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Abstract

:

Accurate and reliable precipitation data are important for analyzing regional precipitation distribution, water resource management, and ecological environment construction. Due to the scarcity of meteorological stations in the Turpan–Hami region, precipitation observation conditions are limited, and it is difficult to obtain precipitation data. Firstly, the applicability of TRMM 3B43v7, GPM_3IMERGM 06, and CMORPH CDR satellite precipitation data for the Turpan–Hami Region was evaluated, and the products with better applicability were selected. Next, the Extreme Gradient Boosting Algorithm (XGBoost) and the Shapley Additive Explanations for Machine Learning (SHAP) model were combined to carry out a feature importance analysis on the climate factors affecting precipitation (mean temperature, actual evapotranspiration, wind speed, cloud cover), from which climate factors with a greater influence on precipitation were selected. Combined with climate factors, normalized difference vegetation index (NDVI), slope, aspect, and elevation as explanatory variables, a Multi-Scale Geographically Weighted Regression (MGWR) model was constructed to obtain the monthly precipitation data of 1 km spatial resolution in the Turpan–Hami area from 2001 to 2020. Finally, the spatiotemporal distribution characteristics and changing trend of precipitation in the Turpan–Hami region from 2001 to 2020 were analyzed. The results show that (1) GPM_3IMERGM 06 satellite precipitation data exhibits good applicability in the Turpan–Hami region. (2) The precision verification of the downscaling results from a monthly scale and an annual scale shows that the accuracy and spatial resolution of the data are improved after downscaling. (3) From 2001 to 2020, the precipitation in the Turpan–Hami region showed an insignificantly increasing trend.
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1. Introduction


Precipitation is an important component of the climate system and the global water cycle [1], with significant impacts on global ecosystems, energy cycles, water resource allocation, etc. [2,3,4,5]. Reliable precipitation data are essential for conducting scientific research, such as hydrological process modeling, flood forecasting, and water resource monitoring [6]. Traditional precipitation observations based on meteorological stations are constrained by topographical and environmental factors, making it difficult to obtain the spatial and temporal distribution of precipitation [7,8,9,10]. Satellite precipitation data products are not limited by terrain, have wide coverage, and are capable of monitoring continuous spatial and temporal changes in precipitation, especially in areas where information is scarce or unavailable, exhibiting additional obvious advantages [11].



Advances in remote sensing technology have led to the widespread use of satellite precipitation products, for instance, the Tropical Rainfall Measuring Mission (TRMM) [12], the Global Precipitation Measurement Mission (GPM) [13], and the Climate Prediction Center (CPC) Morphing Technique (CMORPH), etc. [14]. Satellite precipitation observation effectively makes up for the deficiencies that exist in traditional observation methods, but due to its own inversion algorithms, sample uncertainty, and the influence of complex hydrometeorological elements, the accuracy of the product may vary in different areas, so it is crucial to make an assessment of the performance of the satellite precipitation data before using it [15,16]. When satellite precipitation products are applied to hydrological studies in localized areas, the spatial resolution is still coarse and cannot present the subtle changes in the spatial distribution of precipitation [17]. Therefore, improving the spatial resolution of satellite precipitation products is a difficult problem that needs to be solved immediately.



Downscaling makes it possible to convert data information from big scales and poor spatial resolution to small scales and great spatial resolution [18]. A wide variety of statistical downscaling models, such as the exponential regression model [19], the multiple linear regression model [20], the random forest model [21], the improved multiple linear regression model [22], the artificial neural network model [23], etc., are applied to spatial downscaling studies of precipitation data. These models presume that the relationship between precipitation and environmental variables is spatially homogeneous, ignoring the spatial heterogeneity between precipitation and environmental variables, which can easily lead to overfitting and scale-matching errors [24].



The selection of environmental variables in the spatial downscaling process is crucial. Precipitation is a complex process that is influenced by a variety of environmental variables such as surface features, topographic factors, and water vapor sources [3,25].Previous studies have focused on constructing spatial downscaling models using the normalized difference vegetation index (NDVI), slope, aspect, and elevation as environmental variables, while less consideration has been given to climatic factors affecting changes in precipitation distribution, such as mean air temperature, actual evapotranspiration, cloudiness, and wind speed.



In fact, precipitation variations are closely related to evapotranspiration [26] and mean air temperature, etc. [27]. Therefore, this study first quantified the contribution of climatic factors to precipitation changes with the help of the Extreme Gradient Boosting Tree (XGBoost) model, combined with the SHAP importance algorithm, to rationally select environmental variables in spatial downscaling. Meanwhile, in order to address the spatial heterogeneity between precipitation and environmental variables, the study chose to construct a multi-scale geographically weighted regression model (MGWR) for spatial downscaling. By setting different bandwidth structures for different parameters, the MGWR model better presents the scale differences in the mechanism of different environmental factors regarding precipitation, which can more accurately analyze the relationship between precipitation and environmental variables and improve the spatial resolution of precipitation data.



The Turpan–Hami region is short of water resources and has a fragile ecological environment. Precipitation is a direct source of water resources, and obtaining accurate and reliable precipitation data is crucial to the scientific allocation of water resources and ecological environment construction in this region. In order to obtain high-resolution precipitation data in the Turpan–Hami region and analyze its precipitation variation characteristics, the following work was carried out in this study: (1) the applicability of three precipitation data products (TRMM 3B43 v7, GPM 3IMERGM 06, and CMORPH CDR) was analyzed in the Turpan–Hami region to select the one with the best applicability; (2) the XGBoost gradient boosting tree algorithm and the SHAP feature importance analysis method are used to analyze the feature importance of climate factors affecting precipitation, and a multi-scale geographically weighted regression (MGWR) model was constructed to obtain a long time-series, high-resolution monthly precipitation dataset for the Turpan–Hami region; (3) the spatiotemporal distribution of precipitation were analyzed in Turpan–Hami area.




2. Materials and Methods


2.1. Study Area


The Turpan–Hami region is located in eastern Xinjiang and is the collective name for the Turpan and Hami regions. The administrative division includes Gaochang District, Shanshan County, and Tuokexun County in the Turpan region, and Yizhou District, Balikun Hasake Autonomous County, and Yiwu County in the Hami region. The region exhibits a typical temperate continental arid climate, with high temperature and heat throughout the year, low precipitation, high evaporation, heavy solar radiation, and long daylight hours [28]. The Turpan–Hami region is surrounded by mountains and has a typical mountain–oasis–desert ecosystem, with a serious shortage of water resources and a fragile ecological environment [29]. Therefore, it is valuable to conduct spatial downscaling studies of precipitation in the region to obtain high-resolution precipitation data for energy industry layout and efficient water resource allocation.




2.2. Data Used in the Study


2.2.1. Satellite Precipitation Products


For the precipitation data in the study, the data measured at meteorological stations were used, as well as three kinds of satellite precipitation data. (Table 1). Among these, the meteorological stations’ measured data were collected from the official website of the China Meteorological Administration and the Xinjiang Provincial Meteorological Bureau. The spatial distribution of meteorological stations in the Turpan–Hami region is shown in Figure 1. The study ensured the reliability of the data by integrating the measured data from meteorological stations provided by the China Meteorological Administration and the Xinjiang Meteorological Administration, which were processed through missing value compensation and quality control. TRMM precipitation data integrate TRMM satellites with other satellites and with ground-based observations of precipitation data, maximizing the use of available detection information; its versions include TRMM 3B42 v7, with a temporal resolution of 3 h and a spatial resolution of 0.25°, and TRMM 3B43 v7, with a temporal resolution of months and a spatial resolution of 0.25° [30]. GPM precipitation data have a higher spatial resolution than TRMM precipitation data and provide more accurate observations of trace and solid precipitation; its versions include GPM_3IMERGHH 06, with a time resolution of 30 min and a spatial resolution of 0.1°, and GPM_3IMERGM 06, with a time resolution of months and a spatial resolution of 0.1° [31]. Although both TRMM precipitation data and GPM precipitation data provide hourly-scale and monthly-scale precipitation data, TRMM 3B43 V7 (hereafter referred to as TRMM) and GPM_3IMERGM 06 (hereafter referred to as GPM) monthly-scale data were selected for the study because of the scarcity of precipitation in the Turpan–Hami region and the weak correlation of some explanatory variables with precipitation on the daily scale. The CMORPH Climate Data Record (CDR) product (hereafter referred to as CMORPH), with a spatial resolution of 0.25° × 0.25° and a temporal resolution of daily scales, is a global, high-resolution precipitation analysis of bias-corrected and re-processed data from the U.S. Climate Prediction Center (CPC), using deformation techniques [32]. To obtain monthly-scale precipitation data, the daily scale was combined into a monthly scale. Since the TRMM 3B43 product ceased to be updated on 31 December 2019, the timeframe used for the applicability analysis of the three precipitation products is 1 January 2001 to 31 December 2019.




2.2.2. Environmental Variables


The study first analyzed the impact of the characteristics of four climatic factors, namely, cloud cover, wind speed, mean air temperature, and actual evapotranspiration, on precipitation, from which the factor with higher degree of importance was selected. After that, the MGWR model was constructed by combining the elevation, slope, aspect, and the normalized difference vegetation index as the environmental variables, and the specific information is shown in Table 1. In this case, slope and aspect are generated from DEM data. The years used for the normalized difference vegetation index data were 2001–2020, and the data were image spliced, the outliers were processed, and the format converted, followed by projection transformation and cropping. The mean air temperature (Temp) data are validated using China’s monthly average temperature data from 496 independent meteorological observation points, and the validation results are credible [33,34,35,36,37]. The actual evapotranspiration (ET) data are based on the monthly dataset of 1 km ET in the Turpan–Hami region, which was produced during the Third Scientific Expedition of Xinjiang for the special topography of the Turpan–Hami region, and it has been verified that the performance of this dataset is good [29]. Sources of Cloud [38] cover and Wind Speed [39] data are shown in Table 1.





2.3. Methods


2.3.1. MGWR Downscaling Method


In 2017, Fotheringham et al. [40] proposed the multi-scale geographically weighted regression (MGWR) model that takes into account the differentiated spatial bandwidths of independent variables by considering the use of differentiated bandwidths of different independent variables to characterize the scales of differentiated effects of different independent variables. The expression of MGWR at the observation point with coordinates       u   i   ,   v   i       is:


    y   i   =   β   0       u   i   ,   v   i     +   ∑   j = 1    m      β   bwj       u   i   ,   v   i       x   ij   +   ε   i      



(1)




where     y   i     is the implicit variable;     x   i j     is the jth explanatory variable at point i;       u   i   ,   v   i       denotes the spatial location of the sample point in the study area;     β   0       u   i   ,   v   i       is the constant term at sample point i;     β   b w j       u   i   ,   v   i       is the local regression coefficient of the jth independent variable at sample point i;     ε   i     is the residuals of the model regression.



Due to the large spatial heterogeneity of the geographic environment and climatic conditions in arid zones, precipitation distributions usually show obvious spatial non-stationarity [17]. The MGWR model considers the spatial non-stationarity and heterogeneity of precipitation data in space, which can be spatially modeled by local regression. The model uses different regression coefficients at each spatial location to better capture the associations between precipitation and environmental variables, thus providing a more precise characterization of the spatial distribution of precipitation. Therefore, the study uses the MGWR model to conduct spatial downscaling research on precipitation data in order to obtain high-resolution precipitation data in arid areas and provide reference for solving the problem of missing high-resolution precipitation data in arid areas.



In this study, 578 points were generated in the study area using randomly generated points to obtain samples for modeling, as there are fewer meteorological observation stations in the Turpan–Hami region. Due to the uneven distribution of randomly generated points, an adaptive bi-square kernel function is used to compute the optimal bandwidth for each variable, and the optimal bandwidth search type is set to be the golden section algorithm.




2.3.2. Analysis of the Importance of Features


Climatic factors that have an impact on precipitation are: cloud cover, wind speed, air temperature, and actual evapotranspiration; the extent to which these variables affect precipitation is not clear. Therefore, the study utilizes the Extreme Gradient Boosting Tree (XGBoost) model and the SHAP [41] interpretable machine learning model to analyze the importance of the effect of actual evapotranspiration (ET), mean air temperature (Temp), cloud cover, and wind speed (WS) on the degree of precipitation and to select the factors that have a significant impact on precipitation, which will provide a basis for the construction of the MGWR model. XGBoost [42] is an optimization model with the characteristics of both a linear model and a tree model. Compared with the simple linear statistical analysis method, the model establishes a nonlinear relationship between multiple factors and target variables, which has the benefit of a fast training speed and resistance to overfitting. However, the model is poorly interpretable, and although it shows the overall degree of influence of each factor on precipitation, it does not explain how each factor affects precipitation. The SHAP value can compensate for the shortcomings of the XGBoost model by separating the marginal contribution of each factor to precipitation. The combination of the two quantifies the contribution of each factor to precipitation and also analyzes the interaction of different factors in regards to precipitation.




2.3.3. MGWR Model Construction


The specific modeling process for the MGWR model is as follows:




	
Data preparation: original satellite precipitation data and 1 km resolution explanatory variables were prepared separately.



	
MGWR modeling: the explanatory variables were resampled to the same original resolution of the satellite precipitation data. The MGWR model was built using the original resolution satellite precipitation data and the same resolution explanatory variables to obtain the constant term, local regression coefficients, and regression residuals in the equation. The MGWR 2.2 software was used to build the MGWR model in this study (https://sgsup.asu.edu/sparc/multiscale-gwr, accessed on 1 March 2024).



	
Parameter interpolation: the inverse distance weight interpolation method was used to interpolate the intercept, slope, and residuals of step (2) to obtain the corresponding 1 km resolution raster data.



	
Downscaling calculation: based on Formula (1), the downscaling results were obtained using ArcGIS, employing the explanatory variables and the corresponding coefficients, constants, and residuals at 1 km resolution.









2.3.4. Precision Evaluation


The applicability of the three types of precipitation data in the Turpan–Hami region was analyzed using the measured precipitation data from the meteorological stations as the “real values”. The precipitation data were evaluated using three commonly used metrics: correlation coefficient (R), root mean squared error (RMSE), and relative bias (BIAS) [43]. In this case, the correlation coefficient (R) measures the degree of correlation between the precipitation product and the measured data from the meteorological station; the root mean square error (RMSE) reflects the overall error level and the accuracy of precipitation products; the relative bias (BIAS) is used to measure the average trend of the precipitation product with respect to the error in the measured precipitation value. The closer the R value is to 1 and the closer the RMSE and BIAS values are to 0, the smaller the product error. The formulas for the indicators are shown below:


   R =      ∑  i  = 1    n        M   i   -   M  ¯        P   i   -   P  ¯           ∑  i  = 1    n          M   i   -   M  ¯      2         P   i   -   P  ¯      2         



(2)






   RMSE =       ∑  i  = 1    n          P   i   -   M   i       2       n     



(3)






   BIAS =      ∑  i  = 1    n      P   i         ∑  i  = 1    n      M   i        - 1   



(4)




where n is the sample size;     M   i     (mm) and     P   i     (mm) are the surface-observed precipitation and precipitation data products, respectively;     M  ¯    (mm) and     P  ¯    (mm) are averages of the surface-observed precipitation and precipitation data products, respectively.




2.3.5. Statistical Analysis


The study analyzes the spatiotemporal variability of precipitation in the Turpan–Hami region from 2001 to 2020 using the center of gravity migration, standard deviation ellipse [28], Sen’s, and Mann–Kendall methods [44].






3. Results


3.1. Applicability Analysis and Selection of Explanatory Variables


3.1.1. Analysis of the Applicability of Precipitation Data


The applicability of the three types of precipitation data was analyzed using three accuracy evaluation indexes, namely, correlation coefficient (R), root-mean-square error (RMSE), and relative bias (BIAS) methods, with the complete time-series of ground-based meteorological station measurements in the Turpan–Hami region from 2001–2019 as the “real values”. In order to minimize the additional errors associated with station interpolation, the study directly extracts the grid point precipitation values corresponding to the station locations as the precipitation values for the satellite precipitation products. The results of the accuracy evaluation indexes of the three satellite precipitation products at each station are shown in Figure 2, in which the correlation coefficients between the satellite precipitation data and the ground-measured precipitation data exhibit GPM > TRMM > CMORPH. The lowest root mean square error (RMSE) was observed for the GPM precipitation data, and the largest RMSE was observed for CMORPH, except for in the of the Hongliuhe station. Regarding relative bias (BIAS), except for the Balikun, Yiwu, and Hongliuhe stations, the relative bias of the GPM shows the smallest bias. Therefore, of the three precipitation data products, the GPM precipitation data estimate of precipitation in the Turpan–Hami area shows the best performance and can well reflect the actual precipitation information at the station. The results from this study are similar to those from the assessments of other scholars. Therefore, in the absence of measured precipitation data, the GPM precipitation dataset was selected for spatial downscaling to obtain high-resolution precipitation data in this study.




3.1.2. Selection of Downscaled Explanatory Variables


Finding suitable explanatory variables is a key step in constructing downscaling models. Precipitation is affected by many factors such as regional vegetation, terrain, and meteorological factors [45]. Oasis and desert are interleaved in the Turpan–Hami area, and vegetation growth mainly depends on precipitation. At the same time, the transpiration of vegetation can improve the air humidity, and the growth of vegetation reflects the abundance of precipitation in the Turpan–Hami area. Topography has a significant influence on precipitation; for example, the windward slope tends to receive more precipitation, while the leeward slope has less precipitation, and the precipitation changes with the change in altitude. Numerous studies [19,46,47,48] have shown that in the process of spatial downscaling of precipitation data, the normalized difference vegetation index (NDVI) is used to represent regional vegetation factors; and elevation, slope, and aspect are used to represent regional topographic factors. By constructing the relationship between NDVI, slope, aspect, elevation, and precipitation, the spatial resolution and accuracy of the precipitation data have been improved. On the basis of existing spatial downscaling studies, this study analyzed the degree of influence of the meteorological elements on precipitation, and the results are shown in Figure 3. Figure 3a shows that the influence of meteorological elements on precipitation decreases from top to bottom. It can be seen that the actual evapotranspiration has the greatest influence on the precipitation in the Turpan–Hami region, followed by the average temperature. Figure 3b shows the impact of meteorological elements on precipitation, in detail. The actual evapotranspiration increase has a positive impact on precipitation, while the actual evapotranspiration decrease has a negative impact on precipitation. Both excessively high and excessively low temperatures have negative effects on precipitation. Based on the influence of each factor on precipitation, six variables, including elevation, slope, aspect, normalized difference vegetation index, actual evapotranspiration, and average temperature, were selected as environmental variables under spatial downscaling to construct the MGWR model.





3.2. Accuracy Verification


3.2.1. Validation of Downscaling Results Using Station Data


Here, we provide the validation of the results after downscaling from the monthly scale. Meteorological stations with complete data from 2001 to 2020 were selected, and the GPM (before downscaling) and GPM_M (after downscaling) precipitation data were extracted from the corresponding locations of the meteorological stations. The correlation coefficient (R), root mean square error (RMSE), and relative bias (BIAS) of the precipitation data before and after downscaling were calculated to verify the accuracy of the data before and after downscaling, using the actual precipitation data on the ground as the “real value”. The results are shown in Figure 4. The monthly precipitation data of GPM_M after downscaling fits better with the measured monthly precipitation data of the ground stations, which shows that the monthly precipitation data of GPM_M after downscaling can more accurately describe the trend and distribution of monthly precipitation in the Turpan-Hami area. In terms of correlation coefficient (R), it increased by 0.019 after downscaling. In terms of root mean square error (RMSE), after downscaling, it was reduced by 0.203 mm. In terms of relative bias (BIAS), it decreased by 0.02 mm after downscaling. By analyzing the changes in the accuracy evaluation indexes, it can be seen that the downscaling treatment effectively reduces the errors in the data, enhances the reliability of the monthly precipitation data of GPM_M after downscaling, and provides reliable data for further research on precipitation in the Turpan–Hami region.



The accuracy of the downscaled results was verified using the annual scale; the results are shown in Figure 5. The R2 of the GPM and GPM_M annual precipitation data before and after downscaling to ground-truthed annual precipitation data were 0.857 and 0.883, respectively; after downscaling, the GPM_M annual precipitation data fit well with the actual precipitation data. In terms of correlation coefficient (R), it increased by 0.014 after downscaling. In terms of root mean square error (RMSE), it was reduced by 0.81 mm after downscaling. In terms of the relative deviation (BIAS), there is a reduction of 0.012 mm after downscaling. In general, the post-downscaling precipitation data GPM_M has a higher correlation with the ground-truth precipitation data, lower root mean square error, and relative bias, and it can be used to carry out the study of spatial and temporal changes of precipitation in the Turpan–Hami region.




3.2.2. GPM Spatial Data Validation of Downscaling Results


The results of the analysis in Section 3.1.1 show that the GPM precipitation data has the best applicability in the Turpan–Hami region. Therefore, the 10-km GPM precipitation data is selected to verify the 1 km precipitation data (GPM_M) obtained by downscaling from the position of spatial distribution. The distribution of multi-year mean values of the GPM precipitation data and the GPM_M precipitation data for the period of 2001–2020 is shown in Figure 6. The spatial resolution of the GPM precipitation data before downscaling is relatively low, and the area covered by a single raster is large, which makes it difficult to reflect the spatial distribution. The spatial resolution of the GPM_M precipitation data is improved after downscaling, and the coverage area of a single raster is reduced, making it more capable of portraying the spatial details of precipitation. The spatial distribution of the precipitation data before and after downscaling is basically the same, and the high values are all distributed in the junction of Balikun County, Yiwu County, and Yizhou District, as well as in the northern part of Tuokexun County and Gaochang District.





3.3. Trend Analysis of Precipitation


3.3.1. Characteristics of Spatial and Temporal Distribution of Precipitation


First of all, the distribution characteristics of multi-year average monthly precipitation in the Turpan–Hami region were analyzed using 1 km spatial resolution monthly precipitation data in the Turpan–Hami region from 2001 to 2020. Figure 7 shows the multi-year monthly average precipitation for the Turpan–Hami region, as a whole and for each district and county. As a whole, the multi-year monthly average precipitation in the Turpan–Hami region is bounded by July, which increases and then decreases. In other words, the precipitation in the Turpan–Hami region peaks in July, and the minimum occurs in February, with the multi-year monthly average precipitation of 18.676 mm in July and 2.423 mm in February. Analyzing the changes in multi-year average monthly precipitation in each district and county of the Turpan–Hami region, it can be seen that the maximum values of precipitation all appeared in July, and the minimum values were concentrated in January and February; the minimum value for Tuokexun County and Gaochang District occurred in January, and the minimum value for Shanshan County, Yizhou District, Yiwu County, and Balikun County was obtained in February. Among the districts and counties in the Turpan–Hami region, the multi-year average monthly precipitation in Gaochang District was the largest in February, November, and December, and the rest of the months showed the largest multi-year average monthly precipitation in Balikun County; the minimum multi-year average monthly precipitation was mainly concentrated in Shanshan and Yiwu counties, with the smallest multi-year average monthly precipitation in Shanshan County in March and May-October, and the smallest multi-year average monthly precipitation in Yiwu County for the rest of the months.



The spatial distribution of multi-year average monthly precipitation in the Turpan–Hami region is provided in Figure 8, which shows that the maximum of multi-year average monthly precipitation in the Turpan–Hami region is mainly distributed in the northern part of Tuokexun, Gaochang, and Shanshan counties, as well as the border areas of Balikun, Yizhou, and Yiwu counties. The Muziruk Mountains spread across the northwestern part of Tuokexun County, the Bogda Mountains across the northern part of Gaochang District and Shanshan County, and the East Tianshan Mountains across central Hami, causing the region to receive more precipitation. The low values of multi-year average monthly precipitation in the Turpan–Hami area are mainly distributed in the southern part of Tuokexun County, Gaochang District, Shanshan County, Yizhou District, and the eastern part of Yiwu County, which are blocked by the surrounding high mountains, and it is extremely difficult for water vapor to enter through the blockage to form precipitation. The southern part of Shanshan County contains the Kumutage Desert, which makes it difficult for the area to meet the requirements for precipitation in terms of water vapor content.



Analyzed on a seasonal scale, the precipitation data for 2001–2020 in the Turpan–Hami area were divided into March–May for spring, June–August for summer, September–November for fall, and December–February for winter. According to the seasonal precipitation in the Turpan–Hami area, it is obvious (Figure 9) that the intra-annual precipitation distribution in the Turpan–Hami region is summer > spring > fall > winter, which is similar to the results for monthly precipitation distribution. According to the spatial distribution of multi-year seasonal averages in the Turpan–Hami region from 2001 to 2020 (Figure 10), the areas of high values of precipitation in all seasons are mainly in the northern part of Tuokexun County and Gaochang District, and in the areas bounded by Balikun County, Yiwu County, and Yizhou District, where there are high mountains, and the main feature types are woodland and grassland, with a comparatively high degree of vegetation cover. The low value area of seasonal precipitation is mainly concentrated in the southern part of the Turpan–Hami district, and the main surface type is desert area.



When analyzed using the annual scale (Figure 11), the annual precipitation in all districts and counties of the Turpan–Hami region showed an increasing trend from 2001 to 2020. The smallest annual precipitation in the Turpan–Hami region was only 62.96 mm in 2001, and the largest annual precipitation was 134.15 mm in 2015, with a difference of 2.13 times between the maximum and the minimum, which indicates that the annual change in precipitation is relatively drastic. The tendency rate of the annual precipitation change from 2001 to 2020 is 1.093 mm/a, which shows that the precipitation in the Turpan–Hami region has shown an increasing trend in the last 20 years. The multi-year average precipitation distribution map (Figure 6a) shows that the distribution of precipitation in the Turpan–Hami region is consistent with the distribution of monthly and seasonal precipitation, which are distributed in the mountainous areas of Tuokexun, Gaochang, and northern Shanshan counties, as well as in the zone covered by the East Tianshan Mountains in Hami.




3.3.2. Characteristics of Precipitation Center of Gravity Distribution


From the monthly scale analysis, the center of gravity model was used to calculate the center of gravity migration trajectory of multi-year monthly average precipitation in the Turpan–Hami region from 2001 to 2020 (shown in Figure 12), and the direction of movement of the center of gravity of precipitation was statistically calculated (shown in Table 2). The results show that the center of gravity of monthly average precipitation in the Turpan–Hami region is concentrated in the northwest of Yizhou district, located at 91°55′–92°26′ E, 42°53′–43°6′ N. According to the distance of the center of gravity shift in each month, the center of gravity of precipitation shifted the most in March, which was shifted to the northeast by 30.39 km compared with that of February, and the smallest in January, which was shifted to the northwest by 0.72 km compared with that of December. January shows the smallest shift distance, shifting by 0.72 km to the northwest compared to December. As spring begins in March, precipitation gradually increases, with Balikun, Yiwu, and Yizhou counties receiving more precipitation than Tuokexun, Gaochang, and Shanshan counties between March and October. Therefore, from March to October, the center of gravity of precipitation mainly moves to the northeast, and from November to February, the center of gravity of precipitation mainly moves to the west. Subsequently, the standard deviation ellipse was used to create a first-order standard deviation ellipse of the 12 monthly precipitation centers of gravity, oriented at 90°12′ north by east, with the long axis located in the northwest to southeast direction and the short axis located in the southwest to northeast direction, and the ellipse’s oblateness was 2.73, indicating that the monthly precipitation centers of gravity are less dispersed in the southwest to northeast direction, and that the monthly precipitation centers of gravity are clearly directional in their distributions, which are mainly distributed in the northwest to southeast direction.



From the annual scale analysis, the distribution and migration trajectory of the center of gravity of annual precipitation in the Turpan–Hami region from 2001 to 2020 is shown in Figure 13. It can be seen that the regional precipitation center of gravity is concentrated in the northern part of Yizhou district, which is located at 91°59′–92°29′ E, 42°53′–43°7′ N. The results of the standard deviation ellipse analysis show that the migration of the precipitation center of gravity is in the direction of 97°44′ north by east, and it is mainly distributed in the direction from northwest to southeast. The long axis of the standard deviation ellipse is distributed in the northwest to southeast direction, and the short axis is distributed in the southwest to northeast direction, and the oblateness of the ellipse is 2.26, which indicates that the annual precipitation center of gravity distribution is obviously directional, and the degree of dispersion is larger in the northwest to southeast direction than in the southwest to northeast direction, mainly due to the distribution of the Bogda Mountain and the East Tianshan Mountain in the northwest to southeast direction, which are the high-value areas for the distribution of precipitation in the Turpan–Hami area. Further analysis of the changes in the longitude and latitude of the center of gravity of precipitation in the Turpan–Hami region over time from 2001 to 2020 reveals (Figure 14) that the longitude of the center of gravity of precipitation in the Turpan–Hami region is gradually decreasing over time, and the latitude of the center of gravity is gradually increasing, which suggests that the center of gravity of precipitation in the Turpan–Hami region is showing a tendency of gradual movement in a northwesterly direction.




3.3.3. Characterization of Precipitation Trends


The study analyzed the trend of precipitation change in the Turpan–Hami region from 2001 to 2020 using Sen’s and Mann–Kendall trend detection. The results are presented in Figure 15, which shows that the slope of precipitation change in the Turpan–Hami region from 2001 to 2020 ranges from −9.835 to 6.228 mm/a, and the average trend rate of change is 0.990 mm/a, which shows an overall increasing trend. Among them, those showing an increasing trend were mainly distributed in the central part of Gaochang District and Shanshan County and the northwestern part of Yiwu County. The decreasing trend occurs mainly in the northern part of Gaochang District, the southern part of Yizhou District, and the junction of Balikun County, Yiwu County, and Yizhou District. Using the Mann–Kendall test of significance for the results of the Sen trend analysis, we obtained the spatial distribution of precipitation trends in the Turpan–Hami region: the areas with significant increases in precipitation accounted for 31.61% of the Turpan–Hami region and were mainly distributed in the south-central part of Tuokexun and Gaochang districts, the central part of Shanshan county, the northwestern part of Yizhou district, and the eastern part of Balikun and Yiwu counties; the areas with insignificant increases in precipitation accounted for 52.34% of the Turpan–Hami region, mainly in the northern part of Tuokexun and Gaochang districts, the northern and southern parts of Shanshan County, the central part of Yizhou District, the northern part of Balikun County, and the northeastern part of Yiwu County; the area of non-significantly decreasing precipitation accounted for 14.51% of the Turpan–Hami area, mainly in the northwestern part of Tuokexun County, the northern part of Gaochang District, the southeastern part of Shanshan County, the southwestern part of Yizhou District, and the junction of Yizhou District and Yiwu County; the area with significantly reduced precipitation accounts for 1.54% of the Turpan–Hami region, mainly distributed in a small portion of the southwestern part of Yizhou District and a small portion of the western part of Yiwu County. In general, precipitation in the Turpan–Hami region shows a non-significant increasing trend from 2001 to 2020.






4. Discussion


Accurate and reliable precipitation data are important for hydrologic modeling, weather forecasting, water resource management, etc. [49].Obtaining high-resolution precipitation data is difficult in the Turpan–Hami region, where precipitation information is scarce. Spatial downscaling improves the spatial resolution of precipitation data. Most of the previous studies selected normalized difference vegetation index, elevation, slope, and aspect as variables [46,50], while elements such as actual evapotranspiration, air temperature, cloud cover, and wind speed were less frequently considered. Actual evapotranspiration, air temperature, cloud cover, and wind speed, as necessary conditions for precipitation, have an important role in the precipitation mechanism in arid zones. In this study, based on the previous construction of the precipitation scale model, the climatic factors that have an impact on precipitation were taken into account, along with the geographic characteristics of the Turpan–Hami region, and the average temperature and actual evapotranspiration were selected as having a greater impact on precipitation using the XGBoost model and the SHAP significance analysis algorithm. The traditional spatial downscaling methods do not fully consider the spatial non-stationarity between precipitation and explanatory variables. In this study, a multi-scale geographically weighted regression model is selected for spatial downscaling, which better presents the impact of explanatory variables on precipitation by setting different bandwidths for different parameters.



This study can provide ideas for improving the spatial resolution of precipitation data in arid zones. However, there are some limitations in this study, i.e., the influence of climatic factors on precipitation was considered in the selection of explanatory variables, and the influence of soil moisture on precipitation was not taken into account. In future studies, whether or not soil moisture can help to improve the spatial resolution of precipitation can be explored. This study improves the spatial resolution of monthly precipitation data in the Turpan–Hami region, and downscaling of hourly-scale and daily-scale precipitation data can be considered in future studies, which is of great significance for the future development of extreme precipitation studies and water resource management.




5. Conclusions


This study evaluates the applicability of existing precipitation data products in the Turpan–Hami region, and the GPM 3IMERGM V06 precipitation data is well suited for use as basic data for precipitation downscaling studies. Next, the XGBoost model and the SHAP significance analysis algorithm were used to select the climatic factors of mean temperature and actual evapotranspiration, which have a large impact on precipitation, and the MGWR model was constructed by combining the normalized difference vegetation index, elevation, slope, and aspect to produce a 1 km resolution monthly precipitation dataset of the Turpan–Hami region from 2001 to 2020. Finally, the spatiotemporal distribution and variation trend of precipitation were analyzed. Spatial downscaling using multi-scale geographically weighted regression models not only improves the spatial resolution of GPM precipitation data but also improves the accuracy of precipitation data. The monthly precipitation in the Turpan–Hami region is concentrated in July, and the seasonal precipitation occurs during summer > spring > autumn > winter. The annual precipitation in the Turpan–Hami region from 2001 to 2020 shows an increasing trend, which is mainly distributed in the northern part of Tuokexun County, Gaochang District, and the junction of Balikun County, Yiwu County, and Yizhou District. These findings presents a reference for the selection of satellite precipitation data in arid regions, the improvement of spatial resolution of precipitation data, and a better understanding of precipitation changes in the Turpan–Hami region, which provides a reference for ecological environment construction, water resource management, and agricultural production in the Turpan–Hami region.
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Figure 1. Overview of the study area; (a) elevation and distribution of meteorological stations in Turpan–Hami region; (b) land use type map in Turpan–Hami region in 2020. 
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Figure 2. Precision evaluation index of satellite precipitation data: (a) correlation coefficients, (b) root-mean-square errors, and (c) relative bias. 
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Figure 3. (a) Mean of the absolute values of the extent to which the explanatory variables affect precipitation; (b) SHAP values of the explanatory variables. 
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Figure 4. (a) Evaluation of the accuracy of GPM monthly precipitation data. (b) Evaluation of the accuracy of GPM_M monthly precipitation data. 
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Figure 5. (a) Evaluation of the accuracy of GPM annual precipitation data. (b) Evaluation of the accuracy of GPM_M annual precipitation data. 
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Figure 6. (a) Multi-year mean distribution of GPM_M precipitation data, 2001–2020. (b) Multi-year average distribution of GPM precipitation data, 2001–2020. 
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Figure 7. (a) Multi-year average monthly precipitation in the Turpan–Hami region, 2001–2020. (b) Multi-year average monthly precipitation in various districts and counties of the Turpan–Hami region, 2001–2020. 
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Figure 8. Distribution of multi-year average monthly precipitation in the Turpan–Hami region, 2001–2020. 
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Figure 9. (a) Seasonal precipitation in the Turpan–Hami region, 2001–2020. (b) Trends in seasonal precipitation in the Turpan–Hami region, 2001–2020. 
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Figure 10. Multi-year seasonal average precipitation distribution in the Turpan–Hami region, 2001–2020 (a) spring; (b) summer; (c) autumn; (d) winter. 
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Figure 11. (a) Trends of annual precipitation in the districts and counties of the Turpan–Hami region, 2001–2020. (b) Annual precipitation in the Turpan–Hami region, 2001–2020. (c) Trends of annual precipitation in the Turpan–Hami region, 2001–2020. 
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Figure 12. Centers of gravity of multi-year monthly mean precipitation and their migration trajectories for January–December 2001–2020. 
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Figure 13. Map of the location and trajectory of the center of gravity of precipitation, 2001–2020. 
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Figure 14. Changes in latitude and longitude coordinates of the center of gravity of precipitation, 2001–2020. 
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Figure 15. (a) Sen’s slope estimation results; (b) precipitation changes in the Turpan–Hami region, 2001–2020. SD: significant decrease; NSD: non-significant decrease; NSI: non-significant increase; SI: significant increase. 
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Table 1. All data products used in this study.
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Products

	
Dataset

	
Resolution

	
Data Source






	
Precipitation

	
GPM_3IMERGM 06

	
Month, 0.1°

	
https://daac.gsfc.nasa.gov/ (accessed on 5 March 2023)




	
TRMM 3B43 v7

	
Month, 0.25°

	
https://daac.gsfc.nasa.gov/ (accessed on 4 March 2023)




	
CMORPH CDR

	
Daily, 0.25°

	
https://www.ncei.noaa.gov/ (accessed on 6 March 2023)




	
Station Observation

	
Daily, -

	
https://www.cma.gov.cn/ (accessed on 5 March 2023)




	
DEM

	
SRTM

	
-, 90 m

	
https://www.gscloud.cn/ (accessed on 5 March 2023)




	
NDVI

	
MOD13A3

	
Month, 1 km

	
https://ladsweb.modaps.eosdis.nasa.gov/ (accessed on 5 March 2023)




	
Temp

	
-

	
Month, 1 km

	
https://data.tpdc.ac.cn/ (accessed on 5 March 2023)




	
ET

	
-

	
Month, 1 km

	
https://www.xjsedata.cn/ (accessed on 5 March 2023)




	
Cloud Cover

	
CRU

	
Month, 0.5°

	
https://crudata.uea.ac.uk/cru/data/hrg/cru_ts_4.07/ (accessed on 5 March 2023)




	
Wind Speed

	
TerraClimate

	
Month, 4 km

	
https://www.climatologylab.org/terraclimate.html (accessed on 5 March 2023)











 





Table 2. Location of the center of gravity of monthly precipitation and the direction and distance of its movement, Turpan–Hami region, 2001–2020.
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	Time
	Longitude/(°)
	Latitude/(°)
	Moving Direction
	Moving Distance/km





	January
	92.04
	43.04
	northwest
	0.72



	February
	91.93
	42.99
	Southwest
	10.73



	March
	92.26
	43.11
	northeast
	30.39



	April
	92.21
	42.89
	southwest
	24.77



	May
	92.24
	42.96
	northeast
	8.28



	June
	92.43
	42.97
	northeast
	15.76



	July
	92.41
	43.02
	northwest
	6.00



	August
	92.44
	43.07
	northeast
	6.16



	September
	92.40
	43.06
	southwest
	2.84



	October
	92.21
	43.10
	northwest
	16.11



	November
	91.99
	43.10
	northwest
	17.17



	December
	92.05
	43.03
	southeast
	8.38
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