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Abstract: The Songnen Plain of the Northeast China is one of the three largest soda saline-alkali
regions worldwide. To better understand soil alkalinization and salinization in this important
agricultural region, it is vital to explore the distribution and variation of soil alkalinity and
salinity in space and time. This study examined soil properties and identified the variables to
extract soil alkalinity and salinity via physico-chemical, statistical, spectral, and image analysis.
The physico-chemical and statistical results suggested that alkaline soils, coming from the main
solute Na,CO3 and NaHCOj; in parent rocks, characterized the study area. The pH and electric
conductivity (EC ) were correlated with both narrow band and broad band reflectance. For soil pH,
the sensitive bands were in short wavelength (VIS) and the band with the highest correlation was
475 nm (r = 0.84). For soil EC, the sensitive bands were also in VIS and the band with the highest
correlation was 354 nm (r = 0.84). With the stepwise regression, it was found that the pH was sensitive
to reflectance of OLI band 2 and band 6, while the EC was only sensitive to band 1. The R? Adgj (0.73
and 0.72) and root mean square error (RMSE) (0.98 and 1.07 dS/m) indicated that, the two stepwise
regression models could estimate soil alkalinity and salinity with a considerable accuracy. Spatial
distributions of soil alkalinity and salinity were mapped from the OLI image with the RMSE of 1.01
and 0.64 dS/m, respectively. Soil alkalinity was related to salinity but most soils in the study area
were non-saline soils. The area of alkaline soils was 44.46% of the basin. Highly alkaline soils were
close to the Zhalong wetland and downstream of rivers, which could become a severe concern for
crop productivity in this area.

Keywords: soil alkalinity; soil salinity; spectral signature; Landsat 8 OLL; Songnen Plain

1. Introduction

Soil alkalinization and salinization is the process of accumulation of free salts such as Na*, K,
Ca?*, Mg?*, and CI~ in subsoil and groundwater, which leads to soil degradation and hinders the
growth of plants [1,2]. When Na* is the main source of salinization, it is also called sodification that is
usually associated with increasing pH of soil. Development of salinity, alkalinity, and sodicity in soils
decreases productivity in croplands and limits the diversity of grass species in pastureland [3].
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The Songnen Plain in the Northeast China is one of the three largest soda saline-alkali regions
in the world [4]. The saline-alkali soils in this region can be explained by soil parent material,
terrain, and climate. Firstly, the plain is surrounded by the Changbai, Xiaoxing’an, and Daxing’an
Mountain Ranges where alkali rocks contain abundant sodium aluminosilicates such as orthoclase,
plagioclase, albite, sodalite, and nepheline [5]. These alkali rocks serve as parent materials of soil and
are closely related to soil alkalinization and salinization in this region. Secondly, the neotectonic
movement shaped the plain’s geomorphic pattern that favors soil salinizing and alkalizing [5].
Surrounded by mountains on three sides, the plain has poor drainage characterized with closed
flows, ephemeral rivers, and wetlands on flat landscapes. Drainage is often blocked and salt could
not leach out [6]. Most salt-affected areas are related to the lacustrine depressions, especially where
temporary waterlogging occurs because of insufficient natural drainage [1]. Thirdly, the plain has a
typical continental monsoon climate with annual air temperature varying from —18 °C to 23 °C and
annual precipitation from 300 mm to 600 mm [7]. The average annual evaporation is 1200-1800 mm
that is 2-3.5 times higher than annual precipitation [8]. Soluble saline compounds are thus accumulated
in soils, resulting in soil salinization and alkalinization. Within this climate, the freeze-thawing process
is closely related to soil alkalinization in the plain [9]. During the freezing stage, water in the bottom
soil moves up and salt is accumulated in the frozen layers. In thawing stage, salt in the frozen layer is
transported to the topsoil by strong evaporation. In this process, the frozen layers block the soil-water
exchange between soil surface and groundwater [10]. Additionally, human-related factors such as
intensified agricultural management for crop and livestock production also play important roles in
soil alkalinization and salinization. Soil alkalinization and salinization, especially in grasslands, are
one of the most severe environmental threats to the cold, fragile, eco-systems of the Songnen Plain.
Currently, salt-affected land accounts for about 18.8% of the plain and newly salinized /alkalized land
has been observed every year [1,4].

Alkalinization and salinization are primary causes of soil degradation and productivity reduction.
Being involved in complex physical and chemical interactions, these processes could occur within a
time period as short as one decade and are generally irreversible [11]. Therefore, it is vital to explore the
processes and variety of alkalinity and salinity in both spatial and temporal dimensions. Past studies
have been conducted to quantify soil alkalinity and salinity via physico-chemical analysis. In such a
measure of soil acidity or alkalinity [12,13], the pH is an important indicator of soil healthiness. Plants
can take up nutrients from soil only when pH is in a moderate range (6.0-7.5). In highly alkaline
soils, iron, manganese, and phosphorus are less available [14]. It is commonly accepted that soil with
pH above 7.5 is considered alkaline [15,16]. Alkalinization, the increase of soil pH, is also associated
with sodification [1]. The exchangeable sodium percentage (ESP) is an indicator of sodic /non-sodic
characteristics. Soil salinity is often measured by EC of the soil/water suspension that estimates the
total amount of dissolved ions in water [17]. According to Rhoades [18], an EC threshold of 4 dS/m
defines the boundary between saline and non-saline soils.

Remote sensing is an efficient tool to expand the physico-chemical analysis to large spatial scales
in a span of decades. For example, Dwivedi [19] applied the Landsat MSS data to examine the
temporal changes of salt-affected soils in the Indo-Gangetic alluvial plain. With principal component
analysis, the study extracted soil brightness and vegetation greenness from spectral reflectance to
examine the changes in the extent of salt-affected soils. In Shamsi et al. [20], the moderate resolution
imaging spectroradiometer (MODIS) images were used to produce soil salinity maps. The MODIS
imagery, assisted with soil sampling data, was also used to measure soil salinity in the Red River
Valley [21]. Visual interpretation of false color composite (FCC) could detect different levels of
soil alkalinity and salinity [22,23]. However, analytical interpretation relied on human experiences,
which made the results subjective and less comparable in different seasons. Digital image processing
techniques were also applied to detect soil salinity/ alkalinity using multi-spectral imagery. In
Metternicht and Zinck [24], six TM bands were used to classify salt- and sodium-affected soil types.
Metternicht [25] applied the fuzzy logic to detect salt types based on anion ratios from a Landsat



Remote Sens. 2016, 8, 163 3of 16

TM image in a salt-affected area of Bolivia. Different classifiers were evaluated in Dwivedi and
Sreenivas [26] to test the accuracies of mapping salt-affected soils in the Indo-Gangetic alluvial plains.
A stepwise regression procedure was performed to extract the relationship between MODIS bands,
ratios, principal components (PCs), and soil property variables [20]. These image-based efforts,
however, are strongly affected by sensor resolutions, seasons of image acquisition, study areas, and
the applied methods [27,28].

Limited by the broad band spectral properties, classification accuracies were commonly
low in these studies. Attempts have been made to study soil salinity and alkalinity with field
spectra and hyper-spectral imagery. Curve configurations of spectral signatures extracted from
hyper-spectral imagery could be the most important clues to characterize soil salinity and alkalinity [29].
Exploring spectral data in the partial least-squares regression model (PLSR), Wang et al. [30] found that
the reflectance in visible (VIS) bands (400-750 nm) was more sensitive to soil pH than other spectral
regions. Ong and Cudahy [31] estimated soil pH using lab spectra and airborne hyperspectral sensor
(Hymap) image. A soil salinity spectral index was constructed at 2052 nm and 2203 nm to estimate
soil salt content from a Hyperion image to map soil salinity [32]. Liu et al. [33] used soil spectral
index derived from continuum removal to predict pH values and evaluate the salinity degrees of
soda saline-alkali soil in the west of Jilin province, China. The availability of hyper-spectral imagery,
however, is limited, which makes the above-mentioned approaches less applicable.

Recent attempts began to combine spectra and multi-spectral imagery to estimate soil alkalinity
and salinity over a large area. Bannari et al. [34] found that the shortwave infrared (SWIR) range was
superior in detecting soil salinity and sodicity, and two indices from the EO-1 ALI image were built to
differentiate slightly and moderately saline and sodic soils. Fan et al. [35] estimated soil salinity from
the ALI-convolved field spectra in the Yellow River Delta in China.

The aim of this study is to investigate the potential of mapping soil alkalinity and salinity from the
Landsat 8 OLI image assisted with soil physico-chemical measures and spectra in northern Songnen
Plain. In order to select sensitive bands to soil pH and EC, physico-chemical and spectral analyses
of soil samples were conducted. Relationships between spectral reflectance and soil alkalinity and
salinity were then explored in stepwise regression models. The models were finally modified and
applied to the OLI image to map soil alkalinity and salinity in the study area.

2. Materials and Methods

2.1. Study Area

The Wuyu’er-Shuangyang River Basin is located in northern Songnen Plain, covering an area of
23,000 km?2. There are several towns of Fuyu, Yi'an, Baiquan, Keshan, and Bei’an in the basin (Figure 1).
The climate is temperate monsoon continental with annual average precipitation and temperature
approximately 415 mm and 3.2 °C, respectively. The mean elevation is about 207 m. Its northeast
border is hilly upland and the southwest border is wetland. Terrain of the study area is low and flat
dominated with cultivated lands. Within this closed-flow basin, two ephemeral rivers, the Wuyu’er
River and Shuangyang River wander through the central area and flow into the Zhalong wetland in
the south (Figure 1). Grasslands distribute near the rivers and the wetland. The basin contains six soil
types defined in the FAO-90 Revised Soil Classification System (Figure 2). Phaeozems and chernozems
are the primary soils in the basin, characterized as dark color and high soil organic matter content.
Different degrees of saline-alkali soils are also found in the basin.
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Figure 1. The Wuyu’er-Shuangyang River Basin in the Songnen Plain, Northeast China.
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Figure 2. Soil types of the study area and distributions of soil sample sites.

2.2. Data Sets and Preprocessing

2.2.1. Soil Samples and Preprocessing

As shown in Figure 2, a total of 59 soil sampling sites were collected in the period of October 2013
to May 2015. The triangular cluster plot approach was applied to collect soil samples [20]. At each site
four samples were collected. In grasslands with relatively homogeneous grass covers, one sample was
collected at the central point and the other three were spread 30 meters away surrounding the central
point. In cultivated lands, the four points were the corners of a 20-m rectangle. The GPS locations of
all sample points were recorded. All soil sample data sets are listed in Table 1. In total, 221 topsoil
samples were collected at 45 of the 59 soil sample sites. Spring was the optimal season for estimating
soil alkalinity and salinity because of salt accumulation in the topsoil and limited vegetation cover.
Among these, 113 samples collected in spring (April and May) of 2014 and 2015 were used to calibrate
and validate the predictive models. 108 (the rest of 221) samples collected in autumn of 2013 were used
to analyze soil physico-chemical properties, providing basic information for further spectral analysis.
Fourteen soil samples in the rest (14 of 59) sites were collected on 26 April 2014 and 5 May 2014, close
to the dates of the OLI image acquisition. These samples were used to perform an accuracy assessment
of the OLI-derived alkalinity and salinity. These 14 sample sites were widely distributed in the study
area and in different degrees of saline-alkali soils. All samples were air-dried, grounded and put
through 2-mm sieves [36] to remove water, large debris, stones, and stubble before physico-chemical
and spectral analysis.
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Table 1. Soil sample data sets used in this study.

Data sets Samples Types Time Measurements

Spectral properties cultivated lands

analysis and PreFllctlve 113 and grasslands spring 2014, 2015 pH, EC, spectra
model building
. . . cultivated lands pH, EC, contents of
Soil properties analysis 108 and grasslands Autumn 2013 cight ions, ESP
Accgracy assessment 14 cultivated lands spring 2014 pH, EC
of image inversion and grasslands

2.2.2. Soil Spectra and Preprocessing

Lab spectra of soil samples were recorded with the SVC (Spectra Vista Corporation, USA) HR 1024i
field spectrometer in the 350-2500 nm spectral range with sampling intervals of 3.5 nm (350-1000 nm),
9.5 nm (1000-1850 nm), and 6.5 nm (1850-2500 nm). Spectra of the air-dried, grounded, and sieved soil
samples were measured in lab with natural sunlight at 10:00 AM to 14:00 PM in clear days. Instead of
in-field spectral measurement, our method reduced spectral noises from soil water, roughness and
debris [37] and therefore, the recorded spectra were primarily related to soil’s physico-chemical
properties that we explored in this study. Dishes of 7.5 cm diameter and 2 cm depth were overfilled
with soil and laid on a black background cloth. With the SVC spectrometer, spectral signatures
(350-2500 nm) were collected at a height of 10 cm above soil surface at a nadir position and 25° field of
view (FOV). For each sample, five reflectance spectra were measured and averaged into one spectral
curve with the SVC HR 1024i PC data acquisition software. Spectra were smoothed and then regions
matching each OLI image band were re-sampled to represent the corresponding OLI band.

2.2.3. Soil Physico-Chemical Measurement

Each soil sample was put through 1-mm sieves and mixed with deionized water. After shaking,
centrifuging and filtering, clear soil-water mixtures were used for physico-chemical measurement.
The pH of the 1: 2.5 soil-water mixtures [38] was measured with the pH Meter (LEICI PHS]J-5).
The EC of the 1:5 soil-water mixtures [18] was measured with the Conductivity Salinity Meter
(LEICI DDS-307) and transformed into the 25 °C equivalents. Contents of eight ions were also
measured in the 1:5 soil-water mixture: K*, Na*, Ca>* and Mg?* were measured with the inductively
coupled plasma optical emission spectrometer (ICP-OES); CO32~ and HCO3~ were measured with
the hydrochloric acid (HCl) method; SO4%~ was measured with the ethylene diamine tetraacetic
acid (EDTA) complexometric titration method and Cl~ was measured with silver nitrate (AgNO3)
titration method. Finally, the ESP was measured with the exchange method using the ammonium
acetate-ammonium hydroxide [39] and the ICP-OES.

2.2.4. Satellite Imagery and Preprocessing

Satellite images from the Landsat 8§ OLI were used in this study. The OLI imagery has seven
multi-spectral bands in VIS-SWIR region at 30-m spatial resolution [40]. In comparison with other
Landsat systems (TM and ETM+), the OLI has a new “deep blue” band, which may provide additional
information about soil properties in this study.

Three OLI images acquired on 17, 30 April and 3 May 2014 covering the study area were
downloaded at the United States Geological Survey (USGS) GloVIS Data Center [41]. At this time,
vegetation has not started to grow in this cold region and therefore, its effects on soil spectra were
limited. The images were geo-referenced using 30 ground control points selected from the 1:50,000
topographic maps, reaching a root-mean-square error less than half pixel. For atmospheric correction,
the Fast Line-of-Sight Atmospheric Analysis of Spectral Hypercubes (FLAASH) module was used to
convert digital numbers to surface reflectance. The FLAASH model incorporates the MODTRAN 4
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radiation transfer functions to calculate the atmospheric interference of land-reflected signals relying
on built-in aerosol models [42]. Kruse [43] found that the FLAASH-corrected reflectance spectra
were generally similar and matched to that of field image spectra within approximately 5% absolute
reflectance at most wavelengths in the 400-2500 nm spectral range. In this study, the OLI images were
atmospherically corrected with the FLAASH in ENVI 5.1 software.

Vegetation atop of soil surface reduces the sensitivity of remote sensing signals to soil. Here we
adopted the thresholding of the normalized difference vegetation index (NDVI) to identify non-soil
pixels. Following other studies [32,44], pixels with NDVI > 0.3 were assumed vegetated. Snow, ice,
and water bodies were identified with NDVI < 0.05. Other land cover types, such as paddy fields,
residential, and roads were masked via visual interpretation. Only bare soil pixels were examined in
this study.

2.3. Methodological Approach

Correlation analysis was performed to detect spectral sensitivities to the physico-chemical
variables of soil. Correlation coefficient is a measure of the strength and direction of the relationship
between two variables [45]. The 0.05 probability level was used to test the significance of the correlation.

The statistically sensitive bands were then used to establish stepwise regression models to extract
soil alkalinity and salinity. The coefficient of determination (R?), adjusted R? (R? Adj), and RMSE were
calculated to evaluate the validity of the modeling process. The R? explains the goodness of fit between
the predicted and observed values. The R? Adj adjusts the over-fit of the regression. The RMSE indicates
the absolute estimation error. These metrics can be calculated as:

n 12
R o1 D (-1 "
i1 (Y =Y)

2__11—1
n—k—1

2
RMSE - 1| Dhea (Y=Y
n

(1-R?) @)

®)

where Y and Y’ are measured and predicted values, respectively. Y is the average of observed values,
n is the number of observation and k is the number of variables.

Collinearity from the closely inter-related variables may lead to an unpractical model and high
prediction errors. In this study, it seems inevitable in the regression because reflectance among different
spectral bands is highly inter-related. Here the variance inflation (VIF), condition index, and proportion
of variation were used to examine the collinearity in the regression model. The VIF is the reciprocal
of tolerance that determines to what extent the independent variables are linearly related to one
another. The condition indices are the square roots of the ratios of the largest eigenvalue to each
successive eigenvalue. The proportion of variation is the percentage of the variance of the variable that
is associated with the eigenvalue [46,47]. In this study, the thresholds of VIF > 10, condition index > 30
and proportion of variation > 50% were used to define the collinearity.

3. Results

3.1. Salinity and Alkalinity Properties of Soil Samples

It is commonly accepted that soil with pH above 7.5 is considered alkaline [15,16]. As shown in
Table 2, the pH values of all samples ranged from 5.34 to 10.72, with an average of 7.92 and median of
8.00. Therefore, most soils in the study area were alkaline. The EC values ranged from 0.05 dS/m to
17.80 dS/m, with an average of 0.76 dS/m and a median of 0.28 dS/m. An EC threshold of 4 dS/m is
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commonly accepted as the boundary between saline and non-saline soils [31]. Most soils in the study
area were characterized as non-saline soils.

Table 2. Descriptive statistics of soil physico-chemical measurements.

Data-Set Mean Maximum  Minimum SD Median  Confidence Interval *
pH 7.92 10.72 5.34 1.65 8.00 7.68-8.16
EC (dS/m) 0.76 17.80 0.05 1.76 0.28 0.51-1.00
SO42~ (mg/L) 284.32 522.43 3.72 115.63 283.81 266.41-302.24
HCO;™ (mg/L) 147.68 1507.00 55.57 120.26 127.86 129.05-166.32
CO32~ (mg/L) 47.62 314.52 0 90.03 0 33.67-61.57
Na* (mg/L) 154.94 808.50 7.28 132.34 129.23 134.43-175.44
K* (mg/L) 7.41 28.89 3.06 3.55 6.45 6.87-7.96
Ca?+ (mg/L) 116.85 177.80 43.45 23.94 112.75 113.15-120.56
Mg2+ (mg/L) 16.90 59.85 4.78 7.37 15.64 15.76-18.04

* Significant at the 0.05 probability level.

Alkalinization and salinization are resulted from concentration of water-soluble salts in soils.
The contents of the eight ions of soil samples may reveal further information about soil alkalinity and
salinity in the study area. As shown in Table 2, the predominant anions were SO,?>~ and HCO3~, and
the predominant cations were Na* and Ca?*. The C1~ was not found in our soil samples and therefore,
was not examined hereafter.

A correlation matrix (pearson’s r) was created to examine the relationships between the
physico-chemical variables (Table 3). The relationships between pH and two ions (CO3%~ and Na*)
were highly positive (0.88 and 0.81), indicating the presence of alkaline soils in the study area.
The soluble salts containing S0,2~ are neutral, while alkaline sodic soils contain Ca?* as CaCO;
that is insoluble at high pH [48]. The NayCOj3 (sodium carbonate) and NaHCO3 (sodium bicarbonate)
were alkaline soluble salts that contributed to soil alkalinity in the study area. The correlation coefficient
between pH and HCO3;™ was low (0.18). The pH value of Nap,COj3 solution was higher than that
of NaHCOj; solution even though they had the same amount of substance. Therefore, CO32~ was
better than HCO; ™ in explaining high pH in spite of low content. High correlation (0.81) between
Na* and pH in Table 3 also suggests that Na* was another important variable to explain soil alkalinity.
High correlation between Na* and CO3%~ (0.86) suggests that Nap,CO3; was the main solute salt
contributing to soil alkalinity. The correlation coefficient between EC and pH was high (0.77).
Moreover, the relationships between EC and two ions (CO32~ and Na*) were very high, reaching 0.87
and 0.93, respectively. These indicated that soil salinity was highly correlated with its alkalinity in the
study area. The correlation coefficient between EC and Na* was higher than that between pH and
Na™*, which suggested other non-alkaline salts contributing to EC.

Table 3. The correlation matrix among pH, EC, and salt ions.

Data-set EC pH S04~ HCO3;~ CO32~ Na* K* Ca* Mg+
EC 1

pH 0.77 * 1

S042~ —0.17 —0.26 1

HCO3~ 0.25 0.18 0.0006 1

CO32~ 0.87 * 0.88 * —0.32 0.15 1

Na* 0.93 * 0.81* —0.17 0.33* 0.86 * 1

K* —0.12 —0.23 0.17 —0.09 —0.05 —-0.15 1

Ca?t -032  —039*  041* —0.04 -028  —031*  048* 1

Mg2* 0.13 0.21 0.32 —0.04 0.19 0.09 0.35 0.35 1

* Significant at the 0.05 probability level.
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Alkalinization, the increase of pH of soil, is associated with sodification in which Na™ is the main
salt of salinization and is the typical characteristics of sodic soils [1]. Soluble carbonate in the form of
Na,;CO3 and NaHCOs3 usually appears at high pH (>8.4) and enhances soil sodicity [49]. In this study,
the HCO;~ was detected in all samples but CO3%~ was only observed in 44 samples that had high
pH values. The ESP measurements were used to test soil sodicity. Among soil samples with pH > 8.5,
there were 11 samples with ESP values higher than 15, showing that there were sodic soils in the study
area and the sodification was associated with high pH values.

3.2. Spectral Properties of Sample Soils

For demonstration purpose, spectra curves of all soil samples were categorized into five soil
alkalinity (pH) levels and four soil salinity levels (EC). Five soil alkalinity levels are strongly alkaline
(pH > 9.5), moderately alkaline (9.5 > pH > 8.5), slightly alkaline (8.5 > pH > 7.5), moderate
(7.5 >pH > 6.5), and acidic (pH < 6.5) as described in Song [16]. As well, four soil salinity levels
are strongly saline (EC > 16 dS/m), moderately saline (16 dS/m > EC > 8 dS/m), slightly saline
(8 dS/m > EC > 4 dS/m), and non-saline (EC < 4 dS/m) as described in Metternicht and Zinck [24].
In combining these two soil properties, all soil samples were finally categorized into seven pH-EC
levels: unaffected soils (pH < 7.5, EC < 4 dS/m), slightly alkaline and non-saline, moderately alkaline
and non-saline, strongly alkaline and non-saline, strongly alkaline and slightly saline, strongly alkaline
and moderately saline, and strongly alkaline and strongly saline. Spectra of soil samples in each class
were averaged into one average spectrum and demonstrated in Figure 3.

60
40 o

30+

pH>9.5 EC >16dS/m
— pH >9.5 8dS/m< EC <16dS/m

—— pH >9.5 4dS/m<EC< 8dS/m

spectral reflectance (%)

20

— pH=>9.5 EC< 4dS/m
104 ——8.5<pH <9.5 EC< 4dS/m
—0o—7.5<pH <8.5 EC< 4dS/m
S pH <7.5 EC< 4dS/m
0 T T T T T 1
0 500 1000 1500 2000 2500 3000

Wavelength(nm)

Figure 3. Average soil spectra at 1 nm interval for soil samples with seven pH-EC levels.

Figure 3 illustrates spectral characteristics of different soil alkalinity and salinity classes.
Generally, spectral curves of soils had similar shapes, with increasing reflectance from VIS to NIR
and remaining high reflectance in SWIR. The exceptions were two distinct wavy troughs and three
slight absorption troughs. The two distinct wavy troughs were near 1400 nm and 1900 nm from
water absorption. These should be counted as noises from water vapors in air and moisture residue
in air-dried soils. The three slight absorption troughs were near 1180 nm, 1670 nm, and 2220 nm.
At shorter wavelengths (VIS-NIR), acid soils (pH > 6.5) had apparently lower reflectance than alkaline
soils (pH > 7.5) and strongly alkaline soil had higher reflectance than moderately and slightly alkaline
soils. The trends were disturbed at SWIR range.

With all soil samples, the correlation coefficients between pH, EC, and the 1-nm lab spectral
reflectance were calculated (Figure 4). The two water absorption bands near 1400 nm and 1900 nm
were excluded. The correlation coefficients in VIS-NIR ranges were very high (0.84) although there
was a decreasing trend in SWIR (0.23). The correlation coefficients of pH were higher than that of EC
in almost all VIS and NIR wavelengths but the trend was reversed in SWIR wavelengths. The bands
with largest correlation coefficients to pH and EC were 475 nm (0.84) and 354 nm (0.84), respectively.
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The largest correlation coefficients to pH in three slight absorption troughs were 0.59, 0.23, and 0.28
(1180, 1670, and 2205 nm). For EC, the largest correlation coefficients in three slight absorption troughs
were 0.63, 0.41, and 0.40 (1180, 1670, and 2209 nm).

1.04
0.8
0.6

0.4

Correlation coefficients

T T T T T 1
0 500 1000 1500 2000 2500 3000

wavelength (nm)

Figure 4. Correlation coefficient curves between pH, EC, and soil spectra at Inm interval.

3.3. Sensitivity of Broad Band Reflectance

The narrow band spectral features in Figure 3 and their relationships with pH and EC in Figure 4
may not be easily detected in broad band satellite imagery. In order to assess the sensitivity of broad
band reflectance to soil alkalinity and salinity, we resampled all lab spectra of soil samples into the
bandwidths of the 7-band OLI image and re-calculated the correlation coefficients (Table 4).

Table 4. Pearson correlation coefficients between pH, EC, and the resampled broad band reflectance
(matching band1 -7 of the OLI image).

Data-Set pPH EC b1l b2 b3 b4 b5 b6 b7
PH 1
EC 0.51* 1
b1 0.82 * 0.78 * 1
b2 0.82 * 0.77 * 1* 1
b3 0.81 * 0.75 * 1* 1* 1
b4 0.79 * 0.72* 0.98 * 0.99 * 1* 1
b5 0.73 * 0.66 * 0.94* 0.95 * 0.98 * 0.97 * 1
b6 0.30 * 0.41* 0.62* 0.62* 0.64 * 0.66 * 0.77 * 1
b7 0.26 * 0.35* 0.54 % 0.54 * 0.56 * 0.58 * 0.67 * 0.96 * 1

* Significant at the 0.05 probability level.

After resampling, the coefficients between pH, EC, and 7 OLI-like bands were slightly lower
than those of narrow band spectra, and a decreasing trend was also observed from band 1 to band 7.
As highlighted in the Table 4, the correlation coefficients between pH and the first four bands were
higher than 0.75. The correlation coefficients between EC and the first three bands were higher than
0.75. These bands with higher correlations were potentially sensitive bands to detect soil alkalinity and
salinity. Strong correlations between these broad bands were also clear, indicating collinearity between
these bands.

3.4. Stepwise Regression for Estimating Soil pH and EC

Soil pH and EC were estimated with the stepwise regression models. When developing each
model, soil samples were randomly divided into a calibration set (two-thirds) and a validation set
(one-third). The calibration set was used to build the model and the validation set was to evaluate the
accuracy of predicted results. The variables in a stepwise regression model can be kept only when
all of the three thresholds meet: VIF > 10, condition index > 30, and proportion of variation > 50%.
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Finally, at the 0.05 significant level, only band 2 and band 6 were found contributing to the regression
model for pH prediction. Other bands were eliminated in the stepwise process because of their strong
collinearity. Similarly, only band 1 contributed to EC prediction. The models were described as:

pH = 7.84 + 0.46b2 —0.12b6 (4)

EC = —3.35 + 0.56b1 ®)

where bl, b2, and b6 were reflectance of the resampled, OLI-like band 1, band 2, and
band 6, respectively.

Detailed descriptive statistics of both models are listed in Table 5. The values of R? and R? Adj of
calibration set revealed high goodness-of-fit of the two models. For pH prediction, the VIF, condition
index and proportion of variation (Table 5) confirmed that there was no clear collinearity between the
two bands in Equation (4). With the validation set, the values of R? were 0.75 and 0.52. The two values
were comparable with those of calibration set. The RMSE of pH reached 0.98 and that of EC reached
1.07 dS/m, respectively. These indicated that the two models could be used to estimate soil alkalinity
and salinity. But the slope values were 0.61 and 1.49, which indicated underestimation of soil alkalinity
and overestimation of soil salinity.

Table 5. Performance statistics of the stepwise regression models to estimate pH and EC.

Model Calibration Set Collinearity Diagnostics Validation Set
ode
R? R? Adj  Variance Inflation  Proportion of Variation ~ Condition Index RMSE R? Slope
pH 0.74 0.73 2.11 45.77% 99.26% 18.94 0.98 0.75 0.61
EC 0.73 0.72 - - - 1.07dS/m 052 1.49

3.5. Soil EC and pH Distributions in the Study Area

With the two models above, the pH and EC distributions were derived from the OLI images as
shown in Figures 5 and 6. The non-soil area, which was mostly water (6.12%), developed lands (4.34%),
and green vegetation (17.10%) with NDVI > 0.3, covered 27.56% of the basin and was masked out
in this study. A small piece of the area in the west end of the basin (2.43%) was not covered in the
OLIimage.
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Figure 5. Spatial distribution of soil alkalinity across the basin.
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Figure 6. Distributions of soil salinity across the basin.

As shown in Figure 5, non-alkaline soils (pH < 7.5) cover 25.55%, and alkaline soils (slight,
moderate, strong) are 44.46% of the basin. Therefore, soil alkalinity was an important characteristic
in the study area. Geographically, it varied from low to high across the northeast to southwest of the
basin. This trend agreed with the landscape of the study area, suggesting that soil alkalinity came from
parent rocks and became concentrated nearby the Zhalong wetland and downstream low elevations in
the south.

For the estimated EC values, most areas of the basin were dominated with non-saline soils
(Figure 6). In Figure 6, saline soils were nearly the Zhalong wetland and rivers with limited physical
accessibility. The saline soils only covered 0.23% of the basin. Among all saline soil pixels, those in
the slightly saline level were 0.21% and those in the moderately saline level were 0.02% in the basin.
Strongly saline soil was only 0.0006% in the basin and could not be clearly displayed in the figure. This
suggested that soil salinization was not a big concern in the basin. Comparing Figures 5 and 6 saline
soils were also strongly alkaline, but strongly alkaline soil was not necessarily highly saline. Areas of
soil salinization (saline-alkali soils) were distributed between the wetland and downstream of the two
rivers sporadically, as well as in the north of the Shuangyang River.

Accuracies of the two figures were assessed with pH and EC measurements at the 14 soil sample
sites, reaching the RMSE of 1.01 for pH estimation and 0.64 dS/m for EC estimation in the study area.

4. Discussion

4.1. Soil Characteristics of the Study Area

The physico-chemical and spectral analyses of soil in the Wuyu’er-Shuangyang River Basin
provided fundamental information for understanding soil properties and developing statistical models
to estimate soil alkalinity and salinity from satellite imagery. The pH and EC analysis showed that
most soils in the watershed were alkaline. Saline soils were also alkaline soils but their distributions
were rare in the study area. The ESP measurements showed there was slight sodification in the study
area. These reflected typical characteristics of soda saline-alkali soils in the Songnen Plain. The contents
of HCO3~, CO32~, and Na* were high and their contributions to soil alkalinity and salinity were also
high. However, SO4%>~ was an exception. The content was high but the contribution to soil salinity
was low, which deserves further exploration in future research.

4.2. Potential Use of Soil Spectra for Soil Alkalinity and Salinity Retrieval

Spectral analysis revealed high correlation between spectral reflectance and physico-chemical
properties of soil in the VIS-NIR-SWIR spectral region. The correlation coefficients in VIS and NIR
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bands were higher than those in SWIR bands. Our findings were in agreement with Ong and
Cudahy [31], Lopez-Granados et al. [50], and Stoner [51] who found that spectral variations in 350-1200
nm were highly related to the changes of the soil pH, and the relationships were much higher in
shorter wavelengths. According to Bear [52], organic matter, water, and oxidation were influencing
factors of pH and color association. For air-dried soil used in this study, the primary influence was
organic matter. According to Liu et al. [33], the pH and EC had negative relation with organic matter
of soda saline-alkali soil in the west of Jilin province that was part of Songnen plain. Moreover, the
positive relationship between pH and EC in our study agreed with the above-mentioned studies.
Solution of alkaline salts results in high pH and declines the organic matter in soda saline-alkali
soil [33], which further affects the color of soda saline-alkali soil [53]. The shorter VIS wavelength has
an advantage to reflect the variation of soil color than longer wavelengths. Similarly, our study found
good relationships between EC and spectral reflectance especially in shorter wavelength bands.

Oppositely, Bannari et al. [34] found that the SWIR range had higher advantages than VIS and NIR
in detecting soil salinity and sodicity. Similar result could be found in other research [24]. The sodicity
classes in Bannari ef al. [34] were lower than those of our study. Soil salinity was highly related to soil
alkalinity that influenced soil organic matter as mentioned above. This might be the reason that high
alkaline and saline soils in our study area were better distinguished in VIS than longer wavelengths.

Moreover, the average spectral curve of slightly saline soil was close to that of highly alkaline soil
in VIS wavelengths, making it difficult to distinguish between these two soils in this spectral region.
Similar observations could be found in [37,54]. This might result in estimating error of soil EC because
the EC model in our study was constructed using OLI band 1. This error is not a big concern in this
study area because of the limited coverage of saline soils.

4.3. Potential Use of OLI Image for Soil Alkalinity and Salinity Retrieval

Assisted with intensive lab spectra of soil samples, our study tested the feasibility of the Landsat
8 OLI image in mapping soil alkalinity and salinity. Past studies (e.g. Fan et al. [35]) reported that soil
alkalinity /salinity retrieval with broad band imagery may become questionable due to its insufficient
spectral resolution. The OLI image has relatively narrower bandwidths than other Landsat systems
such as TM and ETM+, which may be superior in soil alkalinity /salinity inversion. In our results,
although correlation coefficients became lower due to band aggregation, significantly high relationships
were observed between OLI bands and soil pH and EC. Among the OLI bands, band 2 (blue) had the
highest correlation to pH (0.82) and band 1 (deep blue) had the highest correlation to EC (0.78), which
were comparable with 1-nm lab spectra of 475 nm (0.84) and 354 nm (0.84). Therefore, OLI image could
be applied to map soil alkalinity and salinity in a large spatial extent.

OLI band 2 and 6 that were selected in a stepwise regression model to estimate soil pH. From the
regression coefficients, the band 2 was a primary variable, indicating the collinearity between the
two bands was very slight. The stepwise regression model to estimate soil EC was constructed with
OLI band 1 and was a single variable regression indeed. Equation (4) could estimate soil pH from
acidic to high alkaline. Equation (5) could estimate soil EC from very slightly content to very high
content (non-saline to high saline). Both models reached fairly good accuracies. These also indicated
the feasibility of the stepwise regression models in estimating soil alkalinity and salinity in the study
area as well as the Songnen Plain in a larger extent. As for the season, spring was the optimal season
for estimating soil alkalinity and salinity because of salt accumulations and limited vegetation. Models
derived from soil samples in spring might result in uncertainties when they are applied to images
acquired in other seasons.

It should be noted, however, lab spectra in our study were measured under ideal conditions
where the effects of soil roughness, moisture, and vegetation remnants were removed. These effects
in situ may result in underestimation in OLI-based assessment. The dry spring condition in our
study sites was characterized with low soil moisture and limited impacts from green vegetation and
geomorphology. Although these are not directly comparable with lab-measured physical-chemical soil
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characteristics, we consider this is the best comparison that can be done in this study. Furthermore,
reflectance of the OLI band 1, at its short wavelength of deep blue, is strongly affected by atmospheric
scattering and absorption. Therefore, atmospheric correction of the OLI imagery is mandatory for
reasonable retrieval of soil salinity. Recent release of Landsat 8 OLI products includes the surface
reflectance data sets [41]. If this product is proven atmospherically corrected, it may be better applied
in soil alkalinity and salinity mapping than other satellite images.

4.4. Geographic and Land Use Consideration of Soil Alkalinity and Salinity

The study basin is part of the Songnen Plain in the Northeast China, a typical saline-alkali soils
region. Our results suggested that soil alkalinity in the plain was strong and widespread, but soil
salinity was less dominant and was accompanied with alkalinization. The most strongly alkaline and
saline-alkali soils were close to the Zhalong wetland and the downstream of rivers. According to
Wang et al. [1], the distribution of soil salinity and alkalinity is affected by geomorphic structure.
Alkalinization often occurs in the lower landscapes, such as rivers and closed-flow areas, where
ground water is rich in carbonates of sodium and other salts. These areas are mostly pastures and
croplands. Strong soil alkalinization and crop productivity degradation should be taken into serious
consideration for sustainable agricultural management. Nevertheless, soil dynamics and different
agricultural managements should not be neglected in such an important agricultural region. With the
framework initialized in this preliminary study, further investigations will be conducted to explore the
sensitivity and uncertainty of remote sensing-assisted soil mapping at a regional scale. The dynamics
of soil alkalinization and salinization in spatial scale and the driving forces in temporal scale are our
focuses in future study.

5. Conclusions

This study conducted soil spectral and physico-chemical analyses and developed the stepwise
regression models to map soil alkalinity and salinity using the OLI image. With soil spectra, good
correlations between pH, EC, and the 1-nm reflectance were observed. After band aggregation, the
OLlI-estimated pH and EC distributions reached the adjusted R? values of 0.73 and 0.72, respectively.
Alkaline soils (pH > 7.5) covered 44.46% of the basin, coming from the dominant salt ions of Na*,
HCO;~, and CO3%™ in parent rocks. The saline soil (EC >4 dS/m) only covered 0.23% of the basin and
was actually saline-alkali soil. However, saline soils should not be ignored in the study area because
soil salinization is accompanied by soil alkalinization. The alkaline soils and saline-alkali soils were
mostly distributed in the low-elevation areas nearby the Zhalong wetland and downstream of rivers.
Our findings indicated the feasibility of estimating soil alkalinity and salinity from the OLI imagery.
The approaches developed in this study were useful to extract spatial distributions of soil properties in
the Songnen Plain, Northeast China, which may provide useful information for further assessment of
soil alkalinization and salinization over space and time in such an important agricultural region.
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