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Abstract
Rapid monitoring of regional soil salinization information is of great significance
for salinization management and ecological environment protection. This study
employs Sentinel-2A and Landsat 8 OLI remote sensing imagery as data sources,
takes the Yinchuan Plain as the study area, and utilizes the Google Earth En-
gine (GEE) platform to estimate soil salt content based on the random forest
algorithm by establishing the relationship between spectral index features and
ground-measured soil salt content. The results demonstrate that GEE can pro-
vide reliable data support for soil salt content prediction; the random forest
model established using Sentinel-2A as the data source achieves superior pre-
diction accuracy (R2=0.789, RMSE=1.487) compared to Landsat 8 OLI, and
can be applied to high-resolution remote sensing estimation of soil salt content,
thereby providing theoretical support for large-scale soil salt content monitoring
efforts.

Full Text
Abstract
Rapid monitoring of regional soil salinization information is of great significance
for salinization control and ecological environment protection. This paper uses
remote sensing imagery as the data source and the Yinchuan Plain as the study
area, employing the Google Earth Engine (GEE) platform and Landsat-8 OLI
and Sentinel-2A satellite data to estimate soil salt content based on the random
forest algorithm. The relationship between spectral index characteristics and
ground-measured soil salt content was established for soil salinity estimation.
The results demonstrate that Google Earth Engine can provide reliable data
support for soil salt content prediction. The random forest model established
with Sentinel-2A as the data source exhibits better prediction accuracy (R2

= 0.789, RMSE = 1.487) and can be used for high-resolution remote sensing
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estimation of soil salt content, providing theoretical support for large-scale soil
salinity monitoring.

Keywords: soil salt content; Google Earth Engine; random forest; prediction;
Yinchuan Plain

1. Introduction
Soil salinization represents a critical ecological and environmental issue facing
global arid and semi-arid regions. Worldwide, the area affected by saliniza-
tion exceeds 108 hectares, with China’s saline soil area surpassing 107 hectares
and increasing at approximately 1.5$×10^{6}$ hectares annually. Influenced
by global climate warming and human activities, soil salinization has become
a key factor limiting agricultural development and sustainable resource utiliza-
tion, representing a primary cause of land degradation that severely impacts
regional ecological stability, food security, and sustainable agricultural develop-
ment. Consequently, rapid, accurate, and large-scale monitoring of soil saliniza-
tion is essential for agricultural production and ecological environmental protec-
tion.

Traditional soil salinity monitoring methods are time-consuming and labor-
intensive. Remote sensing technology offers significant advantages for large-
scale monitoring compared to conventional approaches and plays a crucial role
in global and regional soil salinization monitoring. With the development of
remote sensing technology, data from various sources provide support for soil
salinization monitoring, and establishing effective methods for extracting salin-
ization information is key to rapidly obtaining such data. In recent years, the
random forest algorithm has been gradually applied to soil salinity estimation
due to its superiority, efficiency, robustness, and accuracy. By establishing
complex nonlinear relationships between measured soil salinity and spectral in-
formation, the algorithm fully utilizes sensor-derived spectral data to improve
estimation accuracy.

Regarding platform applications, Google Earth Engine (GEE) integrates data
acquisition, storage, processing, and analysis, enabling efficient preprocessing
and computational analysis of massive image datasets. Scholars have utilized
this platform for research on land use and crop classification algorithms, crop
yield estimation, biomass estimation, and dynamic monitoring of water bodies
and forest changes. These studies demonstrate that the GEE platform can
efficiently process large volumes of image data, though few have attempted to
apply it to soil salinity monitoring. This study employs JavaScript programming
in GEE’s online editor, using the Yinchuan Plain in Ningxia as an example,
to estimate soil salt content by constructing a random forest model based on
spectral indices derived from Landsat-8 OLI and Sentinel-2A satellite imagery.
The objective is to enrich the application of random forest algorithms and the
GEE platform in soil salinization monitoring, providing technical support for
accurate prediction and monitoring of soil salinization information in irrigation
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districts.

1.1 Study Area Overview

The Yinchuan Plain (37.83°–39.38°N, 104.28°–107.65°E) is located in northern
Ningxia Hui Autonomous Region [Figure 1: see original paper]. The plain
extends approximately 165 km from north to south and 10–50 km from east
to west, covering an area of 7,615 km2. Situated in the middle and upper
reaches of the Yellow River irrigation region, between the alluvial fan at the
eastern foothills of the Helan Mountains and the plain itself, it serves as a pilot
zone for ecological protection and high-quality development in the Yellow River
basin and represents a typical area of soil salinization in northwestern arid and
semi-arid regions. The study area features a temperate arid climate with warm
temperate monsoon characteristics, an average annual temperature of 8–9°C, an-
nual precipitation of 150–203 mm, and annual evaporation of 2,500–3,100 hours.
Characterized by poor drainage, shallow groundwater depth, strong evapora-
tion, concentrated water-salt conditions, high terrain, and irrational irrigation,
it is one of the most severely salinized areas in Ningxia. The main crops include
rice, wheat, and corn.

1.2 Soil Salinity Data Acquisition

Soil samples were collected in May 2021. A 5 km × 5 km grid was established
across the study area for sampling point placement. At each sampling point, a
plum-blossom sampling method was employed within a 30 m × 30 m range. Sur-
face soil (0–20 cm) was mixed, and approximately 500 g was retained using the
quartering method, sealed in bags, and brought back to the laboratory. Sam-
pling point numbers, coordinate information, land use, and vegetation growth
conditions were recorded simultaneously. A total of 120 soil samples were col-
lected from 105 sampling points. After removing weeds and gravel, all soil
samples were air-dried, ground, and passed through a 1 mm sieve. Salt content
was measured using the electrical conductivity method with a 5:1 water-to-soil
ratio. After removing outliers, 105 surface soil samples (0–20 cm) were obtained
for analysis.

1.3 Data Processing

To eliminate dimensional effects among different indicators, data were normal-
ized using the normalization function to scale all input data between 0 and 1.
The normalization formula is: 𝑥′ = (𝑥𝑖 − 𝑥𝑚𝑖𝑛)/(𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛), where 𝑥𝑖 is
the measured sample value, 𝑥𝑚𝑎𝑥 is the maximum sample value, 𝑥𝑚𝑖𝑛 is the
minimum sample value, and 𝑥′ is the normalized data.

1.4 Remote Sensing Image Acquisition and Processing

Landsat-8 OLI and Sentinel-2A Level-2A surface reflectance data were obtained
from the GEE platform (https://code.earthengine.google.com). The data da-
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tum is WGS84 with a map projection of UTM. The imaging time range was
set from April 15 to May 15, 2021, corresponding to the field sampling period.
Since the Yinchuan Plain is composed primarily of alluvial-pluvial plains with
low-lying terrain and poor drainage, image mosaicking on the GEE platform
can cause overlap and discontinuity issues. Therefore, based on the set time
range, the median value of the image collection was calculated using the median
function, and the image with the smallest difference from this median image
was selected for mosaicking. Cloud masking was performed using the QA band
integrated in the data for image quality assessment. After mosaicking, six com-
monly used bands (Green, Red, NIR, SWIR1, SWIR2) were selected for band
composition, and the study area image data were obtained by clipping with
the study area vector boundary. All operations were performed on the GEE
platform using JavaScript API programming.

2. Methods
2.1 Spectral Index Selection

In arid and semi-arid regions, spectral indices are effective methods for monitor-
ing soil salinization. Previous studies indicate that scholars commonly use vege-
tation indices and salinity indices when selecting spectral parameters. Since veg-
etation indices alone cannot accurately reflect spectral information in sparsely
vegetated areas, numerous studies have combined vegetation and salinity indices
to invert soil salinization. Considering the study area’s location in an arid/semi-
arid region, this study integrated both vegetation and salinity indices. Salinity
indices include SI, SI1, SI2, SI3, and SRI, while vegetation indices include SAVI,
GDVI, CSI, and NDSI. The calculation formulas for each spectral index are
shown in . Based on the study area imagery, spectral indices were constructed
by calling the getIndex function on the GEE platform, selecting red, blue, green,
NIR, and SWIR bands according to the formulas for calculation and extraction.
All spectral index extraction operations were performed using JavaScript in the
GEE platform’s online code editor.

2.2 Sensitive Spectral Parameter Screening

Due to collinearity among independent variables, directly inputting numerous
variables into modeling can cause regression coefficient errors due to minor dif-
ferences in sample data, reducing model stability and affecting accuracy. To
eliminate adverse effects from excessive input variables and multicollinearity,
Pearson correlation analysis and significance testing of the 10 spectral parame-
ters under different data sources were conducted using the Hmisc package (ver-
sion 4.5-0) in R software. Parameters passing the significance test were selected
as sensitive spectral parameters for model construction.
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2.3 Model Construction and Evaluation

2.3.1 Random Forest Model Construction The core concept of random
forest is a machine learning algorithm that performs bootstrap sampling on
training sets to generate multiple training sets, creates a decision tree from each
training set, and combines all decision trees to form a random forest for sample
training and prediction. The method combines multiple decision trees to create
a random forest. The steps are as follows: First, N training sets S1, S2, ⋯, S� are
randomly generated from the training sample set D. Second, a corresponding
decision tree f1, f2, ⋯, f� is generated for each training set. Before selecting
attributes at each non-leaf node, m attributes (m « M) are randomly extracted
from all M attributes as the current node’s splitting attribute set, and the best
splitting attribute is selected for node splitting. Third, the generated multiple
decision trees form a random forest. For test set sample X, each decision tree
is used for testing, and the prediction result f(x) is obtained according to the
formula.

Based on reference [45], the prediction formula is: 𝑓(𝑥) = (1/𝑁) ∑𝑛 𝑓𝑛(𝑥),
where 𝑓(𝑥) represents the prediction result of the random forest model, and
𝑓𝑛(𝑥) represents the prediction result of a single decision tree. In this study,
the ee.Classifier.smileRandomForest function was called on the GEE platform
to implement regression prediction. Model performance was adjusted through
two parameters: the number of decision trees (n) and the number of features
used at nodes (m). Excessive decision trees affect model efficiency, while too
few affect accuracy. After weighing the number of decision trees and considering
both precision and efficiency, the number of decision trees was set to 100. The
number of features used at nodes was set to the default value, i.e., the square
root of the total number of input features.

2.3.2 Model Evaluation Metrics To quantify the prediction performance of
the soil salinity inversion model, two commonly used metrics were calculated and
output on the GEE platform: coefficient of determination (R2) and root mean
square error (RMSE). R2 closer to 1 indicates better model fit and prediction
performance, while smaller RMSE indicates better model performance.

3. Results
3.1 Soil Salinity Statistical Characteristics

Following Brady’s classification method [58], the 105 soil samples were divided
into four salinization grades based on salt content. Descriptive statistical analy-
sis of the samples is shown in . The results indicate relatively uniform distribu-
tion across different salinization grades, with an overall coefficient of variation
exceeding 85%, showing strong variability and high dispersion, which demon-
strates the samples’universal applicability. Soil samples were sorted by salt
content from low to high, and 84 samples were selected as the training set for
inversion model establishment using a 4:1 ratio, with the remaining 21 samples
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as the validation set for model verification.

3.2 Correlation Analysis Between Soil Salinity and Spectral Indices

The correlation matrix of 10 spectral parameters under different data sources
was plotted using the GGally package in R software based on parameters passing
significance tests. [Figure 2: see original paper] shows that for Landsat-8 OLI
data, all spectral indices except NDSI have strong correlations with soil salinity.
For Sentinel-2A data, all spectral indices show strong correlations with soil
salinity, with SI1 having the largest correlation coefficient, indicating strong
correlation with soil salinity and suitability for soil salinity model construction.

3.3 Model Construction

Based on the random forest model with soil salinity content as the output layer,
SI1, GDVI, CSI, and NDSI were selected as input layer data for the model
established with Landsat-8 OLI as the data source. For the model established
with Sentinel-2A as the data source, SI1, SI2, SRI, GDVI, CSI, and NDSI were
selected as input layer data. The soil salinity content was simulated, with results
shown in . The R2 value of the model established with Sentinel-2A is larger
than that with Landsat-8 OLI, and the RMSE is smaller, indicating that the
soil salinity prediction model based on Sentinel-2A is superior.

The scatter plot between measured and predicted values [Figure 3: see original
paper] shows that models based on both data sources have good correlation
between predicted and measured values. The random forest model based on
Sentinel-2A shows greater R2 and smaller RMSE, indicating better prediction
accuracy than the model based on Landsat-8 OLI.

3.4 Soil Salinization Prediction

Using the random forest prediction model based on Sentinel-2A, soil salinization
in the Yinchuan Plain was predicted and classified according to salinization
degree. [Figure 4: see original paper] shows that soil salinity in the Yinchuan
Plain generally presents a pattern of lighter salinity in the south and heavier
in the north. This may be due to the plain’s topography being higher in
the south and lower in the north, with the Yellow River flowing from south to
north. The northern region has shallow groundwater depth, allowing salts to
easily accumulate in the soil surface. Saline soils are mainly concentrated in the
western part of Pingluo County, Dawukou District, and Huinong District in the
northern plain, accounting for 89.85% of the total saline soil area. The southern
region, as the Yellow River’s inlet carrying salt-based ions outward, has less soil
salt accumulation. Non-salinized and lightly salinized soils are concentrated in
Jinfeng District, Xingqing District, Yongning County, Lingwu City, Qingtongxia
City, and Litong District in the southern plain, accounting for 71.59% of the
total Yinchuan Plain area. The salinization prediction results are consistent
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with actual sampling conditions, indicating that the random forest model can
be applied to soil salinity prediction in this region.

4. Discussion
Using spectral indices calculated from satellite image bands has become the
most common method for monitoring soil salinization spatial distribution. Most
scholars use soil spectral indices from satellite data’s visible bands and select
those with high correlation with ground measurement data as input variables for
model establishment, achieving good prediction results. This demonstrates that
establishing spectral indices has certain advantages in soil salinity monitoring
applications. Currently, two main modeling approaches exist: directly estimat-
ing soil salinity using salinity indices, or indirectly estimating soil salinity using
vegetation indices. However, for more accurate monitoring of soil salinization,
the spectral reflectance of halophytes must be considered, especially in severely
salinized arid and semi-arid regions. Therefore, this study comprehensively con-
sidered both salinity and vegetation indices, establishing a random forest model
based on Sentinel-2A data to predict soil salinity across the Yinchuan Plain. The
prediction results show good consistency with field sampling conditions, demon-
strating that the random forest model established with Sentinel-2A can be used
for soil salinization prediction and generate results on the GEE platform.

Compared with commonly used linear regression methods for analyzing soil salin-
ity distribution, machine learning algorithms can provide more reliable predic-
tions of soil salinization spatial distribution, especially when field measurement
data are limited. Moreover, compared with other machine learning algorithms,
random forest can more accurately predict soil salinity distribution in salinized
lands. However, current research still faces uncertainties from two main sources.
First, the uncertain relationship between soil salinity characteristics and remote
sensing data: due to the complex mechanism of soil salinization, soil salinity
information obtained from satellite images may be affected by soil type, surface
roughness, and other soil properties. The fundamental reason is the inherent
limitation of satellite sensors in expressing qualitative soil indicators. Although
remote sensing images have undergone radiometric and atmospheric correction,
captured spectral information may still be affected by terrain factors. Second,
uncertainty in random forest model establishment: for machine learning mod-
els, dataset quality and quantity significantly impact prediction results. This
study’s relatively small sample size (n = 105) may introduce uncertainty in
model establishment. Therefore, whether the established estimation model can
be applied to other regions requires further research and validation.

5. Conclusions
This study compared the spectral characteristics of Landsat-8 OLI and Sentinel-
2A images and evaluated their performance in predicting soil salt content using
random forest models. The main findings are as follows:
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1. The GEE platform provides large amounts of analytical data and algo-
rithms from different sensors, facilitating accurate estimation of soil salin-
ity distribution in the study area and promoting large-scale regional soil
salinity monitoring.

2. The random forest model established with Sentinel-2A data demonstrated
good prediction accuracy and model performance (R2 = 0.789, RMSE
= 1.487), with soil salinity prediction results superior to those based on
Landsat-8 OLI data.

3. The random forest model based on Sentinel-2A can be used for soil salin-
ization prediction, and its prediction results on the GEE platform are
consistent with actual sampling conditions, indicating its applicability for
soil salinity monitoring in this region.
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