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Abstract

:

Complex terrain, the sparse distribution of rain gauges, and the poor resolution and quality of satellite data in remote areas severely restrict the development of watershed hydrological modeling, meteorology, and ecological research. In this study, based on the relationship between cloud optical and physical properties and precipitation, a daily geographically weighted regression (GWR) precipitation downscaling model was constructed for the Three Rivers Source region, China, for the period from 2010 to 2014. The GWR precipitation downscaling model combined three different satellite precipitation datasets (CMORPH, IMERG, and ERA5) which were downscaled from a coarse resolution (0.25° and 0.1°) to a fine resolution (1 km). At the same time, the preliminary downscaling results were calibrated and verified by employing the geographic difference analysis (GDA) and geographic ratio analysis (GRA) methods combined with rainfall data. Finally, the analytical hierarchy process (AHP) and the entropy weight method (EW) were adopted to fuse the three downscaled and calibrated satellite precipitation datasets into the merged satellite precipitation dataset (MSP), which provides a higher quality of data (CC = 0.790, RMSE = 2.189 mm/day, and BIAS = 0.142 mm). In summary, the downscaling calibration and precipitation fusion scheme proposed in this study is suitable for obtaining high-resolution daily precipitation data in the Three Rivers Source region with a complex climate and topography.
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1. Introduction


Precipitation data are critical in the study of the hydrological cycle and climate change; however, obtaining accurate spatial precipitation data is challenging due to the occurrence of high temporal and spatial variability [1,2,3]. Rain gauge measurements are commonly used to obtain accurate precipitation data [1,4,5]. However, the spatial distribution of rain gauges, especially at high altitudes, is relatively sparse due to the influence of various topographic conditions and climatic factors [6,7]. Therefore, the spatial interpolation of rain gauge data in alpine mountainous areas, where observations are sparse, cannot effectively reflect the spatial variation of precipitation, and extreme precipitation is ignored [8,9]. With the advancement of remote sensing techniques and the application of satellite precipitation datasets, this problem has been solved to a certain extent [10,11]. Since the 1980s, an increasing number of satellite precipitation datasets have been applied to regional- and global-scale research, such as the Tropical Rainfall Measuring Mission (TRMM) [12], the Climate Prediction Center (CPC) morphing technique (CMORPH) [13], the fifth generation of atmospheric reanalysis (ERA5) rainfall data by the European Centre for Medium Range Weather Forecasts (ECMWF) [14], Global Satellite Mapping of Precipitation (GSMaP) [15], the Global Precipitation Climatology Project (GPCP) [16,17], the Precipitation Estimation from Remotely Sensed Information Using Artificial Neural Networks (PERSIANN) [18], the Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS) [19] and Global Precipitation Measurement (GPM) [20]. Compared with rain gauge observations, remote sensing-based satellite technologies could provide large-scale, continuous, high-frequency observations of precipitation data [21]. Relying on the strengths and availability of satellite precipitation datasets, satellite precipitation data have been widely used in applications such as drought monitoring, flood prediction, modelling of hydrological processes and the estimation of extreme precipitation events [22,23,24,25,26,27,28]. The application of different satellite data products in different regions has been shown to have different effects; however, two common shortcomings of these satellite precipitation datasets greatly limit their application scope [29,30]. Firstly, satellite precipitation datasets are not able to reflect the fine-scale changes in precipitation distribution due to their coarse resolution, which limits their hydrological or meteorological applications at some regional scales [31,32,33]. Among the above satellite precipitation datasets, the PERSIANN-CCS dataset has the highest spatial resolution of 0.04° × 0.04° [34]. However, this still could not meet the application needs of regional hydrology and meteorology. For example, a catastrophic hurricane in Europe failed to be reproduced by any remotely sensed precipitation dataset, according to a new study [35]. Secondly, due to the influence of regional climate types, data sources, inversion algorithms, timescales, and topographic factors, satellites underestimate or overestimate actual precipitation data to varying degrees compared with rain gauge observations [36,37,38]. For example, due to its own mechanism, TRMM precipitation was systematically overestimated for Asian inland water bodies [39]. CMORPH performed best in delineating the spatial pattern and temporal variation of precipitation in China [40]. CHIRPS data is the best choice when rainfall is less than 1 mm/day in dry areas of Egypt [41]. Therefore, in order to improve the availability of satellite precipitation data, it is essential to downscale datasets and merge them with the rain gauge observations to further improve the accuracy of the precipitation dataset [42,43,44,45].



Usually, spatial downscaling mainly relies on constructing the regression relationship between the target variable and the control variable/influencing variable under the coarse-scale condition. Then, on this basis, the control variable/influence variable under the fine-scale condition is used to predict the target variable under the fine-scale condition [46]. For instance, the relationship between the vegetation index and the surface radiation temperature was used to achieve the spatial downscaling of the surface temperature [47]. Similarly, a regression model was proposed to improve the resolution of soil moisture data from 40 to 1 km. This method was based on the response relationship between surface temperature, vegetation index and soil moisture [48]. The spatial downscaling of satellite precipitation data is mainly achieved by establishing the regression relationship between precipitation and land vegetation cover, temperature, terrain, geographic location, and altitude through different methods [49]. Considering the response relationship between satellite precipitation data and the normalized difference vegetation index (NDVI), a downscaling regression model was introduced to downscale TRMM precipitation data to a 1 km resolution [50]. Based on the regression relationship between the monthly scale precipitation dataset, digital elevation model (DEM) and NDVI in the tropical mountainous areas of Ecuador, the resolution of satellite precipitation data not only realizes the transformation from 0.25° to 1 km on the spatial scale, but also downscales the temporal resolution from monthly to weekly [51]. The artificial neural network model was employed to correlate satellite precipitation datasets with elevation information and NDVI correlations to accomplish the downscaling of satellite data [52]. The non-stationary relationship between vegetation index, terrain factor, surface temperature and precipitation was applied to the Cubist spatial mining algorithm to obtain annual-scale precipitation downscaling data for the Qinghai–Tibet Plateau [53]. A machine learning-based random forest spatial algorithm is proposed for precipitation downscaling that establishes a non-linear relationship between fine-resolution precipitation and coarse/fine-resolution covariates to better describe the observed precipitation structure and distribution [54].



Among the above-mentioned precipitation downscaling methods, downscaling methods for building regression models of precipitation and other auxiliary factors (NDVI, DEM, latitude and longitude, surface temperature, slope, etc.) are widely employed. Based on the non-linear relationship between the annual mean NDVI and annual precipitation, a new downscaling exponential regression model was established for downscaling annual precipitation from TRMM data [31]. Scholars substituted the non-linear relationship between precipitation and multiple surface features into a multiple linear regression model with a calibration procedure in northern China to downscale TRMM data to a 1 km resolution [55]. The above downscaling regression models apply global regression techniques and it is assumed that the functional relationship between precipitation and other auxiliary variables is consistent. However, according to Toppler’s first law, the relationship between precipitation and other auxiliary variables is unstable and determined by the scale of the data [56,57,58]. Therefore, the application of global regression techniques to construct functions between precipitation and other auxiliary variables ignores crucial local relationships and has considerable limitations. In response to this problem, the proposal of the local regression model of geographically weighted regression (GWR) is particularly important for downscaling of satellite precipitation data [59]. Geographically weighted regression models have been introduced to downscale satellite data in many regions of China. Compared with other downscaling methods, the NDVI, DEM and TRMM methods provide data that fit better and obtain more accurate precipitation data [60,61].



The GWR model precipitation downscaling method mainly relies on the correlation between precipitation and other environmental factors, which improves the spatial resolution of satellite precipitation data to a certain extent. However, the robustness of GWR model is affected by the different geographical conditions and the accuracy of the original satellite data, which limits the improvement of its downscaling accuracy [43,62]. Therefore, it is necessary to combine satellite precipitation data with rain gauge observations to improve the quality of precipitation data products [63,64]. Commonly proposed statistical merging schemes primarily include statistical objective analysis [65], kriging with external drift [64], Kalman filter [66], minimum error estimation [67], optimal interpolation method [68], geographic ratio analysis (GRA) [31] and geographic difference analysis (GDA) [4]. Based on the relationship between precipitation and other environmental variables, these downscaling methods that fuse the GWR precipitation downscaling model with rain gauge data have achieved satisfactory results; however, they also have some deficiencies. The above-mentioned downscaling methods are mainly conducted at the climatic scale, such as monthly and annually [20,31], ignoring the influence of extreme precipitation events, which are still not suitable for use in climate applications such as hydrological modeling and flood prediction. Due to the short-term invariant nature of auxiliary variables such as DEM and slope, and the hysteresis effect of NDVI on precipitation events [69], it is hard to directly show the impact of the above surface environmental variables on daily precipitation events. Research has shown that there is a strong response relationship between cloud optical thickness (COT) and precipitation rate and precipitation amount [70,71]. For example, based on the optical and physical properties of clouds and precipitation in northeastern Austria, multiple linear regression and artificial neural network methods were applied to downscale the satellite precipitation data for 5 days in 2015, and good results were obtained (correlation coefficients from 0.30 to 0.56) [72]. The Geographic Moving Window Weight Decomposition Analysis (GMWWDA) method was also proposed in another study to explore the relationship between precipitation and four cloud characteristics in the southeast coast of China. The hourly precipitation data for 17 August 2018, were downscaled and the results show that cloud effective radius (CER) downscaling works best (correlation coefficients from 0.53 to 0.57) [73]. Therefore, it should be feasible to select cloud attributes as auxiliary environmental variables for precipitation downscaling.



Meanwhile, the fusion of multi-source precipitation data was also employed as a method to further improve satellite precipitation data [74], and improved analysis results were achieved [30,44]. A variety of fusion methods have been proposed, including weighted fusion [75], optimal interpolation [64], a framework based on triple collocation [76] and a random-forest-based merging procedure [77]. The determination of weight in data fusion is a critical issue, and the selection of the weight index directly influences the result of data fusion [78]. The subjective and objective combination weighting method shows great potential in solving the problem of weight determination [79]. It is not only based on the information of the data itself and the relationship between various indicators, but also considers the influence of actual conditions and empirical judgments [80].



Considering the available period of precipitation datasets, the update of precipitation retrieval algorithms and the reliability of datasets [81,82,83,84], this paper selects three daily satellite precipitation data of ERA5, IMERG and CMORPH for the period of 2010–2014 in the Three River Headwaters region of western China. Cloud Water Path (CWP) and CER were employed as auxiliary variables on a daily scale. According to the relationship between daily scale precipitation and the physical, optical properties of clouds, the GWR Model was constructed to downscale the precipitation data. Finally, the downscaling data were calibrated and validated by integrating the rain gauge data through the GDA and GRA methods. On this basis, combined with the validation data, the analytic hierarchy process (AHP) and entropy weight (EW) method were employed to merge different satellite precipitation data to obtain daily high-resolution precipitation data in the study area for the period of 2010–2014.




2. Materials and Methods


2.1. Study Area


The Three-River Headwaters region is located in the southern part of Qinghai Province in western China (31°39′–36°16′ N, 89°24′–102°23′ E), and is the source of the Yangtze River, Yellow River and Lantsang River, with a total area of approximately 360,000 km2 and an average altitude of more than 4000 m (Figure 1). The regional climate corresponds to the plateau continental climate; the elevation increases from southeast to northwest; the annual average temperature is between −5.6 and 7.8 °C [85]; and the annual average precipitation ranges from 262.2 to 772.8 mm [86]. The complex river systems in the region supply 25%, 49%, and 15% of the runoff the Yangtze River, Yellow River, and Lantsang River, respectively [87]. There are different soil types at low and high altitudes, including primarily alpine cold desert soil and alpine meadow soil [88], and the land cover is mainly meadow, steppe and alpine vegetation [11].




2.2. Data


2.2.1. Satellite Precipitation Dataset


The GPM Mission uses an international satellite network that provides a new generation of global rainfall and snowfall observations based on the TRMM. The core observation satellite, launched by the National Aeronautics and Space Administration (NASA) and the Japan Aerospace Exploration Agency (JAXA) in February 2014, carried the GPM Microwave Imager (GMI) and the Dual Frequency Precipitation Radar (DPR) [89]. Compared to TRMM data, it combined GPM, multiple satellite precipitation datasets, and microwave-calibrated infrared (IR) satellite estimates, and improved the ability to measure light rain and solid precipitation, resulting in higher-quality precipitation data. This study adopted the final half-hourly scale of GPM-3IMERGM precipitation data from 2010–2014 [90], covering a global scale with a spatial resolution of 0.1° × 0.1°. The dataset can be obtained from https://pmm.nasa.gov/data-access/downloads/gpm (accessed on 26 August 2022).



CMORPH is a global satellite precipitation data product developed by the CPC as part of the National Oceanic and Atmospheric Administration (NOAA) that estimates precipitation using microwave data from the U.S. Defense Weather Satellite, the U.S. Marine Weather Service, and the TRMM Microwave Radiometer. The coverage ranged from 60° S to 60° N, 180° E–180° W [13]. Currently, CMORPH offers two precipitation data products—one with 30 min and 8 km × 8 km resolutions, and the other with 3 h and 0.25° × 0.25° resolutions. In this paper, the 3 h scale, 0.25° CMORPH dataset in 2010–2014 was employed and data were accumulated as part of a daily scale. The information has been made publicly available at https://www.cpc.ncep.noaa.gov (accessed on 26 August 2022).



ERA5 is the latest fifth-generation global atmospheric reanalysis dataset of the ECMWF. It provided dozens of commonly used land-surface and atmospheric variables. It adopts data assimilation technology and integrates a large number of ground observations, atmospheric sounding data and remote sensing data [14]. In this paper, the hourly ERA5-land precipitation data in 2010 were selected with a spatial resolution of 0.1° × 0.1° and accumulated as daily scale data. The dataset is publicly available at https://cds.climate.copernicus.eu (accessed on 26 August 2022).



The cloud attribute data were obtained from the Moderate Resolution Image Spectrometer (MODIS) cloud product, MOD06/MYD06, developed by NASA, with a spatial resolution of 1 to 5 km, and can provide 1–4 images per day. The products (MOD06 and MYD06 for Terra and Aqua MODIS, respectively) combine infrared and visible light technologies to enable the pixel-level retrieval of cloud optical and physical properties based on unique spectral and spatial capabilities [72]. In this study, daily cloud product data with a spatial resolution of 1 km from the period of 2010–2014 were selected and accumulated on a daily scale. CER, COT, and CWP are auxiliary variables in the cloud product. The dataset is publicly accessible at https://ladsweb.modaps.eosdis.nasa.gov (accessed on 26 August 2022).




2.2.2. Rain Gauge Data


The daily scale rain gauge data from the China Meteorological Administration (CMA) were collected from the National Meteorological Science Data Center of China (http://data.cma.cn/ (accessed on 26 August 2022) to calibrate and validate the downscaled precipitation in this paper. The Chinese standard precipitation gauge (CSPG) was used to observe precipitation at 08:00 and 20:00 Beijing time every day. The precipitation data observed by meteorological stations will be released regularly with a lag of approximately three months for data compilation and quality control [91]. Due to the high altitude, complex terrain and inconvenient transportation in the Three-River Headwaters region, the available weather stations are sparse in and around the area. Although observed precipitation data at CMA weather stations are reliable, there are only 29 rain gauges in the area of 360,000 km2. Therefore, creating a gridded precipitation dataset for this region by simply interpolating the station observations to the grid points is not accurate [91]. As a result, it is necessary to combine station data with remote sensing datasets to obtain higher-quality precipitation data. In this study, the precipitation data collected at 20 stations and 9 stations were utilized to calibrate and validate the performance of downscaled precipitation, correspondingly. The spatial distribution of stations used in this study area is shown in Figure 1, and the basic information of selected stations is shown in Table 1.





2.3. Methodology


This section introduces the specific steps of the research method in this paper. The flow chart of the research scheme is shown in Figure 2, which mainly consists of the following two parts: downscaling and calibration. In the first step, based on the cloud optical attributes and the physical properties, namely CER, COT, and CWP, three satellite precipitation datasets, namely IMERG, CMORPH, and ERA5, were used to construct GWR models and were downscaled to a 1 km resolution, respectively. In the second step, based on the GDA and GRA methods, the downscaled satellite precipitation data were calibrated using the calibration group rain gauge data, and the inverse distance weight (IDW), ordinary kriging interpolation (OK) and radial basis function (RBF) were employed to interpolate the calibration residual results to a 1 km resolution and fused with the downscaled results to obtain three final satellite precipitation downscaling results. Finally, the validation group rain gauge data were used to evaluate the final precipitation downscaling result, and combined with the verification data. The AHP and EW method were employed to determine the weights to obtain the merged satellite precipitation (MSP) data.



2.3.1. Geographically Weighted Regression Models


Traditional regression models, such as the ordinary least square method, assume that the target variable and auxiliary variables are stationary over the entire region. Precipitation is the result of the interaction of various factors, and there exists typical spatial non-stationarity. The traditional global regression model could not reflect the spatial characteristics of precipitation. The GWR model is a regional regression method that can be used to construct non-stationary correlations between target and auxiliary variables [56]. The GWR model assumes that the regression coefficient varies with geographic location, and estimates the regression coefficient for each location and establishes a regression equation to explore spatial heterogeneity [59,92,93]. Its mathematical expression is as follows:


   y   i         = β   0   (   u i     , v   i   )   +    ∑    p = 1   j   β p   (   u i     , v   i   )     x   ip       + ε   (   u i     , v   i   )         i = 1 , 2 … n   



(1)




where yi is the precipitation at position i as a dependent variable;    x  ip     is the observed value at position i of the  p th auxiliary variable;    (   u i     , v   i   )    is the geographic coordinate at position I;    β 0   (   u i     , v   i   )    is the intercept at position I;    β p   (   u i     , v   i   )    is the regression coefficient at position i, which is a function of geographic location; p is the number of auxiliary variables; and   ε  (   u i     , v   i   )    is the independent normal distribution with zero mean errors.



The regression coefficient at position  i  can be estimated by solving the following matrix equation:


  β  (   u i     , v   i   )   =     (   X T   (  W  (   u i     , v   i   )   )  X  )     − 1     X T  W  (   u i     , v   i   )  y  



(2)




where   β  (   u i     , v   i   )    denotes the estimated local coefficient at position I; X and y are the auxiliary variables (cloud optical and physical properties) and dependent variable (precipitation); superscript T represents matrix transpose; and   W  (   u i     , v   i   )    is the weight coefficient matrix, which mainly depends on the selection of the spatial kernel function [94]. It is vital to note in the GWR model that there is a linear dependence of the column vectors in X, i.e., a collinearity problem in terms of regression, which can cause errors in the solution of Equation (2) [1]. There are two main types of spatial kernel functions, namely the Gaussian function and Bi-square function.



	(1)

	
Gaussian function







The Gaussian function uses a continuous monotonically decreasing function to describe the relationship between    W  ij     and    d  ij    . The mathematical relationship is expressed as follows:


   W  ij      = exp ( − ( d    ij   /    b )   2  )  



(3)




where    W  ij     is the observation weight at position j used to estimate the coefficient at position i;    d  ij     is the distance between position i and position j; and b is the bandwidth, i.e., a non-negative attenuation parameter describing the relationship between the weight and the distance function [95], which could be confirmed by the Corrected Akaike Information Criterion (AICc) or cross-validation (CV) method.



	(2)

	
Bi-square function







The Bi-square function may help to reduce the computational cost compared with the Gaussian function [86,90], and its expression is as follows:


   W  ij    =   {           ( 1   −   ( d    ij   /    b )   2  )  2           d    ij     ≤    b       0       d  ij      >   b           



(4)







The validation methods of adaptive bandwidth b mainly include AICc and CV methods. The AICc method is widely employed in the GWR model, which could be expressed as follows:


     AICc = 2 Nlog   e   (      SSE    N − tr   ( S )       )     + Nlog   e   ( 2 π ) + N (     N + tr   ( S )     N − 2 − tr   ( S )    )  



(5)




where SSE represents the residual sum of squares, and tr(S) represents the trace of the hat matrix. The CV method expression is as follows:


  CV =  1 n     ∑    i = 1   n   (  y i  −    y ^    ( ≠ i )     ( b ) )  2   



(6)




where CV is the result of cross-validation,    y i    represents the observed value of the dependent variable at spatial position i;      y ^    ( ≠ i )    ( b )    represents that in the case of bandwidth b, when estimating regression parameters, the regression calculation is performed only based on the observation points around position i. The Gaussian function and the AICc method were selected in this paper.



The GWR model downscaling algorithm assumes that the GWR relationship between precipitation and explanatory variables (CER, COT, and CWP) constructed at the original coarse resolution can be used to predict precipitation using the explanatory variables at higher resolutions. At the same time, due to the weak correlation between daily scale precipitation and environmental variables, we constructed a GWR model of cloud attributes and precipitation on the daily scale. Therefore, the specific steps of the downscaling algorithm in this study are as follows:



According to the resolutions of the three kinds of satellite precipitation data (IMERG: 0.1°, ERA5: 0.1°, and CMORPH: 0.25°), the three cloud attributes (CER, COT, CWP: 1 km) are resampled to the corresponding resolutions (    CER   0  . 25 °     ,     COT   0  . 25 °     ,     CWP   0  . 25 °      and     CER   0  . 1 °     ,     COT   0  . 1 °     ,     CWP   0  . 1 °     ) by performing bilinear interpolation. Taking the resampled cloud attributes as auxiliary variables, a daily scale GWR model is constructed at the original resolution scale, and its expression is as follows:


   P   i , d     original , SAT       = β     i , d     SAT , 0       + β     i , d     SAT , 1      CER    i , d    SAT      + β     i , d     SAT , 2      COT    i , d    SAT      + β     i , d     SAT , 3      CWP    i , d    SAT      + ε     i , d     original , SAT     



(7)




where    β   i , d     SAT , 0     ,    β   i , d     SAT , 1     ,    β   i , d     SAT , 2      and    β   i , d     SAT , 3      are the regression coefficients of day d at position i (d = 1,2,3... 365 in 2010–2014), and    ε   i , d     original , SAT      represents the residual of day d at position i, respectively.       CER     i , d    SAT    ,     COT    i , d    SAT    , and     CWP    i , d    SAT     represent the corresponding resolution (0.1° and 0.25°) cloud attribute observations at position i, respectively, and    P   i , d     original , SAT      represents the observations of satellite precipitation data at the original resolution (0.1° and 0.25°).



By resampling the regression coefficients to a 1 km resolution, respectively, and establishing a GWR model on the 1 km scale to estimate the precipitation from satellite data with a 1 km resolution, the following expression is obtained:


   P   i , d     1   km , SAT       = β     i , d     1   km , SAT , 0         + β     i , d     1   km , SAT , 1      CER    i , d     1   km       + β     i , d     1   km , SAT , 2      COT    i , d     1   km       + β     i , d     1   km , SAT , 3      CWP    i , d     1   km     



(8)







For the residual error generated in Equation (7) of the coarse-resolution GWR model, the IDW method is applied to interpolate it to a 1 km resolution (   ε   i , d     1   km , SAT     ) and fuse it with the 1 km resolution precipitation data estimated by Equation (8) to obtain the modified satellite precipitation data (     P ^     i , d     1   km , SAT     ).


     P ^     i , d     1   km , SAT       = P     i , d     1   km , SAT         + ε     i , d     1   km , SAT       



(9)







It is worth noting that other researchers believe that the residuals generated by the GWR correlation model are spatially correlated and can be interpolated to help explain the spatial variation of the target variable [96,97]. In our fusion scheme, the residuals produced by the GWR model were interpolated to the downscaled precipitation resolution by employing an inverse distance weighted method and incorporated into the model estimate (residual correction) to improve prediction accuracy. In this study, after verifying the residual correction results of satellite downscaling, the data quality of IMERG and CMORPH improved to a certain extent, and ERA5 was negatively optimized. It is speculated that residual correction after precipitation downscaling is not applicable to ERA5 in this research scheme [33,53]. Therefore, in the follow-up research, in order to ensure the downscaling accuracy, ERA5, IMERG, and CMORPH are used to employ the downscaled precipitation data before and after residual correction, respectively, as the final precipitation downscaling result.




2.3.2. Geographic Difference Analysis and Geographic Ratio Analysis


Both GDA and GRA can be used to reduce the difference between satellite precipitation data and rain gauge measurement data [31,98]. In this study, we selected the validation group rain gauges (RGS) data to compare the calibration effect of GDA and GRA on downscaled data. The principle and expression are as follows:



	(1)

	
Calculate the difference/ratio between downscaled precipitation and RGS measurements:









    P  ratio   point      = RGS / P     i , d     1   km , SAT      



(10)






    P  sub   point      = RGS − P     i , d     1   km , SAT      



(11)







	(2)

	
Interpolate the difference/ratio to 1 km resolution using interpolation techniques (GDA: IDW, Kriging, RBF; GRA: IDW).







	(3)

	
Calibrate downscaled precipitation to obtain the final downscaled results:









   P  GRA    1   km , SAT       = P     i , d     1   km , SAT       ∗ P    ratio    1   km     



(12)






   P  GDA    1   km , SAT         = P     i , d     1   km , SAT       + P    sub    1   km     



(13)




where    P   i , d     1   km , SAT      represents the downscaled satellite precipitation data (CMORPH, ERA5, and IMERG),    P  sub    1   km      is the difference interpolated to a 1 km resolution,    P  ratio    1   km      is the difference ratio interpolated to a 1 km resolution, and    P  GRA    1   km , SAT      and    P  GDA    1   km , SAT      are the final downscale precipitation results.




2.3.3. Satellite Precipitation Data Fusion


The AHP method is a powerful and flexible decision theory, and it is the most commonly used subjective method to determine the weights of criteria/structures; it can also help researchers find the most suitable solution among numerous combination options [80,99,100]. Its main steps are as follows:



	(1)

	
Construct a hierarchical structure, determine the judgment matrix according to the quality evaluation indicators and prior knowledge, and assign different values to represent the difference in the importance of the indicators.







	(2)

	
Calculate the eigenvalues and eigenvectors of the judgment matrix:









   λ  max    =   1 n    ∑    i = 1   n       ( X ω )   i     ω i       



(14)




where    λ  max     indicates the largest eigen value of the matrix,     ω    indicates the weight vector,    ω i    indicates the weight of the i-th evaluation index, and n indicates the number of rating indicators.



	(3)

	
Consistency verification:









   CR =    CI   RI    



(15)




where CR is the Consistency Ratio, and RI represents the average stochastic consistency index for the judgment matrix. The CI is the consistency index of the judgment matrix, which can be calculated using Equation (16):


   CI =     λ  max      −   n     n   −   1     



(16)




where    λ  max     is the largest eigen value of the matrix, and n is the number of indicators. If CR < 0.1, it means that the result has passed verification; otherwise, the judgment is inconsistent and the weight needs to be re-estimated.



AHP is widely employed in multidisciplinary fields, but its subjectivity is a disadvantage that cannot be ignored, which brings uncertainty to the results [101]. The EW method is currently used as the most common objective method for determining standard/structural weights [102]. EW does not consider information other than the data, and the determination of the weight of each indicator is based on the information of the data itself and the relationship between the indicators [103]. It reflects the amount of information provided by the indicator by calculating the information entropy of an indicator, so as to determine the role of the indicator in the comprehensive evaluation [104]. It can be implemented according to the following steps:



	(1)

	
Standardize evaluation indicators.







Positive impact indicators:


   Y   ij       =     X  ij        −   min ( X    ij   )   max  (   X  ij    )     −   min ( X    ij   )    



(17)







Negative impact indicators:


   Y  ij    =    max  (   X  ij    )     −   X    ij     max  (   X  ij    )     −   min ( X    ij   )    



(18)




where    X  ij     is the value of the j-th evaluation indicator of the i-th evaluation object; and    Y  ij     is the standardization of the standardization.   max  (   X  ij    )    and      min ( X    ij   )   represent the maximum and minimum values of    X  ij    , respectively.



	(2)

	
Calculate indicator proportion:









   P   ij       =     Y  ij       ∑    i = 1   n   Y  ij        i = 1 , 2 … n ; j = 1 , 2 … m   



(19)




where    P  ij     is the proportion of the indicator value of the j-th indicator of the first i-th evaluation object.



	(3)

	
Calculate the entropy value and information entropy redundancy corresponding to each index as follows:









   E j   =  −   1   ln ( n )      ∑    i = 1   n    P ij   ln (  P ij  )   



(20)






   D   j         = 1 −   E   j   



(21)




where Ej is the entropy value of the j-th indicator, n is the value of the evaluation index number, and    D j    is the information entropy redundancy of the j-th indicator.



	(4)

	
Calculate the weight of the indicator as follows:









   ω j  =    D j      ∑    j = 1   m   D j     



(22)




where    ω j    is the weight of index j, and m is the number of evaluation objects.



The weight obtained by a single evaluation method is not comprehensive. Combining subjective and objective methods does not only reflect the judgment of experts on the importance of indicators, but also objectively reflects the differences in actual data changes, making the evaluation results more appropriate to the real situation.


   W j   =     ω j   ω j ’      ∑    j = 1   m   ω j   ω j ’     



(23)




where    W j    denotes the comprehensive weight,    ω j    is the objective weight, and    ω j ’    is the subjective weight.




2.3.4. Validation


The effectiveness of the downscaling method is measured by using the following metrics: root mean square error (RMSE), BIAS (Bias) and Correlation Coefficient (CC). CC ranges from 0 to 1, with an optimal value of 1, which indicates the strength of the correlation between station observations and downscaled precipitation values. Bias describes the degree to which downscale precipitation estimates are over or underestimated, with an optimal value of 0. RMSE represents the size of the error estimate, and the smaller the RMSE, the more reliable the downscaled precipitation. Its mathematical expression is as follows:


   CC =      ∑    i = 1   N  (  O i  −    O _   i  ) (  P i  −    P _   i  )       ∑    i = 1   N  (  O i  −    O _   i  ) (  P i  −    P _   i  )      



(24)






   BIAS =      ∑  i N   P i      ∑  i N   O i       −   1   



(25)






   RMSE =        ∑    i = 1   N       ( P   i       −   M   i  )  2   N     



(26)




where    O i    (mm) and    P i    (mm) are the observed precipitation and reduced precipitation at the location of the i-th weather station, respectively;    O _    (mm) and    P _    (mm) represent the mean values of    O i    and    P i   , respectively; N is the total number of values in the corresponding dataset.






3. Results


3.1. Accuracy of the Original Satellite Precipitation Dataset


The reliability of the raw satellite precipitation dataset is verified with observations from 29 rain gauges. According to the time when the daily precipitation data are obtained from the rain gauge results (8:00 p.m. the previous day to 8:00 p.m. on the current day), the obtained satellite precipitation data with original time resolution (30 min and 1 h) are converted according to Coordinated Universal Time (UTC) and Beijing time, and accumulated to the corresponding time period to obtain daily satellite precipitation data.



Figure 3 describes the relationship between original satellite precipitation and the rain gauge measurement value according to the daily time scale at one selected station location in the period of 2010–2014. The CC, BIAS and RMSE of these three satellite precipitation data and rain gauge data in the period of 2010–2014 are shown in Table 2. The CCs are as follows: 0.542 (ERA5), 0.615 (CMORPH), and 0.644 (IMERG), all of which pass the significance test at the 0.01 level, indicating that there is an obvious linear correlation and consistency between the three initial satellite rainfall data and rain gauge data. The BIAS results for CMORPH, IMERG, and ERA5 are 0.050, −0.013, and 0.885, respectively, implying that all three datasets overestimate or underestimate the precipitation to some extent compared with the RGS observations. Among them, the IMERG data are of the best quality. The lowest-scoring data quality was found for ERA5, which considerably overestimates precipitation.




3.2. The Relationship between Cloud Physical and Optical Properties and Precipitation


Before downscaling precipitation through the correlation between cloud attributes and satellite precipitation data, the correlations between selected auxiliary variables and three types of satellite data were analyzed, as shown in Table 3. The results shows that the CWP has the best correlation with the satellite precipitation data, and the lowest correlation was found for the CER. Among the satellite precipitation data, ERA5 and IMERG show a fine correlation with cloud attributes, and the CMORPH shows the weakest. It can be inferred that the GWR downscaling model constructed based on cloud attributes and satellite precipitation data should be better applied to ERA5 and IMERG. The validation of the precipitation downscaling results of the GWR model below also proves this.




3.3. Evaluation of Downscaling Accuracy of Daily Scale Satellite Precipitation Datasets Based on GWR Model


The downscaled results of daily precipitation for three different satellites are shown in Figure 4, and the accuracy validation results with 29 rain gauge observations are shown in Table 4. Compared with original satellite data, the GWR model combines satellite-based precipitation observations with corresponding cloud properties, and the downscaled results improve the accuracy of precipitation data while reducing RMSE and BIAS (Table 4). Downscaled satellite precipitation based on cloud attributes describes spatial precipitation distribution in more detail at a 1 km resolution (Figure 5). After downscaling, the best correlation coefficients for CC are IMERG (CC: 0.691), the ones with the lowest RMSE and BIAS are also obtained for IMERG (IMERG_RMSE: 2.623 mm/day, IMERG_BIAS: 0.002 mm/day, respectively). The improvement of the three satellite precipitation data after downscaling are as follows: IMERG—CC from 0.644 to 0.691; CMORPH—CC from 0.615 to 0.631; and ERA5—CC from 0.542 to 0.565 (Table 4). These results also prove that our previous point of inferring the effect of downscaling based on the correlation between cloud attributes and different satellite precipitation data is correct. By analyzing the precision of the downscaled precipitation, it was found that the downscaled precipitation data obtained better data quality and smaller errors compared with the original satellite precipitation data (Figure 6). The quality of daily precipitation data after downscaling through the GWR model has improved; however, there is still an overestimation of the actual precipitation levels. Since the quality of downscaled predictions is restricted by the inherent precision of the original satellite precipitation product, it is vital to combine the downscaled precipitation data with the RGS data to improve the quality of the precipitation data.




3.4. Data Fusion of Downscaled Precipitation with Rain Gauge Observations


Due to the difference between satellite precipitation data and RGS during downscaling, there may be a deviation between the downscaled data based on GWR and the actual precipitation. At the same time, owing to the difficulty of accessibility and the influence of other limiting factors, the observation of the data of rain gauges in high-altitude areas usually suffers from insufficient data acquisition. Therefore, the precipitation inferred from the observation data of rain gauges also has great uncertainty [105]. Therefore, the RGS data should be fused with the downscaled satellite precipitation data to obtain more accurate precipitation data. In this study, we employed two calibration methods based on RGS data, namely GDA and GRA. RGS data are divided into the following two groups: the calibration group (twenty stations) and validation group (nine stations).



Table 5 describes the validation statistics for three different satellite precipitation data calibrated with RGS over the entire time period and the original downscaled results before calibration. As shown in the analysis of the above results, both the GDA and GRA calibration methods could further improve the accuracy by increasing the CC and decreasing the RMSE and BIAS. There are differences in the calibration effects of GRA and GDA between various data sources. For the three kinds of satellite precipitation data, the calibration result of GDA is obviously better than that of GRA in the process of fusion RGS calibration. Figure 7 shows the comparison between the accuracy of the three satellite precipitation data after downscaling and the calibration of rain gauges and the accuracy of the original data. It can be concluded that the data quality after downscaling and rain gauge calibration has been significantly improved.



Similarly, the results of different interpolation methods (i.e., IDW, RBF, and OK) for GDA calibration are also quite different. Table 6 reveals the statistical results obtained by different interpolation methods when GDA calibrates the three satellite downscaled precipitation data. It can be found that among the three interpolation methods, GDA_RBF achieves better results in the calibration of CMORPH, IMERG and ERA5 downscaled data, and GDA_IDW performs well in the calibration of CMORPH downscaled data. The calibration result of GDA_OK is more common. In general, the ERA5 data have the lowest original accuracy, but the data quality improvement after downscaling and rain gauge calibration is the highest. While maintaining the highest raw accuracy, the IMERG data displays a good response to GWR downscaling and rain gauge calibration operations and achieves optimal data results. CMORPH data have high raw data precision and fine downscaling and calibration results, but they are not sensitive to the GWR downscaling method based on cloud attributes. GDA_RBF performs best in the calibration verification process of downscaled satellite data based on RGS.




3.5. Performance of the Merged Satellite Precipitation


In this paper, based on three kinds of calibration data and quality evaluation indicators, different methods, including the principal component analysis (PCA), EW, AHP, and fusion of AHP and EW, were used to determine the weight of the target point and promote the whole region to merge multi-source satellite calibration data. Figure 8 and Figure 9 and Table 7 show the accuracy changes in different calibration data and multiple fusion data from 2010 to 2014. As one of the most widely used weight determination method, the EW method results are better than those of AHP and PCA; however, the performance of the EW method is worse than the subjective and objective weighting method that combines AHP and EW, which is consistent with the results in the literature [106,107]. It can be concluded that the merged satellite precipitation data, obtained when fusing AHP with EW, provide the most accurate estimation on a diurnal scale compared to calibration data and other fused data due to their lower RMSE and BIAS values (RMSE = 2.189 mm, BIAS = 0.142 mm); furthermore, the CC value (CC = 0.790) is higher than in the calibration data and any other fused precipitation product. The results show that the data fusion technique can significantly reduce the systematic error [108]. They also prove the applicability of the subjective and objective weighting method combined with the AHP and EW method, as introduced in this study in the fusion of multi-source satellite calibration data.



PCA, EW, and AHP, as the most widely used methods for determining the weighting of data structures, have shown superior performance in different scientific fields [100,109]; however, in this research, their performances seem to be weaker than that of the subjective and objective weighting method combining AHP and EW, which may be because individually they only consider the amount of data information or the prior knowledge of experts [110]. Although the subjective and objective weighting method has achieved the best fusion results, it needs to combine the AHP and EW methods to determine the weight. The associated time cost and calculation cost are also higher than for other weighting methods [106,111].




3.6. Temporal and Spatial Characteristics of Precipitation Data


Figure 10 indicates the calibrated annual precipitation of the three satellite precipitation data and the merged annual precipitation. Figure 10 shows the calibrated and merged monthly cumulative precipitation changes in different satellite precipitation data during the study period, and the correlation analysis between MSP monthly precipitation and rain gauge data, respectively. From the above image analysis, the calibrated and merged satellite precipitation based on the three satellite data show similar spatial trends to the original satellite precipitation estimates. There is greater precipitation in the southeast and less in the northwest. Precipitation decreases from southeast to northwest, consistent with the influence of the southeast monsoon. Compared with the coarse resolution of the original satellite data, both the calibrated and merged satellite precipitation results show a greater amount of spatial detail and more obvious local spatial variation; furthermore, the merged satellite precipitation data provide more complete precipitation spatial information than single satellite precipitation data, and the precipitation distribution is more accurate (Figure 10) [27]. It is worth noting that, according to the previous article and the interannual precipitation cumulative distribution map, it can be concluded that the spatial variation of the downscaled and the merged satellite precipitation is more in line with the real precipitation distribution.



From the monthly cumulative precipitation results, it could be concluded that the downscaled and calibrated precipitation has a consistent correlation with the rain gauge observations (Figure 11). The quality of the calibrated monthly cumulative satellite precipitation data has also been improved (ERA5: CC from 0.925 to 0.945, CMORPH: CC from 0.895 to 0.951, IMERG: CC from 0.967 to 0.971, MSP: CC = 0.969). Areas with a higher level of precipitation after downscaling and calibration also have greater levels of actual precipitation. Rainfall overestimation mainly occurs in periods of sufficient precipitation (summer). The merged satellite precipitation corrects the original satellite data to a certain extent, thereby reducing the difference between it and the rain gauge observation data, meaning the merged precipitation data are more accurate.



The result of the merged satellite precipitation data is influenced by elevation. As shown in Table 8, among the nine rain gauges in the validation group, the average CC of rain gauges above 3500 m is 0.783, and the average CC of rain gauges below 3500 m is 0.80. The results demonstrate that the downscaling, calibration and merging effect of precipitation data basically presents a trend of worsening quality with the increase in altitude. On the one hand, due to the sparse and uneven distribution of rain gauges in high-altitude areas, it is hard to satisfy the needs of rain gauge calibration. On the other hand, the estimation of precipitation data by satellites in high-altitude areas is influenced by the terrain and other complex environmental and climatic factors [112].





4. Discussion


4.1. Feasibility of a GWR Downscaling Model Based on the Correlation between Cloud Attributes and Daily Precipitation Data


The relationship between precipitation and the environment is spatially heterogeneous and scale dependent, especially in mountainous areas with a dramatic topography [33]. Therefore, considering the relationship between precipitation and the spatial variation of environmental variables, it may be more appropriate to establish a local regression downscaling model than a global regression downscaling model. The GWR model describes the relationship between precipitation and auxiliary environmental variables by means of local regression, and has been widely used in satellite precipitation data downscaling. Auxiliary environmental variables such as elevation, terrain, slope, latitude and longitude, and NDVI are adopted to construct the GWR precipitation downscaling model to downscale the annual and monthly satellite precipitation data [4,49,56,60,112].



However, few studies have directly constructed GWR models through daily scale environmental variables and precipitation to downscale daily scale precipitation data. Relevant studies have shown that the correlation between cloud attribute data and precipitation is useful in achieving precipitation downscaling [71,72]. Therefore, this study selects the daily cloud attributes, and realizes daily scale precipitation downscaling according to the local regression relationship between them and precipitation, which is of significant importance. The traditional method for obtaining daily and monthly precipitation is to employ the daily fraction and monthly fraction methods [30]. This method mainly relies on the accuracy of the original satellite precipitation data, and there are uncertainties. This paper introduces cloud attribute variables based on the accuracy of the original satellite data, which improves the reliability of daily scale precipitation downscaling to a certain extent. At the same time, after introducing cloud attributes as auxiliary environmental variables in the GWR model, the quality of the three satellite downscale precipitation data improved, which also proves the universality and feasibility of this research scheme.



By constructing the GWR model of cloud attributes and precipitation data, we obtain downscaled satellite precipitation data as the basic data, which also reduces the impact of the original satellite data errors in the GDA and GRA methods, as shown in Figure 11. Simultaneously, the GDA and GRA methods that integrate the rain gauge observation data further improve the quality of the downscaled precipitation data.




4.2. Evaluation of Merged Satellite Precipitation


Fusion methods based on different datasets or different members of the same model could be used to effectively reduce estimation uncertainty in meteorology and hydrology [113]. Typically, merged datasets contain information about multiple members and possess superior data quality than any single dataset [114,115]. The basic data commonly used for precipitation data fusion are mostly raw satellite data with low precision and rough resolution, which has a great impact on the quality and application of the final fusion data. In this paper, the precipitation data obtained after downscaling and calibration are selected, which is also an essential factor for obtaining the final high-quality precipitation data.



On this basis, the AHP and EW method are combined to merge different satellite precipitation data. This method not only incorporates experts’ experience and prior knowledge, but also includes the correlation between data information and evaluation indicators. The use of this method is critical to obtain more reasonable results (Figure 12).




4.3. Sources of Error and Uncertainty in GWR Downscaling Models


The GWR precipitation downscaling model calibrated with rain gauge data has achieved good results in the Three-River Headwaters region, but there are still some uncertainties and errors that limit the improvement of the quality of downscaled precipitation data. Spatial precipitation downscaling assumes that the regression relationship between precipitation and auxiliary variables constructed under coarse-scale conditions is still applicable at a fine scale. However, there are regional and seasonal deviations in the original satellite precipitation data [29,116], which may seriously interfere with the relationship between precipitation at coarse-resolution scales and auxiliary environmental variables, and further affect the precision of precipitation at the fine scale. For example, in the ERA5 data selected in this paper, there is a serious overestimation of the precipitation data, which limits its quality improvement in the downscaling process to a certain extent. At the same time, when performing residual correction on some downscaled precipitation data in this study, the results show that the correction effect has a negative optimization phenomenon [33], which indicates that the model residual correction after downscaling should be discussed. According to this paper, we speculate that it may be the influence of the spatial density and residual spatial structure of satellite precipitation data.



In the process of spatial precipitation downscaling, the calibration of rain gauge observations is essential. Studies have shown that the number of rain gauges plays a critical role in the calibration of precipitation downscaling models [31,117,118]. GDA and GRA have been widely used and proved to be of great significance in reducing precipitation downscaling errors. The sparse distribution of rain gauges and the high elevation of the region often influence the acquisition of precipitation data, meaning the calibration results of GDA and GRA are lower than expected. The Three-River Headwaters region covers an area of 360,000 square kilometers, with an average elevation of more than 4000 m. Only 29 rain gauge data are available, which greatly increases the difficulty of precipitation downscaling and calibration in this region. At the same time, some of the MODIS cloud attribution data were missing; therefore, the data does not completely cover the entire time period in the study area, which also has a certain impact on the results of the precipitation downscaling model.




4.4. Directions for Future Research Improvement


In the future, further improvement of the daily scale satellite precipitation downscaling model, incorporating the calibration of rain gauges, could be achieved by taking the following factors into consideration. First, the correlation between some other auxiliary environmental variables and precipitation should be considered as much as possible to construct a daily scale for the GWR model to achieve precipitation downscaling, such as soil moisture, evapotranspiration, temperature, humidity, and atmospheric circulation [4,119]. In addition, related studies have shown that, based on the linear relationship between cloud attributes and precipitation, hourly or sub-hourly precipitation downscaling could be achieved to satisfy the multi-scale application of precipitation data, which should be the focus of future research [73]. At the same time, the errors in the original satellite precipitation products should not be ignored; they can instead be discussed by combining the bias-corrected satellite estimates with rain gauge observations [64]. Secondly, according to the above research results, the GWR downscaling calibration model illustrates various downscaling accuracies at different geographical locations. For example, the altitude has a significant influence on the downscaling calibration results [112], and the GWR model should be further improved and developed to resolve related issues. Finally, the introduction of auxiliary variables and multi-source satellite data, coupled with numerical weather prediction (NWP) models, and the development of new data fusion algorithms and precipitation data fusion models referenced by auxiliary variables are conducive to improving the quality of precipitation products [1,74].





5. Conclusions


In this study, a daily scale GWR precipitation downscaling model based on the correlation between cloud optical, physical properties (CER, COT, and CWP) and precipitation is proposed. Three different types of satellite precipitation data (i.e., CMORPH, IMERG, and ERA5) were used for downscaling (from 0.25° and 0.1° to 1 km). Based on the downscaled results, the GDA and GRA methods were employed to integrate rainfall data for calibration and verification. Meanwhile, the subjective and objective weighting method combining AHP and EW was adopted to merge multi-source satellite calibration data to further improve the quality of the precipitation data products. The scheme was applied to the Three-River Headwaters region for the period of 2010–2014, and the research results are as follows.



The three kinds of original satellite precipitation data and rain gauge data have an obvious linear correlation and consistency (CC: 0.542, 0.615, and 0.644, respectively); however, there were various levels of underestimation or overestimation of the actual precipitation.



Among the original satellite data, ERA5 and IMERG had good correlation with cloud attributes, and the data quality was significantly improved after downscaling (IMERG: CC from 0.644 to 0.691, and ERA5: CC from 0.542 to 0.565). The remaining satellite data were also improved on the basis of the original data accuracy (CMORPH: CC from 0.615 to 0.631), which indicates that it is feasible to construct a GWR model of the correlation between cloud attributes and precipitation on a daily scale. This also demonstrates the applicability of this model to various satellite data.



The calibration and validation of downscaled precipitation with integrated rain gauge data are critical steps to help improve the quality of downscaled precipitation data. After the calibration and validation of the downscaling results of different satellite precipitation data using GDA and GRA methods, the accuracy of the downscaling results was significantly improved (IMERG: CC from 0.691 to 0.760, CMORPH: CC from 0.631 to 0.733, and ERA5: CC from 0.565 to 0.672). The IMERG data achieved the best downscaling and calibration results. For different satellite data, the GDA method obtained the optimal calibration results compared with the GRA method. In this study, the GDA_RBF method was better.



In the fusion step, considering the data quality evaluation index, the subjective and objective weighting method combining AHP and EW was adopted to merge the multi-source satellite-calibrated precipitation data. Compared with any single-satellite calibrated precipitation datum, the merged satellite precipitation had better performance (CC = 0.790, RMSE = 2.189 mm/day, and BIAS = 0.142 mm).



In summary, the solution proposed in this research based on the daily scale cloud attribute, precipitation GWR downscaling model and the fusion rain gauge calibration scheme is applicable in the Three-River Headwaters region, which has a complex terrain and harsh climatic conditions. At the same time, the combination of AHP and EW in the multi-source satellite data fusion technology method utilized in this paper further improved the quality of daily scale satellite precipitation data in the study area.
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Figure 1. The geographical location, topographical overview, major rivers and lakes, and distribution of meteorological stations used in this study in the Three River Headwaters region. 
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Figure 2. Comprehensive flow chart of a geographically weighted regression (GWR) downscaling and rain gauge calibration method based on cloud attributes in this study. 
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Figure 3. Scatter plots showing relationship between daily rain gauge observations and (a) the original CMORPH, (b) the original ERA5, (c) the original IMERG at one selected station location in the period of 2010–2014. 
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Figure 4. Boxplots of statistical metrics of downscaled daily IMERG, CMORPH, and ERA5 precipitation data from 29 rain gauge stations: (a) CC, (b) RMSE, and (c) BIAS. 
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Figure 5. Spatial distribution of original daily scale precipitation data from different satellites, downscaled data, and calibrated rain gauge data: (a) 24 September 2010, (b) 11 August 2012, and (c) 7 July 2014. O represents the original satellite data; D stands for the downscaled satellite data. C denotes the satellite data after rain gauge calibration. 
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Figure 6. Scatter plots between rain gauge daily observations and (a) the downscaled CMORPH, (b) the downscaled ERA5, and (c) the downscaled IMERG at one selected station location for the period of 2010–2014. 
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Figure 7. The correlation coefficient (CC), bias (BIAS), and root mean square error (RMSE) of the observed, downscaled and calibrated daily precipitation from (a) ERA5, (b) CMORPH and (c) IMERG data. C represents the calibrated precipitation data and O denotes the original satellite precipitation data. 
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Figure 8. Scatter plots showing relationship between rain gauge daily observations and (a) the calibrated CMORPH, (b) the calibrated ERA5, (c) the calibrated IMERG, (d) the MSP data at one selected station location for the period of 2010–2014. 
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Figure 9. Scatter plots showing relationship between rain gauge daily observations and (a) PCA fused data, (b) EW fused data, (c) AHP fused data, and (d) MSP data at one selected station location for the period of 2010–2014. 
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Figure 10. Spatial distribution map of annual precipitation data after three types of satellite downscaling and calibration in the Three-River Headwaters region in (a): 2011 and (b): 2013. C denotes the calibrated precipitation data and MSP means the merged satellite precipitation data. 
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Figure 11. (a) Comparison of monthly cumulative precipitation data, calibrated IMERG data, calibrated ERA5 data, calibrated CMORPH data and merged satellite precipitation data at 52,955 rain gauge station; (b) scatter plots between cumulative monthly observations of meteorological stations and merged satellite precipitation data monthly cumulative observations in 2010–2014. 
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Figure 12. Taylor diagrams for daily precipitation of Rain gauge observation, original satellite (i.e., CMORPH, IMERG and ERA5) and calibration during 2010–2014: O represents the original satellite data, C means the calibrated precipitation data and RGS denotes the rain gauge data. 
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Table 1. The list of meteorological stations in and around the Three River Headwaters region.
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	Station ID
	Longitude (°E)
	Latitude (°N)
	Elevation (m)
	Average Annual Precipitation (mm/Year)





	52754
	100.13
	37.33
	3301.5
	427.8



	52833
	98.48
	36.92
	2950.0
	199.6



	52866
	101.77
	36.62
	2261.2
	420.3



	52836
	98.10
	36.30
	3191.1
	240.6



	52856
	100.62
	36.27
	2835.0
	320.6



	52868
	101.43
	36.03
	2237.1
	264.9



	52943
	99.98
	35.58
	3323.2
	378.6



	52955
	100.75
	35.58
	3200.6
	455.2



	52974
	102.02
	35.52
	2491.4
	421.6



	52908
	93.08
	35.22
	4612.2
	369.2



	56033
	98.22
	34.92
	4272.3
	362.1



	56065
	101.60
	34.73
	3500.0
	582.1



	56080
	102.90
	35.00
	2910.0
	589.2



	56043
	100.25
	34.47
	3719.0
	520.2



	56004
	92.43
	34.22
	4533.1
	355.7



	56021
	95.78
	34.13
	4175.0
	497.5



	56034
	97.13
	33.80
	4415.4
	602.1



	56046
	99.65
	33.75
	3967.5
	599.1



	56067
	101.48
	33.43
	3628.5
	758.5



	56074
	102.08
	34.00
	3471.6
	612.4



	56018
	95.30
	32.90
	4067.5
	567.7



	56029
	97.02
	33.02
	3681.2
	528.8



	56038
	98.10
	32.98
	4200.0
	631.2



	56151
	100.75
	32.93
	3750.0
	708.4



	56152
	100.33
	32.28
	3893.9
	694.0



	56125
	96.48
	32.20
	3643.7
	570.4



	56106
	93.78
	31.88
	4022.8
	668.0



	56116
	95.60
	31.42
	3873.1
	684.1



	56137
	97.17
	31.15
	3306.0
	491.7
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Table 2. Original quality of three satellite precipitation data in the period of 2010–2014.
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	CC
	RMSE (mm)
	BIAS (mm)





	IMERG
	0.644
	3.091
	−0.013



	CMORPH
	0.615
	3.081
	0.050



	ERA5
	0.542
	3.852
	0.885
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Table 3. Correlation between three kinds of original satellite precipitation data and cloud attribute data.
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	CER
	COT
	CWP
	Average





	CMORPH
	0.120
	0.212
	0.229
	0.187



	ERA5
	0.169
	0.270
	0.252
	0.230



	IMERG
	0.144
	0.240
	0.259
	0.214
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Table 4. Accuracy estimation before and after downscaling three satellite precipitation data.
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	CC
	RMSE (mm)
	BIAS (mm)





	IMERG_O
	0.644
	3.091
	−0.013



	IMERG_D
	0.691
	2.623
	0.002



	CMORPH_O
	0.615
	3.081
	0.050



	CMORPH_D
	0.631
	2.817
	0.076



	ERA5_O
	0.542
	3.852
	0.885



	ERA5_D
	0.565
	3.620
	1.008







Note: CMORPH_O, IMERG_O and ERA5_O represent the original satellite data, CMORPH_D, IMERG_D and ERA5_D stand for the downscaled satellite data.
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Table 5. The statistical results of un-calibrated and calibrated satellite precipitation data with rain gauge station data.
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	CC
	RMSE (mm)
	BIAS (mm)





	IMERG_D
	0.691
	2.623
	0.002



	IMERG_GDA
	0.760
	2.453
	0.147



	IMERG_GRA
	0.719
	2.562
	0.075



	CMORPH_D
	0.631
	2.817
	0.076



	CMORPH_GDA
	0.733
	2.544
	0.211



	CMORPH_GRA
	0.669
	3.134
	0.257



	ERA5_D
	0.565
	3.620
	1.008



	ERA5_GDA
	0.672
	2.656
	0.103



	ERA5_GRA
	0.663
	2.657
	0.065







Note: D represents the downscaled precipitation data, GDA denotes precipitation data using the GDA calibration method and GRA denotes precipitation data using the GRA calibration method.
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Table 6. Statistics of rain gauge calibration results using different interpolation methods in GDA for three satellite precipitation downscaling data.
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	CC
	RMSE (mm)
	BIAS (mm)





	IMERG_IDW
	0.754
	2.395
	0.126



	IMERG_RBF
	0.758
	2.482
	0.144



	IMERG_OK
	0.750
	2.458
	0.133



	CMORPH_IDW
	0.729
	2.559
	0.222



	CMORPH_RBF
	0.729
	2.575
	0.204



	CMORPH_OK
	0.721
	2.577
	0.201



	ERA5_IDW
	0.660
	2.700
	0.143



	ERA5_RBF
	0.668
	2.689
	0.086



	ERA5_OK
	0.656
	2.713
	0.105







Note: IDW represents the calibrated precipitation data using the Inverse distance weight interpolation method, RBF denotes the calibrated precipitation data using the radial basis function interpolation method and OK describes the calibrated precipitation data using the ordinary kriging interpolation method.
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Table 7. Evaluation statistics of three calibration precipitation data and combined precipitation data with different methods from 2010 to 2014.
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	CC
	RMSE (mm)
	BIAS (mm)





	IMERG_C
	0.760
	2.453
	0.147



	CMORPH_C
	0.733
	2.544
	0.211



	ERA5_C
	0.672
	2.656
	0.103



	EW
	0.786
	2.203
	0.155



	AHP
	0.780
	2.197
	0.148



	PCA
	0.785
	2.202
	0.150



	MSP
	0.790
	2.189
	0.142
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Table 8. The list of statistical data of the rain gauge in the validation group and the corresponding altitude.
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	Station ID
	Elevation (m)
	CC
	RMSE (mm)
	BIAS (mm)





	52856
	2835
	0.800
	1.763
	0.252



	52868
	2237
	0.789
	1.864
	0.560



	52955
	3200
	0.808
	2.152
	−0.051



	56018
	4067
	0.755
	2.230
	0.028



	56038
	4200
	0.790
	2.220
	−0.040



	56043
	3719
	0.785
	2.154
	0.163



	56065
	3500
	0.801
	2.386
	0.034



	56125
	3643
	0.761
	2.429
	0.219



	56152
	3893
	0.824
	2.506
	0.115
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