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Abstract

Remote sensing monitoring of soil salinization relies on high spatiotemporal reso-
lution imagery; however, due to limitations in budget, satellite revisit cycles, and
weather conditions, such imagery is difficult to obtain, which restricts the appli-
cation of acquiring corresponding period remote sensing images based on sam-
pling times for soil salinization monitoring and inversion. To address this issue,
we propose fusing MODIS and Landsat imagery to generate high spatiotemporal
resolution images for extracting soil salinization information, thereby providing
a data reference for soil salinization monitoring research using spatiotemporal
imagery. Taking the Weigan River-Kuche River Oasis as the study area, the En-
hanced Spatial and Temporal Adaptive Reflectance Fusion Model (ESTARFM)
and the Flexible Spatiotemporal Data Fusion (FSDAF) model were employed to
perform spatiotemporal fusion of MODIS and Landsat imagery. Based on the
fused image data, a Random Forest (RF) prediction model for soil electrical con-
ductivity (EC) was constructed, and the applicability of spatiotemporal fused
imagery in remote sensing monitoring of soil salinization was comparatively an-
alyzed. The results demonstrate that the coefficient of determination (R?) for
consistency between the characteristic band reflectance of ESTARFM fused im-
agery and the corresponding band reflectance of Landsat validation imagery is
R?(Red)=0.8066 and R%(SWIR2)=0.8444; for FSDAF fused imagery, the cor-
responding R? values are R%(Red)=0.6999 and R?(SWIR2)=0.7493. The EC
prediction model constructed based on ESTARFM fused imagery achieved the
highest accuracy with R2=0.9268, the model based on FSDAF fused imagery
showed good accuracy with R?2=0.8987, and the model based on validation im-
agery achieved R2=0.9103. The fusion accuracy of the ESTARFM model is su-
perior to that of the FSDAF model, and the EC prediction model constructed
based on fused imagery demonstrates satisfactory performance.
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Abstract: Remote sensing monitoring of soil salinization relies on high spa-
tiotemporal resolution imagery, yet such data are difficult to obtain due to bud-
get constraints, satellite revisit cycles, and weather conditions. This limitation
restricts the acquisition of temporally matched remote sensing images for soil
salinization monitoring and inversion based on sampling times. To address this
challenge, we propose generating high spatiotemporal resolution images through
fusion of MODIS and Landsat imagery to extract soil salinization information,
providing a data reference for soil salinization monitoring using spatiotemporal
fusion images. Taking the Ugan River-Kuqga River Delta Oasis as the study
area, we employed the Enhanced Spatial and Temporal Adaptive Reflectance
Fusion Model (ESTARFM) and Flexible Spatiotemporal Data Fusion (FSDAF)
to perform spatiotemporal fusion of MODIS and Landsat images. Based on
the fused imagery, we constructed a Random Forest (RF) prediction model for
soil electrical conductivity (EC) and comparatively analyzed the applicability of
spatiotemporal fusion images for remote sensing monitoring of soil salinization.
The results demonstrate that the characteristic band reflectance of the fused
images shows strong agreement with the corresponding bands of the verifica-
tion images, with consistency determination coefficients R? reaching 0.8444 for
ESTARFM and 0.7493 for FSDAF. The EC prediction model built using ES-
TARFM fusion images achieved the highest accuracy (R? = 0.9268), followed
by the model based on FSDAF fusion images (R? = 0.8987). This indicates
that spatiotemporal fusion technology exhibits excellent application value and
development potential in remote sensing monitoring of soil salinization in arid
regions.

Keywords: spatiotemporal fusion; random forest; soil electrical conductivity;
soil salinization
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1.1 Study Area Overview

The Ugan River-Kuga River Delta Oasis is located in the north-central Tarim
Basin in southern Xinjiang, within the administrative region of Aksu Prefecture,
covering Shaya County, Kuqa County, and Xinhe County. Based on field sam-
pling areas, the study boundary was defined by geographic coordinates of 81°37 -
83°59 E and 41°06 -42°40 N, with elevations ranging from 892 to 1100 m. The
region experiences a typical continental warm temperate arid climate with in-
tense evaporation and uneven precipitation distribution. The mountainous area
receives an average annual precipitation of 523.76 mm, while the plain area re-
ceives only 46.5 mm, with an average annual evaporation of 1374 mm. Land use
types primarily include farmland, grassland, forestland, wasteland, and saline
land. The main soil types are fluvo-aquic soil and meadow soil, with additional
distribution of brown calcic soil, swamp soil, and saline soil. In the lower plains,
flat terrain, high groundwater levels, fine-grained subsoil with poor permeabil-
ity, and strong evaporation cause salts to accumulate at the surface through
capillary action, resulting in severe soil salinization. The salinized area within
the irrigation district exceeds 40%, with severely salinized land comprising ap-
proximately 32.20%. The primary salt components are chlorides. Therefore,
this region serves as a representative study area for improving ecological envi-
ronments and agricultural development. The distribution of sampling points is
shown in [Figure 1: see original paper].

1.2 Data Sources and Processing

Field Measurement Data: Field surveys were conducted on May 23-24, 2021.
Soil samples were collected using the five-point method within a 30 m x 30 m
plot at each sampling point. Five soil samples were taken from the 0-10 cm
surface layer, mixed in situ to create representative composite samples, and geo-
referenced using a Strong G120 GPS. After air-drying and removing impurities,
the samples were sieved through a 2 mm mesh. A 1:5 soil-water suspension was
prepared by mixing 20 g of soil with 100 mL of deionized water, shaken for 30
minutes, and filtered. Soil electrical conductivity was measured using a WITW
Multi 3420 Set B digital multi-parameter device equipped with a Tetra Con 925
electrode (WTW GmbH, Germany). A total of 523 valid samples were obtained
after removing outliers.

Remote Sensing Imagery: Landsat and MODIS imagery were obtained from
the Google Earth Engine platform. Landsat data comprised the Landsat 8
Collection 2 Tier 1 Surface Reflectance dataset, while MODIS data included
the MODO09A1 (500 m surface reflectance, 8-day composite) dataset. Detailed
information on the remote sensing data is provided in . All data underwent
radiometric and atmospheric correction. Based on field sampling dates and
cloud cover conditions, one pair of MODIS and Landsat images from May 2021
was selected for spatiotemporal fusion, with a separate Landsat image serving as
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verification data. All imagery included six characteristic bands: blue, green, red,
near-infrared (NIR), short-wave infrared 1 (SWIR1), and short-wave infrared
2 (SWIR2). Data preprocessing, including compositing, cloud removal, and
clipping, was performed on the Google Earth Engine platform. MODIS images
were reprojected and resampled to 30 m resolution using ENVI 5.3 to match
Landsat’ s spatial resolution.

1.3.1 Spatiotemporal Fusion Models

ESTARFM Algorithm: The Enhanced Spatial and Temporal Adaptive Re-
flectance Fusion Model (ESTARFM) is an improved version of the STARFM
algorithm, offering high fusion quality and broad applicability. The ESTARFM
process involves: (1) identifying similar pixels based on each reference Landsat
image, (2) calculating weights for similar pixels, and (3) computing predicted
values at time T. The central pixel reconstruction is expressed as:

N M
R<mi/27yj/2’Tpre) = Z Z Wijm X R(‘rivyj,Tn) X Tweight

n=1m=1

where R(%;/9,Y;/2, ) Tepresents the fused high-resolution data at the pre-
dicted time, R(x;, Yjs T,,) denotes the high spatial resolution data from the base
time phases, T\, 1s the temporal weight, and W, is the spatial weight. The
sliding window size w was set to 30 pixels in this experiment.

FSDAF Algorithm: The Flexible Spatiotemporal Data Fusion (FSDAF)
model combines pixel unmixing with thin-plate spline interpolation and
distance weighting, enabling accurate prediction of land cover change areas.
The algorithm utilizes known high- and low-resolution images at initial time
t, and low-resolution images at prediction time ¢, to generate high-resolution
images at t;,. The process involves: (1) classifying the Landsat image at ¢,
(2) estimating temporal changes for each class from ¢, to ¢, using MODIS
images, (3) computing high-resolution temporal changes at t;, (4) predicting
the high-resolution MODIS image at t;, using class-specific thin-plate spline
functions, and (5) calculating residuals based on neighboring information to
produce the final Landsat prediction.

1.3.2 Prediction Model Construction

Random Forest (RF) is a statistical learning theory that employs bootstrap
resampling to extract multiple samples from the original dataset, constructs de-
cision trees for each sample, and merges predictions through averaging. Differ-
ent training sets increase diversity among regression models, thereby enhancing
extrapolation capability. RF has demonstrated excellent performance in soil
salinization prediction. This study implemented the algorithm using Python
3.7, partitioning samples into 70% training and 30% validation sets.
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To evaluate model performance, we used coefficient of determination (R?) as
the primary metric, where higher R? values indicate greater accuracy. Feature
variables contribute differently to EC prediction. Based on the imagery, we
extracted six characteristic band reflectances and widely used vegetation and
salinity indices. Using EC values as the target variable, we applied the XGBoost
algorithm to screen for important features, selecting 6 vegetation indices and 6
salinity indices for modeling. The formulas for these indices are provided in .

3.1 Fusion Results and Accuracy Assessment

Visual interpretation was performed through false-color composite comparison.
Both ESTARFM and FSDAF produced well-fused images with clear textures
and accurate representation of water bodies, farmland, and roads, showing good
spatial consistency with the original Landsat imagery. Detailed pixel-level com-
parison reveals that ESTARFM achieved higher fusion accuracy across all bands.

Quantitative accuracy assessment shows that the ESTARFM model achieved R?
values of 0.8066 for the red band and 0.8444 for SWIR2, while FSDAF achieved
0.6999 and 0.7493, respectively . Both models performed best in the SWIR2
band and worst in the green band. Scatter plots [Figure 3: see original pa-
per] and [Figure 4: see original paper] demonstrate strong linear relationships
between fused and verification images, with ESTARFM showing superior per-
formance. The SWIR2 band, which is sensitive to soil salinization information,
exhibited R? values of 0.8444 for ESTARFM and 0.7493 for FSDAF, indicating
robust fusion effectiveness.

3.2 Spectral Reflectance at Different EC Levels

To visualize the relationship between measured soil EC values and spectral re-
flectance from the spatiotemporal fusion images, spectral curves were plotted
according to salinization levels [Figure 5: see original paper|. For both fusion
models, soil spectral reflectance increased with EC across all bands. The ES-
TARFM fusion image showed the lowest reflectance for non-salinized soils (0-2
mS - ecm~!) and highest reflectance for saline soils (>16 mS - cm™!). Reflectance
increased sharply from the red band, peaking in the SWIR1 band. The FSDAF
fusion image exhibited similar trends, though with slightly lower overall accu-
racy. The consistent spectral response patterns confirm the reliability of both
fusion approaches for capturing salinization characteristics.

3.3 Prediction Model Accuracy Assessment

Soil electrical conductivity effectively reflects salinization degree. Across all
samples, EC ranged from 0.0476 to 108.7 mS - cm™~!. After removing 6 outliers,
517 samples remained, with 362 used for training and 155 for validation. The
study employed 6 characteristic bands and 12 spectral indices as input features,
with 5-fold cross-validation for model verification.
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Comparative analysis of prediction models [Figure 6: see original paper| reveals
that the ESTARFM-based EC prediction model achieved the highest accuracy
(R? = 0.9268), followed by the Landsat verification image model (R? = 0.9103)
and the FSDAF-based model (R? = 0.8987). These results demonstrate that
both spatiotemporal fusion models can effectively generate high-resolution im-
agery for soil salinization monitoring, with ESTARFM showing superior perfor-
mance.

4 Discussion

Real-time fine-scale monitoring of land surface and atmospheric environments
requires high spatiotemporal resolution remote sensing data. The ESTARFM
model, as an improvement over STARFM, enhances prediction accuracy and
applicability for heterogeneous regions. In this study, ESTARFM demonstrated
higher fusion accuracy for salinization-sensitive bands and better EC fitting
precision compared to FSDAF. While FSDAF integrates pixel unmixing with
thin-plate spline interpolation and performs well for abrupt land cover changes
such as flood monitoring, soil salinization is a gradual process where ESTARFM’
s advantages are more pronounced.

To ensure that point-scale sampling represents areal salinization patterns, we de-
signed a representative sampling scheme using MODIS data, topographic deriva-
tives (slope and topographic wetness index), and soil texture data. Each 30 m
x 30 m sampling plot was matched to corresponding remote sensing pixels after
resampling, ensuring prediction accuracy. Although current spatiotemporal fu-
sion algorithms cannot perfectly predict subtle land cover changes, continuous
improvements enhance their reliability. The use of Google Earth Engine for data
acquisition and preprocessing significantly improved efficiency, demonstrating
the practical value of cloud platforms for soil salinization monitoring.

Future research should explore more advanced spatiotemporal fusion algorithms
specifically optimized for soil salinization feature extraction. The integration of
multi-source data and machine learning approaches offers substantial potential
for improving monitoring precision and practical applicability in arid regions.

5 Conclusions

Both ESTARFM and FSDAF models successfully generated high spatiotempo-
ral resolution images from MODIS and Landsat data. Visual interpretation
confirmed clear spatial details and good consistency with verification imagery,
indicating satisfactory fusion results. The models showed varying performance
across bands, likely due to inherent algorithmic differences.

The ESTARFM-based EC prediction model achieved the highest accuracy (R? =
0.9268), while the FSDAF-based model also performed well (R? = 0.8987). Spec-
tral curves clearly distinguished different salinization levels, with reflectance in-
creasing with EC. This study demonstrates that spatiotemporal fusion technol-
ogy holds excellent application value and development potential for soil salin-
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ization remote sensing monitoring. Comparative analysis indicates that ES-
TARFM fusion images are more suitable for salinity prediction than FSDAF.
Further exploration of spatiotemporal fusion applications will enhance remote
sensing data utilization and improve the economic efficiency and practical utility
of salinization monitoring.
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