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Understanding the precipitation variability and extreme precipitation over arid Central Asia (CA) has largely been hampered by the lack of daily precipitation observations. The gridded precipitation datasets over CA are large discrepancies. Here, three gauge-based gridded daily precipitation products from Asian Precipitation Highly-Resolved Observational Data Integration Towards Evaluation (APHRODITE), Global Precipitation Climatology Center (GPCC), and Climate Prediction Center Based Analysis of Global Daily Precipitation (CPC_global) were assessed and compared with 49 rain gauge daily observations precipitation (OBS) from January 1985 to December 2015 using different time-scales over CA and different climate regimes, specifically Northern CA with temperate continental climate (NCA), Southwestern CA with dry arid desert climate (SWCA), and Southeastern CA with Mediterranean continental climate (SECA). Four accuracy indices [correlation coefficient (R), Bias, root mean square error (RMSE), and relative bias (RBias)] were employed to evaluate the performance of the three products in depicting the spatiotemporal features of precipitation variation over CA at multiple time scales (including daily, monthly, seasonal, and yearly). The mean annual and daily precipitation of OBS and three gridded products exhibit the trend of a gradual precipitation decreased from SECA to NCA and SWCA. The best overall performance was obtained for APHRODITE and GPCC for daily and annual time-scale, whereas CPC shows noticeable underestimation precipitation in SECA. The monthly precipitation depicted distinct features with a bimodal pattern with a peak in March and another in December, include the SECA and SWCA regions. In contrast, precipitation was concentrated in summer with the peak in July over the NCA region. At monthly scale terms, APHRODITE was more accurate in the wet seasons (winter and spring months) in SWCA and SECA. Additionally, GPCC has fairly better capability in summer months in NCA. Considering the spatial distribution, the bias variability was largerly in mountainous areas than in the plains. Temporally, the bias largerly in the dry seasons than in the wet seasons. At the interannual variability scale, GPCC was capable of qualitatively increasing the CA (NCA and SECA) precipitation during the last 21 years, while APHRODITE underestimated the trends. The CPC overestimated the precipitation trends over all regions. This study can serve as a reference for selecting daily precipitation products with low densities of stations, complex topographies, and similar climatic regions.
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INTRODUCTION
Precipitation is an important component in hydrology and climate systems, and plays a vital role in driving land surface-atmosphere interactions (Yao et al., 2019; Tan et al., 2020). Accurate and reliable precipitation dataset on fine spatio-temporal resolutions is essential for water resources-related applications such as simulation hydrology and meteorology, prevention the extreme weather events, and mitigation natural hazards (Zhang et al., 2012; Schneider et al., 2016; Deng et al., 2017; Wu et al., 2019; He et al., 2020). A rain gauge is the most intuitive method of precipitation observation. Unfortunately, due to sparseness and unevenness distribution of in-situ observation, or the discontinuity in recording sequences, they do not provide a reliable spatiotemporal representation of precipitation (Gruber and Levizzani, 2008). This is specifically the case over complex regions where there is insufficient raingauge available and rainfall is distinguished by complex patterns especially over desert, mountainous terrain, and sparsely populated areas (Rana and McGregor, 2015; Yao et al., 2019). In this context, Gridded datasets are useful alternatives to ground observations and are widely used owing to their high resolution and open access (Serreze and Hurst, 2000; Silva et al., 2007; Pai et al., 2014; Guo et al., 2015a). Nevertheless, the multiple gridded precipitation datasets have pros and cons, so it is necessary to validate the applicability of products before further utilization (Henn et al., 2018; Sun et al., 2018; Tan et al., 2020).
With the development of instruments and techniques, gridded precipitation products have been generated based on in-situ observations and utilized different interpolation techniques, satellite estimates, numerical simulations, or a combination of these.They can be divided into three main categories: (1) the gauge-based data sets including the Climate Research Unit (CRU) (Harris et al., 2014), Global Precipitation Climatology Center (GPCC) (Ziese et al., 2018), CPC Gauge Based Analysis of Global Daily Precipitation (CPC_Global) (Chen et al., 2008), and University of Delaware (UDEL). (2) The satellite-based gridded datasets include Precipitation Estimation from Remotely Sensed Imagery Using Artificial Neural Networks (PERSIANN) (Sorooshian et al., 2000), CPC morphing technique (CMORPH) (Joyce et al., 2004), Global Satellite Mapping of Precipitation Moving Vector with Kalman filter (GSMaP_MVK) (Kubota et al., 2007), the Tropical Rainfall Measuring Mission (TRMM) Multi-satellite Precipitation Analysis (TMPA) (Huffman et al., 2007), and Multi-Source Weighted-Ensemble Precipitation (MSWEP) (Beck et al., 2017); (3) Reanalysis gridded products derived from physical and dynamical models, such as the National Center for Environmental Prediction (NCEP)/National Center for Atmospheric Research (NCAR) versions 1 and 2 (Kalnay et al., 1996; Kanamitsu et al., 2002), the European Centre for Medium-Range Weather Forecasts (ECMWF) systems (ERA-40 and ERA-Interim) (Uppala et al., 2005; Dee et al., 2011), Modern-Era Retrospective Analysis for Research and Application system (MERRA) (Rienecker et al., 2011) , and the Japanese 55-years Reanalysis (JRA55) (Ebita et al., 2011) and so on. Many studies have been conducted to assess the reliability of these datasets by comparing them with observed data (Dorigo et al., 2015; Henn et al., 2018; Ziese et al., 2018), and gridded precipitation products have been widely used in several aspects (Worqlul et al., 2015; Gao et al., 2018; Ahmed et al., 2019; Lemma et al., 2019).
Central Asia (CA) occupies the inland of the Eurasian continent, has more than 93% of the total ground as arid region (Yu et al., 2020), the development of society and economy is more sensitive than in humid regions (Huang et al., 2016). The climate of CA characterized by sharp temperature differences, intensive evaporation, and scarce precipitation (Lioubimtseva and Henebry, 2009; Zhang et al., 2017; Guan et al., 2019). As one of the world’s most arid areas are often regarded as primarily controlled by the midlatitude westerly at the continental scales (Dai and Wang, 2017). Given that CA features special geographical location and complex topography, this region is dominated by complex climate regimes. Precipitation is the principal source of the water resources in CA is limited to wet season rainfall and winter snow (Yao et al., 2020). Thus, changes precipitation over CA will alter regional hydrological cycles and influence on ecosystem and crucial for development of glaciers and accumulated snow (Lu et al., 2021). Hence, for a better understanding regulation of water resources in CA, it is crucial that one has good spatial and temporal precipitation datasets available. Some studies have documented that CA experienced a rapid warming trends (Chen et al., 2008), and accompanied with increased summer precipitation over the past half-century (Yao et al., 2016; Peng and Zhou, 2018). The frequency and intensity of extreme precipitation over CA increased significantly (Zhang et al., 2017; Yao et al., 2020). The precipitation variation over CA is significantly influenced by the Asian subtropical westerly jet, North Atlantic Oscillation (NAO), Arctic Oscillation (AO), El Niño-Southern Oscillation (ENSO), and Pacific Decadal Oscillation (PDO) (Aizen et al., 2001; Bothe et al., 2012; Tan and Shao, 2017; Wei et al., 2017; Chen et al., 2018). CA has a complex topography that also causes precipitation to present different regimes and most regions are sparsely populated deserts and mountain terrain with low density of rain gauges. This presents significant challenges in investigating spatial-temporal distribution and intensity of precipitation. it is important to systematically evaluate the daily precipitation products over CA.
A few studies have been carried out regarding the gridded precipitation products to detect climatic variations at local and regional scales. Using reanalyses, direct observations, and the output of climate model simulation driven by a global reanalysis, their abilities to represent the CA precipitation climate were compared (mean spatial distribution, seasonal cycle, and amplitude of interannual variability) (Schiemann et al., 2008). The results based on monthly gridded precipitation from the CRU analyzed the precipitation variability and regional difference over the CA during 1930–2009 (Chen et al., 2011). Guo et al. (2015b) used the TRMM v.7 dataset and compared it to the Asian Precipitation Highly Resolved Observational Data Integration Towards Evaluation (APHRODITE) for the period of 2004–2006. The comparison showed that TRMM significantly overestimated precipitation. Furthermore, both the satellite-only and gauge products exhibited poor performance in CA. Hu et al. (2017) evaluated reanalysis and spatially interpolated and remotely sensed precipitation datasets in CA, and found that MERRA dataset were more accurate than ERA-Interim and Climate Forecast System Reanalysis (CFSR) datasets, although they all overestimated the observed precipitation in CA. Song and Bai, 2016 used observational data and four gridded datasets (CRU, GPCC, MERRA, and TRMM) to describe regional and seasonal differences in precipitation climate characteristics over CA. Lai et al. (2020) investigated the fidelity of the APHRODITE in represent extreme precipitation over CA. Yang et al. (2020) using the daily MSWEP-V2.2 dataset from 1979 to 2016 across CA analyzed the spatiotemporal variability of the precipitation concentration and diversity. Lu (2021) While most evaluations have been conducted focus mainly on large temporal scales precipitation estimates. However, there is a need to investigate precipitation at daily resolution and consider specific geographic regions and different climatic status.
In the present study, three gauge-based gridded daily precipitation products (GPCC, APHRODITE, and CPC_global) were selected for assessing precipitation across CA and its sub-regions. First, we examined precipitation spatial characteristics between 1985 and 2005 based on 49 gauge site data over CA and three climatic zones. Then, the applicability of the three precipitation gridded products was systematically evaluated using multiple statistical analysis based on daily, monthly, seasonal, and annual time scales against observed data in the CA.
MATERIALS AND METHODS
Study Area
In this study, CA extending from 35° N to 55° N and from 45° E to 87° E, and covers five countries: Kazakhstan, Kyrgyzstan, Tajikistan, Uzbekistan, and Turkmenistan (Figure 1). The geomorphological features include high mountains and flat basins, with the elevations ranging from −132 m to about 7,500 m. Overall, CA is geographically high in the southeast and low in the northwest (Guo et al., 2017; Yang et al., 2020). The climate of CA is experiencing sharp differences in temperature, heterogeneous precipitation, and intense evaporation. Thus, it is sensitive and vulnerable to variations in climate change (Lioubimtseva and Henebry, 2009; De Beurs et al., 2018; Zhu et al., 2020). The annual precipitation can reach on 1,000 mm in the moutains areas in the southeastern CA, and the arid and desert climates with annual precipitation generally below 300 mm in the low areas in the northwestern CA (Lai et al., 2020; Lu et al., 2021).
[image: Figure 1]FIGURE 1 | Location of the topography and geographical position (A), and the rain gauges in different climatic zones (B) over CA (Df domain northern of the Kazakhstan (48°−54°N, 61°−86°E), BW domain southwestern of the Kazakhstan, Uzbekistan, Turkmenistan (35°−48°N, 54°−68°E), Ds mainly distributed in Kyrgyzstan and Tajikistan (37°−43°N, 68°−77°E).
According to the Köppen climate classification method (Chen and Chen, 2013. http://hanschen.org/koppen), we classified CA into three sub-regions (Figure 1B): temperate continental climate (Dfa) in the north (NCA), dry arid desert climate (BWk) in the southwest (SWCA), and Mediterranean continental like climate (Dsb) in the southeast (SECA). The total annual precipitation of CA is concentrated in cold seasons (Dai and Wang, 2017). Generally speaking, the CA is a typical region with complex rainfall conditions that deserves systematical evaluation the gridded daily precipitation products.
Data
Meteorological Stations Data
Global Historical Climatology Network-Daily (GHCN-D) is a composite of climate records from several sources (Menne et al., 2012). Some of the data provided here are based on data exchanged under the World Meteorological Organization (WMO) World Weather Watch Program according to WMO Resolution (Cg-XII). Thus, GHCN-D is the world’s largest collection of daily climatological data. GHCN-D includes over 40 meteorological elements (e.g., temperature daily maximum/minimum, precipitation, snowfall, and evaporation wind movement) and undergoes strict quality control (Durre et al., 2008; Durre et al., 2010). Daily meteorological observed precipitation data from a total of 568 stations covering the CA were obtained (ftp://ftp.ncdc.noaa.gov/pub/data). Given the observed data limited by the fall of the former Soviet Union since 1991, excluded the stations which records did not cover the period of January 1985 to December 2005, Furthermore, we selected the stations with observations data available for at least 90% of the number of days in any annual period during 1985–2005. Based on the two steps, after strict quality control and carefully checking by manually. As a result, 49 observation rain gauge sites were obtained, which are located in the CA. A total of 79.6% of the stations had complete data. The locations of the observed precipitation stations are shown in Figure 1B. Among them, 12, 19, and 18 sites were selected from the NCA, SWCA, and SECA subregions, respectively. These data are referred to as OBS in the following sections. The mean, maximum, standard deviation and the percentage of missing data of the OBS at different stations during 1985–2005 are listed in Table 1.
TABLE 1 | Geographical locations and altitudes of the 49 rain gauge stations used in this study.
[image: Table 1]Gridded Daily Precipitation Datasets
In this study, three gauge-based gridded daily precipitation products of APHRODITE, GPCC, and CPC_Global were selected to assess their performance in CA. The gauge-based gridded daily precipitation datasets in this study and their spatial and temporal resolutions and coverage are listed in Table 2. The subsection depicts the main features of the three gridded products, including their data sources, interpolation methods, and an assessment of errors.
1) APHRODITE: This product (Yatagai et al., 2009, 2012) uses the sufficient rain gauge observations of the entire Asian continent from 1951 to 2007 as the reference data set, after an initial quality control, improved Angular-Distance-Weighting interpolation, and improvement sphere map scheme, to build 0.25° × 0.25° and 0.5° × 0.5° gridded precipitation datasets. In this study, the 0.5° daily precipitation estimates from V11, covering 34°N–84°N and 15°E–165°W (APHRODITE_RU) were used. These data are referred to as APHRODITE in the following sections.
2) GPCC: This dataset, which is derived by the World Climate Research Program (WCRP), is based on a combination of observations from almost over 85,000 stations globally and has been compiled based on data from the Global Telecommunication System (GTS) (Xie and Arkin, 1997; Chen et al., 2002; Huffman et al., 2007; Becker et al., 2013).
3) CPC_Global: Global daily precipitation datasets from the CPC were developed by the American National Oceanic and Atmospheric Administration (NOAA), which provides daily 0.5° × 0.5° gridded precipitation data derived from the GTS gauge network (Fan and Van den Dool, 2008). An optimal interpolation was applied in the CPC.
TABLE 2 | Information of three Gauge-Based precipitation products.
[image: Table 2]The daily gridded data of APHRODITE, GPCC, and CPC from January 1, 1985 to December 31, 2005 were obtained in this study.
METHODOLOGY
To evaluate the performance accuracy of gridded products in estimating the spatial and temporal variability of daily precipitation, four statistical metrics, correlation (R), root mean square error (RMSE), Bias, and relative bias (RBias) were used to measure the quantification of gridded precipitation products (Ghajarnia et al., 2015). Among them, R represents the linear correlation between OBS and the three gridded precipitation products. RMSE is sensitive to extreme error and can reflect the accuracy of gridded products, where RMSE values close to zero indicate smaller errors. Bias and RBias reflect the deviation between gridded products and rain gauge precipitation, describing the tendency of gridded precipitation to be over- or under-estimated as compared to observed precipitation. The formula for the statistical metrics mentioned above are listed in Table 3.
TABLE 3 | Summary of statistic metrics used to evaluate the gridded precipitation products.
[image: Table 3]RESULTS
Precipitation Climatology Based on Rain Gauge Observations
The spatial features of mean annual and seasonal precipitation from the 49 rain gauge measurements over CA during 1985–2005 have been presented in Figure 2. Mean annual precipitation exhibit the trend of a gradual precipitation decreased from southeastern to northwestern CA regions with precipitation hotspots located in SECA (more than 360 mm) and NCA (range of 200–300 mm).The area with the lowest average annual precipitation (less than 200 mm) expanded over the SWCA, which has an arid climate pattern and consists of desert areas (Figure 2A).
[image: Figure 2]FIGURE 2 | Spatial distribution of mean annual and seasonal precipitation in gauge-observation stations over the Central Asia during 1985−2005. (A), Annual; (B), Spring; (C), Summer; (D), Autumn; (E), Winter. unit: mm.
Figures 2B–E illustrate the spatial pattern of mean OBS seasonal precipitation over CA. In spring and winter, Areas with abundant precipitation are mainly distributed in the SECA (Figures 2B,E).The area-averaged precipitation was 99.6 and 86.4 mm, respectively. In contrast, less precipitation was observed in NCA during the cold seasons. The highest precipitation in the past 21 years over NCA concentrate in summer. In general, the annual and seasonal evolution of the OBS precipitation across CA were characterized by two major features: (1) mean annual precipitation decreased from the southeast to the north and southwest parts of the CA; and (2) there was more precipitation in the cold seasons (spring and winter) than in the warm seasons (summer and autumn). These two features of precipitation based on data from 49 rain gauges are consistent with those documented in the literature (Chen et al., 2009).
Evaluation of Gridded Daily Precipitation Products Against Rain Gauge Observations
Figure 3 shows the spatial distribution of OBS, APHRODITE, GPCC, and CPC mean daily precipitation during 1985–2005 over CA. The OBS and three gridded products interpolated into each site displayed in (Figure 3A,B1–B3), and the gridded precipitation presented in (Figure 3C1–C3). All these three products accurately reproduced the spatial distribution of mean daily precipitation.
[image: Figure 3]FIGURE 3 | Spatial patterns of daily mean precipitation for gauge-observed and three gauge-based gridded products in the CA during 1985−2005. (A), OBS; (B1 And C1) APHRODITE; (B2 And C2), GPCC; (B3 And C3), CPC. unit: mm/day.
The spatial pattern of mean daily OBS precipitation (Figure 3A) was similar to the mean annual precipitation, presented an apparent decrease trend of precipitation from the southeast to north of CA. With the large mean daily precipitation in SECA (whithin 1–2 mm/ day), followed by NCA (whithin 0.6–0.8 mm/ day), and was the lowest in SWCA (less than 0.6 mm/ day). All three products captured the spatial distribution of mean daily precipitation characyeristics well, while CPC underestimated daily precipitation in the SECA area (Figure 3B3). The precipitation of five sites both in NCA and SWCA, and fifteen sites in SECA from CPC was lower than that of OBS. CPC had more sites where precipitation was underestimated as compared to APHRODITE and GPCC. Figures 3C1–C3 show the spatial distribution of gridded daily precipitation derived from APHRODITE, GPCC and CPC reflected the same features. However, GPCC showed more rainy in the NCA than APHRODITE and CPC. CPC showed that precipitation is scarce in SECA as compared to the other two products.
Figure 4 shows the density-colored scatterplots of 49 OBS mean daily precipitation versus three interpolated gridded products over the entire CA and subareas from 1985 to 2005 at daily scale. The correlation coefficients (R) derived from the three gridded products and OBS over the entire area and subareas were above 0.83, GPCC and APHRODITE more agreement with the OBS. The regression coefficient between GPCC and OBS was the highest, and almost coincided with the 1:1 line. In addition, the RMSE of GPCC displayed a lower value (0.28 mm/ day) and positive bias. APHRODITE also fitted well with OBS daily precipitation, while CPC showed worse performance with significantly underestimated values (RBias = −24.39%). Both APHRODITE and GPCC are performance better than CPC, as these has high Rs value (0.978 and 0.969) and low RMSEs value (0.24 mm/day and 0.28 mm/ day). CPC performs poorest as it exhibits the lowest R (0.84) and highest RMSE and RBias of 0.49 mm/ day and –24.39%, respectively. In the semi-arid climatic region (NCA, Figure 4B), all three products underestimated OBS daily precipitation, and the RBias were −12.39%, −3.02%, and −15.89% for APHRODITE, GPCC and CPC, respectively. RMSE values for APHRODITE, GPCC, and CPC were 0.57 mm/ day, 0.49 mm/ day, and 0.56 mm/ day, respectively. GPCC was obviously superior than other two precipitation products for higher R and lower RMSE. Based on the statistical index, APHRODITE performs best among the three products in SWCA region. GPCC ranks second with smaller Bias (Figure 4C). Figure 4D shows that the APHRODITE products had high accuracy with largest R (0.986) and lowest RMSE (0.42 mm/ day) at the daily scale in SECA region. The performance of GPCC was comparable than that of CPC, with the slightly better R and RMSE value. In general, CPC underestimated the daily precipitation over the whole CA. Based on RMSE that the error of CPC is larger than that of both APHRODITE and GPCC, the accuracy of CPC in daily scale is significantly lower than other two products.
[image: Figure 4]FIGURE 4 | Scatter plots of OBS daily precipitation versus APHRODITE (yellow circle), GPCC (green pentagon), CPC(blue triangle) over CA (A) and sub-regions (B–D) from January 11,985 to December 31, 2005. (B) represent in the NCA; (C) represent in the SWCA; (D) represent in the SECA.The black dotted lines are the 1:1 line, and the yellow, green, and blue solid lines represents the linear regression fitting lines for APHRODITE, GPCC, and CPC, respectively.
Figure 5 shows the spatial distribution of the four statistical metrics for APHRODITE, GPCC, and CPC products against with OBS over the CA from 1985 to 2005. Figures 5A–C show the spatial distribution of R derived from three interpolated gauge-based gridded precipitation datasets in each individual station. All three gridded products displayed a strong correlation, with R values higher than 0.8 accounting for 83.7, 83.7, and 65.3% of all stations for APHRODITE, GPCC and CPC, respectively. Figure 5A shows the higher R values of APHRODITE located in the SWCA and SECA. Figures 5B,C indicates the R values of GPCC (CPC) in NCA and SECA were marginally higher than those in the SWCA. Figures 5D–F show the spatial distribution of RMSE in each individual sites. The mean RMSE values of APHRODITE, GPCC, and CPC over the entire CA were 1.46 mm/ day, 1.5 mm/ day, and 1.73 mm/ day, respectively. The RMSE values of APHRODITE were higher than those of GPCC and CPC in the NCA. In the arid desert climatic zone (SWCA), the RMSEs were the lowest, the number of stations marked by blue (higher than 1.5 mm/ day) of CPC (Figure 5F) over SECA were more than that of APHRODITE and GPCC, which indicates that RMSE values of CPC were higher than those of APHRODITE and GPCC. The spatial distribution of Bias for each pair of products were depict in Figures 5G–I. Approximately 59.2% of the stations showed positive bias for APHRODITE and GPCC against OBS CPC underestimated daily precipitation over almost all the regions, 95.9% of the stations showed negative bias of CPC across the entire CA. The last column in Figure 5 shows the spatial distribution of RBias between gridded products versus OBS. Better performance in terms of RBias values at the range of −10 to 10% that was mainly distributed in SECA (SWCA) for the APHRODITE (GPCC) products. In general, both APHRODITE and GPCC products shows positive deviation in most regions, while CPC present large negative deiation over almost all the CA.
[image: Figure 5]FIGURE 5 | Spatial distribution of statistical metrics for three gridded daily precipitation products over the CA from 1985 to 2005. (Each row is APHRODITE, GPCC, and CPC. Each column is R, RMSE, Bias, and RBias. (A), (D), (G), and (J) for APHRODITE; (B), (E), (H), and (K) for GPCC; (C), (F), (I), and (L) for CPC).
Annual and Seasonal Cycle
The monthly change of regional precipitation for OBS and three interpolated products from 1985 to 2005 over CA and each sub-regions were given in Figure 6. It is clearly indicate that there are seasonal differences in each climatic zones. Figure 6A shows the precipitation in the entire CA is concentrated in spring and winter from March to May and from November to December, respectively. In SWCA (Figure 6C) and SECA (Figure 6D), a similar monthly precipitation pattern was illustrated as in CA, corresponding to the double peak precipitation type. On the contrary, monthly precipitation is concentrated in summer from May to August in NCA (Figure 6B), corresponding to the single peak type, where the maximum value occurred in July (43 mm/ month).
[image: Figure 6]FIGURE 6 | The annual cycle of the OBS (gray columnar), APHRODITE (yellow circled line), GPCC (Green pentagonal line), and CPC (Blue line with triangles) precipitation over the CA (A) and sub-regions (B), NCA; (C), SWCA; (D), SECA during 1985−2005. (The numbers in the upper left corner of each sub-figures represent the regional average precipitation in spring, summer, autumn and winter calculated by each product, respectively.)
Monthly precipitation obtained from all three gridded precipitation products was consistent with the variation of OBS in each region. In NCA (Figure 6B), the monthly precipitation estimated by the three interpolated gridded products reasonably described the actual observations while GPCC was the closest. In general, variations of monthly precipitation from three products were similar to the OBS, and the estimates of monthly precipitation from APHRODITE and GPCC were closer to OBS has better performance. while the CPC product underestimated the precipitation obtained from gauge measurements and showed poor performance.
The statistical metrics (R, RMSE, Bias, and RBias) are computed from gridded products against with OBS over CA and its sub-regions during 1985–2005. The specific results are shown in Figure 7. In terms of R, all three products showed strong correlations with OBS over CA at monthly scale, with the values ranges from 0.8 to 1 (Figure 7A). The RMSE was high from March to April and October to December, and low from June to September (Figure 7D). This is consistent with the monthly precipitation over CA, though CPC performed worse than APHRODITE and GPCC. As for Bias (Figure 7I), the results show that APHRODITE underestimated the precipitation, except in July. The GPCC overestimated the monthly precipitation from April to July. CPC had a large error and poor performance. Figures 7B,F,J,N illustrates that the agreement between OBS monthly precipitation and the three gridded products was higher over the NCA. The results of RMSE and Bias show that GPCC had a lower error and better performance than APHRODITE and CPC. APHRODITE and CPC underestimated and had the worst performance for precipitation during the rainy season (from June to August). In the mainly arid desert SWCA area, with respect to RMSE (Figure 7G), the three gridded products showed low errors in scarce precipitation months (from June to September), and APHRODITE had lower error than GPCC and CPC. APHRODITE and GPCC showed better performance than CPC, as reflected by the results of Bias (Figure 7K) and RBias (Figure 7K), and CPC had the highest negative deviation with the ranges from −22.9% to −13.7%. Based on the R values over the SECA region (Figure 7C), the three gridded products had relatively higher correlations in most months (except July and August). APHRODITE had lower RMSE values than GPCC and CPC at the monthly scale, APHRODITE and GPCC underestimated the precipitation during the rainy months and overestimated precipitation in the scarce precipitation months (from June to September), and CPC tended to underestimate precipitation. APHRODITE and GPCC showed better performance than CPC, as reflected by the results of RBias.
[image: Figure 7]FIGURE 7 | The statistics metrics of average precipitation comparing the OBS with APHRODITE (yellow), GPCC (green) and CPC (blue) at monthly scale for the different regions. (A), (E), (I), and (M) for CA; (B), (F), (J), and (N) for NCA; (C), (G), (K), and (O) for SWCA; (D), (H), (L), and (P) for SECA.
For CA and each sub-region, the results for statistic metrics of the three gridded products versus OBS precipitation at seasonal scale, sorted from bad to good performance was supplied in Figure 8. It can be seen that all three gridded products had higher correlations (>0.87, statistically significant at the 99% confidence level), and the R values of APHRODITE and GPCC were larger than that of CPC across CA in all seasons. The RMSE values of APHRODITE were lower than those of GPCC and CPC, Bias and RBias of GPCC were positive and the values were lower than those of APHRODITE and CPC across CA in Spring, Summer, and Winter. In all seasons, the GPCC product has a lower error and good performance than APHRODITE and CPC over NCA. In Spring, GPCC overestimated precipitation, and APHRODITE and CPC underestimations. The RBias values of APHRODITE, GPCC, and CPC were −9.68%, 0.6%, and −15.41%, respectively. The three gridded products underestimated precipitation in Summer, Autumn, and Winter. The RMSE of GPCC was less than that of APHRODITE and CPC in summer over SWCA (0.21 mm/ day for GPCC, 0.23 mm/ day for APHRODITE, and 0.26 mm/ day for CPC). APHRODITE performed better than GPCC and CPC during Spring, Autumn, and Winter seasons. Additionally, GPCC overestimated precipitation, and both APHRODITE and CPC were underestimated precipitation in all seasons over the SWCA area. APHRODITE and GPCC performed better than CPC in all seasons over SECA. Precipitation in the SECA region was overestimated by APHRODITE during Summer (RBias of 13.45%) and underestimated in other seasons. The GPCC product overestimated precipitation in Spring and Summer (RBias for Spring was 2.07% and for summer was 12.73%).
[image: Figure 8]FIGURE 8 | statistic metrics of daily precipitation between OBS and three gridded products over the CA and subregion at seasonal scale.
Validation the Capacity of Three Precipitation Products at Annual Scale
Figure 9 shows the time series of the interannual variability of precipitation derived from OBS and gridded products over CA and three sub-regions period of 1985–2005. The amplitude in terms of the interannual variability for three gridded precipitation products are basically consistent with OBS, but they had apperent differences in the magnitude and trends over whole CA and each sub-regions. Both GPCC and APHRODITE has a similar trend with OBS in each region, while GPCC performs outstand.
[image: Figure 9]FIGURE 9 | Annual precipitation variations for OBS (red line with square), APHRODITE (yellow circled line), GPCC (green pentagonal line), and CPC (blue line with triangles) in the CA (A), NCA (B), SWCA (C), and SECA (D) from 1985 to 2005 ( unit:mm ).
The dispersion of boxplots of the statistical metrics for three gridded precipitation products over CA and sub-areas during 1985–2005 were illustrated in Figure 10. APHRODITE showed largest R (within 0.93–0.99) and smallest RMSE (varied from 0.15 to 0.36 mm/ day, with the medians value at 0.23 mm/ day), which indicated that APHRODITE performed best among the three gridded products over the entire CA (Figures 10A,E). GPCC and CPC showed relatively large error based on RMSE, whoes values of GPCC and CPC varied from 0.16 to 0.49 mm/ day and from 0.26 to 0.76 mm/ day, respectively. For the perspective of RBias, APHRODITE and CPC were underestimated the annual precipitation while GPCC overestimated with the 0.74% medians of RBias (Figure 10I) over the entire CA.
[image: Figure 10]FIGURE 10 | Boxplots of the statistical metrics derive APHRODITE (yellow), GPCC (green) and CPC (blue) daily precipitation from OBS in the CA (A), (E), and (I); NCA (B), (F), and (J); SWCA (C), (G), and (K); SECA (D), (H), and (L). (Two dots in bottom and top for each box represent minimum and maximum value, respectively. Three lines from bottom to top represent 25th percentile, 50th percentile and 75th percentile, respectively. The inside box represent the mean values. ).
The second row shows the boxblots of statistical metrics from three precipitation products at annual scale over NCA (Figures 10B,F,J). Figure 10B shows thes R values of GPCC were higher than those of APHRODITE and CPC. The RMSE values of GPCC were lower than that of APHRODITE and CPC, the medians RMSE of GPCC, APHRODITE, and GPCC were 0.47 mm/ day, 0.54 mm/ day, 0.54 mm/day, respectively. (Figure 10F). The medians RBias values was −12.19% for APHRODITE, −2.79% for GPCC, and −15.88% for CPC. The large deviations are derived from OBS precipitation data and APHRODITE and CPC products. Figures 10C,G,K shows the results for R, RMSE, and RBias in the SWCA sub-area. APHRODITE accurately estimated precipitation, as reflected by a higher R (0.8–0.97 with medians value of 0.92), lower RMSE (0.19–0.44 mm/ day with a medians value of 0.29 mm/ day), and lower RBias (−11.7–2.29% with a medians value of −4.58%). GPCC performed better as the mean RBias values were lower (−3.02–17.63% with a medians value of 3.96%), which overestimated precipitation at the annual scale. In contrast, CPC showed the worst performance with lower R (0.53–0.96 with a medians value of 0.86), higher RMSE (0.21–0.69 mm/ day with a medians value of 0.39 mm/ day), and lower RBias (−0.15–34.42% with a mean value of −18.87%) over the SWCA area. Figures 10D,H,L shows the R, RMSE, and Bias of the three products in the SECA region. As shown in Figure 10D, the mean R values of both APHRODITE and GPCC precipitation gridded products were higher that of CPC (the medians R values were 0.98 for APHRODITE, 0.97 for GPCC, and 0.93 for CPC). Figure 10H shows that the mean RMSE value of APHRODITE was lower than those of GPCC and CPC (medians values were 0.39 mm/ day for APHRODITE, 0.51 mm/ day for GPCC, and 1.04 mm/ day for CPC). Figure 10L shows that the medians RBias value of APHRODITE was lower than those of GPCC and CPC (medians value of APHRODITE was −2.1%, of GPCC was 1.48%, and of CPC was −21.12%). APHRODITE and CPC underestimated the precipitation over SECA region.
To clarify the gauge-based gridded precipitation data in reproduce the spatial patten of the interannual variability, Figure 11 depicts the spatial distribution of the annual precipitation linear trends over CA and subregions during 1985–2005. As shown in Figure 11A, the OBS precipitation displayed widespread significant increasing trends across the entire region of CA with 85.71% of stations having a rate of 20.01 mm/10a (Figure 11A). The annual precipitation for NCA, SWCA, and SECA sub-regions of CA showed rising trends at 83.33, 89.47, and 83.33% of the stations, with rates of 18.7 mm/10a, 5.9 mm/10a, and 36 mm/10 a, respectively.
[image: Figure 11]FIGURE 11 | Spatial distribution of the annual precipitation trend of OBS (A), APHRODITE (B1), GPCC (C1) and CPC (D1) over the CA from 1985 to 2005 (the black dots represent trends were significant at the 0.05 level ).
Figures 11B1,C1,D1 displays three interpolated gridded precipitation products for each site for the period 1985–2005. The annual precipitation trends of APHRODITE were generally lower than those of GPCC and CPC (the trend of APHRODITE was 6.95 mm/10 a, of GPCC was 17.33 mm/10 a, and of CPC was 33.11 mm/10 a) over the whole CA. The GPCC product tendencies were in agreement with the OBS, while the APHRODITE underestimated and CPC significantly overestimated the precipitation trends for rain gauges over CA. In the NCA (Figure 11B1), the annual precipitation displayed increasing trends at 14.5 mm/10 a, 15.7 mm/10 a, and 23.4 mm/10a for APHRODITE, GPCC, and CPC, respectively. This indicates that APHRODITE and GPCC underestimated the precipitation trends, while the CPC product overestimated precipitation trends in the entire NCA. In the SWCA (Figure 11C1), APHRODITE generally matched the precipitation trends over 21 years of OBS (OBS = 5.9 mm/10 a, APHRODITE = 5.6 mm/10 a). GPCC and CPC overestimated the trends of precipitation (OBS = 7.4 mm/10 a, APHRODITE = 23.4 mm/10 a). In the SECA with higher elevation regions (Figure 11D1), APHRODITE underestimated the trends of annual precipitation, while CPC significantly overestimated (annual precipitation trend for APHRODITE was 12.8 mm/10 a and for CPC was 52.7 mm/10 a). The GPCC results were in agreement with OBS at a rate of 37.4 mm/10 a. Figures 11B2,C2,D2 shows the gridded distribution of annual precipitation trends of APHRODITE, GPCC, and CPC. The distribution of APHRODITE and GPCC was similar, though APHRODITE exhibited a decreasing trend in most parts of the SECA than GPCC. CPC showed an increasing trend in most regions of the CA, and overestimated the interannual variability for the underestimation of the climatology.
CONCLUSION AND DISCUSSION
In this study, we systematical evaluated three gridded daily precipitation products (APHRODITE, GPCC, and CPC) by compared against with 49 rain gauge observations (OBS) employed four statistical metrics (R, Bias, RMSE, and RBias) in the period of 1985–2005 over CA, a region with complex climate conditions and topographic. The major conclusions are summarized as follows.
Based on the map of the köppen climatic classification divided the entire CA into three sub-regions, which is a temperate continental climate (Dfa) zone in the Northern CA (NCA), dry arid desert climate (BWk) zone in the Southwestern CA (SWCA), and the Mediterranean continental climate (Dsb) zone in the Southeastern CA (SECA). Overall, the three products can reproduce the mean climatology, annual cycle, and interannual variability of precipitation with OBS. The spatial distribution pattern of mean annual and daily precipitation decreased from the SECA to the NCA and SWCA, and the precipitation was highest in winter and spring and lower in summer over CA, SECA, and SWCA. On the contrary, the precipitation was mainly concentrated in the summer across NCA.
Considering the different time scales (daily, monthly, seasonal, and yearly), APHRODITE and GPCC has a fairly well performance than CPC. In terms of daily scale, the statistical results of R indicated that all three datasets had higher correlations with OBS in CA and each sub-region. According to the RMSE and Bias, GPCC performs best among three products with the lowest RMSE (0.28 mm/ day) and positive lowest RBias (0.71%). APHRODITE ranks second, CPC performs worst in the whole CA. The statistical metrics of GPCC (APHRODITE) to evaluated daily precipitation in the NCA (SECA and SWCA) is obviously superior than that in southern parts of CA (NCA). Since there exhibits different variation distribution in annual cycle precipitation over CA, the statistical metrics are display similar amplitudes with monthly precipitation. APHRODITE shows the better performance in CA, SWCA, and SECA regions with higher R and lower RMSE, and performs well in dry seasons than wet seasons. GPCC exhibits more accurary in wet months in NCA. CPC quantitatively underestimated the magnitude of precipitation over most regions of CA for all months. The bias in variability was larger in mountainous areas than in plain areas. The interannual variability reveal that APHRODITE and GPCC has capable of qualitatively changing the precipitation of CA, whereas CPC is not reliable.
All gridded products are associated with uncertain, the algorithm error, and influenced by limited number of stations to interpolate schemes. The multiple scales characteristics and errors of the APHRODITE, GPCC, and CPC products were quantitatively and qualitatively evaluated over CA the results provides interesting insights into daily precipitation estimation in data scarce regions, and benefit to many scientific studies and applications in CA.
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'n, is the number of days; O, represent the observed precipitation by rain gauge (mm); Gi,represent the estimated precipitation from gridded products (mm); O and G, are the mean values
in comesponding period (mm).
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