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INTRODUCTION

The European Space Agency (ESA) Soil Moisture and Ocean Salinity (SMOS) [START_REF] Kerr | The SMOS mission: New tool for monitoring key elements of the global water cycle[END_REF][START_REF] Kerr | The SMOS soil moisture retrieval algorithm[END_REF] satellite utilizes technology and algorithm approaches for soil moisture retrieval that have not been employed on satellite platforms in the past. It is also the first satellite to use L-band for routine measurements (a very limited effort using a sensor on Skylab is the only precedent [START_REF] Eagleman | Remote Sensing of soil moistue by a 21-cm passive radiometer[END_REF]).

Validation is important for any satellite-based remote sensing product and, it is particularly significant considering the unique features of the SMOS mission. The SMOS retrieval algorithms were developed using a combination of theoretical knowledge and tower observations, which must be validated for the low resolution sensor. A variety of methodologies can be used for validation purposes that include ground-based, satellite estimates, and model products. Here we focus on ground-based observations supported by satellite estimates.

Validation has always been challenging for passive microwave remote sensing of soil moisture using ground-based observations because of the disparity in spatial support of the measurements provided by the satellite and in situ sensors. Ground-based measurements of soil moisture are made at localized points, typically 0.0025 m 2 , whereas satellite sensors provide an integrated area value for a much larger spatial extent, ~ 1200 km 2 for SMOS. Spatial variations in soil moisture that must be considered within these footprints occur at a variety of scales including the point scale (soil properties), over geographic units (land cover, soils, and topography), and as the result of rainfall events and climate. There are several approaches that can be used to estimate the ground-based soil moisture from point observations over the satellite footprint that include temporal stability analysis and variations of spatial sampling, both of which are utilized here [START_REF] Brocca | Spatial-temporal variability of soil moisture and its estimation across scales[END_REF][START_REF] Western | On the spatial scaling of soil moisture[END_REF]. which will provide a range of soil moisture conditions and seasonal patterns. In most cases, this is accomplished using in situ instrumentation, often integrated into a meteorological network.

These are typically sparse and may provide only a single observation in a satellite footprint. In addition, a robust validation should include a wide range of vegetation, soil, and climate conditions if the results are to be used globally. The analysis presented in this paper is only one component of the overall SMOS validation [START_REF] Delwart | SMOS validation and the COSMOS campaigns[END_REF]. Other contributions to this effort include [START_REF] Al Bitar | Evaluation of SMOS soil moisture products over continental US using the submitted this issue[END_REF][START_REF] Peischl | The AACES field experiments: SMOS calibration and validation across the Murrumbidgee River Catchment[END_REF].

The approach we have developed for validating satellite-based soil moisture products is to compare the retrievals to verified estimates derived from intensive ground-based observing networks. This is founded on a set of four watershed scale in situ soil moisture networks in the U.S. These provide multiple point samples within domains that approximate a SMOS footprint for watersheds in diverse climate/vegetations regions.

The in situ networks were established in 2002 to support validation of the Advanced Microwave Scanning Radiometers (AMSR) on the ADEOS-2 and Aqua satellites [START_REF] Shibata | AMSR/AMSR-E level 2 and 3 algorithm developments and data validation plans of NASDA[END_REF][START_REF] Njoku | Soil moisture retrieval from AMSR-E[END_REF]. The reliability and accuracy of these networks have been established through extensive studies [START_REF] Jackson | Validation of Advanced Microwave Scanning Radiometer soil moisture products[END_REF].

Data from the networks has been used in several related investigations [START_REF] Liu | The contributions of precipitation and soil moisture observations to the skill of soil moisture estimates in a land data assimilation system[END_REF][START_REF] Mirrales | A technique for estimating spatial sampling errors in coarse-scale soil moisture estimates derived from point-scale observations[END_REF][START_REF] Li | WindSat global soil moisture retrieval and validation[END_REF]. These investigations have resulted in a good understanding of the accuracy of the various AMSR-E products that are available. In this study we will use this experience (eight years) and current AMSR-E products to assess the SMOS products. As we will describe, the two products are not expected to be the same; however, we expect that SMOS should be moving to the same level of performance at these sites that AMSR-E provides.

Data from the watershed networks and the AMSR-E products will be compared to the SMOS soil moisture products to assess the performance of the SMOS retrieval approach. and the range of conditions available from these sites should be a significant contribution to the overall assessment of the SMOS mission.

It is important to note that the SMOS algorithm is evolving. As knowledge is gained from validation studies such as the one presented here, the parameters and algorithm structure are reevaluated. Exploiting this feedback is one of the reasons why validation studies are conducted.

Therefore, we expect that the SMOS products will continue to improve. The current study uses the data available at the time of our analyses, which represents several incremental improvements since launch. All data were reprocessed by Centre d'Etudes Spatiales de la BIOsphère using the most recent version of the algorithm (v.400). The re-processing of the full data set by ESA is planned for the future.

II. METHODOLOGY AND APPROACH

A robust soil moisture validation requires high quality estimates over a wide range of cover conditions for varied climate and geographic domains. SMOS will rely on the contributions from many investigators to achieve this objective [START_REF] Delwart | SMOS validation and the COSMOS campaigns[END_REF]. For this study we will utilize two validation resources; a set of densely sampled in situ sites and validated soil moisture products from AMSR-E. Analyses will build on our previous studies with AMSR-E [START_REF] Jackson | Validation of Advanced Microwave Scanning Radiometer soil moisture products[END_REF]. Each soil moisture data set will be compared to SMOS retrievals for the period of January 2010-December 2010. A brief description of the validation resources is provided in the following sections.

The dense watershed networks are located at experimental watersheds operated by the USDA Agricultural Research Service; Walnut Gulch (WG), Arizona; Little Washita (LW), Oklahoma

Little River (LR), Georgia; and Reynolds Creek (RC), Idaho. Soil moisture measurements taken on an hourly basis at a depth of 5 cm have been made at these validation sites on a continuous basis since 2002. For comparison to satellites, the nearest hourly instantaneous measurement is used. Each network is located in a different climatic region of the U.S., and each provides estimates of the average soil moisture over an area approximately the size a SMOS footprint.

Soils in WG and LR are generally sandy loam, whereas LW and RC have more diverse soil textures ranging from loam to clay to sand. Supporting studies to establish the calibration and scaling of these networks have been conducted in previous field experiments [START_REF] Cosh | Temporal Stability of surface soil moisture in the Little Washita and its applications in satellite soil moisture product validation[END_REF][START_REF] Cosh | Temporal persistence and stability of surface soil moisture in a semi-arid watershed[END_REF][START_REF] Bosch | Large scale measurements of soil moisture for validation of remotely sensed data: Georgia soil moisture experiment of 2003[END_REF]. It was determined during these previous studies that the in situ networks accurately represent the soil moisture across that domain with high accuracy (<0.01 m 3 /m 3 ) when compared to a thermogravimetrically collected soil moisture from 0-5 cm. The network average is a weighted average based on the Thiessen polygon method with standard deviations generally between 0.05 and 0.10 m 3 /m 3 . Only the stations which consistently provided data are used in this calculation. The in situ observations represent the watershed average. All the SMOS footprints within the watershed were averaged. A simple drop-in-bucket type of approach was used for the SMOS footprints. A single SMOS footprint may cover only part of the watershed. Moreover, single point/footprint observations are likely to have higher variability and noise. Similar approaches have been used

in earlier studies. Table I summarizes some key features of the sites. Additional details can be found in [START_REF] Jackson | Validation of Advanced Microwave Scanning Radiometer soil moisture products[END_REF]. These watersheds are characteristic of the surrounding domains, and were scaled to an approximately 50 km scale in [START_REF] Jackson | Validation of Advanced Microwave Scanning Radiometer soil moisture products[END_REF] with success.

B. AMSR-E

A recent study [START_REF] Jackson | Validation of Advanced Microwave Scanning Radiometer soil moisture products[END_REF] utilized the watershed networks with AMSR-E data to validate four alternative soil moisture algorithms over a 7-year period. Two results from that study are relevant to SMOS validation. First, the comparison of four algorithms with the in situ data revealed quite different behavior (bias, range, and accuracy). Most algorithms could meet accuracy requirements with some modification (The target accuracy for NASA (http://nsidc.org/data/amsr_validation/pdfs/Version_3_SDV_Plan.pdf) and the Japanese Aerospace Exploration Agency [START_REF] Shibata | AMSR/AMSR-E level 2 and 3 algorithm developments and data validation plans of NASDA[END_REF] was 0.06 m 3 /m 3 ). Based upon the statistics and sites studied, the Single Channel Algorithm (SCA) [START_REF] Jackson | Measuring surface soil moisture using passive microwave remote sensing[END_REF] was found to perform as well as or better than the alternatives tested and will be used here for comparisons with SMOS. Table II summarizes the SCA statistics over the 7-year period, which will be referred to as the long term analysis.

Secondly, at this stage of SMOS validation there is some risk in reaching a conclusion with a short period of record. To illustrate this potential problem, the two primary performance metrics used for AMSR-E (Bias and Root Mean Square Error (RMSE)) were computed for an increasing period of record from the launch date. These results are shown in Figure 1 (Note that RC was not used here because only summer season data are considered reliable at that site). The plots in Figure 1 show for the watersheds with more vegetation (LR and LW) the performance in the initial months was much poorer than after approximately 6-months. This could be the result of several factors including the range of conditions observed; however, the message is clear that validation should proceed cautiously at the outset. It does appear that the metrics reached their long term values after 6-months.

In order to assess whether or not the available period of record for SMOS was representative in terms of soil moisture conditions and retrievals, we computed the AMSR-E SCA statistics for this same period. These are shown in Table II and are referred to as short term. A comparison of these short term values with the long term values indicates that the SCA algorithm is performing approximately the same for the two periods of record for all watersheds. For the LW and LR watersheds, the short and long term RMSE and bias are similar, which leads us to conclude that the general conditions at these sites over the first year of SMOS observations are typical of the climatology for these regions. The RMSE and bias are larger in the short term for WG and RC.

The increases are not that large; however, they do indicate that there may be anomalous conditions during this short term that do not reflect the typical conditions at these watersheds.

This will be taken into account in our assessment of the SMOS soil moisture retrievals.

Soil moisture retrievals from AMSR-E cannot be compared directly with SMOS products for several reasons that will be discussed below. Each satellite product must be compared to the in situ observations independently. The overall performance of the SMOS retrieval approach is then compared to that of the AMSR-E SCA for the same period of time. As discussed below, we expect that the SMOS performance should be better than the AMSR-E SCA results.

SMOS and Aqua (AMSR-E) have different orbits and as a result they may or may not pass over the watershed sites on the same day. They also have different overpass times; SMOS ascending 0600-descending 1800 and AMSR-E ascending 1330-descending 0130 local time. As a result they will be observing surface conditions at different points on the diurnal cycle. If it happened that both satellites covered a watershed on the same day, the diurnal effect would still be a noise factor. The observation time may also have a significant impact on the performance of the soil moisture algorithm. In general, the basic equations that these, as well as most other, algorithms are founded on assume uniform soil moisture and soil/vegetation temperature in the contributing depth. We expect these assumptions are more likely to be true in the hours near dawn when the profiles have had the most time to return to an equilibrium state from the previous day's fluxes [START_REF] Jackson | Profile soil moisture from surface measurements[END_REF]. Therefore, based upon this aspect of retrieval we might expect that the SMOS ascending 0600 soil moisture would have better performance than either of the AMSR-E SCA products.

Another difference between AMSR-E and SMOS is the frequency/wavelength. The SCA, as with most other AMSR-E soil moisture algorithms, uses the X-band channel (frequency 10.65

GHz, wavelength 2.8 cm). The longer wavelength C-band channels are not used due to widespread radio frequency interference, in particular over the U.S. SMOS provides L-band (frequency 1.41 GHz, wavelength 21.2 cm). It is well known that the contributing depth [START_REF] Ulaby | Microwave remote sensing, active and passive, Volume III: From theory to applications[END_REF] of the soil increases with wavelength, which results in a more stable value of soil moisture over the diurnal cycle. In addition, the effects of vegetation (in particular attenuation) are less significant at longer wavelengths [START_REF] Jackson | Vegetation effects on the microwave emission from soils[END_REF].

Based upon the discussion of the differences between AMSR-E SCA and SMOS soil moisture retrievals above, the assumption is that the SMOS soil moisture algorithm should perform better than AMSR-E SCA. As a result, we use the AMSR-E SCA product performance as a metric, minimum level, for the SMOS product.

III. RESULTS AND DISCUSSION

The SMOS summary statistics for each watershed are shown in Table III. This table also includes the equivalent AMSR-E SCA results. These results have been matched up nominally in time for the two periods of day (early morning and afternoon). The overall results support the following statements:

• The SMOS RMSE is equal to or better than the AMSR-E SCA values, with the exception of LR.

• The overall SMOS RMSE values are 0.043 m 3 /m 3 (ascending) and 0.047 m 3 /m 3 (descending), which are very close to meeting the mission target of 0.04 m 3 /m 3 . These compare to the AMSR-E SCA values of 0.044 m 3 /m 3 (descending) and 0.038 m 3 /m 3 (ascending) respectively.

• The RMSE values do not appear to be impacted by the time of day (morning or afternoon) values (with the exception of LR descending).

• Bias values must be carefully interpreted, in some cases they are informative on algorithm performance (i.e. LR) and in others they are not (i.e. WG).

• With the exception of RC, which has a short season and low soil moisture, the correlation of the SMOS and in situ soil moisture is very good and in general better than observed for AMSR-E.

In the following sections we will analyze the results on an individual watershed basis. For each watershed we examined the plots of observed versus estimated soil moisture (Figure 2) and temporal plots of these and other variables (Figures 3 and4). The additional variables included temperature, precipitation, and vegetation.

Walnut Gulch, Arizona:

The watershed has a semi-arid climate. The precipitation varies significantly with two-thirds of the annual precipitation occurring in the form of high intensity convective thunderstorms with limited areal extent. Sparse desert shrubs and grass are the primary vegetation. The soil moisture exhibits a small range, due to the well drained sandy soils and limited rainfall in this area. Figure 2a shows the comparison between in situ and retrieved soil moisture. The statistical comparison (Table III) indicated that there was good agreement between the watershed observations and SMOS estimates with near zero bias. For WG, both the SMOS and AMSR-E SCA soil moisture products exceed the mission target accuracy presented earlier.

A closer examination of Figure 2a revealed that unlike the AMSR-E SCA, SMOS produces some large overestimates (both ascending and descending) and that the near zero bias may be misleading in terms of performance. Without these points, there would likely be a small underestimation bias and the overall pattern of in situ versus estimated would be very similar to the AMSR-E SCA. Since these points appear to be somewhat anomalous, we investigated possible causes for overestimation by SMOS and focused on the points in Figure 2a that were furthest from the equal values line.

Radio frequency interference was eliminated as a reason because there was no apparent problem in this region of the U.S. We examined the temporal plots of observed and estimated soil moisture and other variables; temperature, precipitation, and vegetation (only the precipitation and vegetation plots are shown in Figures 3 and4, respectively).

Temperature comparisons included the 5 cm in situ from the in situ network and the European Centre for Medium-Range Weather Forecasts (ECMWF) 0-7 cm soil temperature that is used by SMOS in the soil moisture retrieval algorithm (ver. 400). The two temperature products matched up very well for WG for the morning overpass times (as well as for all the other watersheds). Errors were a bit larger for the evening. As an example, the RMSE for the ECMWF product was 2.3 o C with a bias of 1.8 o C. There was no apparent relationship between days with larger soil moisture errors and temperature. Note that an overestimation bias for temperature could lead to overestimation of soil moisture; however, the magnitude we observed here was very small and as a result we do not believe that temperature error plays a significant role in the soil moisture errors. This same observation was true for all the watersheds and will not be discussed any further.

Another potential source of error in retrieval may be associated with the use of ECMWF soil moisture as the initial estimate in the iterative solution procedure used by SMOS. The ECMWF soil moisture products tend to overestimate soil moisture. It is possible that starting the iteration with too high a soil moisture value might potentially bias the retrieval. However, in tests using the SMOS algorithm and initial estimates of 0 or 0.6 m 3 /m 3 , the same results were obtained.

Using ECMWF soil moisture just saves some computation time by reducing the number of iterations and does not contribute to the retrieval error.

As noted above, precipitation in the WG region can be very intense and exhibit high spatial variability. Therefore, it is possible that the in situ network might not capture this variability, which is spatially integrated by the radiometer. For WG, as well as the other watersheds, we examined temporal plots of antecedent precipitation, as measured by rain gauges within the watershed, along with the in situ and SMOS estimated soil moisture (Figure 3). Overestimation of soil moisture appears to be correlated with antecedent or possibly ongoing precipitation. The reason why there might be such a relationship is that the SMOS and the in situ measurements depths are very likely to be different during and shortly after a rain event. The depth of soil that contributes to the radiometer observation becomes shallow when the near surface is wet. This may occur during and shortly after a precipitation event. After some elapsed time the soil moisture profile will become more uniform. The in situ observations are centered at 5 cm and include a surrounding volume. Thus, it is likely the SMOS estimate of soil moisture will be higher than the in situ when it is raining. This is not actually an error in the soil moisture algorithm, it is an error in the operational assumption we make; that the satellite sensor measures a certain depth on average. This can't be corrected; however, it may be possible to flag such conditions. We examined this by using three different precipitation flags; the ECMWF forecast rainfall, rain gauge data for a period of +/-0.5 hours of the over pass (active precipitation), and rain gauge data for the 6-hour antecedent period. Using the occurrence of rainfall as detected by these flags, we filtered these retrievals from the statistical analyses of RMSE and bias. The results are summarized in Table IV. Comparing these filtered data sets to the original for WG we found a reduction in the RMSE (for both ascending and descending) when using any of the flags.

We also examined long antecedent intervals, not presented here, and found the there was no further improvement in the RMSE for WG, or any of the other watersheds. Changes in the bias were very small. It was observed that the improvements offered by using either the ECMWF or active precipitation flag were larger for the evening overpasses (descending). This is attributed to the typically late afternoon, high intensity, and short duration rainfall in this region. These same factors may explain why the longer duration antecedent flag improves the morning (ascending) retrievals. It should be noted that the changes in RMSE for the other watersheds were minor.

Overestimation following rainfall events is not evident in the AMSR-E SCA data shown in Figure 2a. The explanation for this may lie in the quality and implementation of rainfall flags of the SMOS and AMSR-E SCA retrieval algorithms. For AMSR-E SCA a detection algorithm is used that employs the higher frequency channels available, which provides information on current conditions. SMOS retrievals do not directly use the ECMWF precipitation to flag the estimated soil moisture. The ECMWF precipitation flag is used only in the case of heavy convective rainfall as an indicator of possible high canopy interception. The algorithm uses tau retrievals in subsequent orbits if there aren't a sufficient number of incidence angles available.

The tau retrieval from the previous overpass is also used as a first guess in the iteration process.

If there is a high canopy interception flag then that tau is not used in the future retrievals.

It is possible that the number and intensity of precipitation events in 2010 was higher than normal. As noted earlier, the AMSR-E short term statistics indicated that the errors were higher than usual in 2010. From this we can infer that the performance statistics for SMOS in WG will likely improve as the period of record increases. The VWC data were used to analyze the vegetation optical depth or tau values [START_REF] Jackson | Vegetation effects on the microwave emission from soils[END_REF] retrieved by the SMOS algorithm. Figure 4a shows the plots for the ascending overpass (similar behavior was observed for the descending passes, summary values for both passes are included in Table VI). As noted previously, there is very little vegetation in WG. The changes that occur during the year are associated with rainfall events, which are more common during the late summer period.

The VWC curve in Figure 4a reflects these phenomena.

In Figure 4a, tau exhibits large day to day variability that does not appear to be associated with changes in the vegetation. In addition, these deviations do not seem to be directly related to differences between the in situ and SMOS soil moisture since they occur during periods with both nominal as well as large errors and show no seasonal pattern. As described in [START_REF] Jackson | Vegetation effects on the microwave emission from soils[END_REF], tau can be approximated by the product of VWC and a vegetation canopy parameter b. Using the guidelines for estimating b in [START_REF] Jackson | Vegetation effects on the microwave emission from soils[END_REF] the resulting values of vegetation water content for WG would be much higher than have been observed in this area [START_REF] Yilmaz | Vegetation water content during SMEX04 from ground data and Landsat 5 Thematic Mapper imagery[END_REF]. This result raises concerns on what SMOS tau parameter is representing.

The variability of tau from day to day, the lack of a seasonal response, and the level of tau for this particular watershed indicated to us that these estimates may be dependent on other factors beyond the vegetation. These could include the quality of the brightness temperatures.

There are some problems with the SMOS FOV that impact brightness temperature estimates at certain angles on some days. The fact that SMOS uses 2D aperture synthesis results in snapshot images that include areas that are either in the alias free or extended alias free field of view (FOV). The extended zones have some sky present in the field of view. Only the center part of the snapshot contains the alias free FOV. The edges of the orbit swath include observations from the extended alias free FOV. Therefore, some of the variation in tau we observed in Figure 4a may be related to brightness temperature variations associated with this issue. Additional details on aliasing can be found in [START_REF] Anterrieu | A resolving matrix approach for synthetic aperture imaging radiometers[END_REF][START_REF] Anterrieu | About the effects of instrument errors in interferometric radiometry[END_REF][START_REF] Corbella | MIRAS end-to-end calibration: Application to SMOS L1 processor[END_REF][START_REF] Camps | Sun effects in 2D aperture synthesis radiometry imaging and their cancellation[END_REF].

Little Washita, Oklahoma: The watershed has a sub-humid climate. Soils include a wide range of textures with large regions of both coarse and fine textures. Land use is dominated by rangeland and pasture with significant areas of winter wheat. The statistical comparison of in situ versus retrieved soil moisture (Table III) indicated that there was good agreement; the SMOS RMSE is a bit larger than the target accuracy but better than the AMSR-E SCA for both overpass times. Bias for SMOS was near zero; whereas the AMSR-E SCA had a moderate underestimation error.

Figure 2b shows in situ versus retrieved soil moisture for SMOS and the AMSR-E SCA.

The overall patterns are similar to each other but there were more overestimates for SMOS.

Based upon these results, we believe that the SMOS algorithm is performing as expected for LW. It should be noted that the range of soil moisture for LW was one of the largest we observed for the watershed sites.

As in the case of WG, we examined temporal plots of antecedent precipitation with the in situ and SMOS estimated soil moisture for LW (Figure 3b, ascending) and found some evidence of the pattern we observed for WG. However, when the RMSE values for the two precipitation flags were computed (Table IV) the impact of removing these events was smaller, a decrease from 0.042 to 0.036 m 3 /m 3 . The active and 6-hour flags produced similar results and bias was small for all cases. The use of precipitation improved the AMSR-E SCA by only a small amount.

The tau and VWC values for LW are presented as a temporal plot in Figure 4b overestimation bias for SMOS ascending than was found for the other watersheds. This compares to good performance for the AMSR-E SCA algorithm, which also had an overestimation bias. Unlike the results for the other watersheds, there was a large increase in RMSE and bias for the descending pass retrievals. IV. For the ascending passes there is very little impact of using the flags, as indicated by the RMSE. However, there was a change in the bias from overestimation to underestimation. For the descending passes there is a small improvement (0.072 to 0.064 m 3 /m 3 when using the 6-hour flag). These results suggest that some of the larger than expected error for LR may be associated with precipitation.

The LR tau values (Figure 4c) exhibit the same day to day variability we observed for the other watersheds. They also do not reflect the expected seasonal pattern we would expect for this region based on VWC.

Reynolds Creek, Idaho:

The land cover in the RC watershed is predominantly rangeland. About 75% of the annual precipitation in the higher elevations is snow whereas less than 25% is snow at lower elevations. Soils range from steep rocky, shallow soils in the mid elevations to rock free saline soils in the valley to slightly acid soils in the upper elevations. In order to eliminate the effect of snow on SMOS retrievals, only data from July-September was used in the analysis (this is the same approach used with the AMSR-E SCA). In reviewing Table III, we found for RC that the SMOS retrievals performed better than the AMSR-E SCA for the ascending passes and exceeded the target accuracy. There was an underestimation bias for both the ascending and descending data and that the descending value exceeds the target accuracy. Figure 2d shows that the available data covers only a limited range of soil moisture conditions.

With regard to precipitation effects, there were few data points and even fewer precipitation events during the study period (Figure 3d). The precipitation flag results in Tables IV andV indicated that the use of the flags did not have much impact on RMSE or bias. These should be interpreted with care.

The behavior of the RC tau values was different than what we observed for the other watersheds. (Figure 4d). The day to day variations are present; however, there may be a pattern.

There appears to be a cycle approximately every two weeks in which there is a rapid increase followed by a slower decay with a secondary increase. In addition the increases in tau seem to correspond to increases in SMOS soil moisture (that is not explained by the in situ soil moisture).

This result suggests a problem related to the algorithm and may be associated with the orbit pattern and position of the site within the snapshot.

The general underestimation of soil moisture at this site (Figure 3d) may be more apparent due to the overall drier conditions that typically occur. This could be associated with the choice of the soil dielectric mixing model, which might be re-evaluated in the future.

B. Discussion of Precipitation Flags

It is well known from theory [START_REF] Njoku | Theory for passive microwave remote sensing of near-surface soil moisture[END_REF] that both the amount of soil moisture and its distribution within the contributing depth of the soil can affect the resulting brightness temperature. With a complete radiative transfer model and a detailed description of the soil moisture (dielectric constant) profile it is possible to simulate brightness temperature. However, it is not possible to retrieve the near surface soil moisture profile from observations of brightness temperature, especially when the near surface layer is wet. As a result, most retrieval algorithms incorporate the assumption of uniform soil moisture over a fixed depth (5 cm for L-band), which facilitates the use of the Fresnel equations in retrieval algorithms.

The in situ sensors are installed at a fixed depth and in the case of the watershed networks;

supplemental investigations were conducted to establish the relationship of these measurements and the soil moisture in the 0-5 cm layer. As a result, validation compares this verified average value to the radiometer estimate under the assumption that both sensors are responding to soil moisture within the same soil layer.

When rain occurs it wets the layer from the surface. If the rain amount is large enough, a thin saturated soil layer can result in a contributing depth that is shallower than 5 cm. In this situation, the retrieved soil moisture may be accurate but it is representative of a different depth than the in situ validation measurement. This will result in overestimation. The occurrence of this condition is more likely when the soil is initially dry and the precipitation event is of short duration and high intensity. We might expect this to be more significant for WG than the other watersheds, which supports the results in Table IV.

Following a rainfall event, the soil moisture within the surface soil layer will equilibrate through drainage and hydraulic redistribution. The time required to reach this state depends on the antecedent conditions, intensity of precipitation, and the soil hydraulic properties.

The discussion above is meant to provide background on why SMOS soil moisture retrievals during active or after recent rainfall contribute to possible increased RMSE and overestimation bias. Questions to consider are whether these retrievals should be included in validation and how these might be identified (flagged). We feel that the validation should be conducted with and without them and both results should be presented. Based on our analyses, the ECMWF flag appears to perform about the same as those based on measured precipitation. Since this data is available to the SMOS retrieval algorithm, it is suggested that it be implemented as a flag.

C. Discussion of Vegetation Optical Depth (Tau)

An intriguing aspect of the SMOS observations over land is the possibility of obtaining vegetation information from the tau or optical depth values provided as part of SMOS soil moisture retrieval. Tau is related to vegetation water content and structure [START_REF] Jackson | Measuring surface soil moisture using passive microwave remote sensing[END_REF]. Vegetation water content is also related to vegetation indices such as the NDVI [START_REF] Yilmaz | Vegetation water content during SMEX04 from ground data and Landsat 5 Thematic Mapper imagery[END_REF][START_REF] Jackson | Soil moisture mapping at regional scales using microwave radiometry: the Southern Great Plains hydrology experiment[END_REF][START_REF] Jackson | Vegetation water content mapping using Landsat data derived normalized difference water index (NDWI) for corn and soybean[END_REF].

Tau is obtained by optimizing the brightness temperature observations within the algorithm approach [START_REF] Kerr | The SMOS soil moisture retrieval algorithm[END_REF]. The first guess is either derived from the previous acquisition (and then constrained using the brightness temperature observations) or from a Leaf Area Index (LAI) climatology (not constrained). It is possible that the estimate from the LAI climatology can be significantly different from the estimated values of tau. These differences may explain some of the variations in the retrieved values. In the center part of the swath a multi-parameter retrieval is done [START_REF] Wigneron | A simple algorithm to retrieve soil moisture and vegetation biomass using passive microwave measurements over crop fields[END_REF]. If the pixel is located closer to the edge of the orbit a smaller number of incidence angle observations will be available. In this case, the tau estimate from the previous acquisition is used in the soil moisture retrieval.

Tau typically does not vary on a daily basis. It is dependent on the vegetation phenology and follows a yearly cycle based on the vegetation growth. Significant variations are more likely to occur over a weekly time frame. SMOS has a revisit frequency of 3 days. But, only the center portion of the orbit has a sufficient number of incidence angles for the multi-parameter retrieval.

This results in an updated (retrieved) tau only every 7-10 days.

For the sites analyzed, we found that tau varied significantly on a day to day basis over the course of the year. This variability was not reflected in the soil moisture retrievals, with the exception of RC. Since we know that tau plays a significant role in attenuating the information from the soil, it is confusing that the variation in tau is not translated into variations in soil moisture. We can only conjecture that some other parameter in the algorithm is compensating for these changes.

None of the watershed sites had an annual pattern of tau that followed the typical seasonal pattern that we expect based upon the local climatology and VWC. We recognize that the analysis involves a limited set of conditions; however, the lack of a seasonal cycle in tau suggests that this parameter, as retrieved by the SMOS algorithm, is not a reliable indicator of VWC or biomass.

Another concern we have with tau as a vegetation indicator is the lack of its correspondence to the relative vegetation levels in the four watersheds. As shown in Table VI and discussed in the paper, the SMOS tau levels are lower than expected. It is possible the higher tau values are a result of compensation for another model parameter. One such factor is the surface roughness effect. The effective roughness parameter was assumed to be constant value of 0.1. Surface roughness and tau have a similar effect on the surface emissivity. It is possible the residual surface roughness is compensated for by the increase in tau. The values for vegetation optical depth (tau) are significantly higher than the MODIS derived VWC for the WG and RC watersheds. These watersheds also have higher surface roughness. Based upon these facts, as the present time the tau parameter should not be used as a vegetation index.

IV. SUMMARY

The results of our validation indicate that the SMOS soil moisture estimates are approaching the level of performance anticipated, based on comparisons with in situ data and supported by soil moisture retrievals using AMSR-E data and its associated algorithm. The watershed sites are highly reliable and address scaling with replicate sampling. The overall RMSE of the SMOS soil moisture estimates is 0.043 m 3 /m 3 (ascending) and 0.047 m 3 /m 3 (descending), for the watershed networks. These are very close to the mission target accuracy of 0.04 m 3 /m 3 .

Our analyses indicated that ongoing and recent precipitation can contribute to the error in using the in situ data to validate the SMOS retrievals. The in situ data represent average conditions in the 0-5 cm soil layer. At L-band, SMOS can also provide an estimate of this layer.

However, shortly after a rain event the radiometer measurement will be dominated by the wetter near surface layer. The difference between the in situ and SMOS estimates of soil moisture in these cases is due to interpretation rather than retrieval error. It was shown that ECMWF precipitation forecast data can be used to flag these events. Applying this precipitation flag reduces the RMSE in most cases.

SMOS provides a parameter tau as part of its retrieval scheme. Tau is the nadir vegetation optical depth and is related to the vegetation water content and other biophysical variables. For the sites analyzed we found that tau varied significantly on a day to day basis, did not mimic the seasonal patterns we expected for the sites, and did not match the level of tau as estimated using other techniques. Based upon these facts, the tau parameter should not be used as a vegetation index.

The SMOS algorithms are still being modified and are in calibration/validation phase. It is expected that refinements to the SMOS algorithm will further enhance the soil moisture retrievals. 

  Another factor we investigated was vegetation. Normalized Difference Vegetation Index (NDVI) climatology was derived using 10 years (2000-2010) of MODIS (Terra) observations. Individual MODIS observations were screened for precipitation, cloud cover and snow. Quality control flags were used to screen out the bad data values. The quality controlled data was averaged for every 10-day period to derive a yearly climatology. The NDVI was converted to vegetation water content (VWC). The relationship between NDVI and VWC was established by comparing the ground based spectral observations with the in situ vegetation water content observations. In situ vegetation water content was measured by destructive sampling. The following studies provide detailed descriptions of the methodology and the results based on several field campaigns[START_REF] Yilmaz | Vegetation water content during SMEX04 from ground data and Landsat 5 Thematic Mapper imagery[END_REF][START_REF] Jackson | Soil moisture mapping at regional scales using microwave radiometry: the Southern Great Plains hydrology experiment[END_REF][START_REF] Jackson | Vegetation water content mapping using Landsat data derived normalized difference water index (NDWI) for corn and soybean[END_REF].

Figure 2c further illustrates

  Figure 2c further illustrates the comments above. It shows that the overall scatter of the in

Figure 1 .

 1 Figure 1. AMSR-E validation with increasing period of record for descending (d) passes; a) bias and b) RMSE. Legend refers to Little Washita (LW), Little River (LR), and Walnut Gulch (WG).

Figure 2 .Figure 3 .

 23 Figure 2. In situ volumetric soil moisture (VSM) versus satellite retrieved soil moisture; a) WG,

Figure 4 .

 4 Figure 4. Temporal plots of tau, vegetation water content, and soil moisture (ascending only); a)

  and summarized in TableVI. The typical vegetation phenology for this region is clearly illustrated in the VWC. Winter wheat greens up in April and is harvested by early June. At the same time that the wheat is senescing, grasses and summer crops begin to contribute to the average VWC, which results in more or less constant VWC through summer. As observed for WG; tau does not exhibit any clear seasonal pattern and, it has high day to day variability, and the level of tau appears to be higher than expected. This watershed has a sub-humid climate with long hot and humid summers and short mild winters. Sandy loam soils dominate. The major land cover in the watershed is cropland (consisting mostly of summer crops such as peanuts and cotton), forest, and pasture. The statistical comparisons in TableIIIindicate a higher RMSE and an

	Little River, Georgia:

Table II .

 II Comparison of long term and short term SCA performance with AMSR-E. The long term analysis covers a period of June 2002-Dec 2010. The short term covers the period of the SMOS data set used in analyses, Jan. 2010-Dec. 2010.

			AMSR-E	AMSR-E
			Descending 0130	Ascending 1330
	Watershed	Period				
			RMSE	Bias	RMSE	Bias
	Walnut Gulch,	Long Term	0.024	-0.011	0.027	-0.016
	AZ	Short Term	0.038	-0.029	0.030	-0.021
	Little Washita,	Long Term	0.052	-0.019	0.047	-0.018
	OK	Short Term	0.046	-0.029	0.048	-0.035
	Little River,	Long Term	0.051	0.035	0.038	0.018
	GA	Short Term	0.049	0.040	0.034	0.021
	Reynolds	Long Term	0.027	-0.014	0.029	-0.017
	Creek, ID	Short Term	0.041	-0.035	0.044	-0.039
	RMSE (Root mean square error), Bias, and SEE (Standard error of
	estimate) are in m 3 /m 3 .				

Table III .

 III Comparison of SMOS and AMSR-E SCA soil moisture algorithm performance for the watershed networks (Jan. 2010-Dec. 2010).

			SMOS Ascending 0600		SMOS Descending 1800
	Watershed Product	AMSR-E Descending 0130	AMSR-E Ascending 1330
			RMSE Bias	R	N	RMSE	Bias	R	N
	Walnut	SMOS 0.038 0.003	0.809	128	0.034	0.004	0.762	145
	Gulch, AZ	AMSR-E 0.038 -0.029	0.472	247	0.030 -0.021	0.471	216
	Little	SMOS 0.042 0.002	0.773	130	0.044 -0.008	0.775	134
	Washita, OK	AMSR-E 0.046 -0.029	0.709	214	0.048 -0.035	0.790	244
	Little River,	SMOS 0.051 0.026	0.732	126	0.072	0.045	0.643	92
	GA	AMSR-E 0.049 0.040	0.631	224	0.034	0.021	0.792	243
	Reynolds	SMOS 0.039 -0.023	0.152	51	0.045 -0.016	0.136	42
	Creek, ID	AMSR-E 0.041 -0.035	0.172	74	0.044 -0.039	0.045	76
	RMSE (Root mean square error), Bias, and SEE (Standard error of estimate) are in m 3 /m 3 .
		R=Linear correlation coefficient, N=Number of samples	

Table IV .

 IV Effect of flagging and removal on SMOS soil moisture algorithm performance when there is active or recent rainfall.

			SMOS Ascending 0600		SMOS Descending 1800
	Watershed	Flag						
			RMSE Bias	R	N	RMSE Bias	R	N
		None	0.038 0.003	0.809	128	0.034 0.004	0.762	145
	Walnut	ECMWF 0.027 0.007	0.763	109	0.019 0.006	0.847	106
	Gulch, AZ	Active Rain	0.034 0.001	0.820	121	0.021 0.006	0.808	111
		6-Hour Antecedent	0.024 0.008	0.678	106	0.019 0.007	0.840	100
		None	0.042 0.002	0.773	130	0.044 -0.008 0.775	134
	Little	ECMWF 0.033 0.003	0.805	94	0.042 0.011	0.796	100
	Washita, OK	Active Rain	0.036 0.003	0.785	121	0.041 0.012	0.792	123
		6-Hour Antecedent	0.036 0.003	0.780	112	0.042 0.013	0.767	115
		None	0.051 0.026	0.732	126	0.072 0.045	0.643	92
	Little River,	ECMWF 0.054 -0.023 0.644	98	0.083 -0.059 0.610	87
	GA	Active Rain	0.049 -0.024 0.694	112	0.066 -0.038 0.653	77
		6-Hour Antecedent	0.048 -0.024 0.717	96	0.064 -0.036 0.638	64
		None	0.039 -0.023 0.152	51	0.045 -0.016 0.136	42
	Reynolds	ECMWF 0.038 0.026	0.230	48	0.039 0.025	0.129	36
	Creek, ID	Active Rain	0.040 0.025	0.083	47	0.039 0.027	0.342	37
		6-Hour Antecedent	0.039 0.027	0.145	46	0.040 0.027	0.176	35
	RMSE (Root mean square error), Bias, and SEE (Standard error of estimate) are in m 3 /m 3 .
		R=Linear correlation coefficient, N=Number of samples		

Table V .

 V Flagging and removal on AMSR-E SCA soil moisture algorithm performance when there is active or recent rainfall.

			AMSR-E Descending 0130		AMSR-E Ascending 1330	
	Watershed Flag								
			RMSE	Bias	R	N	RMSE	Bias	R	N
		None	0.038	-0.029	0.472 247	0.030	-0.021	0.471 216
	Walnut Gulch, AZ	Active Rain	0.028	-0.020	0.483 202	0.035	-0.026	0.388 205
		6-Hour Antecedent	0.025	-0.018	0.364 170	0.032	-0.024	0.255 177
		None	0.046	-0.029	0.709 214	0.048	-0.035	0.790 244
	Little Washita, OK	Active Rain 6-Hour Antecedent	0.045 0.045	-0.029 -0.029	0.702 208 0.696 194	0.045 0.044	-0.033 -0.033	0.798 223 0.790 207
		None	0.049	0.040	0.631 224	0.034	0.021	0.792 243
	Little River, GA	Active Rain 6-Hour Antecedent	0.048 0.048	0.039 0.039	0.609 208 0.580 173	0.034 0.034	0.023 0.024	0.784 205 0.773 158
		None	0.041	-0.035	0.172	74	0.044	-0.039	0.045	76
	Reynolds Creek, ID	Active Rain	0.039	-0.034	0.199	70	0.044	-0.039	0.080	69
		6-Hour Antecedent	0.040	-0.035	0.118	59	0.042	-0.037	0.107	63
	RMSE (Root mean square error), Bias, and SEE (Standard error of estimate) are in m 3 /m 3 .
		R=Linear correlation coefficient, N=Number of samples		

Table VI .

 VI Comparison of SMOS tau and vegetation water content (derived from NDVI climatology values). Period of analysis is Jan.

	2010-Dec. 2010.									
	Watershed	Overpass		Tau		(kg/m 2 ) Vegetation Water Content	MODIS Estimated Tau
			Average	Minimum Maximum Average Minimum Maximum Average Minimum Maximum
	Walnut Gulch, AZ	Ascending Descending	0.18 0.21	0.01 0.03	0.42 0.43	0.59	0.48	0.90	0.059	0.048	0.090
	Little Washita, OK	Ascending Descending	0.24 0.19	0.06 0.01	0.43 0.37	1.17	0.79	1.48	0.117	0.079	0.148
	Little River, GA	Ascending Descending	0.32 0.30	0.07 0.07	0.58 0.57	1.49	1.21	1.88	0.149	0.121	0.188
	Reynolds Creek, ID	Ascending	0.22	0.08	0.43	0.77	0.69	0.94	0.077	0.069	0.094
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