Reference data collection for RF model” sub-section), with minimal spectral change and 
land cover transitions during the adjacent years. This step ensured that the reference points used for training the 
RF model represented persistent land cover conditions rather than transitional states. While long-term shifts 
in agricultural practices, crop composition, or changing marsh vegetation structure may still influence class-
specific spectral signatures over multi-decadal timescales, the use of spectrally stable training pixels provides 
confidence that the classifier captures the dominant and persistent characteristics of each land cover class. 
Future work could address this limitation by incorporating multi-year reference datasets, such as those acquired 
through earlier NAIP images or crowd-sourced validation data, to better constrain classification uncertainty 
across the entire study period. Furthermore, the absence of explicit socio-economic and land management 
information (e.g., drainage infrastructure, cropping decisions, land tenure, or management practices) limits 
direct attribution of observed land cover stability or recovery to specific human interventions. Finally, while 
strong spatial and temporal associations between land cover dynamics and salinity patterns are evident, the 
analysis does not establish causal relationships, as salinity interacts with hydrological processes, soil properties, 
management actions, and climate variability in complex ways that cannot be fully disentangled using snapshots 
of field or remotely sensed data.

Data availability
The multi-temporal land cover dataset for the Delmarva Peninsula (2000, 2002, 2005, 2009, 2016) at 30 m reso-
lution are available via a public repository84.
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