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Abstract

:

SM2RAIN is a well-established methodology for estimating precipitation from satellite or observed soil moisture and it has been applied as a complementary approach to conventional precipitation monitoring methods. However, satellite soil moisture retrievals are usually subject to various biases and limited number of retrievals (and therefore large intervals) in remote areas, such as the Tibetan Plateau (TP), and little is known about their potential impacts on precipitation estimation. This study seeks to quantify the uncertainties in Soil Moisture Active and Passive (SMAP) soil moisture estimated precipitation through the commonly used SM2RAIN by referring to in situ soil moisture observations from the central Tibetan Plateau soil moisture network. The estimated precipitation is evaluated against rain gauge observations. Additional attention is paid to different orbits of the SMAP retrievals. Results show that the original SM2RAIN algorithm tends to underestimate the precipitation amount in the central TP when using SMAP soil moisture retrievals as input. The retrieval accuracy and sampling interval of SMAP soil moisture from ascending (descending) orbits each count for 1.04 mm/5 d (−0.18 mm/5 d) and 1.67 mm/5 d (0.72 mm/5 d) of estimated precipitation uncertainties as represented by root mean square error. Besides, the descending product of SMAP with a relatively less sampling interval and higher retrieval accuracy outperforms the ascending one in estimating precipitation, and the combination of both two orbits does add value to the overall SM2RAIN estimation. This study is expected to provide guidance for future applications of SM2RAIN-derived precipitation. Meanwhile, more reliable SM2RAIN precipitation estimations are desired when using higher quality satellite soil moisture products with better retrieval accuracy and smaller intervals.






Keywords:


SM2RAIN; uncertainty quantification; Tibetan Plateau; SMAP; precipitation












1. Introduction


Precipitation is one of the pivotal driving factors of surface hydrological processes and serves as an essential parameter in land–atmospheric interactions. Given its fundamental importance, accurate estimation of precipitation is crucial across various fields, including climate change, weather forecasting, hydrologic applications, and societal activities [1,2,3,4]. Generally, precipitation is obtained through ground monitoring networks (e.g., rain gauges and radars), meteorological and numerical weather prediction models [5,6], and more recently, by satellite observations [7].



Ground-based observations are believed to be more accurate, yet are prone to limited spatial representativeness (e.g., for rain gauges) and reflectivity issues (e.g., for meteorological radars) [8]. Alternatively, precipitation in areas without reliable ground observations can be obtained by model simulation. However, these estimates are also prone to large uncertainties due to model imperfections, particularly in areas with scarce ground observations [9]. Satellite remote sensing has been widely employed to monitor precipitation over the last decades. It can produce gridded precipitation with different spatial resolutions and coverages, thus filling gaps regarding the spatial representativeness. The problem is that it indirectly estimates instantaneous precipitation through atmospheric signals [10] and thus may fail to reproduce the real surface precipitation, for instance, the “top-down” approach [11].



The soil moisture has a strong physical connection with precipitation, whereby the soil moisture exhibits a sudden increase after precipitation occurs, and gradually decreases with processes, such as evapotranspiration and drainage. Based on this, a “bottom-up” approach (i.e., the SM2RAIN algorithm) has been proposed by Brocca et al. [11] recently. The basic assumption of this algorithm is to treat the soil as a naturally formed rain gauge to measure precipitation. It estimates accumulated rather than instantaneous precipitation using consecutive in situ or satellite soil moisture as input by inverting the soil water balance equation. Over the past decades, the SM2RAIN algorithm has been successfully applied at regional and global scales to produce precipitation datasets [11,12,13,14,15,16,17,18], offering good results, and those datasets have been employed in hydrological and water resources applications [4,19,20,21,22,23]. Besides, it has been utilized as an indirect method to evaluate satellite-based soil moisture products [24]. Moreover, as an independent precipitation data source, SM2RAIN-derived precipitation can act as complementary to conventional precipitation estimate methods and offer a unique opportunity for applying the Triple Collocation [25] analysis worldwide, especially in poorly gauged areas. Additionally, its integration with the “top-down” approach has been successfully examined (e.g., [12,26,27]). However, the accuracy of the bottom-up approach is strongly influenced by the quality of the input satellite soil moisture products as demonstrated by Brocca et al. [15]. Further, as to our knowledge, few studies have systematically investigated the error sources of the SM2RAIN algorithm when using satellite soil moisture as input.



The Tibetan Plateau (TP) plays an important role in regional and global climate. However, due to the harsh environment, ground observations have been extremely sparse over this region, especially over the western TP [28,29]. Currently available precipitation products over TP are also subject to large uncertainties, such as significant systematic and random errors in satellite retrievals [30] and obvious wet bias in modeled precipitation [31]. Several studies have been conducted to assess the quality of SM2RAIN-derived precipitation in the TP. For example, Fan et al. [32] suggested slightly larger bias and less detectability of SM2RAIN-ASCAT as compared to Integrated Multi-satellitE Retrievals for Global Precipitation Measurement (IMERG) in this specific region. This is probably due to the large uncertainty in the input satellite soil moisture product [33] and the fact that it is commonly influenced by radio frequency interference, which leads to a large sampling interval and therefore less effective retrievals [34].



This study intends to attribute the uncertainty in SM2RAIN estimated precipitation with regard to the aforementioned issues with the satellite soil moisture product, namely, the retrieval accuracy and sampling interval, and to quantify their impacts by using in situ soil moisture observations. The well testified SM2RAIN algorithm that was established by Brocca et al. [11] is adopted as the baseline algorithm. Meanwhile, the Naqu area in the central TP with extensive in situ soil moisture observations from the Central Tibetan Plateau Soil Moisture and Temperature Monitoring Network (CTP-SMTMN [35]) is selected as the study area. Soil moisture retrievals from the Soil Moisture Active Passive (SMAP) soil moisture product is adopted as the input to estimate precipitation. The SMAP satellite was launched by the National Aeronautics and Space Administration (NASA) on 31 January 2015, and is featured with relatively more reliable retrievals and less noise from radio frequency interference (RFI) [36,37,38,39]. In general, the descending soil moisture retrievals (6:00 A.M. at local solar time) are commonly adopted by researchers due to their relatively higher quality than the ascending (6:00 P.M. at local solar time) data because of more favorable thermal equilibrium conditions between vegetation and near surface soil [40,41]. Based on the above, the impact of retrieval accuracy and sampling interval on SM2RAIN estimates is derived by using two different soil moisture datasets (i.e., SMAP and in situ soil moisture observations) with the same sampling intervals as input, and the same soil moisture datasets (i.e., in situ soil moisture observations) with different sampling intervals as input, respectively. To address different impacts from these two orbits, both the ascending and descending orbits are evaluated. It should be noted that the major focus of this study is to propose a way of quantifying uncertainties with regard to satellite soil moisture input during the SM2RAIN implementation. The improvement of the current SM2RAIN algorithm and the production of the regional or global precipitation product is beyond the scope of the current study and will be addressed in future studies.



The paper is organized as follows: Section 2 describes the study area, datasets, and methods, Section 3 the research results, followed by conclusions and discussions in Section 4.




2. Data and Methods


2.1. Study Area


The study area is located in the central Tibetan Plateau around the city of Naqu, where the CTP-SMTMN (91.5°E–92.5°E, 31°N–32°N) is situated (Figure 1). This region falls into the cold semi-arid climate zone and is characterized by a relatively flat terrain with rolling hills. The ecosystem is dominated by alpine grasslands and alpine meadows, which exerts less impact on the L–band passive microwave remote sensing of soil moisture (e.g., SMAP). The main soil texture classes are sands and sandy loam [42] with a high infiltration rate, making it hard for precipitation to form surface runoff. Precipitation mainly occurs during the rainy season (i.e., June–September, JJAS), accounting for about 70% of the total precipitation throughout the year. There is a typical freeze–thaw cycle here [35], and therefore, the analysis was conducted during the rainy season to avoid the impacts from freezing soil and/or snow cover.




2.2. Datasets


Two soil moisture products and one evapotranspiration product, namely, in situ soil moisture observations collected from CTP-SMTMN, satellite soil moisture retrievals from SMAP, and modeled evapotranspiration product from the version 2 of the Penman–Monteith–Leuning model (PML-V2), were spatially aggregated into 100 km averages using a simple arithmetic average and then utilized as input for SM2RAIN to derive precipitation. Rain gauge observations from a China Meteorological Administration (CMA) station were used as a reference for the calibration of SM2RAIN parameters and the evaluation of the estimated precipitation amount. Additionally, the IMERG Final run precipitation was used to investigate the representativeness of the CMA rain gauge station.



2.2.1. Soil Moisture Datasets


CTP-SMTMN is a dense monitoring network composed of 56 stations (indicated by black dots in Figure 1b) primarily located in grasslands at elevations ranging from 4470 to 4950 m. At each station, soil moisture is measured by 5TM and EC-TM capacitance probes from METER, USA (https://www.metergroup.com/, accessed on 11 October 2022), at four depths: 0–5 cm, 10 cm, 20 cm, and 40 cm, and recorded every 30 min [35]. These sensors measure volumetric water content (VWC) based on the relationship between soil dielectric constant and soil liquid water and have been carefully calibrated station by station to take into account the impact of high soil organic carbon (SOC) on soil moisture measurements [35]. All data have been meticulously quality controlled by checking the soil moisture series to eliminate suspected or erroneous data, resulting in more accurate results. Soil moisture ranges from 0.40 to 0.55 at a depth of 0–10 cm [43]. It is usually high due to the higher SOC at the topsoil but decreases with increasing soil depth as SOC decreases [44]. To avoid damage to the wireless transmitter by livestock, the data are downloaded and the network status is checked manually after the deep soil thaw (i.e., early June) and before the soil starts to freeze (i.e., late September) each year. The soil moisture dataset is available from the Central Tibetan Plateau Data Center (TPDC, https://www.tpdc.ac.cn/en/, accessed on 11 October 2022), and has been successfully applied in various studies, including soil moisture freeze–thaw monitoring [45,46], soil moisture scaling [47,48], and evaluation of soil moisture products [49]. In this study, surface (0–5 cm) soil moisture measurements that are mostly comparable to the SMAP retrievals during 2015–2018 were used. Figure 2 illustrates the temporal evolution of surface soil moisture time series across all 56 stations in the order of completeness in recorded time series, and for each time point, the areal mean is obtained through averaging over all the available soil moisture measurements. However, it is noticed that some stations have missing data at certain time periods. To examine the impact of data missing on the areal mean soil moisture, we compared the time series of average daily in situ soil moisture from stations with good time series completeness (stations numbered 1–35, i.e., those above the red horizontal line in Figure 2) to those of all stations during JJAS 2015–2018. As shown in Figure 3, the two time series show a high level of consistency, indicating the missing data at some stations should have negligible impact on the areal mean soil moisture estimation.



The SMAP satellite operates in a sun-synchronous orbit at local solar time of 6:00 A.M. (descending) and 6:00 P.M. (ascending). It makes use of the L–band microwave to detect changes in soil moisture within the topsoil layer of 0–5 cm, which is relatively thicker than previous sensors do, and thereby can provide more information on precipitation. In this study, the recently released SMAP Level 3 radiometer global daily soil moisture (SPL3SMP) version 8 [50] with spatial resolutions of 36 km × 36 km was adopted and fed to SM2RAIN to estimate precipitation for this region. This retrieval employed the Dual Channel Algorithm (DCA) as the baseline algorithm to retrieve soil moisture, rather than the Single Channel Algorithm-Vertical Polarization (SCA-V) used in its predecessor (i.e., SPL3SMP version 7). Some studies have demonstrated that the DCA product performed relatively improved or comparable to SCA-V product [51,52,53,54], and it is available at the National Snow and Ice Data Center (NSDIC; https://nsidc.org/data, accessed on 10 September 2022). It is noteworthy that at least six SMAP grids with valid data were used to calculate the areal mean soil moisture to ensure its representativeness (nine SMAP grids totally in the study area).




2.2.2. Precipitation Products


The ground rain gauge observations were obtained from the CMA automatic weather station in Naqu (white triangle in Figure 1b). The data are available from 2006 to present at hourly temporal steps with a data availability of greater than 90%. Meanwhile, it has undergone rigorous quality control as described by Zhang et al. [55]. In this study, the CMA precipitation observations were served as a benchmark for evaluating the SM2RAIN estimates.



The level 3 IMERG product was used mainly to investigate the representativeness of the CMA rain gauge station. This product integrates infrared, passive microwave, and radar observations from the Global Precipitation Measurement (GPM) satellite constellation and provides Early, Late, and Final releases with different latencies. The data are accessible from the Goddard Earth Sciences Data and Information Services Center (GES DISC; https://disc.gsfc.nasa.gov/, accessed on 26 December 2022). Studies have suggested that the Final product, which is corrected using monthly gauge data, outperforms the Early and Late products by capturing precipitation events more effectively and accurately, reflecting the spatiotemporal pattern of precipitation, as well as daily variability [56,57,58,59,60]. In this study, the 0.1° × 0.1°, half-hourly IMERG Final V06 product was used.




2.2.3. Evapotranspiration Dataset


The China PML-V2 terrestrial evapotranspiration, i.e., PML-V2 (China) [61], was fed to SM2RAIN to estimate precipitation. This product has a spatial resolution of 500 m and a temporal resolution of 1 day. Previous study has demonstrated the ability of PML-V2 (China) to accurately represent local evapotranspiration [61]. It is available from the Central Tibetan Plateau Data Center (TPDC, https://www.tpdc.ac.cn/en/, accessed on 11 October 2022) and provides four ET components, including vegetation transpiration, soil evaporation, vaporization of intercepted rainfall, and evaporation from water bodies, ice, and snow. The sum of these four components was used as input to the SM2RAIN algorithm.



Note that as SMAP data are available since 2015 and CMA precipitation is available till 2018, the time window of 2015–2018 is used for the subsequent analysis.





2.3. Methods


2.3.1. The SM2RAIN Algorithm


The SM2RAIN algorithm is based on the soil water balance equation (Equation (1)) to derive accumulated precipitation:


      p  t  =  Z *    d S  t    d t   + r  t  + e  t  + g  t  ,      



(1)




where Z* (mm) is the saturated soil water capacity (soil depth times soil porosity), S(t) (–) is the surface relative soil saturation (0–5 cm), t (d) denotes time, p(t) (mm/d), r(t) (mm/d), e(t) (mm/d), and g(t) (mm/d) are precipitation, surface runoff, actual evapotranspiration, and drainage (deep percolation plus subsurface runoff) rate, respectively.



In this study, a simplified version of the SM2RAIN algorithm is adopted by neglecting the contributions of runoff (i.e., r(t) = 0) over large areas (>20 km) following Brocca et al. [15]. The evapotranspiration rate (e(t)) and drainage rate (g(t)) in Equation (1) are calculated following Brocca et al. [15] and Koster et al. [14]:


      e  t  =  K c  E  T  P M L    t  ,      



(2)






      g  t  =   a S     t − 1    b  + a S    t   b   2  ,      



(3)




where ETPML(t) (mm/d) is the actual evapotranspiration rate obtained from the PML-V2 (China), Kc (–) is a correction factor for taking into account potential bias in the PML-V2 (China) estimates, a (mm/d) is the saturated hydraulic conductivity, and b (–) is the exponent related to the pore size distribution index [62]. Finally, by combining Equations (1)–(3), the precipitation amount can be estimated as:


      p  t  =  Z *    d S  t    d t   +  K c  E  T  P M L    t  +   a S     t − 1    b  + a S    t   b   2  ,      



(4)




where Z*, Kc, a, and b are parameters that need to be calibrated.



Additionally, prior to the SM2RAIN implementation, a nonlinear exponential filter proposed by Brocca et al. [63] was applied to remove noise from the input soil moisture. This introduced two additional parameters, namely, Tbase and Tpot. They represent the minimum value of T (the characteristic time length) corresponding to saturated soil conditions and the parameter allowing to increase T by decreasing the Soil Water Index [63], respectively. The upper and lower boundaries of these parameters were set as listed in Table 1, mostly following Brocca et al. [15] and the associated SM2RAIN source code (available at http://hydrology.irpi.cnr.it/download-area/, accessed on 18 June 2022). Filippucci et al. [16] also illustrated the general range of each parameter over the globe. However, parameter a was determined based on the saturated conductivity measured by Chen et al. [43]. These six parameters (Z*, Kc, a, b, Tbase, and Tpot) were calibrated by minimizing the root mean square error between estimated and observed precipitation (i.e., rain gauge observations from the CMA station) and then fed back to SM2RAIN to estimate precipitation over the entire study period.



The IMERG precipitation with high spatiotemporal resolution (half hourly and 0.1°) was used to investigate the spatial representativeness of the CMA rain gauge station. Specifically, cumulative precipitation curves of the IMERG grid where the CMA station is located and the regional average IMERG precipitation across the 1° network were compared during the rainy season (JJAS) of 2015–2017. The results (as shown in Figure 4) demonstrate close accumulated precipitation and high correlation (0.80, 0.73, and 0.71 for 2015, 2016, 2017, respectively) between them, thereby indicating the feasibility of using centroid CMA rain gauge measurements to represent precipitation over the entire 1° grid.



Figure 5a displays the number of effective retrievals for SMAP ascending and descending soil moisture products during the JJAS 2015–2018. Obviously, SMAP had fewer retrievals in 2015 and 2016, both for ascending and descending data. Thus, SMAP retrievals from 2017 to 2018 were selected for parameter optimization, and 2015–2018 for precipitation estimation. The in situ soil moisture observations, SMAP retrievals, and PML-V2 evapotranspiration were spatially aggregated into 100 km averages using a simple arithmetic method to facilitate uncertainty quantification.




2.3.2. Experimental Design


In this study, three sets of soil moisture data, namely, SMAP_X, OBS_X, OBS_Daily_X were used as inputs for SM2RAIN to estimate precipitation. Here, X stands for a certain sampling time, with X = A, X = D, and X = AD, each corresponding to satellite overpass time of ascending orbit, descending orbit, and both orbits. As such, SMAP_X, OBS_X, and OBS_Daily_X each corresponds to the original SMAP soil moisture retrieval with coarse intervals, the CTP-SMTMN surface soil moisture with the same sampling interval as SMAP, and the CTP-SMTMN surface soil moisture with a finer sampling interval of 1 day. Upon these datasets, two sets of experiments were implemented to investigate the uncertainties in SM2RAIN estimated precipitation. First, the impact of SMAP retrieval accuracy was quantified by comparing precipitation estimates from SMAP_X and OBS_X. Second, the impact of the SMAP original retrieval interval was quantified by comparing precipitation estimates from OBS_X and OBS_Daily_X, and this is so designed to eliminate the impact from retrieval accuracy. Note that the impact of varying retrieval intervals is also worthy studying, yet it is beyond the scope of the current study and will be addressed in future studies. Finally, the difference between satellite orbits and the added value of combining two orbits in estimating precipitation were obtained by comparing x_A, x_D, and x_AD (x = SMAP, OBS, OBS_Daily).




2.3.3. Evaluation Metrics


The SMAP retrievals are often subject to large sampling intervals (e.g., 2–3 days or longer) in the central TP. Therefore, the evaluation of SM2RAIN estimated precipitation was conducted on a coarser time interval basis (5 days in this study). In detail, accumulated precipitation between two adjacent retrievals (interval of N days) was first calculated using Equation (4) and then evenly assigned to each day to form a daily estimation, which was subsequently reaggregated into a 5-day accumulation. It is noteworthy that (1) SM2RAIN estimates were not conducted when the time interval between two soil moisture records exceeded four days; (2) The daily PML-V2 evapotranspiration data were first interpolated to hourly data (by averaging daily data through simple arithmetic averaging), and then aggregated to obtain the corresponding evapotranspiration between two adjacent soil moisture records at different orbits. Finally, the SM2RAIN estimated 5-day accumulated precipitation time series was further compared with rain gauge observations to produce six metrics (Table 2), which measure the performance of the SM2RAIN algorithm with certain soil moisture input.



Specifically, the Pearson correlation coefficient (R) reflecting the degree of consistency between estimated and observed precipitation, mean bias error (BIAS, in mm/5 d) and root mean square error (RMSE, in mm/5 d) characterizing the deviation magnitude of estimated precipitation compared with the observed, were served as statistical metrics. Whereas the probability of detection (POD) indicating the fraction of precipitation events which are correctly identified by the SM2RAIN estimates, false alarm ratio (FAR) representing the fraction of precipitation events which are identified by SM2RAIN estimates but non-events observed by rain gauge, and threat score (TS) that combines POD and FAR, were served as categorical metrics. These metrics, in addition to R, BIAS, and RMSE, were used to appraise the capability of SM2RAIN-derived products in capturing rainfall events. Note that during the evaluation, a threshold value of 0.5 mm/5 d, according to the classification of precipitation in climatology, was used to determine whether there was a precipitation event [64]. Clearly, higher R, lower absolute BIASs, lower RMSE, higher POD, lower FAR, and higher TS indicate better estimation of spatiotemporal variation of precipitation and better detectability of rainfall events.



Furthermore, the magnitude of RMSE was considered (i.e., RMSE obtained with regard to default soil moisture input minus the RMSE obtained with regard to improved soil moisture input) in order to measure the improvement in precipitation estimates upon the use of better satellite soil moisture quality (e.g., data with reduced retrieval uncertainty, smaller sampling interval, and both).






3. Results


3.1. The Impact of Soil Moisture Retrieval Uncertainty


The impact of satellite soil moisture retrieval uncertainty was detected by comparing estimates obtained using soil moisture from different sources but with the same sampling interval (i.e., SMAP_X vs. OBS_X) as input to SM2RAIN. Figure 6, Figure 7, Figure 8 and Figure 9 illustrate the estimated precipitation from SMAP_X and OBS_X compared to the rain gauge observations and the corresponding evaluation metrics. Notably, the substantial amount of missing SMAP ascending retrievals resulted in a significant reduction in precipitation estimates during the period from 2015 to 2016, as depicted in Figure 6.



Taking ascending orbit as an example, SM2RAIN-derived precipitation based on SMAP_A captures almost all precipitation events, except for days with missing soil moisture retrievals (i.e., days colored with gray background in Figure 6(a1)). However, obvious underestimation is observed on some days, especially on the days with intense precipitation (i.e., days around July 2018, and August 2018 in Figure 6(a1)). This may attribute to the fact that when precipitation intensity is high, the soil becomes saturated and difficult to record more information about precipitation. In terms of accumulated precipitation, the SM2RAIN estimates is 801 mm, which is lower than that of the rain gauge observed (i.e., 812 mm). For the quantiles, it tends to exhibit slightly larger values in the lower quantiles but much smaller values in the upper quantiles than the rain gauge observations, indicating that SM2RAIN-derived precipitation based on SMAP_A tends to slightly overestimate low intensity precipitation but largely underestimate extreme high intensity precipitation. In terms of evaluation metrics, it yields statistical metrics of R, RMSE, and BIAS to be 0.66, 10.77 mm/5 d, and −0.26 mm/5 d, respectively, while categorical metrics of POD, FAR, and TS to be 0.45, 0.02, and 0.44, respectively (Figure 7a). Nevertheless, as would be expected, the SM2RAIN estimate is improved with OBS_A, as evidenced by alleviated underestimation in accumulated precipitation amount (Figure 6) and more favorable evaluation metrics (i.e., R, RMSE, and BIAS in Figure 7a).



For the descending orbit, SM2RAIN-derived precipitation based on SMAP_D also performs well in capturing precipitation events, but still significantly underestimates intensive precipitation (see days around June–August 2016, June–July 2017, and Aug 2018 in Figure 8a1). In addition, there is an obvious overestimation for light rainfall events with an intensity of less than 5 mm/5 d (see days around Jun 2015, Aug 2015, Jun 2016, and Sep 2018 in Figure 8a1). With regard to the accumulated precipitation amount, it yields a value of 1215 mm, which is lower than the observed value of 1238 mm. In terms of evaluation metrics, SMAP_D yields statistical metrics of R, RMSE, and BIAS to be 0.72, 8.35 mm/5 d, and −0.33 mm/5 d, respectively, and categorical metrics of POD, FAR, and TS to be 0.73, 0.04, and 0.71, respectively (Figure 7b). The overall underestimation of SMAP_D improves when OBS_D is used as an input, but it is slightly less consistent with the rain gauge observations, as shown in scatterplots in Figure 8. Additionally, all metrics are almost comparable to those of SMAP_D.



For the combined orbit, more precipitation events are detected by SMAP_AD due to more retrievals resulting from less sampling intervals. As shown in Figure 9, SM2RAIN-derived precipitation based on SMAP_AD largely underestimates those that are intensive precipitation (see days around July 2016 and August 2018 in Figure 9(a1)) and overestimates those that are light precipitation (see days around June 2015, June 2016, and September 2017 in Figure 9a1). The estimated accumulated precipitation amount (1314 mm) is lower than that observed by rain gauge (1382 mm). The statistical metrics R, RMSE, and BIAS are 0.78, 8.66 mm/5 d, and −0.91 mm/5 d, respectively, while the categorical metrics POD, FAR, and TS are 0.78, 0.07, and 0.73, respectively (Figure 7c). When OBS_AD is used as input, a slightly degraded performance is observed as evidenced by somewhat large inconsistency with rain gauge observations (Figure 9(b2)) and slightly degraded metrics expect for BIAS (Figure 7c).



From an overall point of view, the SM2RAIN performance significantly improved by reduced uncertainty of ascending soil moisture input, with RMSE reduced by about 1.0 mm/5 d. However, it is not noticeable for the descending and combined orbits, with RMSE increased by about 0.2 mm/5 d and 0.3 mm/5 d, respectively (Figure 10).




3.2. The Impact of Soil Moisture Sampling Interval


The impact of satellite soil moisture original sampling interval was detected by comparing SM2RAIN estimates using soil moisture inputs from the same source but with different sampling intervals (i.e., OBS_X vs. OBS_Daily_X). Figure 11, Figure 12 and Figure 13 illustrate the estimated precipitation from OBS_X and OBS_Daily_X compared to the rain gauge observations.



Taking ascending orbit as an example, SM2RAIN-derived precipitation based on OBS_A demonstrates relatively good agreement with the rain gauge observations. However, it tends to largely underestimate those intensive precipitation (see days around July 2018 and August 2018 in Figure 11(a1)), resulting in an estimated accumulated precipitation amount of 805 mm, which is lower than that of rain gauge observations of 812 mm (Figure 11(a2)). The statistical metrics R, RMSE, and BIAS are 0.73, 9.73 mm/5 d, and −0.16 mm/5 d, respectively, while categorical metrics POD, FAR, and TS are 0.45, 0.02, and 0.44, respectively (Figure 7a). However, by substituting OBS_A with OBS_Daily_A, both the underestimation of intensive precipitation and evaluation metrics are further improved. This is evidenced by (1) better consistency with the rain gauge observations as supported by a better distribution along the 1:1 line and a higher R value of 0.83 (0.73 for OBS_A, Figure 11); (2) superior metrics with RMSE, BIAS, POD, FAR, and TS values of 8.06 mm/5 d, −0.92 mm/5 d, 1.00, 0.02 and 0.98, respectively (Figure 7a).



For the descending orbit, SM2RAIN-derived precipitation based on OBS_D tends to underestimate those precipitation events with intensity larger than 30 mm/5 d (see days around June–August 2016, Jun 2018 and Aug 2018 in Figure 12(a1)). The accumulated precipitation amount obtained from OBS_D is 1222 mm, which is lower than the rain gauge observations of 1238 mm. The evaluation metrics, R, RMSE, BIAS, POD, FAR, and TS are 0.71, 8.53 mm/5 d, −0.23 mm/5 d, 0.73, 0.44 and 0.71, respectively. When OBS_Daily_D is used as input, better performance is obtained as evidenced by higher consistency with the rain gauge observations (Figure 12(b2)) as well as superior metrics except for BIAS (0.78, 7.81 mm/5 d, 1, 0.96 for R, RMSE, POD and TS, respectively) (Figure 7b).



For the combined orbit, despite the improved sampling interval of OBS_AD, underestimation of intensive precipitation (see days around Jun–Aug 2016, Jul 2018, and Aug 2018 in Figure 13(a1)) and overestimation of light precipitation (see days around Aug 2015) are still observed. The accumulated precipitation amount is 1330 mm, which is lower than that of rain gauge observations 1382 mm (Figure 13(a2)). The metrics R, RMSE, BIAS, POD, FAR, and TS are 0.76, 8.92 mm/5 d, −0.69 mm/5 d, 0.78, 0.07, and 0.73, respectively. Nevertheless, OBS_Daily_AD improves the performance of SM2RAIN as indicated by higher consistency with the rain gauge observations (Figure 13(b2)) and marginally improved metrics except for BIAS (0.80, 8.44 mm/5 d, 1, 0.93 for R, RMSE, POD and TS, respectively) (Figure 7c).



In general, the improvements of the SM2RAIN algorithm introduced by reducing the sampling interval of soil moisture input in terms of RMSE are approximately 1.67 mm/5 d, 0.72 mm/5 d, and 0.48 mm/5 d for ascending, descending, and combined orbit, respectively (Figure 10), with 0.96 mm/5 d on average.




3.3. Comparison between Retrieval Uncertainty and Sampling Interval in Precipitation Estimation


The abovementioned evaluation for each soil moisture input indicates that SM2RAIN estimates have a relatively good agreement with rain gauge observations, although it tends to underestimate intensive precipitation and overestimate light precipitation in the central TP. Overall, SM2RAIN exhibits an underestimation in the central TP with negative bias, which is in line with earlier findings of Zhang et al. [27]. This underestimation found in SM2RAIN estimates derived from SMAP retrievals might be related to the underestimation of SMAP soil moisture [65] and the fact that precipitation is unable to drive any soil moisture variation when the soil is close to saturated. Despite this, SM2RAIN-derived precipitation from SMAP retrievals performs better than other SM2RAIN products in the TP. For instance, SMAP estimates yield smaller BIAS (−0.26 mm/5 d, −0.16 mm/5 d, and −0.92 mm/5 d for ascending, descending, and combined orbits, respectively) and larger TS (0.44, 0.44, and 0.98 for ascending, descending, and combined orbits, respectively) as compared to the ASCAT estimates (BIAS: 6 mm/5 d, TS: 0.4–0.5) [27,32]. Thus, there is great potential for SMAP to estimate precipitation through SM2RAIN algorithm.



Meanwhile, the experiment conducted in this study reveals that SM2RAIN estimates can be further improved by reducing the soil moisture retrieval uncertainty and sampling interval (as described in Section 3.1 and Section 3.2), with the latter making a greater contribution. Additionally, to quantify the overall improvement introduced by both SMAP retrieval accuracy and its sampling interval, precipitation estimates from SMAP_X and OBS_Daily_X were compared as well. As shown in Figure 10, the overall uncertainties introduced by both impacts are larger than those of separate impacts in terms of RMSE for ascending (2.71 mm/5 d) orbit, but opposite for descending and combined orbits (0.54 mm/5 d and 0.22 mm/5 d, respectively) (Figure 10). In general, both the impact of soil moisture retrieval uncertainty and sampling interval is more obvious for ascending data than for descending data. This may be ascribed to the fact that SMAP_D is capable of producing reasonable estimates with a smaller sampling interval, thus leaving small room for further improvement with OBS_D. The smallest improvement is observed for combined orbits. Similar to OBS_D over SMAP_D, this may be due to the fact that the joint use of ascending and descending orbits of SMAP retrievals enables more frequent soil moisture observations and thus a finer sampling interval, which allows for the capture of finer precipitation information across the day. As such, it provides a more reliable estimation of precipitation amount with SMAP_AD, and therefore leaves even less room for improvement with OBS_AD. To sum up, the smaller sampling interval is highly desirable to increase the accuracy of SM2RAIN estimates.




3.4. Comparison between Different Orbits


It is found that precipitation estimated from SMAP_D delivers more favorable consistency with rain gauge observations than SMAP_A with higher R (0.72), lower RMSE (8.35 mm/5 d), higher POD (0.73), and higher TS (0.71). As demonstrated in the above section, given the relatively good performance of SM2RAIN based on SMAP_D, OBS_D delivers negligible improvement in precipitation estimation.



To compare the differences in precipitation estimates between various SMAP orbits, Figure 7a was reorganized as Figure 14. Obviously, among all three SM2RAIN estimates with SMAP, SMAP_D and SMAP_AD produce more accurate estimation of precipitation, followed by SMAP_A, as seen from most of the evaluation metrics except for BIAS and FAR. Specifically, SMAP_D outperforms SMAP_AD in terms of RMSE, BIAS, and FAR, while SMAP_AD outperforms SMAP_D in terms of R, POD, and TS. This indicates that better agreement with rain gauge observations can be achieved by considering both ascending and descending orbits. Furthermore, SMAP_D outperforms SMAP_A, probably due to two reasons: (1) relatively more accurate soil moisture retrievals in the morning owing to increased thermal equilibrium conditions among the near-surface air, vegetation canopy, and surface soil, as demonstrated by Dente et al. [66]; (2) more retrievals and smaller sampling intervals for SMAP_D than for SMAP_A, as seen from Figure 5. Hence, the SMAP retrievals from descending and combined orbits are recommended to derive SM2RAIN precipitation products for the central TP.





4. Conclusions


This study investigated the impact of retrieval uncertainty and the sampling interval of input microwave soil moisture (i.e., SMAP) on SM2RAIN precipitation estimates by referring to observed soil moisture in the central TP. Comparisons were made across different soil moisture input sources, including SMAP retrievals from the ascending and descending orbits as well as their combination, and in situ observations sampled from the same overpass time. Findings suggested that:




	(1)

	
SM2RAIN exhibits large uncertainties when SMAP ascending retrievals are used as input (RMSE = 10.77 mm/5 d), while better performance is observed by SMAP descending retrievals (RMSE = 8.35 mm/5 d). This may attribute to less sampling interval and reduced retrieval uncertainty in the morning. Additionally, considering both orbits do add value to SM2RAIN estimates as evidenced by the comparable or improved metrics with the descending orbit.




	(2)

	
Biased SMAP soil moisture retrieval counts for 0.20 mm/5 d of precipitation estimate uncertainty in average for all different orbits, while the discontinuity of SMAP soil moisture retrieval exhibits remarkably larger impact of about 0.96 mm/5 d in average. In total, they count for 1.16 mm/5 d of precipitation estimate uncertainty in average.




	(3)

	
For SM2RAIN estimation with SMAP, it is suggested to use descending or both orbits to achieve better estimation of accumulated precipitation. Meanwhile, efforts are needed to reduce the retrieval uncertainty of SMAP soil moisture to further improve performance of the SM2RAIN algorithm.









Some limitations are recognized in this study. First, this study was carried out only based on a recent release of the SMAP soil moisture, and future analyses using other state-of-the-art soil moisture products with possible improved quality are desired. Second, this study assumed surface runoff to be zero, which may be valid at large scales such as the 100 km CTP-SMTMN area. However, it may be necessary to take into account the potential effects of surface runoff at smaller scales. Besides, the PML-V2 (China) evapotranspiration data are used as input for SM2RAIN, mainly due to its superiority over the global version of the PML-V2 product. While systematic comparison against other available evapotranspiration data is beyond the focus of this study, future investigations are desired to comprehensively study the error sources of the SM2RAIN algorithm.



Despite the above, SMAP satellite soil moisture retrievals hold great potential in estimating precipitation through SM2RAIN, though they still exhibit uncertainties, mainly underestimation, in regions such as the TP. Currently, the descending orbit or the joint use of both orbits of SMAP retrievals is recommended for estimating precipitation with SM2RAIN. Meanwhile, future advancements in satellite retrieved soil moisture, including improving the retrieval accuracy and shortening retrieving intervals, are expected to deliver more reliable precipitation estimation through the SM2RAIN algorithm. As such, SM2RAIN estimation could serve as complementary to conventional precipitation estimation methods, including atmospheric modeling, satellite remote sensing, and rain gauge observations, and better support wide applications in regional climate studies such as drought monitoring, weather forecasting, and crop management, etc.
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Figure 1. (a) The Tibetan Plateau collocated with the Central Tibetan Plateau Soil Moisture Monitoring Network (CTP-SMTMN). (b) Spatial distribution of the soil moisture stations within the CTP-SMTMN (black dots) as well as the China Meteorological Administration (CMA) rain gauge station (white triangle). 
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Figure 2. Time series of half-hourly surface soil moisture (0–5 cm) observed across the 56 stations of CTP-SMTMN from June–September (JJAS) 2015–2018. Note that blanks denote missing data. Stations above the red horizontal line are those with good time series completeness. 
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Figure 3. (a) Comparison of the time series of average daily in situ soil moisture over stations with good time series completeness (stations numbered 1–35, i.e., those above the red horizontal line in Figure 2) (AVE1) and all stations (AVE2) during JJAS 2015–2018, and (b) its corresponding scatterplot. 
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Figure 4. The accumulated precipitation curve of IMERG grid where CMA station is located (Pre_IMERG_NQ) and the regional average IMERG precipitation (Pre_IMERG_RM) during (a) JJAS 2015, (b) JJAS 2016, and (c) JJAS 2017. 
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Figure 5. (a) Barplot of number of effective retrievals and (b) boxplot of sampling intervals for SMAP ascending (SMAP_A) and descending (SMAP_D) soil moisture products during the JJAS 2015–2018. 
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Figure 6. Lineplots and scatterplots of 5-day accumulated precipitation estimated by SM2RAIN (Pest) versus the corresponding rain gauge observations (Pobs) during JJAS 2015–2018. (a1,a2) are the results with SMAP_A as input. (b1,b2) are the results with OBS_A as input. Grey background in the lineplots indicates failed precipitation estimates due to missing satellite soil moisture retrievals. The sPest and sPobs in the scatterplots indicate the total estimated and observed precipitation, respectively. N indicates the number of successful SM2RAIN estimation. 
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Figure 7. Evaluation metrics of SM2RAIN with regard to input of (a) ascending, (b) descending, and (c) combined soil moisture datasets, respectively, during JJAS 2015–2018. 
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Figure 8. Similar to Figure 6, but for SMAP_D (a1,a2) and OBS_D (b1,b2), respectively. 
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Figure 9. Similar to Figure 6, but for SMAP_AD (a1,a2) and OBS_AD (b1,b2), respectively. 
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Figure 10. Improvement in precipitation estimate (in terms of RMSE) with the aid of reduced retrieval uncertainty and smaller sampling interval of soil moisture inputs. RMSE_Diff represents the difference of RMSE with regard to default and referenced soil moisture input. Data_A, Data_D, and Data_AD represent the ascending, descending, and combined soil moisture inputs, respectively. 
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Figure 11. Similar to Figure 6, but for OBS_A (a1,a2) and OBS_Daily_A (b1,b2). 
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Figure 12. Similar to Figure 6, but for OBS_D (a1,a2) and OBS_Daily_D (b1,b2), respectively. 
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Figure 13. Similar to Figure 6, but for OBS_AD (a1,a2) and OBS_Daily_AD (b1,b2), respectively. 
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Figure 14. Evaluation metrics of SM2RAIN-derived precipitation using soil moisture retrievals from SMAP ascending (SMAP_A), descending (SMAP_D), and combined orbits (SMAP_AD) during JJAS 2015–2018. All the metrics are extracted from Figure 7. 
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Table 1. Upper and lower boundaries for parameters in the SM2RAIN algorithm.
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	Parameters
	Lower Boundary
	Upper Boundary





	Z* (mm)
	1
	400



	a (mm/d)
	0
	1800



	b (–)
	1
	50



	Tpot (–)
	0.05
	0.75



	Tbase (–)
	0.05
	3



	Kc (–)
	0.02
	1.98
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Table 2. List of precipitation evaluation metrics. Pobs and Pest represent the observed and SM2RAIN estimated 5 -day accumulated precipitation.
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Metric Classes

	
Metrics

	
Equation

	
Range






	
Statistical

metrics

	
R

	
   R =   c o v    P  e s t   ,  P  o b s       σ    P  e s t     σ    P  o b s         

	
[−1, 1]




	
BIAS (mm/5 d)

	
   B I A S =   ∑  P  e s t   −  P  o b s    N    

	
[–∞, +∞]




	
RMSE (mm/5 d)

	
   R M S E =     ∑      P  e s t   −  P  o b s      2   N      

	
[0, +∞]




	
Categorical

metrics

	
POD

	
   P O D =  H  H + M     

	
[0, 1]




	
FAR

	
   F A R =  F  H + F     

	
[0, 1]




	
TS

	
   T S =  H  H + M + F     

	
[0, 1]








cov and σ indicate the covariance and standard deviation operator; N denotes length of the time series; H, F, and M, each represents precipitation events detected by both rain gauge observations and SM2RAIN estimates, by SM2RAIN estimates but not rain gauge observations, and by rain gauge observations but not SM2RAIN estimates, respectively.
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