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Abstract. The general circulation models (GCMs) from the coupled model 
intercomparison project phase 5 (CMIP5) were used to evaluate the simulation 
capabilities of rainfall-to-precipitation ratio (RPR) from 1961 to 2018 at 28 
meteorological stations in the Tianshan Mountains region (TMR). Moreover, it 
was estimated the change of RPR in the months experiencing freezing-thawing 
transitions from 2011 to 2100 under three representative concentration pathways 
(RCPs), RCP2.6, RCP4.5, and RCP8.5. The results indicated that the simulated 
air temperature from CMIP5 was highly correlated with the observed values, 
while the performance for precipitation was poor. Therefore, it is feasible to 
forecast the future RPR employing the temperature provided by CMIP5 and the 

observed meteorological factors by the BP neural network (BNN). Under three 
emission scenarios, the RPR in the months experiencing freezing-thawing 
transitions during 2011-2100 will increase compared to that during the baseline 
period (1981-2010). Under the same emission scenario, values of RPR will 
increase as the time goes on. Besides, in terms of spatial variation, values of RPR 
in the south slope will be larger than that in the north slope under three emission 
scenarios. Furthermore, values of RPR exhibit different variation characteristics 
under different emission scenarios. Under the RCP2.6 emission scenario, as the 
time goes on, values of RPR at more stations will change slightly. Under the 
RCP4.5 emission scenario, the increase of RPR will occur in the whole TMR and 
stabilize in the north slope by the end of this century. However, values of RPR 

will increase significantly through 21st century in the whole TMR under the 
RCP8.5 emission scenario. 

Keywords: Tianshan Mountains region; precipitation types; CMIP5 models; BP 
neural network. 
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1   Introduction 

Precipitation falls on the ground in various forms such as rain, snow, and sleet, and 

each type of them has an important impact on surface runoff and energy balance (Loth 

et al. 1993). The surface albedo increases sharply when snowfall occurs, which leads 

to a decrease in solar radiation absorbed from the ground (Cohen and Rind 1991). In 
the meantime, snowfall is stored on the ground surface as snow cover, subsequently 

melts and recharges river runoff as temperatures rise in the spring (Clark et al. 2006). 

Conversely, when rainfall occurs, it quickly infiltrates and collects into rivers or 

groundwater, which has the opposite effect of snowfall (Dai and Aiguo 2008). 

Therefore, the differentiation of precipitation types is important for land hydrological 

process management (Anderson and Mackintosh 2012).  

Historical meteorological data revealed that the earth experienced a warming trend 

both globally and locally (Chen et al. 2016; Ghosh 2018; Huang et al. 2018; IPCC 2013; 
IPCC et al. 2018; Ogunbode et al. 2019). The fastest warming occurred in the mid-

latitudes of the northern hemisphere with the increasing rate of temperature exceeded 

0.4℃ /10a on average (Ji et al. 2014). The average warming rate of China was 

significantly higher than that of the northern hemisphere over the same period. 

Warming mainly occurred in winter and spring. And compared with Northern and 

Eastern China, the warming rate of Northwest China was even higher (Li et al. 2015), 

e. g., the Tianshan Mountains region (TMR) of Xinjiang located in Northwest China. 

The TMR divide Xinjiang into two parts, i. e., Southern Xinjiang and Northern 

Xinjiang. Due to its unique topographic features of mountains, basins, and valleys, the 

TMR is particularly sensitive to global climate change (Guo and Li 2015; Li et al. 
2019).  

In the arid and semi-arid regions of Northwest China, water resources mainly come 

from the mountain area. Roughly 373 rivers originate from the TMR. Thus it is typically 

referred to as a ''solid reservoir'' (Hu 2004; Wang et al. 2014). Although the total area 

of TMR accounts for less than 17% of the area of Xinjiang, its precipitation accounts 

for about 40% of the total precipitation in Xinjiang (Xu et al. 2014). Moreover, winter 

snowfall in the Western TMR accounts for more than 30% of annual precipitation (Li 

et al. 2019; Lu et al. 2016). Within the last 50 years, there was a significant trend of 
overall warming and local humidifying in the TMR (Li et al. 2016). If different types 

of precipitation are transformed, it will inevitably affect the process of regional runoff 

generation and confluence, as well as the annual distribution of runoff (Feng and Hu 

2004).  

Global warming has led to change in global precipitation types. The rise of 

temperature showed a trend of decreasing snowfall and increasing rainfall in the 

western part of the United States from 1949 to 2004 (Knowles et al. 2006). The 

frequency of different precipitation types generally increased with increasing 
temperature in winter, but the number of snowfall days in spring decreased more 

significantly with increasing temperature than that of rainfall days in northern Eurasia 



from 1936 to 1990 (Ye and Hengchun 2008). The ratio of rainfall to precipitation 

increased significantly during spring to summer on the Canadian Arctic Island from 

1979 to 2015 (Wei et al. 2018). The average ratio of snow to precipitation (S/P) showed 

a downward trend with precipitation and snowfall rise as well as temperatures rise in 

the cold season in the TMR from 1961 to 2010 (Guo and Li 2015). Therefore, given 
the important impact of precipitation types on the climate and the abnormality of the 

precipitation types in the context of global warming, the possible change in 

precipitation types in the future are a very worthy concern. 

The simulation ensemble of the general circulation models (GCMs) from the coupled 

model intercomparison project phase 5 (CMIP5) has become the main tool in future 

climate change assessment (Hussain et al. 2017; Jing et al. 2017; Noor et al. 2019). The 

IPCC Fifth Report (AR5) Global Climate Change Future Prediction Experiment used 

the greenhouse gas emission scenario proposed by the IPCC expert group, called the 
representative concentration pathway (RCP). The AR5 of IPCC shares four typical 

concentration paths, namely RCP8.5, RCP6.0, RCP4.5 and RCP2.6 (IPCC 2013). In 

predicting the future climate using the CMIP5 model, most studies focus on estimating 

the total amount of precipitation without distinguishing precipitation types. However, 

there are also some researches concerning prediction of conversion of precipitation 

types using CMIP5 model in the TMR. It was found that a significant decrease in 

snowfall and a significant increase in rainfall under the RCP4.5 and RCP8.5 scenarios, 

by the end of the 21st century (Jing et al. 2017).  
CMIP5 models have a better performance for simulating temperature in Northwest 

China, but poor for simulating precipitation (Dandan et al. 2018; Lu et al. 2020). The 

change of RPR was most closely related to temperature (Rui et al. 2020). BP Neural 

Network (BNN) is a useful tool for predicting various climate variables (ASCE 2000). 

Considering the relationship between temperature and the Rainfall-to-Precipitation 

Ratio (RPR), the future temperature under different RCPs provided by CMIP5 models 

and the meteorological factors from meteorological stations was inputted into the BNN 

model to acquire the future RPR. 
The objectives of this study were to: (1) evaluate the performance of CMIP5 model 

to simulate the temperature and precipitation in the TMR, (2) calculate the values of 

RPR in the months experiencing freezing-thawing transitions in the future, and (3) 

analyze the temporal and spatial change of RPR in the TMR in the future. This study 

may provide a scientific management basis for agricultural production and hydrology, 

as well as change in the water cycle in alpine region under climate change. 

2   Study area and data description 

2.1   Study area  

The TMR extends 1700 km from the border between China and Kyrgyzstan in the west 

to the Xingxingxia Gobi in the east to Hami city with area of about 5.7 × 105 km2 

accounting for more than 34.5% of the total area of Xinjiang (1.65 × 106 km2) (Hu 

2004) (Fig.1). It is located in the deep inland of Eurasia and far away from the ocean 



with the temperate continental climate. Composed of mountains, mountain basins, 

valleys, and piedmont plains, the average altitude of the TMR is 4000 m. Affected by 

the westerly belt and terrain, the precipitation shows an uneven spatial and temporal 

distribution in the TMR. For instance, the precipitation in the north slope is more than 

that in the south slope. And the precipitation in the mountains is also more than that in 
the plains and basins. 

. 

Fig. 1. Map of the TMR and the distribution of selected meteorological stations 

2.2   Data used  

2.2.1   Observation data 

As the change of precipitation types mainly occur in the months experiencing freezing-

thawing transitions, this study mainly focused on the change of precipitation types in 4 

months, October and November before winter, and March and April after winter. The 

observed data during 1960-2018 from 28 meteorological stations in TMR (Fig. 1) 

including daily precipitation, average temperature, relative humidity, average pressure, 

average wind speed, sunshine hours, and small evaporation data were obtained from 

the National Meteorological Information Center in China (http://data.cma.cn). In 

addition, terrain factors data including altitude, slope, aspect, longitude and latitude 
data were obtained from a 30-meter-resolution digital elevation model (DEM) provided 

by the Geo-spatial Data Cloud in China (http://www.gscloud.cn). 

http://data.cma.cn/
http://www.gscloud.cn/


2.2.2   CMIP5 models 

Temperature and precipitation grid data from 21 GCM models of CMIP5 (Table 1) 

were selected, including annual and monthly data (https://esgf-

node.llnl.gov/projects/cmip5/). The annual grid data during 1961-2018 were used for 

adaptability assessment of GCM models. The monthly grid data were used to 
statistically downscale to the meteorological station for the base period and the future 

period. 1981-2010 was as the base period, and 2011-2100 as the future period. Most 

models failed to perform prediction experiments under the RCP6.0 scenario. Therefore, 

this study selected RCP2.6, RCP4.5, and RCP8.5 as the future climate scenarios. And 

the resolution was uniformly interpolated to 1°×1°. 

Table 1.  Basic information of the CMIP5 models selected in this study  

Identifier Model name Modeling center country and 
abbreviation 

Horizontal 
resolution (lon × lat) 

1 BCC-CSM1-1 BCC, China 128×64 

2 BCC-CSM1-1-m BCC, China 320×160 

3 BNU-ESM GCESS, China 128×64 

4 CanESM2 CCCMA, Canada 128×64 

5 CCSM4 NCAR, USA 288×192 

6 CESM1-CAM5 NSF-DOE-NCAR, USA 288×192 

7 CNRM-CM5 CNRM-CERFACS, France 256×128 

8 CSIRO-Mk3-6-0 CSIRO-QCCCE, Australia 192×96 

9 EC-EARTH EC-EARTH, Ten European countries 320×160 

10 FGOALS-g2 FGOALS, China 128×60 

11 GFDL-ESM2G NOAA GFDL, USA 144×90 

12 GFDL-ESM2M NOAA GFDL, USA 144×90 

13 HadGEM2-AO NIMR/KMA, Korea/UK 192×145 

14 HadGEM2-ES MOHC, UK 192×145 

15 IPSL-CM5A-LR IPSL, France 96×96 

16 IPSL-CM5A-MR IPSL, France 144×143 

17 MIROC5 MIROC, Japan 256×128 

18 MIROC-ESM MIROC, Japan 128×64 

19 MIROC-ESM-

CHEM 

MIROC, Japan 128×64 

20 MRI-CGCM3 MRI, Japan 320×160 

21 NorESM1-M NCC, Norway 144×96 

https://esgf-node.llnl.gov/projects/cmip5/
https://esgf-node.llnl.gov/projects/cmip5/


3   Methodology 

3.1   Schemes of distinguish precipitation  

The China Meteorological Administration has more than 643 reference meteorological 

stations throughout the country. And the precipitation data were marked with 

precipitation types from January 1951 to December 1979, but not marked after 1980 

(Han et al. 2010). Therefore, Ding proposed a set of parameterization schemes to 

distinguish precipitation types (Ding et al. 2014). That is, the model scheme constructed 

by the observation data from 824 stations marked with precipitation types from 1951 
to 1979 were used to distinguish the precipitation types after 1980. 

3.2   Calculation of precipitation types  

Rainfall-to-Precipitation Ratio (RPR) is defined as the percentage of rainy days to total 

precipitation days: 

100%RPR 
P

R  (1) 

In the formula, R and P denote the total rainfall days and the total precipitation days 

during the study period, respectively. This paper mainly studies the changing 

characteristics of precipitation types in the TMR through the change of RPR. The values 

of RPR have a range from 0 to 1. Among them, RPR approaching to 0 indicates the 

tendency of precipitation from the liquid to the solid, while RPR approaching to 1 

means that the trend of precipitation from the solid to the liquid. 

3.3   Downscaling model  

CMIP5 models could better simulate the characteristics of meteorological elements at 

large-scale with a low spatial resolution. It tends to ignore small-scale differences and 

is difficult to make detailed predictions of regional climate scenarios. Generally, the 
error is reduced by downscaling. It can convert large-scale global climate models into 

small-scale and regional climate models, thereby obtaining more accurate climate data.  

The Delta method is a relatively simple but commonly used method to downscale 

GCMs. Relative change is selected for precipitation, that is, the grid cumulative 

precipitation in a certain month during a certain year from GCMs is compared with the 

average cumulative precipitation in a certain month over many years under three 

emission scenarios. And the change rate of precipitation was obtained for each station. 

The average accumulated precipitation in a certain month from each meteorological 
station during the base period is multiplied by change rate of precipitation. Then the 

cumulative precipitation data for a certain year and month under three emission 

scenarios were obtained. The temperature choice is absolute change. The difference 

values between average temperature in a certain month during a certain year and the 



average temperature in a month for many years of grid data from GCMs under three 

emission scenarios were calculated. And this amount of change was added to the 

monthly average temperature at meteorological station within the grid during the base 

period measured for many years. Then the average temperature data of a certain year 

and month under three emission scenarios could be obtained for a certain station (Hay 
et al. 2010). The method is as follows: 

=
Gf

f o

G

P
P P

P
 

(2) 

( )f o Gf GT T T T    (3) 

where Po is the measured average cumulative precipitation in a certain month for many 

years. PG is the simulated cumulative average precipitation in a certain month for many 

years in the future. PGf is the simulated cumulative future precipitation in a certain 

month of a certain year. Pf is the cumulative monthly precipitation under three emission 

scenarios obtained by the Delta method. To is the measured average temperature of a 

certain month for many years. TG is the average temperature of a certain month for 

many years under three emission scenarios. TGf is used to simulate the average 
temperature of a certain month during a certain year under three emission scenarios. 

And Tf is the average monthly temperature under three emission scenarios to be 

obtained by the Delta method. 

The monthly data from 21 GCMs (1°×1°) were interpolated to stations through the 

bilinear interpolation method. Based on the base period from 1961 to 2000, the monthly 

data under three emission scenarios from 2011 to 2100 was downscaled through the 

Delta method. 

3.4   BNN model 

The artificial neural network model is based on the research of neuroscience and 

reflects some basic characteristics of human brain function and proposes a method of 

using neural networks. So far, lots of artificial neural networks have been developed. 

Among them, the most widely used one is the multi-layer perception neural networks. 
Its research started in the 1950s, but there had been no progress until 1986 Rumelhart 

proposed the learning representations by back-propagating errors (BP calculation) (Fig. 

2), which realized Minsky's multi-layer network idea (Rumelhart et al. 1986). 

 



 

Fig. 2. Learning representations by back-propagating errors 

The BP algorithm has not only input layer nodes and output layer nodes but also 

more than one hidden layer node. The input signal needs to be first propagated to the 

hidden layer node after the action function. Then the output signal of the hidden layer 

node is propagated to the output node. Finally, the output was provided. As shown in 

formula (4), the node's action excitation function usually chooses S-type. 

x/Q
e

f(x)



1

1
 

(4) 

Here, Q is the Sigmoid parameter adjusted in the form of an excitation function. The 

learning process of the algorithm consists of forwarding propagation and back-warding 
propagation. In the forwarding propagation process, the input information is processed 

from the input layer through the hidden layer and then passed to the output layer. The 

state of each layer of the neuron only affects the state of the next layer of the neuron. If 

the output layer does not obtain the target output, it will be transmitted to the back-

warding propagation. And the error signal will return along the original connection 

channel. By changing the weights of neurons in each layer, the error signal is 

minimized. 

3.5   Verification of model accuracy  

3.5.1   Evaluation of CMIP5 models 

To evaluate the performance of the CMIP5 models in simulating the temperature and 
precipitation in the TMR, the Taylor Diagram was used in this study. In this diagram, 

three transformation indexes of the correlation coefficient, standard deviation, and root-

mean-square error between two fields or two sequences can be placed on the same polar 

coordinate chart. It uses the triangular transformation relationship to comprehensively 

reflect the optimization of the simulation results of each model inferior. Specifically, 

the spatial correlation coefficient between the simulation result sequence and the 

observation sequence can represent the ability to describe the main center position. The 

standard deviation of the observation sequence indicates the ability of the model to 



simulate the center amplitude. The closer value of the standard deviation is to 1, the 

better the simulation ability is. The root-mean-square error indicates the similarity 

between the simulation type and the observed values. And the closer value of the root-

mean-square error is to 0, the better the simulation ability is. 

3.5.2   BNN model accuracy verification  

To verify the accuracy of the BNN model simulation, the Nash-Sutcliffe coefficient 

(NSC) (Nash and Sutcliffe 1970), root-mean-square error (RSR), and percentage bias 

(PBIAS) were used for quantitative analysis. The theoretical range of NSC is from -∞ 

to 1. And NSC with a value greater than 0 is used as an indicator to evaluate the 

consistency between the observed value and the estimated value. When the value of 

NSC approaches to 1, the predicted value approaches to the observed value (Moriasi et 

al. 2007). The range of RSR is from 0 to +∞. The lower value of the RSR means the 

better simulation ability of the model. PBIAS evaluates whether the predicted value is 

less than or greater than the corresponding observation to assessment the performance 
of the model. Positive value indicates that the model is underestimated. And negative 

value indicates that the model is overestimated (Gupta et al. 1999). If the NSC value is 

greater than 0.5, the RSR value is less than 0.7 and the absolute values of PBIAS is less 

than 30%, the simulation results are satisfactory (Table 2) (Moriasi et al. 2007). The 

calculation formulas for each indicator are as follows: 
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Where yi, ˆ
i

y , y , and N is the observed value, the predicted value, the average of the 

observed data and the number of observations, respectively. 

Table 2.  Basic information of the CMIP5 models selected in this study  

Performance rating Grades NSC RSR PBIAS (%) 

Very good A 0.75<NSC≤1 0≤RSR≤0.5 PBIAS<±15 



Good B 0.65<NSC≤0.75 0.5<RSR≤0.6 ±15≤PBIAS<±20 
Satisfactory C 0.50<NSC≤0.65 0.6<RSR≤0.7 ±20≤PBIAS<±30 
Unsatisfactory D NSC≤0.50 RSR>0.7 PBIAS≥±30 

4.   Results  

4.1   Evaluation of CMIP5 models 

To quantitatively compare the simulating ability of the CMIP5 models for the 

temperature and precipitation in the TMR, Fig. 3 provided an illustration of the Taylor 

Diagram for the annual cumulative precipitation and the annual average temperature 

from the 21 CMIP5 models relative to the observation stations during 1961-2018. It 

can be seen from Fig. 3 that the scope of spatial correlation coefficients between the 
simulation and observation were from -0.26 to 0.74 for the annual cumulative 

precipitation. And the scope of standard deviation between simulation and observation 

were during 0.84-1.90 mm. Whereas, for the annual average temperature, the scope of 

spatial correlation coefficients between simulation and observation were 0.84-0.98. 

And the scope of the standard deviation between the simulation and observation were 

0.93-1.13℃. Most of the root-mean-square error between the simulation and 

observation were greater than 1 for annual cumulative precipitation, but the root-mean-

square error between simulation and observation were less than 1 for the annual average 
temperature. In general, the CMIP5 models had a high correlation between the 

simulated and the observed temperature. But the performance of precipitation was poor. 

 



Fig. 3. Taylor Diagram of the 21 CMIP5 models simulated fields and the observed fields: (a) 
annual precipitation and (b) annual mean temperature during period (1961- 2018) in TMR 

4.2   The verification of BNN model  

Because the CMIP5 model had a better ability to simulate the temperature compare to 
the precipitation in the TMR. Hence, the future precipitation data provided by CMIP5 

were abandoned, while the future temperature data provided by CMIP5 combined with 

the BNN model could be used to predict the future RPR in the TMR. That is, the 

meteorological factors related to RPR in one certain month, such as air temperature, 

average pressure, evaporation, relative humidity, wind speed, sunshine hours, and 

surface temperature were used as input variables, and RPR for one certain month was 

used as the output variable. The data during 1961-1999 and the data during 2000-2018 

were selected as the calibration and the verification, respectively. NSC, RSR, and 
PBIAS were used to assess the performance for the calibration and verification. 

Table 3 provided the performance for the calibration and verification of the monthly 

RPR from 28 meteorological stations using the BNN model in the TMR. It can be seen 

that the performance values were all satisfactory and above. Consequently, this model 

could be ulteriorly used to simulate the future monthly RPR. Change of RPR was most 

closely related to temperature (Rui et al. 2020). It was assumed that other 

meteorological factors in the model were unchanged, and that only temperature change 

significantly. Based on the relationship between air temperature and RPR, using the 
future monthly average temperature under different RCPs from 21 CMIP5 models as 

the inputs, the monthly RPR under different RCPs could be obtained by the BNN 

model. 

Table 3.  Performance for the calibration and verification of the RPR from 28 meteorological 
stations using the BNN model in the TMR  

 Station          Abridge NSC(C/V) RSR(C/V) PBIAS(C/V) Rating  

1 Aksu AKS 0.90/0.82 0.46/0.49 -0.25/1.35 A/A 
2 Baicheng BCH 0.79/0.70 0.46/0.56 1.32/-1.32 A/B 
3 Bole BL 0.81/0.71 0.43/0.56 -0.16/-1.70 A/B 
4 Barkol BKL 0.66/0.61 0.58/0.64 0.20/8.60 B/C 
5 Baluntai BLT 0.65/0.60 0.62/0.68 0.00/-1.51 C/C 
6 Bayinbuluke BYBLK 0.85/0.80 0.32/0.46 0.01/-0.23 A/A 
7 Caijiahu CJH 0.70/0.69 0.59/0.54 1.20/-2.30 B/B 
8 Dabancheng DBC 0.86/0.78 0.44/0.49 -2.68/-1.52 A/A 

9 Hami HM 0.76/0.62 0.38/0.51 3.61/5.36 A/B 
10 Hutubi HTB 0.71/0.66 0.60/0.54 -5.44/9.30 B/B 
11 Jinghe JH 0.70/0.63 0.54/0.64 -2.3/-1.65 B/C 
12 Kuqa KQ 0.80/0.76 0.41/0.49 0.08/0.36 A/A 
13 Korla KRL 0.80/0.76 0.49/0.50 -0.78/-1.25 A/A 
14 Kumishen KMS 0.72/0.65 0.61/0.68 0.40/6.23 C/C 
15 Kalpin KP 0.71/0.64 0.58/0.61 0.00/-0.32 B/C 
16 Kashi KS 0.68/0.58 0.56/0.61 2.64/6.23 B/C 
17 Naomaohu NMH 0.89/0.85 0.39/0.42 0.01/0.12 A/A 



18 Qitai QT 0.69/0.56 0.51/0.68 3.20/-3.21 B/C 

19 Shisanjianfang SSJF 0.85/0.80 0.42/0.46 0.00/-0.31 A/A 
20 Tianchi TC 0.68/0.57 0.62/0.66 0.36/-3.20 B/C 
21 Turpan  TRF 0.90/0.85 0.41/0.49 0.00/-2.82 A/A 
22 Wenquan WQ 0.75/0.54 0.57/0.61 0.00/-1.72 B/C 

23 Wusu WS 0.78/0.64 0.47/0.63 -0.85/-0.41 A/C 
24 Wuqia WUQ 0.69/0.59 0.56/0.62 2.87/5.75 B/C 
25 Yining YN 0.66/0.68 0.59/0.52 2.36/-0.41 B/B 
26 Yanqi YQ 0.70/0.60 0.62/0.69 0.32/-3.20 C/C 
27 Yiwu YW 0.72/0.66 0.52/0.58 0.00/-1.71 B/B 
28 Zhaosu ZS 0.71/0.81 0.52/0.67 0.22/0.57 B/A 

4.3   Prediction of precipitation types in the future 

4.3.1   Trends of RPR in the future  

The BNN model predicted the RPR under different emission scenarios as shown in Fig. 

4 Under three emission scenarios, the RPR in the months experiencing freezing-

thawing transitions from 2011 to 2100 will be higher than that during the baseline 

period (1981-2010) in the TMR. And the values of RPR under the RCP2.6, RCP4.5 and 

RCP8.5 emission scenarios will increase by 4.36%, 8.27%, and 12.36%, respectively. 

The values of RPR will mostly increase with the rise of emission scenario.  

 



Fig. 4. RPR in the months experiencing freezing-thawing transitions under different scenarios 
(RCP2.6, 4.5, and 8.5) in the TMR 

4.3.2   The intra-annual pattern of RPR in the future 

Due to the complex terrain of the TMR, the RPR from different stations varies in the 

same month. Taking Tianchi station at a higher altitude and Bole station at a lower 

altitude as examples, the box-plot was used to analyze change of RPR in months 
experiencing freezing-thawing transitions under different emission scenarios during the 

historical period of 1981-2010 and the future period of 2071-2100 (Fig.5). 

Bole station is located in 531.9 meters above sea level. The values of RPR in April 

and October were 1.00 during the historical period, and the RPR values will be still 

1.00 during the future period. The change of RPR mainly occurred in March and 

November, closer to winter. The lower edge and lower quartile of RPR were 0 in March 

during the historical period with the range of 0-0.5. During the future period, the range 

of RPR will have a tight distribution under the RCP2.6 emission scenario. Its lower 
quartile will vary from 0 to 0.3, and the upper quartile will be slightly lower than the 

historical period. The low quartile of RPR will increase to 0.34 and 0.42 under the 

RCP4.5 and RCP8.5 emission scenario, respectively. The overall distribution of RPR 

tends to move to 1.00. Both of the lower edge and lower quartile of RPR were 0 in 

November and March during the historical period. But the distribution of RPR in 

November were mainly concentrated during 0-0.24, more concentrated than that in 

March. The lower edge and lower quartile of RPR under RCP2.6 and RCP4.5 emission 

scenario will be only increase weakly in the future. And the upper edge and upper 
quantile of RPR under RCP2.6 emission scenario remain the same as the historical 

period. The overall distribution range of RPR will increase to 0.12-0.47 under the 

RCP8.5 emission scenario. 

Tianchi station has a high altitude of 1942.5 meters. Its temperature is low and the 

RPR values in March and November were 0 during the historical period. During the 

future period, in addition to a great increase of RPR under the RCP8.5 emission 

scenario, the increase of RPR will be slight under the RCP2.6 and RCP4.5 emission 

scenario with values lower than 0.2. The change of RPR will mainly occur in warmer 
April and October with range of 0.17-0.44. During the future period, the change of RPR 

under the three emission scenarios will be larger than that during historical period. And 

the range of the lower quartile will be mostly higher than that of the upper quartile 

during the historical period. The lower edge and lower quartile of RPR were 0, and the 

upper quartile was 0.36 in November during the historical period. The distribution of 

RPR under the three emission scenarios during the future period will be tighter than 

that during the historical period. The distribution range of RPR under RCP2.6 emission 

scenario will be similar to that under RCP4.5 emission scenario, ranging from 0.32 to 
0.48. The range of RPR will be relatively high under RCP8.5 emission scenario, 

ranging from 0.42 to 0.56. 



 

Fig. 5. Box plots of RPR under three emission scenarios at (a) Bole and (b) Tianchi station during 
historical periods (1981-2010) and the future periods (2071-2100) 

4.3.3   Spatial distribution of RPR in the future 

The continuous spatial distribution was obtained by the Kriging method to interpolate 

values of RPR in the months experiencing freezing-thawing transitions under different 

emission scenarios from 28 meteorological stations in the TMR (Fig.6). During 1981-

2010, the largest value of RPR occurred at Turpan station with the value of 0.97, while 

the smallest one happened at Bayinbuluke station with the value of 0.12. Values of RPR 

in the south slope were larger than that in the north slope. The RPR values ranged from 

0.24 to 0.71 in the north slope, while the RPR values ranged from 0.47 to 0.97 in the 

south slope. The spatial distribution of RPR during 2011-2040, 2041-2070, and 2071-
2100 will be similar to that during 1981-2010 with the pattern of "the RPR values in 

the south slope are larger than that in the north slope". 

Under the RCP2.6 emission scenario, the values of RPR in the whole study area will 

have a slightly increasing trend. By the end of the 21st century, the RPR values will get 

up to 0.98 and 0.17 at Turpan station and Bayinbuluke station, respectively. The range 

of RPR will be from 0.44 to 0.77 in the north slope, while the range of RPR values will 

be from 0.54 to 0.98 in the south slope. Under the RCP4.5 emission scenario, the RPR 

values will get up to 1.00 and 0.20 at Turpan and Bayinbuluke station by the end of this 
century, respectively. The range of RPR values will increase to 0.47-0.77 in the north 

slope and 0.59-1.00 in the south slope. Under the RCP8.5 emission scenario, the RPR 

values will increase to 0.47-0.83 in the north slope and 0.65-1.00 in the south slope. 

RPR values will reach to 1.00 at Turpan station during 2041-2070.  

 



 

Fig. 6. Spatial distribution of RPR in the months experiencing freezing-thawing transitions under 
RCP2.6, 4.5, and 8.5 emission scenario in the TMR 

4.3.4   The changing trend of RPR in the future 

From 1981 to 2010, the values of RPR exhibited an increasing trend in the months 
experiencing freezing-thawing transitions at 28 meteorological stations in the TMR. 

And the significant increase of RPR at the 0.05 significance level occurred at 6 stations 

(Fig.7). Among them, the increase rate of RPR in the north slope were larger than that 

in the south slope. And the increase rate was 0.01/10a in the north slope. There were 5 

stations with no changing trend in the entire study area. 

Compared with the period of 1981-2010, the values of RPR under the three emission 

scenarios (RCP2.6, RCP4.5, and RCP8.5) from 2011 to 2040 showed increasing trends 

in the TMR. And there will be 15, 18, and 19 stations with significant increasing trends 
at the 0.05 significance level under the three emission scenarios, respectively. However, 

the increase rate of RPR showed different characteristics under the three emission 

scenarios during 2041-2070. Under the RCP2.6 emission scenario, except for the 

decrease of RPR at Qitai station and the increase of RPR at Yiwu station, and values of 

RPR will remain unchanged at other stations. Under the RCP4.5 emission scenario, 

except for the decrease of RPR at Qitai station and the unchanged of RPR at Bayinbuke 

and Wusu station, the increase will take place at the other stations. There will be 17 

stations with significant increase at the 0.05 significance level. The changing feature of 
RPR under the RCP8.5 emission scenario will be similar to that under the RCP4.5 

emission scenario. And there will be 15 stations with an increase rate of more than 

0.05/10a at the 0.05 significance level. The change of RPR also exhibit different 

characteristics under the three emission scenarios during 2071-2100. Under the RCP2.6 

emission scenario, the decrease of RPR will occur at Wenquan and Qitai station. And 

the significant decrease will occur at Wenquan station at 0.05 significance level. The 

slight increase of PRP will take place at four stations with increase rate less than 

0.05/10a. The values of RPR will change slightly at the other stations. Under the 
RCP4.5 emission scenario, the values of RPR will change slightly in the north slope. 

While significant increase will take place in the south slope at the 0.05 significance 

level. Under the RCP8.5 emission scenario, the RPR will show a decreasing trend at 

Qitai station. Except for the unchanged at Yining, Bayinbuke, and Wusu station, the 



significant increasing trend will occur at remaining 22 stations at the 0.05 significance 

level,  

The changing feature of RPR during the future period are different from that during 

the historical period in the TMR. Specifically, under the RCP2.6 emission scenario, as 

time goes on, more stations will change slightly. And the low-emission scenario makes 
the trend of RPR tend to stabilize. Under the medium-emission scenario, RPR will 

increase in the whole region and eventually stabilized in the north slope. Under high-

emission scenario a significant increase of RPR will take place in the whole region 

during all periods. 

 

Fig. 7. Spatial distribution of changing trend of RPR in the months experiencing freezing-
thawing transitions in TMR under the three emission scenarios (RCP2.6, 4.5, and 8.5) 

Note: The results have passed the 95% reliability t-test (black triangle) 

5.   Discussion 

The TMR is water source in the arid region of Xinjiang, China. The local people 

considered it as view of "Xinjiang water comes from Tianshan Mountains". In recent 

years, a great number of studies have been carried out on the spatial and temporal 

distribution of precipitation, precipitation intensity and frequency in this region (Chen 

et al. 2016; Li et al. 2016). With global warming, Xinjiang has shown its special 

"warming and humidifying" characteristics, which have changed types of precipitation. 
It has affected the regional water resources production and confluence process as well 

as annual distribution (Li et al. 2016). Therefore, the prediction of precipitation types 

and their transition in the future under different emission scenarios can provide 

theoretical support for the early prevention of spring flood disasters and the protection 

of solid water resources in the arid and semi-arid area of Northwest China.  

This study used the future temperature data provided by CMIP5 and multiple 

meteorological factors data to predict the RPR through the BNN model mainly because 

CMIP5 could better simulate the temperature data in the TMR. The performance of 
precipitation in the TMR is still poor even though after downscaling. It’s similar to the 
result that CMIP5 model could better simulate temperature than precipitation in arid 

inland river basin (Qi et al. 2017). And it is also consistent with the result that the 



performance for maximum temperature and the minimum temperature was well but for 

precipitation was poor in the Kaidu River Basin using data of HadCM3 model (Dandan 

et al. 2018). Furthermore, Ren identified the key driving factors for the change of RPR 

in the TMR using meteorological factors (barometric pressure and air temperature, 

etc.), topographic factors (elevation and aspect, etc.), and geographical factors 
(longitude and latitude) (Rui et al. 2020). It is obtained that air temperature is the key 

driving factor affecting transition of precipitation types. Since air temperature plays a 

leading role in the transformation of precipitation types, other meteorological factors 

only play a weak role. Therefore, in the prediction of future RPR, it is reasonable to 

suppose that only the temperature change and other factors remain unchanged as time 

goes on. 

In the forecast of future RPR, all the RPRs under three emission scenarios showed 

extremely obvious increase trends and similar increase rates during 2011-2040. 
However, from about 2041 onwards, differences arise and become larger and larger. 

The RPR tends to be almost constant under the RCP2.6 emission scenario. And it also 

tends to be stable by the end of this century under the RCP4.5 emission scenario. While 

it will continue to increase under the RCP8.5 emission scenario. This is consistent with 

prediction of snow cover in Eurasia by Xia (Xia and Wang 2015). The RPR increase 

mainly due to the significant increase of rainfall and the significant decrease of snowfall 

(Guo and Li 2015; Jing et al. 2017). From the above analysis, we can see that if effective 

greenhouse gas emission reduction policies are implemented, future greenhouse gas 
emissions could be controlled at a low level. In this way, the RPR in the TMR will 

change not too much in the future. However, if the greenhouse gas emissions can not 

be effectively controlled from now, the change of RPR in the short term (2011-2040) 

maybe not be obvious, but it will become drastic with high probability in the second 

half of the 21st century as time passes. 

It should be pointed out that meteorological stations could provide available data are 

mainly distributed in region with relatively low altitude. And the observed precipitation 

data from the high latitude are quite rare. Therefore, it brought uncertainty to this study. 
In view of this, it is necessary to add more observation stations with high latitude in the 

future to strengthen the observation of precipitation types in the TMR. In recent years, 

global precipitation observations based on satellite remote sensing have been gradually 

improved. It is necessary to deepen the understanding of satellite remote sensing data 

and choose suitable satellite remote sensing data to study change of precipitation types 

in the TMR. Also, the assumption that the statistical relationship between variable 

historical observations and simulated data will still hold in the future also lead to 

uncertainty in prediction of RPR. In the historical period, the closest relationship 
between the temperature and change of precipitation types were obtained. However, 

factors that affect the transformation of precipitation types in the future are not yet clear. 

Further study will consider more factors as variables to optimize model. 

6.   Conclusions 

This study firstly evaluated the ability of the CMIP5 models to simulate temperature 

and precipitation in the TMR. The CMIP5 models could better reproduce temperature 



but not for precipitation. Therefore, the temperature data provided by CMIP5 models 

and other meteorological factors data were used to simulate and predict RPR by the 

BNN model.  

Under the three emission scenarios (RCP2.6, 4.5, and 8.5), values of RPR in the 

months experiencing freezing-thawing transitions during the future period (2011-2100) 
will be higher than that during the historical period (1981-2010) in the TMR. The values 

of RPR will mostly increase with the rise of RCP emission scenario. In the same 

emission scenario, The values of RPR increase as the time goes on. This means that the 

transition from snowfall to rainfall is more obvious. In terms of spatial variation, values 

of RPR in the south slope were larger than that in the north slope during 1981-2010. 

The spatial distribution of RPR during 2011-2100 will change not much compared with 

that during 1981-2010. The increase rate of RPR during the future period will be 

different from that during the historical period in the TMR. Under the low-emission 
scenario (RCP2.6), as time goes on, values of RPR at more stations will change slightly. 

Under the medium-emission scenario (RCP4.5), the increase of RPR will occur in the 

whole TMR and stabilize in the north slope by the end of this century. Under the high-

emission scenario (RCP8.5), values of RPR will increase significantly through 21st 

century in the whole TMR. 
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Figures

Figure 1

Map of the TMR and the distribution of selected meteorological stations Note: The designations
employed and the presentation of the material on this map do not imply the expression of any opinion
whatsoever on the part of Research Square concerning the legal status of any country, territory, city or
area or of its authorities, or concerning the delimitation of its frontiers or boundaries. This map has been
provided by the authors.



Figure 2

Learning representations by back-propagating errors

Figure 3



Taylor Diagram of the 21 CMIP5 models simulated �elds and the observed �elds: (a) annual precipitation
and (b) annual mean temperature during period (1961- 2018) in TMR

Figure 4

RPR in the months experiencing freezing-thawing transitions under different scenarios (RCP2.6, 4.5, and
8.5) in the TMR



Figure 5

Box plots of RPR under three emission scenarios at (a) Bole and (b) Tianchi station during historical
periods (1981-2010) and the future periods (2071-2100)

Figure 6

Spatial distribution of RPR in the months experiencing freezing-thawing transitions under RCP2.6, 4.5,
and 8.5 emission scenario in the TMR Note: The designations employed and the presentation of the
material on this map do not imply the expression of any opinion whatsoever on the part of Research
Square concerning the legal status of any country, territory, city or area or of its authorities, or concerning
the delimitation of its frontiers or boundaries. This map has been provided by the authors.



Figure 7

Spatial distribution of changing trend of RPR in the months experiencing freezing-thawing transitions in
TMR under the three emission scenarios (RCP2.6, 4.5, and 8.5) Note: The results have passed the 95%
reliability t-test (black triangle) Note: The designations employed and the presentation of the material on
this map do not imply the expression of any opinion whatsoever on the part of Research Square
concerning the legal status of any country, territory, city or area or of its authorities, or concerning the
delimitation of its frontiers or boundaries. This map has been provided by the authors.


