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Abstract: Climate and topography are pivotal factors influencing snow cover variation, highlighting
the significance of investigating the altitudinal response of snow cover to climate change. This study
adopted a new MODIS snow cover extent product over China, reanalysis climate data, and digital
elevation model (DEM) data to analyze the variation characteristics of snow cover frequency (SCF)
and climatic factors with elevation in the Keriya River Basin (KRB) during the hydrological years
from 2000 to 2020. The Partial Least Squares Regression (PLSR) method was utilized to explore
the elevation-based relationships between SCF and climatic factors. Our findings can be summa-
rized as follows: (1) The SCF exhibited an “increasing–decreasing–increasing–decreasing” pattern
intra-annually, with insignificant monthly inter-annual variations. Only November, January, April,
and May demonstrated upward trends, whereas October and December remained relatively stable,
and other months exhibited declines. (2) Vertical variations in SCF and climatic factors revealed
fluctuating upward trends in SCF and wind speed. On the other hand, the air temperature consis-
tently decreased at a lapse rate ranging from 0.60 to 0.85 ◦C/100 m. Precipitation demonstrated
“rising–falling” or “rapidly rising–slowly rising” patterns, bounded by 3821 m (range 3474–4576 m).
(3) A new decision scheme, which took into account the alteration of the primary SCF controlling fac-
tors and shifts between positive and negative impacts caused by these factors, was used to determine
five threshold elevation zones: 2585 m (range 2426–2723 m), 3447 m (range 3125–3774 m), 4251 m
(range 4126–4375 m), 5256 m (range 4975–5524 m), and 5992 m (range 5874–6425 m). These thresh-
old elevation zones were evident in spring, with four of these appearing in autumn (excluding
4251 m) and summer (excluding 2585 m). Only two threshold elevation zones were observed in
winter with elevation values of 3447 m and 5992 m, respectively. Our findings are crucial for a deeper
understanding of snow cover variation patterns at different elevations and offer essential insights for
the responsible management of regional water resources.

Keywords: climatic factors; Keriya River Basin; partial least squares regression; snow cover; threshold
elevation; trend tests

1. Introduction

As a critical component of the cryosphere, snow cover has a significant influence on sur-
face energy and radiation balances, hydrological cycles, atmospheric circulation, and regional
socioeconomic factors [1–3]. Characterized by its high albedo, latent heat of phase transition,
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and low heat conduction, snow cover significantly affects global and regional climate dynam-
ics within the cryosphere [4–7]. Moreover, snow cover demonstrates remarkable susceptibility
to climate change, a phenomenon particularly pronounced in the arid areas of Northwest
China, which are characterized by fragile ecosystems [8,9]. In this context, snow resources
in Northwest China have substantial climatic, environmental, hydrological, and ecological
effects, which serve as vital underpinnings for sustaining the economic development of the
oasis and ecosystem stability in arid areas [10,11]. Therefore, a comprehensive examination of
snow cover variations within the arid areas of Northwest China is important for the effective
management of water resources and environmental preservation.

Snow cover, a responsive indicator of cryospheric environmental fluctuations, exhibits
pronounced susceptibility to external factors, including regional climate and topographical
conditions [12–14]. Therefore, clarification of the climatic mechanisms impinging upon
snow cover is of utmost significance for an in-depth understanding of the patterns of snow
cover variations. Previous studies have suggested that the correlation between snow cover
and climate is intricately related to elevation. For example, Shi et al. [15] investigated the
response of snow cover to climate change in the source region of the Yangtze River from
2000 to 2019. Their findings clarified temperature and precipitation as primary factors
affecting snow cover day (SCD), noting that the relationship between climatic parameters
(temperature and precipitation) and SCD decreased significantly with increasing elevation.
Li et al. [16] examined the effects of temperature and precipitation on SCF in the Altai
Mountains of Xinjiang during 2001–2020 and emphasized that temperature could be the
main factor affecting the SCF, with a gradual decrease in the influence as the elevation
increased. Furthermore, certain studies have indicated that the primary controlling factors
of snow cover may undergo alterations with increasing elevation. For instance, Hammond
et al. [17] analyzed the global relationship between snow cover and climate from 2001 to
2016 and observed a heightened correlation between snow persistence and temperature at
lower elevations, whereas precipitation was a more substantial factor at higher elevations.
Yan et al. [18] investigated the impact of climate on snow cover in the Yurungkax River
Basin during 2000–2013. They found that in the low mountain areas, air temperature was
the primary factor influencing spring and summer snow cover, while winter snow cover
was more responsive to precipitation. In the high mountain areas, air temperature had a
greater impact on summer snow cover, while snow cover variations in spring and winter
were primarily driven by precipitation. Gao et al. [19], focusing on the response of snow
cover to climate change in the eastern Tibetan Plateau between 1978 and 2005, argued that
temperature predominantly governed snow cover at lower elevations, with precipitation
steering dynamics at high elevations. The impact of climate on snow cover exhibits
elevation-dependent changes, which may be attributed to variations in climatic factors.
Affected by the lapse rate, air temperature gradually decreases as elevation increases,
which is further complicated by temperature inversion phenomena within mountainous
areas [20–23]. Notably, prior investigations have elucidated evident vertical gradients in
precipitation alterations, with a conspicuous maximum precipitation zone [24,25]. Similarly,
wind speed also displays gradient characteristics with earlier research highlighting more
significant wind speed fluctuations in elevated regions than in lower-altitude zones [26,27].

Currently, numerous researchers have addressed the threshold elevation of snow cover
responses to climate change [28–33]. These studies contribute to a deeper understanding of
the mechanisms of snow cover change at different elevations. Bi et al. [30] have proposed a
threshold elevation of 3650± 150 m in the upper Heihe River Basin. This elevation signifies
a more substantial impact of temperature and precipitation on snow cover below and above
this threshold, respectively. Additionally, it indicates positive and negative transformations
in the effects of temperature and precipitation on snow cover. Wu et al. [29] identified
two distinct threshold elevations in the Manas River Basin within the Central Tianshan
Mountains. Bounded by a threshold elevation of 3900 ± 400 m, snow cover exhibits an
inverse correlation with temperature and a positive correlation with precipitation below
this elevation and vice versa above it. Below the threshold elevation of 1400 ± 100 m,
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precipitation emerges as the primary controlling factor for snow cover, whereas above
this elevation, temperature becomes the principal factor. However, current research has
predominantly examined snow cover threshold elevation under the singular influences
of temperature and precipitation, ignoring the threshold elevation influenced by multiple
climatic factors. Previous studies have demonstrated that wind speed has a significant
impact on snow cover [34–36]. Therefore, this study endeavored to explore the threshold
elevation of snow cover under the combined impacts of air temperature, precipitation, and
wind speed.

As a representative inland river basin, snow cover is one of the main sources of
runoff supply in the Keriya River Basin (KRB). The annual average snow cover percentage
accounts for 34.09% of the entire basin area, with a maximum ratio of 45.02% [37]. In
addition, the remote location of the basin and limited anthropogenic influence position it
as a natural research area for investigating the response of snow cover to climate change.
Currently, certain scholars have delineated the annual and seasonal variability of snow
cover in the KRB and analyzed the influence of climatic factors on a pixel scale [37,38].
However, the issue of the threshold elevation remains unexplored. Therefore, the objectives
of this study were as follows: (1) to elucidate the monthly variation patterns of snow cover
within the KRB throughout the 2001–2020 hydrological years, (2) to analyze the vertical
distribution characteristics of snow cover and associated climatic factors, and (3) to discuss
the threshold elevation of snow cover response to climatic factors.

2. Materials and Methods
2.1. Study Area

Regulated by the Keriya Hydrological Station (36◦45′N, 81◦48′E), the KRB is located
in the northern margin of the Tibetan Plateau and the eastern section of the West Kunlun
Mountains, spanning coordinates of 35◦11′–36◦27′N and 81◦27′–82◦50′E (Figure 1a). The
terrain in the KRB is intricate and marked by rugged contours, characterized by lower
elevations in the northern region and higher elevations in the south. The area of the
KRB measures 8350.25 km2, where the area exceeding 4000 m above sea level constitutes
86.7% (Figure 1b). High-altitude zones predominantly harbor glaciers, occupying 8.2%
of the entire area [39], thereby significantly impacting the ecological environment and
socioeconomic structure of the basin. The KRB lies within the domain of a typical warm
temperate arid desert climate, characterized by an annual average air temperature of
−7.3 ◦C and average annual precipitation and runoff depth of 431.9 mm and 91.3 mm,
respectively. In particular, approximately 80% of the annual precipitation and runoff are
concentrated between May to September [37].
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Figure 1. Geographical overview of the KRB (a) and area distribution of the area within different
elevation zones (b). Note: The KRB is divided into elevation zones at 50 m intervals. The area of each
elevation zone is calculated based on the digital elevation model (DEM) data from the Shuttle Radar
Topography Mission (SRTM).
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2.2. Data Sources

The data employed in this study mainly included snow cover, climatic parameters (air
temperature, precipitation, and wind speed), and DEM, as shown in Table 1. A specialized
MODIS day-by-day cloud-free snow cover dataset, denoted as a new MODIS snow cover
extent product over China, was primarily adopted to extract snow cover information for the
study area. The spatial resolution was 500 m with a high accuracy of 93% [40,41]. Reanalysis
climate datasets can effectively address the limitations of sparse distribution and limited
availability of meteorological station data in the KRB. By conducting a comparative analysis
with meteorological and hydrological station data, we discovered that the 1-km monthly
mean temperature dataset for China [42–46], ERA5-Land precipitation data [47], and
HAR v2 wind speed data [48] have high applicability in this study area. The correlation
coefficients were above 0.97 (for air temperature), 0.64 (for precipitation), and reached
0.50 (for wind speed), respectively [37]. These datasets were used to explore the impact
of climate on snow cover. Additionally, SRTM DEM data were selected to analyze the
topographical features of the KRB.

Table 1. Data utilized in this study.

Name Spatial
Resolution

Temporal
Resolution Period Resource Website

Snow cover 500 m × 500 m Daily 2000–2020
A new MODIS snow
cover extent product

over China

http://data.tpdc.ac.cn/ (accessed
on 1 October 2022)

Air
temperature 1 km × 1 km Monthly 2000–2020

1-km monthly mean
temperature dataset

for China

http://data.tpdc.ac.cn/ (accessed
on 5 January 2023)

Precipitation 0.1◦ × 0.1◦ Monthly 2000–2020 ERA5-Land https://cds.climate.copernicus.eu/
(accessed on 5 January 2023)

Wind speed 10 km × 10 km Monthly 2000–2020 HAR v2 https://www.klima.tu-berlin.de/
(accessed on 8 January 2023)

DEM 90 m N/A 2000 SRTM http://srtm.csi.cgiar.org (accessed
on 1 October 2022)

Note: N/A indicates data with no temporal resolution.

To maintain consistency in spatial resolution across snow cover data, reanalysis climate
datasets, and DEM data, a statistical downscaling method was employed to resample
reanalysis climate datasets to 500 m, while a bilinear interpolation method was utilized
to resample DEM data to the same resolution. In view of the hydrological characteristics
of the KRB, the interval spanning 1 September to 31 August of the subsequent year was
designated as a hydrological year (HY). The snow cover data and reanalysis climate datasets
were extracted using the HY scale.

2.3. Methods
2.3.1. Snow Cover Frequency (SCF)

The SCF, representing the ratio of days exhibiting snow cover on a given pixel to the
total number of days within the examined timeframe, was used to analyze the snow cover
variation in the KRB:

SCF =
Ds

D
× 100% (1)

where Ds and D represent the number of days with snow cover for a specific pixel and the
total number of days within a particular time period (month or season), respectively.

http://data.tpdc.ac.cn/
http://data.tpdc.ac.cn/
https://cds.climate.copernicus.eu/
https://www.klima.tu-berlin.de/
http://srtm.csi.cgiar.org
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2.3.2. Sen’s Slope and Mann–Kendall Trend Test Methods

The investigation into the monthly variation patterns of SCF in the KRB involved a
combination of the Sen’s slope and Mann–Kendall trend test methods [49–52]. Sen’s slope
was applied to determine the magnitude of the variation trend, while the Mann–Kendall
trend test provided insights into the statistical significance of the trend. In the context of a
time series denoted as x1, x2, . . ., xn, where n represents the length of the time sequence,
Sen’s slope (Q) is defined as follows:

Q = Median(
xj − xi

j− i
) (2)

The statistic (S) is defined as:

S =
n–1

∑
i=1

n

∑
j=i+1

sgn(xj − xi) (3)

where xj and xi represent the observed values corresponding to years j and i, respectively,
j > i, and the symbolic function sgn is defined as follows:

sgn(θ) =


1 θ > 0
0 θ = 0

–1 θ < 0
(4)

The variance of S is calculated as follows:

var(S) =

[
n(n− 1)(2n + 5)−

q

∑
p=1

tp(tp − 1)(2tp + 5)

]
/18 (5)

where tp denotes the number of data points in group p and q represents the total number of
tied groups.

Finally, the standardized statistic Zc is obtained. The formula is as follows:

Zc =


S–1√
var(S)

S > 0

0 S = 0
S+1√
var(S)

S < 0
(6)

At a 95% confidence level, when |Zc| > 1.96, a significant trend can be observed
within the time series. A Zc value exceeding 1.96 suggests a considerable increase in the
sequence’s variations, whereas a Zc value below −1.96 implies a substantial decline in the
time series.

2.3.3. Partial Least Squares Regression (PLSR)

The PLSR method can effectively eliminate multiple correlations among multiple
independent variables, which combines three analysis methods: Principal Component
Analysis (PCA), Canonical Correlation Analysis (CCA), and Multiple Linear Regression
(MLR) [53,54]. In this study, the PLSR method with a single dependent variable was
employed to analyze the degree of influence of different climatic factors on the SCF. Firstly,
the input data were standardized using the Z-score method. Subsequently, the required
components were sequentially extracted from the independent variables for regression
analysis. Finally, the regression equation of the standardized dependent variable ŷ∗ on the
standardized independent variables x∗1 , . . ., x∗p was obtained as follows:

ŷ∗ = α1x∗1 + α2x∗2 + · · ·+ αpx∗p (7)

where αp represents the regression coefficient of x∗p.
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The primary SCF controlling factors in each elevation zone within the KRB were
determined by comparing the absolute values of the PLSR coefficients of air temperature,
precipitation, and wind speed. The procedure of the PLSR methodology is shown in
Figure 2.
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3. Results
3.1. Variation Characteristics of Snow Cover

The intra-annual and inter-annual variation patterns of the monthly SCF in the KRB
were analyzed (Figure 3). From the perspective of intra-annual variation, the dynamic vari-
ation in monthly SCF in the KRB across a hydrological year was divided into four distinct
stages, illustrating a discernible trend of “increasing–decreasing–increasing–decreasing”
with the boundaries of October, November, and April. The increase in monthly SCF com-
menced in September, reaching its initial peak (36.96%) in October, followed by a slight
decline to its first trough (29.39%) in November. Subsequently, from November to April
of the following year, monthly SCF exhibited consistent and rapid growth at a rate of
2.95%/month, reaching its maximum value (44.12%) in April. However, due to increas-
ing air temperatures, the SCF decreased rapidly from April to August, demonstrating an
average decline rate of −7.63% per month at a significance level of 0.05 and reaching its
lowest point (15.76%) for the entire hydrological year in August. In terms of inter-annual
variation, November, January, April, and May demonstrated insubstantial upward trends,
with November registering the largest increase trend at 3.70%/decade. In contrast, the
monthly SCF within October and December exhibited relative stability in inter-annual
trends, with marginal shifts of −0.12%/decade and 0.13%/decade, respectively, closely
approximating zero. The remaining months exhibited a downward trend, characterized by
decline rates ranging from −5.72%/decade to −0.88%/decade. Only the SCF variation in
August reached a significance level of 0.1.
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3.2. Vertical Distribution Characteristics of Snow Cover and Climatic Factors

In this study, the elevation zones were divided into intervals of 50 m. Subsequently,
the vertical distribution of snow cover and climatic factors was derived at seasonal and
monthly scales by extracting the average values of SCF, air temperature, precipitation, and
wind speed for each elevation zone (Figure 4). In particular, with the elevation of 4653 m
(range 4576–4825 m) and 5949 m (range 5824–6073 m) as the boundary, the SCF exhib-
ited a trend of “gradual increase–rapid increase–being stable” as the elevation increased
(Figure 4(a1–a4)). Below an elevation of 4653 m (range 4576–4825 m), the SCF exhibited gradual
growth with increasing elevation during autumn, spring, and summer, while winter witnessed a
“decreasing–increasing–decreasing” pattern. Spanning the range of 4653 m (range 4576–4825 m)
to 5949 m (range 5824–6073 m), the SCF displayed a rapid increase. Beyond the threshold
elevation of 5949 m (range 5824–6073 m), the SCF tended to remain stable during winter
and slightly decreased during autumn, spring, and summer, with the most pronounced
decrease observed during summer.
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There was an evident negative correlation between air temperature and elevation
at both seasonal and monthly scales (Figure 4(b1–b4)). We further calculated the air
temperature lapse rate for each month, which identified an intra-annual variation with a
unimodal trend (Figure 5a). Specifically, the air temperature lapse rate exhibited relatively
high values during spring, with the highest rate observed in April (0.85 ◦C/100 m) and
the lowest recorded in December (0.60 ◦C/100 m). This phenomenon could be attributed
to the influence of springtime snowmelt, which leads to an increase in bare land in lower
elevation areas, triggering higher air temperatures. However, a substantial presence of
perennial snow and glaciers remained in the elevated regions, contributing to consistently
low air temperatures and consequently inducing a considerable temperature difference
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between low and high elevations. Sun et al. [55] reported that the lapse rate of the average
temperature on the northern slopes of the Kunlun Mountains peaked during spring, which
was consistent with the findings presented in this study.
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Precipitation patterns indicated distinct trends, with a threshold elevation of 3821 m
(range 3474–4576 m) (Figure 4(c1–c4)). Below this elevation, precipitation increased rapidly
across all seasons and months. Conversely, above this elevation, precipitation experienced a
gradual increase during July, August, and the summer season, while it gradually decreased
during the remaining seasons and months. In this study, the threshold elevation and its
corresponding precipitation of each month were calculated, which denoted the maximum
precipitation zone, with the exception of July and August (Figure 5b). Remarkably, De-
cember showcased the highest threshold elevation (4576 m) coupled with a precipitation
value of 6.7 mm, whereas September, June, and August had the lowest threshold elevation
(3474 m) with precipitation values of 59.6 mm, 92.0 mm, and 78.1 mm, respectively. In
terms of intra-annual variations, the threshold elevation was the highest during winter
and reached the nadir during summer, whereas precipitation trends demonstrated an
inverse pattern. Notably, the maximal precipitation zone within the Yarkant River Basin
is situated at approximately 5520 m, which exceeds the results derived in this study [56].
This difference could be attributed to prior research determining the maximal precipitation
zone using the glacier equilibrium line, whereas the present study established this zone
based on ERA5-Land precipitation data.

At both seasonal and monthly scales, wind speed demonstrated a characteristic tra-
jectory marked by “gradual decrease/increase–rapid increase–rapid decrease”, delineated
by elevation thresholds of 3061 m (range 3025–3322 m) and 6566 m (range 6529–6575 m)
(Figure 4(d1–d4)). Below 3061 m (range 3025–3322 m), the wind speed witnessed a gradual in-
crease during November and the corresponding winter months, while exhibiting a continuous
decline during other seasons and months. Wind speed exhibited a constant and incremental
increase from 3061 m (range 3025–3322 m) to 6566 m (range 6529–6575 m), followed by a
notable and rapid decrease above an elevation of 6566 m (range 6529–6575 m). Based on the
relationship between wind speed and elevation, this study determined the increase rate of
wind speed for each month from November to February, along with the decrease rate below
3061 m (range 3025–3322 m) and an increase rate above 3061 m (range 3025–3322 m) for other
months (Figure 5c). The increase rate reached its peak in February at 0.16 m/s/100 m, while
the maximum decrease rate was identified in July at 0.11 m/s/100 m. Winter demonstrated
the highest increase rate in wind speed, followed by spring, autumn, and ultimately summer,
which was consistent with the ranking observed in average wind speed trends.
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3.3. Vertical Distribution Characteristics of the Main Control Factors of SCF

The relationship between the SCF and climatic factors was analyzed by applying the
PLSR method. Subsequently, the regression coefficients of the air temperature, precipitation,
and wind speed for each elevation zone were derived. By comparing the maximum
absolute values of these regression coefficients, we obtained the variations in the main SCF
controlling factors with elevation (Figure 6).
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The autumnal SCF was delimited by an elevation of 5924 m, which was primarily
controlled by the adverse impacts of air temperature and wind speed, accounting for
90.40% and 9.34%, respectively (Figure 6(a4)). During September, SCF below 2626 m and
within the 3125–5025 m was mainly affected by the adverse influences of air temperature,
while within the elevation range of 2626–3125 m, the SCF was primarily attributed to the
negative impact of wind speed. Within the range of 5025–6025 m, SCF was beneficially
affected by precipitation. However, elevations exceeding 6025 m indicated alternating
dynamics, where the SCF was alternately controlled by air temperature (positive influence)
coupled with precipitation (negative influence) (Figure 6(a1)). In October, the SCF exhibited
dominant effects of air temperature, precipitation, and wind speed, accounting for 39.73%,
17.50%, and 42.70%, respectively. Furthermore, air temperature affected the SCF between
the ranges of 4975–5924 m, while the SCF beneath 2426 m and between 3322 m and
3774 m was beneficially influenced by precipitation. The SCF spanning from 2426–3322 m,
3774–4975 m, and above 5924 m was mainly controlled by the adverse influences of wind
speed (Figure 6(a2)). Precipitation played a pivotal role in affecting the SCF for November,
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with its impact transitioning from positive to negative at the critical threshold elevation of
6025 m (Figure 6(a3)).

Below 5924 m, the winter SCF was primarily affected by precipitation with an average
influence degree of 0.59. Nevertheless, above this elevation, the winter SCF was predom-
inantly controlled by wind speed, albeit with a less significant average influence degree
of −0.30 (Figure 6(b4)). Additionally, the threshold elevation in December was at 5874 m.
Below this threshold, the SCF was substantially affected by precipitation, exhibiting an
average influence degree of 0.68. Above this threshold, the influence oscillated between the
adverse impacts of air temperature and wind speed (Figure 6(b1)). In January, the main
SCF controlling factors displayed distinct patterns across the different elevation ranges.
Below 3430 m, between 3430 m and 5924 m, and above 5924 m, the SCF was primar-
ily controlled by the impacts of air temperature (negative), precipitation (positive), and
wind speed (negative), constituting proportions of 8.15%, 85.99%, and 5.86%, respectively
(Figure 6(b2)). Throughout February, the SCF was mainly controlled by the impact of
precipitation. With increasing elevation, its influence degree initially increased, followed
by a fluctuant decrease, eventually turning negative upon reaching an elevation of 6025 m
(Figure 6(b3)).

In spring, air temperature and precipitation emerged as the principal controlling
factors for the SCF, accounting for 40.17% and 58.35%, respectively. The influence of air
temperature on the SCF was concentrated within the elevation range of 5175–6425 m, with
a transition from negative to positive impact at 5924 m. On the other hand, precipitation
served as the main controlling factor at elevations of 2475–5175 m and above 6425 m.
Only the SCF below 2475 m was adversely affected by wind speed, accounting for 1.48%
(Figure 6(c4)). In March, within the elevation range of 5423–5874 m, the SCF was primarily
controlled by the air temperature, accounting for 19.88%. Conversely, below 5423 m
and above 5874 m, the SCF was mainly affected by precipitation, accounting for 79.93%
(Figure 6(c1)). In April, below 2723 m and within the elevation range of 2723–5175 m,
the SCF was primarily determined by the negative effect of wind speed and the positive
impact of precipitation, with influence degrees of −0.35 and 0.58, respectively. Moreover,
above 5175 m, the dominant controlling factor shifted to air temperature, transitioning
from a negative to a positive impact at an elevation of 5973 m (Figure 6(c2)). In May,
air temperature, precipitation, and wind speed acted as the primary SCF controlling
factors, contributing proportions of 52.19%, 17.66%, and 29.98%, respectively. Within these
influences, the SCF within the elevation ranges of 2675–3273 m and 4375–5275 m was
predominantly affected by the adverse impacts of air temperature. The SCF below 2675 m
and within the 3273–4375 m range was beneficially affected by precipitation. Moreover, the
SCF within the elevation range of 5275–5874 m was primarily determined by the negative
effects of wind speed. The SCF exceeding 5874 m experienced combined effects of air
temperature and wind speed, albeit with relatively minor consequences (Figure 6(c3)).

In summer, the SCF exhibited pronounced sensitivity to air temperature and wind
speed, contributing dominant negative effects, accounting for 70.00% and 26.62%, respec-
tively. Within the elevation range of 3430–5524 m, air temperature primarily controlled
the SCF, whereas wind speed emerged as the predominant factor below 3430 m and above
5524 m (Figure 6(d4)). In June, the SCF below 4126 m was positively affected by precipi-
tation, accounting for 12.94%, while the SCF was negatively affected by air temperature
within the range of 4126–5924 m, constituting 79.70%. Above 5924 m, it was jointly reg-
ulated by air temperature, precipitation, and wind speed (Figure 6(d1)). In July, the SCF
demonstrated elevation-constrained behavior delineated by a threshold of 6073 m. Below
this threshold, the SCF was predominantly affected by air temperature, accounting for
90.61%. Above this threshold, the predominant influence shifted to precipitation, consti-
tuting 2.43% (Figure 6(d2)). In August, the SCF was primarily controlled by precipitation
below an elevation of 5474 m. Notably, the impact of precipitation on the SCF shifted from
positive to negative at an elevation of 3774 m. Wind speed became the major influencing
factor of SCF within the 5474–5874 m range and above 6273 m, while within the eleva-
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tion range of 5874–6273 m, the SCF was primarily attributed to the adverse impact of air
temperature (Figure 6(d3)).

4. Discussion
4.1. Compared with the Threshold Elevation of Previous Studies

In this study, we developed a new decision scheme to determine the threshold ele-
vation by concurrently assessing alterations in the primary SCF controlling factors and
transitions in positive and negative impacts. Based on the recurrent distribution characteris-
tics of the threshold elevations determined for four seasons and each month, we delineated
the threshold elevation zones and calculated the average and range values (by maximum
and minimum) for each elevation zone (Figure 7). There exist five distinct threshold el-
evation zones in the KRB, situated at elevations of 2585 m (range 2426–2723 m), 3447 m
(range 3125–3774 m), 4251 m (range 4126–4375 m), 5256 m (range 4975–5524 m), and 5992 m
(range 5874–6425 m), respectively. The lowest threshold elevation zone was determined
to be 2585 m (range 2426–2723 m) based on the specific threshold elevations observed at
2626 m (September), 2426 m (October), 2723 m (April), 2675 m (May), and 2475 m (spring).
The threshold elevation zone of 3447 m (range 3125–3774 m) was identified by combining
distinct elevations, including 3125 m (September), 3322 m (October), 3774 m (October),
3430 m (January), 3273 m (May), 3774 m (August), and 3430 m (summer). Additionally,
by analyzing the threshold elevations at 4375 m (May) and 4126 m (June), a threshold
elevation range of 4251 m (range 4126–4375 m) was identified. The interval denoted by
5256 m (range 4975–5524 m) indicated threshold elevations of 5025 m (September), 4975 m
(October), 5423 m (March), 5175 m (April), 5275 m (May), 5175 m (spring), 5474 m (Au-
gust), and 5524 m (summer). Furthermore, a distinct threshold elevation zone of 5992 m
(range 5874–6425 m) was established by considering the threshold elevations occurring
across all seasons (excluding summer) and months. Instances of multiple threshold eleva-
tions were predominantly concentrated in the transitional seasons of spring and autumn,
with notable occurrences of up to five threshold elevations occurring in October and May.
This phenomenon could be attributed to the dynamic variability of climate during these
transition periods, contributing to the alternating modulation of the SCF by a multitude of
climatic factors.
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Table 2 lists the identified threshold elevation ranges reported by previous studies.
Numerous studies have successfully delineated threshold elevations within the range of
1500 m to 2000 m, though these elevations are notably lower than the study area in this
study [28,29,31–33]. Certain studies have also been consistent with the results of this study,
identifying threshold elevations close to 3500 m [28–30]. One of the threshold elevations
identified by Ban et al. [28] was approximately 6000 m, which closely corresponds to
the highest threshold elevation identified in this study. Currently, most studies have
proposed the existence of a single threshold elevation range. In contrast, Wu et al. [29]
and Ban et al. [28] identified two and three distinct threshold elevation zones, respectively.
Compared with the threshold elevation zones delineated in this study, differences emerged
not only in the quantity but also in the range of the identified threshold elevation zones,
which may be caused by the following four aspects:

Table 2. Threshold elevations determined in different studies.

Study Area Data Threshold Elevation Method Reference

Yarlung Zangbo River
basin

MOD10A2 snow cover
MOD11A2 land surface

temperature
CHIRPS precipitation

2100 ± 200 m
3200 ± 300 m
5925 ± 125 m

Pearson correlation

The intersection point of
the two correlation

coefficient lines

Ban et al. [28]

Manas River Basin in
the Central Tianshan

Mountains

MOD10A2 snow cover
MOD11A2 land surface

temperature
CHIRPS precipitation

1400 ± 100 m
3900 ± 400 m

Pearson correlation

The intersection point of
the two correlation

coefficient lines

Wu et al. [29]

Upper Heihe River
Basin

MOD10A1, MYD10A1, and
MOD10A2 snow cover

Air temperature from two
weather stations and

MOD11A2 land surface
temperature

APHRODITE precipitation

3650 ± 150 m

Pearson correlation

The intersection point of
the regression lines of
correlation coefficients

between high altitude and
low altitude

Bi et al. [30]

Six mountains of the
Western United States

WRF (SWE,
air temperature, and

precipitation)
1580–2181 m

Pearson correlation

The intersection point of
two fitting lines with

correlation coefficients

Scalzitti et al. [31]

Eastern central region of
the Columbia River
basin in the Central
Rocky Mountains

SNOTEL (SWE, temperature,
and precipitation) 1560 ± 120 m

Pearson correlation

The intersection point of
two least squares

regression lines with
correlation coefficients

Sospedra-Alfonso
et al. [32]

Three main
mountainous areas of

Switzerland

MeteoSwiss (snow depth, air
temperature, and

precipitation)
1400 ± 200 m

Least squares linear
regressions

The intersection point of
two fitting lines with
regression coefficients

Morán-Tejeda et al.
[33]

Keriya River Basin

A new MODIS snow cover
extent product over China

1-km monthly mean
temperature dataset for China

ERA5-Land precipitation
HAR v2 wind speed

2585 m (range 2426–2723 m)
3447 m (range 3125–3774 m)
4251 m (range 4126–4375 m)
5256 m (range 4975–5524 m)
5992 m (range 5874–6425 m)

Partial Least Squares
Regression

Alterations in the primary
SCF controlling factors

and transitions in positive
and negative impacts of

main control factors

This study

Firstly, it is essential to acknowledge the discrepancies in the dataset composition.
Secondly, there exist differences in the climatic factors chosen. Previous studies predomi-
nantly focused on temperature and precipitation as primary variables. However, this study
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added wind speed data to comprehensively analyze the impacts of climatic factors on
snow cover. Thirdly, methodological disparities between research endeavors substantially
influenced the results. Most studies have employed the Pearson correlation method to
establish threshold elevations by identifying the intersection of correlation coefficient lines
or correlation coefficient fitting lines between climatic elements and snow cover. How-
ever, the correlations among climatic factors might affect the accuracy of results derived
from the Pearson correlation method. Therefore, this study adopted the PLSR method to
eliminate the interaction between climatic factors. Furthermore, we considered both the
alterations of the SCF controlling factors and the transitions between positive and negative
impacts of these factors to determine threshold elevations. Finally, the diverse climatic
conditions across distinct geographical regions might engender disparate mechanisms by
which climatic factors affect snow cover. These potentially contributed to the difference in
the research results.

4.2. Future Work

All the reanalysis climate data utilized in this study were validated against meteoro-
logical station data, effectively capturing authentic climatic variations within the KRB [37].
However, the reanalysis climate data, including precipitation and wind speed, featured
spatial resolutions of 0.1◦ and 10 km, respectively. In the future, it might be worthwhile
to consider employing data with even finer resolutions for more detailed analysis. Wu
et al. [57] revealed contrasting correlations between climate elements and MODIS data
within the high-elevation zones of the Tianshan Mountains compared with the correlation
between climate elements and snow water equivalent data. Subsequent investigations
should consider probing the disparities in the impacts of climatic elements on snow cover
while employing diverse snow cover products. Additionally, this study only delineated
the impacts of air temperature, precipitation, and wind speed on snow cover variations.
Expanding the analysis to include additional climatic variables, such as evapotranspiration
and solar radiation, holds promise for further unraveling the intricate interplay between
snow cover and climatic factors.

5. Conclusions

In this study, we established a connection between the SCF, climatic factors, and
elevation in the KRB by integrating snow cover data, reanalysis climate data, and DEM
data. The methodology employed included the utilization of the PLSR method to probe
the altitudinal impacts of climatic factors on the SCF and delineate zones of threshold
elevations. The results of this study can be summarized as follows: (1) Temporal variations
in the monthly SCF exhibited a bimodal distribution, reaching the highest value of 44.12% in
April and the lowest of 15.76% in August. On a monthly scale, inter-annual variations in the
SCF tended to be largely insignificant, with more months displaying decreasing trends than
exhibiting upward trends. (2) The SCF and wind speed demonstrated a fluctuating upward
trend with increasing elevation. Conversely, air temperature was inversely correlated
with elevation, with the air temperature lapse rate peaking in April (0.85 ◦C/100 m) and
reaching its nadir in December (0.60 ◦C/100 m). Precipitation increased rapidly below
an elevation of 3474–4576 m (average 3821 m) and displayed diverse trends above this
elevation, including slow increases and rapid decreases in different months. (3) Threshold
elevations were determined through a new decision scheme that integrated the changes
in the main control factors of SCF and shifts in positive and negative impacts of the main
control factors, and these threshold elevations are 2585 m (range 2426–2723 m), 3447 m
(range 3125–3774 m), 4251 m (range 4126–4375 m), 5256 m (range 4975–5524 m), and
5992 m (range 5874–6425 m), respectively. These delineated threshold elevation zones were
most pronounced during spring and the corresponding months, followed by autumn and
subsequently summer, with the least occurrences observed in winter.

The new decision scheme for identifying threshold elevations in this study can be
a notable reference for related studies in most regions worldwide. The results might
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provide valuable insights into a more in-depth understanding of snow variation pat-
terns, rendering significant contributions to enhance our comprehension of regional water
resource sustainability.
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