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Dry and Wet Snow Cover Mapping in Mountain
Areas Using SAR and Optical Remote Sensing Data
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and Jinjin Guo

Abstract—Snow cover in mountain areas is a key factor con-
trolling regional energy balances, hydrological cycle, and water
utilization. Optical remote sensing data offer an effective means
of mapping snow cover, although their application is limited by
solar illumination conditions, conversely, synthetic aperture radar
(SAR) offers the ability to measure snow wetness changes in all
weather. In this study, a novel method, which can be approached
in two steps by using SAR and optical data, has been developed
for dry and wet snow cover recognition in mountain areas. First,
two ground-based synchronous observations were implemented,
respectively, for snow-accumulation period and snow-melt period.
Then, the RADARSAT-2 interferometric coherence images and the
backscattering coefficient images of the two periods are analyzed,
adopting snow-covered and snow-free areas obtained from GF-1
satellite observations as the “ground truth.”” A dynamic thresh-
olding algorithm was proposed to identify snow cover by taking
the polarization mode, local incidence angle, and underlying sur-
face type into consideration. Finally, 36 polarimetric parameters
obtained from Pauli, H/A/c, Freeman, and Yamaguchi decompo-
sition were analyzed; the results indicate that P, from Pauli, A5
from H/A/c, and Y, from Yamaguchi are more applicable to dis-
criminate dry and wet snow. These three factors, combined with
training samples from Nagler algorithm and in sifu data, were used
to build a support vector machine to classify the extracted snow
cover to dry and wet snow. The classification results demonstrate
that the dry and wet snow cover extraction can achieve an accuracy
of 90.3% compared with in situ measurements.

Index Terms—Dry snow, interferometric coherence, mountain
area, polarimetric decomposition, snow cover mapping, wet snow.
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1. INTRODUCTION

and also one of the most active natural elements of the land
surface [1], [2]. Seasonal snow cover is the main sources of fresh
water resources in arid and semiarid regions of Northwest China.
Research on snow cover extraction, especially identifying dry
and wet snow, is of great significance to the snow-melt process
monitoring, local climate research, snow disaster assessment,
and water resources management [3]. Remote sensing can be
used to monitor snow cover in large scale and high precision
[4]. Especially for the unfavorable weather conditions and rarely
meteorological observation in mountain areas, remote sensing
is the only effective means of obtaining snow cover information.
Optical remote sensing offers an effective way for snow cover
extraction in normal situations, but it is difficult to differentiate
snow under cloud [5]. In contrast, microwave remote sensing
can be used to discriminate snow with other surfaces regardless
of weather, time, and solar illumination conditions because of its
high penetrability, and also a better sensitivity to snow surface
moisture variations. The spatial resolution of current spaceborne
passive microwave sensors is too coarse to provide the fine-
resolution snow cover data required for snow cover monitoring
in mountain areas [6]. Conversely, the spatial resolution of active
microwave sensors, particularly synthetic aperture radar (SAR)
sensors, is able to provide detailed snow cover information at
both the regional and drainage basin scale [7]. Therefore, it
can be used to complement optical remote sensing for snow
recognition in rugged mountain areas.

Early studies that have used SAR to obtain snow cover in-
formation have been carried out using the space shuttle SIR-
C/X-SAR. Shi and Dozier evaluated the characteristics of the
backscattering, polarization, and frequency ratios of snow in
SIR-C/X-SAR images and then developed a supervised classi-
fier based on a classification tree technique [8], [9]. The classi-
fier utilized intensity measurements, polarization properties, and
frequency ratios jointly, allowing discrimination between dry
and wet snow. However, most of the existing orbital SAR sys-
tems are single-frequency types. The regular monitoring of snow
cover have become practical after some repeat-pass spaceborne
SAR systems, such as the ERS-1, JERS-1, and RADARSAT-1,
using a change detection method based on multitemporal and
single-polarization images [10]-[12]. Since the backscattering
coefficient of C-band co-polarization at a looking angle 40°
from wet snow were 10 dB lower than those from dry snow, wet

S NOW cover is an important component of the cryosphere,
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Fig. 1. Study area. (a) Location of the study area in northwestern China. (b) SAR data of the study area acquired on snow-free period. The red quadrilateral

shows the composited image of RADARSAT-2 data with a combination of VV, VH, and HV bands acquired on October 3, 2013. The background image is the
WFV data of GF-1 satellite with a combination of green, red, and near-infrared bands acquired on October 2, 2013.

Fig. 2.

Panels (a), (b), and (d) represent the WFV data of GF-1 satellite with a combination of near-infrared, red, and green bands acquired on snow-free period,

snow-accumulation period, and snow-melt period, respectively. Panel (c) represents the OLI data of Landsat-8 satellite with a combination of near-infrared, red,

and green bands acquired on snow-melt period.

snow cover can be extracted based on the changes in backscat-
tering between a wet snow image and a reference image (either
snow free or dry snow) [12]. To overcome the difficulty pre-
sented by single frequency and single polarization SAR data,
some snow cover mapping methods using the polarimetric SAR
data (ENVISAT ASAR, ALOS PALSAR, RADARSAT-2, etc.)
have been explored, such as polarimetric decomposition, object
based image analysis [13]-[15]. The results showed that polari-
metric SAR measurements achieve better classification results
than single polarization [16]. Moreover, these studies also indi-
cated that it is not sufficient to detect shallow dry snow using
C-band backscattering coefficient images. In brief, the radar
penetration depth, which depending on the frequency, can reach

more than 10 m for dry snow [17]. The major scattering source
at C-band is the snow-ground interface. This makes it difficult to
acquire shallow dry snow using backscattering intensity signal
of C-band or lower frequencies. However, the measurement of
interferometric coherence between two repeat passes offers a
way [18]. Since the snow cover has a considerable impact on
the interferometric coherence, whereas the snow-free surfaces
preserve coherence before and after snowfall, the interferomet-
ric coherence of a snow-covered surface is lower than that of a
snow-free surface, based on which a threshold slicing algorithm
(TSA) has been developed for snow cover extraction [19], [20],
although the coherence are severely affected by topography and
underlying surface [21].
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TABLE I
CHARACTERISTICS OF THE SAR DATA

Satellite Polarization Orbit Pass  Incidence Angle  Spatial Resolution (m)  Acquisition Date (YYYY/MM/DD)  Local Time (HH:MM:SS) Snow Period
RADARSAT-2  Fine Quad-Polx  Ascending 43.45° Range: 12 2013/10/03 (T1) 18:16:51 Snow-free
Azimuth: 8 2013/12/13 (T2) 18:16:48 Snow-accumulation
2014/03/19 (T3) 18:16:45 Snow-melt
*Fine Quad-pol represents combination of four polarization returns: HH, HV, VH, and VV.
TABLE II
CHARACTERISTICS OF THE OPTICAL DATA
Satellite Sensor Spectral Band Wavelength (um) Spatial Resolution (m) Acquisition Date (YYYY/MM/DD) Cloud Cover
GF-1 Wide Field Viewer (WFV) Blue 0.450-0.520 16 2013/10/02 < 2%
Green 0.520-0.590 2013/12/14 >20%
Red 0.630-0.690 2014/03/23 <2%
Near Infrared 0.770-0.890
Landsat-8  Operational Land Imager (OLI) Green 0.525-0.600 30 2014/03/15 <2%
Near Infrared 0.845-0.885
Short Wavelength Infrared 1.560-1.660

The objective of the present study is to examine a new method
for mapping both dry and wet snow cover in mountain areas us-
ing SAR and optical remote sensing data. SAR interferometry
and polarimetric decomposition methods were used, respec-
tively, for snow cover extraction and wet snow identification.
In considering of practice application and snow characteristics
of the study area, snow was divided into two categories, such
that below and above 1% (volume water content) are defined,
respectively, as dry and wet snow [12], [13].

The paper is organized as follows: The study area and satel-
lite data are described in Section II. In Section III, a brief re-
view of the in situ measurements is introduced. Detailed of the
methodology are illustrated in Section IV and the results are pre-
sented and discussed in Section V. The conclusions are drawn in
Section VI.

II. STUDY AREA AND SATELLITE DATA

A. Study Area

Animaging area (25 x 25km?) of repeat-pass RADARSAT-
2 satellite on Quad-Pol mode was selected as the study area. The
area falls between latitude 43° 45’ N and 44°05’ N and longitude
between 85° 40’ E and 86° 10’ E, and is located in the midstream
of the Manasi River Basin on the north slope of the Tianshan
Mountains in northwestern China (see Fig. 1). The altitude of
the area extending from 714 m in the piedmont slopes (patch A)
and up to 3180 m above the spruce forests (patch B). Altitudinal
zonation in mountain vegetation characteristics is apparent, with
bare land and sparse vegetation in the north, subshrubs and
grass in the middle, and alpine meadow and spruce forest in the
south. Several glaciers are located in the south side (patch C).
The area lies within the seasonal snow cover zone, according
to the meteorological statistical data from 1994 to 2013; snow
accumulation period in this region extends from November to
February in the following year. Typically, snow begins to melt
at the end of February or in early March.

B. Satellite Data

In this study, SAR and optical remote sensing data were
combined used. Three repeat-pass RADARSAT-2 Fine Quad-
Pol single-look complex (SLC) images were subscribed after
an overall consideration about the feasibility of in situ mea-
surements, temporal and spatial distribution of the snow, and
the synchronism of SAR and optical data. In detail, the three
SAR images were acquired, respectively, on October 2, 2013
(T1) during snow-free period, December 13, 2013 (T2) dur-
ing snow-accumulation period, and March 15, 2014 (T3) dur-
ing snow-melt period. According to the acquisition date of the
RADARSAT-2 images, the wide field viewer (WFV) data of GF-
1 satellite and operational land imager (OLI) data of Landsat-8
satellite were selected to interpret snow-covered and snow-free
samples, and the samples can be used for SAR image analysis,
the proposed dynamic thresholding algorithm, and results veri-
fication (see Fig. 2). In addition, WFV data acquired on October
2, 2013 represents totally snow-free conditions and was used to
obtain the underlying surface information. The WFV sensor is
a multispectral scanning radiometer on board the GF-1 satellite
of China, launched on April 26, 2013, with a scanning swath of
800 km (four WFV sensors combination) and a temporal reso-
lution of four days. Additional parameters related to the SAR
data are listed in Table I and the optical data are listed in Ta-
ble II. Advanced Spaceborne Thermal Emission and Reflection
Radiometer Global Digital Elevation Model (ASTER GDEM)
Version 2 product with a spatial resolution of 30 m and ver-
tical accuracy of 17 m at the 95% confidence level [22], was
employed for ortho-rectification, radiometric terrain correction,
co-registration, and geocoding of SAR and optical data.

III. GROUND-BASED SYNCHRONOUS OBSERVATION

According to the imaging date of the subscribed RADARSAT-
2 satellite data, ground-based synchronous observation were
implemented during December 10-17, 2014 and March 15-22,
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Fig. 4. Changes of snow surface temperature during in situ measurements.

2014, respectively, for snow-accumulation period and snow-
melt period. Temperature sensors were placed at different ele-
vations [see Fig. 1(b)] to record the snow surface temperature
every 10 min, as is shown in Fig. 3(a). Fig. 4 illustrates the
changes of snow surface temperature that occurred during the in
situ measurements. In particular, the snow surface temperature
ranges from —25 °C to 0 °C in snow-accumulation period and
—10°Cto 30 °C in snow-melt period, which shows a general dry
snow state on December 13, 2013 and a snow melting condition
on March 19, 2014. There were 34 areas in snow-accumulation
period and 31 areas in snow-melt period [see Fig. 1(b)] selected,
respectively, to make vertical profiles of snow cover (snow pits).
A SnowFork [see Fig. 3(b)] was used to measure the electrical
parameters, such as resonant frequency and attenuation, and to
calculate the liquid water content [23], According to the mea-
surement results at 2 cm below the snow surface, snow surface
wetness are most below 1% on T2 and are between 0% and 7%
on T3. The average snow depth is about 25 cm on T2 and 30 cm
on T3.

IV. METHODOLOGY

A flowchart summarizing the method proposed in this study
is presented in Fig. 5. It includes the following steps: SAR and
optical data preprocessing, backscattering coefficient and co-
herence images analysis, snow cover extraction using dynamic
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thresholding algorithm, polarimetric decomposition and polari-
metric parameter selection, and dry and wet snow classification.

A. Data Preprocessing

1) Preprocessing of SAR images: The RADARSAT-2 SLC
images were processed using the SARScape software. Backscat-
tering coefficient and interferometric coherence images are gen-
erated, respectively. For the backscattering coefficient images,
first, the SLC images were multilooked three times in azimuth
and two times in range direction so that the spatial resolution
were reduced to 13.764 m x 14.337 m (range X azimuth).
Second, a refined Lee filter [24] was used to suppress speckle
with window size 5 x 5. Third, the calibration and radiomet-
ric terrain correction were conducted with the ASTER GDEM
V2 product and the backscattering coefficient images were pro-
jected onto the DEM coordinate system. Local incidence angle,
shadow/layover images are also generated in the third step. For
the coherence images, first, co-registration of the SLC images
acquired on different days was performed using a maximum cor-
relation algorithm with the ASTER GDEM V2 product. Then
the baseline was estimated by taking the image from October 2,
2013 as the master and December 13, 2013, March 19, 2014 as
slave, respectively. The perpendicular baseline (T1-T2, 161.73
m; T1-T3, 37.66 m) were considered to be within the reason-
able range. Finally, the interferogram and coherence images
were generated.

2) Preprocessing of Optical Images: The optical remote
sensing data were used to extract snow-covered and snow-free
areas outside the shadow and cloud areas, and to select the sam-
ples for SAR image analysis and snow cover extraction using dy-
namic thresholding algorithm. First, the ortho-rectification and
radiometric calibration were conducted using the ENVI soft-
ware based on the ASTER GDEM V2 product. Second, the Fast
Line-of-sight Atmospheric Analysis of Hypercubes (FLAASH)
atmospheric correction model was used to process the radiance
images to reflectance images. The normalized difference vege-
tation index (NDVI) [25] was calculated using the reflectance
data on October 2, 2013. The normalized difference snow index
(NDSI) [26] algorithm was used to mapping the snow cover
from the OLI sensor data on March 15, 2014. For lack of the
short wavelength infrared band required by NDSI algorithm, the
maximum likelihood classification method was adopted to ob-
tain snow-covered and snow-free areas from the reflectance data
of WFV sensor on December 14, 2013 and March 23, 2014. The
cloud and shadow areas were removed manually to ensure the
accuracy of the samples. Finally, all the images were resampled
to a pixel spacing of 16 m using the nearest neighbor method.

B. SAR Image Analysis

Backscattering received by SAR antenna from natural snow-
covered surface are the sum of surface scattering on the air/snow
interface, volume scattering within the snowpack, scattering
at the snow/ground interface, and the heterogeneous volumet-
ric scattering from the underlying surface [17]. Therefore, the
backscattering intensity depends not only on polarization mode,
frequency, and local incidence angle of SAR platform, but also
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Fig. 5. Flowchart illustrating the method adopted in the study.

the physical characteristics (dielectric constant, surface rough-
ness, etc.) of snow pack and underlying surface. It is difficult to
separate the effects of the four parts for shallow snow in rugged
high mountain areas.

In order to obtain snow cover information directly from the
backscattering coefficient images, the backscattering coefficient
value are analyzed. First, the underlying surface was divided
into three types: mountain forest (MF) areas, high vegetation
coverage (HVC) areas, and low vegetation coverage (LVC) ar-
eas, according to the land use map obtained from the land use
database of China at a scale of 1:100 000 and the NDVI image
on October 2, 2013. The MF areas were not considered in this
study owing to the complexity of backscattering. Snow-covered
areas obtained from the optical data on December 14, 2013 and
March 23, 2014 were selected as snow-covered pixels for De-
cember 13, 2013 (T2) and March 19, 2014 (T3), respectively,
and snow-free areas obtained from the optical data on December
14, 2013 and March 15, 2014 were selected as snow-free pixels
for T2 and T3, respectively. Then the average backscattering co-
efficient values of selected snow-covered and snow-free pixels
were calculated at an interval of 5° for each underlying surface
type with local incidence angle in the range 0°-90° (see Fig.
6). In particular, the average backscattering coefficient values
of HH and VV polarization is higher than HV and VH polar-
ization on T1, T2, and T3. For the case of the local incidence
angle less than 60°, the average backscattering coefficient val-
ues of snow-covered pixels were found to be smaller than that
of the snow-free pixels, about 2—5 dB on T2, and 5-10 dB on
T3. For the case of different underlying surface type, average

backscattering coefficient values of LVC areas is about 2-3 dB
higher than HVC areas on T1, and approximately equal on T2
and T3 for snow-covered pixels and snow-free pixels. From
T2 to T3, the average backscattering coefficient values of the
snow-covered pixels decreased obviously, and increase slightly
for that of the snow-free pixels in HH, HV, VH, and VV polar-
ization, it may be because the increase of snow wetness and soil
moisture, which caused by the rapid melting of snow on T3.

Without considering the effects of the SAR platform and
data processing algorithm, for T1-T2 and T1-T3 data pairs, the
coherence value is heavily dependent on the two primary fac-
tors: underlying surface variation, including snow accumulation,
snow melting, underlying surface changes; and local incidence
angle, which are related to the topography of mountain areas. In
order to investigate the decorrelation caused by the variations
of underlying surface, the underlying surface was also divided
into the three types described in the previous paragraph.

The MF areas were also not considered in this study owing
to the complexity of their decorrelation. To analyze the influ-
ence of local incidence angle, the average coherence values of
selected snow-covered and snow-free pixels were calculated at
an interval of 5° for each underlying surface type with local
incidence angle in the range 0°-90°, respectively, for T1-T2
and T1-T3 data pairs (see Fig. 7). Similar to backscattering
coefficient, the average coherence values of HH and VV polar-
ization were found to be significantly higher than that of HV and
VH polarization. This may be because that the co-polarizations
own a higher backscattering intensity in the study area. Owing
to the decorrelation caused by snow cover, the average coher-
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Fig. 6.

ence value of snow-covered areas was found to be smaller than
that of snow-free areas, especially in HH and V'V polarizations.
In particular, the average coherence differences between snow-
covered and snow-free pixels in HH and V'V polarizations were
found to be more significant than those for HV and VH polar-
izations. For the underlying surface type, the coherence loss of
the HVC areas was higher than that of the LVC areas in HH
and VV polarizations, and the difference between HV and VH
polarizations was not pronounced. Moreover, the average coher-
ence values are clearly correlated to the local incidence angle
in HH and VV polarizations, such that the average coherence
increases from 0° to 30° and decreases from 40° to 90°. There-
fore, polarization mode, local incidence angle, and underlying
surface type should be considered when extracting snow cover
using coherence images in mountain areas.

C. Polarimetric Information Analysis

As analyzed previously, snow cover can be extracted by the
measurement of interferometric coherence. Therefore, in this
section, we focus on how to differentiate the wet snow from the
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snow cover. Pauli decomposition [27] was applied to analyze
the polarimetric information of dry and wet snow. Pauli decom-
position expresses the scattering matrix S as the complex sum
of the Pauli matrices:

o SHHSHV _i 10 ilo iOl
5= |:SVHSVVj|_\/§[01]+ 2[01]4_\/5[10}
4o
Wi[j ] W

where a, b, ¢, and d are all complex and are given by

_ Suu + Svv - Suu — Svv _ Suv + Svu
Suv + Svu
d= j—————. 2
7 (2

In the monostatic case, where Sgy = Svy, the Pauli matrix
basis can be reduced to the first three matrices, which leads to
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Fig. 7. Coherence value comparisons for snow-covered and snow-free pixels
from HVC and LVC areas.

d = 0 [33]. It follows that the Span value is given by

Span = |SHH|2 + Q‘SHle + |S\/V|2 = |CL|2 + |b‘2 + ‘C|2

3)
where |a|?, |b?, and |c|? represents the surface (Pauli_Odd),
double-bounce (Pauli_Dbl), and volume scattering (Pauli_Vol),
respectively. Fig. 8(c) represents the composited image of the
three scattering components. A perpendicular line across the
wet and dry snow cover areas is also shown in Fig. 8(c). Along
the line, a typical region in mountain areas is divided into three
parts using four points, A, B, C, and D. According to the field
measurements and optical data, the line segment AB passes
through wet snow, BC passes through mixed pixels of wet snow
and bare soil, and CD passes through shallow dry snow.

As shown in Fig. 8(a), A—B represents the wet snow facies
with a relatively low scattering value in double-bounce and vol-
ume scattering components, the main component of backscat-
tering signal are snow surface backscattering from the air/snow
interface at C-band [9]. The lower backscattering values dur-
ing wet snow conditions are mainly due to the strong electro-
magnetic wave absorption of water molecules in the surface
of the wet snow. When the location extends from wet snow
pixels to the mixed pixels of wet snow and bare soil, scatter-
ing value of the three components increased obviously. The
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average scattering values of wet snow pixels was found to be
5-10 dB smaller than that of the mixed pixels in double-bounce
and volume backscattering components. Average scattering val-
ues of the three components are approximately equal on B-C
and C-D, and both presented significant fluctuations. This may
be because that the backscattering properties of shallow dry
snow at C-band are similar to that of snow-free areas. In par-
ticular, the differences of the average scattering values between
dry and wet snow pixels in volume backscattering component
were found to be more significant than those in surface and
double-bounce scattering components. Accordingly, there is a
great unrealized potential in quad-polarization SAR data for wet
snow identification. Thus, we used target decomposition to find
the appropriate polarimetric parameters for the classification of
dry and wet snow.

D. Dynamic Thresholding Algorithm

The TSA was carried out based on the assumption that the co-
herence variation is only related to the changes of snow cover.
The study reveal that the threshold of 0.21 and 0.20 for T1-
T2 and T2-T3 coherence images, respectively, were able to
achieve maximum classification accuracy of only 71.6% and
69.2% when extracting snow cover using the TSA. Since the lo-
cal incidence angle and underlying surface type were considered
to be closely related to coherence variation, a dynamic thresh-
olding algorithm (DTC) was proposed, and co-polarization co-
herence image was applied because of the higher coherence
compared with cross polarization. Based on the snow-covered
and snow-free areas obtained from optical data, coherence val-
ues of selected snow-cover pixels and snow-free pixels are ran-
domly serves as the y-axis, the corresponding local incidence
angle of the selected pixels serves as the x-axis (see Fig. 9).
From the distribution of the random dots, in order to classify the
snow-cover pixels and snow-free pixels on different local inci-
dence angle, a threshold should be fixed for each local incidence
angle. Therefore, these optimal thresholds were calculated at an
interval of 1° for each local incidence angles in the range of
0°-90°, and a thresholding line was built, as shown in Fig. 9.
For each pixel of the coherence images, a threshold can be found
according to its local incidence angle. Coherence value of the
pixels lower than the threshold was classified as snow-covered
areas. The thresholding line was built, respectively, for LVC and
HVC areas.

E. Polarimetric Parameter Selection

According to the in situ measured data of snow wetness and
snow surface temperature, snow on December 13, 2013 can be
identified as dry snow, the classification for dry and wet snow are
focused on the snow on March 19, 2014. It has been found that
incoherent target decomposition possess the ability to obtain the
desired information of snow cover from PolSAR data [13]. In
this study, three commonly used incoherent target decomposi-
tion methods (H/A/cv [27], Freeman [28], and Yamaguchi [29]),
combined with Pauli decomposition, were adopted to extract
appropriate polarimetric parameters for the classification of dry
and wet Snow.
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Fig.9. Schematic diagram of dynamic thresholding algorithm.

The coherency matrix T is given as

T=Fk k7 )

where * and T represents the complex conjugate and transpose,
k is a vector arranged from the backscattering matrix elements
and can be expressed as follows:
1 T
k= E[SHH +Svv Suw —Svv Spv + Svx]
According to the Hermitian matrices, the coherency matrix T
can be further expressed as follows:

T = (uaer™) + (hema™T) + (aze™)

o)

(6)

where A1, Lo, and A3 are the three eigenvalues of T, The H/A/«
decomposition is based on the three eigenvalues, and defines

the entropy H, the anisotropy A, and the angle &, which are
respectively expressed as [27]

-1

3 3
H= -Y Plog3P, 0<P=r5[)> 4 <1
i=1 Jj=1
Ao — A
A= 22 0<A<1 8)
A2 + A3
a = P1a1+P2a2—|—P3043, OOS@SQOO (9)

where P; is pseudo probability, which can be obtained from the
eigenvalues. oy, a9, and a3 are the eigenvector parameters.

Based on the physics of radar scattering, Freeman and Durden
proposed a three-component scattering decomposition method
by using a surface, volume, and double-bounce scattering mech-
anism [28]. According to the three-component scattering de-
composition technique, the coherency matrix T can be expressed
as follows:

T = fTs+ faTa+ [T,y (10)

where fs, fq4, and f, are surface, double-bounce, and volume
scatter contributions to the backscatter. Yamaguchi expanded
the three-component scattering decomposition by introducing
an additional term corresponding to the nonreflection symmet-
ric case, and proposed a four-component scattering decompo-
sition technique. According to the four-component scattering
mechanism [29], the coherency matrix T can be decomposed
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Fig. 10.  Accuracy comparison for dynamic thresholding algorithm and TSA.
into

T:fST5+ded+f1fTv+chc (11)

where f. is the helix scattering coefficient. Ty, Ty, T, and
T. are expansion matrices corresponding to surface, double-
bounce, and volume and helix scattering, respectively.

Each polarimetric parameter with its own characteristics
should be used for the specific geographic object. Therefore,
these parameters are analyzed to figure out which one could be
used for the classification of dry and wet snow. First, Nagler
algorithm [12] was used for a rough extraction of dry and wet
snow, then combining with the in siftu measured snow wetness
data, dry and wet snow samples are selected and the samples
are distributed as evenly as possible in the study area. Finally,
Jeffreys-Matusita (J-M) distance [30] was applied for the pa-
rameter selection based on the selected samples. For the certain
dry and wet snow samples, the J-M distance of the parameters
can be expressed as follows:

J=2(1-¢"), 0<I<2 (12)
1 5 2 1. [67 463

B= =(m — - + -1 1
g (m1 —ma) 5%+6§+2n[25152 (13)

where J is the J-M distance for the parameter, m; and mo are
the average values of the parameter corresponding to dry and
wet snow samples, d;and o are the variance.

F. Support Vector Machine (SVM) Classification

SVM was selected for the classification due to its ability
to solve nonlinear classification problems with small samples
and high dimensions [31]. The SVM classifier is typically con-
structed based on a small number of training instance-label pairs,
which are used to search for the support vectors and then to pre-
dict unknown data. For a two-class problem, it can be assumed
that the training instance-label pairs are (x;,v;), ¢ = 1,..., N.
Each training instance-label pair (z;, ;) is a vector in the d-
dimensional feature space z; = [z 1, Z;9,..., ¥; 4]' with a
corresponding label y;. The decision function in the kernel space
can be expressed as follows:

f@) =Y ayiK(wi, x)+b (14)
S

where f(z) represents the margins. S = i: 0 < a; < C,
where C is a penalty parameter. Samples associated with
nonzero a; are so-called support vectors. b is a bias term that
does not affect the performance significantly. K (x;, x) is the
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kernel function. In this study, a Gaussian radial basis function
kernel was employed. This kernel took the following form [31]:

K(z;, z) = e llwi—all (15)
where + is a parameter that is inversely proportional to the width
of the Gaussian kernel. The two parameters C and y were not
known beforehand, and grid-search and cross-validation meth-
ods were used to search for the best parameters [32]. Subse-
quently, the training instance-label pairs were used to confirm
the support vectors.

In this study, there are 900 patterns from dry snow samples
and 900 patterns from wet snow samples. The patterns were
divided into three subsets of equal size. One subset was used
to test the classifier trained on the other two subsets. After the
grid search conducted using three-fold cross-validation, the best
values of the two parameters were identified. Then, the classifier
was finally built.

V. RESULTS AND DISCUSSION
A. Snow Cover Extraction Results

The snow cover extraction results using dynamic thresholding
algorithm were validated with the optical data, considering the
snow-cover and snow-free pixels from the optical data as the
“ground truth” data. The results are shown in Fig. 10. Mean
accuracies of the algorithm were found to be 84.2% for the LVC
areas and 78.3% for the HVC areas, which are considerably
higher than the 72.7% and 69.2% accuracy achieved by the TSA,
respectively. In particular, the dynamic thresholding algorithm
showed a more significant advantage in low incidence angle
(<30°) and high incidence angle (>60°). However, the accuracy
is still lower than the snow mapping accuracy of the optical data
outside of shadow and cloud areas. Therefore, the final extracted
snow cover is the fusion of the snow cover extraction results
using the algorithm and the snow cover pixels from the optical
data, based on a pixel-by-pixel confidence value.

Figure 11(a) represents the final snow cover extraction results
on December 13, 2013. The optical data (December 14, 2013)
corresponding to a region in Fig. 11(a) is shown in Fig. 11(b).
Regions D and E in Fig. 11(a) presents, respectively, the snow
cover extraction results in cloud areas and shadow areas of opti-
cal data using the dynamic thresholding algorithm. Two typical
regions from LVC and HVC areas are selected, respectively, for
a comparison in detail, as shown in Fig. 12. Compared with
the snow cover extraction results using optical data, snow cover
based on the dynamic thresholding algorithm seems extremely
patchy. This may be because the coherence is affected by some
other factors that cannot be accurately quantified in this study,
including system thermal noise, soil moisture variations, the ac-
curacy of DEM data, error in data processing, the activity of
humans and livestock, and mixed pixel caused by the topogra-
phy. On the other hand, snow cover extracted from HVC areas
seems to be patchy than that of LVC areas. It may be that, under-
lying surface and topography of HVC areas are more complex
as compared with the LVC areas, and caused a more serious
decorrelation.
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Fig. 12.  Snow cover extraction results for the (a) LVC areas and the (b) HVC

areas. (Top left) Coherence images. (Top right) Snow cover extraction results
using the dynamic thresholding algorithm. (Bottom left) Optical data. (Bottom
right) Snow cover extraction results using the optical data.
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(a) Snow cover extraction results on December 13, 2013. (b) WFV data of GF-1 satellite with a combination of near infrared, red, and green bands

B. Optimal Polarimetric Parameter Combination

POLSARPRO software was used to implement the selected
polarimetric decomposition methods and 36 polarimetric pa-
rameters are obtained. Detailed calculation formula and phys-
ical interpretation of the polarimetric parameter can refer to
Lee and Pottier’s research results [33]. We calculated the J-
M distance for all the 36 polarimetric parameters, the results
are shown in Table III. When the J-M distance is between 0
and 1.0, the parameter do not owns separability between dry
and wet snow samples; when the J-M distance is between 1.0
and 1.8, the parameter owns a poor separability; when the
J-M distance is between 1.8 and 1.9, the parameter can be
used for classification only after the adjustment of the sam-
ples; and when the J-M distance is between 1.9 and 2.0, the
parameter owns a good separability between dry and wet snow
samples.

The results showed that the J-M distance of volume scatter-
ing component from the Pauli decomposition [P, see Fig.
13(a)], the volume scattering component from the Yamaguchi
decomposition [Yi.], see Fig. 13(b)], and the third eigenvalue
of the coherency matrix from the H/A/« decomposition [A3,
see Fig. 13(c)] are all between 1.9 and 2.0. Therefore, the three
parameters were selected as the optimal polarimetric parameter
combination for the classification.

According to the in sifu measured snow wetness data [see
Fig. 13(d)], the dry snow is mainly distributed in the south
of the study area, where the underlying surface is covered by
subshrubs and grass. As is shown in Fig. 13(a) and (b), the
dry snow (green) facies with a higher volume scattering value
compared with the wet snow (blue), it mainly due to the vol-
ume scattering caused by stems of the subshrubs and grass.
This means that the volume scattering component is suitable for
the classification of dry and wet snow in vegetation-covered
mountain areas. However, the snow-free areas have similar
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TABLE III
J-M DISTANCE FOR POLARIMETRIC PARAMETERS

J-M Distance Pauli H/A/o Yamaguchi Freeman
0-1.0 Pyqa (Pauli_Odd) (1-H)(1-A), beta, RVI, S Ep Y,aqa (Yamaguchi_Odd), Yy« Fyaa (Freeman_Odd)
(Yamaguchi_HIx)
1.0-1.8 Py (Pauli_Dbl) H,A, «a,HA, A ,pl,p2,T11,T22, Yaqp1 (Yamaguchi_Dbl) Fg4yp1 (Freeman_Dbl)
SE1, PF, SERD, DERD, desta,
(1-H)A, SE
1.8-1.9 H(1-A), p3, Ay, T33, Span Fyo1 (Freeman_Vol)
1.9-2.0 Py o1 (Pauli_Vol) A3 Yy o1 (Yamaguchi_Vol)
Fig. 13.  Optimal polarimetric parameter combination. (a) Volume scattering component (Py,1) from Pauli decomposition. (b) Volume scattering component

(Yyo01) from Yamaguchi decomposition. (c) Third eigenvalue (A3 ) of the coherency matrix from the H/A/a: decomposition. (d) Composited image (R: Py, G: A3,
B: Y1) of March 19, 2014. The background image is the OLI data acquired on March 15, 2014.

characteristics with dry-snow covered areas, both characterized
by light purple in Fig. 13(d), it mainly because of the high
penetration capability and low attenuation of dry snow at C-
band. It is therefore difficult to distinguish between shallow
dry snow and snow-free covered areas using the backscattering
coefficient.

C. Dry and Wet Snow Cover Classification Results

The classifier was applied to the optimal polarimetric param-
eter combination and the snow cover extraction results on March
19, 2014. The classification results are presented in Fig. 14(a).
The results were validated with the in situ data, considering the
in situ measured snow wetness as the “ground truth” data. 31
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sample points were selected and 28 samples are in agreement
with the classification results. The overall accuracy of the clas-
sification is 90.3%. Region F and region G in Fig. 14(a) are
two pieces of cropland covered by the melting snow, Fig. 14(b)
represents the photos taken in the site for the two regions on
March 19, 2014. It can be seen that mostly snow in the two
regions had melted. The remaining wet snow together with the
bare soil formed the mixed pixels of the satellite data. It is noted
that the two regions are both wrongly identified as wet snow
cover areas, it may be that, the coherence of the two areas are
relatively low, due to the decorrelation caused by the remaining
wet snow and rapid increase of the soil moisture. Meanwhile,
the polarization characteristics of the two areas are similar to
that of the dry snow, thus leading to the misclassification using
the polarimetric decomposition method.

VI. CONCLUSION

In the study, a two-step method for dry and wet snow cover
identification in mountain areas was proposed based on quad-
polarization SAR data and optical remote sensing data, as well as
two ground-based synchronous observation experiments. First,
the interferometric coherence and backscattering coefficient im-
ages of fully polarimetric RADARSAT-2 data were analyzed for
the snow-accumulation period and snow-melt period, respec-
tively, adopting snow-covered and snow-free areas obtained
from GF-1 satellite observations as the “ground truth.” Three
factors including polarization mode, local incidence angle, and

Il shadow/Layover A

Photo in region G

(b)

(a) Dry and wet snow classification results on March 19, 2014. (b) Photos taken in the site.

underlying surface type were found to be closely related to the
coherence and been used in the proposed dynamic thresholding
algorithm for snow cover extraction. Accuracy of the dynamic
thresholding algorithm was found to be significantly higher than
the typical TSA, especially in low and high incidence angle. Sec-
ond, by using the Pauli, H/A/c«, Freeman, and Yamaguchi de-
composition methods, 36 polarimetric parameters are extracted
and analyzed, the results indicate that the volume scattering
component from the Pauli decomposition, the third eigenvalue
of the coherency matrix from the H/A/a decomposition, and
the volume scattering component from the Yamaguchi decom-
position own higher separability between dry and wet snow.
These three parameters, combined with the training samples
acquired from field measurements and Nagler algorithm [12],
were used to build an SVM classifier to classify the extracted
snow cover. The classification accuracy was verified using the
in situ measured snow wetness. The dry and wet snow cover
extraction using this method can achieve an accuracy of 90.3%.
Overall, the two-step method proposed in this study offers an
improved way for snow cover extraction in mountain areas by
combining SAR and optical data, and also an efficient way to
address the influence of snow-free areas on the classification of
dry and wet snow cover.

However, the proposed method highly depends on prior
knowledge obtained from in situ measurements and optical data,
which is a general problem for supervised classification meth-
ods. Besides, some other commonly used polarimetric decom-
position methods, such as VanZyl [34] and Touzi [35], need to
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be tested for the study area. Future work includes quantitative
analysis for decorrelation in snow-covered mountain areas and
polarimetric parameters. Nonetheless, the results of the study in-
dicate a high potential of utilizing repeat-pass fully polarimetric
SAR data at C-band for seasonal dry and wet snow identification
in mountain areas.
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