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Retrieval methods of soil water content in vegetation covering areas
based on multi-source remote sensing data
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Abstract:

This paper takes the delta oasis of Weigan and Kuqa rivers in Xinjiang as the study area. Fusion image of SAR

(Radar-sat image) combined with visible spectrum remote sensing image (TM image) is used to extract soil and vegetation water
content in arid oasis. Based on the Normalized Difference Moisture Index extracted from homochronous visible spectrum re-
mote sensing data, this thesis utilizes “water-cloud model” to wipe off vegetation influence from total backscattering coefficient
of radar data and sets up the relationship between soil backscattering coefficient and soil moisture. Correlation coefficient for
HH Polarization is R’ =0.5227, for HV Polarization is R*=0.3277. Result shows that in arid and semi-arid area where the main
crops are cotton and corn, the combination of C- band HH polarization radar data with visible image performs well in the study

of removing vegetation influence while retrieving soil water content in medium vegetated areas.
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1 INTRODUCTION

Soil moisture is a very important component of the earth
ecosystems, which is the tie of the surface water and ground-
water. Soil moisture plays a very important role in the global
water cycle, it is also an important parameter in the hydrologi-

cal, meteorological and agricultural research (Yuan et al., 2004).

Large-scale soil moisture monitoring is an important content of
agricultural water management and crop drought forecast-
ing .At the same time, in regional and even the global-scale,
soil moisture is also an essential parameter in the research of
the land surface processes model, Which plays an important
role in improving the regional and global climate models (Gao
et al., 2001). Recently, the monitoring of regional scale soil
moisture helps to resolve the problems of hydrological model in
arid drainage basin and monitor the growth of crops. Tradition-
ally, the estimation of soil moisture requires intensive labour
operations in the field and needs to do some complex
post-treatment processes, which are not only time-consuming,
but also difficult to obtain a wide range of synchronous soil
moisture information. The development of remote sensing
technology provides an effective means of accessing the re-
gional scale soil moisture information (Cashion et al., 2005;
Urso & Minacapilli, 2006). At present, the methods of moni-
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toring soil moisture based on remote sensing are mainly ther-
mal inertia, thermal infrared, crop water stress index, anomalies
of vegetation index and microwave remote sensing (Chen et al.,
1999; Guo & Zhao 2004). However, microwave remote sensing
has the characters of all day and night, high repeated coverage,
the penetrability through some surface objects and not restricted
by weather conditions, which make microwave remote sensing
monitoring of soil moisture widely used in arid and semi-arid
area.

Soil moisture monitoring of microwave remote sensing has
experienced 30-year history, and has been established many
backscattering coefficient models such as small perturbation
model, Kirchhoff model, two-scale model and the integral
equation model and so on. In addition, there are experience and
semi-empirical models (Baghdadi et al., 2002; Liao et al., 2002;
Wickel et al., 2001; Xiong & Shao, 2006). However, in the
vegetated areas of arid and semi-arid oasis, the application of
these retrieval models are confined by surface roughness and
vegetation coverage. Higher vegetation coverage will cause
lower estimation on soil moisture and the higher estimation on
surface roughness (Liu et al., 2005) which make the acquisition
of soil moisture became complex. The key question to the study
of soil moisture is how to eliminate the influence of surface
roughness and separate the vegetation scattering and absorption
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from the soil moisture. In these models, vegetation water con-
tent (VWC) is an important parameter. As it is very difficult to
measure the parameter in the field, people usually use the opti-
cal image to predict and then establish the relationship between
normalized difference moisture index (NDMI) and VWC.
Based on the use of optical image data, this paper uses NDMI
to estimate the study area’s vegetation water content, then, em-
ploys multi-polarization satellite-based radar data together with
microwave scattering Water-Cloud Model eliminating the im-
pact of the vegetation layer and isolating the contributions of
vegetation scattering and absorption from the total backscat-
tering coefficient, Which is the research on the estimation of
surface soil moisture in vegetated areas in arid oasis.

2 STUDY AREA AND DATA SOURCE

2.1 Status of study area

The study area in this paper locates in the north of Tarim
Basin, the lower reaches of Weigan and Kuqa Rivers, the mid-
dle of Tianshan and the north of Taklamagan desert. The aver-

age elevation is 920—1100m, which belongs to land

warm-temperate zone extreme arid climate. The average annual
evaporation is 2420.23 mm, the average annual precipitation is
43.1mm, and the ratio of evaporation to precipitation is about
54 to 1. The image range of study area is that the coordinate of
east longitude is from 82°15' to 82°53’ and north latitude is
from 41°15" to 42°36', which is confirmed according to the
samples in field. Farm belt is dominant in study area, and the
types of vegetation is not complex and is mainly composed of
cotton (55%) and corn (15%) combining with other halophytes
shrubs and salt secretion plants such as Tamarix, bulrush,
Populus eupfratica and Alhagi sparsifolia Shap.

2.2 Status of satellite data

Radarsat-2 satellite was successfully launched in December
14, 2007 at space launch base in Kazakhstan's Baikonur, it can
provide 11 kinds of beam patterns, the highest resolution is 3m,
the maximum imaging width is 500 km, and the maximum data
rate is 445.4Mb/s, the range of incidence angle is 10°—60°.

The C-Band can effectively extract soil moisture of 0—Scm

soil layer. The primary parameters of RADARSAT-2 System
are showed in Table 1.

Table1 Primary parameters of RADARSAT-2 system

Carrier frequency Polarization mode Bandwidth/MHz

Antenna dimension/m>

Antenna quality/kg ~ Active antenna  Proposed isolation/dB

C-Band (5.405GHz) HH, HV VH, VV 11.6, 17.3, 30, 50, 100

15x1.5

750 C-Band T/R >25

The multi-polarization data of Radarsat-2 in September 10,
2008 is chosen in this study, and the polarization is HH and HV.
The homochronous visible data is Landsat-5 TM data which
includes mid-infrared and near-infrared band for calculating
NDMI. The image of study area is as follows:
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Fig.2  RGB composite image of Landsat5 TM 543

2.3 Collection and analysis of samples

In this study, Landsat-5 TM data obtained in Sep 27, 2007 is
used as a reference map to choose the typical samples in the
middle and the southwest of the oasis of Weigan and Kuqa rivers
combining with GPS positioning technology. Sampling points
are selected regularly distribution as much as possible and com-
prehensive considering of the local soil, vegetation type and
other factors. Sampling time is from sep 16, 2008 to sep 26,
2008 and there are 30 located sampling points in this study. Set
5 sampling points as Plum-shape in the range of 30m of each
located points and profile mining each sample points and the

profiles of each sample are 0—5cm. Borrow these soil samples

and vegetation samples around of the soil sample dots back to
laboratories, and dry them with the weighing method to obtain
the soil avoirdupois moisture and vegetation water content.

3 PREPROCESSING

Image data pre-processing mainly includes image registra-
tion, geometric correction, noise reduction and color enhance-
ment and so on. As it is need to find out the relationship be-
tween normalized difference moisture index (NDMI) and vege-
tation water content (VWC), the atmospheric correction of TM
data is absolutely necessary. The level of SAR image data ob-
tained is SLC, so it should do noise reduction, radiometric cali-

bration and geometric correction.

3.1 Optical image processing

In order to keep the aboriginality, the image only did at-
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mospheric correction and geometric correction neglecting other
pre-processing, which assure the objectivity of estimation. Be-
cause of the impacts of atmosphere on visible-near-infrared and
thermal infrared are different, it is necessary to separately carry
out atmospheric correction using 6S model (Liu & Zhao, 2002).
While geometric correction was performed to do multinomial
correction of TM image using ground control points.

3.2 Radar image processing

3.2.1 Radiometric calibration
As the radiometric error caused by the difference of the dis-

tance between ground scattering cell and radar, it is need to be
corrected.

Radiometric calibration equations is :

o= DIEZ sin(ar) €))

where, D,? is the pixel intensity value, « is the radar incidence
angle of the target location, K is the absolute calibration factor
of the image. The values of K and « are obtained from the
header files. SIGMA parameter correction is selected.

Figure out the distance orientational incident angle of every
pixels, then RADARSAT-2 satellite image data is changed to
backscattering coefficient using the below calibration expres-
sion:

o (6) =10log(D? + 4,)/ 4y +10log(sin(8)) )
where, D, is the gray-level value of radar image, 4,, 4, are
automatic gain control coefficient of radar system, & is the dis-

tance orientational incident angle of every pixels.

3.2.2 Noise treatment
The interrelated treatment in the processing of Radar-sat

imaging causes a large number of spots (Speckle), which pro-
duce an obstacle on feature extraction, so the noise treatment is
used to eliminate the impact. After several rounds of test analy-
sis, 5 X 5 enhanced Lee filter to the original SAR image has the
best filtering effect, which can eliminate the most spots.

3.2.3 Geometric calibration
In this thesis, the study area is flat, so cubic polynomial is

selected as the correction method.

4 RETRIEVAL OF SOIL MOISTURE CONTENT
IN VEGETATED AREAS

The vegetation water content (VWC) is extracted based on a
choice of appropriate microwave scattering model. As it is
definitely difficult to do large-scale area survey and extracting,
which also definitely destroys vegetation, this paper uses
Landsat-5 TM data to figure out normalized difference moisture
index (NDMI) and find out the relationship between NDMI and
VWC, then validates the vegetation water content. With that,
multi-polarization satellite-based radar data together with mi-
crowave scattering water-cloud model are employed eliminat-
ing the impact of the vegetation layer on radar backscattering
and finally retrieves the soil water content of study area.

4.1 Choice of microwave scattering model of soil moisture
content in vegetated areas

In the study on soil moisture of Microwave remote sensing,
vegetated areas will interfere with soilbacks cattering signal.
Therefore, it is necessary to establish a rational vegetation scat-
tering model and remove the impact of the vegetation in soil
moisture retrieval algorithm. A lot of foreign scholars have
been studied on vegetation scattering model: a group of Michi-
gan State University in USA, proposed “MIMICS” Model in
1990, MIMICS Model (Fung et al., 1992)was established for
tall plants such as arbor, it took into account three levels of
vegetation canopy, tree trunks and the bottom surface ,which
more realistically simulate the surface microwave backscat-
tering. In 1978, Attma, Ulaby etc. using crops as the research
object, proposed “Water-Cloud” model. “Water-Cloud” model
assumes vegetation as homogeneous scatter and ignores the
multiple scattering between vegetation layer and the surface.
The overall backscattering of vegetation coverage area is sim-
ply divided into two parts, namely, the direct reflection by the
vegetation back scattering and the ground backscattering after
the double attenuation of crop.

Because there are mostly crops and other low vegetation in
study area, “Water-Cloud” model is simple and practical. Be-
sides, it uses very few parameters.

The model is expressed as follows:
Ooun (0) = 07eg (0) + 17 ()0 () ©)
where, o-?an (@) is the total radar backscattering coefficient in

vegetated areas, ol

veg(0) 18 the direct backscattering coeffi-

cient of vegetation layer, agoﬂ

(@) is the direct backscattering
coefficient of surface, (6) is the double attenuation factor of

radar wave penetrating crops, where:
ey (0) = A+ My -c08(0) - (1= (0)) @

7% (O)pp = exXp(-2Bimyeq sec(6)) )

In the expressions above, A and B are parameters depending
on the type of vegetation which can be respectively obtained
through regression arithmetic after the utilization of MIMICS
model to simulate the surface parameters. m,., is vegetation
water content (kg/m®), @ is the angle of incidence of radar

wave.

4.2 Extracting of characteristic parameters and vegetation
water content estimation

The vegetation water content is defined as the water content
of plants per unit and per area. As a significant input parameter
of Water-Cloud model, VWC performs very crucial effect on
the retrieval of soil moisture in vegetated areas (Liu et al.,
2008). Now, the study of the regional retrieval of VWC using
visible image has been already mature, and the relativity estab-
lished between spectrum index and VWC is high(Jackson ef al.,
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2004; Rosnay et al., 2006; Wang et al., 2008). So, this study
uses visible remote sensing to retrieve and field survey data of
samples to validate the VWC in study area. In view of the spec-
trum characteristic of soil, vegetation and water between 0.8 to
1.7um, Landsat5 TM(sep 16,2008) homochronous with field
survey date is chose which includes near- infrared band 4
(0.76um)and mid-infrared band 5(1.55um). The spectrum
bandwidths are respectively 25 nm and 20 nm. According to the
characteristic of vegetation that it has higher reflectivity in
near-infrared band and lower reflectivity in mid-infrared band
because of the absorbing effect of leave’s water content, NDMI
(Gao,1996; ZARCO-TEJADA et al., 2003)is applied to extract
vegetation water content information. As the vegetation in
study area are most cotton and other low salt secretion plants,
based on relevant research (Chen et al., 2005), the equation is
showed as expressions 6, while expressions 7 is established to
gain VWC according to the relationship between vegetation
water content of field survey and NDMIL.

NDMI = (NIR —MIR)/(NIR + MIR) 6)

VWC =2.15NDMI +0.32 @)
There are rivers, lakes and reservoirs in study area which
disturb the extracting of vegetation water content. So, the ef-
fects of these water bodies must be removed in the process of
the retrieval work. This paper uses MNDWI index (Xu, 2008)
which is improved a little according as the regional circs to
extract water body information, the equation is as follows:
MNDWI = (1+0.5)(GREEN-MIR)/(GREEN+MIR) ~ (8)

After that, masking the original image and the water body
effects are removed. Analysis and validation indicate that
NDMI performs well in the retrieval of vegetation water con-
tent.

4.3 Calculating of backscattering in vegetated areas

The soil moisture estimation of initiative microwave remote
sensing is mainly affected by vegetation coverage and surface
roughness. The soil backscattering in vegetated area is com-
posed of body scattering from vegetation, surface scattering
from earth and the multiple scattering between vegetation layer
and the surface. These factors are taken into account in the
estimation of soil moisture content (Li et al, 2002). As the
hypsography in study area is flat, and mostly is covered by low
plants, vegetation is considered seriously while the effect of
surface roughness is not taken into account when calculating
the soil backscattering coefficient.

In the study of soil moisture estimation in vegetated area, it
is necessary to use “Water-Cloud” model to remove the contri-
bution of vegetation in the backscattering. Parameters 4 and B
are experience constants and they are changed by regional limit.
A relatively mature method is applied to calibrate the parame-
ters (Chen et al., 2007; Gao et al., 2008). Firstly, Water-Cloud
and MIMICS model are used to simulate the backscattering
coefficient of vegetated area then obtain the surface direct scat-
tering and the variational relationship between surface scatter-
ing and incident angle. Follow that, parameters of the dominate
plants in study area is showed in Table 2. Based on the simu-

lating results, calibrate the vegetation parameters 4 and B men-
tioned in Water-Cloud model through non-linear least squares
method.

Table 2 Parameters input to MIMICS model

Class Parameters Value
Frequency /GHz 5.4
Sensor o
Polarization mode HH/HV
Water content 0.17
Land surface Root mean square height /cm 0.817
Correlative length /cm 7.528
Water content 0.39
Radius /cm 2.6
Leaves
Thickness /cm 0.04
Height /m 0.9
Radius /cm 0.3
Branch Length /cm 21
Density /m’ 8.6
Climate Temperature /(°) 22

After the analysis of regression, 4 is 0.0019 and B is 0.137.
In term of Eq.(4) and Eq.(5), bare soil backscattering is ac-
quired with Water-Cloud model removing the vegetation influ-
ence, the expressions are as follows:

09eg (6) =0.0019x 11,0y x cOS(0) x (1 7(6)°) )

77 (0) = exp(=2x 0.137m, o, sec(0)) (10)
0 0
0 o (0)- Oveg ()
() = Tveg ) 11
65011( ) }/2((9) ( )

The total backscattering coefficient of surface can be calcu-
lated from Eq. (2) and soil backscattering coefficient after
eliminating vegetation effect is got from Eq.(11). In order to
clear up the connection between HH and HV, there separately
does a correlation analysis of backscattering coefficients of HH
and HV before and after eliminating vegetation effect. Consid-
ering that the change of soil moisture can not be reflected effec-
tively from radar backscattering coefficient in some high vege-
tated area, ambiguous dots are canceled in the analysis, results
show:

Fig. 3 and Fig. 4 indicate that: whatever before or after
climinating vegetation effect, correlation coefficients of HH
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and HV polarization backscattering coefficients are all very low
which are respectively 0.2534 and 0.2884. Therefore, the next
work is to discuss the soil water content retrieval of HH, HV
polarization.

4.4  Analysis of sample dots data

In order to analyze the effect factors of backscattering
coefficient in vegetation coverage area, we got 30 sample dots
from field survey which include water content in the soil layer
of 0—>5cm and the coordinates of these samples. Backscattering

coefficient and water content of soil of the samples are showed
in Table 3. According to the data in Table 3, respectively ana-
lyze the relationship between HH, HV polarization backscat-
tering coefficient and water content of soil before and after
removing vegetation influence and discuss the impact to
backscattering coefficient of vegetation.

Table 3 Backscattering coefficient and water content of soil

HH polarization HV polarization ~ Water content in Secm

Samples /dB /dB %
c 1 132507 177713 5.1470
c 2 ~10.7600 ~19.8877 4.9754
c 3 ~11.5946 _18.4416 5.0036
C 4 ~11.3997 _17.6153 84150
c s 122587 184515 7.6217
C 6 12,5959 ~15.7758 14.7993
c 7 ~11.5938 ~17.8194 117455
c 3 107801 172203 13.1799
c 9 14,3954 ~19.3163 3.6656
c10 96117 21,0139 10.7864
cll _12.8598 ~19.3812 43598
c12 159316 ~17.5230 3.2380
c13 ~14.9207 ~18.9558 22208
C14 97728 16,7673 18.8682
C1s 78132 ~16.7763 20.1818
Cl6 ~13.1535 ~17.9993 12.1819
c17 ~12.8540 ~19.6966 49591
c18 14,1582 ~16.0084 41625
c19 ~13.8883 ~19.6414 4.0697
€20 ~13.5933 20,4478 48147
c21 ~12.8223 226523 3.1433
c2 ~10.5719 29,8080 11135
c23 292110 223394 6.7921
C24 8.8493 22,0768 13.1973
C25 ~12.9640 228122 13152
C26 ~11.4630 ~18.0514 8.5359
c27 15.0914 _14.8482 2.0410
c28 ~11.0910 20,9843 7.2859
c29 ~9.4889 ~19.7483 15.7987
€30 —8.8780 _19.6783 10.3772

Obtain the corresponding backscattering coefficient of the
30 samples in the image according as their coordinates, the
relationship between before and after removing vegetation in-
fluence of HH, HV polarization backscattering coefficient dis-
played in Fig. 5.
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It is showed in Fig. 5 that, HH, HV polarization backscat-
tering coefficient are becoming attenuation when separating the
scattering and absorbing of vegetation using water-cloud model.
The change of HH polarization data is thin, the reason is that
the cropland of these samples is over the irrigation time and the
evaporation is high, which results in lower water content of
leaves and rhizome. Thus, the impact to scattering and absorb-
ing of vegetation is tiny. HV polarization data is influenced by
the scattering of plant canopy and branch. The study area is
mostly covered by low crops and shrub. It is supposed that the
vegetation is a orbicular scattering body covered with the
earth’s surface and ignoring its size, figure and the distributing
character of the orientation, which results in a tiny change after
removing the influence of vegetation.

The influencing analysis of vegetation on backscattering co-

efficient Gsooﬂ(e) of bare soil:

The backscattering coefficient of vegetation J(V)eg(ﬁ) is

acquired from Water-Cloud model, then the contribution of
vegetation’s scattering and absorbing can be separated from the
total backscattering of radar, and then the backscattering coeffi-

cient 050011(0) of bare soil is obtained. The relationship be-

tween HH, HV polarization backscattering coefficient and soil
water content before and after eliminating vegetation effect are
respectively showed in Fig. 6 and Fig. 7.
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(a) HH polarization; (b) HV polarization

Fig. 6 and Fig. 7 illustrate the correlation coefficient of HH,
HV polarization backscattering coefficient and soil water con-
tent before eliminating vegetation effect are respectively 0.3769
and 0.1919,while them rise to 0.5227 and 0.3277 with the use
of Water-Cloud Model after eliminating vegetation effect.
Therefore, the relativity of soil backscattering coefficient and
soil water content is increasing while eliminating the influence
of vegetation. Research indicated HH polarization is much
more sensitive to soil water content (Bao et al., 2006), data in
this paper validate that HH polarization combining with Wa-
ter-Cloud Model performs well in the separation of vegetation’s
scattering and absorbing from the total backscattering of soil.

Based on the above conclusion, establishing the connection
model of soil water content and HH polarization backscattering
coefficient, the regress equation is as follows:

Water5=112.91¢"1°% (R?=0.5227,n=30) (12)

Use the Eq. (12) to retrieve the samples’ soil water content,

results is as Fig. 8.
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Fig. 8 Soil water content map

Field survey shows some of the river ways inside of the oa-
sis are dry. The top left corner of the image is oasis-desert
ecotone, where the soil water content is less than 8%, as the
vegetation cover area is out of the irrigating time, the soil water
content are mostly between 7% and 15%, and only the soil
water content of a hand of marsh are a little higher. The results
of field survey are consistent with the detection of the soil
moisture.

5 CONCLUSION AND DISCUSSION

In this paper, a case study is the Delta oasis of Weigan and
Kuga rivers in the Xinjiang where provided with predominance
of terrain characteristic. Expert the advantages of initiative
microwave remote sensing Radarsat-2 data and visible remote
sensing TM data to extract water content. Firstly, using TM data
to extract water content of plant, then combining with Wa-
ter-Cloud Model to eliminate the impact of vegetation to back-
scattering of soil, finally, simulating the relationship between
backscattering coefficient and soil water content and validating
and analysis the results, conclusions show:

(1) Comparing with soil water content data and backscat-
tering coefficient of SAR image, visible data combing with
radar data performs well to extract the information of vegeta-
tion and soil water content, and HH polarization backscattering
coefficient is much closer to the change of soil water content.

(2) Years’ difference has influence on character of vegetation.
Although the year and the month of the soil water content data
from field survey are contemporaneous with the image, the
days are not, Which are likely to lead to differences of water
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ingredient, leaves and rhizome water content and soil water
content and them will disturb the extracting of plant water con-
tent. The continuing study can try to relatively transform the
spectrum data and construct some index to eliminate the effect
of exoteric factors.

(3) The hypsography in study area is flatness, and mostly
covered by low plants, accordingly, the effect of surface
roughness is not taken into account when calculating the soil
water content. While in practical application the impact of sur-
face roughness to radar echo is not neglected, which is a prob-
lem in this research. The continuing work is to add the analysis
of the influence of surface roughness.

Presently, it has been a big progress of retrieving soil water
content using microwave remote sensing, but it is also difficult
to establish a universal arithmetic to retrieve soil moisture,
which is mainly induced by the complexity of factors effecting
microwave backscattering coefficient such as surface roughness
and vegetation coverage and the uncertainty of the relationship
between these factors. So how to eliminate these effects is the
emphases of the continuing work and in latter research
multi-source data should be comprehensively utilized and
combining with kinds of retrieval model to found a regional
initiative microwave remote sensing soil water content retrieval
arithmetic in order to improve the precision of soil moisture

inversion.
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