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Abstract: Snow depth is a general input variable in 
many models of agriculture, hydrology, climate and 
ecology. This study makes use of observational data of 
snow depth and explanatory variables to compare the 
accuracy and effect of geographically weighted 
regression kriging (GWRK) and regression kriging 
(RK) in a spatial interpolation of regional snow depth. 
The auxiliary variables are analyzed using correlation 
coefficients and the variance inflation factor (VIF). 
Three variables, Height, topographic ruggedness 
index (TRI), and land surface temperature (LST) , are 
used as explanatory variables to establish a regression 
model for snow depth. The estimated spatial 
distribution of snow depth in the Bayanbulak Basin of 
the Tianshan Mountains in China with a spatial 
resolution of 1 km is obtained. The results indicate  
 

 
that 1) the result of GWRK's accuracy is slightly 
higher than that of RK (R2 = 0.55 vs. R2 = 0.50, RMSE 
(root mean square error) = 0.102 m vs. RMSE = 
0.077 m); 2) for the subareas, GWRK and RK exhibit 
similar estimation results of snow depth. Areas in the 
Bayanbulak Basin with a snow depth greater than 0.15 
m are mainly distributed in an elevation range of 
2632.00–3269.00 m and the snow in this area 
comprises 45.00–46.00% of the total amount of snow 
in this basin. However, the GWRK resulted in more 
detailed information on snow depth distribution than 
the RK. The final conclusion is that GWRK is better 
suited for estimating regional snow depth distribution.   
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Introduction  

Snowpack is one of the most active natural 
elements in the cryosphere. Its special physical 
features (such as high emissivity, high albedo, large 
melting latent heat, and low thermal conductivity) 
and broad geographic distribution can greatly 
impact the surface energy budget and climate 
change (Tarnocai et al. 2009; Zhang 2005; Zimov 
et al. 2006). Among various snowpack parameters, 
snow depth is the main parameter that reflects the 
dynamic changes of snowpack. Because of this, 
snow depth is a significant factor researchers 
consider when studying hydrologic processes and 
assessing water resources (Bocchiola et al. 2008; 
Marshall et al. 1994). Therefore, snow depth 
monitoring has become an area of rapidly growing 
research when near-surface processes in cold 
regions are being analyzed (McCreight et al. 2014). 

Distribution of snow depth is influenced to a 
large degree by terrain and weather conditions. 
Due to differences in temperature, solar radiation, 
and other meteorological variables, there is 
considerable variation in snow depth at different 
elevations. In addition, snow depth undergoes 
dynamic changes as a result of energy absorption 
and release (Lu et al. 2014). The Tianshan 
Mountains in Xinjiang, China are about 2500 km 
in length and the south-north width is about 250–
350 km. The area consists of large mountains, 
inter-mountain basins, and valleys. The terrain is 
rather complex with many variations and the 
overall elevation decreases from west to east (Lu et 
al. 2015). Snow is one of the main water resources 
for the arid region in the mountain areas and 
affects the socio-economics and ecology of the 
region. Snow is rather sensitive to climate change, 
especially with regard to changes in temperature 
and solar radiation. Given the concern about global 
warming, the uncertainty of the temporal-spatial 
distribution of snow has intensified (Lu et al. 2015).   

Due to the broad application of satellite 
remote sensing data in ice and snow study since the 
1970s, researchers worldwide have utilized 
different remote sensing data to conduct research 
on snow depth inversion to determine the spatial 
distribution of snow depth (Che et al. 2012; Dai et 
al. 2015; Liang et al. 2015). There will be access to 
snow depth monitoring in areas with low density or 
areas which is lack of observation stations. 

However, the relationship between snow depth and 
the brightness values in the optical and near 
infrared bands is not very clear yet (Liang et al. 
2015) and microwave remote sensing is limited by 
the difficulty of obtaining data as well as the coarse 
spatial resolution (Che et al. 2012). Therefore, 
spatial interpolation is an effective way for 
obtaining timely snow depth distribution (L.pez-
Moreno and Noguéogueno 2006). Researchers 
worldwide have developed various methods to 
estimate the spatial distribution of snow depth 
using interpolation (Bocchiola et al. 2010; 
Collados-Lara et al. 2017; Erxleben et al. 2002; 
Huang et al. 2015; López-Moreno and 
Noguéogueno 2006). Interpolation methods such 
as ordinary kriging (OK), universal kriging (UK), 
ordinary co-kriging (OCK), and universal co-
kriging (UCK) have been used to estimate the 
spatial distribution of regional snow depth. The 
result have shown that OK is appropriate for the 
estimation of snow depth when the snow depth is 
low and UCK is suitable for the estimation of snow 
covering extensive areas (Huang et al. 2015). Since 
snow depth is strongly influenced by the terrain 
conditions, potential solar radiation, and other 
meteorological variables, it varies greatly for 
different areas. Spatial interpolation based on 
ground-based observations of snow depth has 
certain limitations (Harshburger et al. 2010). With 
the development of spatial analysis theory, new 
estimation methods that combine the 
meteorological or terrain variables with regression 
tree models and generalized additive models have 
been put forward (Erxleben et al. 2002; López-
Moreno and Nogués-Bravo 2006). These studies 
have indicated that snow depth estimation 
methods that consider explanatory variables such 
as terrain, potential radiation, etc. have resulted in 
an improvement in the estimation accuracy.    

These estimation methods are based on a 
global regression of ordinary least squares (OLS) to 
establish a relationship between snow depth and 
the environmental variables. However, snow 
exhibits strong variation and spatial non-
stationarity. It is difficult with OLS to determine 
the local characteristics of snow depth variability 
owing to complex terrain, vegetation cover, energy 
input and output and this limits the interpolation 
accuracy. Therefore, an approach that reflects the 
non-stationarity is required. Geographically 
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weighted regression kriging (GWRK) is a hybrid 
interpolation method that replaces the global 
regression portion of regression kriging (RK) with 
the local regression portion of the GWR while 
retaining the kriging interpolation for the residual 
term (Wang et al. 2012; Wasige et al. 2013). The 
regression coefficients of the explanatory variables, 
which influence the spatial distribution of the snow 
in the GWRK will change based on the change in 
the spatial position. Therefore, the interpolation 
result can reveal certain local changes that are 
masked by spatial non-stationarity, thus providing 
a more realistic situation of the spatial distribution 
of snow depth.  

This study aims to determine suitable methods 
for the spatial interpolation of snow depth in the 
Bayanbulak Basin in the middle part of the 
Tianshan Mountains of Xinjiang. On the one hand, 
eight-day composite snow cover data (MOD10A2 
and MYD10A2) was adopted to reflect the largest 
range of snow cover. These data has a high snow 
classification accuracy (the snow recognition rate is 
between 68.30%-100.00% and its average is about 
87.00%. It can eliminate the influence on the 
accurate classification of snow cover imposed by 
clouds (Huang et al. 2007; Zhou et al. 
2005). On the other hand, explanatory variables 
that are relevant to snow depth, such as the 
application of terrain variables. By exploring 
the auto-correlation of the spatial distribution of 
snow depth, this study compares the interpolation 

accuracy and the spatial non-stationarity of GWRK 
and RK by analyzing and comparing validation 
points. The establishment of the spatial snow depth 
estimation method is aimed at obtaining spatial 
distribution data of regional snow depth with high 
accuracy. 

1    Study Site and Methods 

1.1  Study area 

The Bayanbulak Basin is located in middle of 
the Tianshan Mountains. It is surrounded by 
mountains on three sides and is a semi-closed 
geographic area with typical features of a high-
elevation and cold basin (Figure 1). The 
Bayanbulak Basin includes the Big and Small 
Yultuz Basins with a total area of 136984 km2. The 
east-west length of the basin is 270 km and the 
north-south width is 136 km. The basin bottom is 
flat and the altitude ranges from 2400 m to 2600 
m. The basin is surrounded by large mountains 
with altitudes in the range of 4000–5500 m. Areas 
of permanent snow and glaciers exist in the 
mountains. Due to its alpine conditions and 
distinct landforms, various alpine steppes and 
meadow ecosystem occur in the area. There are 
large areas of wet meadows and lakes with rich 
aquatic plants and animals, forming distinct inland 
wetland ecosystems that play a significant role in 

water yield adjustment, water storage, 
and maintenance of the regional water 
balance. 

The high elevation-cold climate 
features are dominant in the Bayanbulak 
Basin. In the last 52 years, the records 
indicate that the winter lasts up to seven 
months, and the annual average 
temperature is –4.6°C, with a minimum 
temperature of –48.0°C. There are 139.3 
snow-covered days, and the maximum 
depth of frozen ground is 7.50 m. Besides, 
an increasing trend in the annual 
precipitation and rainy days in the 
Bayanbulak Basin has occurred, with 
values of 9.5 mm/10 annual and 3.2 
days/10 annual, respectively. However, 
the increase of annual precipitation in 
cold seasons is more than that of warm 

 
Figure 1 Map of the Bayanbulak region. 
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seasons. 
The Kaidu River that originates from the 

Bayanbulak Basin is a river of great importance for 
the economy of Xinjiang. It flows into the largest 
inland freshwater lake in China, Bosten Lake. As 
the source of the Tarim River, Bosten Lake is a 
crucial aspect in a north-to-south water diversion 
project. It is responsible for delivering emergency 
water to the downstream ecosystem of the Tarim 
River. Therefore, the Bayanbulak Basin is a vital 
water source in the oasis of Southern Xinjiang. 

1.2  Data Collection and Preprocessing 

1.2.1  Field data collection 

The snow depth data for this study was 
obtained from 36 stable observation stations 
(Figure 1) (set up by the Xinjiang Institute of 
Ecology and Geography of the Chinese Academy of 
Sciences) located in the Bayanbulak Basin in the 
central segment of Tianshan Mountains, Xinjiang. 
The snow depth monitoring devices are based on 
the principle of ultrasonic ranging to obtain 
automatic snow depth observations, and the data 
acquisition frequency is twice a day and the data 
acquisition times occur at 10:00 am and 20:00 pm 
(UTC+8).  

The snow depth data on Feb 23, 2017 was used 
for this study. All snow depth data passed a quality 
control (3σ principle). Table 1 is the main statistics 
of the snow depth data. The data were evaluated 
with a Kolmogorov-Smirnov (K-S) test (Agostinelli 
2003) and exhibited a normal distribution. The 
coefficient of variation (CV) was 49.40%, indicating 
a moderate variation. 

1.2.2  Snow-related response variables 

1.2.2.1 Processing of MODIS snow cover data and 
virtual site arrangement 

The Moderate Resolution Imaging 
Spectrometer (MODIS) snow cover data can be 
freely downloaded from the United States National 
Snow and Ice Data Certer (NSIDC). It includes the 
eight-day composite snow cover data MOD10A2 

and MYD10A2 of the Terra satellite (covering the 
area in the morning) and the Aqua satellite 
(covering the area in the afternoon) at 500 m 
resolution. Based on the longitude and latitude of 
the Bayanbulak Basin (Figure 1), the image with 
the track number h24v04 was sufficient to cover 
the entire Bayanbulak Basin. MOD10A2 and 
MYD10A2 on Feb 18, 2017 are selected for this 
study and the MODIS reprojection tool (MRT) is 
used for data extraction, reprojection, and cropping 
based on the extent the Bayanbulak Basin.  

The establishment of virtual sites is the 
premise for obtaining a complete distribution of 
surface snow cover for the study area. In order to 
obtain snow cover for the Bayanbulak Basin 
without clouds obscuring the area, the MODIS 
snow cover data from multiple time periods was 
used to eliminate the impact of clouds. The snow 
cover for the corresponding pixels could be 
determined for a relatively short contiguous time. 
Figure 2a shows the snow cover results for the 
Bayanbulak Basin on Feb 18, 2017 after eliminating 
clouds. 

Since there is spatial variation in the snow 
depth, we analyze the snow-free pixels in the 
rectified MODIS snow cover data and set up virtual 
observation stations, using the following rules 1) 
there is no snow in the eight neighbouring pixels of 
the virtual station; 2) the distance between the 
observation stations is no less than the smallest 
distance between the existing stations after adding 
the virtual stations to achieve an even distribution 
and density of observation stations.   

1.2.2.2 NDVI processing of MODIS data  

The normalized difference vegetation index 
(NDVI) reflects the condition of vegetation cover, 
which can also be used to infer surface climatic 
information in vegetated areas without weather 
observation stations (Shen et al. 2015). This study 
uses MOD13Q1, the Terra NDVI data, with a spatial 
resolution of 250 m, a data cycle of 16 days, and a 
time series ranging from Jan 2001 to Dec 2016. 
These data are pre-processed with regard to 
coordinate transformation, extraction of study area, 

Table 1 Descriptive statistics of snow depth 

Observation 
number 

Minimum 
(m) 

Maximum 
(m) 

Mean 
(m) 

Std 
(m) 

Kurtosis 
 

Skewness K-S 
Value 

CV 
(%) 

36 0.00 0.29 0.13 0.08 2.10 0.53 0.07 49.40 

Notes: * Std refers to Standard Deviation; K-S, Kolmogorov-Smirnov; CV, coefficient of variation. 
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etc. In this study, we use the 16-year average of the 
data to reflect the degree of vegetation cover in the 
study area (Figure 2b).  

1.2.2.3 MODIS surface temperature data and 
processing 

Land surface temperature (LST) is an 
important parameter for the mutual interaction 
and energy flux exchange in global and regional 

land-air interfaces. When the heat of snow layer 
increases (although the overall temperature of the 
snow layer rises), the surface temperature is 
slightly lower for a thick snow layer than for a thin 
snow layer because the temperature gradient of a 
thick snow layer is lower (Ge et al. 2010). The 
global daily surface data MYD11A1 of Aqua is used 
in this study. The data is based on relatively mature 
split-window algorithms to calculate the surface 
temperature (°C). The dates of data obtained in 
this study are Feb 22, Feb 23, and Feb 24, 2017 
respectively. The maximum values of the surface 
temperature in the corresponding pixels are 
synthesized for reduce the impact of value 
deficiency, thus closely reflecting the LST 
conditions on Feb 23, 2017 (Figure 2c).  

1.2.3  Derivation of terrain-related 
variables 

Digital elevation model (DEM) data with a 
spatial resolution of 90 m are sourced from the 
United States EROS Data Center. After data 
alignment and re-projection, the topographic 
variables such as slope (Figure 3a) are derived 
from the 90-m DEM. Additionally, auxiliary 
variables such as eastness (Figure 3b), northness 
(Figure 3c), and the topographic ruggedness index 
(TRI) (Figure 3d) are also extracted from the 
DEM data. Northness is defined as the cosine of 
the aspect and has values ranging from –1 to 1; a 
value of –1 represents a slope facing directly south 
and a value of 1 indicates a slope facing directly 
north. Eastness (Figure 3b) is defined as the sine 
of the aspect with values ranging from –1 to 1; –1 
represents an east-facing slope and 1 indicates a 
west-facing slope. The TRI is defined as the 
standard deviation of the elevation in a 270 m × 
270 m (3×3 pixels) window, high TRI values are 
indicative of areas with a large fluctuation in 
elevation (Harshburger et al. 2010). 

1.3  Methodology 

1.3.1  Regression kriging 

If the snow depth is related to the explanatory 
variables, multiple (or simple) regression 
relationships between snow depth and 
explanatory variables can be established, thus 
obtaining  0ˆ xm , representing the deterministic 
tendency and the residual  0xe , which represents 

  

  

 
Figure 2 Snow cover distribution in the Bayanbulak 
region (a); spatial distribution of annual NDVI (b); spatial 
distribution of LST (c). 
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the random portion. Interpolation is performed on 
the residual by OK. Finally, the two parts are 
summed to obtain the interpolation result of RK. 
This process can be expressed as: 

     000 ˆˆ xexmxZ 
                    

(1) 

where Z(x) is the estimation value when the 
snow depth is at the point of x0 and  0ˆ xe  is the 
residual obtained by interpolation of OK. 

1.3.2  Geographically weighted regression 
kriging  

GWRK is an interpolation method in which the 
global regression in RK is replaced by the local 
regression of GWR. In the geographically weighted 
model, the regression coefficient of the snow depth 
at x0 for the explanatory variable is no longer a 
constant obtained through global information of 
the explanatory variable and a multiple linear 
regression (MLR) but instead is an estimated 
coefficient of a locally weighted regression using 
the neighboring information of the explanatory 
variable. The GWR model at position x0 is 

presented as:  

       00
1

000 xqxxxy k

p

k
k



 
          

(2) 

where  0xy is the snow depth at position x0; 
 0xqk  is the kth explanatory variable at x0;  00 x  

is the intercept;  0xk  is the coefficient of the kth 
explanatory variable; p is the number of 
explanatory variables. 

A Gaussian function is used as the spatial 
weighting function, as shown in equation (3): 
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
















2

0 2

1
exp

r

d
xW i

i

                    

(3) 

where di is the distance from the ith 
observation station to the point x0; r is a bandwidth 
parameter;  0xWi is the weight function. For 
different station densities, an adaptive bandwidth 
selection strategy and the corrected Akaike 
information criterion (AIC) are used to determine 
the optimal bandwidth r. After the optimal 
bandwidth and weighting function are determined 
for each point to be estimated, the weighting 

   

    
Figure 3 Physiographic variables used in the regression analysis: (a) slope (°), (b)Eastness , (c) Northness, (d) 
topographic ruggedness index (TRI). 
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matrix can be obtained and the local regression 
coefficient can be estimated.  

The GWRK is developed from the GWR. An 
OK interpolation method is conducted on the 
residual (obtained from the GWR fitting) and using 
the GWR fitting trend, it is represented as:  

         000
1

000 xxqxxxy k

p

k
k   

      
(4)

 
where ε(x0) is the residual of the GWR fitting 

at position x0. The interpolation is conducted with 
the OK method.  

1.4  Method evaluation 

A 3-fold cross-validation is used to compare 
the accuracy of the snow depth based on the RK 
and GWRK methods. For the cross-validation, the 
measured snow depth data were equally divided 
into three groups and the actual snow depth data of 
two groups was used as the training set. The snow 
depth is then estimated by the RK and GWRK 
methods. The last group serves as a validation set 
to evaluate the accuracy, including mean 
estimation error (MEE), mean absolute estimation 
error (MAEE), and root mean square error (RMSE). 

As mentioned above, the snow depth 
estimation was repeated three times and an 
average of the results was used for the three 
accuracy tests. Finally, the results of the estimated 
snow depth were obtained. 

    

n

ssss
MEE

n

i
ii




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(5)
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    

n

ssss
RMSE

n

i
ii




 1

2ˆ

                
(7)

 

where  isŝ is the estimated snow depth at 

position si, )( iss  is the actual snow depth at 

position si, and n is the number of snow depth 
observation stations. 

2 Results  

2.1  Descriptive statistics 

2.1.1  Correlation analysis for snow depth 
and auxiliary variables 

The target variable is snow depth and the 
auxiliary variables include seven variables: height, 
slope, eastness, northness, TRI, NDVI, and LST. 
Table 2 indicate that TRI, height, and LST have a 
significant impact on the spatial distribution of 
snow depth. The snow depth in the Bayanbulak 
Basin is significantly positively correlated with TRI 
(r=0.31; p<0.01) and height (r=0.11; p<0.05), this 
indicates that snow depth increases with increasing 
height and TRI. In addition, snow depth is 
significantly negatively correlated with LST (r=–
0.09; p<0.05), which shows that snow depth is also 
influenced by the angle and intensity of solar 
radiation. Moreover, snow depth is also non-
significantly positively correlated with eastness and 
non-significantly negatively correlated with the 
northness. This indicates that a southeast slope is 
more favorable for the accumulation of snow and 
may be connected with other explanatory variables 
such as wind speed and wind direction. 

2.1.2  Stepwise regression for snow depth 
and explanatory variables 

A stepwise regression is used to establish the 
regression relationship between snow depth and 
auxiliary variables. The variance inflation factor 
(VIF) is used to test the collinearity among the 
auxiliary variables; if VIF>10, the corresponding 
auxiliary variables should be removed to avoid the 
collinearity of the variables (Oliver et al. 2014).  

For the variables of height, LST, and TRI, the 
VIF is smaller than 3.1, indicating that no 

Table 2 Correlation coefficient between topographical factors and snow depth 

 Height TRI NDVI Eastness Northness Slope LST 
Snow Depth 0.11* 0.31** –0.04 0.01 –0.08 0.03 –0.09* 

Notes:*p<0.05; **p<0.01; topographic ruggedness index (TRI); normalized difference vegetation index (NDVI); 
land surface temperature (LST). 
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collinearity exists among the variables. Therefore, 
these three variables can be used in the regression 
model.  

2.2  Estimation of snow depth 

2.2.1  Variance function fitting of 
regression residuals  

Snow depth (SD) is used as the target variable 
and height, TRI, and LST are used as explanatory 
variables for the MLR and GWR. The MLR model 
is: 

ܦܵ ൌ െ1.16 ൈ 10ିସ ൈ ܶܵܮ ൅ 2.21 ൈ 10ିଷ ൈ  ܫܴܶ

                   െ9.75 ൈ 10ିହ ൈ ݐ݄݃݅݁ܪ ൅ 0.377               (8) 

The MLR model shows an adjusted R-square 
of 0.44 by 3-fold cross-validation. Meanwhile, the 

GWR model to reveal local features could take 
advantage of spatial heterogeneity of regression 
coefficients estimated by TRI, LST and height as 
well as snow depth. The GWR model with the least 
AIC shows an adjusted R-square of 0.49 by 3-fold 
cross-validation.  

After MLR fitting, the range of the MLR 
residuals is –0.100–0.161, the residual kurtosis is 
2.124, and the residual skewness is 0.598. After 
GWR fitting, the residual range is –0.285–0.131, 
the residual kurtosis is 5.411, and the residual 
skewness is –0.91. Both residuals have passed the 
K-S test (significance level: ɑ=0.05; pmlr=0.629; 
pgwr=0.608) and are therefore suitable for 
statistical interpolation.  

An exponential variance function is used to 
conduct the fitting for the residuals (Massey 2012). 

 

 
Figure 4 Experimental variogram and fitted models of residuals from (a) multiple linear regression (MLR) and 
from (b) geographically weighted regression (GWR). 
 
Table 3 Variogram models and parameters fitted by using residuals from MLR and GWR models 

Model Type Nugget 
(C0) 

Partial sill 
(C) 

Sill 
(C0+C) 

Proportion 
[C0/(C0+C), %] Range (m) 

Coefficient of 
determination 
(R2) 

MLR 
residuals Exponential 0.0009 0.0064 0.0073 12.33 4816.16 0.71 

GWR 
residuals Exponential 0.0023 0.0062 0.0085 28.06 7496.08 0.77 
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Figure 4 and Table 3 show the residual fitting 
results.  

The data in Table 3 show that the variance 
function proportion of the MLR residuals and the 
GWR residuals C0/(C0+C) are both less than 30%, 
indicating that the regression residuals have strong 
spatial auto-correlation and that OK can be used 
for interpolation (Yang et al. 2015). It also reflects 
that the snow depth variance is less influenced by 
ran dom factors and is mainly controlled by 
structure factors. In addition, the data confirm the 
feasibility of using the explanatory variables for 
interpolation. The use of the exponential variance 
functio n for fitting the MLR residuals and the 
GWR residuals provides a deterministic coefficient 
of more than 70% and the fitting residuals all are 
small with a high coefficient of determination.  

2.2.2  Analysis of spatial distribution of 
snow depth 

Based on the above results, the spatial 
distribution of snow depth for the RK and the 
GWRK can be obtained (Figure 5). 

GWRK and RK were used in this study, and 

both belong to the hybrid interpolation method. 
Their trend terms are fitted with GWR and MLR 
methods respectively, and the fitted residual is 
interpolated using the OK method. To determine 
the final snow depth distribution, the sum of the 
trend term and the residual term was calculated.  

Figure 5 shows that the snow depth range of 
RK is 0.00–0.37 m and the snow depth range of 
GWRK is 0.00–0.48 m. The maps show that the 
snow depth distribution obtained by RK presents a 
clear transition from high to medium and to low 
values while the snow depth distribution obtained 
by GWRK is more detailed. The high values (>0.30 
m) of the GWRK are broader distributed than the 
corresponding values of the RK and the medium 
values (0.10–0.30 m) are narrower than in the RK; 
the low values (0.00–0.10 m) are wider in the 
GWRK than in the RK. In addition, there are 
significantly more small regions with different 
snow depth in the GWRK than in the RK.        

The study area is divided into five subareas (A 
to E) based on elevation (the elevations are 
2386.00–2632.00 m, 2632.00–2929.00 m, 
2929.00–3269.00 m, 3269.00–3644.00 m, and 

  

   

Figure 5 Spatial distribution of estimated snow depth (m) interpolated by using regression kriging (RK) (a1) and 
geographically weighted regression kriging (GWRK) (b1); snow cover distribution for different ranges of snow depth 
from RK (a2) and GWRK (b2). 
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3644.00–4518.00 m respectively). The snow 
proportions for the subareas are determined based 
on the RK and GWRK. According to Figure 6 and 
Table 4, the snow with 45.00%–46.00% of the 
study area in the elevation range of 2632.00–
3269.00 m. In addition, the estimated maximum 
value of snow depth was obtained in this region, 
and the snow depth in the study area peaked in the 
intermediate elevation while low in the other 
elevation zones, which is in agreement with the 
actual observation.  

2.3  Evaluation of accuracy 

Table 5 shows the statistical results of the 
snow depth estimated from RK and GWRK. It can 
be seen that the GWRK estimation is better than 
the RK estimation. The accuracy analysis using the 
validation points shows that the average errors of 
snow depth obtained by RK and GWRK are both 
negative and are –0.056 m and –0.081 m 
respectively. This indicates that the overall 
estimation of snow depth in Bayanbulak Basin is 
slightly higher than the validation data. Therefore, 

GWRK is better than RK for obtaining snow depth 
interpolation result when environmental variables 
are considered.  

3 Discussion 

3.1  Factors influencing snow depth 
interpolation  

It is difficult to estimate the spatial 
distribution of snow depth for a limited number of 
snow depth stations, especially in areas with 
complex terrain. An effective and practical method 
for the estimation of regional snow depth 
distribution, especially for areas with complex 
terrain is the use of interpolation of snow depth 
data obtained by observation stations and remote 
sensing data because of the wide distribution of 
snow (Anderton et al. 2004; Harshburger et al. 
2010; Collados-Lara et al. 2017). We 
comprehensively analyzed the correlation between 
terrain variables (e.g., height, slope, northness, 
eastness) and environmental variables (NDVI, LST) 

 
Figure 6 Snow proportions in the subareas of the region from regression kriging (RK) (a) and geographically 
weighted regression kriging (GWRK) (b). 
 
Table 4 Minimum, maximum, mean, and standard deviation (Std) of snow depth in the subareas of the study area 

Section 
Minimum (m) Maximum (m) Mean (m) Std (m) 
RK GWRK RK GWRK RK GWRK RK GWRK 

A 0.047 0 0.272 0.407 0.131 0.125 0.047 0.061 
B 0.045 0 0.300 0.489 0.142 0.136 0.053 0.095 
C 0 0 0.331 0.525 0.129 0.125 0.051 0.113 
D 0 0 0.374 0.508 0.109 0.111 0.051 0.116 
E 0 0 0.324 0.592 0.097 0.083 0.054 0.103 

 
Table 5 Comparison of the precision indices for the two approaches (RK and GWRK) 

Method R2 
MEE RMSE MAEE 
(m) 

RK 0.50 -0.056 0.077 0.285 
GWRK 0.55 -0.081 0.102 0.188 

Notes: MEE, mean estimation error; RMSE, root mean square error; MAEE, absolute estimation error. 
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and find that the spatial variance of snow depth is 
simultaneously influenced by structural factors 
(terrain variables) and stochastic factors 
(environmental variables). The terrain factors 
influence the distribution and changes in snow 
depth as a result of solar radiation, temperature, 
and other meteorological conditions, while the 
environmental variables are used as a 
characteristic variable significantly correlated with 
snow depth and reflecting the snow depth 
distribution. 

Based on correlation and VIF, we used height, 
TRI, and LST as the explanatory variables for snow 
depth spatial interpolation. This shows that the 
thick snow layer and lower LST would occur with 
the increase of height and TRI. This conclusion 
conforms to actual conditions. Therefore, terrain 
variables and environmental variables are used as 

explanatory variables and by referring to limited 
snow depth information obtained from observation 
stations, a reliable spatial distribution of snow 
depth in the Bayanbulak Basin can be obtained 
using GWRK.  

3.2  Limitations of snow depth interpolation 
assessments 

The kriging methods used in this study are 
representative of present spatial interpolation 
research methods (Huang et al. 2015). Although 
kriging methods have the advantages of making full 
use of structural features of samples and showing 
the estimation errors of the interpolation results, 
they fail to consider environmental variables which 
are closely related to snow depth. In addition, the 
interpolation accuracy is also influenced by 
sampling density and sampling mode. However, 
RK cannot only be used to develop a global 
regression model with a correlation between snow 
depth and environmental variables but an OK 
interpolation can also be conducted using sample 
information on spatial auto-correlation of the 
residuals (Somarathna et al. 2016). A GWR model 
relies on flexible changes of the weight function, 
thus overcoming the imbalanced importance of 
explanatory variables in different spatial positions 
in the regression model (Jie et al. 2011). It can 
capture local spatial structural factors and 
stochastic factors and, combined with OK can make 
full use of the residual information to improve the 

estimation accuracy. This study results also prove 
that the snow depth results are more detailed for 
GWRK than for RK.  

3.3  Limitations of remote sensing and 
meteorological observation data 

Eight-day composite snow cover data 
(MOD10A2 and MYD10A2) was adopted to reflect 
the largest range of snow cover within eight days to 
compensate for a low sampling density. The image 
pixels in these products were determined by snow 
cover on certain days, or, over the entire eight days 
(Huang et al. 2007). Therefore, After eliminating 
the impact of the clouds by integrating MOD10A2 
and MYD10A2 snow cover products on Feb 18, 
2017 into a SCA data, the virtual sites that exist in 
bare lands were established and stabilized. When 
combing the slope measurements, it was found that 
the bare lands were mainly distributed between the 
slope of 22.5°and 67.8°. Because these field in 
mountain receive more solar radiation than 
flatland, therefore, non-condusive to snow 
accumulation, the introduced virtual stations can 
reduce the smoothness of the interpolation results 
from GWRK and RK. This allows the spatial 
variation of snow depth and the characteristics of 
the snow depth distribution to be accurately 
reflected. However, the SCA data used in the study 
was gathered from the cloud-eliminating method 
for adjacent pixels, and came from only one source, 
which used a simple method. Therefore, future 
studies should use multiple sources when collecting 
remote sensing data for the collaborative 
elimination of clouds (Molotch et al. 2004; Pardo-
Igúzquiza et al. 2017). This would ensure the 
improvement of cloud-elimination efficiency and 
snow recognition rate. 

There are various environmental and terrain 
factors that influence the accumulation and 
variation of snow depth. This study uses GWRK 
and RK with height, TRI, and LST as explanatory 
variables. However, there are other terrain and 
environmental variables (e.g. wind speed, wind 
direction, etc.) that are closely related to snow 
depth and are not included in this study. In 
addition, certain other factors are ignored in this 
study (e.g. land cover) (Vos et al. 2005) and may 
also influence the interpolation results. Therefore, 
the interpolation accuracy may be further 
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optimized if the mutual reaction mechanism 
between snow depth and environmental/terrain 
factors could be analyzed in more detail; therefore, 
additional suitable auxiliary variables should be 
selected for future spatial distribution analyzes of 
snow depth.  

4  Conclusions 

This study tries to address certain limitations 
of previous studies on the correlation between 
environmental variables and snow depth. GWRK, a 
local approach that emphasizes the spatial non-
stationarity and variability combined with spatial 
auto-correlation, is used to estimate the snow 
depth in the Bayanbulak Basin. 

Two geostatistical hybrid approaches (GWRK 
and RK) are compared in this study for snow depth 
estimation and height, TRI, and LST are used as  
 

explanatory variables. An estimation of snow depth 
with a spatial resolution of 1 km is obtained. This 
research indicates that the snow depth results are 
more detailed and better for the GWRK than the 
RK because GWRK is a spatial interpolation that 
considers a regression relationship, spatial non-
stationarity, and residual auto-correlation 
simultaneously, thus providing more detail than RK.  
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