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Abstract: Global climate change has readjusted a global-scale precipitation distribution in magnitude
and timing. In mountainous areas, meteorological stations and observation data are very limited,
making it difficult to accurately understand the response of precipitation to global climate change.
Based on ECMWF Reanalysis v5 precipitation products, Berkeley Earth global temperature, and
typical atmospheric circulation indexes, we integrated a gradient descent-nonlinear regression down-
scaling model, cross wavelet transform, and wavelet correlation method to analyze the precipitation
response in Tianshan to global climate change. This study provides a high-resolution (90 m × 90 m)
precipitation dataset in Tianshan and confirms that global warming, the North Pacific Pattern (NP),
the Western Hemisphere Warm Pool (WHWP), and the Atlantic Multidecadal Oscillation (AMO) are
related to the humidification of Tianshan over the past 40 years. The precipitation in Tianshan and
global temperature have a resonance period of 8–15 months, and the correlation coefficient is above
0.9. In Tianshan, spring precipitation is determined mainly by AMO, North Tropical Atlantic Sea
Level Temperature, Pacific Interdecadal Oscillation (PDO), Tropical North Atlantic Index, WHWP,
NP, summer by NP, North Atlantic Oscillation, and PDO, autumn by AMO, and winter by Arctic Os-
cillation. This research can serve the precipitation forecast of Tianshan and help in the understanding
of the regional response to global climate change.

Keywords: response; precipitation; global warming; atmospheric circulation; Tianshan

1. Introduction

Large increases in surface temperature have been detected over the past few decades [1].
With global warming, global average precipitation has shown an increasing trend [2]. Wentz
et al. [3] reported that global mean precipitation increased at a rate of approximately 7.4%
per 1 ◦C between 1987 and 2006. In China, the winter precipitation increased at a rate of
9.7% per 1 ◦C of surface warming [4]. Global warming has exacerbated the uncertainty
of regional precipitation changes [5–7]. Over the past three decades, the differences in
seasonal precipitation have become more pronounced [8], and the spatial distributions
of precipitation have changed [9]. At the same time, the difference between dry and wet
regions expanded [10–12], and significant changes in wet-day frequencies and consecutive
dry days have been identified [13]. Moreover, climate models [14] and observations [15,16]
show an increase in precipitation extremes. Extreme precipitation is predicted to further
increase in the future [17,18], and its spatial pattern is heterogeneous, showing opposite
trends in different regions [19].
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On a regional scale, atmospheric circulation affects regional precipitation change [20].
In different seasons, there are differences in the response of precipitation to circulation
changes [21]. In summer, there is a significant positive correlation between Arctic Oscillation
and precipitation, and in winter, there is a significant positive correlation between North
Atlantic Oscillation and precipitation in Tianshan [5]. In addition, changes in regional
precipitation are not synchronized with that in circulation. Song et al. [22] found that
winter North Atlantic Oscillation affects the precipitation in the second summer in South
Korea and eastern China. In the Hetao region of northwest China, strong North Atlantic
Oscillation in winter may lead to an increase in precipitation of the next summer [23].

In the context of global warming, the water resources system in arid mountainous
areas, which are mainly recharged by rainfall, will undergo major changes in temporal and
spatial distribution of water resources [24–26]. The precipitation changes in arid moun-
tainous areas are responsible for extreme weather events and lead to potentially disastrous
impacts on society, the environment, and ecology [27–29]. Known as the “Central Asian
Water Tower”, the Tianshan Mountains are an important water source in the middle section
of the Silk Road Economic Belt [27], where precipitation changes affect the stability of the
water system and sustainable development in the arid regions of Central Asia [30–32]. In
mountainous areas, due to the high altitude and complex terrain, the observed precipi-
tation data are scarce. Reanalysis products, such as Modern-Era Retrospective Analysis
for Research and Applications [33], ERA-Interim [34], ECMWF Reanalysis v5 (ERA5) [35],
the tropical rainfall measurement mission [36], and the global precipitation climatology
project [37,38], provide precipitation datasets continuous in both space and time. Studies
have shown that ERA5 precipitation is close to the observations [39–42]. However, owing to
the coarse spatial scale (0.25◦ × 0.25◦), reanalysis products are unable to accurately resolve
the precipitation changes on a regional scale [43,44].

In order to bridge the scale gap between the coarse scale reanalysis outputs and
regional scale precipitation changes, statistical and dynamic downscaling approaches
have been developed [5,45]. Compared to dynamic downscaling, statistical downscaling
has gained wide popularity due to its low computational cost and simplicity [46]. The
techniques widely used in statistical downscaling include Multi Linear Regression [47],
Nonlinear Regression [5], Generalized Linear Models [48], Artificial Neural Networks [49],
Support Vector Machine [50], and Relevance Vector Machine [51], etc. Sachindra et al. [46]
found that irrespective of the climate regime, the SVM and RVM-based precipitation down-
scaling models showed the best performance with the Polynomial kernel. Vandal et al. [52]
suggested that the direct application of state-of-the-art machine learning methods to sta-
tistical downscaling does not provide direct improvements over simpler, longstanding
approaches. Compared with machine learning such as artificial neural network and sup-
port vector regression, traditional regressions require less computation and can display
regression coefficients, which could assess the dependence of dependent variables on
different factors. In traditional regressions, the least squares method is widely used to
calculate regression coefficients, but it is sensitive to noise and suitable for relatively small
samples [53,54]. Gradient descent (GD) is often used as the core training algorithm, and it
searches for the most significant decline of the cost function in each iteration until the cost
function is minimized and stabilized [55,56]. Studies have shown a nonlinear relationship
of the precipitation with latitude, longitude and terrain factors in Northwest China [57,58].
Therefore, this study established a nonlinear model for downscaling precipitation, and the
GD algorithm was used to train the model.

Selecting the Tianshan Mountains as a target, this study proposed a gradient descent-
nonlinear regression (GD-NLR) downscaling model to simulate high-resolution precipi-
tation. Then, based on downscaled data, the Berkeley Earth global temperature and the
typical atmospheric circulation index, we analyzed the response of precipitation in the
Tianshan Mountains to global climate change. Although many machine learning models
have been developed for precipitation downscaling, the accuracy of different models varies
greatly, and their applicability in alpine mountains needs further verification. The GD-NLR
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model developed in this study can accurately simulate the precipitation changes in the Tian-
shan Mountains, which provides a new idea for simulating high-resolution precipitation in
alpine mountains. In addition, the current literature does not study in detail the response
of arid mountainous regions to global climate change. This study reveals the multi-scale
response of mountainous precipitation to global warming and circulation changes and
identifies the circulations affecting precipitation changes in different seasons. Moreover,
predicting future precipitation changes can serve regional water resource management.
Based on forecast results, measures could be formulated to deal with possible floods and
droughts. This study calculates the lag time of the precipitation change in the Tianshan
Mountains relative to typical circulation changes. According to current circulation changes,
the future precipitation change in the Tianshan Mountains can be roughly predicted.

2. Materials and Methods
2.1. Study Area

Tianshan is located in the hinterland of Eurasia, stretching across China, Kazakhstan,
Kyrgyzstan, and Uzbekistan [59,60]. In this study, we investigated the region between
39◦18′N–45◦24′N and 73◦54′E–95◦18′E (Figure 1) [61]. The region stretches for 1700 km,
with an average width of 250–350 km and an area of 528,670 km2. It divides Xinjiang, China,
into two parts, and the natural geographic landscapes of the north and south are completely
different [62]. The terrain in Tianshan is complex, including mountains, valleys and basins,
with an average elevation of 4000 m [63]. Due to the high altitude, the construction of
meteorological stations is difficult, with less than one station per 10,000 km2 [64]. Tianshan
is far from the ocean and is dominated by a typical continental arid and semi-arid climate,
with water vapor mainly coming from the Atlantic Ocean [36]. In order to understand
the response of precipitation to global climate change in different regions, this study
divided the study area into West Tianshan (WTS) (73◦54′E–81◦18′E), Central Tianshan
(CTS) (81◦18′E–87◦30′E), and Eastern Tianshan (ETS) (87◦30′E–95◦18′E) (Figure 1) [65].
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Figure 1. Location of the Tianshan Mountains and the spatial distribution of average annual precipi-
tation from 1979 to 2020.

The precipitation is abundant in the Tianshan Mountains, with annual precipitation
exceeding 300 mm (Figure 1). In the Tianshan Mountains, the northern slope has more
precipitation than the southern slope. The CTS has the most precipitation (533 mm),
followed by WTS and ETS. The Ili River Valley in WTS and the Bogda Mountains in CTS
have abundant precipitation, and the Turpan-Hami basin in ETS and the plains in the
southern Tianshan have the lowest precipitation (Figure 1). The main reason for this spatial
distribution is the high altitude and the shape of Tianshan, that is, wide in the middle and
narrow on both sides, which is beneficial to intercept and uplift the water vapor from the
Atlantic and Arctic Oceans. The Ili River Valley, with a “pocket-shape”, is conducive to the
accumulation of water vapor and the growth of vegetation [5].
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2.2. Data

In this study, we used reanalysis products and observation data. First, we introduced
DEM to downscaling ERA5 precipitation and then employed the observations of mete-
orological stations to verify the accuracy of downscaled data. Secondly, we used global
temperature data and typical atmospheric circulation indexes to analyze the response of
precipitation in Tianshan to global climate change.

2.2.1. ERA5 Precipitation Reanalysis Products

In this study, the ERA5 precipitation products were used as the source of precipitation
downscaling. EAR5 is the fifth-generation reanalysis product of the European Centre for
Medium-Range Weather Forecasts (https://cds.climate.copernicus.eu/cdsapp#!/dataset/
reanalysis-era5, accessed on 17 January 2022). The time is from January 1979 to February
2021. The time resolution is one month, and the spatial resolution is 0.25◦ × 0.25◦.

2.2.2. DEM

To downscale precipitation, we used the DEM from the United States Geological
Survey (http://srtm.csi.cgiar.org, accessed on 17 January 2022), with a spatial resolution of
90 × 90 m. Based on the DEM, we extracted the aspect, slope, latitude, and longitude data
using ArcGIS 10.4 software.

2.2.3. Observed Precipitation of Meteorological Stations

To evaluate the accuracy of downscaled precipitation, we used the observational
precipitation data of 30 meteorological stations (See Table S1), which were provided by
the National Meteorological Information Center (http://data.cma.cn, accessed on 17 Jan-
uary 2022). The time is from January 1979 to December 2020, and the time resolution is
one month.

2.2.4. Berkeley Earth Land/Ocean Temperature

To analyze the response of precipitation in Tianshan to global warming, this study used
the Berkeley Earth land/ocean temperature product (berkeleyearth.org). The time is from
January 1850 to December 2020, and the time resolution is one month. It provides a global
mean temperature record quite similar to records from Hadley’s HadCRUT4, NASA’s
GISTEMP, NOAA’s GlobalTemp, and Cowtan and Way and provides a spatially complete
and homogeneous temperature field [66]. Two versions of the record are provided, treating
areas with sea ice cover as either air temperature over sea ice or sea surface temperature
under sea ice, and we used the former.

2.2.5. Atmospheric Circulation Index

The water vapor transportation system of Tianshan is mainly controlled by the westerly
circulation and monsoon intensity. The water vapor mainly comes from the Atlantic Ocean,
and a small amount of water vapor comes from the Arctic Ocean [67,68]. The Pacific
Interdecadal Oscillation also affects the precipitation changes in Tianshan. Higher d-excess
values (>10%), throughout the year, demonstrate that water vapor is intensively recycled
in the Urumqi region [69]. Moreover, regional-scale hydrological conditions, including
seasonal changes in moisture source, transport, and recycling in the Caspian/Aral Sea
region may play a role through spatial and temporal d-variability [70]. In this study,
eight representative atmospheric circulation indexes (Table 1) were used to analyze the
response of precipitation in Tianshan to global climate change. The data were from the
National Oceanic and Atmospheric Administration (https://www.esrl.noaa.gov/psd/
data/climateindices/list/, accessed on 17 January 2022), with a time resolution of one
month. For the introduction of indexes, please refer to Li et al. [71].

https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5
http://srtm.csi.cgiar.org
http://data.cma.cn
https://www.esrl.noaa.gov/psd/data/climateindices/list/
https://www.esrl.noaa.gov/psd/data/climateindices/list/
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Table 1. Atmospheric circulation indexes used in this study.

Index Abbreviation Time

Arctic Oscillation AO from January 1979 to December 2020
Atlantic Multidecadal Oscillation AMO from January 1979 to December 2020
North Atlantic Oscillation NAO from January 1979 to December 2020
North Pacific pattern NP from January 1979 to June 2020
Pacific Interdecadal Oscillation PDO from January 1979 to December 2020
Tropical North Atlantic index TNA from January 1979 to December 2020
North Tropical Atlantic Sea Level
Temperature index NTA from January 1979 to February 2020

Western Hemisphere warm pool WHWP from January 1979 to December 2020

2.3. Methods

First, we developed a GD-NLR downscaling model to simulate high-resolution monthly
precipitation in Tianshan. Then, to quantify the significance and direction of precipita-
tion trends, we used the Mann–Kendall trend test [72,73]. We are not only interested in
whether a trend exists but also in its magnitude. For the quantification of the slope, we used
the Thiel–Sen test [74,75]. Finally, we applied the Pearson correlation coefficient [76,77],
cross-wavelet, and wavelet correlation methods to calculate the response of precipitation to
global climate change.

2.3.1. Gradient Descent-Nonlinear Regression Downscaling Model

Topography and geographical location are the main factors affecting precipitation in
mountainous areas [78]. Introducing terrain and geographic location to the downscaling of
precipitation may be useful [79]. In this research, the slope, DEM, and aspect were used to
show terrain, and latitude and longitude were used to show location. This research fitted
nonlinear models for precipitation in 12 months and then trained the models using the GD
algorithm [55]. The steps are as follows:

(1) First, resample the elevation, aspect and slope to a low resolution (LR) of 0.25◦ × 0.25◦,
and extract the latitude, and longitude of each pixel.

(2) Then, establish the nonlinear equations for monthly precipitation with elevation,
aspect, slope, latitude, and longitude at LR, which can be expressed as follows:

P = F (A, E, Lon, Lat, S) + ∆P, (1)

where F (A, E, Lon, Lat, S) represent the estimated precipitation; ∆P is residuals; A, E, Lon,
Lat, S is aspect, elevation, longitude, latitude, and slope, respectively.

In the model, the cost function for regression is:

J(θ) =
1

2m ∑m
i=1

(
hθ

(
x(i)
)
− y(i)

)2
, (2)

where x(i) represents the feature of samples, y(i) is the target value, and m is the number
of samples.

Then, we applied the GD algorithm to minimize the cost function, which was needed
to find the partial derivative of J(θ):

∂

∂θj
J(θ) =

1
m ∑m

i=1

(
hθ

(
x(i)
)
− y(i)

)
x(i)j , (3)

The updating function of θ is:

θj = θj − α
1
m ∑m

i=1

(
hθ

(
x(i)
)
− y(i)

)
x(i)j , (4)
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where α is the learning rate, and m is the number of samples. The time complexity of θ is
O(n). In each training, the data were randomly divided into a 70% training group and 30%
test group. To improve the convergence speed, we scaled the feature samples as follows:

x(is) =
(

x(i) − xmin

)
/(xmax − xmin

)
, (5)

(3) Calculate the residual ∆PLR between the estimated precipitation F (A, E, Lon, Lat, S)
and ERA5 reanalysis PERA5 at LR as Equation (6). Then, resample ∆PLR to the high resolu-
tion of 90 × 90 m (HR) to obtain ∆PHR using the bilinear interpolation method.

∆PLR = PERA5 − F (A, E, Lon, Lat, S), (6)

(4) At HR, introducing AHR, EHR, LatHR, LonHR, and SHR into the downscaling models
of precipitation to obtain estimated precipitation PHR. Then, summing the estimated
precipitation PHR and residual ∆PHR to obtain the high-resolution precipitation P, as
Equation (7), which finally achieves the downscaling of monthly precipitation.

P= PHR+∆PHR, (7)

2.3.2. Cross-Wavelet Transform and Wavelet Correlation

The cross-wavelet transform and wavelet correlation methods are derived from Fourier
transform. The wavelet depends on two parameters, that is, wavelet scale and time. For
signal x (t), its wavelet function ϕa,t(t) can be expressed as follows:

ϕa,t(t) =
1√
a
ϕ

(
t− τ

a

)
, (8)

Continuous wavelet transform is to apply a wavelet as a band-pass filter to a time
series. For signal x (t), the continuous wavelet transform can be defined as:

Wx(a, τ) =
1√
a

∫ +∞

+∞
x(t)ϕ∗

(
t− τ

a

)
dt =

∫ +∞

+∞
x(t)ϕ∗a,t(t)dt, (9)

where ∗ represents the complex conjugate form, Wx(a, τ) represents wavelet scale, that is,
the contribution of a to signal x (t).

The cross-wavelet transform between two signals x (t) and y (t) is defined as
WXY = WXWY∗. The energy of cross-wavelet is defined as

∣∣∣WXY
∣∣∣. The wavelet corre-

lation is to calculate the statistical relationship between x (t) and y (t) in time-frequency
space, which is defined as follows:

R2
x,y(s) =

∣∣∣S(s−1WXY
t (s)

)∣∣∣2
S
(

s−1
∣∣∣WX

t (s)
∣∣∣2)·S(s−1

∣∣∣WY
t (s)

∣∣∣2) , (10)

where S is the smoothing operator. s is the circular standard deviation, that is,
√
−2 ln(R/n),

R =
√

X2 + Y2.
Another statistic produced by cross-wavelet transform is the cross-wavelet phase

angle ϕx,y, which can describe the potential lead–lag relationship between two signals, and
it can be calculated as:

ϕx,y = arctan

 I
{

S
(

s−1WXY(s)
)}

R
{

S
(

s−1WXY(s)
)}
, ϕx,y ∈ [−π,π], (11)
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where I represents the part where the wavelet function ϕ matches the original signal well,
and R represents the part where the two match weakly. The significance test of wavelet
correlation is calculated by the Monte Carlo method.

3. Results
3.1. Accuracy of the Downscaled Dataset

Based on the GD algorithm, we obtained the downscaled equations of monthly pre-
cipitation (see Table S2). In twelve months, there are strong nonlinear relationships of
precipitation with elevation, aspect, slope, latitude, and longitude. According to Table S2,
the dependence of precipitation on each factor from high to low is latitude, altitude, lon-
gitude, aspect, and slope. To further assess the dependence of precipitation on different
factors, we removed elevation, aspect, slope, longitude, and latitude from models, respec-
tively, and analyzed the changes in model accuracy (Table 2). When the latitude, longitude,
elevation, aspect, and slope were removed from the model, the R2 between simulations
and targets becomes 0.30–0.43, 0.38–0.50, 0.42–0.53, 0.44–0.57, and 0.48–0.69, respectively.
If we just consider latitude, longitude, and elevation, the R2 between simulations and
targets will become 0.35–0.48. Overall, the precipitation in the Tianshan Mountains has
the highest dependence on latitude and longitude, followed by elevation, which indicates
that geographical location and topography have important influences on the precipitation
distribution in the Tianshan Mountains.

Table 2. Accuracy test (R2) of GD-NLR models.

Month

GD
Least
SquareGD-

NLR
without
Latitude

without
Aspect
and Slope

without
Longitude

without
Slope

without
Aspect

without
Elevation

1 0.73 0.37 0.42 0.40 0.59 0.48 0.45 0.64
2 0.78 0.39 0.48 0.44 0.69 0.53 0.49 0.62
3 0.79 0.38 0.37 0.40 0.58 0.50 0.45 0.72
4 0.78 0.30 0.40 0.48 0.50 0.49 0.45 0.54
5 0.75 0.43 0.39 0.50 0.59 0.57 0.53 0.62
6 0.69 0.40 0.36 0.41 0.50 0.46 0.45 0.65
7 0.66 0.39 0.35 0.42 0.48 0.44 0.42 0.63
8 0.70 0.43 0.40 0.49 0.58 0.53 0.51 0.59
9 0.73 0.34 0.41 0.38 0.49 0.48 0.42 0.60
10 0.73 0.32 0.38 0.38 0.53 0.49 0.43 0.60
11 0.73 0.40 0.44 0.47 0.58 0.55 0.50 0.71
12 0.75 0.41 0.47 0.45 0.62 0.52 0.49 0.59

To verify the applicability of the GD-NLR models, we calculated the coefficient of
determination (R2) between model outputs and target values in the test period. Table 2
shows that the GD-NLR model performs well in each month, with R2 above 0.65 in the
testing period. To further verify the accuracy of the GD-NLR models, we also trained the
model using the least squares method. Table 2 shows that the accuracy of the GD-NLR
model is significantly better than that of the least square model. The R2 is 0.66–0.79 between
targets and the simulations by the GD-NLR model, and that is 0.54–0.72 between targets
and the simulations by least square model. Overall, the GD-NLR model has high accuracy
and can be applied to simulate the precipitation changes in the Tianshan Mountains.

Based on the GD-NLR model, we obtained the high-resolution (90 × 90 m) monthly
precipitation dataset in the Tianshan Mountains. Due to the high altitude and complex
terrain, there are only 30 meteorological stations in the study area. We verified the accu-
racy of the downscaling dataset by the observed data from 30 stations (Table 3). At the
30 stations, the slope between the downscaled and observed precipitation is close to 1, the
NSE is above 0.50, and the MAE and RMSE are below 15 mm. At stations such as Zhaosu
and Caijiahu, the NSE between the simulated and observed precipitation is higher than
0.80, and the MAE and RMSE are lower than 10 mm.
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Table 3. Accuracy test of downscaled dataset.

Station Slope MAE RMSE NSE

Kashgar 1.53 14.43 14.35 0.61
Akqi 1.22 5.79 2.31 0.60
Wuqia 0.66 8.88 12.57 0.55
Turgart 1.05 6.34 3.08 0.83
Bachu 0.92 10.56 13.97 0.71
Kalpin 0.56 12.80 7.49 0.64
Zhaosu 0.53 3.97 8.35 0.52
Baluntai 0.57 2.37 4.30 0.51
Byanbulak 0.65 3.40 5.89 0.51
Yining 1.00 6.96 2.72 0.68
Yanqi 1.10 9.97 14.38 0.72
Aksu 0.90 6.83 9.75 0.59
Baicheng 0.56 6.26 9.96 0.52
Kuqa 0.65 4.79 7.67 0.51
Korla 0.70 4.15 6.67 0.52
Alar 0.84 6.52 9.62 0.51
Wusu 0.70 13.14 9.57 0.53
Luntai 0.75 4.37 7.61 0.51
Jinghe 0.82 6.29 9.91 0.66
Barkol 0.73 3.44 6.22 0.52
Yiwu 1.03 15.42 11.99 0.61
Urumqi 0.79 1.59 2.74 0.63
Dabancheng 0.90 1.71 2.67 0.50
Shisanjianfang 0.80 4.25 3.24 0.57
Qitai 0.60 9.42 14.38 0.51
Kumux 0.99 7.60 9.97 0.85
Naomao Lake 0.56 4.59 7.64 0.51
Turpan 0.91 6.51 10.81 0.65
Caijiahu 1.28 3.20 5.77 0.61
Hami 0.65 2.35 3.99 0.51

To further verify the downscaling dataset, we plotted scatter plots of downscaled and
observed data of eight stations in high-altitude and 22 stations in plains (see Table S1).
Figure 2 shows that the downscaled dataset has high accuracy in both high-altitude and
plain areas. The R2 between the downscaled and observed data is 0.83 in high altitude
mountains, and that is 0.65 in plains. In addition, the downscaled precipitation is slightly
higher than observed precipitation, and this is more pronounced in high-altitude mountains.
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To assess the improvement of downscaling, we compared the accuracy before and
after downscaling. Table 4 indicates that the accuracy of the downscaled dataset is better
than the ERA5 reanalysis in both high-altitude mountains and plains. In high-altitude
mountains, the slope of downscaled data and observations is 1.24, the NSE is 0.83, and MAE
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and RMSE are both lower than 9 mm, while the Slope of ERA5 reanalysis and observations
is 1.47, the NSE is 0.61, and MAE and RMSE are both higher than 9 mm. In plains, the slope
of downscaled data and observations is 1.16, the NSE is 0.65, and MAE and RMSE are both
lower than 9 mm, while the slope of ERA5 reanalysis and observations is 1.33, the NSE is
0.49, and MAE and RMSE are both higher than 9.5 mm. The above results indicate that
there is a significant improvement in downscaling.

Table 4. Accuracy comparison of downscaled dataset and ERA5 reanalysis.

Area Data Slope NSE MAE RMSE

High-altitude
mountains

Downscaled data 1.24 0.83 7.73 8.04
ERA5 reanalysis 1.47 0.61 9.05 11.23

Plains
Downscaled data 1.16 0.65 7.05 8.80
ERA5 reanalysis 1.33 0.49 9.72 12.89

To further assess the improvement in downscaling, we partly extracted the downscaled
precipitation in July and compared it with the ERA5 reanalysis and observations for the
corresponding time (Figure 3). Compared with the observations and ERA5 reanalysis, the
spatial resolution of the downscaled data has been significantly improved, which can show
the spatial distribution of precipitation in the Tianshan Mountains more clearly. Overall, the
downscaled dataset has high accuracy and can accurately reveal the precipitation change
in the Tianshan Mountains.
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3.2. Temporal and Spatial Changes of Precipitation

We obtained the annual precipitation by summing the precipitation from March to the
following February. Table 5 shows the descriptive statistics and trend test results of annual
precipitation. The annual precipitation in Tianshan is 368 mm. The CTS has the most
abundant precipitation at 533 mm, followed by WTS with 405 mm, and ETS at 175 mm.
From 1979 to 2020, the Tianshan showed a wetting trend with a rate of 26.4 mm/10a
(Z = 1.42, a = 0.10). The precipitation in WTS has the fastest increase at 34.1 mm/10a,
followed by CTS and ETS, with increasing rates of 10.3 and 4 mm/10a, respectively. The
Sen slope verifies the changing trend of precipitation. The SD and CV values indicate a
large inter-annual difference of precipitation in WTS.

Table 5. Descriptive statistics and trend tests for annual precipitation.

Descriptive Statistics
Mann–

Kendall
Trend Test

Sen’s
Slope

N Mean
(mm) SD CV (%) Slope

(mm/a) Z

Tianshan 41 368.09 32.53 8.84 2.64 1.42 * 2.61
WTS 41 405.26 45.11 11.13 3.41 0.60 3.44
CTS 41 532.55 45.87 8.61 1.03 0.79 1.03
ETS 41 174.55 24.11 13.82 0.40 1.26 * 0.41

* indicates that the slope has passed the significance test of 0.10.

From 1979 to 2020, the precipitation in Tianshan showed an increasing trend, at a
rate of 26 mm/10a (Figure 4). The precipitation in the WTS increased the fastest, followed
by CTS and ETS. The Aksu River Basin, located in WTS, has the most obvious increase
in precipitation, while the precipitation in the northern part of CTS and ETS showed a
decreasing trend.
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3.3. Response of Precipitation to Global Warming

Figure 5 indicates that, since 1850, the world has shown a warming trend, and the trend
has accelerated after 1910, which has been confirmed by lots of studies [66,80]. Scholars
have reached some consensus on the causes of global warming. One is the change in the
natural laws of the climate system, that is, the result of natural change [81], and the other is
that human activities have increased the rate of natural change [82,83].

In recent years, with global warming, the global average precipitation has shown an
increasing trend [2]. How does the precipitation in Tianshan respond to global warming?
Figure 6 shows the scatter plots between precipitation and global temperature on a monthly
scale. In Tianshan, the correlation coefficient between precipitation and global temperature
is 0.88, indicating that the precipitation in Tianshan is sensitive to global warming. The
CTS has the highest elevation and the most precipitation, and it is more sensitive to global
warming than WTS and CTS. In WTS, CTS, and ETS, the correlation coefficient between
precipitation and global temperature is 0.86, 0.87, and 0.78, respectively. Moreover, we also
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calculated the correlation coefficient between precipitation and local temperature, and the
results are shown in Figure S1. In WTS, CTS and ETS, the correlation coefficients between
precipitation and local temperature are 0.84, 0.87, and 0.78, respectively, which are close to
that of global temperature. The above results indicate that the precipitation in the Tianshan
Mountains is sensitive to warming. The formation mechanism of regional precipitation
is complex. There are many properties of convection that can change as the atmosphere
warms, including the effective water-vapor gradient, cloud pressure depth, and cloud
velocity [84]. The response mechanism of the precipitation in the Tianshan Mountains to
global warming needs further study.
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Figure 7 shows the cross-wavelet and wavelet correlations between global temperature
and the precipitation in Tianshan. During the entire study period (1979–2020), precipitation
and global temperature have a significant resonance period of 8–15 months, with the
correlation coefficient above 0.9, and the correlation is stable. This illustrates that on a scale
of 8–15 months, the precipitation in Tianshan is very sensitive to global warming.
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Figure 7. Cross-wavelet (a) and wavelet correlation (b) between global surface temperature and
precipitation in Tianshan.

3.4. Response of Precipitation to Circulation Changes

The atmospheric circulation index can characterize climate change on a regional scale.
During the study period, eight circulation indexes fluctuate cyclically (see Figure S2). On
the whole, AMO, TNA, NTA, and WHWP show an upward trend, PDO shows a downward
trend, and AO, NAO, and NP have small changes, with a linear trend close to zero. From
the perspective of stability, the changes of AO, NAO and NP are relatively unstable, with
obvious differences between different months.

The Pearson correlation coefficient was used to calculate the correlations between
precipitation and eight atmospheric circulation indexes, and the results are shown in
Figure 8. On the monthly scale, AMO, NP, PDO, and WHWP have positive impacts on
precipitation in Tianshan. The correlation coefficient between precipitation and NP is
the highest, above 0.60, followed by WHWP and AMO, at about 0.20, indicating that NP,
WHWP, and AMO are the main circulation factors affecting the precipitation changes in
Tianshan. Different regions respond differently to circulation changes. In WTS, NAO has
a negative impact on precipitation, and AMO, NP, PDO, TNA and WHWP have positive
impacts on precipitation changes. While in CTS and ETS, the precipitation changes are
mainly determined by AMO, NP, PDO, and WHWP.
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In different seasons, there are significant differences in the correlation between pre-
cipitation and atmospheric circulation (Figure 9). In spring, AMO, NTA, PDO, TNA, and
WHWP have positive impacts on precipitation changes, while NP has a negative impact on
precipitation changes in Tianshan. Among the eight indexes, PDO has the greatest impact
on precipitation, with a correlation coefficient of 0.52, followed by NP, with a correlation
coefficient of −0.43. In WTS, precipitation changes are mainly determined by NP and PDO.
In CTS, precipitation changes are mainly determined by NP, NTA, PDO, TNA and WHWP.
While in ETS, precipitation changes are mainly determined by AMO, NTA, PDO, TNA, and
WHWP. In summer, NAO, NP, and PDO have positive impacts on precipitation changes.
The precipitation in WTS is mainly determined by NP, and the correlation coefficient is 0.31,
while the precipitation in ETS is mainly determined by NAO and PDO. In autumn, AMO
have a negative impact on precipitation changes in the ETS. In addition, NP and TNA have
negative impacts on precipitation changes, but the impact is not significant. In winter, AO
has a negative impact on precipitation changes in the CTS. In addition, NAO is negatively
correlated with precipitation, and TNA is positively correlated with precipitation, with a
correlation coefficient of about 0.20, but they both failed the significance test.
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Cross-wavelet transform and wavelet correlations can reveal the response on different
time scales and the lag time of precipitation relative to circulation changes. Figure 10 shows
the cross-wavelet and wavelet correlations between precipitation with AO, AMO, NAO, and
NP. During 1990–1992, precipitation and AO had a resonance period of 10–16 months, and
they showed a significant negative correlation. During 1985–1989, precipitation and AO had
a secondary resonance of 30–36 months, and precipitation change lagged AO by an average
of 495 days (Figure 10a,b). In the period of 1–8 months, precipitation and AMO present a
discontinuous negative correlation. In 1985–1990, 1994–2000, and 2002–2017, precipitation
and AMO had a resonance period of 8–16 years, and they showed a significant positive
correlation. In 1993–2000 and 2003–2015, there was a resonance period of 3–5 years between
precipitation and AMO (Figure 10c,d). In 1980, 1986–1987, 1995, 1997, 2007–2012, and 2015,
there was a significant resonance period of 1–8 months between precipitation and NAO,
but the correlation was unstable and gradually changed from a positive correlation to a
negative correlation over time. In 1985–1987, there was a significant resonance period of
32–36 months, and the precipitation changes lagged NAO by an average of 510 days. In
2000, there was a four-year resonance period between precipitation and NAO, and NAO
lagged the precipitation changes by an average of 360 days (Figure 10e,f). During the entire
study period, precipitation and NP had a common cycle of 8–17 months, with a significant
positive correlation, indicating that NP was an important circulation factor affecting the
changes in precipitation in Tianshan. Precipitation and NP had a common cycle of 2–8 years,
and NP lagged the precipitation changes by an average of 456 days. In addition, there is a
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discontinuous correlation between precipitation and NP on the scale of 1–8 months, while
the correlation is not stable and varies obviously in different years (Figure 10g,h).
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Figure 11 shows the cross-wavelet and wavelet correlations between precipitation
with NTA, PDO, TNA, and WHWP. In 1983, 1987, 2000, and 2004, precipitation and
NTA had a common cycle of 1–8 months, and precipitation changes lagged NTA by an
average of 17 days. In 1980–1982, 1986, 2001–2004 and 2011–2017, precipitation and NTA
had a common cycle of 8–16 months, and the correlation was unstable. In 1992–2004,
precipitation and NTA had a common cycle of 2–4 years, and precipitation changes lagged
NTA by an average of 137 days (Figure 11a,b). In 1985, 1989, 1995, 2000–2008, and 2015,
precipitation and PDO had a common cycle of 1–8 months, and they gradually changed
from a negative correlation to a positive correlation over time. In 1987–2000, 2005 and
2009–2017, precipitation and PDO had a common cycle of 8–16 months, and precipitation
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changes lagged PDO by an average of 30 days. In 2000–2012, precipitation and PDO had a
common cycle of 5 years, and precipitation changes lagged PDO by an average of 228 days
(Figure 11c,d). In 1993, 2008, 2011 and 2017, precipitation and TNA had a resonance period
of 1–8 months, showing a negative correlation. In 1986–1992, 2003–2005, and 2008–2017,
precipitation and TNA had a significant resonance period of 8–16 months. In 1993–2005,
there was a significant resonance period of 2–5 years between precipitation and TNA, and
precipitation changes lagged TNA by an average of 160 days (Figure 11e,f). In the cycle
of 1–8 months, precipitation and WHWP show a discontinuous negative correlation. In
1982–1985, 1990–1992, and 1995–2019, precipitation and WHWP had a significant resonance
period of 8–16 months, and TNA lagged the precipitation changes by an average of 45 days.
In 1995–2015, precipitation and WHWP had a common cycle of 2–5 years, and precipitation
changes lagged WHWP by an average of 160 days (Figure 11g,h).
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4. Discussion

Global climate change has an important impact on regional precipitation changes, and
this study confirmed it. We found that in the context of global warming, Tianshan showed a
wetting trend with a rate of 26.4 mm/10a from 1979 to 2020. The climate change in Central
Asia is related to the change of the westerly zone and monsoon intensity [68,85,86]. This
study indicated that NAO and AMO have an important influence on precipitation changes
in Tianshan. In the years when NAO is strong, the intensity of the subtropical high in
the western Pacific is significantly weakened, and the Aleutian Low is relatively strong,
corresponding to the weakening of the Siberian High [23]. When NAO is in a positive
phase, there will be abnormal cyclones in the mid-high latitudes of the North Atlantic [87],
and the enhanced westerly wind will bring the warm and humid North Atlantic water
vapor from the ocean to Eurasia. In addition, NAO can influence the climate of East Asia
through atmospheric teleconnection and abnormal planetary waves [22,88,89]. There are
two views for AMO affecting the climate of East Asia: one is that AMO causes air-sea
feedback in the western Pacific [90], and the other is that AMO affects the atmospheric
circulation and then causes changes in the tropospheric temperature of Eurasia [91]. The
orthophase of AMO is conducive to enhancing the summer monsoon of East Asia [90,91].
Studies have shown that AO is related to westerly jet, Siberian high and Rossby wave
activities, and it has an important impact on climate change in Eurasia [92–94]. AO affects
the Siberian High and thus the strength of the winter monsoon [95]. In addition, AO affects
the mid and high latitude atmospheric circulation system including the upper trough and
the westerly jet, which in turn affects the occurrence of cold waves [96]. When AO is
in the negative phase, the winter monsoon in East Asia is strong, and the intensity and
duration of the cold wave are greater than that of the positive phase. The heterogeneous
relationship of vortex temperature changes between Asia and the North Pacific is related to
the heterogeneous relationship of atmospheric heating [97,98]. This study shows that NP
and PDO have an important impact on precipitation changes in Tianshan. Arctic warming
has an impact on climate change in Eurasia [99,100], and PDO is one of the main drivers
of Arctic warming [101]. The positive phase of PDO may cause the East Asian trough
to deepen [102], and the growth of the East Asian trough may cause the temperature to
decrease in East Asia [22,103]. In addition, the enhancement of PDO will produce a westerly
component, which may increase the prevailing westerly jets in mid-latitudes [104,105] and
increase the cold northerly winds in Asia and Eastern Europe [67,106]. Since 2004, the
enhancement of PDO has contributed 54% to the fall of autumn temperature in Eurasia [71].
This study shows that the response of regional precipitation to circulation changes has a
hysteresis. Compared with the atmosphere, the ocean changes more slowly in the climate
system. Atmospheric circulation may cause anomalies in the underlying layer of snow,
sea ice and sea temperature. These anomalies may last for a period of time, which creates
conditions for later changes in regional precipitation [107–109].

Based on global temperature data and eight atmospheric circulation indexes, we
analyzed the response of precipitation in Tianshan to global climate change. We know
that changes in the climate system are the result of a combination of different factors. For
example, there is a connection between snow and atmosphere. Climate forcing leads to
the changes of snow cover in the northern hemisphere [110], which in turn affects the
phase and amplitude of atmospheric circulations [111,112]. However, there are still many
challenges in understanding the snow–atmosphere coupling, and the complex physical
mechanisms related to precipitation changes in Tianshan need to be further studied.

In this study, a GD-NLR model was developed to downscale the precipitation in
alpine mountains, which provides a new idea for simulating high-resolution precipita-
tion in mountainous areas. Due to the high altitude and complex terrain, there are only
30 meteorological stations that could be used to verify the accuracy of downscaling pre-
cipitation. We will explore other methods to further evaluate the accuracy of downscaled
datasets in the future, such as comparing the dataset with other precipitation products
and downscaled results. Moreover, despite numerous studies experimenting with a wide
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range of models for statistical downscaling, none have clearly outperformed others [52].
For the arid Tianshan Mountains, further improvements and customization of traditional
regressions and machine learning methods are needed to provide more credible simula-
tions of precipitation. Future work may introduce multiple machine learning algorithms to
improve each step of downscaling to improve overall performance.

5. Conclusions

The main contribution of this study is to provide a high-resolution (90 × 90 m) precip-
itation dataset in Tianshan and confirms that global warming, the North Pacific pattern,
the Western Hemisphere warm pool, and the Atlantic Multidecadal Oscillation are related
to the humidification of Tianshan over the past 40 years. The precipitation in Tianshan
and global temperature have a resonance period of 8–15 months, and the correlation
coefficient is above 0.9. In Tianshan, spring precipitation is determined mainly by the
Atlantic Multidecadal Oscillation, North Tropical Atlantic Sea Level Temperature, Pacific
Interdecadal Oscillation, Tropical North Atlantic Index, Western Hemisphere warm pool,
North Pacific pattern, summer by North Pacific pattern, North Atlantic Oscillation, and
Pacific Interdecadal Oscillation, autumn by Atlantic Multidecadal Oscillation, and winter
by Arctic Oscillation. The insights gained in this study may help to understand the regional
precipitation response to global change.

This study simulated precipitation changes by downscaling ERA5 products. It is
worth noting that there are certain uncertainties in reanalysis products; therefore, the data
need to be further evaluated when applied to other regions. Numerous studies have shown
that vegetation has an impact on precipitation change. Due to a lack of vegetation data
with high spatial and temporal resolution, this study only introduced topography, latitude,
and longitude in precipitation downscaling. If the required data are available, the research
can be continued further.

The present study lays the groundwork for future research into the precipitation
forecast, which is of great significance to water resources management in Tianshan. Based
on future climate scenarios, water management planning should be oriented to generate
new strategies to cope with possible future droughts and floods.
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atmospheric circulation indexes: (a) AO, (b) NAO, (c) NP, (d) PDO, (e) AMO, (f) TNA, (g) NTA, and
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