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Abstract: Currently, soil salinization is one of the main forms of land degradation and desertification.
Soil salinization not only seriously restricts the development of agriculture and the economy, but
also poses a threat to the ecological environment. The main purpose of this study is to map soil
salinity in Keriya Oasis, northwestern China using the PALSAR-2 fully polarized synthetic aperture
radar (PolSAR) L-band data and Landsat-8-OLI (OLI) optical data combined with deep learning (DL)
methods. A field survey is conducted, and soil samples are collected from 20 April 2015 to 1 May 2015.
To mine the hidden information in the PALSAR-2 data, multiple polarimetric decomposition methods are implemented, and a wide range of polarimetric parameters and synthetic aperture radar
discriminators are derived. The radar vegetation index (RVI) is calculated using PALSAR-2 data,
while the normalized difference vegetation index (NDVI) and salinity index (SI) are calculated using
OLI data. The random forest (RF)-integrated learning algorithm is used to select the optimal feature
subset composed of eight polarimetric elements. The RF, support vector machine, and DL methods
are used to extract different degrees of salinized soil. The results show that the OLI+PALSAR-2 image
classification result of the DL classification was relatively good, having the highest overall accuracy
of 91.86% and a kappa coefficient of 0.90. This method is helpful to understand and monitor the
spatial distribution of soil salinity more effectively to achieve sustainable agricultural development
and ecological stability.
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1. Introduction
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As a form of soil degradation, soil salinization not only destroys resources and reduces
agricultural production, but also poses a severe threat to the biosphere and ecological
environment, thus becoming an environmental problem worldwide [1,2]. Soil salinization
is a process during which soluble salt accumulates on the soil surface, and it is one of the
main forms of land desertification and degradation [3].
According to statistics, approximately 8.31 million km2 of soil in the world has been
harmed by salinization [4]. More than 3% of soil resources are affected by salt [5]. China
has been one of the countries with severe salinization problems [6]. China alone is covered
by 10% of the world’s salinized land area [7,8], and Xinjiang is one of the largest saline soil
distribution areas [9], accounting for 36.8% of the country’s saline-alkali land area, mainly
distributed in the oasis-desert ecosystem in southern Xinjiang (nearly 50%) [10]. Therefore,
realizing large-scale, high-precision soil salinization monitoring and scientific prediction of
salinization risks and hazards are fundamental to alleviating environmental pressure.
Salinity monitoring based on the traditional methods requires frequent sampling,
which can be cost-prohibitive [11]. Remote sensing technology has been increasingly
used in salinity monitoring due to its advantages of wide coverage, short cycle time,
and high accuracy [12]. Optical remote sensing has played an important role in regional

Accepted: 23 February 2022
Published: 24 February 2022
Publisher’s Note: MDPI stays neutral
with regard to jurisdictional claims in
published maps and institutional affiliations.

Copyright: © 2022 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses/by/
4.0/).

Sustainability 2022, 14, 2666. https://doi.org/10.3390/su14052666

https://www.mdpi.com/journal/sustainability

Sustainability 2022, 14, 2666

2 of 23

and global soil salinization monitoring, mapping, and prevention [13]. However, it is
difficult to interpret images under unstable weather conditions, and images are typically
collected during the day, so the image collection period is limited [14]. A synthetic aperture
radar (SAR) can obtain information under all conditions and can penetrate clouds and
near-surface soil profiles, providing an effective tool for ground observation and timely
extraction of salinized soil information [13–17]. Additionally, SAR data have been proven
to be effective for the extraction of salinity information, due to dielectric properties that are
sensitive to soil salinity; soil salinity is also a key factor to electrical conductivity [18,19]. A
polarimetric synthetic aperture radar (PolSAR) is a multi-channel, multi-parameter radar
system that can collect images under different weather conditions for 24 h [20]. Compared
with the traditional single-polarization synthetic aperture radar data, PolSAR data can
provide full-polarization scattering information on the target ground object [21], and the
scattering characteristics of different ground objects can be expressed in the form of vectors
to the greatest extent, thereby revealing the scattering of ground objects’ difference [22].
The polarimetric parameters extracted by different polarimetric target decomposition
methods are intensely important because they are related to the physical characteristics of
ground objects [13], and therefore may be applied to classify and map soil salinization [23].
The subject of the polarimetric decomposition of a target has received great attention
and achieved rapid development because it can reveal the scattering mechanism of the
target and enhance the understanding of the target’s scattering characteristics [24,25]. In
addition, its polarization feature decomposition provides an effective tool for microwave
remote sensing in the processes of saline land information extraction and salinity dynamics
monitoring and can provide timely and effective guidance on agricultural production
practices in arid areas [26]. Accordingly, the application degree and field of PolSAR
images have been and are continuously expanding, and various corresponding image
interpretation technologies have been developing rapidly [27]. In the past two decades,
optical and PolSAR data with different spectral, temporal, and spatial resolutions have
been widely used to describe the severity of soil salinization [28].
To improve the quality of soil salinity mapping, several machine learning algorithms
were used in combination with radar data. Xie, et al. [29], using Sentinel-1 data combined with the random forest (RF) method to extract the distribution range of different land uses and finally verify the extraction accuracy of flue-cured tobacco planting.
Nurmemet et al. [23] reported that a wrapper-based support vector machine can be used
together with PolSAR data for soil salinity mapping in semi-arid areas. In a new study,
Taghadosi et al. [30] showed that soil salinity mapping is viable for semi-arid areas, along
with the use of Sentinel-1 SAR data (VV, VH, and their derived texture) and support
vector regression.
Recently, Deep Learning (DL) based methods have achieved promising results in a
multitude of fields, including the vision of computers [31], the theory of information [32],
and the processing of natural language [33]. In the last few years, DL has also achieved
great success in PolSAR data classification [34]. Zhou et al. applied CNN to PolSAR image
classification for the first time [35]; in their work, a three-layer architecture was introduced
to classify PolSAR images and obtained promising classification results. Jiang et al. [36]
extended the CNN application to recognize the target in SAR images. Zhang, et al. [37]
proposed a novel object-based convolutional neural network (OCNN) for urban land use
classification using VFSR images. Ndikumana et al. [38] took advantage of RNN to deal
with the agricultural classification study with multitemporal Sentinel-1 SAR data.
As a part of machine learning, DL can process composite data efficiently, and has a
strong feature extraction capability [39]. Generally DL can provide better classification
results than the traditional classifiers [40].
The ultimate goal of this research is to monitor soil salinization in the Keriya River
basin, Xinjiang, China, using DL methods with PALSAR-2 data and OLI data.
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The study site has a temperate continental climate, with perennial drought and large
daily temperature difference. The lowest average temperature in January is −5.8 ◦ C and the
highest average temperature in July is 25 ◦ C. The local area is rare, and the average annual
precipitation is 44.7 mm [41]. The average evaporation rate is 2498 mm, the evaporative
rainfall ratio is approximately 55:1, and the frost-free period is approximately 200d [41]. The
vegetation coverage of the oasis on the middle and north slope of Kunlun Mountain is 10%
Mt. 40%. The plants studied are mainly desert species, such as Phragmites australis, Tamarix
chinensis, Populus euphratica, Alhagi sparsifolia, Karelina caspica and Kalidium gracile [42].
Keriya River originates from the Kunlun Mountains, flows through the Keriya Oasis,
and after approximately 700 km ends in the hinterland of the Taklimakan Desert [43]. The
river is primarily supplied by glacial melt, snowmelt, and precipitation in the Kunlun
Mountains [44]. The movement of dissolved salts to the land surface is facilitated by a
combination of hyper-arid climate, topographic conditions, and shallow groundwater
level [45]. This leads to soil salinization and desertification, especially in the transition
belt between oasis and desert [43–45]. Therefore, intensive understanding and timely
monitoring of the spatial distribution of soil salinity have been paramount tasks for both
agricultural sustainability and ecological stability [45].
2.2. Data
2.2.1. Remote Sensing Data
The advanced Land Observing Satellite-2 (ALOS-2) is a Japanese earth observation
satellite that was launched on May 24, 2014 [46]. PALSAR-2 (Phased Array type L-band synthetic aperture radar) sensor in L-band (1.2 GHz band), maximum resolution of 3 m × 1 m
(distance direction × azimuth direction), two polarization modes horizontal (H) and vertical (V), and different scattering elements (HH, HV, VH, VV) for sensitivity to different
features of ground target features helps to identify different land types, under various
weather conditions [47]. Compared with other single-polarization and dual-polarization
SAR data, PALSAR-2 has a higher resolution, a larger observation range, shorter revisit
period, clearer texture features of the ground features, richer imaging modes, and a better
data transmission capability, and plays a greater role in mapping, regional observation,
disaster monitoring, and resource investigation [48,49].
In this study, fully polarized PALSAR-2 data (including HH, HV, VV, and VH polarization modes) were acquired on 23 April 2015, on a descending orbit in quad-pol strip mode
at an incident angle of 30.4◦ . Specific parameters about the PALSAR-2 data are given in
Table 1. The Landsat-8-OLI (OLI) image acquired on 28 May 2015, is displayed in Figure 1D.
The PALSAR-2 data in CEOS mode at level 1.1 in the study area were preprocessed
using remote sensing processing software SNAP 7.0 provided by the European Space
Agency (ESA). The tasks performed were as follows: (1) generating a single look complex
(SLC) image; (2) multi-looking was performed using 4 × 2 looks in the range and azimuth,
respectively, generating power image; (3) speckle filtering was performed using the refined
Lee filter with the window size of 5 × 5, and noise reduction [50]; (4) geocoding and
radiometric calibration [51,52], using a shuttle radar topography mission (SRTM), digital
elevation model (DEM), and radiometric normalization, (i.e., modified cosine model) [53];
(5) geo-referencing to the Universal Transverse Mercator (UTM) coordinate system, Zone
44 North with the World Geodetic System Datum of 1984 (WGS84); (6) data resampling,
image resizing to the optimal image resolution of 20 m × 20 m. The processing flow
is shown in Figure 2. After data preprocessing, the backscatter coefficient (σ) in dB is
generated. The statistical characteristics of the backscatter coefficient for each polarization
band are shown in Table 2 [23].
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effective monitoring of soil salinization [54,55]. In this paper, OLI images were preprocessed by ENVI 5.3® software, including radiometric calibration, atmospheric correction
resampling, and clipping; finally, the image registration of PALSAR-2 data was performed based on the Landsat8-OLI image. The OLI image acquired on 28 May 2015 is
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and Table 3.
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Table 3. LCLU classes with varying severity of soil salinization, characteristics, and their training
and validation groups in the Keriya Oasis.
Training

Symbol

Class

Characteristics

WB

Water Body

VG
BL

Validation

Plots

Pixels

Plots

Pixels

River, pond, swamp, lake

32

4928

28

4312

Vegetation

Red willow, poplar, camel thorn, pike,
grass, crops

50

7700

42

6468

Barren land

Gobi, desert, rocky ground

41

6314

38

5855

(dsm−1 ),

HS

Strongly salinized
soil

EC value 4–8
salt crust is 2–10 cm,
water table depth is 0.5–1.5 m, barren land with
vegetation coverage less than 5%

44

7040

42

6720

MS

Moderately
Salinized soil

EC value 4–6 (dsm−1 ), salt crust of 1–4 cm, water
table depth is 1–2 m, vegetation coverage of
around 5%–15%

41

6519

40

6360

SS

Slightly Salinized
Soil

EC value 2–4 (dsm−1 ), with thin salt crust
(around 0–2 cm), water table depth is 1.4–3 m,
vegetation coverage of around 30%

39

6162

41

6519

Combined with a number of photo libraries collected from field trips and OvitalMap®
(https://www.ovital.com, accessed on 1 May 2015) high-resolution images, a total of
478 sample plots were collected for image classification and accuracy evaluation; 247 were
used as training data, and the remaining 231 were used as verification data. To ensure
that samples were evenly distributed throughout the study area, each land cover category
contained at least 28 samples, and each sample contained approximately 150 pixels, as
shown in Table 3.
2.3. Methods
Figure 4 illustrates the process workflow of this research, which is detailed in the
following sections.
2.3.1. Polarimetric Decomposition
The theorem of target polarimetric decomposition was first proposed by Huynen [56]
in 1970, and after nearly 50 years of development, various polarimetric decomposition
methods have been proposed [57]. Target decomposition is an important method in the
analysis of polarized SAR data. This method decomposes the complex scattering process
into several single scattering components with the corresponding scattering matrices [58].
Coherent decomposition methods of scattering matrices denote an important class
of decomposition algorithms in the field of target decomposition. The main element of
this class of methods is the representation of a scattering matrix as a product or a sum
of elementary scattering matrices that can be interconnected with a particular scattering
mechanism [59]. Pauli matrices are obtained by the polarization scattering matrix S decomposition, where different polarization basis matrices are defined, and the extraction of
polarization features is performed, each representing a different type of feature [60]. The
basic scattering matrix S expressed in Pauli from given by:
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when the reciprocity condition SHV = SVH is satisfied, Equation (4) can be re-written
as follows:
K=



a

b

c



1
= √
2

SHH + SVV

SHH − SVV

SHV + SVH



(4)

where, K denotes the polarization eigenvector obtained by the Pauli decomposition. The
physical meaning of the first term in the Pauli decomposition vector denotes single scattering, the second term denotes dihedral angular scattering where the radar and target
center line of sight coincide with the normal dihedral plane, and the third term is related to
multiple scattering.
A 3 × 3 apparent coherence matrix T3 and a covariance matrix C3 are respectively
defined by:
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<
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∗
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√
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< |Shh |2 >
2 < Shh Shv
√

2
∗
=  2 < Shv Shh >
√2 < |Shv | ∗ >
∗
< Svv Shh >
2 < Svv Shv >


∗ >
<
Shh Svv
√
∗ > 
2 < Shv Svv

2
< |Svv | >

(6)

where, * denotes conjugate, |−| denotes mode, <·> denotes time or space set average [61].
The polarimetric decomposition is based on the scattering matrix, coherent matrix, or
covariance matrix of a radar target or a covariance matrix of the radar target.
In this paper, the scattering matrix S, coherence matrix T3 , and covariance matrix
C3 of the PALSAR-2 data are calculated. To make the full use of the polarization feature
information of PALSAR-2 data, polarization decomposition methods such as those of
Cloude [62], Freeman [63], H/A/Alpha [64], Freeman Durden [65], Sinclair [66], Van
Zyl [67], and Yamaguchi [68] are used in addition to the Pauli decomposition, as shown
in Table 4. The energy information received by the SAR system reflected the scattering
characteristics of the ground feature [69]. The Cloude, Pauli, Freeman, H/A/Alpha,
Freeman Durden, Sinclair, Van Zyl, and Yamaguchi methods were used to calculate surface,
volume, and double scattering values [70]. In the urban area, the polarization characteristic
component is also dominated by double scattering. In our study area, the double scattering
mainly reflects the road information [71], and the surface scattering is mainly the surface
backscattering information, excluding the influence of vegetation [8]; the vegetation area is
dominated by volume scattering [71]. The change information of surface vegetation in arid
areas can better reflect the regional salinization [72].
2.3.2. Calculate the NDVI, SI and RVI
To extract the salinization information on the study area effectively, the normalized
difference vegetation index (NDVI) and salinity index (SI) of the OLI data were calculated.
The normalized difference vegetation index (NDV I) [73] was calculated by:
NDV I =

N IR − R
N IR + R

(7)
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where, N IR denotes near-infrared band reflectance, and R denotes red band reflectance.
Table 4. Polarimetric features extracted from PALSAR-2 data.
Feature

Original features

Parameter
Description

Symbols

Number of
Parameters

Polarimetric
Parameter

Scattering matrix
elements

S

3

S11 , S12 , S21

Coherency
matrix elements

T3

6

T11 , T22 , T33, T44 ,
T55 , T66

Covariance
matrix elements

C3

3

C11 , C22 , C33

4

hh,hv,vh,vv

Backscatter
coefficient

Polarization
decomposition
parameters

SAR discriminators

HH,HV,VH,VV

Pauli

pauli

3

Pauli_r, Pauli_g,
Pauli_b

Cloude

Cloude

3

Cloude_dbl_r,
Cloude_vol_g,
Cloude_surf_b

Freemen

Freemen

3

Freeman_dbl_r,
Freeman_vol_g,
Freeman_surf_b

H/A/Alpha

H/A/α

3

Entropy,
Anisotropy,
alpha

Freeman Durden

Freeman

3

Freeman
Durden_dbl_r,
Freeman
Durden_vol_g,
Freeman
Durden_surf b

Sinclair

Sinclair

3

Sinclair_r,
Sinclair_g,
Sinclair_b

Vanzyl

VZ

3

VanZyl_dbl_r,
VanZyl_vol_g,
VanZyl_surf_b

Yamaguchi

Yam

4

Yamaguchi_dbl_r,
Yamaguchi_vol_g,
Yamaguchi_surf_b,
Yamaguchi_hlx

Radar vegetation
index

RVI

1

rvi

The salinity index (SI ) [74] was obtained using the reflectance OLI data band 1 (B1)
and band 3 (B3) as follows:
√
Salinity Index (SI ) = B1 × B3
(8)
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The radar vegetation index (RV I) can characterize the scattering stochasticity [75], and
in this study, it was used to describe the canopy characteristics of vegetation. The specific
calculation formula of RV I is as follows:
RV I =

4 min(λ1 , λ2 , λ3 )
λ1 + λ2 + λ3

(9)

where, λ1 , λ2 and λ3 are the eigenvalues of the covariance/coherency matrix.
2.3.3. Machine Learning Algorithms Used
Feature Selection from PALSAR-2 Imagery
Based on the full-polarization SAR image classification, the selection of feature subset
directly affects the classification accuracy; therefore, polarization feature extraction and
selection denote key steps in the process of full-polarization SAR image classification [76].
In this study, a number of 42 extracted polarization parameters included a large speckle
noise. They were weak or indistinguishable for certain features, which could directly
affect the classification result. Thus, it was indispensable to select polarization parameters
that were less noisy and could better reflect the target feature information to improve the
classification accuracy.
The feature subset selection (FSS) has been a hot topic in the machine learning field [19].
The FSS can not only reduce the original data dimensionality and thus improve the algorithm learning efficiency, but can also improve the classification accuracy by filtering a
subset of features from the original dataset, which has the best classification performance
for the particular classifier [76]. In this paper, the random forest (RF) method was used for
optimal feature subset selection, and the optimal feature subset of fully polarized PALSAR2 data was obtained. The RF is a type of bagging method, which belongs to the ensemble
learning-based methods [77]. In the application of polarization SAR image classification,
important characteristics of each variable can be calculated by using the out-of-bag (OOB)
error values of various training samples in the RF [77]. The specific calculation process is
as follows: First, the error between each decision tree and its corresponding OOB data is
calculated and denoted as errOOB1; next, the noise interference to a feature k of all samples
of the data outside the bag is randomly added. Then, the error of the data outside the bag
of each decision tree is recalculated and denoted as errOOB2 [78];
The importance of feature k : I (k) is calculated by:
I (k) =

∑(errOOB2 − errOOB1)
nTree

(10)

where, nTree denotes the number of decision trees.
When random noise is added, the accuracy of OOB data decreases significantly, that
is, errOOB2 increases, indicating that this feature has a certain impact on the prediction
results of the sample; thus, its importance is relatively high. In this work, to remove
the redundancy and to reduce random interference between features, the importance of
each feature was calculated by Equation (10), and calculated importance values were
arranged in descending order. After the deletion ratio was determined, the features with
relatively low importance were deleted from the original feature set, and a new feature
subset was obtained. The process of sorting and deletion was repeated until m optimal
features remained in the feature subset, where m was a pre-set value [79].
Support Vector Machine (SVM) Classification
The support vector machine (SVM) is a learning method based on the statistical
learning theory proposed by Vapnik [80]. The SVM has been widely used in the field of
pattern recognition [80]. The basic idea of the SVM is to map a sample to the feature space
to construct an optimal classification hyperplane so that it can maximize the generalization
effect of the sample [81]. The classification accuracy of the SVM is relatively high, and it
can achieve satisfactory classification results [82].

effect of the sample [81]. The classification accuracy of the SVM is relatively high, and it
can achieve satisfactory classification results [82].
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The RF is a machine learning algorithm proposed in 2001 by Leo Breiman [83],
which
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The RF algorithm has the advantages of easy implementation, fast classification speed,
2.3.4. DL Algorithms
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In recent years, the FCN networks have been gradually replacing CNN networks and
have become the mainstream deep network structure in image processing [99]. The U-Net
network used in this study belongs to the FCN networks for image semantic segmentation.
The U-Net network structure was originally proposed by Ronneberger et al. [99]. The
U-Net structure includes two paths: the contraction path and the expansion path [104]. The
feature maps in the contraction path are cropped and copied to perform upsampling in the
expansion path [105].
2.3.5. Accuracy Assessment
The classification accuracy was assessed using the overall accuracy and kappa coefficient based on the validation samples and was made using a library of photographs
collected during the field investigation and high-resolution images from OvitalMap®
(https://www.ovital.com, accessed on 1 May 2015) [106]. The kappa coefficient is a measure of agreement that indicates the rate of correct classification occurring by chance [107].
To evaluate the performance of the DL classification, the F1 score was used as an evaluation
metric [108], and it was calculated by Equation (11). In Equation (11), Precision, which is
also called user accuracy, denotes the ratio of the number of correctly classified pixels to
the number of pixels in the category that represents the classification result; Recall, which is
also called producer accuracy, denotes the ratio of the number of correctly classified pixels
to the actual number of pixels in the category [109].
F1 =

( Precision × Recall )
( Precision + Recall )

(11)

3. Results
3.1. Polarimetric Decomposition of Fully PolSAR Data and Feature Selection
SNAP software was used to perform polarimetric decomposition on the fully-polarized
PALSAR-2 image data of the study area to extract characteristic parameters. First, the
PALSAR-2 data were used to calculate the coherence matrix T3 , scattering matrix S, and
covariance matrix C3 . Then, different polarization decomposition methods were performed
on the PALSAR-2 image data, and polarimetric parameter information was extracted. The
RVI and four types of polarimetric backscattering coefficients were extracted, and a total of
42 types of features were acquired. The characteristics of extracted features are given in
Table 4, and the polarization decomposition results of the RGB standard composite image
are shown in Figure 6.
In our study, multiple polarimetric parameters and discriminators were extracted for
optimal classification purposes. However, it is not reasonable to adopt all the polarimetric
features for classification and monitoring soil salinization due to some of the redundant
features and noise. Though the PALSAR-2 data were denoised through filtering, the image
was still retaining a certain amount of speckle noise information that was visible; some
of the decomposed elements that contain much noise might hamper and even reduce the
classification accuracy. It is worth noting that employing all these polarimetric parameters
and elements is time-consuming. The RF method was used for optimal feature selection.
The RF was set to have 100 decision trees and a deletion ratio of 10%. The 42 polarization
features were fed to the RF model for training to calculate the importance of each feature.
The ranking results are shown in Figure 7. Eight features with the highest fitness (T33 , C33 ,
Freeman Durden_vol_g, Pauli_b, Pauli_r, Sinclair_g, VanZyl_vol_g, RVI) were selected and
used for classification, as shown in Figure 8.
3.2. Classification Results
To extract different degrees of salinized soil, the SVM, RF, and DL methods were used
to classify OLI data, PALSAR-2 data, and OLI+PALSAR-2 integrated data. The classification
results are displayed in Figure 9.
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Figure 9 shows the classification results that most of the study area is bare land
(including desert and gravel land), followed by oasis. There were obvious differences
in the spatial distributions of the three soil salinization degrees. The salinized soil was
distributed at the intersection of the Keriya Oasis and the Taklimakan Desert. The degree
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salinization showed a gradual increase trend from oasis to desert. Slightly salinized
soil was distributed around the oasis, while strongly and moderately salinized soil was
distributed on the periphery of the oasis and the edge of the desert, respectively.
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In our study,
multiple polarimetric parameters and discriminators were extracted for
3.3. Classification
Accuracy
optimal classification purposes. However, it is not reasonable to adopt all the polarimetric
The results in Table 5 indicate that regardless of the classification method, the classifeatures for classification and monitoring soil salinization due to some of the redundant
fication results of the OLI+PALSAR-2 images were relatively positive. In particular, the
features and noise. Though the PALSAR-2 data were denoised through filtering, the imOLI+PALSAR-2 image classification result of the DL classification was better, having the
age was still retaining a certain amount of speckle noise information that was visible; some
of the decomposed elements that contain much noise might hamper and even reduce the
classification accuracy. It is worth noting that employing all these polarimetric parameters
and elements is time-consuming. The RF method was used for optimal feature selection.
The RF was set to have 100 decision trees and a deletion ratio of 10%. The 42 polarization
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Figure 9 shows the classification results that most of the study area is bare land (including desert and gravel land), followed by oasis. There were obvious differences in the
spatial distributions of the three soil salinization degrees. The salinized soil was distributed at the intersection of the Keriya Oasis and the Taklimakan Desert. The degree of salinization showed a gradual increase trend from oasis to desert. Slightly salinized soil was
distributed around the oasis, while strongly and moderately salinized soil was distributed
on the periphery of the oasis and the edge of the desert, respectively.

efficients were 0.87 and 0.87, respectively. Compared with the SVM and RF classifica
the overall classification accuracy of the DL was increased by 4.53% and 1.59%, res
tively.
Sustainability 2022, 14, 2666

Table 5. Validation of the accuracy of the salinized soil information monitoring classification.
17 of 23

SVM
RF
DL
OA
Kappa
OA
Kappa
OA
Kapp
Table 5. Validation of the accuracy of the salinized soil information monitoring classification.
OLI
84.48%
0.84
87.54%
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0.86
SVM
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Note: OA = Overall accuracy, Kappa = Kappa Coefficient.
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In this study, the
polarization method,
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images and
images are combined with the method of deep learning to monitor soil salinity information,
and slightly better results are achieved. The study shows that there is potential to apply
deep learning methods to extract salinization information from radar remote sensing
images. However, there are fewer studies on the application of deep learning to radar
image monitoring of soil salinization. Although the monitoring results are satisfactory to
some extent in this particular arid environment, the generalization of this method in other
fields needs further study and evaluation. As a new technical means, it needs to be further
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improved (future research can try a variety of deep learning models to monitor soil salinity,
such as DeepLabv3 [111], PSPNet [112], etc.). We can also try the CRF [113] post-processing
method to optimize the classification results and introduce the idea of ensemble learning to
integrate the results extracted by various methods to improve the accuracy of classification.
4.2. Polarimetric Decomposition Influence on Classification Results
When extracting soil salinization information by polarimetric decomposition of the
PALSAR-2 data, due to the different scattering mechanisms of ground objects, a single
coherent matrix and a single target polarimetric decomposition method could not fully exploit the information contained in the radar images. However, the multi-target polarization
decomposition method could effectively extract the information of the study area. After
polarization decomposition, the structural information of the ground objects was more
easily reflected, and the regular texture information was presented better. For instance,
the volume scattering component is sensitive to vegetation. The area with vegetation has
strong backscattering intensity, while the area with less vegetation has weak backscattering
energy. Both single scattering and volume scattering of saline soil were lower than those
of vegetation. For slightly and moderately saline land, the vegetation plants were low,
and the salinity was different, which made the regions of medium and high scattering
entropy strongly random. Strongly salinized soil had the lowest vegetation coverage, and
its backscatter value was lower than those of moderately and slightly salinized soil. The
scattering value of saline land gradually decreased from slight to strong, and its backscattering value was smaller than that of vegetation. In addition, the characteristic parameters
have different sensitivity to the soil information type. The RVI was also beneficial for
distinguishing different degrees of salinized soil.
4.3. Data Source Influence on Classification Results
From the comparative analysis results in Figure 9 and Table 5, it can be seen that the
overall accuracy of OLI+PALSAR-2 multi-source remote sensing data improved by 1.90%,
and the Kappa coefficient improved by 0.04 compared with the OLI optical data when the
classification was performed by DL. The overall classification accuracy of OLI+PALSAR2 data improved by 2.73% and 2.8% compared with OLI data when classified by RF and
SVM, and the Kappa coefficients improved by 0.04 and 0.03, respectively. The overall
distribution of salinized soils was well reflected from the DL classification. From east
to west, the land cover types shift from vegetation to slightly salinized soil, moderately
salinized soil, and strongly salinized soil. This is partly due to the high spatial resolution
and apparent polarized backscattering characteristics of the SAR data, and the improved
spectral and spatial quality of the band-synthesized images, which enhance the discrimination of different salinized soils. This study aims to make full use of the advantages of optical
remote sensing data and radar remote sensing data. Although the spatial resolution of
optical data was not high and the texture contour information was not obvious, it provided
abundant spectral information in the visible-light range. The NDVI and SI could effectively
extract soil salinization and vegetation information. Moreover, although radar data had
high speckle noise, it had clear contour texture information and high spatial resolution.
These two data could complement each other’s shortcomings and could better extract
salt information.
4.4. Distribution Characteristics of Salinization in Study Area
The results demonstrated that the degree, scope, and spatial distribution of soil salinization were different in different regions of the research area. The main reason was that
the study site was affected by the dry and rainless climate conditions and had a strong
dependence on water resources. Tarim Basin is formed by three mountains sandwiched
by two basins and is located in a closed inland environment, making it impossible for soil
salt to run off to the surrounding areas [43]. In addition, the elevation in the north of the
study area was lower than that in the south, which increased the depth of groundwater.
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Furthermore, high-temperature conditions induced strong transpiration, which made soluble salts accumulate to the soil surface with soil moisture under capillary action, leading to
the increase in the soil salt content.
5. Conclusions
In this study, the PALSAR-2 and Landsat-8-OLI (OLI) images are combined with a
deep learning (DL)-based method and used to monitor the soil salinization in the Keriya
oasis to effectively promote the stability of the ecological environment and the sustainable
development of agriculture in the research area.
(1)

(2)

(3)

A variety of target polarization decomposition methods, including the Pauli, Freeman, Freeman_Durden, Cloude, Yamaguchi, VanZyl, Sinclair, and H/A/Alpha methods, are used to polarize the PALSAR-2 data. Additionally, the eight best feature
components, namely T33 , C33 , Freeman Durden_vol_g, Pauli_b, Pauli_r, Sinclair_g,
VanZyl_vol_g, and RVI, are selected by the random forest (RF) method to extract the
information on soil salinization.
The OLI data are used to extract the normalized vegetation index (NDVI) and salinity
index (SI), which are then combined with the optimal feature subsets of the PALSAR2 image to form an integrated image to extract salinization information.
Classification methods, such as a support vector machine (SVM), RF, and DL, are
used to extract salinization information from different data types, including the OLI,
PALSAR-2, and OLI+PALSAR-2 data. The results show that the OLI+PALSAR-2 image
classification result of the DL classification was relatively good, having the highest
overall accuracy rate of 91.86% and a kappa coefficient of 0.90.
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