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ARTICLE INFO ABSTRACT

Keywords: Due to the wide availability of remote sensing data from different sensors and platforms, soil salinity inversion

Remote sensing based on the fusion of multisource remote sensing data is becoming a reality. However, existing fusion methods

gyferfip?ma mainly use the average relationship from samples, which does not consider the differences in the relationships
ata rusion

among samples. In this paper, a differentiated fusion method for determining satellite and ground spectral
variables of soil salinity according to the differences among samples is proposed to increase the regional
inversion precision. Nonnegative matrix factorization was employed to decompose soil salinity spectral variables
from the Sentinel-2A Multi-Spectral Instrument (MSI) image and the simulated spectra on ground spectra. Then,
the base spectra matrix of soil salinity was from the simulated data, and the weight coefficient matrix was ob-
tained from the Sentinel-2A MSI data as the differentiated correction coefficients. By multiplying the base matrix
and weight matrix, the spectral variables were reconstructed. The results indicate that this differentiated fusion
method can not only enhance the correlation between soil salinity and Sentinel-2A MSI data but also improve the
precision of regional soil salinity inversion models. For the differentiated fused model, the validation R2, RMSE,
and RPD were 0.71, 7.02 g/kg, and 1.49, respectively; compared with the unfused model, the validation R?
increased by 0.09, the RMSE decreased by 0.80 g/kg, and the RPD increased by 0.18. Furthermore, the differ-
entiated fused model performed better than the average-ratio adjusted model. These findings have practical
implications for the use of multisource optical remote sensing data for regional soil salinity mapping and
analysis.

Soil salinity
Sentinel-2A MSI

1. Introduction

Soil salinization is an important limiting factor in agricultural devel-
opment, ecological security, and sustainable land use. Thus, salinization
has become a worldwide ecological problem. The management and uti-
lization of salinized soil are important to regional grain yields, ecological
security, and sustainable agricultural development. Accurately and
rapidly obtaining information related to regional soil salinization and its
geographical distribution is a precondition for the rational control and
utilization of salinized soil (Abbas et al., 2013). The traditional method of
soil salinity mapping is time consuming and laborious. Ground-based
methods, such as those based on electromagnetic induction meters,
may not meet the temporal needs of regional monitoring. Because of its
rapid, nondestructive, effective, and regional characteristics, remote
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sensing has become a frequently used method for the quantitative anal-
ysis of soil salinization information (Harti et al., 2016; Sturari et al., 2017
Peng et al., 2019). Remote sensing data sources mainly include ground
spectra, near-Earth images, and satellite images (Su et al., 2016; Kaur
etal, 2018; Dar et al., 2019; Avila et al., 2019; Taghadosi and Hasanlou,
2021; Zhang et al., 2021). For regional soil salinity analysis, simulta-
neously meeting the large-area, high-precision, and rapid requirements
using one kind of sensor data is challenging (An et al., 2016). In recent
years, the fusion of multisource optical remote sensing data for the
quantitative analysis of soil salinization has become an important
research topic (Periasamy and Shanmugam, 2017; Shi et al., 2018; Wang
et al., 2020; Su et al., 2020).

In regional soil salinization quantitative inversion, the fusion of
multisource optical remote sensing data includes the following three
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main types. The first type is the fusion of multiple optical images ob-
tained by remote sensing satellites. This type of fusion generally merges
two or more satellite images with different spatial and temporal reso-
lutions to obtain better satellite images; then, an analytical model of soil
attributes is built (Wu et al., 2017; Bannari, 2019). For example, Xu et al.
(2018) fused Moderate Resolution Imaging Spectroradiometer (MODIS)
data at a 1000 m spatial resolution and Landsat 8 Operational Land
Imager (OLI) data at a 30 m spatial resolution to generate fused images
at a 120 m spatial resolution and on a daily basis to create a daily soil
moisture inversion map of Iowa in the United States during the crop
growing season. Bannari (2019) fused data from the Sentinel-2A Multi-
Spectral Instrument (MSI) and Landsat 8 OLI, including shortwave-
infrared band reflectance and salinity index data, and built a soil
salinity inversion model for the Kingdom of Bahrain on the Arabian Gulf.
Taghadosi et al. (2019) used Sentinel-2A MSI satellite images and
Landsat-8 OLI data to improve regional soil salinity mapping accuracy.
The precision of regional soil salinity analyses can be enhanced to a
certain extent by combining multiple optical satellite images. However,
due to the sensor resolution limitations, measurement conditions, and
spectral complexity of salinized soil, the precision still needs to be
increased.

The second type of research involves the fusion of satellite and
remotely piloted aircraft (RPA) images. RPA is a term that has been
adopted by aviation regulatory but is also known as unmanned aerial
vehicle (UAV). Generally, UAV near-Earth images with high spatial or
spectral resolution are used to correct satellite images; then, a soil
salinity model is used for large-area inversion (Zhang and Zhao, 2019;
Hu et al., 2019; Ma et al., 2020a, 2020b). For example, Zhang and Zhao
(2019) revised the band reflectance values in Sentinel-2A MSI image by
calculating the average values of the corresponding band reflectance in
UAV multispectral image (4-5 cm spatial resolution) and produced a
regional soil salinity distribution. Due to the high spectral and spatial
resolutions of UAV images, this kind of method can effectively increase
the precision of soil salinity inversion over the coverage area of UAV
images. However, due to the limitations of the flight altitude and battery
endurance, the coverage of UAV images is limited, especially compared
to that of satellite images; therefore, accomplishing high-accuracy tasks
is difficult when integrating large areas.

The third type of research involves the fusion of satellite optical
remote sensing images and ground spectra. Ground spectral analysis is
the basis of quantitative remote sensing inversion and can achieve ac-
curate analyses of soil salinity; however, this approach is not suitable for
regional inversion (Wang et al., 2018). Satellite remote sensing can
provide regional soil salinity inversion data and has the advantages of
low cost and easy access, but the precision and practicability need to be
improved (Aldabaa et al., 2015). Therefore, ground spectra and satellite
image data are complementary, and the fusion of these two types of data
should improve the precision of soil salinity predictions. In recent years,
scholars have begun to explore the fusion of satellite and ground optical
remote sensing data to analyze soil salinization information (Rahmati
and Hamzehpour, 2017; Sun et al., 2020). In general, the spectral
characteristics of soil salinity are analyzed based on ground spectra, and
the relationship between ground spectra and satellite image data is
established to correct the satellite image data. For example, Sidike et al.
(2014) selected the sensitive bands of soil salinity from the ground
spectra of a county, and the ratios of the average reflectance of the
sensitive bands between the corresponding ground spectra and the
QuickBird data were computed to determine the correction coefficients
of the image band reflectance. An et al. (2016) selected the character-
istic bands of soil salinity based on ground hyperspectra and then
adjusted the Landsat 7 Enhanced Thematic Mapper Plus (ETM+) or
Landsat 8 OLI image reflectance to the hyperspectral reflectance using
correction coefficients derived from the ratios of the field-measured
hyperspectral and Landsat image surface reflectance values. The preci-
sion of the soil salinity inversion is improved by combining satellite and
ground optical remote sensing data. However, previous studies have
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established the relationship between only the average reflectance values
of ground spectra and satellite image. The average value of all samples
homogenizes the spectral reflectance differences among samples and
thus cannot be used in areas where the ground spectra or satellite
spectra vary greatly in space (Sun et al., 2020; Ma et al., 2020a, 2020b).

From the above analysis, for quantitative predictions of regional soil
salinity content, the fusion of multiple satellite images needs to be
studied. The fusion of satellite and UAV images makes it difficult to
integrate high-precision and large-area applications. The fusion of sat-
ellite image and ground spectral data has become a reasonable possi-
bility (Bai et al., 2016; Vermeulen and Niekerk, 2017). However, the
existing studies have mostly been based on the average reflectance of
samples, which was used to obtain the correction coefficient between
ground spectra and satellite image data. In small areas, soil properties
are relatively consistent, the difference in reflectance among samples is
small, and the correction coefficient based on the average reflectance
values of samples can produce high-accuracy prediction results. How-
ever, over large areas, soil properties are very different, the difference in
the reflectance values of samples is large, and a correction coefficient
based on the average value of samples may not sufficiently capture some
important relationships. Therefore, for the fusion of regional satellite
and ground optical remote sensing data, it is necessary to obtain
different correction coefficients for samples with different reflectances
to capture heterogeneous relationships and to increase the precision of
regional soil salinity analyses.

To obtain accurate predictions and promote the large-area, high-
precision, and rapid acquisition of soil salinity information, this paper
uses matrix factorization to explore a novel fusion method between
regional ground spectra and Sentinel-2A MSI image data by differenti-
ated coefficients. The differentiated coefficients can realize more accu-
rate correction and fusion according to the differences among samples
than the correction coefficient based on the average value of samples.
Regional analysis models of soil salinity are built based on unfused and
fused Sentinel-2A MSI data. The first section introduces the research
background and purpose. The second section describes the methods used
in this study, including data fusion, the acquisition and processing of soil
salinity, ground spectra, satellite image data, model construction and
validation, and regional soil salinity mapping. The third section presents
the results, including the spectral variables of soil salinity, the fusion
results of satellite image and ground spectra data, the inversion model,
and the distribution map of regional soil salinity. The results are dis-
cussed in the fourth section. Finally, the fifth section presents the
conclusions.

2. Materials and methods
2.1. Basic idea

To improve the accuracy of regional soil salinity prediction, the
method described in this paper involves fusing ground spectra with
satellite image data in a differentiated way based on the differences
among samples. Therefore, the method focuses on obtaining the
correction coefficients of samples for satellite image data. The base
characteristic spectra of soil salinity can be extracted from ground
spectra based on the relationships among spectral variables and can
serve as the base matrix of the spectral data, then using field samples,
this base matrix can be related to satellite images through a set of sample
coefficients. These coefficients can be obtained from satellite image data
based on the major relationships among the samples. The derived
sample coefficients, which are not based on average values and differ
among samples, can be used to reconstruct satellite image data of soil
salinity. The differentiated coefficients can capture relationships be-
tween satellite and ground spectral variables of soil salinity according to
the differences among samples and then improve the precision of soil
salinity inversion based on satellite images.
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2.2. Fusion methods

Fusion consists of three key steps: a) resampling of ground spectra to
simulate the Sentinel-2A MSI data (hereafter referred to as the simulated
spectra); b) determination of soil salinity spectral variables based on the
simulated spectra and Sentinel-2A MSI data; and c) differential fusion of
two groups of soil salinity spectral variables using the nonnegative
matrix factorization (NMF) method.

2.2.1. Resampling of ground spectra to Sentinel-2A MSI characteristics

The ground reflectance factors measured using an ASD FieldSpec 4
spectrometer can acquire 2151 contiguous hyperspectral bands per
spectrum with an interval of 1 nm. However, Sentinel-2A MSI measures
the reflectance integrated over broad bands. Consequently, the ground
hyperspectra were resampled to match the Sentinel-2A MSI spectral
bands. First, the resampling procedure considered the nominal width of
each spectral band in Sentinel-2A MSIL. Then, the convolution process
was executed assuming spectral response normality and using Gaussian
functions (full width at half maximum, FWHM) (Lehnert et al., 2020) in
an ENVI (version 5.3) environment. The measured ground reflectance
spectra were resampled in Sentinel-2A MSI spectral bands to create the
simulated spectra.

2.2.2. Determination of soil salinity spectral variables

The soil salinity spectral variables were determined from the simu-
lated spectra and the Sentinel-2A MSI image data based on the charac-
teristics of the considered spectral bands. The correlations between the
soil salinity content and the spectral reflectance were analyzed band by
band, and only the bands with high correlation coefficients were
selected as the characteristic bands of soil salinity. Because NMF re-
quires nonnegative data, we chose the sum, power, and root square
operations for the main characteristic band reflectance values, and the
soil salinity spectral indices were constructed based on the formulas
shown in Table 1. Correlation analysis between the soil salinity content
and the spectral indices was then performed, and as with the selection of

Table 1

Calculation of soil salinity spectral indices.
Spectral indices (SI) Formula Reference
SI1 Red + NIR + SWIR, Fourati et al., 2015
SI2 Green + NIR + SWIR; Fourati et al., 2015
SI3 NIR + SWIR; — Green Khan et al., 2005
S14 NIR + SWIR, — Red Khan et al., 2005
SIS NIR + SWIR; + SWIR, Khan et al., 2005
SI6 Red + SWIR; + SWIR, Khan et al., 2005
S17 \/m Douaoui et al., 2006
SI8 \/m Douaoui et al., 2006
SI9 \/m Douaoui et al., 2006
SI10 \/m Douaoui et al., 2006
SI11 Red x (NIR + SWIR) Douaoui et al., 2006
SI12 NIR % (Red + SWIR3) Douaoui et al., 2006
SI13 SWIR; x (Red + NIR) Douaoui et al., 2006
SI14 \/NIRZ + SWIR12 I SWIRZZ Douaoui et al., 2006
SI15 \/m Douaoui et al., 2006
SI16 \/m Douaoui et al., 2006
SI117 VNIR x SWIR, Douaoui et al., 2006
SI18 (SWIR; + SWIR3) x NIR Douaoui et al., 2006
SI19 (SWIR; + SWIR3) x Red Douaoui et al., 2006

Note: Green, Red, NIR and SWIR represent the surface reflectance of the red,
green, near-infrared and shortwave-infrared bands, respectively. The central
wavelengths of green, red, near-infrared, shortwave-infrared band 1 and
shortwave-infrared band 2 are 560, 665, 842, 1610 and 2190 nm, respectively.
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characteristic bands, the important spectral variables associated with
soil salinity were selected. Then, the simulated spectral variables (SSVs)
and the homologs in the Sentinel-2A MSI bands (named MSISVs) of soil
salinity were determined.

2.2.3. Differentiated fusion of spectral variables using NMF

Based on the SSVs and MSISVs of soil salinity, differentiated fusion
was performed by employing the NMF method. If all elements in a
matrix are nonnegative, by decomposing the matrix, NMF yields two
nonnegative matrices, the product of which can be close to the input
matrix, thereby resulting in a part-based representation (Galeano et al.,
2013). As a new factor extraction method for pattern recognition, NMF
can create two nonnegative matrices, the products of which can be used
to approximate the original matrix; therefore, it can be used to deter-
mine the main sources and weightiness of input data. It has the advan-
tage of simple implementation, and the decomposition form and results
can be intuitively interpreted. It has widely been used, for example, in
the analysis of facial recognition and machine learning and, more
recently, in the fusion analysis of remote sensing data (Chen et al., 2014;
Liu et al., 2015; Benhalouche et al., 2017). This method is suitable for
data fusion as long as the soil salinity spectral variables are nonnegative
(He et al., 2018).

The soil salinity spectral variables can be seen as an n x m matrix V,
where n represents the number of bands or variables and m represents
the number of samples. Given a prespecified positive integer r, two
nonnegative matrices can be obtained using NMF, W € R and H €
R™™ such that

V ~ WH (@)

where r is the number of factorizations, which represents the number of
main sources in V, and in general, r < min (n; m). W € R™" is the
spectral signature matrix, in which each column represents the spectral
variables of a main source. H € R”*™ is the abundance matrix, in which
each column represents the fractions of the main sources in a sample;
thus, H € R”*™ can be regarded as the sample weights, which can be used
as differentiated correction coefficients for the samples (Galeano et al.,
2013). V can be viewed as a linear combination of the columns of a
matrix W and the components of H as weight factors. The product WH
can be close to the data in V. We applied the NMF method to determine
the correction coefficients for the MSISVs and fused the Sentinel-2A MSI
data with the simulated spectra.

Fusion using NMF was achieved by extracting the base signature
matrix (Wssy) of the SSVs and the sample fractions (Hysisy) of the
MSISVs. Because ground spectra (the hyperspectra of air-dried soil
samples were measured indoors) are not affected by the soil moisture
and environmental baseline, the SSVs represent the soil salinity better
than the MSISVs; therefore, Wgsy was used as the base spectral matrix for
fusion. Hygpsy included the sample fractions in the Sentinel-2A MSI
image data to be used as the differentiated coefficients of the samples for
fusion. The SSVs and MSISVs were alternately decomposed using the
NMF algorithm until the best Wggy and Hygisy values were reached. The
differentiated fused MSISVs were obtained based on the product of the
best Wgsy and Hygrsy values.

Many optimization algorithms are available for the NMF method, but
the algorithms based on alternative nonnegative least squares using
projected gradients (cjlin) converge faster than the common multipli-
cative updating algorithm (Lin, 2007). Thus, we employed the cjlin al-
gorithm of the NMF method to fuse the SSVs with the MSISVs of soil
salinity. The related calculation was performed in MATLAB 7.11.

2.3. Experiment

The experiment conducted to evaluate the proposed method
described above is shown in Fig. 1, and it consisted of seven key steps,
which are described below in detail.



H. Chen et al. International Journal of Applied Earth Observations and Geoinformation 101 (2021) 102360

[ Selection of the study area and field sampling ]

Ground data and Acquisition and preprocessing
processing of Sentinel-2A MSI image

Resampling of ground spectra
Qeﬂninaﬁon of soil salinity spectra varial:D

—
{ SSVs J [ MSISVs J

AN A\
@mﬁa‘(cd fusion of spectra variables using N}D
/N v /\

[ / Determination of the factorizations number for N'M]\\ }

¥ Y
Whsstsv

Hygsisy
[ Differentiated fused MSISVs ]

v

[ Construction and validation of the soil salinity inversion models }

v

[ Mapping regional soil salinity ]

v

[ Validation of regional soil salinity inversion precision

—

Fig. 1. Methodological flowchart.
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2.3.1. Study area and field sampling

The Yellow River Delta (YRD) is located at the junction of the Bei-
jing-Tianjin-Hebei metropolitan area and Shandong Peninsula in China.
As an efficient ecological and economic zone of China with obvious
geographical advantages, the YRD area is rich in land resources with
nearly 550 000 ha of unused land, but soil salinization is a widespread
and serious concern. We took the Kenli District of Shandong Province,
which encompasses the mouth of the Yellow River in China, as the study
area. The coordinates of the area are 37°24'—38°10'N and
118°15'—119°19'E (see Fig. 2), and this area, which is adjacent to the
Bohai Sea to the east, is a typical YRD landform. The terrain is fan
shaped and slightly inclined from southwest to northeast. The main
types of land use in this area are cultivated land, unused land and
grassland. The main crops are wheat, corn, rice and cotton. The main
natural vegetation includes white grass, reed, horse trip grass, Tamarix
and Suaeda. The region has a temperate monsoon climate with four
distinct seasons: the winter is cold and dry, while the summer is hot and
humid. There are two types of soil with a light texture: tidal soil and
salinized soil. The infiltration of water from the Yellow River and the
immersion in seawater have resulted in serious soil salinization, which
hinders regional socioeconomic development and poses serious risks to
the local ecological environment. There are different grades of coastal
tidal salinized soil based on the microgeomorphic conditions of the YRD
region (Chen et al., 2019).

Field surveys and sampling trips were conducted in the study area
from October 4-8, 2018. At that time, corn had been harvested, and
wheat had just been sown but had not yet sprouted; thus, the area was
mostly bare. The ground data sampling was consistent with the Sentinel-
2A MSI image acquisition. Moreover, at this time, salinity was starting to
gather at the soil surface, and all grades of soil salinization were
distributed in Kenli District. Therefore, the conditions were suitable for
the fusion of ground spectra and satellite image data to analyze soil
salinity. Under the condition of uniform distribution throughout the
region, the sampling sites were selected to cover different soil saliniza-
tion grades. The spatial distribution of the samples is shown in Fig. 2c.
The corresponding environmental conditions (such as the soil texture,
soil moisture, and vegetation cover) at each sampling site were recor-
ded. Soil samples were collected at depths of 0-20 cm from 100 sites
during the field campaign. The collected soil samples were stored in
separate sealed bags.

2.3.2. Ground data and processing

Soil samples were naturally air dried, crushed, and evenly mixed.
The extracted solution was prepared at a 1:5 soil-water ratio, and the
total content of soil salinity was determined. The samples were analyzed
by the Mahalanobis distance method (Chen et al., 2008) to identify
outliers in the samples. Because their Mahalanobis distances were
greater than three times the average Mahalanobis distance, four samples
were considered anomalous and thus removed. The remaining 96 sam-
ples were used in this study.

To avoid the influences of soil moisture and measurement conditions
and to obtain relatively pure ground data, the spectral signatures of air-
dried soil samples were measured indoors with an ASD FieldSpec 4 in-
strument having a wavelength range of 350-2500 nm. Each sample was
packed in a plastic vessel with a diameter of 10 cm and a depth of 2 cm.
A standard direct-current tungsten-quartz halogen lamp was used as the
light source, with an incident angle of 45°, a distance of 30 cm, and a
probe field angle of 25°. The probe was 15 cm away from the sample.
White board correction was performed over time during the measure-
ments. In this paper, the breakpoint at 1000 nm was corrected, and the
spectra were smoothed using the nine-point weighted moving average
method in ViewSpecPro software (ASD Inc., USA).

2.3.3. Acquisition and preprocessing of Sentinel-2A MSI image
Maintaining similar dates for field sampling and satellite images is a
prerequisite for the fusion of satellite and ground spectra. The Sentinel-
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2A MSI image whose ID is 50SPG was acquired on October 4th, 2018,
and it was provided by the European Space Agency (ESA) as an atmo-
spheric apparent reflectance product with accurate geometric correc-
tions. The Sentinel-2A MSI image has 13 spectral bands, from visible to
shortwave-infrared bands, and three spatial resolutions: 10 m, 20 m, and
60 m.

First, the bottom of atmosphere (BOA) reflectance value was ob-
tained after atmospheric correction by employing the Sen2Cor algo-
rithm in the ESA’s Sentinel Application Platform (SNAP) package
(Clevers and Gitelson, 2013). The image was then geometrically cor-
rected (accuracy: +0.5 pixels) and projected to the Gauss-Kruger co-
ordinate system.

Second, according to the current land use in the area, the water,
construction, and road areas were masked to obtain only agricultural
land for soil salinity inversion.

Third, considering the needs of soil salinity inversion and the char-
acteristics of the image bands, we employed six bands, namely, the blue,
green, red, NIR, SWIR;, and SWIR; bands, which were all resampled to a
resolution of 10 m (Korhonen et al., 2017; Meyer et al., 2019).

Finally, based on the resampled bands, the surface reflectance values
of the samples were extracted in ArcGIS 10.1 software, and the MSISVs
related to soil salinity were analyzed.

2.3.4. Determination of the factorization number for NMF

In NMF, determination of the factorization number (r) is important
because this number determines the size of the data volume and the
degree of approximation to the original data. The peak signal-to-noise
ratio (PSNR) was used as an evaluation parameter to determine the
factorization number r (Sakhaii and Bermel, 2014).

The PSNR is defined as follows:

2

MAX:
PSNR; = 10-1 ! 2
0810 MSE, (2

where i is the main factor, MAXi is the maximum spectral input of i and
the mean square error (MSE) is defined as follows:

1 N
MSE, = > (V- WH);, 3)

K=1

where N is the number of samples and (i, k) represents the value of the
main factor i for sample k. In general, the higher the PSNR is, the smaller
the image distortion. Then, by varying r from 2 to 8 with an interval of 1,
the NMF equation was derived to fuse the SSVs with SMISVs based on
the cjlin algorithm.

2.3.5. Construction and validation of the soil salinity inversion model

The differentiated fused inversion model of soil salinity was built on
the differentiated fused MSISVs and then compared with an unfused
model. First, according to a range of soil salinity contents from low to
high, the samples were sorted and grouped. Of the 96 samples, 64 were
used for calibration, and the other 32 samples were used for validation.

Second, based on the differentiated fused MSISVs associated with the
calibration samples, a differentiated fused inversion model of soil
salinity was built using the partial least squares regression (PLSR)
method. In PLSR, regression modeling can be carried out under the
condition of multiple correlations of independent variables. In this
paper, a standard relation (R?,. ; -R?, < 0.1) was employed to determine
the number of principal components (n), where R? is the coefficient of
determination, and the first n components were selected for the PLSR
analysis.

Third, to evaluate the effectiveness of differentiated fusion with
NMF, the model was compared with an unfused model. The unfused
model was built on the MSISVs without fusion.

Finally, the model precision was evaluated based on the R, root
mean square error (RMSE), and ratio of performance to deviation (RPD)
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values. RPD is the ratio of the standard deviation to RMSE; RPD > 2.0
indicates a very good model, 1.4 < RPD < 2.0 indicates a decent model
that can be used for estimation, and RPD < 1.4 indicates an inferior and
unreliable model (Liu et al., 2015).

2.3.6. Mapping regional soil salinity

To analyze the inversion effect, the soil salinity distribution map was
obtained using the differentiated fused inversion model. First, the soil
salinity spectral variables for the study area were calculated from the
Sentinel-2A MSI image. Then, the pixel fractions (Hygppsy) in the study
area were obtained using NMF. Second, based on the product of the
Hysipsy and Wggy values, the differentiated fused MSISV image was
obtained. Third, based on the differentiated fused inversion model, the
soil salinity content over the study area was estimated and predicted.
Finally, because the control measures vary with the soil salinization
grade, to analyze the spatial characteristics of different grades, the
classification map and statistical analysis of soil salinization were ob-
tained according to the predicted soil salinity content. Soil salinization
was classified into 5 grades based on the soil salinity classes in the FAO
bulletin (Ivushkin et al., 2018), as shown in Table 2.

2.3.7. Analysis of regional soil salinity inversion precision

To verify the analytical precision of regional soil salinity based on the
differentiated fused inversion model, the samples were classified into
different salinization grades and compared with the distribution map.
An interpolation map was obtained by the inverse distance weight (IDW)
interpolation method in ArcGIS 10.1 (Environmental Systems Research
Institute, Inc., California, USA), which is a popular method for spatial
interpolation of regional variables based on the sample data in a finite
region. The IDW interpolation method takes the distance between the
sample point and the unknown point as the weight to carry out the
weighted average, and the closer the unknown point is to the sample
point, the greater the weight. Finally, the inversion and interpolation
results of the study area were compared.

3. Results

Based on ground spectra, simulated spectra, and Sentinel-2A MSI
image surface reflectance, the characteristic bands and spectral vari-
ables of soil salinity were selected by correlation analysis. The differ-
entiated fusion of spectral variables was accomplished by NMF. The
inversion models of soil salinity were built by PLSR and compared, and
the spatial distribution and inversion precision of regional soil salinity
were then analyzed.

3.1. Salinity data of the soil samples

For the salinity of the soil samples, the minimum value was 0.88 g/
kg, the maximum value was 53.97 g/kg, the average value was 9.59 g/
kg, and the coefficient of variation was 1.12. The soil samples covered all
grades of soil salinization. Soil salinization in the Kenli District is gen-
eral, and the differences in the salinities of the samples are relatively
obvious.

Table 2
Classification of soil salinization.

Soil salinization grade Electrical conductivity ds/ Soil salinity content g/

m* kg*
Nonsalinized soil 0-2 0-1.0
Mildly salinized soil 2-4 1.0-3.0
Moderately salinized 4-8 3.0-5.0
soil
Severely salinized soil 8-16 5.0-10.0
Solonchak >16 >10.0

Note: * based on Bao, 2010; Ivushkin et al., 2018; Gorji et al., 2020. # based on
Bao, 2010.

International Journal of Applied Earth Observations and Geoinformation 101 (2021) 102360

3.2. Comparison of ground spectra, simulated spectra, and Sentinel-2A
MSI image surface reflectance

In Fig. 3, the shapes of the ground spectra curve and the simulated
spectra curve are consistent, which suggests that the simulated spectra
provide a good approximation of the ground spectra. A comparison of
the simulated spectra and the Sentinel-2A MSI image surface reflectance
values indicates that the overall trends of the two curves are similar;
notably, the bands near the green wavelength and the areas beyond the
NIR band are highly similar.

3.3. Soil salinity spectral variables

Based on correlation analysis, for the simulated spectra and the
Sentinel-2A MSI image reflectance values, the characteristic bands of
soil salinity were NIR and SWIR.

According to the correlation coefficients between the spectral indices
and the soil salinity, and considering the comprehensive
simulated spectra and Sentinel-2A MSI reflectance values, eight spectral
indices (see Fig. 4) with correlation coefficients greater than 0.70 were
determined as the characteristic spectral variables of soil salinity,
including (Red + NIR + SWIRy), (NIR + SWIR,-Green), (NIR +

SWIR; + SWIRy), (v/Red? 4 NIR? + SWIR,2), (1/Red x (NIR + SWIRy)),

(v/NIR? + SWIR; 2 + SWIR,?), (VNIR x SWIRy), and
(\/ (SWIR; + SWIR2) x NIR). The correlation coefficients between the
MSISVs and the soil salinity ranged from 0.70 to 0.74, and those between
the SSVs and the soil salinity ranged from 0.75 to 0.79. The correlations
between the SSVs and the soil salinity were better than those between the
MSISVs and the soil salinity. This result should have occurred mainly
because the ground spectra were measured indoors without the influence of
other factors, such as soil moisture and measuring conditions.

3.4. Differentiated fusion results with NMF

3.4.1. The rank r of NMF

The changes in the PSNR are shown in Fig. 5 with respect to the range
of r. As r ranged from 2 to 8, the PSNR first increased and then
converged. The PSNR value of the SSVs was constant when r = 5, while
that of the MSISVs was still increasing; moreover, the PSNR values of
both the SSVs and the MSISVs were very high and converged whenr = 7.
Hence, to obtain more accurate spectra, data fusion was performed by
employing the method and steps in Section 2.2.3 with r equal to 7.
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Fig. 3. Comparison of ground, simulated, and Sentinel-2A MSI image surface
reflectance values.
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3.4.2. Correlation between the differentiated fused MSISVs and soil salinity

To analyze the effect of the fusion method based on NMF, the cor-
relations between the SSVs, MSISVs, differentiated fused MSISVs, and
soil salinity were analyzed, as shown in Fig. 4. The overall trends of the
three correlation coefficient curves are relatively consistent, with some
partial differences. Compared with the unfused MSISVs, the differenti-
ated fused MSISVs display a higher correlation with the soil salinity,
with the correlation coefficient increasing by 0.04 for SI17. The results
indicate that the correlation between the MSISVs and the soil salinity
can be improved based on the differentiated fusion of the Sentinel-2A
MSI image and ground spectra data with NMF.

3.4.3. Comparison of model performance

The soil salinity inversion models were built using PLSR. The
differentiated fused model was compared with the unfused model (see
Table 3).

For the differentiated fused model, the calibration R? and RMSE
values were 0.72 and 5.43 g/kg, respectively, and the validation R,

Table 3
Comparison of models.

Inversion models Calibration set Validation set

R? RMSEg/ R’ RMSEg/  RPD

kg kg
Unfused model 0.62 6.13 0.62 7.82 1.31
Differentiated fused model 0.72 5.43 0.71 7.02 1.49
using NMF
Average-ratio adjusted model 0.66 5.79 0.69 7.12 1.42

International Journal of Applied Earth Observations and Geoinformation 101 (2021) 102360

RMSE, and RPD values were 0.71, 7.02 g/kg, and 1.49, respectively.
Fig. 6a shows a scatter diagram of the differentiated fused model with
the cjlin algorithm, and most of the soil samples plot close to the 1:1 line.
The points with obvious bias are mainly the validation samples with soil
salinity contents greater than 15 g/kg, which are solonchak and do not
affect the grading results. According to the definitions and thresholds of
the evaluation indicators, the results indicate that the soil salinity of the
study area can be predicted using this model.

Table 3 show that the precision of the differentiated fused model was
effectively improved compared with that of the unfused model. As the
calibration R? value increased by 0.10, the RMSE decreased by 0.70 g/
kg, the validation R? increased by 0.09, the RMSE decreased by 0.80 g/
kg, and the RPD increased by 0.18. These improvements are due to the
introduction of ground hyperspectral information to the Sentinel-2A
MSI image through data fusion. The results confirm that the differenti-
ated fusion method using NMF can effectively increase the precision of
regional soil salinity analysis based on satellite images.

3.5. Spatial distribution analysis of regional soil salinity

The Sentinel-2A MSI image data in the Kenli District were inputted to
the differentiated fused inversion model to predict the distribution map
(Fig. 7a) and statistical analysis (Table 4) of soil salinity.

In the Kenli District, the range of predicted soil salinity has a large
span of 0.05-59.81 g/kg. From Fig. 7a, the spatial distribution shows
that the soil salinity content and soil salinization grades gradually in-
crease from the agricultural production areas in the southwest to the
northeastern coastal area. In the southern part of the Kenli District and
the Yellow River surrounded by upland terrain, the high terrain and
abundant freshwater from the Yellow River lead to generally nonsali-
nized and mildly salinized soil. With low-lying and poorly drained soil in
the middle portion of the Kenli District, mild, moderate and severe soil
salinization can be observed. In the northeast, due to the infiltration of
seawater, large areas of severe salinization and solonchak can be
observed. The predicted distribution of soil salinity based on the
differentiated fused model is thus reasonable.

From Fig. 7a and Table 4, all grades of salinized soil are present in the
study area. Notably, the salinized soil area accounts for 88.47% of the
total, and moderately and severely salinized soil and solonchak com-
bined account for 67.79% of all soils. Therefore, soil salinization in the
Kenli District is widespread and serious. This finding also confirms that
the results of the differentiated fused model are coherent with the actual
conditions.

3.6. Inversion precision of regional soil salinity

Fig. 7a shows that most of the sample points are distributed in the
corresponding grade of salinized soil, and only a few points deviate.
From Table 4, the salinized soil samples account for 93.75% of 96
samples, which is similar to that in the inversion results; in particular,
the proportions of the moderately salinized and solonchak grades are
almost the same in the inversion results and the samples. The inversion
results unanimously agree with the field survey.

The soil salinity interpolation results are shown in Fig. 7b and
Table 4. The spatial distribution trend and characteristics of soil salinity
in the interpolation results are similar to those in the inversion results,
which indicate that the inversion precision is relatively good. In the
interpolation map, the proportion of solonchak is higher than that in the
inversion map (see Table 4), and solonchak is mainly distributed at the
northeastern end, where the ecological tourism area of the Yellow River
Estuary and the Gudong Oilfield are located (Fig. 7b). Due to the re-
strictions on entry into the ecological tourism area, there are no sample
points, and the surrounding sample points are few and have high salt
content. Therefore, this part of the area represents solonchak using the
interpolation method, which is different from the inversion results.
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with the als algorithm.
4. Discussion
4.1. Effectiveness of differentiated fusion with NMF

To evaluate the effectiveness of differentiated fusion with NMF, the
differentiated fused model was compared with the average-ratio-
adjusted model (see Table 3, Fig. 6, Fig. 7 and Table 4).

At present, the average-ratio adjustment is the most commonly used
method for the fusion of satellite images and ground spectra. In the
average-ratio adjustment method, for all samples, the average value of
the SSVs (Ave-SSV) and the average value of the MSISVs (Ave-MSISV)
were calculated, and the ratio of Ave-SSV to Ave-MSISV was used as the
correction coefficient for the MSISVs. Then, the average-ratio-adjusted
MSISVs were obtained by calculating the product of the MSISVs and
the ratio. Finally, the average-ratio-adjusted model was built based on
the average-ratio-adjusted MSISVs by PLSR method (see Fig. 6b).

The differentiated fused model displayed higher accuracy than the
average-ratio-adjusted model for soil salinity inversion; the calibration
R? increased by 0.06, the RMSE decreased by 0.36 g/kg, the validation
R? increased by 0.02, the RMSE decreased by 0.10 g/kg, and the RPD
increased by 0.07. These results confirm that the differentiated fusion
method using NMF outperforms the average-ratio adjustment method in
improving the precision of regional soil salinity analysis based on sat-
ellite remote sensing. The measured soil salinity contents of the samples
are 0.88-53.97 g/kg, which reveal that the differences between samples
are great; the correction coefficient based on the average value of
samples narrows the difference and cannot sufficiently capture some
important relationships, which may be the reason for the limitation of
the average-ratio adjustment method.

The distribution map (Fig. 7a) on the differentiated fused model was
compared with that on the average-ratio adjusted model (Fig. 7c). The
characteristics of the soil salinity spatial distribution are similar in the

two maps, both of which show that the soil salinity content and soil
salinization grades gradually increase from the agricultural production
areas in the southwest to the northeastern coastal area. However, in
local areas, the soil salinity contents and grades are different in the two
distribution maps, for example, in the middle of the Kenli County.
Moreover, in the distribution map on the average-ratio adjusted model
(Fig. 7c), the distribution of solonchak is relatively dispersed from the
middle to the east in the Kenli County, which is not consistent with the
actual situation. From the comparison with the samples data and dis-
tribution map (Fig. 7a, ¢ and Table 4), the distribution map on the
differentiated fused model is better than that on the average-ratio
adjusted model.

Compared with the unfused model (Table 3), the precision of the
average-ratio-adjusted model improved; the calibration R? increased by
0.04, the RMSE decreased by 0.34 g/kg, the validation R? increased by
0.07, the RMSE increased by 0.60 g/kg, and the RPD increased by 0.11.
The results show that the average-ratio adjustment method can also
improve the precision of the soil salinity inversion, which is consistent
with the results of previous research (An et al., 2016; Sidike et al., 2014).

4.2. Stability of differentiated fusion using NMF

Various algorithms have been developed for the NMF method. In
addition to cjlin, other algorithms, such as the multiplicative updating
method based on the Euclidean distance (mm) (Lee and Seung, 1999),
the sparse affine method (Laurberg and Hansen, 2007), and the alter-
nating least squares (als) (Bertsekas, 1999) algorithm, have been
developed. The als algorithm was used with NMF to fuse ground spectra
with Sentinel-2A MSI data to test the stability and validity of the NMF
method.

Based on the fused MSISVs obtained with the als algorithm, the fused
inversion model of soil salinity yielded good results (see Fig. 6¢), with
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Table 4
Statistical analysis of soil salinization grades.
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calibration R? and RMSE values of 0.70 and 5.55 g/kg, respectively, and
validation RZ, RMSE, and RPD values of 0.71, 7.08 g/kg, and 1.46,
respectively. Compared with the unfused model, the calibration R? value
increased by 0.08, the RMSE decreased by 0.58 g/kg, the validation R?
increased by 0.09, the RMSE decreased by 0.74 g/kg, and the RPD
increased by 0.15. The results suggest that this fusion using the als al-
gorithm for NMF can effectively improve the precision of regional soil
salinity inversion, which confirms the validity of NMF for fusing ground
spectra with Sentinel-2A MSI data.

The als algorithm and the cjlin algorithm were compared, and the
precisions of the two models were similar, with the cjlin algorithm
slightly outperforming the als algorithm. This result indicates that the
NMF method is stable.

4.3. Distribution and causes of soil salinization grades

The results reflect the accuracy of the soil salinization distribution in
the Kenli District. In the northeastern area near the sea, there are large
areas of severe salinization and solonchak, while the southern and
middle parts mostly consist of cultivated land that is nonsalinized,
mildly salinized, or moderately salinized. These results are consistent
with those of previous research (Xiao et al., 2019; Zhang and Zhao,
2019; Wang et al, in press). Xiao et al. (2019) studied soil salinization in
cultivated land and obtained similar results based on data from the
second soil census of China.

For coastal salinized soil, soil salinization is influenced by location,
climate, groundwater, topography, and other factors. The Kenli District
is close to the Bohai Sea; thus, the soil is infiltrated by seawater, and the
closer an area is to the sea, the worse the infiltration. The terrain also
affects the movement of soil moisture and salt. For hilly land with
relatively high elevations, the groundwater depth is greater, and soil
salinization usually does not occur; for flat land with low elevations, the
groundwater depth is shallower, the groundwater moves gently, and the
vertical movement of soil moisture and salt is obvious, which usually
results in salinization. Therefore, in spring and autumn, with strong
evaporation and low rainfall, saline groundwater constantly replenishes
salt to the soil surface through evaporation. Hilly land far from the sea is
usually nonsalinized or only mildly salinized, while gently sloping land
near the sea is usually moderately salinized or severely salinized.

4.4. Timeliness of the model and application of results

At the beginning of October in Kenli District, the ground was mostly
bare soil; moreover, as precipitation decreased and evaporation
increased, salinity began to increase at the soil surface, and all grades of
soil salinization were present. Based on the time point data in early
October, the method proposed in this paper achieved comparatively
ideal results. However, the accuracy of the soil salinity inversion based
on satellite images is affected by many factors, such as vegetation cover
and soil moisture. The applicability of the inversion model and results to
other times or seasons with large differences remains to be verified by
further research.

These results show that the fusion of ground hyperspectra and
multispectral satellite images by differentiated coefficients can improve

Distribution map on the differentiated Samples Interpolation map Distribution map on the average-ratio
fused model adjusted model

Soil salinization grade Pixel number  Percentage (%) Number  Percentage (%)  Pixel number  Percentage (%)  Pixel number  Percentage (%)

Nonsalinized soil 1,668,744 11.53 6 6.25 780,020 5.39 1,106,746 7.65

Mildly salinized soil 3,006,324 20.77 23 23.96 1,646,035 11.37 2,484,616 17.17

Moderately salinized soil 2,892,204 19.98 22 22.92 1,637,106 11.31 3,318,784 22.93

Severely salinized soil 5,039,748 34.82 33 34.37 5,150,339 35.59 5,108,427 35.29

Solonchak 1,866,024 12.89 12 12.50 5,259,544 36.34 2,454,471 16.96
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the analytical accuracy of regional soil salinity. Recently, hyperspectral
images have been gradually popularized and applied. The potential of
this approach in multisource hyperspectra fusion will be explored in
future studies.

5. Conclusions

Based on analyses of the salinized soil in the Yellow River Delta, this
paper proposes a differentiated fusion method of ground spectra and
satellite image data using NMF for the inversion of soil salinity. The
results show that this fusion method strengthens the correlation between
Sentinel-2A MSI image reflectance values and soil salinity and improves
the precision of regional soil salinity inversion based on satellite images.
This research not only can promote the high-precision, large-area, and
rapid acquisition of regional soil salinity, but also is significant for un-
derstanding and controlling salinized soil and for sustainable agricul-
tural development in the study area. Moreover, this method can enrich
the technology and approach of multisource remote sensing data fusion.
For regional soil quantitative inversion, selecting a method for the fusion
of multisource remote sensing data according to the differences in
regional soil properties is recommended.
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