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Identification of Alpine Glaciers in the
Central Himalayas Using Fully
Polarimetric L-Band SAR Data
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Abstract— To study the applicability of full polarimetric
synthetic aperture radar (SAR) data to identify alpine glaciers in
the central Himalayas, six polarimetric decomposition methods
were used to obtain 20 polarimetric characteristic parameters
based on the Advanced Land Observing Satellite 2 (ALOS-2)
Phased Array type L-band SAR (PALSAR) data. Object-oriented
multiscale segmentation was performed on a Landsat 8 Opera-
tional Land Imager (OLI) image prior to classification, and the
vector boundaries of different types of training samples were
selected from the segmented results. We performed a support
vector machine (SVM)-based classification on the characteristic
parameters from each polarimetric decomposition. All 20 para-
meters were then screened and combined according to different
requirements: the degree of separability of different types of
training samples and the type of scattering mechanisms. The
results show that the classification accuracy of the incoherent
decomposition characteristics based on the covariance matrix is
the best, reaching 87%, and it can exceed 91% after adding the
local incidence angle to the suite of classifiers. Eventually, more
than 93% accuracy was achieved using a combination of multiple
polarimetric parameters, which reduced the misclassification
between bare ice and rock. We also analyzed the use of controlling
factors on the accuracy of alpine glacier identification and found
that the polarimetric information and aspect of the glacier surface
are the most important factors. The former is the main basis for
identification but the latter will confuse the feature distributions
of different categories and cause misclassification.

Index Terms— Alpine glacier, local incidence angle, object-
oriented segmentation, polarimetric decomposition, support
vector machine (SVM).
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I. INTRODUCTION

THE Himalaya Mountains and the Tibetan Plateau,
the “world’s third pole,” are often referred to as the

“Water Tower of Asia.” Glacial meltwater from the Himalaya
Mountains provides crucial freshwater resources to a larger
number of people than any other mountain range in the
world [1]. The accumulation and melting of snow and glacial
ice can affect runoff at different time scales in the surrounding
countries. Glaciers are among the most sensitive indicators of
terrestrial climate variability and their variations can impact
the local and regional climate [2], [3]. Accelerated movements
and shrinking of glaciers in the Himalaya have been observed
in recent years [4], [5]. Glacier monitoring has become neces-
sary for assessing water resource availability for the surround-
ing countries and providing feedback on the regional climate.

The identification of glaciers is a very important component
in glacier monitoring; georeferenced remote sensing images
are used because the extracted boundaries of glaciers can
indicate glacier variations, movement, and ice mass balance
[6], [7]. Glaciers are usually difficult to access, and optical
and microwave remote sensing images are thus widely used
for glacier identification and monitoring.

Research on the identification of glaciers in the Himalaya
has been carried out for decades [8]. In the early years,
the main source of data was high-resolution optical images,
and the normalized difference snow index (NDSI) was
used. Spectral bands chosen for NDSI calculation vary
across sensors: for Landsat Thematic Mapper (TM) images,
band 3 and band 5 were used [9]–[15], while for Landsat 8
Operational Land Imager (OLI) images, band 3 and band 6
were used [14]–[17]. Thresholds of NDSI were set to extract
glacier boundaries [15], [17]. The disadvantage of this method
is that it is difficult to unify the threshold values used in
different images acquired under different conditions. Glacier
identification is often a process of continuous optimization
of these thresholds. Moreover, optical imaging is limited by
weather conditions. During the accumulation phase of the
glaciers in the Himalayas, there are usually clouds, making it
difficult to acquire a long-term sequence of cloudless satellite
images with an appropriate temporal resolution.

Synthetic aperture radar (SAR) images are different from
optical images; the penetration capacity of SAR through
clouds makes it almost independent of weather in acquiring the
information on the Earth’s surface. L-band SAR has a lower
frequency and a longer wavelength than C- and X-band SAR
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and can thus penetrate deeper through snow and ice and has a
better coherence in glacial areas than C- and X-band SAR [18].
SAR data can be complex, consisting of real and imaginary
parts, representing the backscattered intensity of the radar
beam and the phase angle changes, respectively [19]. Applica-
tions of SAR to glacier monitoring involve applying both parts.

The use of SAR data to identify a glacial zone began in the
late 1980s, using the sensitivity of single- and multipolarized
radar waves to different glacier surface conditions, such as
wetness and roughness, to distinguish between snow and
glacier ice [20]–[23]. Later, several studies were carried out on
glacier identification using classifiers based on the backscatter-
ing coefficient [24]–[26]. Using the SAR backscattering coef-
ficient in identifying glaciers is dependent on the differences
in the physicochemical properties of each feature in the glacial
zone in the SAR images. Therefore, it is important to under-
stand the surface features, internal structure, and chemical
composition of the glaciers. For example, [27] used the radar
backscattering dependence on the crystal size of glacier ice to
monitor glacier zones and snow/firn line changes in the Tibetan
Plateau. According to the difference in the dielectric constant
caused by different water contents, dry and wet snow can be
distinguished and snow lines can be extracted [28]. Calm water
surfaces cause specular reflection and result in a very low
backscattering coefficient in a SAR image. Therefore, glacial
lakes can be easily identified [24]. The radar backscattering
coefficient can be affected by surface roughness, which is a
function of the local incidence angle and wavelength [29].
Debris on glacial ice in the ablation zone produces a rough sur-
face that backscatters a substantial amount of radar signal back
to the receiving antenna, which makes a glacier with debris
cover very bright; thus, the glacier can be recognized relatively
easily in a SAR image [30]. Due to the dynamic behaviors
of glaciers, the scattering coefficient of various glaciers varies
over time [27], reducing the identification accuracy of glaciers
if only the radar backscattering coefficient is used.

The phase information in single-polarization SAR data
can be used through the differential interferometric SAR
(DInSAR) method. Interferometry is often used to detect
dynamic deformations or movement, and thus, it is often used
for flow-rate change detection and material balance studies
in glaciology [31]. The flow and ablation of the surface of a
glacier will cause SAR images acquired at different times to
lose coherence; the difference in coherence coefficients can
thus be used to distinguish a dynamic glacier from permanent
surface features [32]. However, the DInSAR method has
limitations: the viability of using InSAR to identify glaciers
in alpine regions is often limited by the coherence loss
over glacier surfaces when SAR image pairs with temporal
baselines of more than one day are used [33]. When the
time gap or spatial baseline is longer, the coherence of the
image pair is compromised. Moreover, faster-moving glaciers
are more prone to coherence loss. Thus, the requirement for
the data acquisition time interval for InSAR is restrictive.
Practically, the InSAR method is more suitable for relatively
stable glaciers.

When a radar wave interacts with ground targets, the polar-
ization state of the radar wave will change; the degree of

change is related to the dielectric constant, structure, rough-
ness, and chemical composition of targets. The surface and
volume components must be decomposed to infer separate
information on the properties of the ice surface and interior.
Polarimetric decomposition can quantify the contribution of
the surface and volume backscattering, improving the abil-
ity to distinguish different glacial zones [34]. The charac-
teristic parameters of polarimetric decomposition not only
increase the information in a radar image but also expand
the application dimension of SAR data in glacier remote
sensing [25], [34]–[36]. Furthermore, polarimetric decompo-
sition can be used to calculate the thickness of the debris
covering the surface of a glacier [37]. It has been found that
in identifying glaciers with polarized radar, factors such as
the (local) incidence angle, polarization, and the underlying
surface types must be considered [38]. In particular, the
local incidence angle affects the surface roughness and the
penetration depth and thus the radar backscattering signals.
A large incidence angle can produce an underestimated target
area [24]. In radar, as the depression angle of the radar beam
decreases or the local incidence angle increases, the vertical
relief of a surface to be considered rough increases [29],
the penetration depth decreases, the transmission coefficient
of surface scattering also decreases [39], and the influence
of surface roughness on the scattering is stronger, which
leads to the degree of polarization decrease, and further
leads to the misclassification of wet snow and snow-free
ground surfaces [40]. The addition of the local incidence
angle to the suite of classifiers can effectively improve the
classification accuracy [37], [40]. However, the past research
activities on the use of SAR to identify glaciers focused
mainly on supervised or unsupervised classification based on
scattering coefficients, scattering characteristics, and polari-
metric decomposition parameters, ignoring the important role
played by the local incidence angle on the classification
accuracy.

The objective of this article is to investigate how to improve
the identification accuracy of glacial zones in the central
Himalayas region using the multiresolution segmentation and
target decomposition, especially for screening and combining
a variety of polarimetric decomposition parameters and taking
into account the local incidence angle. Additionally, we ana-
lyzed the source of errors and improved identification accuracy
in the multiparameter classification process.

II. STUDY AREA AND EXPERIENTIAL DATA

A. Study Area

The study area is located on the eastern-facing side of
Mount Everest, the highest peak in the world. It belongs
to the central Himalaya region [5], and it includes typical
middle-latitude and high-altitude glaciers. Precipitation is
mainly controlled by the Indian and Southeast monsoons,
with the latter contributing more than 80% of the annual
rainfall [41]. The study area has a dry season from October to
March [42]. Three glaciers are located in the area, with no
debris coverage. The slope angles are 20◦± 5◦ with azimuth
angles varying from 0◦ to 360◦ [see Fig. 1(e)].
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Fig. 1. (a) Regional map showing the location of the study area. (b) Location
of the study area superimposed on a Landsat 8 OLI image (October 27,
2016). (c) Intensity image of HH polarization of ALOS PALSAR acquired on
August 24, 2016. (d) GDEM (version 2) of ASTER acquired in 2011 corre-
sponding to the SAR image coverage. (e) Aspect map derived from the DEM
data.

Fig. 1(a) is a regional map that shows the study area, located
near the boundary between Nepal and China. The enlarged
map of the study area is shown in Fig. 1(b), which is a
Landsat 8 OLI true-color image acquired on October 27, 2016,
in which the three glaciers, i.e., the 50197B, Laxia, and LBSB
glaciers, are labeled. The black rectangle shows the ground
coverage of the SAR image used in this article. Fig. 1(c)
shows the Advanced Land Observing Satellite 2 (ALOS-2)-
Phased Array type L-band SAR (PALSAR) intensity image
with HH polarization acquired on August 24, 2016. Fig. 1(d)
shows that the elevation in the study area, which is between
4500 and 7500 m, with a visible distribution of peaks and
valleys, and the aspect map obtained from the digital elevation
model (DEM) data is shown in Fig. 1(e), in which differ-
ent colors indicate different orientations of the mountains.
Aspect, or simply the slope direction, refers to the downslope
direction of the maximum rate of change in elevation from
each pixel to its neighbors. It is measured clockwise from due
north (0◦) to due north again (360◦): a full circle. Flat pixels
with no downslope direction are given a value of −1.

B. Satellite SAR Data

ALOS-2 full polarization data were used in this article.
The PALSAR aboard the ALOS-2 satellite is a SAR sensor
that transmits L-band radar waves and receives backscattered
signals from the ground. Its capacity has been significantly
improved from that of its predecessor, ALOS PALSAR,
in terms of the spatial and temporal resolutions, observation
band, modes of polarization, and time lag for data delivery.
In particular, the full polarization mode can acquire all
the polarimetric characteristics of a target, which greatly
improves the acquisition ability of the target information of the
imaging radar. This article used a quad-polarization SAR
image of the high-sensitive category in the stripmap mode
with a spatial resolution of 6 m. The imaging time was
August 24, 2016, when glacier ablation was still active, wet
snow and smooth ice surface lead to a large increase in
dielectric constant in snow, and the backscattering coefficient
was low [27].

To obtain training samples for the classification of glacier
zones, a high-resolution Landsat 8 optical remote sensing

image was used for selecting the training samples for glacier
zone classification. Theoretically, the optical image to be
overlaid with the SAR image should be acquired at the same
time as the SAR image. However, the cloud cover over the
study area on August 24, 2016, when the SAR image was
acquired, was thick, and the Landsat 8 optical image could not
be used. Comparing the optical images acquired from May to
October 2015, 2016, and 2017, we found that the boundaries of
the glaciers in the study area were almost constant. Therefore,
we used the Landsat 8 optical image with 30-m resolution
acquired on October 27, 2016, which has only 4.09% cloud
cover, as the optical image to be overlaid with the radar image
for selecting training samples because this image is temporally
the closest to the time the SAR image was acquired.

C. DEM Data

The Advanced Spaceborne Thermal Emission and Reflec-
tion Radiometer (ASTER) Global DEM (GDEM) data were
first published by NASA in 2009; version 2 of the data
was released in 2011. It has a spatial resolution of 30 m,
the vertical accuracy of 20 m and a horizontal precision
of 30 m. In this article, ASTER GDEM (version 2) data
were mainly used for geocoding the SAR data and aspect data
generation. The aspect data generated were used to calculate
the local incidence angle of the radar beam on the glacier
surface.

D. Second Glacier Inventory Data Set of China

The Second Glacier Inventory data set of China [43]
was provided by the Cold and Arid Regions Science Data
Center in Lanzhou, China (http://westdc.westgis.ac.cn). This
data set is the result of a new survey of the distribution of
glaciers in China after the first glacier inventory in 2002. The
data center used Landsat TM, Enhanced TM Plus (ETM+),
and Shuttle Radar Topography Mission (SRTM) version 4
data (2006–2011) as the main data sources. The glacier
boundary of the bare ice area was extracted by ratio-threshold
segmentation, and the glacier attributes were calculated by
the international general algorithm [10], [44]–[47]. In this
article, the glacier boundary from this data set is used as a
spatial reference for the glacier identification results.

III. METHODS

The optical and SAR images were processed following the
flowchart shown in Fig. 2. The entire procedure is subdivided
into four main components: multiscale segmentation of the
optical image, SAR data preprocessing, polarimetric decom-
position, and support vector machine (SVM) classification.

A. Object-Oriented Segmentation of an Optical Image

Object-oriented multiscale segmentation makes use of the
spectral and texture information of optical images. When
applied to the Landsat 8 image, the segmented results can
directly correspond to different types of features of the specific
spectrum and generate corresponding segmentation vector
boundaries, from which the pure pixels were selected as the
training samples for SAR image classification.
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Fig. 2. Flowchart of data processing, including four parts: multiscale segmen-
tation of Landsat 8 OLI image, preprocessing of full polarization SAR data
(the red dashed box), target polarimetric decomposition and multiparameter
classification (the blue dashed box). The content indicated by the red arrow
shows the combination of parameters of each polarimetric decomposition
method and how the local incidence angle is added to the classification
process.

B. SAR Data Preprocessing

The preprocessing of the SAR data (the red dashed rec-
tangle, Fig. 2) before polarimetric decomposition includes
polarimetry matrix generation, polarimetric speckle filtering,
and orientation angle correction. Each of these components
is explained in detail below. The information of each pixel
in a polarized radar image can be expressed by the complex
Sinclair scattering matrix

S =
[

SH H SH V

SV H SV V

]
(1)

where [S] is a 2 × 2 complex scattering matrix that describes
the scattering phenomenon of scatterers on incident waves
and SH V represents the target backscattering coefficient of the
transmitted horizontally (H) polarized wave and the received
vertically (V) polarized wave. Then, to extract physical infor-
mation from a scattering matrix, the matrix S can be converted
into a target scattering vector k with the Lexicographic matrix
basis

k = [SH H SH V SV H SV V ]t (2)

where the superscripted t indicates matrix transposition. Based
on the above equation, second-order products of the scat-
tering matrix related to depolarization can be defined as,
namely, the coherence matrix [T3] and the covariance
matrix [C3] [48], [49], see (3) and (4), as shown at the bottom
of this page, where the subscripted 3 indicates that the equation
satisfies reciprocity and (·)∗ stands for the complex conjugate
of the quantity (·).

Speckle is a scattering phenomenon in SAR imaging that
is caused by the random constructive and destructive inter-
ference of the backscattered waves by elementary scatterers
within each pixel. Backscattered waves are not conducive to
image interpretation and need to be suppressed by speckle
filtering, which requires the consideration of speckle statistics.

For polarimetric SAR data, the complex Wishart distribution
represented by a covariance or coherency matrix describes the
speckle statistics well. To maintain the polarimetric character-
istics, each element of the covariance matrix must be indepen-
dently filtered in the spatial domain to avoid crosstalk between
polarization channels. The improved Lee sigma filter [50]
satisfies the above requirements by adopting the edge-aligned
window and the filtering weights from the spanned image.
It preserves both the sharpness and polarimetric information
of a polarimetric SAR image while suppressing speckle noise.

Previous studies have shown that the backscattering of any
surface is influenced by the dielectric constant, the surface
roughness, and the local incidence angle [38]. In particular,
if the surface norm is not in the incidence plane, the orientation
angle shift δ is induced. Finally, the orientation angle shift δ
is estimated using the circular polarization method and is
removed from the polarimetric data. This procedure is called
orientation angle correction.

C. Polarimetric Decomposition

To fully investigate the polarimetric characteristics of
glaciers and compare the effects of different polarimetric
decompositions on the classification of glacial zones, both
coherent and incoherent polarimetric decompositions, includ-
ing Pauli, Touzi, Freeman-Durden, Yamaguchi, Van Zyl, and
H/A/α decompositions, were chosen for processing.

The most relevant coherent scattering decomposition is
Pauli decomposition [51], which expresses the measured
scattering matrix S in terms of the Pauli basis, which maintains
the total scattering power. In a monostatic case, where
SH V = SV H , the measured scattering matrix can be divided
into three basic matrices corresponding to canonical scattering
mechanisms: the first part corresponds to the scattering from
a sphere, a plate or a trihedron (simply called single- or odd-
bounce scattering); the second and the third parts represent
the scattering from a dihedron oriented at 0◦ (double- or even-
bounce) and 45◦ (volume scattering), respectively [52].

Touzi decomposition is a unique, roll-invariant and incoher-
ent decomposition method of target scattering [53]. To some
extent, it is derived from coherent decomposition. Four para-
meters can be extracted after the characteristic decomposition
of the coherency matrix T , and the new target scattering vector
model is applied to each eigenvector. They represent four
averaged parameters of roll-invariant parameters: maximum
polarimetric parameter-orientation angle (�), helicity (τ ),
magnitude (α), and phase (�) of the symmetric scattering [54].

Freeman-Durden decomposition is the best version of
model-based incoherent decomposition. Freeman-Durden

T3 = 1

2

⎡
⎣ |SH H + SV V |2 (SH H + SV V )(SH H − SV V )∗ 2(SH H + SV V )S∗

H V
(SH H − SV V )(SH H + SV V )∗ |SH H − SV V |2 2(SH H − SV V )S∗

H V
2SH V (SH H + SV V )∗ 2SH V (SH H − SV V )∗ 4|SH V |2

⎤
⎦ (3)

C3 =
⎡
⎣ |SH H |2 √

2SH H S∗
H V SH H S∗

V V√
2SH V S∗

H H 2|SH V |2 √
2SH V S∗

V V
SV V S∗

H H

√
2SV V S∗

H V |SV V |2

⎤
⎦ (4)
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decomposition applies three scattering mechanisms to
the covariance matrix: 1) canopy scattering from a cloud of
randomly oriented dipoles, such as forests; 2) even- or double-
bounce scattering from a pair of orthogonal surfaces (dihedral
scatterers) with different dielectric constants; and 3) Bragg
scattering from a moderately rough surface. It decomposes
the original covariance or coherency matrix into a form of
the weighted sum of volume, double-bounce, and surface or
single-bounce scattering [55]. The double-bounce component
of the covariance matrix is expected to depend on the dielectric
constants of the surface. The total scattering power (PT )
includes contributions from volume scattering (PV ), double-
bounce scattering (PD), and surface scattering (PS)

PT = |SH H |2 + |SV V |2 + 2|SH V |2 = PV + PD + PS . (5)

Yamaguchi decomposition is an extension of Freeman-
Durden decomposition that takes into account the helix scatter-
ing that is caused by the complex shape of artificial structures
such as buildings and bridges. Therefore, the energy in urban
areas is large, and in natural land cover areas, it is small [56].
The measured coherency matrix T can be divided into four
parts corresponding to four submatrices

T = fs Tsurface + fd Tdouble-bounce + fv Tvolume + fcThelix (6)

where Tsurface, Tdouble-bounce, Tvolume, and Thelix represent the
expansion matrix of the surface scattering, double-bounce
scattering, volume scattering, and helix scattering, respectively.
fs , fd , fv , and fc are the corresponding expansion coeffi-
cients, which indicate the specific weights of various types of
scattering in total scattering (please see [57] for more details).

Both the Freeman-Durden and Yamaguchi decomposition
consider that the volume scattering component comes directly
from the cross-polarized term, but topographical change also
produces cross-polarized power [58], which leads to an over-
estimation of the volume component and negative values for
the surface and the double-bounce component, which do not
represent a physically possible scattering mechanism. To solve
this problem, van Zyl et al. [59] decomposition transforms the
covariance matrix as follows:

C3 =
⎡
⎣

〈|SH H |2〉 0
〈

SH H S∗
V V

〉
0

〈
2|SH V |2〉 0〈

SV V S∗
H H

〉
0

〈|SV V |2〉
⎤
⎦

= a[Cmodel] + [Cremainder ] (7)

where matrix [Cmodel] represents the covariance matrix pre-
dicted by a theoretical model. Matrix [Cremainder] is the resid-
ual part in the measured matrix [C3] that is not consistent with
the modeled matrix. The value of a must ensure that the eigen-
values of [Cremainder] are positive. Finally, the scattering power
is decomposed into three nonnegative components: surface
scattering, double-bounce scattering, and volume scattering.

Different from the above scattering decompositions, H/A/α
decomposition is based on the statistical property of the
decomposition of C and T matrices, which can fully explore
different scattering mechanisms [51]. The H/A/α decom-
position is also known as the eigen decomposition of the
coherency matrix. It analyzes the physical information of
the eigen decomposition by three secondary parameters: the

Fig. 3. Schematic of extracting training samples from the object-oriented
segmentation optical image and performing PolSAR sample separability cal-
culation. (a) Rectangles of different colors represent various training samples,
wherein the solid one represents the training samples selected from the object-
oriented segmentation result of optical image, and the open one represents
the range in which the training sample is projected into the SAR polarimetric
decomposition characteristic parameters. (b) Top and bottom of the red and
blue color rectangles represent the maximum and minimum values of snow
and bare ice. From left to right, these values become easier to distinguish.

entropy (H ), the anisotropy (A), and the mean alpha angle (α).
The entropy determines the degree of randomness of the scat-
tering processes, which can also be interpreted as the degree
of statistical disorder. The anisotropy represents the relative
importance of the second eigenvalue with respect to the third,
and it can be employed as a source of discrimination only
when H > 0.7 because when the entropy is low, there are
so many scatterers in the observations, and the second and
third eigenvalues are highly affected by noise [60]. The mean
alpha angle allows the physical interpretation of the scattering
mechanism found by the eigen decomposition. α takes values
of 0, π/4, and π/2, representing single-bounce scattering,
volume scattering, and double-bounce scattering, respectively.

In the preprocessing scheme discussed above, the geocoding
of the SAR data and polarimetric decomposition were carried
out using the Sentinel Application Platform (SNAP) toolbox,
which is an open-source software program of the European
Space Agency (ESA).

D. Support Vector Machine Classification

Before the classification of the SAR image, the selection of
training samples needs to be combined with the segmentation
result of the optical image and the polarimetric decomposition
parameter images of SAR data. Fig. 3(a) shows that the multi-
ple pure pixels were selected from the optical image in areas of
different surface types corresponding to different glacial zones,
and the vector boundaries were derived and superimposed onto
the images with the polarimetric decomposition parameters.
Seventy percent of the selected pure pixels of each surface
type were used to train the classification model, and the rest
of the pixels were used for accuracy evaluation, mainly by
generating the confusion matrix and the Kappa coefficient.

An SVM classifier is typically a supervised classifier, which
requires training samples and distinguishing different types of
objects with an optimal hyperplane. It is relatively insensitive
to the size of the training samples. The focus is on choosing a
kernel function in this process. In this article, the radial basis
function (RBF) was selected, and the gamma threshold in the
function was set to 0.3. As shown by the flowchart (see Fig. 2)
(the blue dashed rectangle), there are three types of input data
sets designed for the classification.
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1) The first data set is a 3–4 band image consisting of the
characteristic parameters of each polarimetric decompo-
sition method.

2) The second data set is a 4–5 band image formed by
adding the local incidence angle image to the 3–4 char-
acteristic parameters of each polarimetric decomposition
method.

3) The third data set is a multiband image that screens and
combines the 20 polarimetric characteristic parameters
from the six polarimetric decomposition algorithms. Two
methods for parameter screening and combining were
designed and are introduced in Section III-E.

There are four categories of land surfaces contained in the
images: bare ice representing the glacier ice exposed to air
in the ablation zone; snow representing the area covered by
the snow in the accumulation zone; rock representing the bare
land on the hills surrounding the glaciers and the debris in
the terminal moraine or outwash sediment zone; and random
scattering for which the pixel value has no physical meaning
due to the stretching of the image caused by the terrain.

E. Sample Separation Calculation and Polarimetric
Decomposition Parameter Selection Method

Generally, if there is no intersection between any two arrays,
the two arrays can be separated. If an inclusion relationship
exists between them, they cannot be separated. These rules
are applied to the classification as follows [see Fig. 3(b)]:
assuming that each characteristic parameter of polarimetric
decomposition is a grayscale image layer, polygons of each
surface type in the optical image are projected onto the
parameter layers. Then, sample separability, the degree of
separation of two types of training samples in the parameter
layers, is defined. All pixel values of the same surface type
and in the same layer are grouped into an array Ay

x , where
subscript x denotes the characteristic parameter of polarimetric
decomposition and superscript y denotes the surface type.
Array Ay1

x1 contains all the pixel values of type y1 in the
x1-polarimetric parameter, while array Ay2

x1 contains all pixel
values of type y2 in the x1-polarimetric parameter, and so on.
If there is no intersection between the two arrays, then the cor-
responding two surface types can be completely distinguished,
and the value of the sample separability is one; if an inclusion
relationship exists between the two arrays, the corresponding
two types cannot be distinguished, and the value of the sample
separability value is zero. If neither of the two above cases is
satisfied, the ratio m of the intersected part to the sum of the
two arrays is calculated, and the sample separability of the two
arrays in the polarimetric decomposition parameter is (1− m).

We developed two methods for screening and combining the
20 polarimetric characteristic parameters. The first method is
based on the sample separability for each surface type. After
calculating the separability of all the surface types in the
20 polarimetric characteristic parameters of the polarimetric
decompositions, the parameters having the lowest separability
are removed. Then, the optimal index factor [61] among those
remaining is calculated to further select the polarimetric para-
meters that are weakly correlated. This process is very similar

to the dimensionality reduction of multispectral data while
preserving the information of the original images. Finally, the
three parameters with the highest separability for snow, bare
ice, and bare land or rocks are selected for combining. This
method is called surface-type-dominated (STD) combination.
The second method considers the scattering mechanisms. The
scattering matrix is decomposed into individual scattering
mechanisms, such as double-bounce, surface, and volume
scattering, and the characteristic parameters with the best
separability of any surface types in each scattering mecha-
nism are selected for combining. This method ensures that
parameters for the final classification include all the individual
scattering mechanisms. We refer to this method as scattering-
mechanism-dominated (SMD) combination. Comparing the
differences between the STD and SMD feature combinations,
the former is based on mathematical analysis and the latter is
a combination of parameters from physical and mathematical
analyses.

IV. RESULTS

A. Sensitivity Analysis

The 20 polarimetric characteristic parameters generated by
the six polarimetric algorithms have many similarities in physi-
cal meanings and a large amount of redundant information that
inevitably leads to strong correlations. Therefore, the sensitiv-
ity analysis of the 20 parameters was carried out from three
aspects: the degree of sample separation, the parameter corre-
lation coefficient, and the effective data dimension [62], [63].
Let us define a matrix of size N × 20, where the N rows are
the number of pixels and the 20 columns are the corresponding
20 characteristic polarimetric parameters. According to the
method shown in Fig. 3, the sample separability between any
two surface types of snow, bare ice, and bare land/rock for all
the characteristic polarimetric parameters is shown in Table I.
It can be found that the separability between bare ice and
bare land/rock is higher than the separability between the other
two types. Further comparisons in each column reveal that the
best characteristic parameters of polarimetric decomposition
are Freeman_surf, Pauli_b, and H/A/α_entropy bands for
distinguishing between bare ice and snow; H/A/α_alpha,
H/A/α_entropy, and Touzi_alpha bands for distinguishing
between snow and bare land/rock; and H/A/α_entropy,
Freeman_surf, and H/A/α_alpha bands for distinguishing
between bare ice and bare land/rock.

A further correlation analysis between pairs of the
20 parameters is shown in Table II, where all correlation
coefficients larger than 0.7 have been highlighted.
The most independent polarimetric features are from
Touzi decomposition, followed by those from H/A/a
decomposition. The cross-correlations between the remaining
Pauli, Freeman, Yamaguchi, and Van Zyl decomposition
parameters are high. Regarding the correlations between the
specific polarimetric decomposition parameters, it was found
that H/A/a_Entropy and H/A/a_alpha are only highly
correlated with another surface scattering, and the correlation
between Freman_vol and other volume scattering is almost 1.

Finally, we normalized the N × 20 matrix by calculating
the mean and variance and then calculating its eigenvalues,
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TABLE I

DEGREE OF SAMPLE SEPARATION IN 20 POLARIMETRIC
CHARACTERISTIC PARAMETERS

TABLE II

CORRELATION COEFFICIENT OF 20 POLARIMETRIC
CHARACTERISTIC PARAMETERS

Fig. 4. Eigenvalue of matrix of 20 polarimetric characteristic parameters.

as shown in Fig. 4. The eigenvector can be understood as
the direction of the new coordinate axis in the coordinate
transformation. The eigenvalue represents the variance of
the matrix in the corresponding eigenvector. The larger the
eigenvalue, the more information it contains. The results show
that such high-dimensional information is transformed and the
actual effective information is concentrated in the first five
parameters.

Based on the above analysis and according to the rule
of using the largest separability and a low redundancy
to identify a target, the following characteristic parameters
were obtained and used to form the STD combination:
H/A/α_entropy, H/A/α_alpha, and Freeman_surf. On the

TABLE III

MULTIPLE CLASSIFICATION ACCURACY OF THREE GLACIERS
IN DIFFERENT POLARIMETRIC DECOMPOSITION

other hand, by comparing the information in each row, we can
find the difference in the sample separability between the
characteristic parameters from polarimetric decomposition.
According to the scattering polarization division, the following
polarimetric characteristics can be obtained to form the SMD
combination: Van Zyl_dbl, Freeman_surf, and Freman_vol.

B. Classification for Each Polarimetric Decomposition

Three classifications in three glacial zones were performed.
Table III shows the overall accuracy in identifying the three
glaciers based on the various decomposition parameters. The
overall accuracy ranges from 52.6% to 87.0% and the classifi-
cation of polarimetric decomposition parameters based on the
decomposition of the covariance matrix is very accurate. The
Freeman-Durden, Yamaguchi, and Van Zyl decompositions
achieve the highest overall accuracy, all exceeding 75.0%.
In a comparison among the three glaciers, the LBSB glacier
has the highest overall average accuracy [82.10%, Fig. 5(c1)],
followed by the 50197B glacier [71.46%, Fig. 5(a1)] and
the Laxia glacier [68.98%, Fig. 5(b1)]. After the local inci-
dence angle was taken as a single band and combined with
the characteristic polarimetric decomposition parameter bands
to form a multiband image for extracting the classification
training samples, the highest precision for the three glaciers
increased to 91.98% (see Table III), demonstrating that the
inclusion of local incidence angle to the suite of classifiers
improves the classification accuracy and effectively reduces
the fragmentation of the classification results.

By comparing the confusion matrices, we found that snow
was identified with the highest accuracy in the classification
based on the single-polarimetric decomposition parameter,
followed by bare land (or rocks) and bare ice. After adding the
local incidence angle to the suite of classifiers, a large portion
of the bare ice that was misclassified as rocks was corrected,
but it also caused an increase in the omission errors from
classifying snow as rocks or vice versa in the classification
based on the decomposition parameters of partial polarization.

C. Classification After Combining Polarimetric
Decomposition Parameters

Two feature combination methods were adopted after
screening the 20 polarimetric characteristic parameters. The
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Fig. 5. Classified images using the SVM technique. Each row is for the
same glacier, and each column is under the same classification condition.
(a)–(c) correspond to the 50197B glacier, Laxia glacier, and LBSB glacier
(shown in Fig. 1), respectively. 1 represents the most accurate classification
based on the parameter of individual polarimetric decomposition. 2 represents
the same condition as 1 but with the local incident angle considered.
3 represents results from the STD combination method. 4 represents results
from the SMD combination method. Among them, (a1)–(c1) correspond
to the classified results based on parameters of Yamaguchi, Van Zyl, and
Freeman-Durden decompositions, respectively. The black solid line is the
glacier boundary from the second glacier inventory data set of China.

first is the STD combination, based on the mathematical
analysis of the 20 parameters, which selects three parameters
with the largest degree of separation and less cross correlation.
It is clear from Table III that the overall accuracy of the
STD combination is 84.07% (LBSB glacier) and it can reach
90.13% after being combined with the local incidence angle
[see Fig. 5(c3)], but it cannot exceed the classification accuracy
based on the single decomposition (Freeman, Yamaguchi and
Van Zyl) parameters.

The second combination method (SMD) is based on the sim-
ple scattering mechanism. From the 20 polarimetric character-
istic parameters, the surface scattering, volume scattering, and
the double-bounces scattering characteristics with the largest
degree of separation and less cross correlation were selected.
The results show that after the SMD combination, the highest
classification accuracy reached 88.97% for the LBSB glacier,
and the classification accuracy of each glacier after combining
exceeded the classification accuracy of the single-polarimetric
decomposition parameter, reaching 93.78% after taking into
account the local incidence angle [see Fig. 5(c4)].

It seems that the feature combination method combined with
the simple scattering mechanism can improve the recognition
accuracy of the glacial area. This finding also shows that
the polarimetric decomposition parameters can provide more
physical parameters of the glacier surface, and the simple
scattering mechanism based on the model decomposition can
improve glacier identification.

V. DISCUSSION

The results from Section IV show that the classification
accuracies of a glacier vary greatly with different polarimet-
ric decomposition parameters. Accordingly, the classification
accuracies of the same polarimetric decomposition parameter
applied to different glacial regions are also different. In this
regard, we analyzed the influencing factors in the process of

Fig. 6. True color composite of Landsat 8 OLI image of the Laxia glacier.
The red line is a downslope profile along the glacier. The black solid triangle
P1–P4 denote snow, bare ice, bare land/rock, and water in the lake, respec-
tively. “roi” denotes the region of interest. The small red dots represent the
snow samples, located in the accumulation zone; the blue dots represent the
bare ice samples, located in the glacier tongue and which is mainly glacier
ice; and the green dots represent the bare land/rock samples, located on both
sides of the glaciers. The black polygons represent the boundary of the three
glaciers. The green and yellow arrows indicate the azimuth and range direction
of the imaging radar system, respectively. The range direction is the direction
of radar beam propagation.

Fig. 7. Spatial distributions of the parameter values of different polarimetric
decompositions along the downslope profile from the snow accumulation zone
to the lake area shown in Fig. 6. (a)–(c) All the double-bounce scattering, vol-
ume scattering, and surface scattering from Pauli, Freeman, Yamaguchi, and
Van Zyl decompositions, respectively. (d) Value of polarimetric parameters
from Touzi decomposition. (e) and (f) Values of entropy anisotropy and α,
respectively.

glacier identification from two aspects: characteristic polari-
metric parameters and topography.

A. Effect of Different Characteristic Polarimetric
Parameters on Classification

The accuracy of classification sometimes depends largely
on the training samples. Therefore, we chose the Laxia
glacier, which has the largest variance in the classification
accuracy, as an example to analyze the differences and causes
of the glacier identification accuracy of various polarimetric
decompositions. As shown in Fig. 6, points P1, P2, P3, and
P4 are located in the accumulation zone, the ablation zone,
the terminal moraine or outwash sediment zone, and the ice-
marginal lake zone, respectively. The corresponding land types
are snow, bare ice, bare land/rock, and water. We obtained the
values of all the characteristic polarimetric parameters along
the downslope profile in the middle of the Laxia glacier and
generated curves (see Fig. 7) and 3-D scatterplots (see Fig. 8).

Since the Pauli, Freeman, Yamaguchi, and Van Zyl decom-
positions perform the decomposition process with the same
three basic scattering mechanisms, let us compare the results
from these decompositions. The curves shown in Fig. 7 reveal
that the double-bounce scattering, volume scattering, and the
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Fig. 8. Distributions of the 20 polarimetric characteristic parameters for
snow, bare ice, rock, and water surface types. Rows from the top to the
bottom represent the Pauli, Touzi, Freeman, Yamaguchi, Van Zyl, and H/A/a
decomposition method, respectively. Columns from left to right are the
3-D scatterplots of the values of polarimetric parameters from each decom-
position method in the polarimetric feature space, projected 2-D scatter plots
of the 3-D scatterplots on the planes as indicated by the axis titles.

surface scattering have similar shapes and have the following
characteristics: the double-bounce scattering curve has three
distinct peaks. These peaks appear in the middle of the
transition zone between each of the two types of land surfaces,
namely, near the snow line, the end of the ice tongue, and the
edge of the lake. The volume scattering curve starts to increase
from the snow zone. After some fluctuations, it reaches a peak
at the ice tongue and then gradually decreases. Finally, after
a peak at the edge of the lake, it drops to a stable value
of approximately −15 dB. For the surface scattering curves,
the overall distribution is approximately −10 dB, which is
stable in the bare ice zone, and valleys appear at only the ice
tongue and the lake. Different from these curves, the curves of
the four polarimetric characteristics from Touzi decomposition
in the glacial area have no obvious variation pattern. Unlike
these four decompositions, the H/A/α decomposition method
is based on the statistics of the scattering matrix. The curves
represent the change in entropy, anisotropy, and alpha. They
show that the entropy and anisotropy seem to have a sym-
metrical trend centered on the X-axis. Although the values of
entropy and alpha are not the same, they have a similar shape:
the entropy and alpha curves reach a peak at the end of the
ice tongue and the lake, while the anisotropy curve reaches a
valley at the corresponding position.

The changes in these curves indicate that the values of
the characteristic polarimetric parameters depend on land
surface types. We computed the 20 polarimetric characteristic
parameters for all the land type samples and presented them
in the form of the scatterplots, as shown in Fig. 8. Each
row represents a polarimetric decomposition method. The 3-D
scatterplots in the leftmost column represent the values of the
respective parameters for all four land surface types. The 2-D
scatterplots from left to right in each row are the projected
2-D plots of the 3-D scatterplots on the corresponding planes
as indicated by the axis titles.

The high-altitude accumulation zone is covered with the
snow, ranging from new snow at the surface to old and
metamorphosed snow at deeper levels. Radar backscattering
from the snow accumulation zone generally includes both
surface scattering and volume scattering. According to the
scatterplots, the backscattering due to the single type of land
surface is dominated by dipole scattering and belongs to
the medium entropy multiple scattering [64]. As the altitude
decreases (between P1 and P2), the snow depth decreases
along the downslope profile, and the backscattered signals
received not only from the snow layer but also from the
underlying ice surface, which is stronger than those from the
snow. Even if the surface snow layer melts and eventually
disappears (from P2 to P3), the radar beam can penetrate into
the glacial ice, the presence of crystals inside the glacier ice
and the crevasses cause an increase in the volume scattering.
At the same time, a decrease in the smoothness causes a
reduction in the anisotropy [65]. In the low-altitude zone of
the ice tongue, the squeezing of ice caused by the downward
movement of glacier ice forms wrinkles. When a radar beam
touches these pleats, it returns due to the double-bounce
scattering. Eventually, the roughness of the terminal moraine
at the end of the ice tongue and the surface tills creates a
strong backscattering peak between points P2 and P3. Due
to the decrease in roughness as we transverse from P3 to
P4, the double-bounce scattering component of the terminal
moraine or outwash sediment zone (P3) gradually decreases
and remains stable, and the surface scattering component
increases. In the lake zone (around P4), an increase in the
dielectric constant due to more soil moisture generates a
significant backscatter peak. Eventually, at the edge of the
lake, the topographical changes cause a higher double-bounce
component and alpha value. In the lake zone, the specu-
lar reflection of radar beams by the lake water causes the
radar backscattering to plummet and remain low. Accord-
ing to the scatterplot, the backscattering in the lake zone
belongs to medium entropy but includes surface and dipole
scattering.

The surface type affects the value of the polarimetric
parameters, and the physicochemical properties of the land
surface are the underlying causes. Therefore, we screened and
combined these parameters based on the type of surface (STD).
From the classification accuracy table, we found that several
classification schemes with the highest accuracy were based
on simple scattering mechanisms. Therefore, we reorganized
the polarimetric parameters according to the scattering mech-
anism (SMD). This combination is similar to selecting the
parameters corresponding to the largest eigenvalues and repro-
jecting them into the same coordinate system according to the
corresponding eigenvectors. Fig. 9 shows the scatterplots of
the polarimetric parameters in the polarimetric feature space
after the STD and SMD combination schemes. Compared to
the STD combination scheme, the SMD combination scheme
increases the degree of separation of snow, bare ice, and
rock. These results demonstrate the advantages of using the
polarimetric parameter combination method proposed in this
article to improve the separability of different land surface
classes.
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Fig. 9. Distributions of characteristic polarimetric parameters of all samples
in the feature space after the STD combination (top row) and the SMD
combination (second row). Columns from left to right are the 3-D scatterplots
of the values of polarimetric parameters in the polarization feature space,
projected 2-D scatterplots of the 3-D scatterplots on the planes as indicated
by the axis titles. Each point is associated with one pixel of the sample,
different colors indicate different land types.

B. Effect of Topographic Factors on Classification

From the above analysis, we can see that the polarimet-
ric characteristics can affect the classification accuracy, but
radar backscattering strongly depends on the local incidence
angle [66], which is a function of the slope and aspect of the
surface. The local incidence angle also affects the polarization
and scattering direction, resulting in changes in the radar
polarimetric characteristics [67]–[69]. However, the difference
in slope among the glaciers in the study area is small, and the
largest difference in the local incidence angle is caused by the
aspect. Therefore, a parameter, β, is defined to analyze how
the aspect affects the classification accuracy by changing the
polarimetric characteristics. β is the angle between the surface
aspect and the direction of the radar beam propagation, and
its value ranges from 0◦ to 180◦. Fig. 6 shows the spatial rela-
tionship between the direction of the glacier and the direction
of operation of the radar sensor. The β values of the three
glaciers are as follows: 46◦ for the LBSB glacier, 107◦ for the
50197B glacier, and 162◦ for the Laxia glacier. After choosing
three land types in the glacier zone (i.e., snow, bare ice, and
bare land/rocks, where rocks were selected on either side of
the glacier), the spatial distribution of the samples is shown
in Fig. 6. As Yamaguchi polarimetric decomposition shows
the largest difference among the three glaciers, we used it as
an example to analyze the impact of the terrain.

Fig. 10 shows the radar intensity scatterplots for the
various polarimetric parameters of snow, bare ice, and
bare land/rocks in dihedral scattering (dbl), surface
scattering (surf), volume scattering (vol), and helix
scattering (hlx) versus the β angle. For the LBSB glacier (left
column in Fig. 10), the β angle is distributed within 0◦–120◦
in the snow area, within 0◦–180◦ in the bare ice area, and
clearly concentrated within 15◦–150◦ in the bare land/rock
area. In terms of the values of the polarimetric parameters,
both snow and bare ice are less than 0, and the value of bare
ice is higher than that of snow, which is most obvious in
surface scattering [see Fig. 10(d)] and volume scattering [see
Fig. 10(g)]. The polarimetric parameter value of rock increases
with increasing β. When β exceeds 120◦, the surface and
volume scattering values exceed 0. For the 50197B glacier
(middle column of Fig. 10), the β angle is within 0◦–180◦
in the snow area while the angle is mainly within 60◦–180◦

Fig. 10. Scatter plots of radar intensity of the polarimetric parameter versus
aspect (β angle) for the surfaces of snow, glacier ice, and bare land/rock of
each of the three glaciers. The x-axis is the β angle, and the y-axis is the value
of the polarimetric characteristic parameters in dB. The red points represent
the samples of snow, blue points represent the samples of bare ice, and green
points represent the samples of bare land or rock, respectively. Each column
is for the same glacier. Each row corresponds to a polarimetric parameter:
the first row from the top is for the double-bounce scattering, the second row
is for the surface scattering, the third row is for volume scattering, and the
bottom row is for helix scattering.

in the bare ice zone. In the bare land/rock zone, the β angle
values are mainly distributed within two intervals: 0◦–60◦
and 150◦–180◦. It is worth noting that for the 50197B glacier,
the polarimetric characteristic values of snow are generally
higher than those of bare ice, and the polarimetric parameter
values of bare land/rock are lower than those of the LBSB
glacier. However, the increasing trend in the polarimetric
parameters of snow, bare ice, and bare land/rock with
increasing β has not changed. For the Laxia glacier (right
column of Fig. 10), the β angle distribution of snow and bare
ice is similar, ranging within 0◦–180◦, and the β angles of
bare land/rock are between 40◦ and 180◦. All the polarimetric
parameter values of different land types do not change
significantly with the increase in the β angle, and they are
distributed within −25–0 dB, making them indistinguishable.

Comparing each column in Fig. 10 can reveal the effect
of aspect on the polarimetric parameters. When the β angle
of the glacier is small [see Fig. 10(a), (d), (g), and (j)], the
polarimetric parameter values of snow are smaller than those
of bare ice, and there is a clear boundary between them.
However, the bare land/rock is mostly affected by the aspect.
Half of the bare land/rocks face away from the direction of the
radar beam and the other half face toward the radar beam. The
former leads to foreshortening, and the latter strongly reflects
the radar signal. This behavior leads to a significant increase
in the polarimetric parameter values with increasing β, despite
the discrete distribution of β angles, so that a part of the
bare land/rock can be well recognized. As the β angle of
the glacier increases [see Fig. 10(b), (e), (h), and (k)], the
characteristic values of the accumulation zone exceed those
of the ablation zone, and the boundary between the two
zones becomes blurred. The rock area is still only partially
recognized. When the β angle of the glacier exceeds a certain
threshold, the characteristic value of snow is higher than
that of bare ice, and these two values no longer show an
increasing trend with increasing β. When the glacier is parallel
to the direction of the radar beam, the bare land/rocks on
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both sides of the glacier can be illuminated by the radar
beam. Thus, the distribution of β values of bare land/rock
is no longer concentrated in two separate intervals, as shown
in Fig. 10(c), (f), (i), and (l). This phenomenon makes all
the polarimetric parameter values of bare land/rock overlap
with those of snow and bare ice, and the three become
indistinguishable.

As the β angle increases, the polarimetric characteristics of
bare ice tend to be stable, and the polarimetric characteristics
of snow continue to increase slightly, while the scattering char-
acteristics of the rocks vary greatly. Thus, the recognizability
of rocks is reduced, increasing the possibility of classifying
rocks as glacier ice. Therefore, the influence of aspect on
glacial identification is mainly reflected in the influence of
rock identification.

VI. CONCLUSION

In summary, the preprocessing and target polarimetric
decomposition of the fully polarized radar data were carried
out. A high-resolution Landsat 8 OLI optical image was
segmented by object orientation, and the training samples were
extracted for SVM-based classification. The classification was
performed on three data sources: the characteristic polarimet-
ric parameters of each polarimetric decomposition method,
the characteristic parameters of each polarimetric decompo-
sition method while taking into account the local incidence
angle, and the optimal polarimetric characteristic parameters
that were selected and combined using two combination meth-
ods after all 20 polarimetric characteristic parameters of the
polarimetric decompositions were screened. By comparing the
accuracy of the two combination methods in the identification
of three glaciers, the polarimetric characteristics of alpine
glaciers and the influence of terrain on glacial identification
were analyzed.

The results classified using SVM show that the highest
classification accuracy based on single polarimetric parameters
was 87.1%, but it increased to 91.98% after adding the local
incidence angle to the suite of classifiers. Comparing the
confusion matrices, the addition of the local incidence angle
can increase the commission errors between bare ice and rocks
but improve the overall classification accuracy of glaciers.

The results also show that the aspect of a glacier sur-
face is an important factor affecting the identification of
alpine glaciers. It not only impacts the amplitude of the
backscattered signal but also changes the polarimetric char-
acteristics of an object and thus can impact the classification
accuracy. Bare land/rocks are more affected by the slope,
followed by snow. Bare glacial ice is the least affected by
the terrain due to its relatively smooth surface. Based on
the above information, the effect of the STD polarimetric
parameter combination on improving classification accuracy
is not obvious. The incoherent polarimetric decomposition
based on the covariance matrix decomposes the scatter signal
into dihedral scattering (dbl), surface scattering (surf) and
volume scattering (vol) parameters, which is an effective tool
for isolating individual scattering mechanisms of snow and
bare land/rock. Therefore, the classification accuracy of the

SMD combination method reaches 88.97%, which exceeds the
classification accuracy of arbitrary single-polarimetric decom-
position parameters. It reaches 93.78% after considering the
local incidence angle. The study shows that high-resolution
optical data used for selecting training samples and an appro-
priate combination of characteristic parameters for the SAR
polarimetric decompositions can be employed for effective
alpine glacier identification and monitoring.
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