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and permafrost) of freshwater resources outside the polar 
regions and thus becomes the birthplace of the great rivers 
of Asia, such as the Yangtze River, the Yellow River, the 
Brahmaputra River (Kang et al. 2019; Yao et al. 2019; Yan 
et al. 2020). Its unique topography and landscape make it 
one of the most climatically sensitive and ecologically frag-
ile regions in the world (Yao et al. 2012; Kuttippurath et al. 
2024). TP profoundly impacts the climate and natural eco-
systems far beyond the plateau itself.

Over the past decades, TP has experienced rapid warm-
ing, with increasingly frequent and intense warm extreme 
events and a decline in cold extreme events (Chen and Sun 
2015; Sun et al. 2017; Guo et al. 2019; Huang et al. 2023; 
Rangwala and Miller 2012; You et al. 2008), leading to gla-
cier retreat and shrinkage (Yang et al. 2019), permafrost 
degradation (Mu et al. 2020), spring vegetation phenology 
advancement (Post et al. 2018), ecological systems change 
(Zhu et al. 2023) and an increase in natural disasters such as 
landslides and glacial lake outburst floods (Liu et al. 2021; 
Tang et al. 2023). This has raised concerns about the patterns 

1  Introduction

The Tibetan Plateau (TP) (Fig. 1a) is the largest and high-
est plateau on Earth with an average elevation of more 
than 4000 m above sea level (Qin et al. 2020; Yang et al. 
2014). It has the largest cryosphere (i.e., snow, glacier, 

	
 Weizhe Chen
wzchen@cug.edu.cn

1	 School of Earth Sciences, Hubei Key Laboratory of Critical 
Zone Evolution, China University of Geosciences, Wuhan, 
China

2	 Department of Atmospheric Science, School of 
Environmental Science, China University of Geosciences, 
Wuhan, China

3	 Laboratory for Climate Studies, National Climate Center, 
China Meteorological Administration (CMA), Beijing, China

4	 College of Urban and Environmental Sciences, Hubei 
Normal University, Huangshi, China

Abstract
The Tibetan Plateau (TP) has experienced rapid warming and a series of extreme climate events in recent decades, 
severely impacting ecosystems of local and downstream areas. The stratification of temperature change with elevation 
is particularly pronounced on TP. However, understanding of the spatial heterogeneity of elevation-dependent extreme 
temperature change remains limited due to unevenly distributed meteorological stations. This paper first obtains the spa-
tial elevation-dependent pattern of extreme temperature change by applying a moving window model to daily gridded air 
temperature data from 1979 to 2018, and quantifies the specific contribution of underlying physical mechanisms based on 
GeoDetector model. The results show that there are four types of elevation-dependent patterns, including warming trends 
that strengthen/weaken with elevation (EDW+/-) and cooling trends that strengthen/weaken with elevation (EDC+/-). 
EDW + is concentrated in southeastern TP and EDW- is in northern and central TP. EDC + mainly occurs in northeastern 
TP and EDC- is in northern Inner TP. The total cloud cover is the main cause of elevation amplification effect of extreme 
temperature change (i.e., EDW + and EDC+) through regulating the absorption of shortwave radiation at different eleva-
tions. Snow cover is the main cause of elevation diminution effect (i.e., EDW- and EDC-) through influencing surface 
albedo. This paper reveals the distribution and causes of elevation-dependent patterns, providing new insights into alpine 
environmental change.
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of temperature change on the TP. Notably, a phenomenon 
known as elevation-dependent warming (EDW) is particu-
larly pronounced on the TP. It refers to the stratification of 
temperature change with elevation, often with faster warm-
ing rate in high-elevation areas compared to low-elevation 
areas(Liu et al. 2009; Pepin et al. 2015; You et al. 2020a, b; 

Toledo et al. 2022). One of the pioneer studies using 165 
in situ observations reveals a clear EDW phenomenon (Liu 
and Ping 1998), and subsequent studies have continued 
to demonstrate the existence of the phenomenon (Liu and 
Chen 2000; Pepin et al. 2015; Wei and Fang 2013; Ahamed 
et al. 2024). Since extreme climate events are more sensitive 

Fig. 1  Location of the study area and the schematic of the moving win-
dow model. (a) is the topographic map and the location of 12 basins 
of the Tibetan Plateau. (b) illustrates the operation of the moving win-
dow. The numbers in the temperature trend and elevation maps are 
not actual values, they are only used for demonstration purposes. The 
graph in the upper right corner represents linear regression between 
elevation and temperature trend in one moving windows. The slope 

indicates elevation dependency. The graphs also illustrate four differ-
ent patterns of elevation dependency, including EDW+/-, and EDC+/-. 
With increasing elevation, a faster/slower increase in temperature 
trend is classified as EDW+/-, while a larger/smaller decrease in tem-
perature trend is classified as EDC+/-. The solid lines represent the 
actual regression results, while the dashed lines are for illustration only
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to global warming than the average climate state and can 
make more severe impacts on ecosystems (Ha and Yun 
2012; Schoetter et al. 2015; Lewis et al. 2017), it is criti-
cal to understand the relationship between climate extremes 
and elevation in high mountain regions.

Although there is a strong consensus on the pattern of 
temperature change on the TP, insignificant EDW has been 
observed in some cases and even negative EDW (warming 
rate decreasing with elevation) has been reported (Lu et al. 
2010; Guo and Wang 2012; Cuo et al. 2013; Du et al. 2019). 
The argument is attributed to the sparse and uneven distri-
bution of meteorological stations on the plateau, making 
it challenging to fully capture the patterns of temperature 
change over the whole region. Furthermore, due to the vast 
expanse of the TP, elevation-dependent patterns vary across 
different areas. For instance, there are differences in EDW 
between the northern part of the TP and the southern and 
eastern regions (Li et al. 2020; Pepin et al. 2022). However, 
most studies have overlooked the spatial heterogeneity of 
the EDW. Reanalysis data and remote sensing data provide 
a new way to monitor the pattern of warming. They have 
the advantages of wide coverage, spatial continuity and high 
resolution, and have been widely used in EDW research 
(Guo et al. 2019; Pepin et al. 2019; You et al. 2010; Zou et 
al. 2014).

Recent studies reveal the importance of the physical 
mechanisms to explain EDW phenomenon (Dimri et al. 
2022). The snow/ice albedo feedback is the most common 
mechanism. Snow cover reduces surface temperatures by 
decreasing the absorption of solar radiation (Zhang et al. 
2022). The most pronounced warming occurs in regions 
where the snowline is retreating, particularly near the 0 °C 
isotherm. As the snowline shifts upward, the warming 
effect extends to higher elevations, intensifying tempera-
ture increases in these areas (Kang et al. 2010; Ghatak et 
al. 2014; Rangwala et al. 2016; Che et al. 2019). The atmo-
spheric vapor feedback is also a potentially important con-
tributor to EDW. The increase in specific humidity leads to 
an increase in surface downwelling longwave radiation and 
subsequently larger warming rate. This feedback is particu-
larly sensitive in high-elevation regions, further amplifying 
elevation-dependent warming. (Pepin et al. 2015; Rangwala 
and Miller 2012). For the cloud feedback, cloud cover affects 
both shortwave and longwave radiation and thus influences 
the surface energy budget. Reduced daytime cloud cover at 
high elevations increases solar radiation absorption, accel-
erating warming. Conversely, increased nighttime cloud 
cover at high elevations enhances downward longwave 
radiation, raising minimum temperatures (Pepin et al. 2015; 
Duan and Wu 2006; Hua et al. 2018). Furthermore, some 
studies point out that vegetation may have an influence on 
EDW over the TP. A general greening of vegetation across 

the TP has been observed, accompanied by a decrease in 
albedo and an increase in evapotranspiration. The cooling 
effect driven by evapotranspiration is dominant on TP (Shen 
et al. 2015), meaning that an increase in vegetation leads to 
a reduction in temperature. Additionally, the growth of veg-
etation exhibits a negative elevation dependency (Liu et al. 
2019), contributing to the formation of the EDW phenom-
enon (You et al. 2020a, b).

Overall, above feedback mechanisms can theoretically 
influence the heat flux reaching the Earth’s surface directly 
or indirectly, leading to different temperature changes along 
the elevation. In fact, there are significant spatial differences 
in the effects of different factors on temperature changes 
(Li et al. 2018; Duan et al. 2015). However, most analy-
ses consider the plateau as a whole and overlook the spatial 
heterogeneity of driver effects. In addition, previous studies 
mainly rely on simple linear relationships to examine how 
factors influence EDW (Guo et al. 2019; Gao et al. 2021) 
and fail to quantify the specific contribution of each driving 
factor. Therefore, the aim of this study is first to reveal the 
spatial patterns of elevation-dependent change in extreme 
temperatures by a moving window model on the TP during 
1979–2018. And then we quantify the contribution of each 
driving factor to the pattern of extreme temperature change 
in different regions of TP based on the Geodetector model.

2  Methods

2.1  Data

In this paper, we use the daily gridded air temperature data, 
including Tmax, Tmin, and Tmean, with a spatial resolution of 
0.1°×0.1° from 1979 to 2018 (Fang et al. 2022). This dataset 
combines multiple data sources, such as in situ data, reanal-
ysis data, and remote sensing data. It establishes a reliable 
and robust air temperature model to estimate Tmax, Tmin and 
Tmean under different weather conditions, and employs cor-
rection equations for different regions to enhance the data 
accuracy. The Pearson coefficient (R2) ranges from 0.95 
to 0.99, the mean absolute error (MAE) varies from 0.47 
to 1.61 °C, and the root mean square error (RMSE) ranges 
from 0.70 to 3.01 °C on the TP (Fang et al. 2022). Thus, the 
high accuracy and spatial resolution make the dataset suit-
able for climate change research.

The modulation of shortwave and longwave radiation 
influences the surface energy balance, resulting in tem-
perature change (Kjaersgaard et al. 2009). Driving factors 
that affect shortwave and longwave radiation are selected, 
including snow cover, total cloud cover, specific humidity, 
and normalized difference vegetation index (NDVI). The 
total cloud cover data and snow cover data covering the 
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in a moving window (introduced in Sect. 2.2.3). The spe-
cific equation is shown below:

Slope = n ×
∑

n
i=1 (i × xi) −

∑
n
i=1i ×

∑
n
i=1xi

n ×
∑

n
i=1i2 − (

∑
n
i=1i)2 � (1)

where Slope is the change rate over the series, xi is the 
value of i, and n is the total number of the series. Slope > 
0 indicates an increasing trend while Slope < 0 indicates a 
decreasing trend. The significance of the trend is analyzed 
using the F-test. The calculation formula is as follows:

F = (n − 2) ×
∑

n
i=1(x̂i − x)2

∑
n
i=1(xi − x̂i)2 � (2)

where x̂i is the regression value of the variable in i and x 
is the average value of variable for a given series.

2.2.3  Moving window model

The TP covers a vast area across multiple latitude zones and 
the temperature changes in spatially heterogeneity. Typi-
cally, the warming in high latitudes is faster than that in low 
latitudes (Wang et al. 2022). The influence of latitude can 
either offset or amplify the effect of elevation on tempera-
ture changes, thus interfering elevation dependency identifi-
cation (Wu et al. 2023). Therefore, it is necessary to remove 
the influence of latitude and focus on the localized tempera-
ture change. To address this issue, we perform a moving 
window model aimed at analyzing the accurate spatial char-
acteristics of elevation dependency of the extreme tempera-
ture. The basic idea of the moving window model is to move 
a fixed window over the image and perform data analysis 
separately on the grid points within each window. First, the 
size of the moving window is determined. Since different 
window sizes may result in varying elevation dependency, 

period between 1979 and 2018 are from the ERA5/ERA5-
Land product. The ERA5/ERA5-Land dataset, published by 
the European Centre for Medium-Range Weather Forecasts 
(ECMWF), offers a spatial resolution of 0.25°/0.1° and has 
been proven to perform better over the TP than other reanal-
ysis products (Mazhar et al. 2021). The specific humidity 
data from 1979 to 2018 is derived from the China Meteoro-
logical Forcing Dataset (He et al. 2020). It has a temporal 
resolution of daily scale and a spatial resolution of 0.1° × 
0.1°. The NDVI data between 1982 and 2018 is from PKU 
GIMMS-NDVI product with a spatial resolution of 1/12° 
(Li et al. 2023). In this study, we resample all the influenc-
ing factor data to the resolution of 0.1°.

2.2  Methods

2.2.1  Extreme temperature indices

Tmean, Tmax, Tmin along with eight extreme temperature indi-
ces (Fig. S2) are calculated in this paper (Table 1), which 
are recommended by the World Meteorological Organiza-
tion Expert Team on Climate Change Detection and Indi-
ces (ETCCDI) (available at ​h​t​t​p​​:​/​/​​e​t​c​c​​d​i​​.​p​a​​c​i​f​i​​c​c​l​​i​m​a​​t​e​.​o​r​
g​/​i​n​d​e​x​.​s​h​t​m​l). 10th and 90th percentiles are defined ​r​e​l​a​
t​i​v​e to the base period 1981–2010. The extreme tempera-
ture indices are divided into two groups, representing the 
intensity (TXx, TNx, TXn, Tnn) and frequency (TX90p, 
TN90p, TX10p, TN10p) of extreme events, respectively. 
The TXx, TNx, TX90p, TN90p belong to warm events, and 
the remaining indices belong to cold events.

2.2.2  Linear regression analysis

The linear regression method (Yuan et al. 2021) is used at 
each grid point to calculate the trends of different tempera-
ture indices from 1979 to 2018 and the elevation dependency 

Table 1  Description of the eleven temperature indices. The unit “d” represents “day”
Label Name Definition Type Unit
Tmean Mean temperature Mean air temperature °C
Tmax Maximum temperature Maximum air temperature °C
Tmin Minimum temperature Minimum air temperature °C
TXx Annual maxima of daily maximum temperature Annual maxima value of daily maximum temperature Intensity °C
TNx Annual maxima of daily minimum temperature Annual maxima value of daily minimum temperature °C
TXn Annual minima of daily maximum temperature Annual minima value of daily maximum temperature °C
TNn Annual minima of daily minimum temperature Annual minima value of daily minimum temperature °C
TX90p Warm days Annual count of days when daily maximum temperature > 90th 

percentile
Frequency d

TN90p Warm nights Annual count of days when daily minimum temperature > 90th 
percentile

d

TX10p Cold days Annual count of days when daily maximum temperature < 10th 
percentile

d

TN10p Cold nights Annual count of days when daily minimum temperature < 10th 
percentile

d
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In this study, we combine the moving window model and 
the GeoDetector model to obtain the spatial map of the con-
tribution q of driving factors. Specifically, we calculate the 
q-value of four driving factors in each 4.5°×4.5° moving 
window area and assign the q-value to the center grid point. 
Using the moving window to scan every grid point of TP, 
we can get the final contribution map of each driving factor.

3  Results

3.1  Changes in temperature extremes

All the temperature indices show that the east-central part 
of the TP has experienced warming in the past 40 years, 
and cooling in the northwestern part (Fig. 2). The average 
trends of Tmax, Tmin and Tmean are 0.29 °C/10a, 0.31 °C/10a 
and 0.12 °C/10a, respectively (where “10a” represents 
“decade”). The warming rate of Tmin is greater than that of 
Tmax, causing the diurnal temperature range (DTR) on the 
TP to decrease. For warm extremes, the intensity or fre-
quency in most regions show a significant increasing trend, 
with the average rate of TXx, TNx, TX90p, and TN90p 
being 0.09 °C/10a, 0.31 °C/10a, 7.6 d/10a, and 9.5 d/10a, 
respectively. The warm extremes at night (TNx and TN90p) 
are more intense or frequent than during the daytime (TXx 
and TX90p). For the cold extremes, the trend of TNn is 0.11 
°C/10a and TXn is 0.40 °C/10a, indicating a decrease of the 
intensity. The magnitude of the increasing trend in TXn is 
the largest among these temperature indices, suggesting a 
significant rise in daytime extreme minimum temperature 
on TP. The changes of TX10p and TN10p are − 3.3 d/10a 
and − 4.4 d/10a, respectively, showing a decrease in the fre-
quency of cold events on TP (Fig. 2).

3.2  Elevation dependency of trends in temperature 
extreme

To determine the optimal moving window size, we evalu-
ate the impact of various window dimensions on elevation 
dependency and temperature change patterns. Fig. S1 shows 
that the results calculated using different window sizes are 
spatially similar. The 4.5° window covers a slightly larger 
area with significant elevation-dependent temperature 
changes and offers higher computational efficiency. There-
fore, the 4.5° window is ultimately chosen to calculate 
the elevation dependency of the temperature trend at each 
grid point. The sign and the strength of EDW is identified 
by the slope of the linear regression between temperature 
change rates and elevation. A positive slope means warm-
ing rates increase with elevation (positive EDW), while a 
negative slope means warming rates decrease with elevation 

window sizes of 2.5°, 3.5°, 4.5°, and 5.5° for Tmax, Tmean and 
Tmin are tested to identify the most appropriate dimensions. 
Then taking the first grid point of the image as the window 
center, the values of grid points within the window repre-
senting the temperature trend are taken as one sequence, and 
the values of elevation at the corresponding location is taken 
as another sequence. A linear regression is performed on the 
two sequences and the resulting gradient value is assigned 
to the center grid point. For windows near the TP bound-
ary, temperature data outside China is unavailable due to 
data limitations. Therefore, in these windows, the analysis 
focuses on the relationship between temperature and eleva-
tion within the TP. Finally, the window center is moved with 
a step size of one grid point, while every grid point within 
the TP has been analyzed as a center point (Fig. 1b). The 
advantage of the moving window model is that it not only 
eliminates the influence of latitude but also captures the spa-
tial heterogeneity of elevation dependency.

2.2.4  GeoDetector model

The GeoDetector is a statistical method for detecting the spa-
tial heterogeneity of variables and revealing the contribution 
and significance of driving factors (Wang et al. 2016). This 
model is based on the theory that if an independent variable 
drives the development of a dependent variable, then the 
spatial patterns of these two variables should be similar. It is 
widely applied in the analysis of driving factors of climate 
change, such as warming (Wang et al. 2021), droughts (Ji 
et al. 2022) and snow melting (Li et al. 2022). In this study, 
we utilize the factor detection tool to analyze the driving 
factors of temperature change on TP. It can detect the spa-
tial heterogeneity of the pattern in temperature change and 
quantify the contribution of different driving factors. The 
contribution is determined by the q-value, ranging from 0 to 
1, and a larger value indicates a larger contribution of driv-
ing factors. The formula is as follows:

q = 1 −
∑L

h=1 Nhσ2

Nσ2 = 1 − SSW

SST
� (3)

SSW =
∑L

h=1
Nhσ2

h� (4)

SST = Nσ2� (5)

where h =1, 2,…, L is the number of categories of variable 
Y  or factor X; Nh and N  represent the number of stratum 
h and the whole area, respectively; and σ 2

h and σ 2 are 
the variances of stratum h and the whole area, respectively. 
SSW  and SST  are the sum of variance within stratum and 
the total variance of the whole area, respectively.  
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EDC + mainly occurs in high-altitude regions above 6000 m 
(Fig. 4c). For Tmax, TXx, TXn and TX10p, EDC- occurs in 
low-altitude regions below 2000 m, while for other indices, 
EDC- primarily occurs in 4500–5500 m (Fig. 4d). On the 
contrary, TP has experienced widespread elevation-depen-
dent warming (EDW) over the last 40 years. For most of 
the extreme indices (except TXn), EDW- is the dominant 
pattern of temperature changes with the average area per-
centage of 46.60% for 10 indices, occurring primarily in 
the Indus basin and northern and central parts of the TP 
(Fig. 3n) at the elevation of 2500–5000 m (Fig. 4b). Whereas 
for the mean state of temperature (Tmean), TP is dominated 
by the EDW + phenomenon with an area percentage of 40% 
(Fig.  3o). The robust EDW + signal is concentrated in the 
southeastern part of the TP, specifically in the southern and 
eastern parts of the Brahmaputra River basin, the southern 
of the Inner Tibetan Plateau, the southern part of the Yellow 
River Basin, and the southeastern part of the Yangtze River 
basin (Fig. 3n). Besides these regions, EDW + phenomena 
are also observed in the northern of the Inner TP during 
the daytime (Fig. 3l), the eastern part of the Yellow River 
Basin, the central part of the Brahmaputra River Basin, 

(negative EDW). The positive EDW mainly occurs in the 
Brahmaputra River basin, the northern and southern of the 
Inner Tibetan Plateau, the southern of the Yellow River 
Basin, and the southeast of the Yangtze River basin, and 
the negative EDW occurs in other regions (Fig. 3a-i). Since 
TX10p and TN10p represent the frequency of cold events, 
the negative values in Fig. 3j-k indicate the positive EDW, 
while the positive values indicate negative EDW. This spa-
tial pattern is opposite of the TX90p and TN90p, which rep-
resent the frequency of warm events.

Considering both temperature trends and elevation 
dependency, we further subdivide the EDW patterns into 
four categories. Positive EDW is divided into EDW+ 
(warming trends that become stronger with elevation) and 
EDC- (cooling trends that become weaker with elevation), 
while negative EDW is divided into EDW- (warming trends 
that become weaker with elevation) and EDC+ (cool-
ing trends that become stronger with elevation) (Fig. 1b). 
Given the limited area of cooling regions on the TP, the 
stable occurrence of elevation-dependent cooling (EDC) is 
also relatively low with an area of 15% and concentrated in 
the northwestern TP (Fig. 3n). For all temperature indices, 

Fig. 2  Spatial trends of different temperature indices on TP from 1979 
to 2018. The shaded areas indicate correlations that are significant at 
the 0.05 level. (d) - (g) Extreme value indices representing the inten-
sity of temperature extremes. (d) and (e) are the warm events and (f) 

and (g) are the cold events. (h) - (k) Threshold indices representing the 
frequency of extreme events. (h) and (i) are the warm events and (j) 
and (k) are the cold events
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Fig. 3  Elevation dependency of different extreme temperature indi-
ces. For the four types (i.e., EDW+, EDW-, EDC + and, EDC-), only 
areas where elevation dependency is significant at the 0.05 level are 
labeled. (l) – (n) are regions where EDW+/- and EDC+/- occur cen-
trally (EDW+/- and EDC+/- occur for more than half of the tempera-

ture indices). (l) is the temperature indices representing the daytime 
extreme events. (m) is that representing the nighttime extreme events, 
and (n) is all indices. (o) is the area percentage of the four patterns of 
different indices
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3.3  Attribution of temperature change patterns

Based on the theory that temperature changes with eleva-
tion is due to the elevation dependency of driving factors 
that can significantly affect temperature change, the driving 
factors must meet the following conditions: (1) They must 
significantly contribute to temperature changes even when 
the dependency on elevation is removed; (2) they must 
have elevation dependency (Yang et al. 2023; Rangwala 
et al. 2016). Atmospheric water vapor feedback, ice/snow 
albedo feedback, cloud feedback, and vegetation are con-
sidered important causes of elevation-dependent tempera-
ture change, as they directly or indirectly affect the surface 
energy balance (You et al. 2020a, b). Therefore, four vari-
ables are selected, including specific humidity, snow cover, 
total cloud cover, and NDVI (Fig. S3).

To satisfy the first condition, we calculate the trends of 
these variables (Fig. 5a-d) and remove the linear elevation 
dependency of these variables. Similarly, we also remove 
the linear elevation dependency of temperature change. 
After the adjustment, a significant correlation remains 
between the variables and temperature at the 0.05 signifi-
cance level, with the average Pearson correlation coefficient 
r being 0.17, -0.04, -0.13 and − 0.02 for specific humidity, 
total cloud cover, snow cover and NDVI, respectively. This 
indicates that, even after removing the elevation effect, 

and the western of the Salween River basins at nighttime 
(Fig. 3m). Most of the EDW + signals occur at 3500–4500 m 
and 5000–6000 m while the EDW + of TX90p and TN90p is 
mainly below 2500 m (Fig. 4a).

EDW + has more severe impact on climate and eco-
systems than EDW-. It also covers a relatively large area 
with average percentage of 35.91% in extreme tempera-
ture indices. Therefore, it is necessary to clarify the char-
acteristics of extreme temperature warming with elevation. 
In the EDW + region, the magnitude of the increase in 
maximum temperature with elevation (0.17  °C/10a/km) 
is greater than that of the minimum (0.08 °C/10a/km) and 
mean (0.11  °C/10a/km) temperature. TXx (0.16  °C/10a/
km) is larger than that of TNx (0.15 °C/10a/km), and TXn 
(0.30 °C/10a/km) is larger than that of TNn (0.14 °C/10a/
km), indicating that the increase in daytime temperatures on 
TP is more closely related to elevation than nighttime. For 
the frequency of temperature extremes, warm days TX90p 
(2.56 d/10a/km) have a higher elevation dependency than 
warm nights TN90p (1.89 d/10a/km). Cold days TX10p 
(-2.74 d/10a/km) decrease faster with elevation than cold 
nights TN10p (-1.92 d/10a/km).

Fig. 4  Area percentage of each temperature elevation-dependent pattern at different elevation zones. The relative percentage is calculated by divid-
ing the area of each temperature index at different elevation ranges by the total area of the TP at the corresponding elevation range
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Fig. 5  Trends and elevation dependency of specific humidity, cloud cover, snow cover and NDVI. (a) - (d) are the trend of four variables. (e) - (h) 
are the elevation dependency of four variables. The shaded areas indicate correlations that are significant at the 0.05 level
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of the same driving factor to each temperature indices is 
similar in space, we calculate the average spatial distribu-
tion of the q-value map for each driving factor (Fig. 6a-d). 
We focus on regions where EDW+/- and EDC+/- are cen-
trally observed across all temperature indices (Fig. 3n). The 
mean q-values for distinct patterns of temperature changes 
(Fig. 6e) are therefore derived based on Fig. 3n. Addition-
ally, the EDW+/- and EDC+/- regions referenced in the sub-
sequent analysis are also based on Fig. 3n.

The attribution of four driving factors affecting tempera-
ture change patterns on the TP are spatially heterogeneous 

the variables still have a significant impact on temperature 
change. Subsequently, the elevation dependency of these 
variables are calculated based on the original variable trend 
data (Fig. 5e-h). The GeoDetector model combined with a 
moving window is used to quantify the contribution of the 
elevation dependency of variable changes to the elevation 
dependency of temperature changes at each grid point. Spe-
cifically, each temperature index will generate four q-value 
maps, which correspond to the contribution of the elevation 
dependency of four driving factors to the elevation depen-
dency of the temperature index. Given that the contribution 

Fig. 6  The average contribution (q-value) of four driving factors. (a) – (d) are the spatial distribution of the mean q-value of 11 extreme tempera-
ture indices. (e) is the mean q-value of different patterns of temperature changes. SHUM: Specific humidity; SC: Snow cover; CC: Cloud cover
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snow cover increases the surface albedo, decreasing the 
temperature. Thus the negative rate of snow cover leads to 
the rate of cooling at higher elevations less than at lower 
elevations, forming the EDC-.

In addition, specific humidity contributes the most to 
the EDW- region with a q-value of 0.35 (Fig. 6e). Specific 
humidity is increasing at the rate of 0.116 g/kg/10a (Table 2). 
Increased atmospheric water vapor leads to enhanced down-
ward longwave radiation, resulting in higher temperature. 
While its negative elevation dependency (-0.013 g/kg/10a/
km) leads to higher warming at lower elevation than at 
higher elevation, contributing to the EDW- phenomenon. 
For NDVI, the overall vegetation trend in warming regions 
shows a decline at a rate of -0.003 /10a, suggesting that 
the cooling effect from vegetation plays a dominant role. 
It exhibits a negative elevation dependency with the rate 
of -0.005 10a/km on EDW + region. This means that, in 
lower-elevation areas, vegetation leads to a stronger cooling 
effect compared to higher-elevation areas. As a result, the 
warming amplitude at lower elevations is smaller than that 
at higher elevations, leading to the phenomenon of EDW+. 
Since EDC occurs at higher elevations where there is no 
vegetation (Fig. 4c and d), the contribution of vegetation is 
not included.

4  Discussion

4.1  Spatial heterogeneity and drivers of Elevation-
dependent extreme temperature changes

In this study, the moving window model is applied for the 
first time to analyze the elevation dependency of temper-
ature change on the TP. The model accurately provides a 
comprehensive and detailed spatial characterization of ele-
vation dependency. The results show that there are four ele-
vation-dependent patterns on the TP, including EDW+/- and 

(Fig.  6a-d). The total cloud cover is the main cause of 
the elevation amplification effect of temperature change, 
including EDW + and EDC + with the highest q-values of 
0.43 and 0.44, respectively (Fig. 6e). In EDW + region, the 
increase rate of the total cloud cover is 0.122%/10a, while 
the increase in total cloud cover is negative with elevation 
at the rate of -0.015%/10a/km (Table  2). It indicates that 
the increase in total cloud cover is smaller at higher eleva-
tions compared to lower elevations, allowing more short-
wave radiation to be absorbed at higher elevations. This 
results in higher warming rates at high elevations than at 
low elevations, contributing to the formation of EDW+. In 
the EDW + region, the intensity and frequency of daytime 
temperature extremes are more related to elevation than at 
night. This phenomenon may be attributed to the dominant 
influence of shortwave radiation under the control of cloud. 
Compared to nighttime, high-elevation areas absorb more 
shortwave radiation during the daytime, resulting in a stron-
ger elevation dependency. In the EDC + region, the total 
cloud cover is also increasing at the rate of 0.531%/10a, but 
it has a positive gradient with elevation at 0.106%/10a/km 
(Table  2). Therefore, in high-elevation areas, the increase 
in total cloud cover is greater than in low-elevation areas, 
resulting in less absorbed heat with increasing elevation, 
leading to the EDC+.

Snow cover is the primary driver of the elevation dimi-
nution effect on temperature change, including EDW- and 
EDC- with the highest q-values of 0.40 and 0.50 (Fig. 6e). 
In EDW- region, the snow is decreased at the rate of 
-0.357%/10a, and this decrease exhibits a positive gradient 
with elevation at the rate of 0.011%10a/km (Table 2). This 
leads to a slower decrease in surface albedo in high-eleva-
tion areas compared to low-elevation areas, resulting in a 
slower warming rate in high-elevation regions, thus forming 
EDW-. For EDC- region, the snow shows the opposite trend 
and elevation dependency to that in the EDW- region, which 
is 0.572%/10a and − 0.355%/10a/km (Table  2). Increased 

Table 2  Trend and elevation dependency of four driving factors

 

SHUM: specific humidity; SC: snow cover; CC: cloud cover. The main driving factors in different patterns are labeled
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In this study, the GeoDetector model combined with the 
moving window reveals the contributions of driving factors 
in different regions (Fig.  6). The dominant driving factor 
of the elevation amplification effect is the total cloud cover 
(q-value = 0.43 for EDW + and q-value = 0.44 for EDC+). 
Total cloud cover is negatively correlated with temperature 
(Duan and Wu 2006). EDW + primarily occurs between 
3500 and 4500  m and 5000–6000  m (Fig.  4a), where the 
total cloud cover exhibits a negative elevation dependency 
(Fig.  5g). Consequently, higher elevations experience 
greater solar absorption and warming, as the growth rate of 
total cloud cover at these elevations is slower compared to 
lower elevations. Besides the total cloud cover, studies also 
revealed a significant upward shift of the snowline on the 
TP in recent years and emphasized its prominent contribu-
tion to EDW+ (You et al. 2020a, b). The upward shift of the 
snowline reduces albedo and accelerates the warming trend. 
Currently, the average snowline on the TP is around 5000 m 
(Zhang et al. 2022), so the EDW + occurring between 5000 
and 6000 m is not only attributed to the total cloud cover 
but also to the rising snowline. When the elevation exceeds 
6000 m, the temperature no longer shows a warming trend, 
and the temperature change mode shifts to EDC+ (Fig. 4c). 
The positive elevation dependency of total cloud cover 
increase (Fig. 5g) results in less heat absorption at high ele-
vations compared to low elevations, leading to the EDC+. 
Zhang et al. (2022) also pointed out that temperatures above 
6000 m are primarily controlled by cloud cover. The reduc-
tion in cloud cover at high elevations leads to decreased heat 
absorption. Moreover, due to the stable snowpacks above 
6000  m, a significant portion of the absorbed shortwave 
radiation is utilized for snowmelt rather than increasing air 
temperature, causing the temperature cooling rate to accel-
erate with increasing elevation.

The elevation diminution effect is mainly driven by 
snow cover (q-value = 0.40 for EDW- and q-value = 0.50 for 
EDC-). EDW- primarily occurs below the snowline, in the 
region between 2500 and 5000 m (Fig. 4b). In the EDW- 
region (Fig.  3n), decrease in snow cover exhibits a posi-
tive elevation dependency in most areas (Fig. 5f). At lower 
elevations, snow cover is more susceptible to change due to 
shallower snow depth. In contrast, higher elevations sustain 
relatively stable snow cover and snowline, resulting in pro-
longed snow persistence (Zhang et al. 2022). Consequently, 
snow cover retreats more rapidly at lower elevations than at 
higher elevations, leading to accelerated warming in lower-
elevation regions. EDC- is primarily concentrated at eleva-
tions of 4500–5500 m (Fig. 4d), near the snowline. The heat 
generated by the upward shift of the snowline mitigates the 
preceding cooling trend, ultimately contributing to the for-
mation of EDC-.

EDC+/- (Fig. 3). EDW + is mainly concentrated in the south-
eastern TP, while EDW- is primarily found in the northern 
and central TP (Fig. 3n). The result resolves the contradic-
tions in previous studies, where some reported EDW + on 
TP (Hu and Hsu 2023), while others observed significant 
EDW- (Du et al. 2019). Additionally, we offer insights into 
the spatial distribution of EDC, which has been overlooked 
in other research. EDC + mainly occurs in the northwestern 
TP, while EDC- is concentrated in the northern Inner TP 
(Fig. 3n). Previous studies treated the TP as a single entity, 
neglecting the spatial heterogeneity of temperature change 
patterns related to elevation. By employing the moving win-
dow model, we have achieved a more precise identification 
of EDW patterns across different regions of the TP.

The extreme temperature indices defined by the ETCCDI 
are included to investigate the elevation-dependent charac-
teristics of extreme climate events. The results show that in 
EDW + region, elevation dependency is more significant in 
maximum temperature trends (0.17 °C/10a/km) than in min-
imum temperature trends (0.08 °C/10a/km) (Fig. 3). How-
ever, some studies suggested that elevation dependency was 
more pronounced for minimum temperature trends (Sun et 
al. 2017, 2024; Yang et al. 2022). Wu et al. (2023) pointed 
out that ignoring the influence of latitude might lead to an 
underestimation of the elevation dependency of maximum 
temperature growth. The warming on TP is determined by 
the interaction between elevation and latitude, as warming 
in high-latitude regions typically rapid than that in low-lati-
tude regions. By separating the effects of latitude and eleva-
tion on temperature change, they found that the impact of 
latitude on the increase in Tmax is the most significant. As a 
result, when the latitude effect, which counteracts the eleva-
tion effect, is removed, the elevation dependency of Tmax 
increases. In this study, after eliminating the effect of lati-
tude using a moving window model, the maximum tempera-
ture changes have a closer relationship with elevation than 
minimum temperature changes. In addition, the increase 
in the intensity of extreme temperatures (0.16 °C/10a/km, 
0.30 °C/10a/km, 0.15 °C/10a/km, 0.14 °C/10a/km for TXx, 
TXn, TNx and TNn) are more sensitive to elevation than the 
average state (0.11 °C/10a/km). Notably, the growth rate of 
TXn is approximately twice that of the other growth rates. 
This implies that the baseline for daytime maximum tem-
peratures continues to rise. High-elevation regions are expe-
riencing an increasing risk of extreme heat events, which 
will lead to significant snowmelt and permafrost degrada-
tion (Yang et al. 2019; Mu te al. 2020), resulting in a series 
of natural disasters such as landslides and floods (Tang et al. 
2023). Additionally, higher temperatures may promote the 
upward migration of vegetation and advance the phenology 
of spring vegetation (Zhu et al. 2023), significantly affecting 
ecosystems.
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In general, although the meteorological stations are not 
evenly distributed within the window, which may influence 
the comparison, there is still a relatively high consistency 
between the station data and the gridded data. The verifi-
cation results from the meteorological station data dem-
onstrate the reliability of the gridded data. Additionally, in 
moving window applications, gridded data can effectively 
address issues such as uneven sample distribution across 
different windows.

Due to the inability to directly verify the accuracy of the 
dataset in the northwestern region, we use another dataset, 
China Meteorological Forcing Dataset (CMFD) (He et al. 
2020), to validate the results of elevation dependency. There 
is high consistency in air temperature simulation, trends and 
elevation dependency calculations between two datasets, 
with r exceeding 0.74 (Table 3). The results also support the 
reliability of the data in this paper.

We focus on the annual extreme temperature changes, 
while previous studies had pointed out that elevation-depen-
dent temperature changes exhibit significant seasonality, 
particularly with EDW + being more pronounced in winter 
and autumn (Wang et al. 2018). Meanwhile, the impor-
tance of driving factors in influencing elevation-dependent 
patterns varies across different seasons. Specifically, snow 
cover has a more important role in spring and summer due 
to its seasonal melting (Liu et al. 2009). The specific humid-
ity is a key process in winter because the longwave radiation 
is more sensitive to moisture content at low humid levels 
(Ruckstuhl et al. 2007). For NDVI, the latent heat gener-
ated by vegetation and the changes in surface albedo differ 
between the growing and non-growing seasons, resulting 
in varying impacts on surface energy balance across differ-
ent seasons (Wang et al. 2023). The contribution q-value of 
NDVI is relatively small (Fig. 6e), which may be attributed 
to the strong seasonality of vegetation. The annual average 
NDVI could diminish the ability of vegetation to influence 
elevation dependency.

In addition, only annual total cloud cover is used to quan-
tify the cloud feedback effect on elevation dependency of 
temperature change, but cloud height and cloud amount can 
also play a significant role. Previous studies revealed that 
an increase in high cloud cover and a decrease in mid-level 
cloud cover lead to positive net cloud radiative forcing, 
which amplifies warming across much of the plateau (Hua 
et al. 2018). Furthermore, cloud cover has opposing effects 
on temperature during the daytime and nighttime. During 
the day, it primarily regulates shortwave radiation, whereas 
at night, it is more closely associated with longwave radia-
tion. Extreme temperature indices also vary between day 
and night. Due to the lack of driving factors that differenti-
ate between these periods, this paper uses the total cloud 
cover data and focuses on annual mean data to explain the 

Models predict that temperatures on the TP will continue 
to rise in the coming decades (Chen et al. 2022), accompa-
nied by reductions in both cloud cover (Yamamoto et al. 
2024) and snow cover (Zou et al. 2022). These changes will 
lead to increased solar heat absorption at higher elevations, 
further intensifying the EDW + effect driven by cloud cover. 
If the rate of snowmelt at high elevations accelerates with 
rising temperatures and the snowline continues to move 
upward, the snow cover could shift to become a primary 
factor contributing to EDW+, posing a growing risk to the 
ecosystems of high-elevation areas and their downstream 
regions. In the future, patterns of elevation-dependent tem-
perature change and changes in drivers need to be more 
accurately determined in order to minimise their deleterious 
effects.

4.2  Uncertainty analyses and implications

This paper reveals the elevation-dependent patterns of 
extreme temperature change and quantifies the contribu-
tion of the driving factors. The spatial air temperature data 
is the foundation of the study. Although the daily gridded 
air temperature data used in this study proved to be of high 
accuracy, the reliability of air temperatures in the northwest-
ern TP and their relationship with elevation remains ques-
tionable due to the scarcity of station data in this region. 
Therefore, we first validate the reliability of the gridded 
data in areas with dense real temperature data based on 88 
meteorological stations on TP. Since all extreme tempera-
ture indices are derived from Tmean, Tmax and Tmin, we only 
validate these three indices for the two datasets. The overall 
reliability of the temperature has been verified by Fang et al. 
(2022), but they overlooked the elevation-dependent biases. 
Therefore, we calculate the gradient of temperature changes 
with elevation for both gridded and station data. Then we 
analyze the consistency between the two datasets by lin-
ear regression. The results demonstrate a strong agreement 
between the gridded data and meteorological observations, 
with correlation coefficients r for Tmean, Tmin, and Tmax of 
0.74 (p < 0.01), 0.77 (p < 0.01), and 0.74 (p < 0.01), respec-
tively, and corresponding RMSE values of 0.17 °C/100m, 
0.18 °C/100m, and 0.16 °C/100m (Fig. 7b, Fig. S4a-b). A 
window with relatively dense stations shows the distribution 
of mean temperatures between the two datasets, indicating 
that the mean temperature in high-elevation areas is slightly 
underestimated compared to low-elevation areas (Fig. 7c). 
The mean temperature for each elevation band with 500 m 
is further calculated. The gridded data shows a slight sys-
tematic underestimation of the temperature (Fig. 7c and d). 
More importantly, this systematic underestimation is stable 
across the elevation band, which is not likely to have an 
impact on the elevation-dependent temperature changes. 
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Table 3  Correlation coefficients R and slope between daily gridded air temperature data used in this study and CMFD
Tmax Tmean Tmin
r Slope r Slope r Slope

Mean temperature 0.91 0.82 0.99 0.94 0.91 0.83
Trend 0.74 0.74 0.92 0.93 0.85 0.81
Elevation dependency 0.84 0.99 0.97 0.98 0.91 0.84

Fig. 7  Relationship between the meteorological stations data and grid-
ded data for Tmean. (a) is the number of the meteorological stations at 
different elevation bands. (b) is the linear relationship for temperature 
gradient along elevation between t he meteorological stations data and 
gridded data. The dashed line is the 1:1 line. (c) is the relationship 

between the elevation and temperature for meteorological station data 
and gridded data at a certain window. (d) is the box plots of meteoro-
logical stations data and gridded data at different elevation bands. The 
diamond insides the box is the median value
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