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A B S T R A C T   

Snow density is one of the important indicators of snow cover hydrological potential. The application of existing 
algorithms for retrieving dry snow density using synthetic aperture radar (SAR) data is limited by single scat
tering mechanism, small terrain fluctuation or narrow incidence angle range. In the study, an improved approach 
was proposed to retrieve dry snow density from C-band SAR data with a wide range of roughness and local 
incidence angles. Both the snow-ground interface scattering and volume scattering were considered in the 
approach. First, the relationship between the backscattering at the snow-ground interface and relative permit
tivity was obtained based on simulation using the Advanced Integral Equation Model (AIEM) and regression 
analysis. Then the classical relationship between the volume backscattering and relative permittivity obtained by 
the first-order volume scattering model was incorporated into the approach. For comparison, the coefficients of 
the Shi algorithm were redefined by the AIEM model and regression analysis, and the Shi algorithm initially 
developed for L-band was modified for C-band. In experiments, the RADARSAT-2 data obtained in the Manasi 
River Basin on December 12–17, 2013 and the C-band GaoFen-3 data obtained in the Kelan River Basin on 
January 17, 2018 were selected to validate the applicability of the proposed approach under different conditions. 
The inversion results in the Manasi River Basin using the proposed approach, Singh algorithm, and modified Shi 
algorithm were compared. The results in the Manasi River Basin show that the correlation coefficients (Rs) 
between the measured and estimated dry snow density are 0.868, 0.694, and 0.653 for the three methods, 
respectively. The root mean square errors (RMSEs) are 31.1 kg m− 3, 59.1 kg m− 3, and 64.7 kg m− 3, respectively, 
and the mean relative errors (MREs) are 12.9%, 21.9%, and 25.5%, respectively. The corresponding R, RMSE, 
and MRE in the Kelan River Basin using the proposed approach are 0.717, 57.2 kg m− 3, and 27.1%, respectively. 
The results prove that the dry snow density under different C-band SAR data and different areas can be effec
tively retrieved using the proposed approach superior to the other two algorithms.   

1. Introduction 

Seasonal snow cover is one of the most active natural elements, 
which not only affects changes in the environment and the climate 
(Brucker et al., 2011; Zhong et al., 2014), but also serves as the main 
supply of fresh water resources in arid and semi-arid areas. Snow water 
equivalent (SWE) is an important parameter for evaluating the contri
bution of seasonal snow cover to water resources or evaluating the hy
drological potential of snow cover (Varade et al., 2020a). SWE indicates 

the amount of liquid water stored in snow (Singh et al., 2017). It is the 
product of snow density and depth. Since the microwave spectrum of 
remote sensing may not fully penetrate the wet snow cover, this study 
was focused on the dry snow. Fortunately, the density of dry snow can be 
sufficient for the estimation of SWE because the SWE change little when 
the snow transits from dry to wet if the water balance of the snow cover 
is kept. In the past, dry snow density was rarely taken seriously and 
generally assumed to be a constant value when estimating SWE on a 
large scale (Jonas et al., 2009; Singh et al., 2017). However, dry snow 
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density varies greatly with time and space in mountain areas, thus snow 
depth information alone is insufficient to determine SWE (Gray, 1970; 
Singh et al., 2017). In addition, the retrieval of snow depth is signifi
cantly affected by dry snow density (Guneriussen et al., 2001; Li et al., 
2017; Varade et al., 2020a). Snow density is a fundamental physical 
property of snow cover. In addition to playing a crucial role in calcu
lating SWE (Bernier and Fortin, 1998; Elder et al., 1991; Sturm et al., 
2010), it is also useful for simulating snowmelt runoff (DeBeer and 
Pomeroy, 2010; Martinec and Rango, 1986), estimating snow load 
(Meloysund et al., 2007), and predicting avalanches (Brun et al., 1992; 
Hirashima et al., 2009). Unfortunately, sparse weather stations make it 
impractical to collect enough field measurements. Therefore, alternative 
methods from remote sensing data provide a more feasible way to 
exploit snow density in environmental and hydrological studies. 

Active microwave remote sensing, especially synthetic aperture 
radar (SAR), has been an effective way to obtain snow parameters due to 
its good penetration ability, sensitivity to the dielectric and geometric 
properties of snow, and high spatial resolution (Shi et al., 2012). Some 
recent studies applied full-polarized backscattering coefficients or phase 
information in snow properties estimation, with encouraging results. Ma 
et al. (2020) retrieved snow wetness in Xinjiang, China using fully 
polarized SAR data. Santi et al. (2021) evaluated the ability of ANN to 
retrieve snow depth and snow water equivalent from X-band and Ku- 
band SAR data. Conde et al. (2019) used spaceborne SAR interferom
etry to estimate the temporal variation of snow water equivalent. And 
Varade et al. (2020b) estimated the snow depth in Dhundi based on 
weighted bias corrected differential phase observations of dual- 
polarization bi-temporal Sentinel-1 data. Despite the great advance, 
these methods commonly involved complex processes and required well 
calibrated SAR data in both amplitude and phase, with few applications 
in the estimation of snow density. A simple and straightforward method 
based on snow scattering models is still a promising alternative in this 
stage. 

The penetration depth of microwaves to dry snow is inversely pro
portional to the wavelength (Shi and Dozier, 2000), and the backscat
tering of dry snow is mainly attributed to dry snow density (Abe et al., 
1990; Shi and Dozier, 2000; Singh et al., 2017). The received total 
backscattering of snow cover can be decomposed into air-snow interface 
backscattering, the snow volume backscattering, and the snow-ground 
interface backscattering (Ulaby et al., 1982). Owing to the small 
dielectric contrast at the air-snow interface, the contribution of air-snow 
interface may be overlooked for the angles away from nadir (Ulaby 
et al., 1982). Regarding dry snow, the snow-ground interface back
scattering is particularly important due to the strong penetration of 
microwave into the dry snow layer (Ma et al., 2020). The volume 
backscattering should also be considered because of the potential vari
ation of inner snow permittivity. 

Several algorithms have been developed to reckon snow density from 
SAR data. The principle in common is to firstly separate the surface and 
volume scattering. Secondly, various methods are used to find out the 
suitable relationship between surface or volume scattering and snow 
relative permittivity (Shi and Dozier, 1995; Shi et al., 1990). Then snow 
density is retrieved. Therefore, the establishment of accurate relations is 
vital to the inversion of snow density. 

Most algorithms only considered a single scattering mechanism of 
surface or volume backscattering. Shi and Dozier (2000) used the inte
grated equation model (IEM) (Fung, 1994; Fung et al., 1992) and 
regression analysis to build a simplified relationship between the snow- 
ground interface backscattering under the conditions of changes in 
various parameters and relative permittivity, which was used to invert 
dry snow density from SIR-C L-band data. The algorithm was success
fully applied in the American Mammoth Mountain (Shi and Dozier, 
2000) and the Chinese Tianshan Mountains (Li et al., 2001) where the 
underlying surface is soil or rock. Awasthi et al. (2020) estimated the 
snow density in the North-Western Himalayas obtaining the relationship 
between surface backscattering and relative permittivity using the IEM 

model (Fung, 1994; Fung et al., 1992) with C-band RISAT-1 datasets. 
Surendar et al. (2015) contacted volume backscattering and relative 
permittivity using the generalized four component polarimetric 
decomposition with unitary transformation (G4U) (Singh et al., 2013) to 
reverse dry snow density with C-band RADARSAT-2 data in the Indian 
Himalayas where the snow cover is over sparse vegetation. Singh et al. 
(2017) contacted volume backscattering and relative permittivity using 
the generalized Singh-Cloude three-component hybrid decomposition 
method (GS3H) (Singh et al., 2017) for the retrieval of dry snow density 
based on TerraSAR-X data in the Himalayas. Varade et al. (2020a) used 
bi-temporal C-band RADARSAT-2 data to estimate the early winter snow 
density in the Himalayas considering the relationship between volume 
backscattering and relative permittivity. Nevertheless, snow density 
inversion will be affected only considering surface or volume 
backscattering. 

One step further, the modified algorithm considered the associations 
between surface and volume scattering and snow relative permittivity to 
infer snow density. Singh and Venkataraman (2009) gained the affilia
tions between volume backscattering and snow-ground interface back
scattering and relative permittivity apart on the basis of the first-order 
scattering model and the small perturbation model (SPM) (Valenzuela, 
1967) to build an inversion model, in turn derived dry snow density by 
C-band ENVISAT-ASAR data. The algorithm was applicable to the Indian 
Himalayan region where the underlying surface is bare soil or rock 
(Singh and Venkataraman, 2009; Venkataraman et al., 2010). However, 
the SPM (Valenzuela, 1967) is available for slightly rough surfaces 
(Engman and Chauhan, 1995), and the algorithm was fit to a narrow 
range of incidence angles, limited to 31.0◦–36.3◦. 

Naturally, dry snow density can be better retrieved under the overall 
consideration of scattering mechanism. The backscattering of dry snow 
is sensitive to surface roughness. The underlying surface is continuously 
distributed, including various levels of roughness. Moreover, the com
plex terrain in the mountains will result in a wide range of incidence 
angles. The above-mentioned algorithms only think about part of the 
influencing factors on dry snow density inversion. How to fully consider 
the scattering mechanism and the large-scale surface roughness and 
incidence angles on the complex mountain terrain at the same time is 
still unsolved. 

In the study, we propose an improved approach for retrieving dry 
snow density using C-band SAR data. Both the snow-ground interface 
backscattering and volume backscattering are considered in the 
approach. Moreover, the range of surface roughness and incidence angle 
under conditions of complex terrain in the mountains is fully considered 
for an enhanced method with a much wider range of validity. The core of 
this study is to find a new and more suitable affiliation between surface 
backscattering and relative permittivity with the Advanced Integral 
Equation Model (AIEM) (Chen et al., 2000; 2003). AIEM can reproduce 
the real surface scattering in a broad scope of surface roughness. It has 
become a universal model dealing with electromagnetic scattering from 
terrain surfaces in recent years. In addition, the dry snow density 
inversion algorithm for L-band data developed by Shi and Dozier is 
modified for C-band data using AIEM. Finally, the proposed approach is 
compared with the Singh algorithm (the dry snow density estimation 
algorithm developed by Singh and Venkataraman) (Singh and Ven
kataraman, 2009) and the modified Shi algorithm (the modified dry 
snow density estimation algorithm developed by Shi and Dozier (2000)) 
to demonstrate its superiority. Furthermore, two types of study areas 
and SAR data are selected to validate the applicability of the proposed 
approach. 

2. Study areas and data 

2.1. Study areas 

Xinjiang Province is one of the three major snow-covered areas in 
China (Ma et al., 2020). There are Kunlun, Tianshan, and Altay 
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Mountains from south to north in Xinjiang Province. The terrain, 
climate, and snow characteristics vary with different mountains. 
Consequently, we select two study areas in Manasi River Basin (MRA) of 
Tianshan Mountains and Kelan River Basin (KRA) of Altay Mountains 
(Fig. 1). The purpose is to verify the adaptability of the proposed 
approach under different conditions. 

The MRA covered by RADARSAT-2 satellite data is situated in the 
Manasi River Basin originating from the northern piedmont of Tianshan 

Mountains, at 43◦48′–44◦05′ N, 85◦44′–86◦08′ E. The terrain is high in 
the south and low in the north. The elevation difference is about 2000 m 
and the average elevation is 2936 m. The annual average temperature is 
6.5 ◦C (Ma et al., 2020). The snow cover has the characteristics of thin 
thickness and low density. It appears in November, peaks in February, 
and decreases in March (Dai et al., 2012; He et al., 2015). 

The KRA covered by GaoFen-3 satellite data is located in the Kelan 
River Basin originating from the southern piedmont of Altay Mountains, 

Fig. 1. Location of the two study areas MRA and KRA in the Manasi River Basin and Kelan River Basin, Xinjiang Province, China, respectively (a, b), and the snow 
density of sample points of field measurements (c, d). 

Table 1 
Parameters of the two SAR data.  

Satellite Centre frequency (GHz) Acquisition time (UTC + 8) Beam mode Pixel spacing (m) Centre incidence angle (◦) 

Slant range Azimuth 

RADARSAT-2 5.405 (C-band) 2013.12.13 20:16 Fine quad-pol  4.733  4.779  43.45 
GaoFen-3 5.4 (C-band) 2018.01.17 00:12 QPSI  2.248  4.869  43.96  
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at 47◦49′–48◦07′ N, 88◦03′–88◦24′ E. Contrary to MRA, the terrain is 
high in the north and low in the south. The elevation difference is about 
2500 m with an average elevation of 1174 m. The annual average 
temperature is 5.2 ◦C (Ma et al., 2020), 1.3 ◦C lower than that in MRA. 
The snow cover appears in mid or late October and melts in late March 
or early April (Ma et al., 2020). The annual average snow depth exceeds 
40 cm (Zhuo et al., 2017), being twice of that in MRA. 

2.2. SAR data and data preprocessing 

RADARSAT-2 and GaoFen-3 data were used in this study syntheti
cally considering the spatial resolution of data, the temporal and spatial 
distribution of snow, and the feasibility of synchronous observation 
experiments. The specific parameters of the two SAR data are listed in 
Table 1. 

In order to retrieve snow density, the single-look complex (SLC) data 
were first averaged to form multi-look images having larger azimuth and 
range pixel spacing. The azimuth and range pixel spacing were 9.559 m 
and 6.882 m obtained from the RADARSAT-2 data with a window of 2 ×
1 pixels. The corresponding values were 9.738 m and 6.745 m obtained 
from the GaoFen-3 data with a window of 2 × 3 pixels. Then the Frost 
filter (Frost et al., 1982) with a window of 9 × 9 pixels was performed to 

reduce image speckles. The Range-Doppler terrain correction was 
further carried out with the SRTM V1 data to generate the local inci
dence angle maps and to mask out the layover/shadow areas. 

2.3. Field measurement data 

In consideration of the requirements of observation data, accessi
bility of vehicles, and actual workload, the observation routes were 
selected in MRA and KRA (Fig. 1). Vertical profiles of the snow cover 
(snow pits) were first made at the observation points (Fig. 2). Then the 
snow and soil features were measured including snow density, free 
liquid water content of snow, snow temperature, snow grain size, snow 
depth, soil root mean square (RMS) height, and soil correlation length. 
The first four features were layered observations. The stratified density 
was measured with a snow fork. It obtains the complex relative 
permittivity of snow and then calculates the snow density by a semi- 
empirical formula (Sihvola and Tiuri, 1986). It is widely used for in- 
situ measurements of snow (Techel et al., 2011b). 

In MRA, field measurements were carried out during December 
12–17, 2013. On December 12, there was a light snowfall in parts of the 

Table 2 
Soil parameters used to simulate the backscattering components at snow-ground 
interface.  

Soil parameters Minimum Maximum Interval 

Volumetric water content (%) 2 50 2 
RMS height (cm) 0.2 4 0.2 
Correlation length (cm) 2.5 35 10 
Local incidence angle (◦) 20 71 1 
Wavenumber (cm− 1) 1.211 1.420 0.009 
Correlation function Exponential  

Fig. 2. Field photographs in MRA (a) and KRA (b).  

Table 3 
Parameters used to simulate the snow volume backscattering components.  

Parameters Minimum Maximum Interval 

Volumetric water content of soil (%) 2 50 2 
Local incidence angle (◦) 20 71 1 
Snow density (kg m− 3) 90 320 10 
Radar frequency (GHz) 5.405 
Snow depth (cm) 8.66 
Snow temperature (K) 268.96 
Snow grain diameter (mm) 0.8 
Volumetric water content of snow (%) 0 
QCA stickiness parameter 0.1  

M. Li et al.                                                                                                                                                                                                                                       



ISPRS Journal of Photogrammetry and Remote Sensing 191 (2022) 49–67

53

area, that stopped just before the RADARSAT-2 transit. 13 snow pits 
were made and the interval of stratified observation was 5 cm. The re
sults showed that the snow was shallow, mostly with 2 layers. It was 
mainly coarse-grained snow, with a grain diameter of 0.8 mm. The 
volumetric water content of the rest snow pits was 0 except that of two 
snow pits were 0.35% and 0.23%, respectively (Table A1). As a result, 
the snow in MRA was dry during imaging. So as to better understand the 
spatial distribution of snow cover, 36 other flat sites were chosen to 
measure the snow density and depth through snow tube, electronic 
scale, and ruler. Fig. 1 presents the snow density at 49 sampling points. It 
is shown that the distribution range of dry snow density in MRA was 
wide. 

In KRA, field measurements were carried out on January 17, 2018 
(the day of GaoFen-3 transit). 8 snow pits were made and the interval of 
layered observation was 10 cm. The results showed that the snow was 
deep, mostly with more than 6 layers. It was mainly coarse-grained 
snow, with a grain diameter of 0.9 mm. The minimum and maximum 
volumetric water content of the snow pits were 0.04% and 1.19%, 
respectively (Table A1). As a result, the snow in KRA was not entirely 
dry during imaging. A small amount of liquid water exists at the bottom 
of most sample points, which has little effect on the inversion results. 
However, there is a little more liquid water in the bottom or middle layer 
of individual points, which will have a certain impact on the inversion 
results. Fig. 1 shows the snow density at 8 sampling points. 

3. Methodology 

3.1. Proposed approach 

The improvements in the proposed approach are illustrated in Fig. 3. 

Assuming that the dry snowpack does not have obvious air-snow 
scattering and the volume extinction 

is small at C-band, the total backscattering mainly contains two 
components (Fung, 1994; Shi et al., 1990): 

σpp
t (θi) = σpp

v (θr)+ T2
pp(θi)σpp

sg (θr), (1)  

where σpp
t (θi) is the total backscattering coefficient for polarization pp 

with θi denoting the local incidence angle at the air-snow interface. 
σpp

v (θr) and σpp
sg (θr) are the volume and snow-ground interface back

scattering coefficient for polarization pp with θr denoting the refractive 
angle at the air-snow interface, respectively. Tpp is the Fresnel power 
transmissivity at the air-snow interface for polarization pp. 

The square root of the product of VV and HH polarization back
scattering coefficients also has a relationship similar to equation (1) (Shi 
and Dozier, 1995; Shi et al., 1993; Singh and Venkataraman, 2009): 

σAP(vvhh)
t (θi) = σAP(vvhh)

v (θr)+ T2
AP(vvhh)(θi)σAP(vvhh)

sg (θr), (2)  

where, 

σAP(vvhh)
t (θi) =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅
VVHH

√
=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

σvv
t (θi)σhh

t (θi)

√

. (3)  

Where σAP(vvhh)
t , σAP(vvhh)

v , and σAP(vvhh)
sg are the square root of the product 

of total, volume, and snow-ground interface VV and HH polarization 
backscattering coefficients, respectively. TAP(vvhh) is the square root of 
the product of Fresnel power transmissivity at the air-snow interface for 
polarization VV and HH. 

An approach is developed for retrieving dry snow density with both 
volume backscattering and snow-ground interface backscattering. The 

Fig. 3. Schematic diagram of the proposed dry snow density inversion approach.  
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volume backscattering is based on the Dense Media Radiative Transfer 
(DMRT) (Tsang et al., 1985; Wen et al., 1990) and the first-order volume 
scattering model is adopted. The single scattering AIEM is used in 
calculating the snow-ground interface backscattering. A new 

backscattering model at snow-ground interface is derived, which is 
simple and efficient for a wide range of roughness and incidence angles. 

Snow-ground interface backscattering relationship: Firstly, the back
scattering components of the snow-ground interface are simulated using 

Fig. 4. Simulated relationships between dry snow density and the total, volume, and snow-ground interface backscattering coefficients in different simulation 
scenarios at the HH polarization of 5.405 GHz. The left panel of (a) - (e) is the results of two extreme RMS height, correlation length, incidence angle, snow depth, and 
snow grain diameter conditions, respectively. The right panel of (a) - (e) shows the corresponding snow-ground interface and volume backscattering contributions to 
total backscattering. The input of model was collected by the field experiments in MRA: incidence angle 43.45◦, snow depth 8.66 cm, snow temperature 268.96 K, 
snow grain diameter 0.8 mm, QCA stickiness parameter 0.1, volumetric water content of snow and soil 0 and 2%, clay content weight fraction 0.217, soil RMS height 
1.77 cm, and soil correlation length 13.275 cm. s: Soil RMS height, cl: Soil correlation length, h: Snow depth, d: Snow grain diameter, csg: Snow-ground interface 
backscattering contribution to total backscattering, cv: Volume backscattering contribution to total backscattering. 
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the AIEM model (Chen et al., 2000; 2003) in the range of snow densities 
of 90 kg m− 3 to 320 kg m− 3 under a wide range of dielectric, roughness, 
and incidence angles (Table 2). The most commonly used form of 
exponential surface correlation function to describe soil surface (Shi 
et al., 1997) is selected in the simulation. The range of each parameter is 

selected based on the measured data in MRA. 
Secondly, based on the backscattering coefficients of common fea

tures at C-band, the simulation records with a backscattering coefficient 
(HH/VV/HV/VH) less than –100 dB or greater than 4 dB are removed. 

Then, the relationship between HH and VV polarization backscat

Fig. 5. Comparison of the AIEM and the fitted snow-ground interface models (a), and histogram of absolute errors for σhh
sg and σvv

sg between the AIEM model and the 
fitted model (b) used in the proposed approach, Singh algorithm, and modified Shi algorithm. 
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tering characteristics is described under the conditions of each incidence 
angle and wide range of surface roughness, and the coefficients of the 
fitted relationship are found by regression analysis. 
̅̅̅̅̅
σvv

sg
σhh

sg

√

|αvv(θi ,εs) |
|αhh(θi ,εs) |

×
|Tvv(θi, εs) |

|Thh(θi, εs) |
= 0.19+ 0.306 ×

σvv
sg

σhh
sg
− 0.088 ×

|αvv(θi, εs) |

|αhh(θi, εs) |

+ 0.629 ×
|Tvv(θi, εs) |

2

|Thh(θi, εs) |
2 ×

|αhh(θi, εs) |
2

|αvv(θi, εs) |
2

(
R2 = 0.991, p < 0.05

)
, (4)  

where αpp(θi, εs) is the polarization amplitude for polarization pp in the 
small perturbation model. 

Equation (4) represents the relationship between the backscattering 
coefficients of a large range random rough surfaces at a given incidence 
angle. This relationship minimizes sensitivity to the surface roughness 
and di-electricity, and maximizes sensitivity to the incidence angle. 

Snow volume backscattering relationship (Shi and Dozier, 1995; Shi 
et al., 1993; Singh and Venkataraman, 2009): The first-order volume 
backscattering coefficients from a non-homogeneous dielectric half- 
space medium are functions of the incidence angle, surface roughness, 
permittivity, and volume scattering albedo: 

σpp
v =

3
4

ωT2
pp × loss factor, (5)  

where loss factor explains the effect of rough surfaces on the trans
mission (Ulaby et al., 1982). ω is snow volume scattering albedo, 
depending on the liquid water content, particle size, density, size vari
ation, and shape of snow (Tsang et al., 1992). It is independent of 

polarization supposing spherical or randomly oriented particles. Thus, 
the ratios of the first-order volume backscattering for different polari
zation are expressed as functions of snow relative permittivity and local 
incidence angle. DT(θi, εs), DTH(θi, εs), and DTV(θi, εs) represent the vol
ume backscattering ratios of VV to HH, 

̅̅̅̅̅̅̅̅̅̅̅̅̅̅
VVHH

√
to HH, and 

̅̅̅̅̅̅̅̅̅̅̅̅̅̅
VVHH

√
to 

VV, where εs is the relative permittivity of snowpack. These ratios 
constitute the volume backscattering relationships, which only rely on 
the local incidence angle and snow relative permittivity. 

DT(θi, εs) =
σvv

v

σhh
v
=

|Tvv(θi, εs) |
2

|Thh(θi, εs) |
2 (6)  

DTH(θi, εs) =
σAP(vvhh)

v

σhh
v

=

⃒
⃒TAP(vvhh)(θi, εs)

⃒
⃒2

|Thh(θi, εs) |
2 =

|Tvv(θi, εs) |

|Thh(θi, εs) |
(7)  

DTV(θi, εs) =
σAP(vvhh)

v

σvv
v

=

⃒
⃒TAP(vvhh)(θi, εs)

⃒
⃒2

|Tvv(θi, εs) |
2 =

|Thh(θi, εs) |

|Tvv(θi, εs) |
(8) 

Inversion algorithm: Two relations can be derived based on best pairs. 
And the relations are only functions of the local incidence angle and 
snow relative permittivity. 

σAP(vvhh)
t − DTV(θi, εs)σvv

t = T2
AP(vvhh)σAP(vvhh)

sg − DTV(θi, εs)T2
vvσvv

sg (9)  

σvv
t + σhh

t −
DTV(θi, εs) + DTH(θi, εs)

DTV(θi, εs)DTH(θi, εs)
σ

AP(vvhh)

t

= T2
vvσvv

sg + T2
hhσhh

sg −
DTV(θi, εs) + DTH(θi, εs)

DTV(θi, εs)DTH(θi, εs)
T

2

AP(vvhh)
σAP(vvhh)

sg (10) 

Fig. 6. Comparison of the fitted model and the DMRT model for σhh
v (a) and σvv

v (b), with the (c) and (d) being the corresponding histogram of absolute errors.  
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Equations (4) to (10) can be used to derive the snow relative 
permittivity. 

σAP(vvhh)
t =

σhh
t ×

(
|Tvv(θi ,εs) |

2

|Thh(θi ,εs) |
2

)
×

̅̅̅̅̅
σvv

sg
σhh

sg

√
+ σvv

t
(
|Tvv(θi ,εs) |
|Thh(θi ,εs) |

)
×
( ̅̅̅̅̅

σvv
sg

σhh
sg

√
+ 1

) (11)  

where (Singh and Venkataraman, 2009), 

Thh(θi, εs) =
2
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
εs − sin2θi

√

cosθi +
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
εs − sin2θi

√ (12)  

Fig. 7. Comparison of the original model and the fitted total models (a), and histogram of absolute errors for σhh
t and σvv

t between the original model and the fitted 
model (b) used in the proposed approach, Singh algorithm, and modified Shi algorithm. 
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Tvv(θi, εs) =
2
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
εs − sin2θi

√

εscosθi +
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
εs − sin2θi

√ (13)  

αhh(θi, εs) =
cosθi −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
εs − sin2θi

√

cosθi +
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
εs − sin2θi

√ (14)  

αvv(θi, εs) = (εs − 1)
sin2θi − εs

(
1 + sin2θi

)

(
εscosθi +

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
εs − sin2θi

√ )2 (15)  

where 
̅̅̅̅̅
σvv

sg
σhh

sg

√

is approximately calculated from equation (4). 

Moreover, Looyenga’s semi-empirical dielectric formula (Looyenga, 

1965) can be used to estimate dry snow density in good agreement with 
Polder and van Santen’s physical formula (Matzler, 1996). 

εs = 1.0 + 1.5995ρs + 1.861ρ3
s

(
ρs ≤ 0.5 g cm− 3), (16)  

where ρs is the snow density. 

3.2. Methods for comparison 

Singh algorithm: An algorithm was developed for dry snow density 
estimation by Singh and Venkataraman (2009) considering both volume 
backscattering and snow-ground interface backscattering. The volume 
backscattering relationships were the same as equation (6) to (8) using 
the first-order volume backscattering model. And the snow-ground 

Fig. 8. Absolute errors between the fitted model and the original model varying with incidence angles.  

Fig. 9. Evaluation of the original model (a), proposed approach (b), Singh algorithm (c), and modified Shi algorithm (d), with the top and bottom panel being the 
results of HH and VV, respectively. 
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interface relationship (Shi et al., 1993) was found using best pair of 
polarization based on the SPM model (Valenzuela, 1967). 

Modified Shi algorithm: An algorithm was developed for dry snow 
density estimation by Shi and Dozier (2000) only considering snow- 
ground interface backscattering. The L-band data were simulated 
using the IEM model and the snow-ground interface relationship was 
found using regression analysis. 

In order to retrieve snow density using the Shi algorithm based on C- 
band data, the Shi algorithm suitable for L-band is modified for C-band. 

The backscattering coefficients simulated by the AIEM model (Chen 
et al., 2000; 2003) in the proposed approach are regressed to redefine 
the coefficients of Shi snow-ground interface relationship. The modified 
snow-ground interface relationship is 

log10

[ ̅̅̅̅̅̅
σhh

sg

√
+

̅̅̅̅̅̅
σvv

sg
√ ]

= 0.151+ 0.5 × log10

(
σhh

sg + σvv
sg

)
+ 0.001

× log10

(
σhh

sg

σvv
sg

)

− 0.066 × log10

(
σhh

sg

σvv
sg

)2
(
R2 = 1, p < 0.05

)
, (17)  

where log10

(
σhh

sg

)
is automatically excluded because of collinearity. 

The modified algorithm is 

log10

[ ̅̅̅̅̅̅
σhh

t

√

Thh(θi, εs)
+

̅̅̅̅̅̅σvv
t

√

Tvv(θi, εs)

]

= 0.151+ 0.5

× log10

[
σhh

t

T2
hh(θi, εs)

+
σvv

t

T2
vv(θi, εs)

]

+ 0.001 × log10

[
σhh

t T2
vv(θi, εs)

σvv
t T2

hh(θi, εs)

]

− 0.066 × log10

[
σhh

t T2
vv(θi, εs)

σvv
t T2

hh(θi, εs)

]2

. (18)  

4. Results 

4.1. Effects of snow density on C-band backscattering 

The backscattering of dry snow is sensitive to the snow density and 
other snow features. The dry snow density dependence of backscattering 

is shown in Fig. 4, where the input parameters calculated by the model 
are based on field and SAR measurements in MRA. The measured mean 
and extreme values of snow depth, snow temperature, snow grain 
diameter, soil RMS height, and soil correlation length are adopted. 
Although the centre incidence angle of SAR is fixed, the local incidence 
angle varies greatly due to the influence of mountainous terrain. The 
centre and extreme incidence angles measured by SAR are used. 

The results show that the snow-ground interface backscattering is 
dominant for C-band generally being much larger than the snow volume 
backscattering. However, for low-density dry snow with a density be
tween 100 kg m− 3 and 250 kg m− 3, snow volume backscattering cannot 
be ignored. Specially, snow volume backscattering is dominant when the 
soil RMS height is small. The difference in soil RMS height, snow grain 
diameter, soil correlation length, snow depth, and incidence angle all 
affects surface and volume backscattering contributions to total back
scattering. The degree of influence decreases in turn. Moreover, the 
volume backscattering increases first and then decreases with the 
increasing of snow density, and reaches the maximum at the snow 
density of 150 kg m− 3. In addition, the snow-ground interface back
scattering decreases with the increasing of snow density when the snow 
density is greater than 250 kg m− 3. It is greatly affected by the surface 
roughness, which should be weakened when the snow parameters are 
retrieved. 

At a constant density, the volume scattering albedo increases with 
the increasing of snow grain diameter. The volume backscattering in
creases with the increasing of snow depth. Moreover, in general, soil 
RMS height and incidence angle are two major factors affecting the total 
backscattering. The maximum difference in total backscattering is 
approximately 23 dB at the soil RMS heights of 0.2 cm and 4 cm. It is 
about 11 dB at the incidence angles of 20◦ and 71◦. 

Therefore, the relationship between backscattering and dry snow 
density is controlled by the scattering mechanism and depends on 
incidence angle, surface roughness, and snow cover characteristics. The 
factors make it possible to improve the snow density inversion algorithm 
for C-band data. 

4.2. Fitting of backscattering model 

It is generally believed that the closer the results of the fitted rela
tionship are to the simulation results of the original model, the higher 
the accuracy of the inversion results using the fitted model. 

Fitting of snow-ground interface backscattering model: The HH and VV 
polarization backscattering at snow-ground interface from the fitted 
model are compared with the original simulation data from the AIEM 

Fig. 10. Sensitivity of the proposed approach for HH polarization backscattering to incidence angle and snow density.  
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model (Chen et al., 2000; 2003), and histograms of absolute errors are 
shown based on the proposed approach, Singh algorithm, and modified 
Shi algorithm (Fig. 5). The results based on the proposed approach are 
better than the Singh algorithm and the modified Shi algorithm. The 
correlation coefficient (R), mean absolute error (MAE), and root mean 
square error (RMSE) of the proposed approach are 0.998, 0.448 dB, and 
0.633 dB, respectively. 89% of the absolute errors are concentrated 
between plus and minus 1 dB. The R, MAE, and RMSE based on the Singh 
algorithm are 0.992, 1.167 dB, and 1.434 dB, respectively. Different 
from them, the Rs, MAEs, and RMSEs based on the modified Shi algo
rithm have substantial difference between HH (0.980, 5.161 dB, and 
5.458 dB) and VV (0.992, 3.304 dB, and 3.479 dB). It may be caused by 

the removal of the log10

(
σhh

sg

)
in equation (17) during regression. Many 

horizontal lines on the comparison figures reveal simple parameter 
settings of the fitted model. In the modified Shi algorithm, better results 

are mostly observed when the value of incidence angle, surface rough
ness, or soil moisture is close to the boundary values. 

Fitting of snow volume backscattering model: The HH and VV polari
zation volume backscattering from the fitted model are compared with 
the original simulation data from the DMRT model (Tsang et al., 1985; 
Wen et al., 1990), and histograms of absolute errors are shown (Fig. 6). 
Parameters used to simulate are listed in Table 3. 79% of the absolute 
errors are concentrated between plus and minus 2 dB. Many horizontal 
and vertical lines on the comparison figures show that the parameter 
settings of the fitted model can be improved. 

Fitting of dry snow total backscattering model: Based on the proposed 
approach, Singh algorithm, and modified Shi algorithm, the total HH 
and VV polarization backscattering from the fitted model are compared 
with the original simulation data from the AIEM and DMRT model, and 
histograms of absolute errors are shown (Fig. 7). 91% and 54% of the 
absolute errors are concentrated between plus and minus 1 dB using the 

Fig. 11. Residual distribution of the snow density in MRA retrieved using the proposed approach (a), Singh algorithm (b), modified Shi algorithm (c), and in KRA 
using the proposed approach (d). 
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proposed approach and Singh algorithm, respectively. The modified Shi 
algorithm does not perform as well as the other two methods. It may be 
due to the fact that the modified Shi algorithm only considers the 
backscattering at the snow-ground interface, especially the VV polari
zation backscattering is greatly affected. In the modified Shi algorithm, 
the points with better results mostly meet the conditions of small inci
dence angle or surface roughness or soil moisture. 

As can be seen from Fig. 8, the absolute error between the fitted 
model and the original model using the proposed approach varies be
tween plus and minus 0.271 dB as the incidence angles increase. When 
the incidence angle is greater than 23◦, the absolute error varies be
tween plus and minus 0.2 dB. When the incidence angle is 57◦ or 65◦, it 
is close to 0. It means that when the incidence angle is about 57◦ or 65◦, 
the fitted model can replace the original model. The absolute error by 
the Singh algorithm increases with the increasing of incidence angles. 
When the incidence angle is less than 34◦, the absolute error is between 
plus and minus 0.5 dB. The absolute error for σhh

t by the modified Shi 
algorithm decreases slightly as the incidence angles increase. On the 
contrary, the absolute error for σvv

t increases significantly. 

4.3. Comparison of the model and SAR measurements 

In order to evaluate the applicability of the original backscattering 
model and three methods for snow density inversion in the two study 
areas, the simulated backscattering coefficients are compared with the 
C-band SAR measurements (Fig. 9). The snow and soil parameters 
measured at each sampling point are used in the simulation. 

Model simulations are consistent with SAR measurements. Consis
tency is higher in MRA than in KRA. This is mainly because the snow is 
dry in MRA and not completely dry in KRA. The consistency of the 
original model, proposed approach, Singh algorithm, and modified Shi 
algorithm decreases in turn. 

In MRA, the σhh
t and σvv

t of the proposed approach are very consistent 
with the RADARSAT-2 measurements. The RMSEs from all 49 sampling 
points are 0.367 dB and 0.498 dB for HH and VV polarizations. While in 
KRA, they are generally consistent with the GaoFen-3 measurements. 
The corresponding RMSEs from all 8 sampling points are 1.705 dB and 
1.101 dB. 

4.4. Sensitivity of the proposed approach 

The proposed approach is only sensitive to the incidence angle and 
density. In the simulation, the fixed input parameters are the same as 
those in Fig. 4, and the variable input parameters include the incidence 
angle and snow density. We set the incidence angle in the range of 
20◦–70◦, the step size is 10◦, the snow density is in the range of 50–550 
kg m− 3, and the step size is 10 kg m− 3. 

The results are shown in Fig. 10. Under the same incidence angle, the 
HH polarization backscattering at an incidence angle up to 30◦ decreases 
gradually, and the HH polarization backscattering at an incidence angle 
greater than or equal to 40◦ increases first and then decreases with the 
increasing of snow density, with slight fluctuations in the middle. The 
difference between the maximum and minimum values is approximately 
12 dB. It can be seen that the cut-off point is at a density of 150 kg m− 3, 
and the slight fluctuations are also nearby. This phenomenon is caused 
by the different properties of dry snow. The snow with a density up to 
150 kg m− 3 is dominated by fresh snow and has not been densified. The 
greater the density, the more ice crystal particles, and the stronger the 
volume backscattering signal of dry snow. While the density is greater 
than 150 kg m− 3, the snow has been densified. The stronger the coherent 
scattering between dense media, the weaker the volume backscattering 
signal of dry snow. This further confirms the conclusion that snow vol
ume backscattering cannot be ignored for low-density dry snow with a 
density between 100 kg m− 3 and 250 kg m− 3 in Subsection 4.1. It is also 
the inadequacy of some algorithms. Under the same density, the HH 
polarization backscattering decreases steadily as the incidence angle 
increases, and the difference between the maximum and minimum 
values is about 11 dB. 

4.5. Inversion of dry snow density 

In KRA, the inversion values at some measured points using the Singh 
algorithm and modified Shi algorithm are beyond the theoretical range 
of dry snow density. The residual distribution of the snow density 
retrieved using the three methods in MRA and proposed approach in 
KRA are shown in Fig. 11. In MRA, the points with large residuals using 
the modified Shi algorithm are distributed mainly in the northwest, 
northeast, and south. Large residuals using the Singh algorithm appear 
mainly in the northeast. Using the proposed approach, the residuals are 
all small. In KRA, the points with large residuals using the proposed 

Fig. 12. Dry snow density maps retrieved using the proposed approach in MRA and KRA.  
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approach are distributed mainly in the east and south. 
Dry snow density maps in the two study areas retrieved using the 

proposed approach are shown in Fig. 12. The average dry snow density 
in MRA and KRA is 239.2 kg m− 3 and 234.6 kg m− 3, respectively. The 
range of dry snow density is concentrated in 90 kg m− 3 to 320 kg m− 3, 
consistent with field measurements (simulation range). Only 7.6% of the 
snow-covered pixels are outside the simulation range in MRA, and 8.2% 
in KRA. These small ratios confirm the good performance of the pro
posed approach and small impact by different incidence angles. 

The out-of-range values mainly come from two aspects: areas with 
very small incidence angles and areas with a HH/VV ratio of greater 
than 1. As mentioned above (Fig. 8), the performance of the proposed 
approach degrades when the incidence angle is up to 23◦. In MRA, the 
average HH and VV polarization backscattering coefficients outside the 
range are 0.050 (–13.042 dB) and 0.041 (–13.875 dB) respectively, and 
the average HH/VV ratio is 1.220 (0.862 dB). In KRA, the corresponding 
values are 0.297 (–5.273 dB), 0.246 (–6.096 dB), and 1.209 (0.823 dB), 

respectively. This is because the snow beyond the range is disturbed by 
human activities. According to the physical analysis (Yueh et al., 2009), 
there are two decisive factors for the HH/VV ratio greater than 1. One is 
the volume scattering of vegetation with horizontal arrangement 
phenology on snow, and the other is the double bounce scattering effect 
between the snow-ground interface and vegetation particularly in the 
shallow snow areas. The influence of these two factors is not considered 
in any of the three methods in this study. Because more sunlight can be 
received on the southern slope, the out-of-range values on the southern 
slope are about three times that on the northern slope in MRA, and it is 
about twice in KRA. Forest, water bodies, and artificial surfaces are 
masked. The average of window with 5 × 5 pixels is used to fill in the 
values outside our simulation range. 

The study areas are at moderate to lower elevation, and the dry snow 
density decreases slightly with the increase of elevation (Fig. 13). This 
may be because the lower elevation area is affected by human activities. 
Trampling on snow caused by frequent human and livestock activities 

Fig. 13. Distribution of dry snow density at different elevations (top), and elevation with different dry snow densities (bottom) in MRA (a) and KRA (b).  
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results in a slight increase in dry snow density. Dry snow density is 
mainly 250–300 kg m− 3, with little presence greater than 350 kg m− 3. 
The distribution of dry snow with various densities in the two study 
areas is completely opposite. In MRA, more than 75% are distributed at 
lower elevation, while in KRA, the proportion is less than 30%. The 
spatial distribution of retrieved snow density is in good agreement with 
regional conditions. 

4.6. Accuracy of dry snow retrieval 

According to the in-situ measurements collected in the field, the 

inversion results of dry snow density from different data in the two areas 
are statistically compared. The retrieved density is compared with the 
average value of snow layer. 

In MRA, the comparisons are made with the data at 49 high confi
dence points collected during the field survey. The RMSE, mean relative 
error (MRE), and R of the snow density with the proposed approach are 
31.1 kg m− 3, 12.9%, and 0.868, respectively, and the relative errors of 
snow density are concentrated between plus and minus 25%. The scatter 
plots and relative error frequency histograms of dry snow density 
measurements and density values retrieved by different methods are 
shown in Fig. 14. It can be seen that the proposed approach is superior to 

Fig. 14. Comparison of field measurements with the snow density estimated from C-band RADARSAT-2 data (top), and histogram of relative errors (bottom). The 
three panels represent method takes proposed approach (a), Singh algorithm (b), and modified Shi algorithm (c). MIN: Minimum absolute error, MAX: Maximum 
absolute error, MRE: Mean relative error. 

Fig. 15. Comparison of field measurements with the snow densities estimated from C-band GaoFen-3 data (a), and histogram of relative errors (b).  
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the Singh algorithm and the modified Shi algorithm. As we mentioned 
earlier, for low-density snow with snow density ranging from 100 kg 
m− 3 to 250 kg m− 3, the influence of volume scattering on snow density 
inversion at C-band cannot be ignored. Moreover, the AIEM model 
(Chen et al., 2000; 2003) with a more accurate description of random 
rough surface scattering is better than the SPM model (Valenzuela, 
1967) suitable for small terrain fluctuations. Therefore, both the pro
posed approach and the Singh algorithm considering the volume scat
tering are superior to the modified Shi algorithm without considering 
the volume scattering, while the proposed approach based on the AIEM 
model (Chen et al., 2000; 2003) is better than the Singh algorithm based 
on the SPM model (Valenzuela, 1967). In addition, it has been verified in 
Subsection 4.2. 

In KRA, the comparisons are made with the data at 8 high confidence 
points collected during the field survey. Fig. 15 compares field mea
surements of snow density with estimates from GaoFen-3 data using the 
proposed approach. The RMSE, MRE, and R of the snow density are 57.2 
kg m− 3, 27.1%, and 0.717, respectively, and half the relative errors of 
snow density are concentrated in 0–25%. Despite some deviations, the 
estimated snow densities are in good agreement with the field mea
surements. Snow depth up to 78 cm has little effect on the inversion 
approach. 

The volumetric water content of snow at the top two points with the 
large deviation in the figure is 0.76% at 15 cm to 25 cm and 0.68% at 5 
cm to 15 cm, respectively. When the snow surface is very dry, the radar 
can detect deeper places, while when the snow surface is wet, the wet 
layer contributes more to the radar signal, and the radar may not be able 
to detect the layer below it. The proposed approach is dominated by the 
backscattering from the underlying surface of snow. The simple average 
method used may not truly represent the snow density detected by 
radar. From this verification, it can be concluded that the proposed 
approach is suitable for the maximum volumetric water content of snow 
at 0 to 25 cm not exceeding 0.68%, and the volumetric water content of 
the bottom snow not exceeding 7.89%. 

5. Discussion 

5.1. Advantages of the proposed approach 

In most snow density inversion methods, e.g., the Shi algorithm, 
scattering mechanism was considered incomplete. The Singh algorithm 
fully considered the scattering mechanism, but it was only suitable for a 
narrow range of incidence angles, limited to 31.0◦–36.3◦ and slightly 
rough surfaces. The proposed approach improves the Singh algorithm 

with C-band HH and VV measurements based on a large number of 
simulated backscattering coefficients by fully considering the scattering 
mechanism. It is suitable for incidence angles of 20◦–71◦ and soil 
roughness with an RMS height up to 4 cm, and correlation length up to 
35 cm. The approach minimizes the sensitivity to surface dielectric and 
roughness properties while maximizing the sensitivity to incidence 
angle. It does not need a prior knowledge of the underlying dielectric 
and roughness properties. 

5.2. Influence of topography 

In mountainous areas with complex terrain, terrain will have a sig
nificant impact on radar backscattering (Goyal et al., 1999; Ladson and 
Moore, 1992). Teillet et al. (1985) found that the uncertainty of radar 
backscattering caused by terrain factors is 8%–38% in Canadian 
mountains. The influence of terrain on radar backscattering is mainly 
caused by affecting the local incidence angle and the interaction 
mechanism between radar and ground objects. While the proposed 
approach minimizes the influence of topography, resulting in acceptable 
inversion accuracy, it is necessary to calculate the local incidence angle 
by DEM with higher accuracy and spatial resolutions for higher inver
sion accuracy. 

5.3. Error response 

The proposed approach is obtained based on the range of the 
measured data in MRA, and then verified in KRA. Although reliable 
inversions have been obtained in both study areas, the error response is 
evident in the comparison of the two study areas. 

Error response with respect to measurement methods: Some studies have 
shown that while snow fork measurements are reliable, snow density is 
underestimated compared to other physical measurement methods 
(Lemmetyinen et al., 2016; Techel and Pielmeier, 2011a; Tiuri et al., 
1984). Moldestad (2005) reported negligible errors of snow density 
determined by snow forks as low as plus and minus 5 kg m− 3. The 
inversion results in MRA are relatively balanced, and most snow den
sities in KRA are overestimated. It may be related to whether snow 
densities are all measured by snow forks in the two study areas. 

Error response with respect to model parameters: The potential errors of 
the proposed approach mainly come from the assumptions of soil RMS 
height, snow depth, and volumetric water content of snow. 

The soil RMS height in MRA ranges from 0.2 cm to 3.4 cm, and it is 
set to 0.2 cm to 4 cm in the proposed approach accordingly. The snow 
depth in the proposed approach is based on the average snow depth of 

Fig. 16. Error response of modeling density corresponding to soil RMS height (a) and snow depth (b) for the proposed approach, Singh algorithm, and modified Shi 
algorithm in MRA and KRA. 
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8.66 cm in MRA. The MAE in snow density for each method shows a 
linear downtrend relative to the soil RMS height (snow depth), and the 
proposed approach is the gentlest one (Fig. 16). It can be considered that 
this method is relatively robust to small changes in soil RMS height 
(snow depth), that is, it is low sensitive to soil RMS height (snow depth). 
This has also been verified in KRA, although the verification results are 
general. Therefore, the proposed approach is suitable for the soil RMS 

height of 0.2–4 cm, and the snow depth of 0–78 cm. 
The reason for the unsatisfactory results in KRA is that the snow is 

not completely dry. This is most obvious at a two-layer observation 
point. The volumetric water content of the first layer and the bottom 
layer is 0.32% and 0.68%, respectively. An explanation is given in 
Subsection 4.6. 

Table A1 
Measured snow and soil parameters.  

Study 
area 

Sample Snow parameters Soil parameters 

Density (kg 
m− 3) 

Depth 
(cm) 

Grain diameter 
(mm) 

Temperature 
(K) 

Stratification Volumetric 
water content 

RMS height 
(cm) 

Correlation length 
(cm) 

(%) Layer 

MRA 1 180 12.5 0.8 269.1 3 0 – 2.2 2.5 
2 220.7 10.5 0.63 269.6 2 0 – 0.8 32.5 
3 226 9.45 0.83 269.1 2 0 – 1.2 12.5 
4 212 15.95 0.8 270.85 3 0 – 1.2 12.5 
5 190.1 11 1.15 271.15 3 0 – 0.6 12.5 
6 227.3 5.5 0.8 268.96 1 0 – 0.4 12.5 
7 207.2 6 0.45 270.15 2 0 – 0.8 22.5 
8 237.3 5 0.45 270.15 1 0 – 1.4 22.5 
9 262.9 4.65 0.7 268.35 1 0 – 0.6 22.5 
10 199.1 10.5 0.63 269.6 2 0 – 0.8 32.5 
11 224.2 6.3 1 269.95 2 0 – 1.4 32.5 
12 208.3 14.4 0.8 268.96 3 0 – 1.2 22.5 
13 179.5 5.85 0.8 270.25 1 0.23 1st 3 32.5 
14 192.1 10 0.9 270.35 2 0 – 0.4 22.5 
15 199.4 8.5 0.8 270 2 0 – 1.4 32.5 
16 233.2 15.75 0.67 270 3 0 – 1 12.5 
17 268.4 4 1 271.3 1 0 – 0.8 22.5 
18 219.1 4.9 0.7 268.35 1 0 – 1 32.5 
19 240.2 4 0.55 268.96 1 0 – 1.4 2.5 
20 152.9 8.5 0.7 268.96 2 0 – 1 12.5 
21 235.5 6 0.6 268.96 2 0 – 0.2 2.5 
22 174.7 5.5 1.42 266.55 1 0 – 1.6 12.5 
23 154.2 2.45 0.7 268.96 1 0 – 0.8 12.5 
24 288.8 4.5 0.6 268.96 1 0 – 0.4 12.5 
25 175.2 10 1 271.3 2 0 – 2 12.5 
26 189.4 16.5 0.8 268.96 4 0 – 2.4 32.5 
27 204.6 11 0.8 268.96 3 0 – 0.6 12.5 
28 256.9 5.5 1 271.3 1 0 – 2.4 22.5 
29 184 7.95 0.93 270.1 2 0.35 bottom 2.4 22.5 
30 123.7 8.45 0.8 263.9 2 0 – 0.2 22.5 
31 201.8 7 0.9 270.35 2 0 – 3.4 12.5 
32 177.3 10.2 0.8 270 2 0 – 0.4 12.5 
33 214.3 5.8 1 271.3 1 0 – 1.4 32.5 
34 201.6 15.5 0.8 268.96 3 0 – 2.4 32.5 
35 176.6 8 1.42 266.55 2 0 – 2.6 12.5 
36 257.8 6.95 0.75 269.25 2 0 – 1 32.5 
37 318.2 5.5 0.8 268.96 1 0 – 3.2 22.5 
38 182.3 6.2 1.42 266.55 2 0 – 2.8 12.5 
39 113 10 0.9 270.35 2 0 – 0.4 12.5 
40 207.2 9 0.63 269.6 2 0 – 1.6 32.5 
41 158.2 10 1.15 271.15 2 0 – 1.8 22.5 
42 251.1 6.45 0.45 270.15 2 0 – 0.8 2.5 
43 165.2 6.5 1.42 266.55 2 0 – 1.2 2.5 
44 90 6.95 0.8 272.75 2 0 – 0.6 12.5 
45 191.8 7.95 0.99 262.45 2 0 – 1.8 32.5 
46 118.8 20 0.8 268.96 4 0 – 1.6 12.5 
47 160.1 18 0.67 270 4 0 – 1.8 2.5 
48 288.1 5.1 0.45 270.15 1 0 – 0.4 2.5 
49 211.9 8 0.9 269.85 2 0 – 0.6 22.5 

KRA 1 211.5 78.3 0.8 265.16 8 0.76 3rd 1 22.5 
0.6 5th 
0.11 6th 
0.23 7th 
7.83 bottom 

2 225.1 58.1 0.8 264.07 6 0.22 3rd 1 12.5 
3 179.5 62.73 1 263.99 6 0.34 2nd 1.8 12.5 
4 203.7 78 0.8 264.71 8 0.12 bottom 3.6 12.5 
5 240.1 71.37 0.95 264.39 7 7.89 bottom 3 32.5 
6 209.5 30.13 0.8 267.25 3 0.11 bottom 1.2 12.5 
7 114.5 25.97 0.9 266.02 2 0.54 bottom 1.6 22.5 
8 159.2 20.37 1.2 267.02 2 0.32 1st 1.6 22.5 

0.68 bottom  
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5.4. Limitations of the proposed approach 

Since the proposed approach is mainly based on the correction of 
surface scattering problem, it can be applied to the seasonal snow cover 
with dry snow with a subsurface of either soil or rock. However, it 
cannot be applied to the vegetated area where volume scattering is 
dominant. 

The proposed approach was obtained using the range of the mea
surements from MRA and was applied to KRA. The MRA is a moun
tainous area while the KRA has a relatively flat surface. Despite the 
difference of the two focus areas in view of snow properties and 
topography, the proposed approach showed a relatively stable accuracy 
for both areas, suggesting a satisfactory generalization capability. 
However, more validation should be made for operational uses. 

The inversion results of snow density in the study areas show that the 
proposed approach can be applied to a large range of incidence angles 
(20◦–71◦). The sensitivity analysis shows that the proposed approach 
depends on the incidence angle. The optimal incidence angle for the 
proposed approach is about 57◦ or 65◦ because the absolute error is 
closest to 0 compared with the original model. However, the coefficients 
of the fitted model are fixed values. It maybe leads to the limited 
inversion accuracy when the proposed approach is applied in other 
areas, despite the good inversion results in the study areas. The co
efficients of the fitted model are best expressed functions of the inci
dence angle and wavenumber. Firstly, the fitted model in functional 
form is more accurate than that in fixed form. Secondly, the inversion 
accuracy will not be greatly affected when different C-band data are 
used in other areas. A more accurate expression of coefficients is the next 
step to be studied. 

The classical Shi fitted model is used for the fitting of volume scat
tering, and the response law of volume scattering to density is very 
obvious. How to further efficiently modify the volume scattering fitted 
model and improve the inversion accuracy remain to be discussed in the 
next step. 

6. Conclusion 

In this study, an improved approach to retrieve snow density using C- 
band co-polarization SAR data is proposed based on a wide range of 
parameter simulation, with two main modifications compared to exist
ing methods. The proposed approach fully considered the scattering 
mechanism with wider valid incidence angles of 20◦–71◦ and a wider 
roughness range (RMS height ≤ 4 cm, correlation length ≤ 35 cm). And 
the Shi algorithm suitable for L-band is modified to be suitable for C- 
band. In addition, we selected the RADARSAT-2 data obtained in MRA 
on December 13, 2013 and GaoFen-3 data obtained in KRA on January 
17, 2018 to retrieve the snow density. The two types of SAR data differed 
in satellite orbits, sensors, location, acquisition time, and snow condi
tions. These differences can serve as evaluation criteria for the appli
cability of the proposed approach under various conditions. The 
inverted snow density agrees well with the field measurements. The 
small RMSEs and relative errors demonstrate the reliability of the pro
posed approach. The inversion accuracy of the proposed approach is 
higher than that of the Singh algorithm and modified Shi algorithm. At 
the same time, it is found that the snow depth up to 78 cm has little effect 
on the inversion approach. The inversion approach is suitable for the 
case that the maximum volumetric water content of 0–25 cm snow does 
not exceed 0.68%, and that of the bottom snow does not exceed 7.89%. 

However, vegetation has a great impact on the proposed approach. 
Whether it is applicable to other uses is still unresolved. In addition, the 
coefficients of fitted model expressed as functions of the incidence angle 
and wavenumber, and correction of volume scattering fitted model may 
improve the inversion accuracy. 
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