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Abstract

:

Satellite-derived soil moisture products have become an important data source for the study of land surface processes and related applications. For satellites with sun-synchronous orbits, these products are typically derived separately for ascending and descending overpasses with different local acquisition times. Moreover, diurnal variations in land surface conditions, and the extent to which they are accurately characterized in retrieval algorithms, lead to distinct systematic and random error characteristics in ascending versus descending soil moisture products. Here, we apply two independent evaluation techniques (triple collocation and direct comparison against sparse ground-based observations) to quantify (correlation-based) accuracy differences in satellite-derived surface soil moisture acquired at different local acquisition times. The orbits from different satellites are separated into two overpass categories: AM (12:00 a.m. to 11:59 a.m. Local Solar Time) and PM (12:00 p.m. to 11:59 p.m. Local Solar Time). Results demonstrate how patterns in the accuracy of AM versus PM retrieval products obtained from a variety of active and passive microwave satellite sensors vary according to land cover and across satellite products with different local acquisition times.
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1. Introduction


Soil moisture is a key state variable in land and atmosphere interactions and plays a critical role in determining the partitioning of precipitation and incoming radiation at the earth’s land surface. An improved observational understanding of soil moisture will therefore contribute to better forecasting of meteorological, hydrological, and agricultural hazards [1]. The increasing scientific recognition and urgent application demand for accurate soil moisture characterization have inspired recent developments towards global surface soil moisture measurement from active and passive microwave satellites.



The Advanced Microwave Scanning Radiometer—Earth Observing System (AMSR-E) was the first passive microwave satellite program to routinely provide global surface soil moisture products [2]. It had a local equator overpass time at 1:30 a.m. (descending) and 1:30 p.m. (ascending) and was in operation from June 2002 to October 2011. Likewise, the active microwave Advanced Scatterometer (ASCAT) was launched in October 2006 and remains in operation. It crosses the equator at 9:30 a.m. and 9:30 p.m. local time for descending and ascending overpasses, respectively, and is being used to derive an operational soil moisture index product [3]. The Soil Moisture and Ocean Salinity (SMOS) was designed and launched in 2009 to measure global soil moisture at 0–5 cm depth with an ascending orbit at 6:00 a.m. and corresponding descending orbit at 6:00 p.m. local equator overpass time [4]. More recently, the Soil Moisture Active Passive (SMAP) mission was launched in January 2015 and has recently started providing radiometer measurements for global soil moisture retrievals at a 36-km spatial resolution [5]. SMAP has a local equatorial crossing time of 6:00 a.m. for its descending orbit and 6:00 p.m. for its ascending orbit. All time stamps are local equator overpass times unless explicitly specified otherwise.



Clear theoretical evidence exists that isothermal conditions found at the near-surface during nighttime (or early morning) aid in the retrieval of surface soil moisture from passive microwave radiometer radiations by limiting temperature-related errors in microwave emission modeling [6]. In addition, errors associated with the impact of Faraday rotations are expected to be minimized during the night [7]. As a result, the application of datasets from passive-based missions has generally focused on the (ascending) 6:00 a.m. overpass for SMOS and the (descending) 1:30 a.m. overpass for AMSR-E. However, other factors exist that may impact the role of acquisition time on soil moisture retrievals accuracy. For example, Aksoy and Johnson [8] found that 6:00 a.m. SMOS observations are prone to radio frequency interference (RFI) contamination over the United States and Northern Canada. Differences in the magnitude of RFI interference levels between ascending and descending overpasses can influence the relative accuracy of corresponding soil moisture retrievals [9]. Likewise, diurnally-varying water within the vegetation canopy will attenuate soil microwave emission, while adding its own emission [10,11]. In particular, during daylight hours, the vegetation canopy loses water through evapotranspiration and becomes relatively more transparent at microwave wavelengths [11,12]. Taken together, these factors imply that some advantages may be associated with afternoon and early-evening retrievals. In fact, several in situ validation studies have already demonstrated that, in certain cases, soil moisture retrievals derived from the 1:30 p.m. AMSR-E overpass are relatively superior to their 1:30 a.m. equivalents [6,13].



An improved characterization of the impact of local acquisition times on soil moisture retrievals accuracy would facilitate not only the optimal blending of global soil moisture observations from both overpasses and multi-satellites, but also aid in future satellite mission design and the parameterization of observation error variances for land data assimilation systems. Moreover, the integrated use of both ascending and descending observations is of potential value for specific applications such as diurnal temperature cycle analysis and agricultural crop yield estimation.



The recent development of large-scale evaluation techniques for surface soil moisture provides a new opportunity to evaluate the relative accuracy of AM (12:00 a.m. to 11:59 a.m. Local Solar Time) versus PM (12:00 p.m. to 11:59 p.m. Local Solar Time) soil moisture retrievals using a top-down empirical approach. Here, we examine the impact of local acquisition times and physical (isothermal) conditions in each individual retrieval algorithm on the correlation-based accuracy of satellite-derived surface soil moisture products retrieved from the application of: (1) the Land Parameter Retrieval Model (LPRM) to AMSR-E, (2) the L-Band Microwave Emission of the Biosphere (L-MEB) algorithm to SMOS, and (3) the TU-Wien change detection algorithm to ASCAT. Two different evaluation techniques are applied: triple collocation analysis [14] and direct comparison against ground-based observations acquired at sparse networks within the contiguous United States (CONUS). Unlike past research, our focus will not be on the comparison of absolute accuracy between sensors. Instead, our goal is an improved understanding of differences in the accuracy of retrievals derived from AM versus PM overpasses and how such differences vary as a function of land cover characteristics.




2. Datasets


Multiple satellite-based surface soil moisture products were assessed in this study, including passive and active microwave retrievals. Model-based soil moisture simulations, ground-based surface soil moisture records, and land cover products provided supportive information for these assessments.



2.1. Satellite-Based Surface Soil Moisture Retrievals


A nine-and-a-half year long passive microwave soil moisture dataset was derived from the AMSR-E sensor aboard the NASA EOS Aqua satellite. AMSR-E products are available from the launch of the AQUA satellite in mid-June 2002 to its failure in October 2011. With a local equator overpass time at 1:30 a.m. (descending)/1:30 p.m. (ascending), the AMSR-E sensor provided nearly daily global coverage measurements at almost 40-km horizontal resolution. Brightness temperatures measured at dual-polarized C-band (6.9 GHz) frequency allowed for the retrieval of surface soil moisture and vegetation optical depth (VOD) using the physically-based Land Parameter Retrieval Model (LPRM; [15]). In areas with significant RFI such as CONUS, Japan, and India, the method switched to the X-band channel (10.7 GHz). Here, the LPRM soil moisture products were separately processed for ascending and descending orbits and re-sampled from their original resolution onto a 0.25° regular grid. Note that LPRM is one of several alternative soil moisture retrieval schemes designed for AMSR-E data. It is chosen for this study because it is relatively well-validated with in situ campaigns [16] and has been used in earlier triple collocation studies [17,18].



The SMOS satellite was launched in November 2009 and is operated by the European Space Agency (ESA) to measure global surface soil moisture at L-band (1.4 GHz) with a 3-day revisit at the equator and ascending/descending overpasses at 6:00 a.m/6:00 p.m. [4]. The SMOS mission aims at monitoring surface soil moisture at a depth of about 3 to 5 cm with 30–50 km spatial resolution. A radiative transfer forward model called L-Band microwave emission of the biosphere (L-MEB) is applied to mimic observed brightness temperatures and soil moisture values are retrieved via minimizing a cost function [19]. Daily global maps of the SMOS level 3 surface soil moisture product produced by the Centre Aval de Traitement des Données (CATDS) were used in the study. Likewise, the ascending and descending orbits were processed separately and re-sampled from the Equal-Area Scalable Earth Grid (EASE-Grid) to a regular 0.25° grid using a nearest-neighbor sampling.



The ASCAT sensor onboard the ESA MetOp satellite is a real-aperture radar instrument operating at C-band (5.255 GHz), which was launched in October 2006. ASCAT has an equatorial local overpass time at 9:30 a.m./9:30 p.m. for descending and ascending orbits, respectively. Backscatter measurements are derived to generate surface soil moisture indices using the empirical TU-Wien soil moisture change detection algorithm (TU-Wien; [3]) with a spatial resolution of 25 km since January 2007. This dataset was also part of earlier triple collocation studies [17,20]. Ascending and descending overpasses were separately processed and, when combined, provide a near-daily soil moisture record at the equator.



Passive microwave soil moisture retrievals (AMSR-E and SMOS) are quantified in units of volumetric soil water content (m3/m3), while ASCAT soil moisture product is generated in degree of saturation (%) units. All satellite products were collected from 1 January 2007 to 31 December 2014, except for SMOS data, which started in January 2010 and AMSR-E data, which ended in October 2011.




2.2. Model-Based Surface Soil Moisture Estimates


The second phase of the North American Land Data Assimilation System (NLDAS-2) project is an integrated offline (uncoupled to the atmosphere) data assimilation system featuring four land surface models (LSMs) driven by observed and reanalysis-based atmospheric forcing data. The NLDAS-2 product spans over 30 years from January 1979 to present and provides model estimates of soil moisture (among many other variables) at a 1/8° spatial resolution over CONUS, southern Canada, and northern Mexico. A detailed description of the NLDAS-2 system can be found in [21].



In this study, the model-based surface soil moisture was extracted from the Noah LSM (Version 2.8), which has been well-evaluated [22] and applied in earlier triple collocation applications [17,23]. The Noah LSM is a one-dimensional soil-atmosphere-vegetation transfer model that simulates soil water and energy processes and their impact on the water/energy balance at the land surface interface. Noah soil profiles were spatially uniformly divided into four layers with depths of 10, 30, 60, and 100 cm. Surface soil moisture values were extracted from the top (0–10 cm) layer and converted from kg/m2 into volumetric water content (m3/m3) by dividing the soil layer thickness under the assumption that the density of water in the soil is 103 kg/m3. Hourly Noah LSM based surface soil moisture data were further aggregated into 0.25° grids from January 2007 to December 2014.




2.3. Ground-Based Surface Soil Moisture Observations


The Soil Climate Analysis Network (SCAN; [24]) is designed and managed by the U.S. Department of Agriculture (USDA) Natural Resources Conservation Service (NRCS) to provide comprehensive and nationwide soil moisture and climate information for natural resource assessments and conservation. Currently, SCAN comprises over 200 stations in U.S. and hourly observations of meteorological and hydrological variables such as precipitation, air temperature, wind speed, relative humidity, soil moisture and soil temperature are routinely collected within SCAN stations. Specifically, soil moisture and soil temperature are measured at depths of 5, 10, 20, 50, and 100 cm, and dielectric constants measured by dielectric probes are converted to volumetric soil moisture in m3/m3. The SCAN soil moisture data have been widely-applied to validate remotely-sensed and modeled soil moisture products [25].



The U.S. Climate Reference Network (USCRN; [26]) is a systematic climate observing network developed by the National Oceanic and Atmospheric Administration’s (NOAA) National Centers for Environmental Information with stations across the CONUS, Alaska, and Hawaii. It provides high-quality, long-term climate-related variables such as temperature, precipitation, and soil moisture and soil temperature observations. USCRN stations are equipped with three soil probes located around the base measuring soil moisture in a vertical profile at depths of 5, 10, 20, 50, and 100 cm. Soil dielectric measurements are sampled every 5 min at the 5-cm depth and hourly at the other four depths. Dielectric measurements are then converted to volumetric soil water content (m3/m3).



Hourly soil moisture observations at the 5 cm depth for both SCAN and USCRN were binned for the comparison of satellite ascending and descending retrievals. Within the combined SCAN/USCRN networks there are 270 sites (158 SCAN and 112 USCRN) with daily coverage from January 2007 to December 2014. In order to be included in the analysis, each site had to provide at least 80 daily observations during this time period.




2.4. Pre-Processing


LPRM AMSR-E surface soil moisture retrievals were masked when the simultaneously retrieved values of vegetation optical depth (VOD) exceeded 0.8—a level at which the soil moisture signal becomes substantially masked by the overlying vegetation [27]. Furthermore, masking was also applied in the rare cases that both the C- and X-band frequencies were deemed suspicious due to the RFI contamination—as identified by Li et al. [28]. SMOS L3 soil moisture products also provide a Data Quality Index (DQX) and RFI probability metric describing soil moisture retrieval error and observational conditions. SMOS retrievals were masked if one of the following criteria was satisfied: (a) DQX is larger than a predefined threshold (0.06); (b) DQX is the filled value; or (c) RFI probability is larger than 0.3 [20]. Three additional data fields are associated with the ASCAT product, of which the noise estimates of the soil moisture indices come from an error propagation scheme for the retrieval algorithm [3]. The ASCAT data were masked out if the surface states were frozen or if processing flags were detected as suspicious.




2.5. Normalized Difference Vegetation Index Product


The Moderate Resolution Imaging Spectroradiometer (MODIS) monthly Normalized Difference Vegetation Index (NDVI; MOD13C2) product [29] was obtained from January 2007 to December 2014 for evaluating soil moisture retrievals. To be consistent with satellite-derived soil moisture retrievals, this product was spatially-aggregated from its native 0.05° resolution to regular 0.25° grids. Monthly NDVI datasets were averaged over the whole study period (Figure 1a) or just the core-summer months (June, July, and August; Figure 1b) to represent the mean-annual or mean-summer NDVI distribution within CONUS, respectively.
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Figure 1. Mean Moderate Resolution Imaging Spectroradiometer (MODIS) Normalized Difference Vegetation Index (NDVI) product averaged over: (a) the entire study temporal period and (b) core summer months only (June, July, and August). 
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3. Methodology


In data assimilation applications, the surface soil moisture anomalies are of the most interest compared to the raw time series, especially when systematic bias exists between satellite retrievals and LSM simulations [30]. Systematic biases are typically removed before data assimilation by matching observations to a reference dataset climatology [31]. Therefore, prior to the assessment of satellite surface soil moisture retrievals, all datasets including remotely-sensed retrievals, modeled estimates, and gauge records were decomposed into their seasonal climatology and seasonal anomaly components. The seasonal climatology was calculated for each day-of-year by moving window averaging of multi-year data within a 31-days window centered on that day-of-year [32]. Anomalies were then calculated by subtracting this seasonal climatology from the original dataset. The resulting soil moisture anomaly time series were evaluated by estimating their correlation-based accuracy using both triple collocation and direct comparison against sparse ground-based observations.



3.1. Triple Collocation


Triple collocation (TC) was developed by Stoffelen [33] to estimate the unknown root mean square errors (RMSEs) of three or more linearly-related measurements over the same geophysical variable with mutually independent errors. Scipal et al. [34] introduced this approach to estimate the error variances of large-scale soil moisture datasets obtained from multiple sources. Currently, TC has already been widely-explored to validate soil moisture datasets from different sources, such as thermal, passive and active microwave satellites, and reanalysis products [17,18,20,23,32,35,36]. The basic assumption is that collocated measurements     Χ i     are related to the underlying true state   T   via an affine error model:


    Χ i  =  α i  +  β i  T +  ε i    



(1)




where   i   refers to different surface soil moisture (SSM) measurements from, for instance, satellite-retrieved product (   S S  M  S A T     ), model-based estimation (   S S  M  M O D     ), and ground-based probe observations (   S S  M  G R N     ). Constants     α i     and     β i     represent calibration constants and     ε i     denotes random errors in the measurement system. The soil moisture RMSEs can then be derived based on the assumption that errors in the measurement triplet are mutually independent of each other and the truth   T  . Though penetration depths vary among different soil moisture retrieval products, the representation difference would have only marginal impact on the TC-based correlation coefficient [18]. Moreover, the impact of various penetration depths can be further weakened with a seasonal climatology anomaly-based analysis of AM versus PM differences.



Here, we apply the extended version of TC method to derive correlation coefficients (RTC) of the soil moisture measurement versus   T   [14]. Extended TC is based on the same assumptions as the classical TC method and estimates the correlation coefficient between   T   and the measurement system   X   as:


    R  T C    (  T , X  )  = s i g n  ( ± )      C o v  (  S S  M X  , S S  M Y   )  C o v  (  S S  M X  , S S  M Z   )    C o v  (  S S  M X  , S S  M X   )  C o v  (  S S  M Y  , S S  M Z   )        



(2)




where   X  ,   Y  , and   Z   can be any triplet of soil moisture measurement systems satisfying TC assumptions, and    C o v    is the sampled covariance between two estimates. In practice, the sign of     R  T C      is always assumed to be positive.



In this study, we constructed triplets based on soil moisture products derived from: passive microwave remote sensing (i.e., SMOS and AMSR-E), active microwave remote sensing (i.e., ASCAT) and the Noah land surface model. Since the physical basis of active microwave retrievals is different from that of passive microwave retrievals, the ASCAT soil moisture product was assumed to have independent error relative to (passive-based) AMSR-E and SMOS retrievals. Likewise, model-based surface soil moisture estimates suffer from a unique combination of imperfect physical process characterization, parameter and meteorological forcing uncertainties. Therefore, errors in all soil moisture triplets were assumed to be mutually-independent.



Given the temporal availability of three collocated datasets, the AMSR-E, ASCAT and Noah (AAN) soil moisture triplet is available between 1 January 2007 and 4 October 2011, and the SMOS, ASCAT and Noah (SAN) triplet is available between 1 January 2010 and 31 December 2014. To reduce unintended noise introduced by different acquisition times when calculating RTC, passive microwave overpasses were matched up with active microwave overpasses under a criterion of minimal temporal differences. That is, the Noah LSM soil moisture data were binned at the middle time of two overpasses (i.e., 11:00 a.m./11:00 p.m. for the AAN triplet and 8:00 a.m./8:00 p.m. for the SAN triplet). Grids with less than 100 collocated soil moisture observations/simulations were eliminated to avoid sample impoverishment.




3.2. Direct Comparison


According to Yilmaz and Crow [37], the two key TC assumptions of error orthogonality and zero error cross correlation may not hold for typical surface soil moisture products and the implicit circumvention of error cross correlation and non-orthogonality can cause TC to underestimate actual error magnitudes. Therefore it is worthwhile to verify TC results against another independent evaluation strategy. To this end, Pearson’s correlation coefficients based on the direct comparison (RDC) between satellite-derived soil moisture retrievals and ground-based observations were also computed to further characterize the effects of different acquisition times:


    R  D C    (  S A T , G R N  )  =    ∑  i = 1  n   (  S S  M  S A T   −   S S  M  S A T    ¯   )   (  S S  M  G R N   −   S S  M  G R N    ¯   )       ∑  i = 1  n     (  S S  M  S A T   −   S S  M  S A T    ¯   )   2   ∑  i = 1  n     (  S S  M  G R N   −   S S  M  G R N    ¯   )   2        



(3)




where   n   is the total number of collocated observations and the overbar represents temporal averaging. Hourly ground-based measurements were temporally matched with different satellite overpass times. Sampled estimates of     R  D C    (  S A T , G R N  )     derived from Equation (3) will systematically underestimate     R  D C    (  S A T , T  )     due to the inability of sparse ground-based observations to accurately characterize soil moisture within a 0.25° grid [38]. However, our focus here is the difference between     R  D C    (  S A T , G R N  )     derived from AM versus PM satellite retrievals. The implicit assumption being that, based on the relative low magnitude of diurnal soil moisture variability, spatial representativeness errors in ground-based soil moisture observations will impact AM and PM retrievals equally and therefore have only a secondary impact on the difference between values of Equation (3) sampled from ascending versus descending retrievals.



For direct comparison against ground-based measurements, satellite-derived soil moisture data were extracted from the 0.25° spatial grid containing each individual ground measurement location. Relatively rare cases (<15 in total) where multiple SCAN/USCRN sites are collocated within the same 0.25° grid were addressed by averaging all stations to generate a single grid-scale average for comparison with modeling and remote sensing products. To emphasize the statistical significance of correlation-based metrics, the standard deviations of     R  T C    (  T , X  )     and     R  D C    (  S A T , G R N  )     were calculated via a bootstrapping approach [39] with 1000 separate bootstrap replicates randomly sampled from the original soil moisture time series with replacement.





4. Results


As noted above, our focus here is not on the absolute accuracy of each soil moisture product but rather the relative performance differences between the AM versus PM retrievals for each product. As a result, the two separate validation exercises described above—triple collocation (TC) and direct comparison (DC) against sparse ground-based observations—were applied to retrievals based on AM and PM overpasses separately. We then calculated the AM minus PM differences between these validation results (hereinafter, [AM−PM]) for all three satellite soil moisture products (AMSR-E LPRM, SMOS L-MEB and ASCAT TU-Wien).



4.1. Spatial Variation of Performance Differences


Figure 2 shows the spatial variability of correlation-based accuracy differences RTC[AM−PM] (first column) and RDC[AM−PM] (second column) for all three satellite products: AMSR-E (first row), SMOS (second row), and ASCAT (third row).
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Figure 2. (a–f) The all-year spatial distribution maps of AM (12:00 a.m. to 11:59 a.m.) minus PM (12:00 p.m. to 11:59 p.m.) differences of two correlation-based evaluation strategies for Advanced Microwave Scanning Radiometer—Earth Observing System (AMSR-E; first row), Soil Moisture and Ocean Salinity (SMOS; second row), and Advanced Scatterometer (ASCAT; third row)—namely, triple collocation (first column) and direct comparison against ground-based measurements (second column). 
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Triple collocation results demonstrate that the AMSR-E 1:30 a.m. overpass significantly outperforms the 1:30 p.m. overpass over the western part of CONUS (Figure 2a). This suggests that the 1:30 a.m. retrievals are generally more accurate in relatively sparsely-vegetated regions as shown in Figure 1a. This phenomenon is consistent with the expectation for more uniform surface temperature and soil moisture vertical profiles at the 1:30 a.m. overpass time, and the benefit of this homogeneity for the application of the LPRM soil moisture retrieval algorithm to measurements acquired at AMSR-E C- and X-band frequencies. However, the relative advantage of the AM retrievals degrades over more heavily-vegetated areas. For example, note that PM-based AMSR-E retrievals become marginally superior to the AM overpass within more heavily-vegetated areas of northeastern CONUS.



In addition to these TC-based evaluations, satellite retrievals are also directly compared to ground-based soil moisture measurements. AMSR-E RDC[AM−PM] results based on such comparisons exhibit consistent spatial patterns with RTC[AM−PM] results in that the AM retrievals outperform the PM overpasses in western CONUS, and the PM retrievals slightly surpass AM retrievals in eastern CONUS (Figure 2b). It should be stressed that both the TC and DC evaluation strategies require certain assumptions and are therefore potentially unreliable (see above). However, the assumptions required by each are quite different. Therefore, the two approaches can be used for mutual cross-validation when in agreement.



AM versus PM differences are slightly smaller for SMOS soil moisture retrievals relative to those observed for AMSR-E (Figure 2c,d), which may be explainable by the smaller differences in soil temperature profiles between the 6:00 a.m./6:00 p.m. overpass times of SMOS versus the 1:30 a.m./1:30 p.m. times of AMSR-E. Technically, AMSR-E and SMOS have quite different mission intentions. SMOS (as well as SMAP) was specifically designed at L-band frequency for soil moisture observations. Therefore, a 6:00 a.m./6:00 p.m. equator overpass orbit was chosen since Faraday rotation in the ionosphere is minimized at 6:00 a.m. and isothermal near-surface conditions near 6:00 a.m. were thought to be optimal for soil moisture retrieval. In contrast, AMSR-E was not designed solely for soil moisture retrieval, but rather for a range of various water-related variables. Consequently, the 1:30 a.m./1:30 p.m. AMSR-E acquisition times are potentially sub-optimal for soil moisture.



In addition, the spatial patterns of SMOS-based RTC[AM−PM] are unique. There is a relatively distinct north–south variation in TC-based RTC[AM−PM] (Figure 2c) SMOS results (as opposed to the stronger east–west variation seen earlier for AMSR-E). In particular, the SMOS 6:00 a.m. retrievals are superior to SMOS 6:00 p.m. retrievals within central and southern portions of CONUS, whereas PM retrievals are superior along a swath of Northern CONUS—most notably within heavily agricultural areas in North-Central CONUS (Figure 1). This particular spatial distribution of AM versus PM differences can be related to the vegetation water content, which will be further investigated in the Discussion section. TC-based RTC[AM−PM] patterns seen in Figure 2c are also reflected in SMOS RDC[AM−PM] differences calculated using direct comparisons with sparse, ground-based data (Figure 2d). Therefore, as with earlier AMSR-E results, SMOS DC and TC-based results appear to be qualitatively consistent.



Relative to passive-based AMSR-E and SMOS results, lower magnitudes are seen for (active) ASCAT-based RTC[AM−PM] and RDC[AM−PM] differences plotted in Figure 2e,f. This reduction in magnitude is expected since, unlike passive microwave observations, scatterometer-based ASCAT retrievals do not require the accurate estimation of surface temperature as an ancillary data input. As a result, they are more robust to the impact of strong diurnal variation in surface temperature. Instead, the scatterometer backscatter signal depends strongly on surface roughness and vegetation conditions which exhibit relatively less diurnal variation.



In order to assess the statistical significance of sampled AM versus PM differences, the standard deviations of TC and DC-based [AM−PM] for AMSR-E, SMOS, and ASCAT were computed through a bootstrapping approach. These standard deviations are generally on the order of 0.05, suggesting that sampled values of RTC[AM−PM] or RDC[AM−PM] are statistically-significant (at a two-sigma significance level) only if their absolute values are larger than about 0.10. Accordingly, Figure 2 indicates that, while areas of significant [AM−PM] are noted for both AMSR-E and SMOS, ASCAT-based [AM−PM] generally fail to rise above expected levels of sampling noise.



One potential issue is the tendency for PM to be available over a wider portion of the year relative to AM retrievals due to generally warmer PM temperature conditions and thus more-frequent non-frozen soil conditions at PM overpass times. To examine this possibility, a core-warm-season experiment was also conducted for all three satellite products utilizing only June, July, and August (JJA) data. Same masking criteria and sampling criterion of 100 collocated soil moisture retrievals were applied in the JJA experiment. While limited by the temporal coverage, the JJA scenario has slightly less valid grids than the all-year experiment. These JJA [AM−PM] results are presented in Figure 3. The basic spatial patterns seen in the all-year (Figure 2) and JJA (Figure 3) are quite analogous, demonstrating that correlation-based accuracy differences between AM and PM overpasses are not strongly-impacted by seasonal variations in the frequency of AM versus PM data availability.
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Figure 3. (a–f) The JJA (June, July, and August) spatial distribution maps of AM minus PM differences of two correlation-based evaluation strategies for AMSR-E (first row), SMOS (second row), and ASCAT (third row)—namely, triple collocation (first column) and direct comparison against ground-based measurements (second column). 
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4.2. Relationship with Regard to Land Surface Conditions


As noted above, a key aspect of this analysis is the cross-verification of results obtained using both triple collocation and direct comparison against sparse ground-based observations. Figure 4 provides a direct assessment of this by plotting RTC[AM−PM] and RDC[AM−PM] for three satellite-derived soil moisture products and the two seasonal sampling experiments. Plotted values are averages obtained over six different VOD classes [35] derived from long-term averaged VOD values calculated via the application of the LPRM algorithm to AMSR-E observations from June 2002 to October 2011 (all-year or JJA). Class 1 and Class 6 contain grids with VOD values smaller than 0.1 and larger than 0.9, respectively. Classes 2 to 5 contain grids with VOD values ranging from 0.1 to 0.9 with an interval of 0.2. Limited by the sparsely-distributed sites and the pre-masking processes, here only VOD classes 2–5 have valid statistics. The correlation coefficient between the two evaluation techniques is high (R > 0.90), and, for each individual satellite products, can be even higher (R > 0.95). Such agreement offers indirect proof for the robustness of both independent validation approaches. The VOD classification in this study is constrained by the availability of simultaneous AMSR-E LPRM product that only generates a concurrent temporal coverage from 2007 to 2011, as well as the limited VOD classes. Thus, a more comprehensive NDVI-based, trend-related analysis is also conducted below.
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Figure 4. The scatter plot of AM versus PM differences ([AM−PM]) via triple collocation (RTC[AM−PM]) against direct comparison (RDC[AM−PM]) for three satellite products: AMSR-E (circles), SMOS (squares), and ASCAT (diamonds). Results are aggregated and color-coded based on a vegetation optical depth (VOD) classification. Class 1 and Class 6 contain pixels with VOD values smaller than 0.1 and larger than 0.9, respectively. Classes 2 to 5 contain pixels with VOD values 0.1 to 0.9 with an interval of 0.2. 






Figure 4. The scatter plot of AM versus PM differences ([AM−PM]) via triple collocation (RTC[AM−PM]) against direct comparison (RDC[AM−PM]) for three satellite products: AMSR-E (circles), SMOS (squares), and ASCAT (diamonds). Results are aggregated and color-coded based on a vegetation optical depth (VOD) classification. Class 1 and Class 6 contain pixels with VOD values smaller than 0.1 and larger than 0.9, respectively. Classes 2 to 5 contain pixels with VOD values 0.1 to 0.9 with an interval of 0.2.



[image: Remotesensing 07 13448 g004]





Figure 5 plots the relationship between AM and PM differences (observed for various sensors) and NDVI for ground sites and corresponding 0.25° grids. RTC and RDC for both the all-year and JJA experiments are aggregated and averaged over different NDVI classes with the interval assigned as 0.05. The quadratic polynomial fitting lines are also plotted. For any single sensor, correlation results obtained from both triple collocation and direct comparison against sparse ground stations reveal a strikingly-similar relationship with NDVI. However, markedly different relationships are obtained for different satellite soil moisture products.
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Figure 5. Relationship between the NDVI and accuracy differences of two evaluation strategies under all-year (RTC[ALL] in blue, RDC[ALL] in red) and JJA (RTC[JJA] in cyan, RDC[JJA] in magenta) scenarios for: (a) AMSR-E, (b) SMOS, and (c) ASCAT. The “R” values are computed as the correlation coefficients between mean values and the corresponding fitting lines. 
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As shown in Figure 5a, AMSR-E AM soil moisture retrievals generally outperform their PM equivalents. However, as NDVI increases, the (correlation-based) accuracy difference between AM and PM retrievals [AM−PM] drops towards zero and even becomes negative for NDVI > 0.6 in the all-year scenario and NDVI > 0.8 in the JJA scenario. In contrast, the relationship between [AM−PM] of SMOS and NDVI presents another distinct functional relationship (Figure 5b), which is quite similar between the two validation strategies. That is, SMOS AM overpasses produce better soil moisture retrievals in low and highly-vegetated areas, while PM overpasses are superior at moderately-vegetated sites (0.3 < NDVI < 0.6). Note that for JJA, PM retrievals are superior for relatively heavily-vegetated areas (0.6 < NDVI < 0.8).



In addition, [AM−PM] differences for ASCAT (Figure 5c) are relatively smaller than the other two satellite products, especially AMSR-E. This suggests that ASCAT AM and PM overpasses have almost equivalent capabilities for characterizing soil moisture. This phenomenon can likely be explained by the lack of sensitivity of backscatter to soil or canopy temperature. This is in contrast to passive microwave radiometers like SMOS and AMSR-E where temperature has a strong and direct impact on the measured brightness temperature. As noted above, the fact that two independent verification methods (i.e., TC and DC), with distinct sources of comparative datasets under different seasonal sampling schemes, yield similar patterns with respect to NDVI lends further credibility to the robustness of these trends.





5. Discussion


It should be stressed that AM and PM differences noted here will—at a minimum—vary as a function of: (1) specific overpass times; (2) sensor technology (e.g., active versus passive); and (3) details of the retrieval algorithm. The three cases examined here (AMSR-E, SMOS and ASCAT) are not sufficient to fully isolate each of these effects. Nevertheless, several interesting trends can be observed. For example, results demonstrate that, as expected from theoretical considerations, passive microwave satellites (AMSR-E and SMOS) generally demonstrate better retrieval accuracy at their AM acquisition times. However, the advantage of these AM retrievals is generally-reduced as NDVI increases (especially for AMSR-E), and there are indications that PM retrievals are relatively superior in some heavily-vegetated areas (e.g., within the CONUS Corn Belt for the 6:00 p.m. SMOS overpass and the 1:30 p.m. AMSR-E overpass).



The relative advantages of the 6:00 p.m. SMOS retrievals are especially pronounced within the CONUS Corn Belt. This tendency is potentially very important for efforts to develop large-scale agricultural drought monitoring systems. The Corn Belt is intensively-cultivated with corn and soybean and represents one of the most productive agricultural regions in the world. Therefore, better characterization of soil moisture (especially during the JJA period) in this region would benefit agricultural forecasting and crop yield estimation in this region. The relatively superiority of the 6:00 p.m. SMOS/1:30 p.m. AMSR-E retrievals (versus their AM equivalents) may be linked to a diurnal minimums in vegetation water content at PM overpass times (and thus reduced canopy optical depths) [40]. In addition, high levels of nighttime/early-morning canopy dew may play a role [41]. However, these points are somewhat speculative and will need to be verified via additional study.



In contrast to the passive microwave products, AM versus PM acquisition time has a relatively smaller impact on the active microwave ASCAT soil moisture index product. Unlike brightness temperatures measured by passive microwave sensors, backscatter does not have a direct functional dependence on surface temperature and it therefore not impacted by large diurnal variations in land surface temperature. In addition, the particular soil moisture retrieval algorithm applied to ASCAT may also play a role. The ASCAT TU-Wien change detection algorithm retrieves the relative water content (degree of saturation) in the surface layer ranging from extreme dry and wet conditions over a long temporal period. The reference extreme dry and wet values are estimated from the lowest and highest backscatter extremes over the topsoil layer (<3 cm). Whereas, the dominant mechanisms contributing to backscatter measurements are volume scattering effects originated from the vegetation canopy and surface scattering from the underlying soil surface [3]. By calculating these references at specific overpass times, this empirical algorithm may be an effective bypass to avoid the influence of diurnally-varying uncertainties in radiative transfer model parameterization.



To the contrary, surface temperature plays a key role in passive soil moisture retrieval algorithms. Both AMSR-E LPRM and SMOS L-MEB are physically-based radiative transfer retrieval methods, one of the main differences between the two algorithms is the parameterization of effective surface temperature. In LPRM, the soil temperature is based on concurrent Ka-band (37 GHz observations) and assumed equal to the canopy temperature. Alternatively, SMOS L-MEB estimates the effective composite temperature explicitly for both soil and canopy based on numerical weather prediction output by taking into account different vegetation types. As shown in Parinussa et al. [35], passive microwave soil moisture retrievals can be improved when the effective temperature estimates are parameterized through alternative strategies. In future work, the presented validation framework could be used to assess the effect of alternative methods of estimating effective temperature for a given passive microwave sensor.




6. Conclusions


Remotely sensed soil moisture data are usually retrieved from satellites in sun-synchronous orbits with ascending and descending orbits that cross the earth's equator at fixed overpass times. Due to diurnal land surface variability, variations in these acquisition times can systematically impact satellite observational conditions and thus influence soil moisture retrieval errors. Here, both passive and active microwave satellite soil moisture products are assessed with respect to relative accuracy differences between AM and PM overpasses by applying both TC analysis and direct comparison against sparse ground-based observations.



To conclude, variations in the correlation-based accuracy of soil moisture retrievals derived from AM versus PM overpasses of passive microwave satellites exhibit distinct patterns and relationships to land cover characteristics. These patterns are relatively consistent regardless of whether retrievals are evaluated using triple collocation analysis or direct comparisons with ground-based soil moisture observations. The identification of such robust AM and PM differences has important implications for the design of sun-synchronous satellite orbits and the development of soil moisture retrieval strategies. In addition, a better blended and superior global soil moisture product could be achieved by taking into account both satellite orbits and their associated error variances.
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