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ABSTRACT The accurate and rapid inversion of soil salinity in regions based on the fusion of multisource
remote sensing is not only practical for the treatment and utilization of saline soil but also themain trend in the
development of quantitative soil salinization remote sensing. In this paper, the use of a numerical regression
method to fuse spectral indexes based on high-spatial-resolution unmanned aerial vehicle (UAV) images
and low-spatial-resolution satellite images was proposed to deeply assess the internal relationships between
different types of remote sensing data. An inversion model of soil salt content (SSC) was constructed based
on high-spatial-resolutionUAV images, and the spectral indexes involved in the fusionwere selected from the
model. Then, a quadratic polynomial fusion function describing the relationship between the spectral indexes
based on the two images was established to correct the spectral indexes based on the low-spatial-resolution
satellite image (from Sentinel-2A). Then, scenario 1 (the best model based on Sentinel-2A used for the
unfused Sentinel-2A spectral index), scenario 2 (the best inversion model based on UAV used for the
unfused Sentinel-2A-based spectral index), and scenario 3 (the best inversion model based on UAV used
for the fused Sentinel-2A-based spectral index) were compared and analyzed, and the SSC distribution map
was obtained through scenario 3. The results indicate that the scenario 3 had highest accuracy, with the
calibration R2 improving by 0.078-0.111, the root mean square error (RMSE) decreasing by 0.338-1.048, the
validation R2 improving by 0.019-0.079, the RMSE decreasing by 0.517-1.030, and the ratio of performance
to deviation (RPD) improving by 0.185-0.423. Therefore, this method can improve the accuracy of SSC
remote sensing inversion, which is conducive to the accurate and rapid monitoring of SSC.

INDEX TERMS Soil salinization, spectral index fusion, numerical regression, unmanned aerial vehicle.

I. INTRODUCTION
Soil salinization is themain land degradation problem inmost
arid and semiarid agricultural areas in the world, seriously
restricting the development of regional ecological agriculture
[1]–[5]. Therefore, it is very important to quickly and accu-
rately obtain information on the spatial distribution of soil salt
content (SSC) for the prevention and improvement of saline
soil and the enhancement of ecological agriculture [6], [7].
Remote sensing has become an effective way to quantitatively
extract salinization information [8]. Satellite imaging has
become the mainstream agricultural remote sensing method
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because of its advantages in acquiring soil information over a
large area [9]–[13]. However, due to its discontinuity across
space and time, low resolution, and vulnerability to weather
conditions, it lacks timeliness and accuracy. In recent years,
unmanned aerial vehicle (UAV), as a new remote sensing
platform, has been used to acquire images in a research area
through using a variety of sensors, and then constructs a
model to realize the inversion of target parameters in a small
area [14]–[18]. This technique has the advantages of low
cost and ease of construction. UAV technology has been of
interest. However, due to limitation of flight time and altitude,
it is difficult to achieve large-scale quantitative inversion.
Thus, it can be seen that it is difficult for single sensor to meet
the information extraction requirements for SSC with high
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FIGURE 1. The study area and the test area ((a) China, (b) Shandong Province, (c) Kenli district and (d) The test area and UAV flight route).

precision, across a large area and with a fast rate. Research on
SSC inversion based on satellites, UAV and other multisource
remote sensing fusion applications has become a hot topic
[19], [20].

The fusion of multisource remote sensing can be divided
into three levels: spectral data fusion (pixel level), spec-
tral model fusion (decision level) and spectral index fusion
(feature level) [21]–[25].

Spectral data fusion involves the fusion of the original
observation or preprocessed data from sensors to generate
new data. Its main purpose is to improve the data qual-
ity. For example, Ilyas et al. [26] integrated Phased Array
Type L-band SAR (PLSAR) and Landsat Enhanced Thematic
Mapper Plus (ETM+) data to monitor the SSC of the Kriya
River basin in northwest China. However, fusion based on
spectral data requires the calculation of each pixel, which
involves a large amount of data processing. Moreover, it is
difficult to verify the consistency of the features contained
in the original data from various sensors, and thus image
fusion based on pixels has certain blindness. In spectral
model fusion, quantitative analysis models are first estab-
lished based on different remote sensing data and then fused

to correct and identify the models with the lowest accu-
racy. For example, Adak Klimi et al. [27] used the SSC
estimation model based on measured hyperspectral data to
correct the SSC inversion model based on advanced space-
borne thermal emission and reflection radiometer (ASTER)
multispectral images, which improved the accuracy of soil
salinization monitoring at the regional scale. However, in this
kind of fusion, the corresponding models first need to be
established based on the different types of original data used
to obtain the respective decision results, and the fusion has
high requirements for pretreatment and feature extraction.
Moreover, the fusion results depend on the advantages and
disadvantages of the established models to some extent, and
the accuracy is relatively poor.

Between spectral data fusion and spectral model fusion,
spectral index fusion extracts the spectral indexes from the
data from different sensors separately and then fuses the
spectral indexes to obtain the new spectral indexes. It has
the advantages of a fast processing speed and few calcula-
tions, which has caused it to become the main fusion method
at present and widely used. For example, He et al. [28]
fused the spectral indexes from remote sensing data on the
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FIGURE 2. UAV image acquisition ((a) Sequoia agricultural multispectral camera, (b) Matrice
600 Pro hexacopter, (c) false-color composite image and sampling point distribution in the test
area).

fine particulate matter (PM2.5) concentration, land surface
temperature (LST) and vegetation cover (VC) and built a
comprehensive evaluation index to study the environmental
degradation in urban areas of China. However, most of the
existing research based on multisource remote sensing fusion
has been performed by building a simple parameter relation
of the spectral indexes from different sensors. For example,
Li et al. [29] used the two methods of central wavelength
reflectance and average band reflectance to fit ground hyper-
spectra and Landsat 8 data, revised the satellite imagery by
calculating the ratio of the mean spectral indexes from the
ground hyperspectra and Landsat 8 data, and then conducted
remote sensing inversion of the soil water content in the study
area. This kind of construction form is relatively simple and
without in-depth mining of the internal relationship between
satellite and UAV data, but the inversion accuracy still needs
to be improved. Therefore, whether there is a good relation-
ship between satellite and UAV multispectral imaging and
how to improve the fusion method to improve the accuracy
of SSC inversion need to be further explored.

The purpose of this paper is to combine the advantages of
the high spatial resolution of UAV multispectral imaging and

the large scale of Sentinel-2A satellite imaging (Sentinel-2A)
and explore a numerical regression method to fuse spectral
indexes to conduct accurate SSC inversion for Kenli dis-
trict, Yellow River Delta, China, where salinization is severe.
In contrast to previous studies, in this study, we first con-
structed the SSC inversion model based on UAV and selected
the spectral indexes from the model for fusion. On this basis,
the feasibility of data fusion was judged by fitting analysis
between the optimized spectral indexes based on UAV and
Sentinel-2A. Then, a fusion function of quadratic polyno-
mials between the Sentinel-2A-based and UAV-based spec-
tral indexes was established with the numerical regression
method, and the Sentinel-2A-based spectral indexes were
corrected. Finally, the SSC inversion model based on UAV
was applied to the corrected Sentinel-2A data to obtain the
inversion map of SSC in the study area.

This paper is organized as follows. Section II describes
the study area and datasets. In Section III, the specific pro-
cess of fusing data on the basis of numerical regression
is described in detail. Experimental results are shown in
Section IV. Section V and Section VI present the discussion
and conclusions, respectively.
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TABLE 1. Corresponding relationships between Sentinel-2A and UAV data.

TABLE 2. Statistical characteristics of the soil samples.

II. STUDY AREA AND DATASET
A. OVERVIEW OF THE STUDY AREA
The study area is located in Kenli district, YellowRiver Delta,
the west bank of Laizhou Bay and the south bank of Bohai
Bay, China (Fig. 1). The study area has a temperate monsoon
climate, and its terrain is mainly plain with slight slopes from
the southwest to the northeast [30]. The study area is vast,
with a total area of 2331 square kilometers, and the Yellow
River carries sand to generate thousands of hectares of land
every year, which provides rich land reserve resources for
China.

However, the soil in the study area is developed on the
alluvial deposits of the Yellow River, and sandy loam is
dominant. Due to the infiltration of water from the Yellow
River, the top support and immersion of the sea water, and the
sea water flowing back to the land, the secondary salinization
of the soil is relatively severe, which results in a lack of
seedlings, the death of crops, and low farmland yield, affect-
ing the income level of villagers, hindering the development
of the regional social economy, degenerating the ecological
environment, and seriously threatening the local ecological
balance.

B. DATA ACQUISITION AND PREPROCESSING
1) FIELD MEASUREMENT OF SOIL SALINITY
In spring, the precipitation in the study area is low and
the evaporation is high, causing the salt content of the soil
surface to also be high, making it the best time to obtain SSC
information. Therefore, the sampling datewasApril 26, 2018.

Based on natural factors such as topography, hydrology,
climate, the saline soil area south of the central kinder-
garten of Xisong village, Huanghekou town, Kenli district,
was selected as the test area (118◦ 40’ 50’’-118◦ 43’ 00’’

E, 37◦ 39’ 29’’-37◦ 39’ 40’’ N), covering a total area
of 24.675 hectares. During sampling, the surface of the test
area was continuously exposed, lacking vegetation coverage.
In the test area, 85 sampling points and 22 ground control
points (GCPs) were established, both the samples and GCPs
were evenly distributed. The salt score of the soil surface
(10 cm) was measured with an EC110 portable salinity meter
(Spectrum Technologies, Inc., USA), the coordinates (lon-
gitude and latitude) of the sampling points were measured
with a Trimble GEO 7X centimeter handheld differential
GPS (Trimble, Inc., Sunnyvale, California, USA), and the
corresponding environmental information was recorded.

2) ACQUISITION AND PROCESSING OF UAV IMAGERY
At 11 a.m. on April 26, 2018, a Dajiang Matrice 600 Pro
hexacopter (SZ DJI Technology Co., Ltd, Shenzhen, Guang-
dong Province, China) with a Sequoia agricultural multi-
spectral camera was used to obtain UAV imagery (Fig. 1d).
The camera captures four bands: green (wavelength 550 nm,
bandwidth 40 nm), red (wavelength 660 nm, bandwidth
40 nm), red edge (wavelength 735 nm, bandwidth 10 nm)
and near infrared (wavelength 790 nm, bandwidth 40 nm).
According to the actual geographical environment factors,
the UAV flight height (52 m), flight speed (5 m·s−1), flight
path, continuous shooting time interval (1.5 s), course and
side direction overlap (60%) and other parameters were deter-
mined before takeoff, and radiation correction of the UAV
whiteboard was carried out. Then, Pix4Dmapper software
(Pix4D S.A. Route de Renens 241008, Prilly, Switzerland)
was used to achieve extrinsic radiation calibration, spectral
calibration and the image mosaic. The software ENVI 5.3
(Exelis Visual Information Solutions, Inc., USA) was used
for geometric correction and the geographical registration of
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FIGURE 3. Technique flowchart.

ground control point data, and the accuracy of the selected
control points was analyzed with a maximum accuracy error
of a single point of 0.53 pixels, a minimum of 0.15 pixels,
and a total average error of 0.39 pixels. Then, the image was
resampled to 1 m. Finally, a false-color synthetic-band image
(Fig. 2) was obtained with a resolution of 1 m.

3) ACQUISITION AND PROCESSING OF SENTINEL-2A
IMAGERY
The Sentinel-2A products from the website of the European
Space Agency (ESA, http://www.esa.int/) were used as satel-
lite remote sensing image data. First, on April 27, 2018,
the Sentinel-2 L1C image data (https://scihub.copernicus.eu/)
covering the study area were downloaded, representing the
atmospheric apparent reflectance product after geometric
precision correction [31]. Using the Sentinel Application
Platform (SNAP) software provided by the ESA, atmospheric

correction and radiometric calibration were applied to the
data, the Sentinel-2A data were resampled to 1 m such that
the pixel sizes were the same as in the UAV image, and
finally the data were exported in ENVI format. Then, the data
were imported into ENVI 5.3. The bands (B3-Green, B4-Red,
B6-Vegetation Red Edge, and B7-Vegetation Red Edge) were
relatively consistent with the band range of the Sequoia mul-
tispectral camera and were selected for image splicing, band
synthesis, image clipping and other preprocessing procedures
(Table 1).

On the basis of the actual situation in the study area,
the normalized difference vegetation index (NDVI) was used
to generate a mask for the area with a NDVI less than 0 to
remove the water areas in the image [32], and then the lin-
ear binary model pixel decomposition method was used to
remove the impact of vegetation [33]. Finally, the processed
image was used as the Sentinel-2A image for the study area.
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TABLE 3. SSC correlation between UAV and Sentinel-2A bands.

III. METHODS
A. ANALYSIS OF SSC SPECTRAL CHARACTERISTICS
BASED ON SENTINEL-2A AND UAV
The spectral reflectance at the sampling points based on
UAV and Sentinel-2A were extracted with ArcGIS 10.2
software according to the GPS coordinates, and the corre-
lation between the reflectance and salt value of the sam-
pling points was analyzed (with the correlation coefficient
expressed as R). Then, the SSC response bands based on
Sentinel-2A and UAV were compared and analyzed.

B. CONSTRUCTION AND OPTIMIZATION OF THE SSC
INVERSION MODEL BASED ON UAV
Based on the UAV-based SSC response bands, simple
combination operations, such as Bi-Bj, Bi/Bj, and (Bi-Bj)/
(Bi+Bj), were performed among multiple bands to construct
the spectral indexes [34]–[38], and the correlations between
the spectral indexes and SSC were analyzed. In the formulas,
Bi and Bj represent the band name.

Eighty-five samples were divided into two groups
according to a ratio of two to one; 56 were used for calibra-
tion, and the other 29were used for validation. The calibration
and validation datasets conformed to the assumption of vari-
ance homogeneity [39]. Taking the salt value of the calibra-
tion sample as the dependent variable and the spectral indexes
as the independent variables, the multivariate stepwise linear
regression method (MSLR) [40] was used to screen the SSC
spectral parameters based onUAV and construct the inversion
model. Then, the inversion model was validated with the
validation samples. The performance of the SSC inversion
models was evaluated according to the coefficient of determi-
nation (R2), the root mean square error (RMSE), and the ratio
of performance to deviation (RPD). A fitting graph between
the estimated value and the measured value was drawn, and
R2 was used to evaluate the fitting effect. SPSS 20 (Statis-
tical Product and Service Solutions) was used to build the
model.

C. FUSION OF THE SSC SPECTRAL INDEX BASED
ON SENTINEL-2A AND UAV
1) ANALYSIS OF THE RELATIONSHIP BETWEEN
SENTINEL-2A-BASED AND UAV-BASED SPECTRAL INDEXES
According to the SSC optimization spectral indexes based
on UAV, the corresponding spectral indexes based on the
Sentinel-2A image were constructed. Fitting analysis of the

spectral index homonymous pixels based on Sentinel-2A and
UAV was carried out to explore the data consistency between
the Sentinel-2A-based spectral indexes and UAV-based spec-
tral indexes. The equation of fitting degree (R2) is as
follows [41]:

R2 = 1−
∑(

ys,i − yu.i
)2/∑(

yu,i − ȳu,i
)2 (1)

where yu,i is the value of a certain point on the specific
spectral index based on the UAV image, ȳu,i is the average
value of the sample spectral index, and ys,i is the value of the
homonymous point on the corresponding spectral index to be
converted based on the Sentinel-2A image. i = 1, 2, · · ·, n

2) FUSION OF SENTINEL-2A-BASED AND UAV-BASED
SPECTRAL INDEXES BY NUMERICAL REGRESSION
The numerical regression method is generally used to build
the corresponding relationship between data by employing a
polynomial function such that one set of data can approach
another by fitting.

The quadratic polynomial fitting function of the optimized
spectral indexes based on UAV and Sentinel-2A was
established by the numerical regression method, and the
conversion relationship between the same spectral index
based on two different sensors was constructed. The fused
Sentinel-2A-based spectral indexes were reconstructed using
the fitting function. Then, the correlation between unfused
and fused spectral indexes and SSC was compared. The
regression fitting was in the form of a quadratic polynomial,
as shown below [42]:

S ′i = a× S2i − b× Si + c (2)

where a and b are spectral index conversion coefficients, c
is the conversion residual, Si is the unfused Sentinel-2A-
based spectral index i, and S ′i is the fused Sentinel-2A-based
spectral index i.

D. INVERSION AND ANALYSIS OF THE SSC SPATIAL
DISTRIBUTION IN THE REGION
1) INVERSION AND ANALYSIS OF THE SSC SPATIAL
DISTRIBUTION IN THE TEST AREA
Based on the best SSC inversion model, the Band Math
tool in ENVI 5.3 software was used to compute the bands
based on UAV. In ENVI Classic, the decision tree method
was used to grade the different salt contents. For the clas-
sification of salt content, the coastal saline soil classifica-
tion standard with chloride as the main soluble salt was
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TABLE 4. Spectral index analysis based on UAV.

adopted: non-salinization (<2 g·kg−1), mild salinization (2-4
g·kg−1), moderate salinization (4-6 g·kg−1), severe saliniza-
tion (6-10 g·kg−1) and solonchak (>10 g·kg−1) [43]. Then,
the SSC inversion map of the test area was obtained. To eval-
uate the modeling method, the samples were also divided
into the five aforementioned soil salinity grades according to
the ground truth data and are shown in the SSC inversion
map.

2) INVERSION OF THE SSC SPATIAL DISTRIBUTION
IN THE STUDY AREA
First, based on the Sentinel-2A-based response bands, the
spectral indexes were constructed, and taking the salt value
of the calibration sample as the dependent variable and
the spectral indexes as the independent variable, the MSLR
was used to construct the SSC inversion model based on
Sentinel-2A. Then, the inversion accuracy of scenario 1

(the best model based on Sentinel-2A used for the unfused
Sentinel-2A spectral index), scenario 2 (the best inversion
model based on UAV used for the unfused Sentinel-2A-based
spectral index), and scenario 3 (the best inversion model
based on UAV used for the fused Sentinel-2A-based
spectral index) was compared and analyzed. Finally, the
effectiveness of spectral index fusion was verified, and
the best scenario was applied to the Sentinel-2A image of
the study area to perform the inversion of the SSC spatial
distribution.

The technique flow of this study is shown in Fig. 3.

IV. EXPERIMENTAL RESULTS
A. DESCRIPTIVE STATISTICAL CHARACTERISTICS
OF THE SSC OF THE SOIL SAMPLES
The statistical results of the SSCs of the samples show that
the SSC in the test area is relatively high. According to the
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TABLE 5. SSC model based on UAV by using MSLR.

standard deviation and coefficient of variation, the SSCs are
scattered.

B. SSC SPECTRAL CHARACTERISTICS BASED ON
SENTINEL-2A AND UAV
The soil salinity and reflectivity of each band based on
UAV are negatively correlated, R is in the range of −0.595
- −0.649, and the bands with high correlation are red, green
and near red. The soil salinity and reflectance of each band
based on Sentinel-2A are also negatively correlated, R is in
the range of−0.446 -−0.495, and the bands with high corre-
lation are green, red and red edge (Table 3). The correlation
between the reflectivity based on the UAV image and SSC
is better than that based on the Sentinel-2A image, and
the band sensitive to the SSC based on the two images
is relatively consistent, and thus it is feasible to fuse the
two images. In addition, there is no significant difference
between the bands based on Sentinel-2A and UAV, and each
response band can participate in the construction of spectral
indexes.

C. SSC INVERSION MODEL BASED ON UAV
1) CONSTRUCTED SPECTRAL INDEXES
According to the 33 constructed groups of UAV-based
spectral indexes (Table 4), the R of the spectral indexes is
significantly higher than that of the single characteristic
band.

2) SSC INVERSION MODEL BASED ON UAV
According to the decision coefficients of the calibration set
and the validation set (Table 5), for the SSC inversion model
based on UAV, the calibration R2 is 0.683, the validation R2

is 0.707, and the RPD is 2.013. The model has a good fitting
degree and high precision. The optimal spectral indexes of
SSC were identified as G × NIR, REG − NIR,

√
REG× G,

G+ R+ REG,
√
R× G and REG− R.

In Fig. 4, it can be seen from the scatter diagram of the
model that the predicted value of soil salinity is in good
agreement with the measured value of soil salinity, and the
predicted value and the measured value show a good lin-
ear relationship. Therefore, the prediction effect of the SSC
model based on UAV is good and has good stability.

FIGURE 4. Scatter diagram of the best SSC model.

D. FUSION OF SENTINEL-2A-BASED AND UAV-BASED
SPECTRAL INDEXES
1) CORRELATION OF SENTINEL-2A-BASED AND UAV-BASED
SPECTRAL INDEXES
By comparing the correlations of the Sentinel-2A-based and
UAV-based spectral indexes (Table 6), it is concluded that the
R between the salt value and spectral indexes based on UAV
is significantly higher than that based on Sentinel-2A.

Through the fitting analysis of the spectral index
homonymous pixels based on Sentinel-2A and UAV, it is
concluded that the fitting degree between the spectral indexes
based on Sentinel-2A and UAV is between 0.649 and
0.745 and that there is a certain consistency between the two
datasets (Table 7). Therefore, the accuracy of SSC inversion
based on Sentinel-2A can be improved by fusing the spectral
indexes based on Sentinel-2A and UAV.

2) FUSION OF SENTINEL-2A-BASED SPECTRAL INDEXES BY
NUMERICAL REGRESSION
Table 8 shows the fusion parameters converted according
to the numerical regression method. Compared with the
fused and unfused spectral indexes, the fitting degree of the
Sentinel-2A-based spectral indexes is obviously improved.
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TABLE 6. Optimal spectral index of UAV and Sentinel-2A imagery and their correlation coefficients with SSC.

TABLE 7. Fitting degree of spectral indexes between UAV and Sentinel-2A.

TABLE 8. Spectral index conversion expression and correlation (fused and unfused).

TABLE 9. Correlation between Sentinel-2A-based spectral indexes (fused and unfused) and SSC.

Table 9 shows the correlation analysis between the unfused
and fused Sentinel-2A-based spectral index and SSC. The
correlation coefficients between the fused spectral indexes
and SSC were improved by 0.115-0.182.

E. SPATIAL DISTRIBUTION OF REGIONAL SSC
1) SPATIAL DISTRIBUTION OF SSC INVERTED BASED ON
UAV IN THE TEST AREA
Fig. 5 shows the SSC inversion map of the test area con-
structed on April 26, 2018, based on the UAV-based SSC
inversion model. The inversion value of SSC in the test
area is 0.204-20.871 g·kg−1, and the average salt value
is 8.348 g·kg−1. In the 85 samples, the observed values

of 73 samples were coherent in comparison with the ground
truth data, accounting for 85.88% of the total, which indi-
cated that most of the inversion results were similar to the
ground truth results. Therefore, the SSC model based on
UAV data employing the MSLR method can achieve good
SSC inversion results. A statistical analysis of the data was
performed, and the classification results of each level are
shown in Table 10.

In Table 10, it can be seen that the area with moderately
and severely saline soil in the test area is large, accounting for
75.273% of the total. Soil salinization in this area is relatively
common, with most of the region having severely saline soil.
The inversion results are similar to the field survey results.
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FIGURE 5. Soil salinity grade map of the test area in spring 2018.

TABLE 10. Soil salinity grades and their percentages in the study area.

2) SSC INVERSION MODEL AND SPATIAL DISTRIBUTION
IN THE STUDY AREA
Table 11 compares scenario 1, scenario 2, and scenario 3.
The accuracy of scenario 3 was significantly higher than
that of the other two scenarios. The calibration R2 was
improved by 0.09-0.14, the calibration RMSE was reduced
by 0.55-0.75, the validation R2 was improved by 0.09-0.10,
the validation RMSE was reduced by 0.56-0.74, and the RPD
was improved by 0.32-0.37. Thus, the numerical regression
method can improve the remote sensing inversion accuracy
of SSC satellite.

Fig. 6 shows the SSC inversion map using the UAV-based
SSC inversion model and fused Sentinel-2A imagery, and
Table 12 shows the relevant data statistics.

The following observations can be made from Fig. 6 and
Table 12: (1) The SSC in the study area is high in the
southwest and low in the northeast, which is similar to the
high terrain in the southwest and low terrain in the northeast
in this area. This is consistent with previous research show-
ing that the degree of soil salinization gradually increases
with the terrain from high to low and from upstream to

downstream [33], [44]. (2) The salt value increases from the
inland to coastal areas. This conclusion is consistent with the
fact that the groundwater level is low and the hydrodynamic
forcing between the fresh water and sea water has been
destroyed, which causes the sea water to rapidly infiltrate
the land. (3) In the study area, the percentage of solonchak
saline soil is the largest among all salinity levels, with a
value of 30.17%, whereas the percentage of non-saline soil
is the lowest, with a value of 8.55%. It can be seen that the
phenomenon of soil salinization is relatively common and
severe across the whole study area. The inversion results are
consistent with the actual conditions in the study area, which
indicates that the model is effective for the accurate inversion
of SSC satellite remote sensing data.

V. DISCUSSION
1) In this study, samples were collected in spring. The

characteristics of low precipitation and vegetation cov-
erage in this season cause the soil spectrum to show
a good response to SSC, which is consistent with
the study by Zhang et al. [37], in which spring was
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TABLE 11. Spectral index fusion expression and correlation (fused and unfused).

TABLE 12. Soil salinity grades and their percentages in the study area.

the sampling time associated with the inversion of
SSC and good inversion results were obtained. The
model obtained in this study has good SSC predic-
tion results in this season, but whether the same
result can be obtained in other seasons remains to be
studied.

2) This study shows that the response effect of SSC spec-
tra based on UAV was significantly better than that
based on Sentinel-2A. Because the spatial resolution
of UAV images is much higher than that of Sentinel-2A
images, the actual ground area covered by a single pixel
based on UAV is smaller, and the identification of SSCs
by UAV is more accurate [45]–[47]. This is generally
consistent with the result that the SSC spectral response
based on UAV was significantly better than that based
on the satellite, which was also found by Chen et al.
[48] using UAV and GF-1 satellites to retrieve soil salt
data in the sand-trench irrigation area of the Hetao
irrigation area.

3) In this study, UAV and Sentinel-2A images with dif-
ferent spatial resolutions at the same time scale were
used. By analyzing the internal relationship between
the spectral indexes based on UAV and Sentinel-2A,
a numerical regression method was introduced to fit
the quadratic polynomials between the spectral indexes
based on these two methods to improve the accuracy of
SSC inversion based on Sentinel-2A and provide a new
idea for realizing the fusion ofmultisource remote sens-
ing images at the spatial scale. Some scholars have used
similar methods to fuse satellite remote sensing images
of different time scales. For example, Chen et al. [49]
used the numerical regression method to fit four Land-
sat TM5, OLI and ALI images obtained in April over
four years, 2000-2016, realizing the fusion of SSC
information in the Yellow River Delta considering a
temporal scale. It is confirmed that the fusion of differ-
ent spectral data with the numerical regression method
is effective for SSC monitoring.
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FIGURE 6. The SSC inversion map using the UAV-based SSC inversion model and fused Sentinel-2A imagery.

4) The remote sensing monitoring of soil salinization is
easily affected by soil texture, soil moisture, etc. In the
study area, the soil texture is mainly loam and relatively
uniform; thus, the effect of soil texture could not be
considered. In the sampling period (April 26, 2018),
the precipitation in the study area was low, and the
soil surface was relatively dry. The soil samples were
collected from the topsoil (0-5 cm); thus, the influ-
ence of soil moisture on soil salinization monitoring is
lighter. For other seasons and different regions, remov-
ing of the influence of soil moisture and texture may
be important considerations in future studies. Partial
correlation analysis could be helpful for the removing
of the influence of soil moisture [50].

VI. CONCLUSION
In this paper, based on UAV and Sentinel-2A images, the
Sentinel-2A-based and UAV-based spectral indexes of SSC
were fused with a numerical regression method to correct
the SSC spectral indexes based on Sentinel-2A, and the SSC
inversionmodel based on theUAV-based spectral indexeswas
applied to the corresponding data of the fused Sentinel-2A
images for the SSC inversion in the study area. The following
conclusions were reached:

1) Based on MSLR, the six following optimal spectral
indexes of SSC were identified: G×NIR, REG−NIR,

√
REG× G, G + R + REG,

√
R× G and REG − R.

A SSC inversion model based on UAV spectral indexes
was constructed, with a calibration R2 of 0.683, a vali-
dation R2 of 0.707, and anRPDof 2.013, which showed
that the model accuracy was high and stable.

2) By verifying the application of the UAV-based SSC
inversion model to the Sentinel-2A image, it was con-
cluded that when the model was applied to the fused
Sentinel-2A imagery, its calibration R2 was improved
by 0.078-0.111, the calibration RMSE was decreased
by 0.338-1.048, the validation R2 was improved by
0.019-0.079, the validation RMSE was decreased
by 0.517-1.030, and the RPD was improved by
0.185-0.423. This result indicates that this method can
improve the accuracy of SSC remote sensing inversion.
It is proven that the numerical regression method used
to fuse spectral indexes based on Sentinel-2A and UAV
can improve the accuracy of regional SSC inversion.

3) Based on the inversion of the fused SSC spectral
index based on Sentinel-2A and UAV, the overall dis-
tribution trend of SSC in the study area was low in
the southwest and high in the northeast. The solon-
chak percentage was 30.17%, the moderately and
severely saline soil covered 51.21%, and the phe-
nomenon of soil salinization was relatively common
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and severe, which was consistent with the actual con-
ditions. Therefore, the fusion of SSC spectral indexes
based on Sentinel-2A and UAV according to the
numerical regression method can improve the accuracy
of SSC satellite remote sensing inversion, which is
conducive to the accurate and rapid monitoring of SSC.
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