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Abstract:



Inland surface waters in tropical environments play a major role in the water and carbon cycle. Remote sensing techniques based on passive, active microwave or optical wavelengths are commonly used to provide quantitative estimates of surface water extent from regional to global scales. However, some of these estimates are unable to detect water under dense vegetation and/or in the presence of cloud coverage. To overcome these limitations, the brightness temperature data at L-band frequency from the Soil Moisture and Ocean Salinity (SMOS) mission are used here to estimate flood extent in a contextual radiative transfer model over the Amazon Basin. At this frequency, the signal is highly sensitive to the standing water above the ground, and the signal provides information from deeper vegetation density than higher-frequencies. Three-day and (25 km × 25 km) resolution maps of water fraction extent are produced from 2010 to 2015. The dynamic water surface extent estimates are compared to altimeter data (Jason-2), land cover classification maps (IGBP, GlobeCover and ESA CCI) and the dynamic water surface product (GIEMS). The relationships between the water surfaces, precipitation and in situ discharge data are examined. The results show a high correlation between water fraction estimated by SMOS and water levels from Jason-2 (R > 0.98). Good spatial agreements for the land cover classifications and the water cycle are obtained.
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1. Introduction


Terrestrial surface water covers only about 5% of the Earth’s ice-free land surface [1,2], but plays a key role in global biogeochemistry, hydrology and wildlife diversity [3,4]. Consequently, it is critical to monitor the distribution of terrestrial water at large spatial and high temporal scales [5,6,7,8]. The work in [9] estimates that nearly two-thirds of all terrestrial freshwater wetlands disappeared between 1997 and 2011. A more recent study used three million Landsat images to provide a high resolution map of surface water extent [10]. The authors of this study estimated that 90,000 km2 of permanent surface water had disappeared between 1984 and 2015.



Several different methods based on mapping water bodies from remote sensing datasets were used since the development of the Earth’s space observations: (1) visible; (2) infrared; (3) active microwave; (2) passive microwave and; (4) hybrid approach (passive and active microwave). Each method offers varying degrees of success in providing quantitative estimates of wetlands and inundation extents.



Water surface can be sensed by optical remote sensing methods. These methods typically exploit the absorption of longer wavelengths of light in water, especially the near and shortwave infrared parts of the electromagnetic spectrum [11,12]. Optical remote sensing provides very accurate mapping of water bodies. For example, [13] senses lakes with a spatial resolution of 15 m, whereas [14] sensed global water bodies at 30-m resolution using the Landsat data. The majority of the studies using optical remote sensing for water bodies’ detection provided only one snapshot of the hydrology stage. Due to the low revisit time of the optical sensors, few maps of a large area are available, and the minimum and/or the maximum of the flooded area are not always observed. The detection of sudden changes impacting the hydrologic cycle [10] is also not sensed with accuracy. These limitations are crucial issues for hydrology application. However, some studies [15,16] managed to follow the temporal dynamics of the water surface in specific places. The most important limitation of the optical sensors is their inability to penetrate clouds and dense vegetation cover, which is essential during tropical wet seasons over the Amazon Basin.



Active microwave (scatterometers and Synthetic Aperture Radar (SAR)) is also sensitive to the water surface and has the ability to penetrate clouds and, to a certain extent, vegetation. Open water surfaces are generally characterized by low backscattering coefficients. Contrary to passive microwave, the signal is more contaminated by the vegetation. The spatial resolution of scatterometers is about 25–50 km, whereas the SAR provides higher resolution, typically around 10–150 m. Several studies have shown the ability of active microwave to map surface water at regional scales, such as over the Amazon region [17] and over the Arctic region [18]. Satellite altimeters are radars that observe at nadir to measure surface topography. They provide accurate measurements of water heights in rivers, lakes and wetlands [19,20,21]. Due to their high spatial resolution, altimeters do not provide sufficient spatial coverage to analyze the water bodies’ temporal dynamics, except in polar regions [22]. The future Surface Water Ocean Topography (SWOT) mission [23] intended to be launched in 2021 is expected to provide K-band SAR interferometry, enabling continental altimetry.



Passive microwaves are sensitive to the distribution of liquid water in the landscape; they can operate day and night for all weather conditions. However, they are limited by a low spatial resolution (approximately 30 km). They can sense only large wetlands or regions where the cumulative area of small wetlands comprises a significant portion of the field of view. Consequently, they provide the capability to map the temporal evolution of surface water over the land surface due to their high temporal resolution. In previous studies, passive microwave measurements have shown the capability to sense the dynamics of terrestrial surface water at coarse resolution [24,25,26,27,28,29,30,31]. The basic principle of the surface water measurements based on passive microwave is explained by the difference of the emissivity between the water and the soil. Flooding surfaces decrease the emissivity in both vertical (V) and horizontal (H) polarization and increase the difference between the two polarizations, especially at low frequencies. This approach produces ambiguous estimation of surface water over regions with mixtures of open water and other complex surfaces (topography effects). The work in [26,27] has extensively studied the inundation area over the Amazon Basin with the Scanning Multichannel Microwave Radiometer (SMMR). However, their studies focus essentially on a restricted area close to Manaus town from 1979 to 1987.



Hybrid approaches combine the strengths of different types of sensors. For example, altimetry data are characterized by a high spatial resolution and a low temporal resolution and can be combined with passive microwave data having low spatial resolution and a high temporal resolution to obtain a product with both high temporal and spatial resolution. The Global Inundation Extent from Multiple-Satellites (GIEMS) products are based on merged data from passive (Special Sensor Microwave/Imager (SMM/I)), active microwave (European Remote Sensing satellite (ERS)) and data from an optical sensor (Advanced Very High Resolution Radiometer (AVHRR)) [32].



Table 1 presents the major studies related to the observation and detection of water bodies from space by using the techniques presented above. Visible and infrared remote sensing methods were extensively used, but provided static maps of water bodies at the global scale or a dynamic map at the regional scale [15,33]. A lack of studies concerning dynamic water surface extent from 2013 to the present is clearly identified in this table.



Table 1. List of selected scientific papers on the observation of the water surface over the continents from space. References, area of study and sensors are shown.







	
Remote Sensing Approach

	
Reference

	
Area of Study

	
Sensors

	
Frequency






	
Passive microwave

	
[27]

	
Amazon Basin

	
SSMR

	
Q-band




	
[29]

	
Boreal regions

	
SSM/I-SSMR

	
K- and Ka-band




	
[37]

	
North Eurasian

	
AMSR-E-QSCAT

	
C-band




	
Active microwave

	
See [38] for a review of the SAR technique




	
[17]

	
Amazon Basin

	
ENVISAT SAR

	
L-band




	
[39]

	
High latitude regions

	
ENVISAT ASAR

	
C-band




	
[40]

	
Mekong basin

	
ENVISAT ASAR

	
C-band




	
[41]

	
Global scale

	
ENVISAT ASAR

	
C-band




	
[22]

	
Boreal regions

	
Topex-Poseidon

	
C-band




	
Hybrid approaches

	
[42]

	
Global scale

	
SSM/I, ERS, AVHRR

	
Ka- and C-band




	
[32]

	
Global scale

	
SSM/I, ERS, AVHRR

	
Ka- and C-band




	
[43]

	
Global scale

	
SSM/I, ERS, AVHRR

	
Ka- and C-band




	
[37]

	
Global scale

	
SSM/I, SSMI/S, ERS, QSAT, ASCAT

	
Ku- and C-band




	
Optical and infrared

	
[44]

	
Okavango Delta

	
AVHRR

	
-




	
[45]

	
Brahmaputra

	
AVHRR

	
-




	
[46]

	
Inner Niger Delta

	
MODIS

	
-




	
[47]

	
China

	
MODIS

	
-




	
[33]

	
Mekong Delta

	
MODIS

	
-




	
[10]

	
Global scale

	
Landsat

	
-










The floodplains and wetlands of the Amazon River are important in terms of water volume and in terms of fluxes between the land and the atmosphere. Mapping water fraction under the Amazon tropical dense forest is challenging, but sensing water under dense vegetation remains a key issue in the remote sensing scientific community.



In this study, we developed a method to map the temporal evolution of the water bodies at coarse spatial resolution and weekly temporal resolution by using a microwave sensor at L-band (1.4 GHz) called Soil Moisture Ocean Salinity (SMOS) over the Amazon Basin. The SMOS satellite operates at L-band, and it was shown that this frequency is the most suitable, being less impacted by vegetation than higher frequencies [34,35,36]. Originally, the SMOS satellite was dedicated to sense soil moisture over land surfaces and the ocean salinity. The SMOS physical signal (brightness temperature) is highly impacted by the presence of standing water over the ground.



Our motivation is to use a contextual radiative transfer model and a single dataset to estimate the water fraction over the tropical basin. The area of study and the datasets used in this work are presented in the Section 2 and Section 3, respectively. Section 4 presents the algorithm permitting retrieving the water fraction extent from the SMOS data, and Section 5 contains the results and the validation. The discussion and conclusions are presented in Section 6 and Section 7.




2. Study Areas


This study focuses on the Amazon Basin, which is the largest tropical basin with an area of approximately 6,000,000 km2 and contributes up to 15% of the global river discharge to the ocean (approximately 200,000 m3s−1 discharge). With a sediment load of three million tons near its mouth [48] and drainage area covers about 6,200,000 km2, almost 5% of all of the continental masses, the Amazon Basin is one of the most impressive hydrological basins of the world. The Amazon is highly interconnected by floodplain channels, resulting in complex flow patterns. Figure 1 presents the Amazon Basin with the main rivers and floodplains. Covering more than 300,000 km2, the Amazon extensive floodplains play a crucial role for global climate and biodiversity, but they are still poorly monitored at a large scale, limiting our understanding of their role in flood hazard, carbon production, sediment transport, nutriment exchange and air-land interactions. Surface water stored in floodplains represents about half of the terrestrial water storage and 15–20% of the water that flowed out of the Amazon floodplains [49,50,51,52,53]. Because it extends over two hemispheres, the Amazon region is characterized by several rainfall regimes. Rainfall shows opposing phases between the Northern and the Southern Hemisphere with a rainy season in austral winter in the Northern Hemisphere and summer in the Southern Hemisphere. The rainfall shows a gradient from northwest to southeast with decreasing rainfall amount and increasing length in the dry season. For the eastern part of the basin, the rainy season occurs from March–May, and the dry season prevails from September–November. For the northern regions, low rainfall seasonality is observed with wet conditions throughout the year. For more information on the Amazon hydrological regime, see [54,55,56].


Figure 1. Map of the Amazon Basin with the main rivers and floodplains.
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3. Data


This section describes the data used to compute the water fraction extent from passive microwave at L-band (SMOS data, topography data and skin temperature) and the data used to compare and validate this product (precipitation data, static land cover maps, other dynamic water fraction products, water level from altimetry and in situ river discharge data).



3.1. L-Band Brightness Temperatures from SMOS


The SMOS mission is a joint program of the European Space Agency (ESA), the Centre National d’Etudes Spatiales (CNES) and the Centro para el Desarrollo Teccnologico Industrial (CDTI) in the framework of the Earth Explorer Opportunity Mission initiative. It is the first satellite specifically dedicated to soil moisture retrievals with a passive microwave radiometer at 1.4 GHz (L-band). The physical signal of SMOS is the Brightness Temperature (TB). This signal is highly sensitive to the water under the ground [34]. Clouds and rain have a negligible effect [57], and the atmospheric contribution is limited and known [34]. The microwave signal is to a lesser extent sensitive to the vegetation, but actually, the L-band signal is less impacted by the vegetation than higher frequencies.



SMOS has a Sun-synchronous orbit at a 757-km altitude with a 06:00 LST ascending Equator crossing time and an 18:00 LST descending Equator crossing time. The globe is fully imaged twice every three days. The main innovative feature of SMOS is the capability for multi-incidence-angle observations at full polarization across a 900-km swath. In this study, the SMOS Level (L) 3 TB (RE04v300) products [58] produced by the Centre Aval de Traitement des Données SMOS (CATDS) are used. These data are projected on the Equal-Area Scalable Earth (EASE) Grid 2 [59] with a spatial resolution of 25 km × 25 km. The main differences between the SMOS L3 TB and the other lower levels of data are: (i) the L3 TB products are expressed at the top of the atmosphere over the terrestrial reference frame (H and V); and (ii) they are bin averaged every 5∘ from 2.5∘–62.5∘. In the present study, SMOS L3 TB were used from 2010–2015 over the Amazon Basin. Angles of 32 ± 5∘, 37 ± 5∘, 42 ± 5∘ and 47 ± 5∘ in both H and V polarization were considered to retrieve the water fraction over the tropical basin. The SMOS data were downloaded from the CATDS servers (www.catds.fr).




3.2. Topography


The digital elevation model obtained by the Shuttle Radar Topography Mission (SRTM) [60] with a spatial resolution of 30 arc sec(approximately 1 km) was used over the Amazon Basin. These data result from the Global 30 Arc-Second Elevation (GTOPO30) computed at the U.S. Geological Survey’s EROS Data Center (USGS) and were available at https://Ita.cr.usgs.gov/GOTO30. The elevation and topographic index maps over the Amazon watersheds were computed by averaging all of the SRTM elevation values present in an SMOS pixel (Figure 2). These data are used to flag areas with an elevation higher than 500 and/or a topographic index indicated as moderate in the SMOS flag.


Figure 2. (a) Elevation (in meters) of the Amazon Basin from the SRTM data rescaled in the EASE v2.0 grid; spatial distribution of the water surface from: (b) ESA CCI; (c) IGBP; (d) Globe Cover; (e) average inundation extent from GIEMS from 1993–2007 over the Amazon Basin; and (f) average inundation extent from Surface Water Microwave Product Series (SWAMPS) from 2010–20over the Amazon Basin.
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3.3. Skin Temperature


The surface skin temperature produced by the European Centre for Medium-range Weather Forecasting (ECMWF) was used in this study. This product was obtained by the SMOS L3 preprocessor, which computed the spatiotemporal average of the ECMWF reanalysis products on the EASE 2.0 grid.




3.4. Precipitation Data


Precipitation measured by the Tropical Rainfall Measuring Mission (TRMM) were used over the entire Amazon Basin from 2010–2015. TRMM is a joint mission between NASA and the Japan Aerospace Exploration (JAXA) Agency and provides rainfall estimates at 0.25∘× 0.25∘ spatial resolution. The TRMM-3B42 product [61] uses microwave data to calibrate the infrared-derived estimates and creates estimates that contain microwave-derived rainfall estimates when and where microwave data are available and the calibrated infrared estimates where microwave data are not available.




3.5. Static Land Cover Maps


The International Geosphere-Biosphere Programme (IGBP), the GlobeCover land cover classification and the ESA CCI maps were used. The IGBP land cover map was obtained using images from the Moderate Resolution Imaging Spectroradiometer (MODIS) with a spatial resolution of 0.005∘ during 2001–2012 [62]. The GlobeCover land surface map is based on data from the Advanced Very High Resolution Radiometer (AVHRR) data and is at a 1-km spatial resolution. Data were acquired during 1992–1993 [63]. Recently, a new release of the ESA Climate Change Initiative (CCI) Land Cover map was made available [64]. The new water/no water global mask at 150 m was built on previous achievements using SAR systems and further improved thanks to a combination with recent Landsat-derived products. This dataset was based on acquisitions from the years 200–2012. Data can be downloaded at: http://www.esa-landcover-cci.org/?q=node/162. For the three products, the water classes were aggregated and re-sampled on the EASE v2.0 grid to obtain the water fraction (%) present in each cell of the EASE v2.0 grid. The three products are static and are presented in Figure 2.




3.6. Dynamics and Climatoloy of Water Fraction Data


The GIEMS products provided a long-term global map of inundation at coarse resolution by merging passive and active data (SSM/I, ERS, AVHRR) from 1993–2007 at monthly time steps. The GIEMS product is gridded on an equal area grid of 0.25∘ × 0.25∘ at the Equator. Over highly vegetated areas, the GIEMS product has some limitations. For example, over the Amazon Basin, the GIEMS product has a tendency to overestimate higher inundation fractions [32]. This product is fully described in [42]. These data were subsequently employed in estimating surface water storage variations in large river basins [50,65,66]. To be compared with our data, the GIEMS product was averaged during the full period and considered as a static climatological product. Figure 2 shows the temporal GIEMS average over the Amazon Basin from 1993–2007.



The recent Surface Water Microwave Product Series (SWAMPS) data provided daily surface water globally at 25-km resolution from 1992–2013. This product was based on the combination of passive and active microwave sensors (SSM/I, SSMIS, ERS, QuikSCAT, ASCAT) and visible sensors (MODIS). The data are described in detail and validated in [37]. In our study, only data from 2010–2013, coinciding with SMOS data availability, over the Amazon Basin were considered. Figure 2 shows the temporal SWAMPS average over the Amazon Basin from 2010–2013.




3.7. Water Level from Satellite Altimetry


In the Amazon Basin, water level (in meters) time series for virtual stations calculated from the Jason-2 altimeter satellite over the period 2008–2012 were downloaded from the Hydroweb database (http://hydroweb.theia-land.fr/). The Jason-2 satellite was launched on 20 June 2008 in the follow-on mission to the Jason-1 satellite (2002–2008, CNES/NASA). It operates at Ku-band (13.575 GHz) and C-band (5.3 GHz) and has a time period of ∼9.9 days [67]. The water level computation method and the location of the virtual stations are presented in [68]. In the present study, water level time series over 83 virtual stations from 2010–2012 inclusive were used.




3.8. In Situ River Discharge Data


Monthly in situ discharge (m3/s) observations for the Amazon River were obtained from the Obidos gauge station (1∘00’ S, 55∘00’ W) for the period of January 2010–March 2014. Data are available on Hidroweb (http://www.hidroweb.ana.gov.fr) from the Brazilian water agency.





4. Methods


This section describes the approach used to derive surface water extent (expressed in %) contained in an SMOS pixel from the SMOS L3 TB. The contextual radiative transfer model and the selection of two reference points are described below, followed by the statistical method used to compare and validate the SWAF product.



4.1. Contextual Radiative Transfer Model to Retrieve the Water Fraction under Dense Forests


4.1.1. Description of the SWAF Algorithm


It is well known that the microwave emission is highly impacted by the dielectric constant [57]. In the present algorithm, we assumed that over the tropical basins, the pixels are only composed of two contributions: the water and the forest, such as represented in Figure 3.


Figure 3. (a) Pixel representation with the two contributions: forest and water; (b) location of the “water”, the “forest” and the mixed pixels.
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Therefore, for a given pixel, the TB for the entire pixel is the sum of the water contribution and the forest contribution. The water contribution is the TB of the water weighted by the fraction of the pixel flooded, called the Surface WAterFraction (SWAF). In the same way, the contribution of the forest is the TB of the forest weighted by the part of the pixel not flooded (1-SWAF). The TB of the total pixel can be expressed as:


[image: there is no content]



(1)




where [image: there is no content] is the incidence angle, p the polarization (p = H or V), [image: there is no content] is the TB of the total pixel, [image: there is no content] the TB of the water and [image: there is no content] the TB of the forest. The fraction of the water present in an SMOS pixel depends on both the incidence angle and the polarization and can be expressed as:


[image: there is no content]



(2)







[image: there is no content] is the brightness temperature observed by the SMOS satellite. This observation is done over each pixel over the Amazon Basin. However, the [image: there is no content] values are extracted over a selected pixel located at 2.137∘ S, 60.803∘ W (Figure 3) and composed exclusively of forest. The [image: there is no content] are interpolated in time from the ascending SMOS overpass. In the same way, the [image: there is no content] time series are computed over a selected pixel located close to Obidos (2.142∘ S, 55.449∘ W) and composed of more than 80% water (Figure 3). Indeed, an SMOS pixel composed only of freshwater cannot been found (water from the ocean is salty, which modifies the emissivity). Therefore, the [image: there is no content] has been computed as the product of the emissivity and the skin temperature provided from the ECMWF. The Klein and Swift model [69] has been used to calculate the water emissivity. An average of the [image: there is no content] over the full period is computed to add more stability to the model. The [image: there is no content] is the only contribution that is constant in time in the model. Details about the value and the time series of both the [image: there is no content] and [image: there is no content] are presented in the next section.



At this stage, an illustration is needed for a better comprehension of the algorithm. Figure 4 presents the time series of the [image: there is no content], [image: there is no content] and a pixel annually flooded considered as “mixed” i.e., composed of both forest and water ([image: there is no content]) located in Figure 3.


Figure 4. Time series of TB at H polarization (left) and V polarization (right) at two incidence angles (32∘± 5∘ and 47∘± 5∘): the “water”, “forest” and “mixed” pixels.
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As shown in Figure 4, the [image: there is no content] values over the “forest”, the “water” and the “mixed” pixels differ slightly following the angles and the polarization. For all of the polarization and the incidence angles, the [image: there is no content] values of the “water” pixel are the lowest, whereas the values of [image: there is no content] over the “forest” pixel are highest. The values of [image: there is no content] over the “mixed” pixel are included between the two contributions. Over the six years, the values of [image: there is no content] and [image: there is no content] are very constant with time. This is not the case for the time series of [image: there is no content], which shows annual cycles due to the annual inundation of the Amazon River. For the “mixed” pixel, at each date, Equation (2) is computed to obtain the SWAF value. This method is generalized over all of the pixels of the Amazon Basin (the localization of the “mixed” pixel moved, but the water and forest reference pixels are always the same). The [image: there is no content] data are computed each day with the SMOS ascending overpass and smoothed with a sliding window of 17 days.



The passive interferometric technique has some limitations over the areas with complex topography [70]. To avoid artifacts, SWAF data are not computed over areas with moderate topography according to the SMOS flag. Moreover, pixels with a topography index estimated as moderate or higher in the SMOS flag over the Amazon Basin were not considered.




4.1.2. Forest and Water TB Reference


As explained in the previous section, the time series of TB values over the “water” pixel are averaged in time to be sure of the [image: there is no content] stability. Results for each angle and polarization used in the algorithm are presented in Table 2. Lower values of TB are obtained in H polarization than in V polarization. In H polarization, the mean TB over the “water” pixel decreases with the increase of the incidence angles. The reverse is observed in V polarization. The signal over the “water” pixel is really stable during the full period as shown by the standard deviation, which does not exceed 1 K.



Table 2. Average and standard deviation ([image: there is no content]) of the TB over the “water” and “forest” pixel in both H and V polarization and at four incidence angles (32∘± 5∘, 37∘± 5∘, 42∘± 5∘, 47∘± 5∘).







	

	
“Water” Pixel

	
“Forest” Pixel






	
Incidence Angle

	
H-pol

	
V-pol

	
H-pol

	
V-pol




	
 

	
Mean (K)

	
[image: there is no content] (K)

	
Mean (K)

	
[image: there is no content] (K)

	
Mean (K)

	
[image: there is no content] (K)

	
Mean (K)

	
[image: there is no content] (K)




	
32∘± 5∘

	
94.52

	
0.51

	
122.58

	
0.64

	
274.43

	
2.71

	
276.61

	
2.72




	
37∘± 5∘

	
89.96

	
0.49

	
128.25

	
0.67

	
272.44

	
2.94

	
276.12

	
2.61




	
42∘± 5∘

	
84.72

	
0.46

	
135.27

	
0.70

	
271.88

	
3.57

	
275.72

	
2.71




	
47∘± 5∘

	
78.78

	
0.43

	
143.93

	
0.74

	
269.71

	
3.22

	
274.26

	
2.51










To compare the value obtained over the “water” pixel, the TB over the “forest” pixel are also averaged. However, note that these values are not used in the SWAF algorithm. For the “forest” pixel, the mean TB values increase for decreasing incidence angles, in both H and V polarization. This behavior is more marked in H polarization. The standard deviation of the TB over the “forest” pixel is higher than that observed over the “water” pixel, but does not exceed 4 K. Lower standard deviations are obtained in V polarization than in H polarization, except at 32∘± 5∘.





4.2. Statistic Scores’ Computation


In this study, we use a common set of skill scores: (i) the coefficient of correlation (r); (ii) the p-value; (iii) the cross-correlation; (iv) the bias; and (v) the Root Mean Square Error (RMSE) value. The Pearson correlation coefficient (r) is used to compare the dynamic behavior of the SWAF data (x) with the dynamic evolution of other variables (y):


r=∑i=1n(xi−x¯)(yi−y¯)(∑i=1n(xi−x¯)2(∑i=1n(yi−y¯)2withx¯=1n∑i=1nxiandy¯=1n∑i=1nyi



(3)




with n the number of elements in the x and y series. Associated with the r, the p-value is also computed for the null hypothesis. The authors consider that for a p-value higher than 0.05, correlation values are not significant.



The cross-correlation measures the similarity of two time series (x and y) as a function of the displacement of one relative to the other. In this study, the displacement corresponds to the time (in months). Therefore, the cross-correlation value is the higher correlation value obtained if the x time series is moved by n months with respect to the y time series.



The bias between two series (x and y) is defined as:


[image: there is no content]



(4)




and the RMSE value is usually used to define the accuracy of the data. It is computed as:


[image: there is no content]



(5)









5. Results over the Amazon Basin


This section provides the SMOS water fraction results and analysis with a focus on the comparison and the validation of the product using a set of multi-source datasets described in Section 3.



5.1. Spatial Patterns and Temporal Dynamics of the SWAF Maps


This section described the spatial and temporal behavior of the water surface extent estimated by SMOS for the four angles and the two polarizations presented in Section 3.



Figure 5 shows the SMOS water fraction (SWAF) averaged over the 2010–2015 period for the entire Amazon Basin. Results are presented for four angle bins: (32∘± 5∘, 37∘± 5∘, 42∘± 5∘, 47∘± 5∘) and the two polarizations (H and V pol). From Figure 5, it can be seen that independent of the incidence angles and polarizations, the major spatial patterns of the Amazon Basin are observed: the Amazon River and its tributaries, the Mamore floodplain in the south of the basin, the Branco floodplain in the north of the basin and the Balbina lake located in the north of Manaus. For a given angle, the spatial distribution of the SWAF is close in H and V polarization. However, the percentage of water fraction estimate is slightly higher at H polarization than V polarization. The major difference concerns the spatial distribution of the SWAF sensed at low incidence angle (32∘± 5∘) and at high incidence angle (47∘± 5∘). Low incidence angles reveal small patterns of SWAF and, in particular, the smaller Amazon River west affluent. Conversely, SWAF sensed with a higher incidence angle shows only the major structure of the flooded areas (Amazon River, Rio Negro River, Mamore plain, etc.).


Figure 5. Average in time of the SMOS water fraction during 2010–2015 over the full Amazon Basin. Both H and V polarization and the four incidence angles (32∘± 5∘, 37∘± 5∘, 42∘± 5∘, 47∘± 5∘) are considered.
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Figure 6 shows the temporal dynamic of the SWAF for the full basin for the eight SMOS configurations. For all of the angles and the polarizations, water surface extent exhibits a clear seasonal cycle. The minimum of the inundation is observed in March, whereas the maximum of the flooding is reached during October. This observation is valid for all of the angles and polarization. Both in H and V polarization, for all of the incidence angles, the temporal dynamics of the SWAF are in good agreement, except for the incidence angle of 47∘± 5∘. SWAF sensed with the highest incidence angle underestimates the water fraction in the Amazon Basin with respect to lower angles. In V polarization, on average, the Amazon Basin is less flooded than in H polarization. These results are in accordance with Figure 5. During the wet season, almost 1% of the Amazon Basin is flooded, whereas during the dry season, only 0.2% of the basin is flooded.


Figure 6. Spatial average of the SWAF over the full Amazon Basin in H polarization (lines) and V polarization (dashed lines) for the four incidence angles: 32∘± 5∘ (blue), 37∘± 5∘ (red), 42∘± 5∘ (green) and 47∘± 5∘ (black).



[image: Water 09 00350 g006]






Figure 7 shows the monthly spatial variability of the SWAF product over the Amazon Basin. The monthly average has been computed during the full period (2010–2015) at V-polarization and at 32∘± 5∘ of incidence angle. The Amazon River, its main tributaries and the major floodplains are well represented for all of the months. The maximum of the inundation of the Amazon River is observed between March and July. The spatial and temporal variation of the Mamore floodplain is well described by the SWAF data. This floodplain is inundated from January–June, and the least flooding is observed during September and October. The major Amazon tributaries are more flooded between January and May. Similar results are observed at H polarization and higher incidence angles (not shown).


Figure 7. Monthly average of the SWAF product from 2010–2015 at V-polarization and at 32∘± 5∘ incidence angle.
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5.2. Comparison and Validation


In the following section, the SWAF product is compared to other data sources and variables: static and dynamic water extent maps, water level measured by altimetry satellite, in situ river discharge at the outlet of the basin and precipitation data. The static land surface maps obtained by optical sensors and the GIEMS product were also used to analyze the spatial patterns. The SWAF data were also compared to the dynamic water fraction product available over the Amazon Basin, the SWAMPS product. Note that all of these datasets are completely independent from the SMOS water surface extent maps.



5.2.1. Comparison to Static and Climatological Water Extent Maps


The SWAF temporal average over the entire Amazon Basin had been compared to three static land cover maps (IGBP [62], GlobeCover [63] and ESA CCI [64]) and the mean of the GIEMS water fraction maps. These maps are detailed in Section 3.5 and presented in Figure 2. Main similar patterns can be observed from the three different static land cover maps. The number of pixels partially flooded over the Amazon Basin is higher for the GlobeCover map than for both the IGBP and ESA CCI maps. Conversely, the ESA CCI map produces less pixels totally flooded over the Amazon Basin than the others maps. IGBP, GlobeCover and ESA CCI maps present inundation surfaces of 220,000 km2, 360,000 km2 and 210,000 km2, respectively. Note that the static maps are based on data from different time periods (see Section 3.5), and the inland water occupation can change with time and anthropogenic activities.



The average GIEMS product over the 1993–2007 period is presented in Figure 2. The Amazon River, its major tributaries, southern and northern floodplains are well depicted. On average, over the 1993–2007 period, 440,000 km2 of the surface were flooded.



Figure 8 presents the mean distribution (2010–2015) of the water fraction extent for the IGBP map, GlobeCover map, ESA CCI map, GIEMS averaging and the temporal average of all of the SWAF products for the eight SMOS configurations over the Amazon Basin. For all of the products, the majority of the pixels are partly flooded, and a few of them are totally flooded. The distributions of both IGBP and ESA CCI are very close. The GlobeCover map and the mean GIEMS product (1993–2007) provide larger estimates of pixels flooded or partially flooded with respect to the other products, in particular for water fraction higher than 0.4. For all of the SMOS configurations, the distributions of the SWAF products are comprised between both the GlobeCover and GIEMS distributions and both the IGBP and ESA CCI distributions. Between the eight SMOS configurations, only a few differences in their spatial distributions can be noticed. Both in H and V polarizations, a decrease of the incidence angle leads to a decrease of the detection of pixels partially flooded. In V polarization, fewer pixels are flooded than in H polarization. This behavior is particularly marked for water fraction ranges between 10% and 40%. This trend makes the SWAF computed in V polarization closer to the IGBP and ESA CCI maps than the SWAF calculated in H polarization for the moderately flooded pixels. Table 3 presents an average of the number of square kilometers flooded in the Amazon Basin. Figure 5 and Figure 8 and Table 3 confirm that, on average, the number of square kilometers flooded decreases for increasing incidence angles, and more flooded areas are detected in H polarization than in V polarization. Independent of the selected SMOS configuration, the number of square kilometers flooded is in the range between the IGBP and GlobeCover estimates.


Figure 8. Histogram of water fraction for the IGBP map (red), GlobeCover map (black), the ESA CCI (blue) and SWAF (yellow columns) for eight SMOS TB configurations (32–47 angle bins and H/V configurations).
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Table 3. Average of the number of square kilometers flooded in the Amazon Basin for the eight SMOS configurations.







	
Incidence Angle (∘)

	
H-pol

	
V-pol






	
32∘± 5∘

	
290,000

	
270,000




	
37∘± 5∘

	
280,000

	
260,000




	
42∘± 5∘

	
280,000

	
250,000




	
47∘± 5∘

	
280,000

	
250,000










Figure 9 presents the bias (reference static maps, SWAF configurations) and the RMSE between water surface extent for each reference maps used in Figure 8 and the water surface extent for the eight SMOS configurations. For all of the SWAF configurations, lower bias is obtained by comparing the SWAF data with IGBP (mean bias = 0.6%) and ESA CCI (mean bias = −0.4%). Higher bias is obtained by comparing SWAF data with the GlobeCover map (mean bias = 5.9%). Bias between the static maps and the SWAF data is always higher at V-polarization than at H-polarization for all of the static maps. Moreover, the bias values increase with the growth of the incidence angles. A lower RMSE value is obtained by comparing the SWAF data with the ESA CCI map (mean RMSE = 5.8%), and a higher RMSE value is obtained with the GlobeCover map (mean RMSE = 17.8%). Following the static map considered, the behavior of the SWAF data with respect to angles and polarization differs. For IGBP and ESA CCI maps, lower values of RMSE are obtained at V-polarization than at H-polarization, and a slight decrease of the RMSE values is observed with the increase of the incidence angles. The contrary is noticed for the comparison with the GIEMS data. No trend concerning the RMSE behavior is observed for the comparison between the SWAF data and the GlobeCover data.


Figure 9. Bias (reference static maps, SWAF) and RMSE values computed between each reference maps (GlobeCover, IGBP, ESA CCI, GIEMS) and SWAF for the eight configurations.
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5.2.2. Comparison with Water Height Measured by Altimetry


For low topography slopes, the water surface extent can be related to the water height. Other studies [32,66] had already shown that the seasonal and inter-annual variation patterns of the surface water extent and the water level agree well. In this present study, the water levels measured by the Jason-2 satellite were compared with the SWAF product over 83 virtual stations during the 2010–2012 periods. Results are presented in Figure 10. Only stations with significant results (p-value < 0.01) are represented. The color dot indicates the correlation value for each virtual station. The gray color dots show the virtual station with non-significant results. For all of the SMOS configurations, the correlation value between the water fraction and the water level measured by Jason-2 is very high (r > 0.8) throughout the Amazon River and the major tributaries. The lower correlation values are located over areas where the relation between the water surface’s extent and the water level is not direct. For a given angle, slight differences in terms of correlation values are observed with respect to the polarization choice. The number of not significant stations varies following angles and polarization. At H polarization, the number of no significant stations is equal to 36, 33, 33 and 44 for angles from 32∘± 5∘–47∘± 5∘, respectively. At V-polarization, the number of no significant stations is slightly lower and equal to: 35, 30, 31 and 44, respectively.


Figure 10. For each SMOS configuration, correlation values against the SWAF water surface extent and the water level measured by Jason-2 during 2010–2012. The color dot represents the correlation value. Gray color dots show no significant results (p-value > 0.05).
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To formalize this information, the sum of the correlation values for each SMOS configuration is presented in Figure 11. Only stations with significant correlations for the eight SMOS configuration are considered to compute this figure. The sum of the correlation values between the SWAF and the water level estimated by altimetry is always higher at V-polarization than at H-polarization, except at 32∘± 5∘. The higher sum of correlation is obtained at V polarization and at 47∘± 5∘ incidence angle. At high incidence angles, higher correlation values are obtained, but the number of significant stations is lower. The contrary is observed at low incidence angles.


Figure 11. For each SMOS configuration, the sum of the correlation value (r) obtained in Figure 8. Only significant stations for all of the SMOS configuration are used for the computation.
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5.2.3. Comparison with SWAMPS Dynamic Surface Extent


The recent SWAMPS product provides a daily estimation of the surface water extent. Note that the SWAMPS products are obtained by more complex algorithm merging active and passive microwaves than the SWAF data. Figure 2 shows the average of the SWAMPS water fraction over the Amazon Basin from January 2010–March 2013. Spatially, the mean SWAF and SWAMPS products are in good agreement. Both in the SWAF and SWAMPS products, the Amazon River and its tributaries are well represented, and the major floodplains are present. In the SWAF data, no data are provided over the southeast part of the Amazon Basin due to high topographic index where as the SWAMPS product shows some patterns of water surface over the same region. An important difference between the two products is the spread of the rivers. In the SWAMPS product, all of the rivers have a larger floodplain area than in the SWAF data. Over the two major floodplains of the Amazon Basin, different patterns are observed in the SWAF data. This behavior is not observed for the SWAMPS data. The water surface extents estimated by the SWAMPS data are lower than those estimated by the SWAF data.



Figure 12 shows the temporal correlation values between the SWAMPS and SWAF data from January 2010–March 2013 for all of the SMOS configurations. The correlation value is computed only over pixels where both SWAMPS and SWAF water fraction are present. For all of the SMOS configurations, a good agreement (r > 0.8) between the SWAF and SWAMPS products is observed over the Amazon River and the two largest floodplains of the basin. Over these locations, the temporal dynamics of the surface water are well described by the two products. Concerning the Amazon tributaries, results are more contrasting, and the SWAF and the SWAMPS seem to have a different temporal dynamics. In terms of SMOS configurations, results are very similar whatever the incidence angle and polarization chosen. For example, the number of pixels that obtained a high correlation value (r > 0.8) between the SWAF and the SWAMPS products ranges between 147 (for 32∘± 5∘ in H-pol) and 172 (for 47∘± 5∘ in H-pol). No trend is noticed between high and low angles or V and H polarization. For the accepted correlation value (r > 0.6), the number of pixels that satisfied these criteria ranges between 1097 (for 47∘± 5∘ in V-pol) and 1247 (for 37∘± 5∘ in V-pol). In this case, a clear trend is observed: increasing the incidence angle leads to decreasing the number of pixels with an accepted correlation.


Figure 12. Temporal correlation values between the SWAMPS and SWAF products from January 2010–March 2013 for each SMOS configuration.
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5.2.4. Link between SWAF and the Hydrological Components


Strong seasonal and interannual variations can be observed in both precipitation and surface water extent in the Amazon Basin. Figure 13 presents the standardized anomalies (i.e., the time series of a hydrological parameter minus the average of the time series divided by its standard deviation of the observation period) of both precipitation from TRMM and SWAF products for the eight SMOS configurations over the entire Amazon Basin. Note that inundation is highly linked to the precipitation events, but can also occur in response to snow melt or heavy precipitation at upstream locations. In this case, flooded areas and precipitation are separated in both time and space. A good agreement between all of the SWAF products whatever the polarization or the incidence angles can be noticed, except at 47∘± 5∘ in H polarization. For the entire Amazon Basin, the cross-correlation values between the TRMM precipitation and the SWAF products are shown in Table 4. The best correlation values are obtained at 42∘± 5∘ and 32∘± 5∘. In H and V polarization, similar correlation values were obtained. The correlation value is highly impacted by the choice of the incidence angle, whereas the polarization plays a negligible role. Note that using the angle 47∘± 5∘ strongly degrades the correlation value between the precipitation and the water surface extent. By computing the time lag correlation values, a time lag of two months was found between the precipitations and the water surface for all of the SMOS configurations, except for the angle of 47∘± 5∘ (four months).


Figure 13. Monthly normalized anomalies of precipitation (TRMM data), in situ discharge at Obidos and the SWAF at H-pol (top) and V-pol (bottom) with the four incidence angles considered in this study. The precipitation and SWAF anomalies were computed over the entire Amazon Basin.
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Table 4. Cross-correlation (r) values between TRMM precipitation, discharge at the outlet and the SWAF products for the eight configurations over the 2010–2015 period.







	

	
Precipitation

	
Discharge






	
Incidence Angle (∘)

	
H-pol

	
V-pol

	
H-pol

	
V-pol




	
32∘± 5∘

	
0.91

	
0.90

	
0.83

	
0.84




	
37∘± 5∘

	
0.88

	
0.89

	
0.86

	
0.85




	
42∘± 5∘

	
0.92

	
0.88

	
0.88

	
0.82




	
47∘± 5∘

	
0.83

	
0.85

	
0.78

	
0.83










The time series of the Amazon River discharge is closely linked to the total amount of the surface water extent in the whole basin [43]. Figure 13 also shows the monthly normalized anomalies of the in situ river discharge measured at Obidos. By computing the time lag correlation values, it was found that the maximum water surface extent often precedes the maximum Amazon discharge. For the entire Amazon Basin, the cross-correlation values between the in situ discharge at Obidos and the SWAF products are reported in the Table 4. High cross-correlation values are obtained between the discharge and all of the SWAF products varying from 0.78 (47∘± 5 ∘ at H-pol) to 0.88 (42∘± 5∘ at H-pol). For all of the SWAF configurations, the maximum water surface extent precedes the discharge by one month. The normalized anomalies of SWAF whatever the SMOS configuration are better correlated with the normalized anomalies of discharge than those of precipitation. The cross-correlation value between the normalized anomalies of precipitation and discharge is equal to 0.84 with a time lag of four months for the whole Amazon Basin.






6. Discussion


6.1. Water Surface Validation


The SWAF products and the aggregated high spatial resolution of the IGBP and ESA CCI maps over the Amazon Basin showed a good agreement (see Figure 8 and Figure 9). The mean bias and RMSE between the SWAF for all of the configurations and the IGBP map is equal to 0.6% and 10%, respectively. Better results are obtained for the comparison of the SWAF and the ESA CCI maps (mean bias = −0.4% and mean RMSE = 5.8%). The SWAF sensitivity to seasonal and annual water fraction extent was also demonstrated in the comparison against precipitation and discharge dynamics. The comparison between the anomaly of water surface dynamics estimated from the SWAF products over the entire Amazon Basin and the anomaly of discharge at the mouth of the Amazon showed a shift of one month. This result is in good agreement with previous research papers. For example, results presenting the same time-lag for surface water extent [43], surface water storage [49] and terrestrial water storage [71]. Our findings showed that precipitation often preceded the water surface dynamic by two months over the Amazon Basin. These results also agree well with previous studies [43,71].




6.2. Impact of the Angles and Polarization on the Water Surface Retrievals


The SMOS mission provides data in multi-angular and full polarization modes. A specific analysis is presented to determine the best acquisition configuration to retrieve the water fraction from SMOS. The use of combined polarization and angles was used in this study as the single angle and channel gave satisfactory results. As shown in the previous section, the spatio-temporal evolution of the SWAF estimated using different angles and polarizations was very close in the Amazon Basin. Differences are mainly present in areas far from the main Amazon river stream characterized by high vegetation density. Table 5 summaries the best SMOS configurations (low or high incidence angles and H or V polarizations) in order to obtain the higher agreement between the SWAF product and each variable used for validation (land cover classification, water level, dynamic water fraction, precipitation and discharge). “NS” stands for Non-Significant, and it is used when no trend in the results (see previous section) was observed.



Table 5. Summary of the best SMOS configurations permitting a good agreement between SWAF and the other variables. Green color means that good agreement was found, whereas the red color means the opposite. See Section 5 for the results. NS, Non-Significant.







	
Variables

	
H-pol

	
V-pol

	
Low angles

	
High angles






	
Land cover classification

	

	

	
NS

	
NS




	
Water level

	

	

	
NS

	
NS




	
Dynamic water fraction

	
NS

	
NS

	

	




	
Precipitation

	
NS

	
NS

	
NS

	
NS




	
Discharge

	
NS

	
NS

	
NS

	
NS










Table 5 shows that the low incidence angles were more suitable to detect the dynamic water surface extent over the tropical regions. This result was expected based on the microwave signal theory [72]. The H-polarization tends to overestimate the water fraction extent for a low fraction (<50%). Over the Amazon Basin, low incidence angles at V polarization are the best configuration to compute the water fraction extent with the SMOS data. For future studies, the authors advise to use the SWAF products at low incidence angles and at V polarization over tropical areas. In the near future, SWAF estimated in both H and V polarization at low incidence angle will be combined to extend the domain of applicability of the algorithm to other environments to increase the water sensibility to the SWAF product.




6.3. Impact of Vegetation Cover


Estimating water surface extent under dense vegetation with passive microwave is challenging. The work in [26,27] provided estimates of the water surface extent over the Amazon Basin by using the passive microwave SMMR sensor at 37 GHz (Q-band). They found good agreement in the seasonal changes in inundation area and good correlations values with the water level in Manaus. However, they noticed the effects of the vegetation on their results, in particular for small patches of open water intermixed with vegetation canopies or from an attenuating effect of homogeneous canopies overlying water surfaces. To overcome the vegetation attenuation, the GIEMS product mixed passive and active microwave products at coarse spatial resolution with the optical dataset at finer resolution, which enhances the capability to detect the small water fraction. However, this capability could be hampering over dense vegetated area and frequently cloud-covered regions, such as the tropical ones, due to the limitation of the optical sensors. The frequencies of the passive microwave data from SSM/I are at 19 GHz (K band) and 85 GHz (E band), and the active one is at 5.25 GHz (C band). The work in [34] showed that the low frequencies were less sensitive to the vegetation effects than the higher frequency. The results presented in this study are the first to demonstrate the potential of L-band (1.4 GHz) brightness temperature to estimate surface water extent under dense vegetation.




6.4. Limitations and Prospects of the SWAF Dataset


The most important limitation of the SWAF product is its coarse resolution inherent to the passive microwave sensor. This limitation was already noticed for the GIEMS [42] products using microwave sensors. This limitation implies that the water surface lower than 4% for all of the angles and polarization could not be mapped by the SWAF products.



The SMOS sensor is based on dual polarizations and multi-angular measurements. Mountainous areas modify local incidence angles and multi-scattering, which impacts the TB values [70] and, consequently, the water surface estimation. The effects led to an overestimation of the water fraction. To overcome this effect, areas with moderate to strong topographic slopes were not considered in this study.



The snow is also an important component of the hydrological cycle. Due to the impact of the topography slopes on the TB and the presence of the snow only over the mountainous areas in the tropical basins, the temporal evolution of the snow coverage from the Andes Mountains has not been investigated in this study.



The method developed in this study is based on the impact of surface water at the L-band signal and based on the stability over time of the TB measured over dense forests. Some additional computation was performed to measure the sensitivity of the SWAF product to the “forest” reference point. It was found that instead of choosing only one reference “forest” pixel, but a set of pixels composed only of forest, the mean TB increases by 3 K for all of the incidence angles and polarization. This value is included in the incertitude range. However, this growth on the TB “forest” reference value tends to increase the SWAF by 8%. Concerning the “water” reference point, no change was observed by choosing a set of pure water pixels. Moreover, the method applied in this study could not be applied in areas where the TB over vegetation is not stable over time or not dense enough. Future work will concentrate on the extension of the current algorithm to other environments by using multi-angular information. By solving this limitation, the water fraction would be estimated at the global scale by using only one dataset and a simple approach.





7. Conclusions and Prospect


This study presents the validation and the link to other hydrological components of regional (Amazon Basin) daily and multi-year (2010–2015) water surface extent maps from the SMOS mission at coarse resolution (25 km × 25 km). The SWAF product is based on L-band acquisitions. At such a frequency, the signal is highly sensitive to the standing water above the ground, and it is expected to penetrate deeper in the vegetation than at higher frequencies, such as visible and infrared or microwave at higher frequencies. As the L-band signal is more sensitive to open water under dense vegetation, the SWAF product provides surface water extent estimates (percentage of inundation in a pixel of 25 × 25 km) with a high temporal resolution (<3 days) based on the accumulation of daily surface water extent in the Amazon Basin between 2010 and 2015. The SWAF product is computed from the L-band, and it can be computed easily and quickly without any ancillary data. Over this basin, the water surface extent showed a strong seasonal and interannual variability with two marked droughts in 2010 and 2015.



The SWAF data were compared to three sets of static land cover maps provided from visible sensors (IGBP, GlobeCover and ESA CCI) and the average inundation extent from GIEMS over 1993–2007. It was found that the SWAF products are close to the IGBP and ESA CCI maps. On average and during the 2010–2015 period, 270,000 km2 were inundated over the Amazon Basin. A slight overestimation of the flooded areas could be noticed. Over the Amazon Basin, the SWAF products were highly correlated with water levels measured by Jason-2 (r> 0.8) for the significant stations. The temporal dynamics of the SWAF products were also validated against precipitation (TRMM data) and in situ discharge at the mouth of each river. It was found that over the Amazon Basin, the precipitations often precede the inundation by three months, and the water surface extent impacts the discharge at the mouth of the Amazon after one month. As expected by the microwave theory, the mall water fraction could not be detected by the large footprint of SMOS. This implied that low water fraction extent (<4%) could not be mapped by the SWAF products. The mountainous areas were also a limitation of the SWAF products. The topography-modified local incidence angles implied significant impact on the microwave signal and, consequently, on the water surface estimation. The effects led to overestimation of the water fraction. To avoid this effect, the areas with high topography slopes were flagged in the SWAF products.



Based on the SMOS product, the SWAF products declined with several incidence angles at two polarizations (H and V). It was clear that high incidence angles (>47∘± 5∘) were not suitable to sense the water surface from the L-band microwave signal. The H-polarization tended to increase the lower value of the water fraction extent with respect to the V-polarization. The SWAF products computed with different angles and polarizations led to similar results with very slight differences over the Amazon Basin. For future use, the authors advise the use of SWAF computed with low incidence angles (32∘± 5∘ and/or 37∘± 5∘) at V for the Amazon Basin.



The methodology permitting retrieval of the water fraction applied in this study does not require much computation time and can be easily be applied to another L- band microwave dataset, such as the new Soil Moisture Active and Passive (SMAP) data or an older dataset (SSM/I…). The method had been validated over the Amazon Basin by taking advantage of the numerous data and research performed over this area.



In the near future, this recent water surface fraction product can be easily extended with the future SMOS data and the Soil Moisture Active and Passive (SMAP) data to obtain a long record of inundation products under dense vegetation. These data will be useful to better understand the water, carbon and methane cycles over the tropical areas. By adding a third component (saturated soil) on the first-order radiative transfer, this method is likely to be applied in other regions in the world.
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Abbreviations


The following abbreviations are used in this manuscript:



	SAR
	Synthetic Aperture Radar



	SWOT
	Surface Water Ocean Topography



	V
	Vertical



	H
	Horizontal



	SMMR
	Scanning Multichannel Microwave Radiometer



	GIEMS
	Global Inundation Extent from Multi-Satellites



	SSMI/I
	Special Sensor Microwave/Imager



	ERS
	European Remote Sensing



	QSAT
	QuickSCAT



	ASCAT
	Advanced Scatterometer



	SSM/S
	Special Sensor Microwave/Sounder



	SMOS
	Soil Moisture and Ocean Salinity



	SMAP
	Soil Moisture Active and Passive



	ESA
	European Space Agency



	CNES
	Centre National d’Etude Spatiale



	CDTI
	Centro para el Desarrollo Teccnologico Industrial



	L
	Level



	EASE
	Equal-Area Scalable Earth



	SRTM
	Shuttle Radar Topography Mission



	USGS
	U.S. Geological Survey



	IGBP
	International Geosphere Biosphere Programme



	AVHRR
	Advanced Very High Resolution Radiometer



	MODIS
	Moderate Resolution Imaging Spectroradiometer



	CCI
	Climate Change Initiative



	NASA
	North America Space Agency



	TRMM
	Tropical Rainfall Measuring Mission



	ECMWF
	European Center for Medium range Weather Forecasting



	SWAF
	SMOS WAter Fraction



	ENVISAT
	ENVironment SATellite



	TB
	Brightness Temperature
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