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ABSTRACT:

Land salinization is one of the most common land degradation processes. Tongyu county exemplifies all the forms of land
degradation in Northeast China and is prone to land salinization due to its fragile physical conditions. In this study, Landsat remote
sensing images are adopted to invert surface albedo, MSAVI (modified soil adjusted vegetation index), and salinity index (SI) data.
The feature space models of albedo-SI and MSAVI-SI, considering the bare soil and vegetation information respectively, are
constructed and compared. Land salinization changes for the period of 1998-2017 are investigated using the salinization monitoring
index (SMI) and salinization detection index (SDI) extracted from the feature space models. Our results show that the land
salinization situation in Tongyu county have tended to improve, associated with the biological, ecological and engineering means for
the degraded land rehabilitation. The feature space models is applicable for the extraction of salinization information, and albedo-SI
may evaluate land salinization levels with higher accuracy.
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1. INTRODUCTION

Land salinization is one of the most common land degradation
processes (UNEP, 1991), which often occurs particularly in arid
or semiarid areas (Masoud and Koike, 2006), due to low rainfall,
high evapotranspiration rates. The soil textural characteristics
may impede the washing out of the salts which subsequently
built-up in the soil surface layers. Land salinization poses
threats on ecosystem and environment obviously (Line et al.,
2010; Allbed et al., 2014; Peng et al., 2018). Accumulation of
soluble salts in the soil is one of the main limiting factors for
agriculture. Dynamic monitoring of land salinization by
knowing when, where, and how salinity may occur is significant
for proper management of soil and water resources (Ding and
Yu, 2014; Fan et al., 2015).

Compared to the laboratory analysis methods, remote sensing
provides significantly powerful approach for large-scale
characterization and monitoring of land salinization. The
spectral characteristics of saline soils are theoretical basis for
remote sensing monitoring. A positive relationship between soil
reflectance in visible-near infrared-shortwave infrared bands
and soil salinization has been found. Visual interpretation and
automated classification considering soil salinity, groundwater,
and other auxiliary factors are two main methods to identify
salinization information from remote sensing images. Many
satellite-based indices derived from the reflectance in different
spectral bands have been utilized for monitoring salinization.
Multiple indices comprising of spectral bands in different
combinations were calculated and compared to identify
salinized soils (Guo et al.,2019). The characteristic information
of feature spaces has been widely applied to estimate soil
salinity and evaluate surface evapotranspiration, soil moisture,
crop moisture content, and desertification dynamics (Allbed and

Kumar, 2013). For instance, albedo and salinity index (SI),
modified soil adjusted vegetation index (MSAVI) and Wetness
Index (WI), and MSAVI–SI were used to construct different
feature space models and quantify the salinization (Ha et al.,
2009; Ding et al.,2013; Zhang et al.,2016).

Tongyu County is in the western fringe of the Songnen Plain,
which is the biggest distribution area of soda saline land in
China (Gu et al., 2010). This county is highly prone to
salinization/alkalization owing to an abundant supply of salts
and a shallow groundwater table (Gao and Liu, 2010). Previous
researches had paid attention to the detailed spatio-temporal
transformation relationship between saline land and other land
cover types and long-term hydrological process of the Songnen
Plain.

In this paper, surface albedo, MSAVI and salinity index feature
spaces based on Landsat TM and OLI images were constructed
and compared. The salinization monitoring index (SMI) and
salinization detection index (SDI) derived from the feature
space models were used to extract salinization information. The
dynamics of land salinization in Tongyu county for the period
of 1998 to 2017 were investigated. This research was expected
to provide a reference for the methods used for the dynamic
monitoring of salinization in the semi-arid Tongyu county,
Northeast China. The result may offer scientific evidences for
the land management and landscape ecological regulation in this
region.

2. STUDY AREA

Tongyu County is in the western fringe of the Songnen Plain,
extending from 122°02'13"E-123°30'57"E in longitude and
44°13'57"N-45°16'27"N in latitude (Figure 1). The total land
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area of the county is 8496 km2. It belongs to the semi-arid and
semi-humid continental monsoon climate in the temperate zone.
The average annual temperature is around 4°C, and extreme
temperatures ranges from -32 to 38.9°C. The average annual
precipitation is 370mm-500mm and rainfall mainly concentrates
between June and August (Ren et al., 2010). The average annual
evaporation ranges from 900mm to 1000mm owing to an
abundant supply of solar energy. The terrain is gentle, with the
altitude of 120m-180m. The soil parent materials are quaternary
lacustrine sediments and river alluviums. The soil types in
Tongyu county include light chernozem soil (Haplic Chernozem,
FAO), aeolian sandy soil, meadow soil (Eutric Vertisol, FAO),
alkaline soil (Solonetz, FAO), marsh soil, saline soil (Solonchak,
FAO) etc. The Huolin River originated in the eastern part of the
Greater Xing'an Mountains, scatters between the sandy land and
dunes in the northern part of the area, forming the wetland
dominated by reed, namely, the Xianghai Wetlands. Due to
strong wind and sand, arid climate, and severe water deficit,
local agriculture is mainly dryland farming. It has abundant
grassland resources and has been approved as the only livestock
husbandry dominated county in Jilin province since 1978.
Songnen Plain, which is the largest production base of
commodity grain in China, with approximately 3.2m ha saline
land (21% of the area of the Plain) (Wang et al., 2009).The
occurrence of the land salinization in this region results from the
natural causes including neo-plate tectonics (Wang et al., 1985),
shallow depth groundwater (Song et al., 2000; Zhang et al.,
2000) and arid or semiarid climate (Yu et al., 1993; Liu et al.,
2002). Human activities are also considered as the main driving
factors to the soil salinization (Liu et al., 2005; Huang et al.,
2012). In the last several decades, land salinization has been
aggravated constantly in the plain (Wang and Li, 2018).

Figure 1. The location and land use of Tongyu county

3. METHOD

3.1 Data Collection and Processing

A Landsat 5 TM image (May 30, 1998) and a Landsat 8 OLI
image (May 2, 2017), with a path/row of 120/29, were
downloaded from Geospatial Data Cloud website
(http://www.gscloud.cn/). The quality of the images was high
with a total cloud cover of less than 2%. Atmospheric correction
is the process of eliminating the radiation error caused by
atmospheric influence and retrieving the true surface reflectance
of ground objects (Zheng et al., 2004). The images were
atmospherically corrected using the Fast Line-of-sight
Atmospheric Analysis of Hypercubes (FLAASH) atmospheric
correction tool in ENVI 5.3. These images were intersected with
the boundary of Tongyu county to clip out an identical area. The
normalized water body index (NDWI), derived from the
spectral reflectance in green band and near-infrared band, was
calculated to detect and delineate water bodies and wetlands in
satellite images.

Auxiliary data of this study included a vector map of Tongyu’s
administrative division, and the classified map of land cover.
The land cover classification data with 30 m resolution was
produced using the visual interpretation classification method.
191 topsoil samples were collected at a depth of 0-20 cm from
areas with different soil types and vegetation types in 2006 (Ren
et al., 2008). Using soil suspension with a water-soil ratio of 5:1,
the soil pH was measured by the potentiometric method in the
laboratory.

3.2 Construction of Feature Space Model

3.2.1 Feature Space Variables: Previous studies indicated
that NDVI could be used as an important index to evaluate
desertification, and there existed significant negative correlation
between the NDVI and albedo in different desertification areas
(Ma et al., 2011; Wei et al., 2018). Different desertification
lands could be effectively segmented by dividing the vertical
feature space of albedo-NDVI into the change trend of
desertification (Verstraete and Pinty, 1996). Similarly, the two-
dimensional space composed of salinity index, albedo or
vegetation index may be used to extract information regarding
salinization.

Albedo is one of the most important parameters of the surface
radiation energy balance, which varies among soil moisture,
vegetation cover, snow cover, and other land surface conditions.
In the absence of irrigation conditions, the humidity of salinized
soil near the top soil is greatly affected by groundwater.
Relatively high groundwater soils have relatively high moisture
levels, and the topsoil has a high salt content. Field verification
reveals that the shallower the buried depth of the groundwater is,
the greater the soil moisture is. The higher the salinity of the
soil is, the lower the surface average albedo is (Ha et al., 2009).
Albedo can reveal the information of land salinization in the
study area. Albedo were computed as the following formula
(Liang et al., 2003):

0.0018-0.0720.0850.3730.130.356 swir2swir1nirredbluealbedo   (1)

where ρblue , ρred , ρnir , ρswir1 and ρswir2 is the spectral reflectance
in blue, red, near infrared, the shortwave infrared regions,
respectively.

By comparing the spectral characteristics and band mixing
experiments of typical objects, the soil salinity indices derived
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from blue and red bands of remote sensing images can reveal
the information of soil salinization (Scudiero et al., 2015). A
significant positive correlation between the soil salinity indices
and field observed salt content were found. Thus, soil salinity
indices were selected as a biophysical parameter for monitoring
salinization dynamics. In this present study, the salinity index
(SI) was calculated by the following equation (Khan et al.,
2001):

redblueSI   (2)

where ρblue and ρred is the spectral reflectance in blue band and
red band, respectively.

The remotely sensed vegetation reflectance can be used as an
indirect indicator of soil salinity because soil salinity impacts
the growth of vegetation (Guo et al., 2019). Salt is one of the
most important factors that restricts vegetation growth in soil
chemistry (Fan et al., 2015). With the increase of salt content in
surface soil, vegetation cover and vegetation index may
decrease and the soil electrical conductivity increases
accordingly (Wu et al., 2014). MSAVI (modified soil adjusted
vegetation index) fully considers the bare soil line and thus
effectively eliminates the background influence of soil and
vegetation canopy (Weng et al., 2008). The formula for MSAVI
was shown as follows (Qi et al., 1994):

2
)-(8-)12(-1)2( 2

rednirnirnirMSAVI
 

 (3)

where ρred and ρnir is the reflectance in red and near infrared
band, respectively.

3.2.2 Data Normalization: To eliminate the differences in
magnitude of albedo, salinity index and vegetation index, the
maximum and minimum values for these variables were
calculated and the data standardization were performed.

minmax

min

albedoalbedo
albedoalbedoA
-
-

 (4)

minmax

min

SISI
SISIS
-
-

 (5)

minmax

min

MSAVIMSAVI
MSAVIMSAVIM
-
-

 (6)

3.2.3 Relationships among Feature Space Variables: To
reveal the relationship between multiple feature space variables,
we uniformly arranged 300 points in the whole study area, and
the corresponding points values of SI, albedo and MSAVI were
extracted. SPSS software was used for the statistical regression
analysis of the three feature space variables and to investigate
their quantitative relations. The feature space models of albedo-
SI and MSAVI-SI were constructed, respectively.

3.3 Calculation of Salinization Monitoring Index and
Salinization Detection Index

Different desertification lands can be effectively separated by
dividing the albedo-NDVI feature space in the vertical direction
into changing trends of desertification (Verstraete and Pinty,
1996). Likewise, different salinization lands can be identified by

dividing the albedo-SI feature space in the vertical direction into
changing trends of salinization. There was an obvious linear
relationship between albedo and SI (Figure 2a).

bSIaalbedo  (7)

where a is the slope of the soil line, and b represents the
intercept of the soil baseline.

The straight line L, passing through the origin of the coordinate
and perpendicular to the soil line is defined. The distance from
any point in the albedo-SI feature space to line L can be utilized
to explain the soil salinization process. The farther away from
the line L, the more serious salinization is. The vertical distance
to line L can be calculated by the following formula: (Ha et al.,
2009):

)(
1

1
2

albedoaSI
a

SMI 


 (8)

where SMI is defined as the salinization monitoring index, a
is the slope of the soil line.

Figure 2. The constructed feature space (a) albedo-SI (b)
MSAVI-SI (c) albedo-MSAVI

An obvious negative linear relationship between MSAVI and SI
was also observed (Figure 2b,2c). Taking any point in the
MSAVI-SI feature space and according to the distance formula
between point and line, the remote sensing monitoring model of
soil salinization (salinization detection index, SDI) can be
expressed as the distance from the point to line L(Guo et al.,
2019):

1

-1
2 




M

SIMMSAVI
SDI (9)

where the M represents to the slope of soil line.
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4. RESULTS AND DISCUSSION

4.1 Quantitative Relationships among Feature Space
Variables

The linear formula and correlation coefficient results of the
three feature space variables in 1998 and 2017 are shown in
Figure 3 and Figure 4. Here, surface albedo had a significant
positive correlation with SI, with correlation coefficient of
0.8572 in 1998 and 0.6324 in 2017, respectively (Figure 3a,4a),
while MSAVI had a negative correlation with SI, with
correlation coefficient of 0.2981 in 1998 and 0.2525 in 2017,
respectively (Figure 3b,4b). The linear relationships between
albedo and MSAVI were weak (Figure 3c,4c). Therefore, the
three sets of feature space variables with the strongest
correlation were selected to construct the feature space models
of albedo-SI and MSAVI-SI, respectively.

Figure 3. Correlation between variables of different eigenspaces
in 1998: (a) albedo-SI (b) MSAVI-SI (c) albedo-MSAVI

Figure 4. Correlation between variables of different eigenspaces
in 2017: (a) albedo-SI (b) MSAVI-SI (c) albedo-MSAVI

4.2 Changes of Feature Space Variables

Spatial characteristic of three feature space variables (albedo,
MSAVI and SI) in Tongyu county in 1998 and 2017 are shown
in Figure 5 and Figure 6, respectively. From 1998 to 2017, the
three feature space variables changed differently. The regional
average albedo decreased from 0.175 to 0.169 during the past
20 years. By comparison, average MSAVI increased by 0.1.
Regarding the average SI, the values were 0.104 in 1998 and
0.063 in 2017, respectively. The maximum values of albedo
were almost unchanged. The MSAVI maximum value increased
from 0.722 to 0.815, while the maximum value of SI decreased
from 0.577 to 0.429.
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Figure 5. Spatial pattern of albedo(a) MSAVI(b) SI(c) in 1998

The spatial distribution of three feature space variables was
generally consistent with the land cover type. Woodland refers
to bushes, shrubs, and forest. The regions covered by forests
showed highest MSAVI, but had low albedo and SI. The SI and
albedo mean value of saline-alkaline land ranked first, whereas
MSAVI was lower. During 1998-2017, the average SI value of
saline-alkaline land decreased by 45%, and MSAVI increased
from 0.144 to 0.31. Grassland is the area used for grazing that
can be degraded by overgrazing and waterlogging. The average
SI of grasslands decreased by 0.062, suggesting the salinization
tended to improve. The average SI value of cropland decreased
from 0.158 in 1998 to 0.097 in 2017, while average MSAVI
increased from 0.168 to 0.343, respectively.

Figure 6. Spatial pattern of (a) albedo(b) MSAVI (c) SI in
2017

4.3 Land Salinization Dynamic over 1998-2017

The feature space models of albedo-SI and MSAVI-SI for
Tongyu county in 1998 and 2017 were constructed. The SMI
and SDI were then calculated and their values were divided into
five different levels by the natural break (Jenks) classification.
The natural break classification method is based on natural
grouping inherent in the data, whose boundary is set to the
position where the data values are relatively different (Zeng et
al., 2013). The method calculates each kind of classifications,
and automatically selects the classification situation with the
minimum variance, thereby the optimal classification result can
be obtained. Moreover, similar classes can be effectively
merged and the differences between classes may be maximized.
The five salinization levels in Tongyu county were severe
salinization, high salinization, medium salinization, low
salinization, and non salinization.

Table 1 indicates the ranges of salinization monitoring index
(SMI) and salinization detection index (SDI) values for Tongyu
county. In the severe salinization areas, there showed the
highest albedo and SI values, but had the lowest MNDVI values
with almost no vegetation coverage. By contrast, the non-
salinization areas covered by vegetation had the lowest albedo
and SI values. Figure 7 and Figure 8 illustrate the spatial
distribution of land salinization degree derived from SMI and
SDI in 1998 and 2017, respectively. According to SMI, most of
severe/high salinization were found in the northeast or
southwest parts of Tongyu county in 1998, whereas severe/high
salinization land defined by SDI showed more extensive
distribution (Figure 7a and 8a). Spatially, severe saline-alkali
lands presented an agglomeration distribution. In 2017, the
areas of severe/high salinization land dropped dramatically,
showing scattered distribution. Medium salinization lands
extracted from SMI dominated in the study area (Figure 7b),
while the areas of low salinization derived from SDI were the
largest (Figure 8b).

Land Salinization Index Level Value

SMI Non salinization <0.17

Low salinization 0.17-0.29

Medium salinization0.29-0.37

High salinization 0.37-0.45

Severe salinization >0.45

SDI Non salinization 0

Low salinization 0-0.56

Medium salinization0.56-0.62

High salinization 0.62-0.68

Severe salinization >0.68

Table 1. The ranges of salinization monitoring index (SMI) and
salinization detection index (SDI) values for land salinization at

different levels.
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Figure 7. Spatial pattern of land salinization based on SMI in
Tongyu county (a) 1998 (b) 2017

Figure 8. Spatial pattern of land salinization based on SDI in
Tongyu county (a) 1998 (b) 2017

Level SMI
(area %)

SDI
(area%)

1998 2017 1998 2017
Non salinization 1.68 2.28 0.72 1.08
Low salinization 19.38 28.12 8.44 81.41
Medium salinization 49.56 60.84 43.44 16.15
High salinization 19.64 7.79 41.49 1.12
Severe salinization 9.74 0.96 5.91 0.24

Table 2. Changes in area percentages of different salinization
accounting for the total land, derived from albedo-SI and

MSAVI-SI.

The area percentages of land salinization accounting for the
total landscape differed based on the feature space model used,
as shown in Table 2. Table 2 represents the statistics of the
extraction results regarding salinization in the year of 1998 and
2017. One of the most noticeable change is the shrinkage in
land salinization over the 20-year study period. The difference
between the two methods is that the high salinization areas
extracted by MSAVI-SI were larger in 1998, while the non-
salinization, low, medium and severe salinization areas were
smaller than those extracted by the albedo-SI model. In 2017,
the medium salinization areas extracted by albedo-SI were
larger than those extracted by the MSAVI-SI model. The area
percentages of severe and high salinization land based on SMI
declined by 8.78% and 11.85%, whereas medium and low
salinization land increased by 11.28% and 8.74%, respectively.
The area percentages of severe, high and medium salinization
based on SDI dropped by 5.67%, 40.37% and 27.29%. In
contrast, the area of low salinization land accounting for the
total area increased 72.97%. The highly and severely salinized
areas decreased overall, which may owe to the effectiveness of
mechanical, biological, ecological, and engineering
measurements for rehabilitation of irreversibly degraded lands
in this county.

To examine the accuracy of the land salinization monitoring
models, the corresponding SMI and SDI values of field sample
points were extracted from the two indices images. The pH
measurements of 191 samples were used to established the the
fitting relationship with two land salinization indices. To
approximately match the collection time of soil samples, we
used the Landsat 5 TM image in 2007 to calculate the SMI and
SDI. As shown in Figure 9, the determination coefficient (R2)
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between SMI and soil pH was higher (0.3344), indicating that
the inversion accuracy of the albedo-SI feature space with SMI
was higher than the MSAVI-SI with SDI. Therefore, the remote
sensing monitoring model based on albedo-SI with SMI was the
more effective approach to obtain the information of saline soil
in the Tongyu county.

Figure 9. Comparisons of inversion accuracy for different
monitoring models (a) SMI (b) SDI.

5. CONCLUSIONS

Based on Landsat TM and OLI images, albedo, typical
vegetation indices (MSAVI) and the salinity index (SI) were
calculated and selected to construct two feature space (albedo-
SI and MSAVI-SI) models. Using the salinization monitoring
index and detection index (SMI and SDI) derived from the
feature space models, land salinization information in 1998 and
2017 for Tongyu county, Northeast China were extracted. It was
found that land salinization over the 20-year study period has
undergone a process of improvement. Severe and high
salinization land decreased significantly. It is more feasible to
extract salinization information using the feature space model of
albedo-SI.
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