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Abstract:

Vegetation optical depth (VOD), as a microwave-based vegetation index for vegetation water
and biomass content, is increasingly used to study the impact of global climate and
environmental changes on vegetation. Currently, VOD is mainly retrieved from passive
microwave data and few studies focused on VOD retrievals from active microwave data. The
Advanced SCATterometer (ASCAT) provides long-term C-band backscatter data at Vertical-
Vertical (VV) polarization. In this study, anew ASCAT INRAE Bordeaux (IB) VOD (hereafter,
IB VOD), was developed based on the Water Cloud Model (WCM) coupled with the Ulaby
linear model for soil backscattering. The main features of IB VOD are that (i) the ERAS5-Land
soil moisture (SM) dataset was used as an auxiliary SM dataset in the retrievals, (ii) pixel-based
soil model parameters were mapped using Random Forest (RF), and (iii) the vegetation model
parameter was calibrated for each day. The IB VOD product was retrieved over Africa during
2015-2019, and its performances were evaluated in space and time by comparing with
aboveground biomass (AGB), lidar tree height (TH), normalized difference vegetation index
(NDVI), enhanced vegetation index (EVI) and leaf area index (LAI). Results were inter-
compared with three other VOD products at the same frequency. In terms of spatial correlation
with AGB (R = 0.92) and TH (R = 0.89), IB VOD outperforms the other VOD products,

suggesting IB VOD has a strong ability to capture spatial patterns of AGB and TH. By
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comparing all VOD products against NDVI, EVI and LAI, we found that the highest temporal
correlation with NDVI (EVI, LAI) was obtained with IB VOD over 29.94 % (36.65 %, 30.19
%) of the study region. Considering all three vegetations indices, highest temporal correlation
values with IB VOD could be particularly noted for deciduous broadleaf forests, woody

savannas and savannas.

Keywords: VOD, ASCAT, active microwave, Africa, biomass, tree height, NDVI, EVI,

LAI

1. Introduction:

Vegetation optical depth (VOD), a measure of extinction effects of the microwave (passive or
active) radiations by the vegetation canopy, is related to the vegetation water content (VWC)
(Wigneron et al., 2017). VOD has been used in many applications in the fields of global climate
and environmental changes. For example, several studies have investigated carbon dynamics in
the pantropics (Brandt et al., 2018; Fan et al., 2019; Qin et al., 2021; Wigneron et al., 2020) and
at the global scale (Liu et al., 2015; Liu et al., 2013), vegetation phenology (Jones et al., 2011),
the global isohydricity variations and drought detection (Konings and Gentine, 2017; Rao et
al., 2019), and burned area trends and fire risks (Fan et al., 2018; Forkel et al., 2019). VOD has
also been used to estimate the gross primary production (GPP) (Teubner et al. 2018), the crop
yields (Chaparro et al., 2018; Patton and Hornbuckle, 2013) and asymmetry patterns in inter-

annual productivity (Al-Yaari et al., 2020).

Several VOD datasets used in the above-mentioned studies are mainly derived from passive

microwave sensors operating at different frequencies (Frappart et al., 2020). Those datasets
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include the high-frequencies (C-/X-/Ku- band) VOD (Du et al., 2017; Karthikeyan et al., 2019,
2020; Owe et al., 2008) from AMSR-E (the Advanced Microwave Scanning Radiometer, July
2002-2008) (Koike et al., 2004) and its successor, AMSR2 (the Advanced Microwave Scanning
Radiometer 2, 2012-present) (Imaoka et al., 2012) and the low frequency VOD at L-band (L-
VOD) (Feldman et al., 2018; Fernandez-Moran et al., 2017; Konings et al., 2016; Wigneron et
al., 2017, 2021) from the Soil Moisture and Ocean Salinity (SMOS) (Kerr et al., 2010) and Soil
Moisture Active Passive (SMAP) (Entekhabi et al., 2010) satellites. In addition, a long-term
VOD product merging the different high frequency datasets was also released (Liu et al., 2011;
Moesinger et al., 2020). Although different passive VOD products have been widely used in
different applications, they still have some deficiencies. For instance, the time period of each
product is rather short in terms of years (the longest acquisition period of the different sensors
is ~ 11 years for SMOS), and the spatial resolution of the VOD data is coarse (~25 km).
Moreover, the data quality from passive sensors (especially at low frequency (L-band)) are

more likely to be affected by radio frequency interference (RFI) (Li et al., 2021).

Active microwave data can provide long-term records (Advanced SCATterometer (ASCAT)
provided data from 2007 with a spatial resolution of 25-50 km) and high spatial resolution data
(~10 m for Sentinel-1 from 2014) with less RFI influence than for passive microwave sensors,
resulting in high quality products. Active microwave sensors can also observe different
information from the vegetation and soil compared with passive sensors (Dente et al. 2014; Li
et al. 2017; Teubner et al. 2018). In previous studies, the active backscatter observations have
been mainly utilized in the retrievals of ocean winds (Hersbach et al., 2007; Stoffelen and
Anderson, 1997) and soil moisture (SM) (Bai et al., 2017; Konings et al., 2017; Wagner et al.,
1999b) but very few studies focus on VOD retrievals. To our knowledge, there are only
preliminary results obtained from Sentinel-1 in southern France (El Hajj et al., 2019) and one

global active VOD dataset (hereafter, ASCAT V16 VOD) developed by Vreugdenhil et al.
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(2016) from ASCAT observations. Two parameters were used in the retrieval of ASCAT V16
VOD. The first one is the maximum range of the backscatter values over bare soils that are
related to SM changes. The setting of this parameter was based on the Koppen-Geiger climate
classification map (Kottek et al., 2006) and the parameter was set to a constant value over most
regions except for the desert climate zone. The second parameter is the difference between the
wet and dry references that are obtained from the historically wettest and driest backscatter
measurements. This product is not yet public, and it has not been evaluated in detail in the

literature (Vreugdenhil et al., 2017, 2020).

To retrieve VOD from the ASCAT observations, two challenges need to be solved: (1) selecting
suitable models which account for the vegetation (mainly through the VOD parameter) and bare
soil (mainly through SM and roughness) effects in the simulation of the ASCAT C-band
backscatter. Several bare soil and vegetation backscatter models have been proposed in the
literature. Most popular bare soil backscatter models include the Ulaby linear model (Ulaby et
al., 1978), the Oh model (Oh et al., 1992), the Dubois model (Dubois et al., 1995), the integral
equation model (IEM) (Fung et al., 1992) and the advanced IEM (AIEM) (Chen et al., 2003).
Concerning the vegetation backscatter models, the most widely used models are the water cloud
model (WCM) (Attema and Ulaby, 1978), the Michigan microwave canopy scattering
(MIMICS) model (Ulaby et al., 2007) and the Tor Vergata model (Bracaglia et al., 1995). (2)
The second issue is to deal with the ill-posed problem in retrieving both VOD and SM
(Wigneron et al., 2000). ASCAT allows multi-angular observations, but the use of this
information requires careful implementation (Pfeil et al., 2020). To integrate multi-angular
information, ASCAT backscatter measurements (VV polarization) are normalized to the
incidence angle (0) of 40 degrees (Hahn et al., 2017; Naeimi et al., 2009). Therefore, retrieving
simultaneously SM and VOD using mono-angle and mono-polarization observations may be

difficult.
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Here we aim at retrieving VOD (0.25 degree x 0.25 degree) from ASCAT backscatter data
(hereafter, INRAE Bordeaux (IB) VOD) over Africa from 2015 to 2019. The WCM (for
vegetation scattering components) and the Ulaby linear model (for soil scattering) were chosen
to simulate ASCAT backscatter as they have good computational efficiency due to analytical
solutions and performant simulation accuracy at large scales (Lievens et al., 2017; Shamambo
et al., 2019). To overcome the ill-posed problem of retrieving both VOD and SM from mono-
angular ASCAT observations, we focused on retrieving only the VOD parameter and we used
an existing SM product as input parameter (Baur et al., 2019; Lievens et al., 2017; Shamambo
et al., 2019). The observation time of the SM data derived from other EO sensors (such as
SMOS, SMAP or AMSR2 SM) is different from that of ASCAT and the time period of those
products is too short (for instance, SMOS was launched end of 2009). Therefore, our retrieval
algorithm used model-based SM data from the ERAS5-Land product as a known SM input of
the retrieval algorithm. For a first evaluation analysis, this study is conducted over Africa as
this continent has a large variety of vegetation and climate conditions. Following Li et al.
(2021), several vegetation parameters and indices (Aboveground Biomass (AGB), Lidar tree
height (TH), the Moderate Resolution Imaging Spectroradiometer (MODIS) normalized
difference vegetation index (NDVI) and Enhanced Vegetation Index (EVI) and leaf area index
(LAI)) were used to evaluate the performance of IB VOD in space and time. In addition, to
understand the performance of IB VOD, we made a comparison between IB VOD and three

other VOD products at C-band.

This study is organized as follows: Section 2 introduces the datasets. Section 3 presents the
models including WCM, Ulaby linear model and the method used for model calibration. In
Section 4, we present the results of the calibrated model and the evaluation of 1B VOD.

Discussion and conclusion are provided in Section 5 and 6.
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2. Data

Several datasets were used in this study. The main features and purpose of each dataset are

shown in Table 1. More details are given as follows.

2.1 ASCAT backscatter data

The Advanced SCATterometer (ASCAT) (Figa-Saldana et al., 2014) is an active microwave
sensor that measures VV backscatter with incidence angles from 25 to 65 degrees at C-band
(5.255 GHz) (Wagner et al., 2013). ASCAT is carried by the Meteorological Operational
Satellite Program of Europe (Metop) series of satellites. This series includes three satellites
which were launched on 19 October 2006 (MetOp-A), 17 September 2012 (MetOp-B) and 7
November 2018 (MetOp-C), respectively. Each satellite flew in a sun-synchronous orbit and
overpassed the surface twice a day near the Local Sidereal Time (LLST) 09:30 (descending) and
21:30 (ascending).

The European Organization for the Exploitation of Meteorological Satellites (EUMETSAT)
provides users with two kinds of backscatter data at a spatial resolution of 25 km or 50 km:
level one (L1) original data and level two (L2) processed data. The L2 data are normalized by
using a second-order polynomial function describing the relationship between incidence angle
and backscatter (Wagner et al., 1999a), and are included in the soil moisture datasets. The data
are stored in a discrete global grid (Swath Grid format); the grid spacing of the 50 km data is
25 km, and 12.5 km for the 25 km data.

Five years (2015-2019) L2 MetOp-A backscatter (25 km x 25 km) data normalized at an
incidence of 40 degrees were used in the present study. As there is usually a lower vegetation
water stress in the morning making descending VOD data more suitable to monitor biomass
(Frappart et al., 2020), only observations from the descending orbits were used. ‘Low quality’

data were masked through the quality flags (snow cover, frozen soil, topography and wetland
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probability) (Lievens et al., 2017), and then we used the inverse distance weighting algorithm
to average the backscatter data to the WGS 84 latitude/longitude format with a spatial resolution

of 0.25 degree (Lievens et al., 2017).

2.2 ERA5-Land Soil Moisture data

The ERAS-Land Soil Moisture (SM) dataset from the topsoil layer (layer 1, 0-7 cm) was used
in this study. ERAS5-Land SM is a reanalysis dataset modelled by the European Centre for
Medium-Range Weather Forecasts (ECMWF) surface model (Berrisford et al., 2011) with an
enhanced resolution compared to ERAS SM. The data are hourly and have a spatial resolution
of 0.1 degree x 0.1 degree (around 10 km x 10 km). An evaluation of ERAS5-Land SM by using
the International Soil Moisture Network (ISMN, Dorigo et al., 2021) in situ measurements at
the global scale suggested that it has an overall good performance (R = 0.72~0.76, ubRMSE =
0.05 m*/m?) (Beck et al., 2020; Chen et al., 2021). ERA5-Land SM modelled at the local time
of 09:00 am, which is close to the time of the ASCAT observation, were inputs to the water
cloud model (WCM) used to retrieve IB VOD. The data were resampled to the 0.25 degree

resolution by area-weighted averaging.
2.3 Soil and terrain data

The soil and terrain data have an important impact on the soil moisture and the signal acquired
from the microwave observations (Guio Blanco et al., 2018; Ma et al., 2015). Therefore, we
considered using those two kinds of data in the calibration of the soil model parameters.

The soil data include the soil property and the soil temperature (ST) data. The applied soil
property data were obtained from the SoilGrid250m dataset (Hengl et al., 2017). This dataset
was generated by the machine learning method at 250 m spatial resolution and seven standard
depths. In this study, we used the average value of the first (0 cm, corresponding to the surface)

and second depth (5 cm) of each soil property. More details about the dataset and the method
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used to compute average data from different depths were described in Hengl et al. (2017).
Fifteen SoilGird250m parameters were used in the present study and are described in Appendix
Table 1. The ST data were obtained from ERAS5-Land, for the same soil layer and at the same
time as ERAS-Land SM.

The terrain parameters were obtained from a digital elevation model (DEM). The DEM data
used here is the Global Multi-resolution Terrain Elevation Data (GMTED) 2010 at a spatial
resolution of 1 km (Danielson and Gesch, 2011). The SAGA (System for Automated
Geoscientific Analyses) GIS software (Conrad et al., 2015) was used to calculate six terrain
parameters: Slope, Terrain Surface Convexity (TSC), Terrain Surface Texture (TST), Terrain
Ruggedness Index (TRI), Plan Curvature (PlanCur) and Profile Curvature (ProfCur). All terrain

parameters used in this study are given in Appendix Table 2.

2.4 Vegetation variables used for validation

As there is no large-scale in situ dataset that can be used for the validation of VOD (Li et al.
2020, 2021), AGB (Saatchi and CCI AGB), Lidar tree height (TH) (Simard and Potapov tree
height) and vegetation indices (MODIS NDVI, EVI and LAI) were used as the benchmark to
assess the performance of IB VOD (Fernandez-Moran et al., 2017; Li et al., 2021). The rationale
for using these different vegetation parameters is given in the following. VOD is related to the
vegetation water content which is determined by the quantity of vegetation (parameterized by
biomass) and the vegetation water status (parameterized by the vegetation moisture content).
VOD can thus provide information on AGB and on the vegetation water status and stress of the
vegetation canopy (Frappart et al., 2020; Togliatti et al., 2019). As presented above, VOD is
directly related to AGB and many studies have shown that the yearly average of C-band VOD
can be used to estimate AGB (Chaparro et al., 2019; Liu et al., 2015; Tian et al., 2016).
Therefore, spatial correlation between the yearly average of IB VOD and AGB was computed
to assess the performance of VOD. Similarly, the total amount of vegetation matter (AGB) is

9
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dependent on the vegetation height (Asner et al., 2012). For instance, one of the key objectives
of the recent Global Ecosystem Dynamics Investigation (GEDI) lidar instrument is to monitor
the aboveground carbon balance from accurate estimates of the vegetation height (Duncanson
et al., 2020). Thus, the comparison of VOD with tree height data was also conducted to verify
the expected dependence of VOD on AGB. Several studies have also shown that the temporal
dynamics of VOD is a good indicator of the vegetation phenology (Lawrence et al., 2014, Jones
et al., 2011, 2014) as monitored from optical vegetation indices (NDVI, EVI and LAI).
Therefore, these different vegetation indices (VIs) were also used in this study to assess the
performance of VOD in temporal terms. More generally, note that similarly to what is done
here, many studies evaluating the VOD products have been based on AGB, TH, NDVI, EVI
and LAI (Grant et al., 2016; Li et al., 2020, 2021; Rodriguez-Fernandez et al., 2018; Tian et al.,
2016, 2018). More details about these data sets are presented in Appendix A. All those data sets
were resampled to the spatial resolution of the ASCAT product (0.25 degree) by arithmetic

average.

2.5 C-band VOD products used for inter-comparison

To evaluate the quality of the IB VOD product, we compared it with other VOD products
retrieved at the same frequency (C-band). In this comparison, we used three datasets: two public
passive VOD datasets and one active VOD dataset (Frappart et al., 2020). The two passive
VOD datasets are AMSR2 VOD (Owe et al., 2008) and Vegetation Optical Depth Climate
Archive (VODCA) VOD (Moesinger et al., 2020). The retrieval algorithm of the two products
is the Land Parameter Retrieval Model (LPRM) but a different version (version 5 (V5)) was
used for AMSR2, while Version 6 (V6) was used for VODCA (Li et al., 2020). VODCA LPRM
V6 VOD was rescaled via cumulative distribution function matching using AMSR-E VOD as
the reference. AMSR2 LPRM V5 VOD is available at the Goddard Earth Sciences Data and
Information Services Center (GES DISC) website. VODCA LPRM V6 is available at

10
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https://doi.org/10.5281/zenodo.2575599. The active VOD dataset is the ASCAT V16 VOD
(Vreugdenhil et al., 2016). As there is no available website to download the dataset, the ASCAT
V16 VOD dataset was produced by the authors of this study based on the published algorithm

(Vreugdenhil et al., 2016).

2.6 Ancillary vegetation dataset

Two ancillary vegetation datasets were used in this study. The MODIS-based land cover map
over Africa was used to assist in soil model parameter calibration and to interpret the VOD
inter-comparison results as a function of land cover types. This land cover map is produced by
combining the 500 m MCD12Q1 (Collection 6) over 2017 in the International Geosphere-
Biosphere Programme (IGBP) scheme (Sulla-Menashe and Friedl, 2019). In addition, the tree
cover percentage (TCP) data from MOD44B Vegetation Continuous Fields (VCF) product
(DiMiceli et al., 2015) over 2017 were used to assist in calibrating the soil and vegetation model
parameters.

The TCP data were re-scaled to the 0.25 degree grid by arithmetic averaging, and the land cover
type with the maximum cover fraction in each 0.25 degree grid was considered as the land cover

type of the pixel (Fernandez-Moran et al., 2017).

11
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Table 1. Overview of all datasets used in this study

Dara Name Spatial Temporal Time period Purpose Reference
sampling period
ASCAT backscatter data 12.5km Daily 2015-2019 model input and calibration https://archive.eumetsat.int/
ERAS5-Land soil moisture data 0.1° Hourly 2015-2019 model input and calibration https://cds.climate.copernicus.eu/
ERAS5-Land soil temperature data | 0.1° Hourly 2017 model calibration https://cds.climate.copernicus.eu/
Soil property data 250m Yearly / model calibration Hengl et al., 2017
Terrain data 1km Yearly / model calibration Danielson and Gesch, 2011
MODIS land cover 500m Yearly 2017 model calibration Sulla-Menashe and Friedl, 2019
MODIS LAI 500m 8-day 2015-2018 model calibration and validation Myneni et al., 2015
MODIS VCF 1km Yearly 2017 model calibration DiMiceli et al., 2015
Saatchi AGB data 1km Yearly 2015 validation Carreiras et al., 2017; Saatchi et al., 2011
CCI AGB data 100m Yearly 2017 validation Santoro and Cartus, 2019
Simard tree height data 1km Yearly 2005 validation Simard et al., 2011
Potapov tree height data 30m Yearly 2019 validation Potapov et al., 2020
MODIS NDVI and EVI 1km 16-day 2015-2018 validation Didan, 2015
AMSR2 LPRM V5 VOD 0.25° Daily 2015-2019 inter-comparison https://disc.gsfc.nasa.gov/
VODCA LPRM V6 VOD 0.25° Daily 2015-2018 inter-comparison https://doi.org/10.5281/zenodo.2575599
ASCAT V16 VOD 0.25° Daily 2015-2019 inter-comparison Vreugdenhil et al., 2016

12




259

260

261

262

263

264

265

266

267

268

269

270

271

272

273

274

275

276

277

278

279

3. Methodology

3.1 Water cloud model

The water cloud model (WCM) developed by Attema and Ulaby (1978) is a semi-empirical

model used to simulate the radar backscatter signal from vegetation and bare soil land surfaces.

In WCM, the total backscatter reflected by the vegetated-soil surface (T, , in linear units) is

decomposed into three components: the direct backscatter of vegetation (F,,,,, in linear units),

vege

the double-bounce backscatter between the vegetation canopy and the bare soil surface (

O, oge+s0it » 10 linear units) and the direct backscatter from the soil surface attenuated by the

vegetation canopy ( O in linear units). The attenuation effects of vegetation are

soil 7

parameterized by the vegetation transmissivity ( y? ) which can be computed from the incidence

angle (0, 40 degrees in this study) and VOD as given below:

obs = avege + y2 a-sozl vege+sozl (1)

With
a,,. =AVicosd(1-y) @)
V= exp(—ZVOD/ cosH) (3)

Where A is the vegetation canopy backscattering at the full cover (Bindlish and Barros, 2001)

(the V; index can generally be set to one (Attema and Ulaby, 1978)).

To model the backscatter of the soil surface (T, ), we used a linear relationship (Eq. (4))

relating the soil backscatter (0,5, in dB) to soil moisture (SM). This simple model was

proposed by Ulaby et al. (1978) and has been used in many studies (Hosseini et al., 2015;

Lievens et al., 2017; Quesney, 2000).
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Of'ail(dB) =10log 100;;1'1 =C+D*SM “4)

Where C is the radar backscatter in very dry conditions (SM ~ 0 m*/m?), and D parameterizes

the sensitivity of the radar data to soil moisture.

Following Baghdadi et al. (2017) and Zribi et al. (2019), we neglected the U:egm(,ﬂ term and
VOD can be computed as:
1 o, —Acosd
VOD = 3 Coseln(loo.ucfb*w) —Acosﬁj 5)

In this study, our objective was to retrieve VOD from ASCAT over the whole African continent.
Therefore, the parameters A, C and D have to be calibrated over each pixel of Africa. We
performed first the calibration of the soil parameters (C and D) by selecting spatial/temporal
conditions for which the vegetation effects could be neglected and then we calibrated the

vegetation parameter (A).

Note that, when vegetation is very dense, the vegetation transmissivity can be assumed to be

zero (y* =0) and Eq. (2) can be simplified and written as:

Oobs(dB)

g, =101 =g  =Alcosb (6)

vege

And the value of A for very dense vegetation (VDV) conditions (referred to as A, ) can be

computed very simply as:
A, =0, /cosO (7)

3.2 Soil model parameters (C and D) calibration

To calibrate the soil parameters (C and D), we first computed the values of the C and D
parameters from the “bare soil” pixels where these parameters could be directly calibrated, and

then we used the random forest approach to calibrate C and D for the pixels where this direct
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calibration could not be done. The soil calibration was performed in the year 2017. The different

steps are summarized in Fig. 1.

3.2.1 Step 1: “bare soil” pixels selection

The purpose of step 1 is to select “bare soil” pixels. Only two cases where the observed
backscatter can be assumed to originate totally from the soil (Wigneron et al., 2002) are
considered, namely, either bare land without any vegetation cover throughout the year (case 1),
or land covered by a certain degree of sparse dynamic vegetation (case 2).

The case 1 was defined here by considering two conditions: there is no MODIS LAI observation
(i.e. LAl = Nan) throughout the year and the IGBP land cover type is “bare soil”. When the
pixels correspond to case 2, it means there is a period during which the vegetation is relatively
sparse (e.g. before the vegetation development or after senescence). Following Parrens et al.

(2016), the condition of sparse vegetation was defined as LAI lower than 0.5 m?> m™.

o

Then the “bare soil” pixels were divided into two categories: pixels where O, 1s sensitive

o

to soil moisture (SM) (category 1) and pixels where O, is in very dry conditions all the

time, so that G;,S( sy ~ constant (category 2).

More specifically, to distinguish pixels/dates corresponding to categories 1 and 2 we used the

following criteria:
First, we extracted the time series of J;bs( ) and soil moisture (SM) from, respectively, the
ASCAT and ERAS Land SM datasets for pixels/dates corresponding to the case 1 and 2. For

category 1, the standard deviation of 0, ., and SM (corresponding to the dates where LAI <

0.5 m*> m? or LAI=Nan) should be larger than 0.5 dB and 0.04 m®/m?, respectively, and the

number of the 0;,”( ) data corresponding to these two cases should be larger than 30% of the

whole number of backscatter observations. For category 2, the standard deviation of J;bs( 4B)
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and SM should be lower than 0.5 dB and 0.04 m3/m>, respectively, and the number of SM data
lower than 0.05 m?m? should be larger than 95% of the total number of backscatter
observations.

This filtering step was mainly done to:

-identify the areas (category 1) with clear temporal changes in both G;,S( ) and SM, so that we

o

could compute a linear relationship between 0, .5 and SM (Eq. (4)), and

-distinguish very dry areas (category 2), where SM is almost constant and over which the value

o

of T, s in very dry conditions could be obtained.

Ol

3.2.2 Step 2: soil parameters computation for “bare soil” pixels

In step 2, over the pixels corresponding to category 1, the slope (D) and intercept (C) of Eq. (4)

were retrieved. Over the pixels corresponding to category 2, we retrieved only the intercept (C).

For pixels corresponding to category 1, a linear regression between the time series of T,

and SM was established and we only retained the values of C and D when the following

conditions, ensuring a robust and physically-based linear relationship, were met:

o

(1) the correlation value (R) of the linear relationship between time series of T, 3,

and SM is positive,
(i1) the relationship is significant (p-value < 0.01)
For pixels corresponding to category 2, the C parameter was simply computed as the average

value of the backscatter time series.

3.2.3 Step 3: soil parameters calibration for all pixels

Based on the results of step 2 (where we computed the values of the C and D parameters from
the pixels where these parameters could be determined), we used the corresponding soil

property data (Appendix Table 1) and terrain data (Appendix Table 2) as predictors to train two
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random forest (RF) regression models for the C and D parameters, separately. RF regression is
a machine learning method that has the advantage to be a nonlinear and nonparametric method,
and the contribution of each predictor to the target that is computed by the RF model is very
useful for tuning the model. We implemented the RF analysis using the python sklearn package
(Pedregosa et al., 2011) for each soil model parameter. The GridSearchCV function was used
to find the optimal setting of the two RF parameters (n_estimators and max_features). Besides,
there are 27 predictors for each soil model parameter and collinearity exists among them. In
order to achieve a good model performance with fewer predictors, the Recursive Feature
Elimination (RFE) method (Guyon et al., 2002) was used to select the predictors. After this
training step, the trained random forest models allowed us to compute a map of the soil model
parameters (C and D) over the whole of Africa by inputting the soil property and terrain maps

of Africa.

Processing of each pixel in Africa

“Bare soil”

Casel:dynamic LAI=Nan Land cover=bare land; Case 2: dynamic LAI<0.5

1%t step: pixels
classification

G, is sensitive to the SM 0., is in very dry condition
S |
©
w1
2 I :
= X
ol | 22 0, = D*SM+C
:,6: SE g i - C= average(d,,)
T w2
= .
nE S [ R. >0 and Pvalue<0.01 |
E £ | Dy for selected pixels ] | Ciij) for selected pixels |
—_ 0o 3
] = G Soil parameters
a g T Random Forest (D model) Random Forest (C model)
Tl Terrain parameters
v E =
= i N
"mg D map for Africa C map for Africa

Fig. 1. Flowchart for computing the C and D map over Africa.
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3.3 Vegetation model parameter (A) calibration

The dynamic vegetation parameter A of the WCM model was calibrated using the measured
backscatter (J;bs(dB)) over the very dense vegetated (VDV) region which was defined as the

region where the percentage of tree cover in vegetation continuous fields (VCF) is larger than
75% (Santoro et al., 2015). Considering that the vegetation transmissivity is close to zero over

VDV regions (Konings et al., 2017; Parrens et al., 2017), we assumed that the soil backscatter

) 1s totally attenuated, meaning that the backscatter of vegetation ( 0, " ) can be set equal

vege

(a,
to the measured backscatter (J;,S, in linear units) as given in Eq. (6). Eq. (7), converted from
Eq. (6), was used to compute A, (r) by spatial averaging all A (i, j,) values over all VDV pixels
at ¢ day.

In an initial step, we set A(i, j,7) equal to A (r) over all pixels (assuming all pixels have the

same A, (r) value at date t). However, this assumption fails when 0, > A (t)*cos@, because

in that case 10*"“*”"") — Acos@ is always negative and therefore VOD cannot be computed

from Eq. (5). To overcome the issue, we divided the study area into two regions:

- Region 1 included all pixels where more than 50% of the 0, data are lower than

obs

A (t)*cos@: it generally corresponds to pixels with sparse or low vegetation where

relatively low A(i, j,t) values were retrieved. Inregion 1, we set A(i, j,¢) equal to A ().
- Region 2 included all pixels where more than 50% of the 0, data are higher or equal
than A, (#) *cos@: it generally corresponds to pixels with dense vegetation where high

A(i, j,t) values were retrieved. In region 2, we set A(i, j,7) equal to A§5% () which is

the 95th percentile of A (i, j) over all VDV pixels at day .
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So, eventually, the value of A(i, j) for each pixel on each day (7) in Africa was set simply as

follows:

A (1), region 1

A(, j,1) =
/ {A(?S%(t), region 2

The flowchart for mapping the vegetation parameter is presented in Fig. 2.

Processing of each pixel in Africa

VCF>75%

15t step: pixels
classification

Al it)=0,,(i,j,t)/ cosO
A,(t) = average(A,(i, ),t))
A7) = (A0, j, 1)

2" step: vegetation
parameter for VDV

=
&
)
©
Lo
=
©
(9]
=
2
pre)
©
e
a
by
>

'

Region 2

50% o, (i,j)<A,(t)* cosd 50% o, (i, ]) = A,(t)* cosd

3 step: vegetation
parameter for all
pixels

Fig. 2. Flowchart for computing the A map over Africa.

4. Result

(8)

This section is divided into two parts: the first concerns the results of the soil and vegetation

parameters calibration, the second concerns the evaluation and inter-comparison of IB VOD

with other products.
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4.1 Calibration results of soil parameters

4.1.1 Computation results of C and D for “bare soil” pixels

Based on the method defined in section 3.2.1, we extracted 1610 and 7524 pixels belonging,
respectively, to category 1 (U;bs( ap) 18 sensitive to the soil moisture) and category 2 (G;,S( 518

in very dry conditions all the time).

The computation of C and D was carried out for both categories 1 and 2. For the pixels

o

belonging to category 1, the C and D values were derived based on Eq. (4). As 0, .5, increases

with the increase in soil moisture, only the pixels that obtained a significant positive correlation

o

(p-value<0.01) between 0, .5 and SM were kept. As a result, 78.39 % of the pixels (1262

pixels) were retained. For category 2, all pixels (7524 pixels) can be used to compute the C
value. Together with the pixels retained for category 1 (1262 pixels), 8786 pixels were used to
calibrate the C parameter.

The spatial distribution of the pixels used for the calibration of the C and D parameters is shown
in Fig. 3 (a). We can see that the pixels used to calibrate the D value are located in the north,
centre and south of Africa. Grassland, which represents 630 pixels (50.80 %), is the most
common vegetation type among these pixels, then cropland with 302 pixels (23.93 %), followed
by open shrubland with 298 pixels (23.61 %), and finally savanna, barren or sparsely vegetated,
crop & natural vegetation mosaic with 26 pixels (2.06 %). Pixels in category 2 are mainly
distributed in the Sahara Desert. The distribution of the retrieved C values can be well fitted
with a Gaussian distribution, while that of the D values is better represented by a lognormal

distribution (Fig. 3 (b, ¢)).
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Fig. 3. (a) Spatial distribution of pixels used to calibrate the C (red and blue) and D (blue) soil

parameters; and histograms of the retrieved (b) C and (c) D values.

4.1.2 Variable used for training the RF model

In order to estimate the values of C and D over the whole of Africa, two random forest
regression models were built. Based on the results of the GridSearchCV, we set the
n_estimators equal to 1000 for the two RF models, and the value of the max_features equal to
the number of the variables. The RFE algorithm was applied to the predictors of the selection
experiments for each model. The selected predictors and their importance are shown in Fig. 4.
The predictors that have higher importance mean that they can explain better the target (e.g. the
retrieved C and D values).

Based on the RFE algorithm, 16 out of the 27 variables were selected to train the model used
to map the C value, including 4 terrain parameters (importance weight of 30.42 %) and 12 soil
property parameters (importance weight of 69.58 %). The top five variables by importance were
the soil organic carbon density (Ocdens) (25.50 %), the standard deviation of elevation

(dem_std) (12.63 %), the terrain ruggedness index (TRI) (7.05 %), the pH index measured in
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water solution (Phihox) (6.25 %) and the terrain surface texture (TST) (6.21 %). Those five
variables can explain around 58 % of the target. Similarly, to map the D value, we selected 16
variables consisting of 3 terrain parameters (importance weight of 16.46 %) and 13 soil property
parameters (importance weight of 83.54 %). The top five variables by importance were the pH
index measured in KCI solution (Phikcl) (17.83 %), the mean value of soil temperature
(mean_ST) (7.84 %), the soil organic carbon stock (Ocstha) (6.62 %), the coefficient of
variations of the soil temperature (cv_ST) (6.53 %) and the weight percentage of the sand
particles (Sndppt) (6.19 %).

As presented in section 3.1, the C value corresponds to the radar backscatter in very dry
conditions, and D represents the sensitivity of the radar data to soil moisture. Therefore, the C
value is more related to terrain roughness and the D value is more related to the soil properties.
The two RF models for the C and D values have different features. For instance, the contribution
of the terrain parameters (related to topography) in the C value model is, as expected, larger
than that in the D value model. Conversely, similar aspects were found between the two RF
models. For instance, the predictor related to the soil organic carbon is in the top five predictors
for the two models: Ocdens is the most important variable in the C value model, while Ocstha

ranks in the third place of predictors in the D value model.
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Fig. 4. Importance of the selected variables in the RF model for predicting the (a) C value and

(b) D value.

4.1.3 Performance of RF model and calibration results of C and D

A 10-fold cross-validation was used to evaluate the performance of the two RF models.
Scatterplots between the true value and predicted value from the trained models are shown in
Fig. 5. Both models performed quite well and the model for the C value obtained better scores
(R? =0.86, RMSE = 1.31 dB) than the one for the D value (R>=0.61, RMSE =2.38 dB/ m* m"
3). From Fig. 5, we can note an overestimation in the lower values and an underestimation in
the higher values for both the C and D models, and the underestimation being stronger in the D
value model. This underestimation is most likely caused by the training dataset that does not
have enough pixels in the range of 20-25 dB/ m*-m™. According to the statistics in the D values
(Fig. 5(b)), the number of pixels used to train the model in that range (20-25 dB/ m*-m™) is

around 20, accounting for only 1.58 % of the total number of training pixels.
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Fig. 5. Scatterplots between the retrieved and RF predicted values based on the 10 folders cross-

validation for the (a) C value and (b) D value.

The RF predicted maps for C and D in Africa are presented in Fig. 6 (a) and (b). To better
understand the spatial distribution of the C and D values in those two maps, we grouped the C
and D values in each IGBP vegetation type (Fig. 6 (c)). Fig. 6 (d) shows that the median of the
C values is similar (~ -14.8 dB) for each IGBP vegetation type. Very large variability in the C
values can be noted for barren or sparsely vegetated (BSV). When analyzing the Ocdens and
TRI data for BSV, we found that the pixels with the higher TRI values correspond to higher C
values, and the higher Ocdens values correspond to the lower C value. To a more limited extent,
the same results were obtained too for open shrubland (OSH), mostly in southern and northwest
Africa. With regard to the spatial distribution of the D values, OSH presents the lower values
in the map. As for the D values, the range of the D values is the largest for BSV among all

vegetation types. A large range in the D values is also obtained for cropland and grassland.
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Fig. 6. Map of the (a) C and (b) D soil model parameters and (d) the corresponding boxplot in

(c) different land cover types.

4.2 Calibration results of the vegetation parameter

To map the vegetation parameter A of the WCM model over Africa, we first computed the

A, (i, j) values using Eq. (8) over the very dense vegetation (VDV) area for each day (t) and

then calculated the mean value over all VDV pixels (4, (r)) and the 95" percentile (A(?S% ®)).

Fig 7 (a) shows the spatial distribution of the VDV areas. The VDV areas are mainly located in
the Congo basin where the dominant land cover type is the evergreen broadleaf forests (Fig. 6
(¢)). In this study, the vegetation calibration was made over five years (2015-2019). A (1)
presents lower values in winter and spring while larger values were found in summer when the

95%

vegetation growth reaches its peak (Fig 7 (b)). A" (¢) has the same trend as A (r) but with

larger values. To calibrate the A value in WCM, we used A (r) in most regions of Africa, and

A§5 *(t) was mainly adopted in the VDV areas (Fig 7 (c)).
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Fig. 7. (a) Map of the very dense vegetation (VDV) region selected in this study, and (b) daily
values of A, and A(?S% for five years (2015-2019). The solid line represents the average value

of five years, and the shading describes one standard deviation. (c) Map of Region 1 and Region

2 used in the calibration of the vegetation parameter.

4.3 Evaluation of IB VOD

The performance of IB VOD was evaluated in both space and time. The spatial correlation
between IB VOD and AGB (Saatchi AGB, CCI AGB), TH (Simard TH, Patapov TH) and the
temporal correlation between IB VOD and VIs (NDVI, EVI and LAI) were computed as
performance metrics. In addition, three other VOD datasets (ASCAT V16, AMSR2 LPRM V5
and VODCA LPRM V6) retrieved at the same frequency band (C-band) were also included in
the inter-comparison. As VODCA LPRM V6 VOD data was only updated until the year 2018,

the temporal performance of IB VOD was evaluated from 2015 to 2018.

4.3.1 Spatial patterns of IB VOD

Fig. 8 shows the average value of IB VOD and three other VODs (ASCAT V16, AMSR2 LPRM

V5 and VODCA LPRM V6) computed from 2015 to 2018. All maps present similar general
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spatial patterns: the highest VOD values are distributed in the equatorial rain forests and the
lowest values in the Sahara Desert. The VOD values generally decrease as the distance from
the equator increases. In terms of VOD range, IB VOD has a larger range of values (~ 0 - 1.5)
than the three other VOD. The changing patterns with the latitude of IB VOD are more
consistent with those of V16 VOD which is computed from the same sensor (ASCAT) (Fig. 8
(d)). There are also some differences between IB VOD and the three other VOD. The values of
IB VOD in the rainforests are ~ 1.5 times larger than those of VODCA LPRM V6 VOD. Zonal
VOD averages show that the peak of IB VOD is sharper and presents a faster decrease with the
increasing distance to the equator than AMSR2 LPRM V5 and VODCA LPRM V6 VOD (Fig.
8 (d)). Moreover, the values of IB VOD are generally lower than those of the three other VOD
datasets except for the rainforest region (Fig. 8 (d)). Importantly, IB VOD shows a very similar

pattern with CCI AGB and Tree height (Fig. 8 (d) & (h)).
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Fig. 8. Temporal average of VOD for (a) ASCAT IB, (b) ASCAT V16, (c) AMSR2 LPRM V5
and (¢) VODCA LPRM V6 from years 2015-2018, and (f) CCI AGB and (g) Potapov tree
height. Side plots show the zonal average for (d) the four VOD and (h) CCI AGB and Potapov

TH data sets.
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Boxplots of the four VOD for each land cover class are presented in Fig. 9 (a). Wide quantile
ranges are found for IB VOD over the region covered by evergreen broadleaf forest (EBF),
woody savanna (WSA) and cropland/natural vegetation mosaic (CVM). The same can also be
noted for ASCAT V16 and AMSR2 LPRM V5 VOD for the EBF and CVW classes,
respectively, but to a lower extent. VODCA LPRM V6 VOD has a very narrow range in each
vegetated IGBP class and particularly in EBF. The highest yearly VOD values were obtained
for EBF, followed by WSA, MFO and DBF (Fig. 9 (b)). Except for EBF, WSA and CVM, the
lowest average value was obtained with IB VOD over each land cover class. The change in IB
VOD for the different vegetation classes is quite consistent with that of AGB (R=0.94-0.95),
while the consistency is less clear for the three other VOD datasets. For example, the AGB
value of EBF is four times larger than that of DBF, while the change in the AMSR2 LPRM V5

and VODCA LPRM V6 VOD values for these two vegetation classes is much lower.
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Fig. 9. Boxplots of the four VOD datasets (ASCAT IB, ASCAT V16, AMSR2 LPRM V5, and
VODCA LPRM V6) (top) and two AGB datasets (CCI and Saatchi) (bottom) for different IGBP

land cover classes.
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4.3.2 Evaluating IB VOD against aboveground biomass and tree height

When considering the spatial relationship between the four yearly average VOD and AGB (Fig.
10), it was found to be almost linear for the active VOD datasets (IB and V16) and quite non-
linear (exponential form) for the passive ones. In terms of linear fit, highest spatial correlation
values were obtained with IB VOD (R =0.92), followed by V16 VOD (R =0.83-0.86), AMSR2
LPRM V5 VOD (R =0.76) and VODCA LPRM V6 VOD (R = 0.69). The spatial relationship
between the two AGB and the four VOD datasets was computed for each land cover type (Table
2). The highest spatial correlation (R-value) with AGB was obtained with IB VOD in most of
the vegetation types, except for evergreen broadleaf forest (EBF) and cropland (CRO). For
EBF, CRO and barren or sparsely vegetated (BSV), the highest R-values were obtained with
ASCAT V16 and AMSR2/VODCA VOD, respectively.

In order to assess the capacity of VOD to predict AGB, two functions (linear and exponential
regression) were selected to compute the best-fitted relationships for each VOD dataset. The R
correlation coefficient calculated between predicted and reference AGB is used to evaluate the
quality of the prediction. In terms of predicted AGB, the highest R values (R = 0.92) were
obtained by IB VOD, followed by AMSR2 LPRM V5 VOD (R ~ 0.88-0.90) while lower R

values were obtained for VODCA LPRM V6 and ASCAT V16 VOD (R ~ 0.83-0.86)
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Fig.10. Density scatter plots showing the spatial relationship between the four yearly average

VOD datasets (from left to right: ASCAT IB, ASCAT V16, AMSR2 LPRM V5, VODCA

LPRM V6) and two AGB datasets (from top to bottom: Saatchi, CCI). R; represents the spatial

correlation between VOD and reference AGB, while R> represents the spatial correlation

between predicted AGB and reference AGB. Computations were made over 2015 -2017. The

solid line is the fitted line.

Table 2. Spatial correlation of the four VOD datasets with the two CCI and Saatchi AGB
datasets for different IGBP land cover classes.

AGB Product VOD Product EBF DBF MFO CSH OSH WSA SAV GRO CRO CVM BSV R total
ASCAT IB 054 083 088 062 030 0.78 0.78 058 058 079 0.21 0.92
ASCAT V16 058 -0.22 -026 -026 -0.16 0.67 031 017 0.17 030 0.11 0.83
Saatchi 2015
AMSR2LPRM V5 054 053 074 023 0.09 031 061 051 062 057 0.19 0.76
VODCALPRM V6 036 040 062 -0.20 - 0.18 057 044 059 056 0.18 0.69
ASCAT IB 0.70 0.31 - 066 027 071 060 053 036 072 028 0.92
ASCAT V16 0.74 - 0.47 - -0.08 064 043 030 020 045 0.09 0.86
CCI 2017
AMSR2LPRM V5 055 0.30 - - 0.12 032 038 045 039 057 040 0.76
VODCALPRM V6 038 0.21 - -032 005 0.18 033 040 036 055 037 0.69

Note: [-] indicates that correlation is not significant (p-value>0.05). The number of pixels used in the computation are 2734
(EBF), 200 (DBF), 180 (MF), 118 (CS), 1746 (OS), 1237 (WS), 5628 (S), 8636 (G), 1269 (C), 238 (CNVM), 1623 (BSV).
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Fig.11. Density scatter plots showing the spatial relationship between the four yearly average
VOD datasets (from left to right: ASCAT IB, ASCAT V16, AMSR2 LPRM V5 and VODCA
LPRM V6) and two tree height datasets (from top to bottom: Simard, Patapov). R represents
the spatial correlation between VOD and tree height (TH), while R represents the relationship

between predicted TH and reference TH. The solid line is the fitted line.

Fig. 11 shows the density scatter plot between two tree height (TH) datasets (Simard and
Patapov) and the four VOD datasets. The active VOD datasets have a more pronounced linear
spatial relationship with the two TH datasets than the passive VOD, similarly with the result
obtained for AGB. IB VOD presents the best spatial linear relationship with the two TH datasets
(R ~ 0.89). In contrast, VODCA LPRM V6 VOD got the lowest R-value (R = 0.74-0.78).
Regarding the potential to predict TH, VODCA LPRM V6 VOD also showed the poorest
performances as saturation happened for high VOD values. The best ability to predict TH for
both the Simard and Potapov datasets was obtained by IB and AMSR2 LPRM V5 VOD (R~

0.89-0.90).
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Fig.12. Density scatter plots of the spatial relationship between four yearly average VOD

datasets (from left to right: IB, ASCAT V16, AMSR2 LPRM V5 and VODCA LPRM V6) and

two MODIS VI datasets (from top to bottom: NDVI, EVI and LAI).

With respect to the spatial relationship between the VOD and MODIS VIs, Fig. 12 shows
saturation for high VIs values is more obvious for the active VOD datasets (ASCAT IB and
V16), while the relationship is almost linear for the passive VOD (AMSR2 LPRM V5 and
VODCA LPRM V6). Saturation starts when the values of NDVI (EVI, LAI) exceeds ~ 0.7(0.4,
2). The correlation coefficients obtained with the active VOD dataset are lower than 0.75.

Higher spatial correlations (R ~ 0.91-0.93) were obtained with passive VOD, but saturation can
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also be noted for AMSR2 LPRM V5 for higher NDVI and EVI values and VODCA LPRM V6
for higher LAI values.

In order to evaluate the ability of IB VOD to monitor the vegetation dynamics, the temporal
correlations between 16-day average VOD and MODIS VIs (NDVI, EVI and LAI) were
computed for each pixel from 2015 to 2018 (Fig.13). IB VOD presents a positive temporal
correlation with each VI in most regions of the African continent (values exceeding 0.85 in
Nigeria for instance). Negative correlation values (R~-0.7) can be noted in some arid and semi-
arid regions, such as the south of Ethiopia and western Namibia. Compared with the results of
the three other VOD datasets, we found that the spatial distribution of pixels with a positive
correlation obtained with IB VOD is similar to that obtained with AMSR2 LPRM V5 and
VODCA LPRM V6 VOD. Although ASCAT V16 VOD shows generally different spatial
patterns (Fig 13 (b), (f) and (g)), similar negative correlation values were found in South Africa
and the Sahara Desert. Interestingly, for some pixels in the north of Africa, the temporal
correlation between each VI and passive VOD is opposite to that obtained with the active VOD.
A more detailed analysis of these results as a function of land cover classes is given in

Supplementary.
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Fig.14. Maps showing which VOD datasets obtained the highest absolute temporal correlation
(R) values with MODIS VIs and (d) its percentage of coverage. Grey pixels correspond to pixels

where the correlation is not significant (p > 0.05). Blank pixels denote “no valid data”.

To get an easier overview of the performance of each VOD dataset in terms of temporal
correlation, a map showing which VOD products showed the highest temporal correlation with
MODIS VIs over Africa is given in Fig. 14. For IB, the pixels with the highest temporal
correlations with NDVI are mainly distributed in the centre-west (3°S-15°S). ASCAT V16
obtained the highest correlation values in a few regions in Centre Africa. The highest correlation
values for AMSR2 LPRM V5 VOD were located in the south of Africa and the north of the
Congo basin. For VODCA LPRM V6 VOD, the distribution of the highest correlation values
is scattered all over Africa, mainly out of the central regions of Africa. Similar results were also
found for EVI and LAI As noted above, more pixels obtained the highest correlation values
with EVI and LAI for IB VOD, especially in eastern Africa (Tanzania) and south of the Sahel
region.

Fig. 14 (c) gives the percentage of pixels where the highest correlation was obtained for each
VOD product. IB VOD shows the best performance with EVI (LAI), over 36.65 % (30.19 %)
of the pixels, followed by VODCA LPRM V6 VOD (23.87 % for EVI, 26.06 % for LAI).
Conversely, regarding NDVI, VODCA LPRM V6 VOD obtained the best score (32.25 %),
followed by IB (29.94 %). The lowest scores were obtained by ASCAT V16 VOD (5.32 % for
NDVI, 6.88 % for EVI). In addition, we plotted the pixels with high correlation differences
(HCD) in Fig. S1 to evaluate if there is a strong difference between the products obtaining the
best scores. HCD means that the highest correlation value with one product is larger by 0.1 than

that obtained with all the other products. Overall, IB obtained the best score in terms of temporal
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Fig. 15. Time series of the four VOD products (daily), NDVI, ASCAT backscatter and ERAS-
Land Soil moisture from January 2015 to December 2018 over three types of vegetation

(Grassland, Savanna and Evergreen Broadleaf Forest).

The seasonal dynamics of IB and three other VOD are also analysed based on the daily time
series of VOD along with NDVI at three selected sites (Fig. 15). ASCAT IB VOD is noisier at
a daily time-scale than the three other VOD products (this aspect will be explored in discussion),
while a clear seasonal change can be well observed for all VOD products. AMSR2 LPRM V5
and VODCA LPRM V6 VOD present similar seasonal variations but with different values. This
is because VODCA LPRM V6 VOD is a fusion of VOD retrieval results from multiple sensors.
The VODCA data used in this study were retrieved from AMSR?2 and then calibrated via

cumulative distribution function matching using AMSR-E as the scaling reference (Moesinger
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et al., 2020). ASCAT V16 VOD is more stable (almost flat) than the three other VOD products
(green line in Fig.15 (a), (c¢) and (e)). This could be explained by the fact that V16 VOD is
derived using two coefficients (slope and curvature) of the second-order Taylor expansion
(Teubner et al., 2019), and those two coefficients are averaged by using a kernel smoother with
a half-width window of 21 days (Vreugdenhil et al., 2020). The value of V16 VOD decreases
with the increase of NDVI (Fig. 14 (e)), which can explain why a negative temporal correlation
between V16 VOD with NDVI and EVI was found over some areas of evergreen broadleaf
forests (Fig 15. (b) and (f)). At the same time, a large time lag (~180 days) between the four
VOD products and NDVI (Fig. 15 (a)) was found in grassland. Tian et al. (2018) and Lawrence
et al. (2014) also found time lags, varying by a large range of days, between L-VOD and NDVI

over different vegetation types.

5. Discussion

The evaluation and inter-comparison results presented in this study show that IB VOD obtained
good scores in both temporal and spatial terms. This promising result indicates that IB VOD is
a valid and alternative candidate for application in biomass and carbon estimation. We should
also notice that there are some uncertainties in IB VOD. Those uncertainties mainly come from

the soil and vegetation model calibration and SM input.

As for the soil parameter calibration, we calculated the value of C and D for each pixel
corresponding to bare land without any vegetation cover throughout the year (case 1) and land
covered by a certain degree of sparse dynamic vegetation (case 2), which is different from
previous studies where the soil coefficients (C and D) of the Ulaby linear model were calibrated
from experimental data measured over different sites. Then the calibration of C and D was
extended at continent-scale using a RF machine learning method. Compared with the C and D
values computed in Shamambo et al. (2019), the values of C and D obtained in our study are
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lower and their range is larger. Although Shamambo et al. (2019) also used ASCAT data, their
different research region (south-west of France) and calibration methods caused different
results. For the D value, numerous experimental studies at C-band have shown a variable
sensitivity of the radar signal to soil moisture, varying approximately between 5 dB / m*-m™
and 30 dB / m?*-m™ (Baghdadi et al., 2008; Baghdadi et al., 2016; Verhoest et al., 2008). Our
results are in good agreement with these previous results. Fig 6 (a) shows very low C values on
smooth dunes (in Sahara) and the strongest values on areas with topography (including in the
Sahara), which is in very good coherence with the reality of the terrain and the nature of the
scattering in these areas. However, we should note that the performance of the RF model used
to estimate the soil parameters is better for C than for D (Fig. 5). One of the reasons could be
that the number of pixels used to train the D value model is far less than that used to train the
C value model (1262 pixels for C vs 8786 pixels for D). Moreover, pixels with a low R-value
(<0.4) (accounting for around 8 % of the data in category 1, Fig. S2) will also affect the training
of the model. In the future, to improve the C and D model performance, the calibration will be
carried at a larger scale and the threshold of the R-value will be increased to select “better”

pixels.

As for the vegetation parameter (A) calibration, its value was set to a spatially constant value
in only two regions of Africa for each day. Ma et al. (2020) found that changes in the value of
A have little effect on the simulation of the VV polarized backscatter when the vegetation water
content is lower than 1.5 kg/m?. In addition, the A parameter is related to the vegetation single
scattering albedo () which is a key parameter in the passive microwave VOD retrievals. In the
LPDR and LPRM algorithms, ® was set to a constant value globally (Du et al., 2017; Owe et
al., 2001). However, studies in the passive microwave domain have recently suggested that the
vegetation single scattering albedo may vary seasonally in different vegetation types (Baur et

al. 2019). Bindlish and Barros (2001) also found that better performances in SM retrievals were
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obtained with the WCM model when different A values were set for different types of land
cover. Therefore, IGBP-based or pixel-based calibration of A could be considered in future
works. Moreover, the daily A value was calibrated over VDV in Africa and then extended to
the whole of Africa. When we will extend our method to a global scale, the calibration of the
A value should thus be re-evaluated. In addition, Shamambo et al. (2019) found that the
correlation between the observed backscatter and WCM simulated backscatter is small or

negative in karstic areas. This information should also be considered in future analyses.

Our retrieval algorithm used the ERAS5-Land SM as a known SM input of the retrieval
algorithm. Therefore, the IB VOD retrievals made in this study may be sensitive to the quality
of the ERA5-Land SM dataset. A simple sensitivity analysis was made to assess the effect of
the uncertainty in SM on the retrieved VOD values. Fig. S3 shows that decreasing (increasing)
SM by a value of 0.05 m*/m? (that corresponds to an estimate of the ubRMSE of ERA5-Land
(Chen et al., 2021)) will lead to a decrease (increase) in VOD of 0.02 over grassland, 0.01 over
savanna, and 0.02 over the evergreen broadleaf forest. The relative change of VOD in grassland
is 16.21 % which is larger than that in savanna (5.24 %) and evergreen broadleaf forest (2.57 %).
This is because the observed backscatter is dominated by soil scattering for low vegetation, so
that the uncertainty in SM has a larger influence on the retrieval of VOD in grassland. Anyway,
the relative change of VOD, due to the uncertainty in input SM, may appear as relatively modest
if we consider the uncertainties existing in global AGB maps, which may differ by about 50%
in some regions. Moreover, when they will become available, any other more appropriate soil

moisture data set could be used in the retrieval based on the framework proposed in this study.

IB VOD was directly computed from the observed values of the ASCAT backscatter ( Ui;,x ) and

o

the ERA5-Land SM, so that large daily fluctuations of SM and O, made IB VOD noisier than

the three other VOD products (Fig. 15 (e), (f) and (g)). Although IB VOD is noisy, it still shows
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obvious seasonal dynamics. There are also some possible ways to improve the time series of
the daily IB VOD values in the future. For instance, in the LPDR algorithm (Du et al., 2017), a
30-day moving median filter was applied to the daily X-band VOD (Du et al., 2017), which
makes the time series of LPDR X-band VOD very smooth. This filtering step could be used in
the future as it helps to improve the temporal continuity of VOD and reduce short-term noises
(for illustration, in Fig. S4, a moving window was applied to all VOD time series shown in Fig.
15). Another possible way is to use the ASCAT multi-angle data: the normalized ASCAT
backscatter at the incidence angle 6 = 40 degrees can be converted to the backscatter at any
angle by using a second-order Taylor expansion that describes the angular backscatter
dependency (Hahn et al., 2017). More information originating from different angles could be
added to the retrieval algorithm to improve the IB VOD performance. However, this will make
the calibration more complex. All these different results show the importance of improving the

time-series of daily IB VOD in future works.

In this study, IB VOD is spatially linearly related to AGB and TH. The relationships with VIs
exhibit a saturation for high IB VOD values (Fig. 10-12). In contrast, passive VOD shows a
linear relationship with VIs but shows saturation for high AGB and TH values. This is can be
explained by the fact the active microwave data are generally more sensitive to vegetation
structure compared with passive data (Ferrazzoli et al., 1989; Fung and Eom, 1985; Wigneron
et al., 1999). Active microwave radiations are affected by a two-way attenuation through the
canopy layer, while, in the passive domain, there is one-way attenuation (Fernandez-Moran et
al., 2017). C-band radar backscatter return from the middle of vegetation (between canopy top
and ground) (Pulliainen et al., 1994), therefore VOD retrieved from ASCAT could more
sensitive to branch and trunk diameter which are well correlated to biomass (Mankou et al.,
2021), explaining the good correlation between ASCAT VOD and AGB. Conversely, as VIs

were calculated from optical sensors they are more sensitive to saturation. The high sensitivity
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of ASCAT VOD to AGB is a new and interesting finding of this study which should be

investigated further.
6. Conclusion and outlook

An alternative ASCAT-IB VOD product was retrieved in this study during 2015-2019 over
Africa by using the water cloud model coupled with the Ulaby linear model. The idea of using
the soil moisture as input was adopted in the retrievals of VOD. Two Random Forest models
were trained to map the soil parameters (C and D) of the Ulaby linear model, and the trained
model showed good performance (R?=0.85 for C and R?=0.61 for D). For the vegetation
parameter (A) of WCM, a temporally dynamic value calibrated from observations over the very
dense vegetated area was used. IB VOD and the three other VOD products were evaluated
against several vegetation datasets (AGB, tree height and MODIS VIs). Comparison with other
VOD products suggested IB VOD has advantages in terms of both spatial and temporal
performances. Especially, IB VOD presents a very good linear relationship with AGB and tree
height data (R ~ 0.89-0.92) showing the considerable potential of IB VOD to study global AGB
and tree height changes. Moreover, the temporal correlation between IB VOD and NDVI or
EVI showed obvious improvements (> 0.1) in savanna and woody savanna compared to the

three other VOD products considered in the present study.

The encouraging results found in Africa suggest that we can extend the proposed method to
produce a long term (from 2007- present) and global IB VOD product. In addition, Steele-
Dunne et al. (2012) and Frolking et al. (2011) found that variations in canopy water content
could account for the backscatter variations between the ascending and descending orbits.
Therefore, IB VOD retrieved from different orbits can be explored in the future to analyse daily
changes in the vegetation water content. Moreover, when soil moisture datasets at a finer spatial
resolution downscaled from several sensors will be available (Fan et al., 2015) and swarms of
SAR cubesats will be available in a decade, the method used in the present study could be
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extended to retrieve a high-resolution active VOD product (e.g. from Sentinel-1). More
importantly, IB VOD is independent of passive microwave observations, and as such, it could
be used in inter-comparison of VOD products based on the triple collocation (TC) or TC-related
methods (Li et al., 2021). Moreover, two independently (passive & active) retrieved VOD
products could be used in a physics-based VOD model (Jackson and Schmugge, 1991) to
decouple the effects of the vegetation moisture content / structure / biomass on the microwave

observations.

Data availability

ASCAT IB VOD was developed by INRAE (Institut national de recherche pour I’agriculture,
I’alimentation et I’environnement). ASCAT IB VOD will be made available at the INRAE

Bordeaux remote sensing lab website (https://ib.remote-sensing.inrae.fr/).
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Appendix A. Vegetation variables used for validation

A.1 Aboveground biomass

Two static AGB benchmark maps were applied to assess the performance of IB VOD for

monitoring the aboveground vegetation biomass. The first AGB map (referred to as Saatchi
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AGB) was extracted from the 1 km resolution AGB dataset developed by Saatchi et al. (2011)
We used the updated Saatchi AGB that is representative of AGB circa 2015 (Carreiras et al.

2017; Saatchi et al. 2011).

The second AGB map (Fig. 8 (f)) (referred to as CCI AGB) which has a spatial resolution of
100 m was extracted from the European Space Agency's (ESA's) Climate Change Initiative
(CCI) AGB dataset (Santoro and Cartus 2019). This dataset was produced using 2017 data from
the Synthetic Aperture Radar (SAR) C-band Sentinel-1 and L-band Advanced Land Observing
Satellite (ALOS-2) Phased Array L-band SAR (PALSAR-2). More details about this AGB map

can be referred to Santoro and Cartus (2019).

A.2 Lidar tree height

Two kinds of tree height datasets were used to evaluate the IB VOD performance. The first
dataset was developed by Simard et al. (2011) at 1-km resolution. It was generated using data
collected in 2005 by the Geoscience Laser Altimeter System (GLAS) sensor. For the areas not
directly covered by the lidar footprint, tree height was simulated with vegetation, topography
and climatology data through Random Forest. The second dataset was a newly released product
(Potapov et al. 2020) (Fig. 8 (g)). This 30 m resolution dataset was generated from Global
Ecosystem Dynamics Investigation (GEDI) lidar measurements and the Landsat analysis-ready

data (ARD) (Qiu et al. 2018) acquired in the year 2019.

A.3 MODIS vegetation indices

Three MODIS vegetation indices (VIs), NDVI, EVI and LAI, were used to evaluate the
temporal performance of IB VOD. NDVI and EVI were obtained from MODIS MOD13A1
version 6 product (Didan 2015) at a spatial resolution of 500 m and a temporal resolution of 16
days. LAI data were obtained from MCD15A2H (Myneni et al., 2015) at a spatial resolution of

500 m and a temporal resolution of 8 days. These MODIS VIs were used to test the IB VOD’s
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sensitivity to the green photosynthetic activity of vegetation in both space and time. NDVI is
derived from the near-infrared and red frequency bands and presents saturation in areas with
dense vegetation (Huete et al. 2002). Compared to NDVI, EV1 is less prone to saturation as a
band in the blue frequency was added in the calculation of the indices. Only VIs observations
with the corresponding flag set to “good quality” were used. We then adopted an arithmetic
averaging method to resample these two vegetation indices to the same projection with a spatial

resolution of 0.25 degree.
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Appendix Table

Appendix Table 1. Soil property data used to calibrate the soil model parameters

ID

10

11

12

13

14

15

16

17

18

Name

AWChl1

AWCh2

AWCh3

Bldfie

Cecsol

Clyppt

Crfvol

Ocdens

Ocstha

Orcdrc

Phihox

Phikcl

Sltppt

Sndppt

Wwp

mean_ST

std_ST

cv_ST

Description

Available soil water capacity (volumetric fraction) with FC = pF
2.0

Available soil water capacity (volumetric fraction) with FC = pF
2.3

Available soil water capacity (volumetric fraction) with FC = pF
2.5

Bulk density (fine earth)

Cation Exchange Capacity of soil

Weight percentage of the clay particles (<0.0002 mm)

Volumetric percentage of coarse fragments (>2 mm)

Soil organic carbon density

Soil organic carbon stock

Soil organic carbon content

pH index measured in water solution

pH index measured in KCl solution

Weight percentage of the silt particles (0.0002—-0.05 mm)

Weight percentage of the sand particles (0.05-2 mm)

Available soil water capacity (volumetric fraction)
until wilting point

Mean value of soil temperature

Standard deviation of soil temperature

Coefficient of variance of soil temperature

Units

%

%

%

kg/m3

cmolc/m3

%

%

kg/m3

ton/ha

Permille
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Appendix Table 2. Terrain data used to calibrate the soil model parameters

ID Name Description Units

1 dem_mean  Mean value of elevation m

2 dem_std Standard deviation of elevation m

3 dem_cv Coefficient of variance of elevation /

4 Slope Surface gradient degree

5 TSC Measure of surface upwards convexity /

6 TST Terrain surface texture /

7 TRI Terrain ruggedness index /

8 PlanCur Contour curvature /

9 ProfCur Slope profile curvature /
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