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Abstract

Synthetic aperture radar (SAR) is one of the most promising remote sen-
sors to map forest carbon. The unique spaceborne and long- wavelength SAR
data currently available are L-band data, but their relationship with forest
biomass is still controversial, particularly for high biomass values. While
many studies assume a complete loss of sensitivity above a saturation point,
typically around 100 t.ha=!, others assume a continuous positive correla-
tion between SAR backscatter and biomass. The objective of this paper
is to revisit the relationship between L-band SAR backscatter and dense
tropical forest biomass for a large range of biomass values using both the-
oretical and experimental approaches. Both approaches revealed that after
reaching a maximum value, SAR backscatter correlates negatively with for-
est biomass. This phenomenon is interpreted as a signal attenuation from

the forest canopy as the canopy becomes denser. This result has strong
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implications for L-band vegetation mapping because it can lead to a greater-
than-expected under-estimation of biomass. The consequences for L-band

biomass mapping are illustrated, and solutions are proposed.

Keywords: Tropical forest, Carbon mapping, ALOS PALSAR.

1. Introduction

Forests act as both carbon sources and sinks through deforestation, degra-
dation (Harris et al., 2012) and regrowth (Lewis et al., 2009). The monitoring
of forest carbon stocks is a pressing concern to quantify the exchange of car-
bon between the surface and the atmosphere and therefore to reduce the
uncertainty in the global carbon budget. Our knowledge of the distribution
and amount of forest carbon is mostly based on ground measurements with
relatively small field plots, which are not necessarily representative of their
surrounding areas (Réjou-Méchain et al., 2014) and not uniformly distributed
over forested areas and biomes (Gibbs et al., 2007; Houghton et al., 2009).
Thus, most estimates of emissions from deforestation are based on a handful
of biome-average datasets where a single representative value of forest car-
bon per unit area is applied to broad forest categories or biomes (Fearnside,
2000; Houghton, 1999; DekFries et al., 2002; Achard et al., 2002, 2004; Ra-
mankutty et al., 2007). Such approaches have led to strong inconstancies
between studies.

Remote sensing approaches offer considerable potential in support of for-
est monitoring as they provide long-term and repetitive observations over
large areas. Standard optical data, such as provided by Landsat, are not

sensitive to AGB beyond the canopy closure. However, using very high reso-
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lution optical data, the canopy texture can be characterised and then used to
infer the above ground biomass (AGB) based on, for example, the Fourier-
FOTO algorithm (Couteron, 2002; Couteron et al., 2005). A few studies have
successfully used such an approach to map AGB in high biomass areas, such
as Proisy et al. (2007) in two mangroves areas in French Guiana, Ploton et al.
(2012) in a wet evergreen forest in India and Bastin et al. (In press) in a moist
forest area in the Democratic Republic of the Congo. These three studies
showed that AGB can be retrieved with no signal saturation and with a rel-
ative error ranging from 15 to 17%. However, these studies are performed at
local scale and are limited to the small imaging swaths (maximum of 15x15
km). The large scale application of the methods is limited by the data cost
and the temporal consistency of data due to cloud cover.

At the landscape scale, airborne LiDAR data-based approaches have
proven to be accurate enough to infer the canopy height and structure, and
thus to map the forest AGB at a high spatial resolution. In a recent meta-
analysis, Zolkos et al. (2013) showed that the AGB can be retrieved with an
error of 10% if the calibration is done using 1-ha plots. However, the cost
of airborne LiDAR campaigns limits its use for large regions (however, see
Mascaro et al. (2014)), and airborne campaigns are not feasible throughout
the tropics for logistical and political reasons. Meanwhile, spaceborne Li-
DAR data are currently limited by discontinuous coverage and clouds (Lef-
sky et al., 2005; Baghdadi et al., 2013), and the derived large scale AGB
products have low spatial resolution (1 km in Saatchi et al. (2011) and 500
m in Baccini et al. (2012)). In a recent contribution, Mitchard et al. (2013)

used a large network of field plots in Amazonia to show that the uncertainties
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of Saatchi and Baccini’s maps were far larger than expected, with over- and
under-estimations greater than 25%.

Synthetic aperture radar (SAR) is one of the most promising remote
sensors to map the global forest AGB. Many studies have shown that long-
wavelength radar data are sensitive to AGB. Research efforts based on air-
borne data and/or electromagnetic (EM) modelling have demonstrated that
P-band data may be used for a larger range of AGB values than L-band data
and thus should be privileged in forests with high biomass density (Le Toan
et al., 1992). The first P-band SAR satellite, BIOMASS, will be launched
approximately 2020 and will provide multi-temporal global forest AGB maps
(Le Toan et al., 2011; ESA, 2012). Currently, the L-band ALOS PALSAR
data acquired up to 2011 can be used to estimate the forest AGB, as well as
its sequel, ALOS-2, launched in May 2014.

The L-band has been extensively used to estimate forest AGB (Santos
et al., 2002; Santoro, 2003; Saatchi et al., 2011; Cartus et al., 2012; Carreiras
et al., 2013), based on a positive correlation between SAR backscatter and
in situ AGB. However, contrasting results have been yielded concerning the
range of biomass that can be retrieved. Literature results suggest that there
is an AGB level above which there is a loss of sensitivity between the L-
band backscatter and AGB (Imhoff, 1995), commonly called the saturation
phenomenon. The saturation level using HV polarization has been found to
range between 40 and 150 t.ha™! (Dobson et al., 1992; Le Toan et al., 2004;
Saatchi et al., 2007; Sandberg et al., 2011), reaching in some studies more
than 250 t.ha=! (Hoekman and Quiriones, 2000; Lucas et al., 2010).

Questions can arise about the relationship between L-band backscatter
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and forest AGB beyond the saturation region. Many studies used a sigmoid
function to describe the relationship between radar backscatter and AGB
(Mitchard et al., 2011; Mermoz et al., 2014) to represent the ’saturation’ be-
haviour. Some studies suggested that the sensitivity to AGB can be observed
up to 400 t.ha=! (Shugart et al., 2010; Morel et al., 2011; Hamdan et al.,
2011; Englhart et al., 2011) and even 1000 t.ha™! (Viergever, 2008; Mitchard
et al., 2009). This finding is attributable to the use of a logarithmic (i.e.,
non-asymptotic) function to fit the experimental data, even though the pos-
itive correlation between SAR backscatter and AGB is usually not observed
after 150-200 t.ha~!. In addition to modelling results based on EM simula-
tions (Villard, 2009), one study reported a decreasing trend after 200 t.ha™*
(Lucas et al., 2007) over dense mangrove forests in Australia, French Guyana
and Malaysia, as well as another recent study over a forest-savanna mosaic
in Cameroon (Mermoz et al., 2014). When retrieving AGB, the choice of the
function describing the relationship between radar backscatter and AGB is
crucial in the higher AGB range (i.e., > 100-150 t.ha™!) because it can lead
to serious over- or under-estimation.

The objective of this paper is to revisit the relationship between L-band
SAR backscatter and forest biomass for a large range of AGB values using
both theoretical and experimental approaches. The focus is put on the high
biomass range, for which the predicted AGB values may vary substantially
between studies. The emphasis is on the tropical forests for which the carbon
stocks and spatial distribution of carbon are poorly known despite contain-
ing 40 to 50 % of the land terrestrial carbon stocks. The following section

introduces the theoretical approach. Section 3 provides informations on the
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study site and the field and SAR data. Section 4 describes the experimental

approach, and section 5 discusses the results.

2. Theoretical Approach

2.1. FElectromagnetic modelling to simulate forest backscatter at L-band

We aimed to model the backscatter at L-band from dense canpy forests as
a function of AGB to investigate and physically explain their relationship. In
this work, it is not intended that the dense canopy simulated by the model
represents in detail the forest observed experimentally. Simulations were
achieved from a discrete description of the forest canopy, using canonical

shapes such as cylinders for the scatterers (Figure 1).

Figure 1: Hlustration of the two-layered forest model. Vegetation scatterers are modelled
by dielectric cylinders with various height and radius and are gathered into two horizontal

layers. h is the total tree height, h; is the trunk height and &, is the crown height.
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The vegetation scatterers are modelled by four classes of dielectric cylin-
ders with varying height and radius and gathered into horizontal layers ac-
cording to the spatial statistical distribution of their classes. Each of the four
classes of cylinders are defined by the Gaussian distributions of their height
and radius and by specific distributions for the Euler angles driving their 3D
orientation. Following a Monte-Carlo process, these geometrical parameters
are drawn for each cylinder to compute their scattering contribution. On
the contrary, the mean extinction coefficient associated with each layer is an
averaged (integral) expression according to the Foldy-Lax formulation (Ishi-
maru, 1978). Following the Distorted Born Wave Approximation, the total
backscatter is deduced from the coherent sum (preserving the geometric and
proper phase) of each scatterer contribution. The most important scatter-
ing mechanisms arise from direct contributions from scatterers belonging to
the vegetation layers and the ground and from their coupling through the
so-called double bounce scattering mechanism. These simulations were run
through the MIPERS (Multistatic Interferometric Polarimetric ElectroMag-
netic) model (Villard, 2009).

The geometrical parameters describing the modelled forest, required by
the EM simulations, need to be derived. A forest growth model has been
developed to deduce all the geometrical parameters from a chosen AGB,
ranging from 50 to 450 t.ha=! with 50 t.ha™! steps. Based on the allometric
relationships, the main steps of the forest growth model have been synthe-
sized in Figure 2 and detailed in Appendix A. Because our field dataset
(see section 3.2) lacked tree height measurements, we selected allometric re-

lationships from the literature. We chose the allometric relationships given
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in Asner et al. (2012) based on 130 tropical forest field plots of 0.28 ha from
Peru. The study from Asner et al. (2012) is of greatest interest for our pur-
pose because it involves LIDAR mean canopy height (MCH), which fits the
heights of our layered forest model better than tree height, which is more
common in forest ecology. The allometric equations in Asner et al. (2012)
were also detailed enough (including the relationship between tree height and
biomass, between diameter and tree height and between basal area and tree

height) to derive the inputs of the EM model.

(o) (he/h)
E é- ______ (_2; __; _D_é’_-f_[EFr_]]_ _____ ; il;-;]_:}_ - _{;’J_)I_S:S;i }AGB
AGB -1 v t (ri)Jsiss : ¢
[t.ha] = MCH[m]- 1 :

) M”;ERS N Simulated SAR

backscatter

(1) b,.In(MCH) = In(0.5.AGB/a)
(2) BA=b,.MCH
(3) In(h) = a + b,In(DBH) + b,(In(DBH))2 + bs(In(DBH))3

Figure 2: The forest growth model for deriving all the geometrical parameters required
for the electromagnetic (EM) calculations. Equations (1), (2) and (3) relate mean canopy
height (MCH) and above ground biomass (AGB), diameter at breast height (DBH) and
MCH, and basal area (BA) and h, respectively

It is important to note that this approach targets a tropical type of forest
but could be valid for various types of forests with dense canopy and radar

frequencies, though some specific parameterizations would be required.
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2.2. Results and Discussion

The resulting backscatter coefficient at HV polarization is plotted in green
as a function of AGB in Figure 3. We can observe the increasing log shape
followed by a slightly linear decrease after the highest value of backscatter
(the decrease in magnitude is 0.9 dB between AGB from 230 t.ha™! to 450
t.ha1). To better understand the causes of the backscatter decrease, the
backscatter coefficient at HV polarization is also derived by neglecting the
attenuation from the vegetation. The so-called free-space (or no attenuation)
backscatter is plotted in cyan in Figure 3, whereas the total attenuation, ac-
counting for the signal loss (in dB) due to the wave propagation forth and
back, is plotted at horizontal (red) and vertical (blue) polarizations. The
decreasing backscatter plotted in green results from the saturation of the
no-attenuation backscatter (the backscatter does not increase anymore with
the number of scatterers and saturates), while the attenuation still increases
with forest AGB. These simulations demonstrate that the antagonistic be-
haviours of no-attenuation backscatter and attenuation explain the negative
correlation between L-band backscatter and high forest AGB.

The sensitivity of backscatter to AGB was found to be weak after the
highest value of backscatter. To experimentally observe the decreasing trend
of the backscatter, the analyses require reducing as much as possible the
perturbing factors effects, which are related to the forest structure and en-
vironment, to the uncertainties in the radar data and in situ AGB data and
to the misalignment in the locations of the radar and in situ observation

geometries.
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Figure 3: (Left axis) Simulated HV backscatters versus AGB, plotted in green (with
attenuation from the vegetation) and cyan (without attenuation from the vegetation).
(Right axis) Simulated attenuations, accounting for the signal loss (in dB) due to the
wave propagation forth and back, at horizontal (red) and vertical (blue) polarizations.
The uncertainties related to wood density (mean value of 0.58 g/cm?) are represented by

the filled colour domains surrounding the curves.

3. DATA

3.1. Study area

The study area shown in Figure 4 covers 8,300 km? in the southwestern
Central African Republic (CAR), from 3°26N to 4°36N and from 15°08E to
17°48E. The climate is tropical humid with a mean annual rainfall of 1300-
1600 mm (Hijmans et al., 2005). The altitude ranges from approximately
400 to 800 m (Boulvert, 1987). Our study area is mostly covered with semi-

10
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evergreen rain forests from the Guineo-Congolian region with locally flooded
or swamp forests, savannas located north of the Congo basin and forest-

enclosed savannas.
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Figure 4: Map of the Central African Republic showing in grey the location of the forest

concessions targeted for the study.

3.2. Field data

3.2.1. Description of field data

The forestry data were extracted from commercial forest inventories con-
ducted by four logging companies: IFB (Industrie Forestiere de Batalimo)
in 1993-1996, SCAF (Société CentrAfricaine Forestiere), SOFOKAD (Société
Forestiere de la Kadéi) and TCA (Thanry CentrAfrique) in 2005-2006. These

11
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companies benefited from financial and technical support from the French-
funded programs ECOFAC (IFB) and PARPAF (SCAF, SOFOKAD, and
TCA), which considerably increased the quality of the data collected. The
four companies followed the same standardized inventory protocol fully de-
scribed in Réjou-Méchain et al. (2011). This protocol consisted of continuous
transects 25-m wide and 2 to 3 km apart and subdivided into rectangular
25-m wide by 200-m long (i.e., 0.5-ha) field plots. In the northwestern area
of the IFB concession, the plots were non-adjacent but the transects were
closer (i.e., with a similar sampling intensity). Overall, 19,584 plots were
inventoried by the four companies.

Trees with a diameter at breast height (DBH) > 30 cm were recorded
within each 0.5-ha field plot, while those between 10 and 30 cm DBH were
recorded on a 0.1 (IFB) or 0.125 ha sub-plot area. The trees were allocated
into 10-cm wide DBH classes. All the trees were identified whenever possible
to the species level through either commercial or local names and then con-
verted into scientific names. Such a protocol proved devoid of major bias in
the identification of floristic patterns compared to extensive botanical con-
trols (Réjou-Méchain et al., 2011). Overall, 2,401,016 trees were recorded
and the taxonomy was revised and homogenized using the African Flowering
Plants Database and the Angiosperm Phylogeny Group III for orders and
families (Bremer et al., 2009).

3.2.2. Field AGB estimation

The successive steps for AGB calculation are summarised in Figure 5
and fully described in Appendix B. Because the trees were allocated into

diameter classes during the inventories, we first modelled the diameter dis-

12
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tribution of the trees using a truncated exponential function. According to
its diameter class, each tree was assigned a DBH drawn randomly from this
exponential distribution. Because height-diameter allometries can vary from
one region to another, we used the central African Weibull-H model from
Feldpausch et al. (2012) to estimate the tree height from DBH. We assigned
a wood specific gravity value (WSG; i.e., wood density) to each tree based
on its taxonomy using the WSG dataset of Gourlet-Fleury et al. (2011).

The AGB was then estimated using the moist pantropical equation from
Chave et al. (2005). Finally, the AGB density (t.ha™!) was estimated for
each 0.5-ha field plot by summing the tree AGBs of all individuals with a
higher expansion factor (8 or 10) for trees between 10 and 30 cn DBH (these
trees were sampled in a fifth or a quarter of the 0.5-ha plots). During all the
steps, we propagated the errors associated with the diameter assignment, the
height estimation, the wood specific gravity estimation, and the AGB model
thanks to the Monte Carlo simulations (1000 iterations).

3.3. SAR data

Six ALOS PALSAR mosaics (five paths) with 25-m resolution over the
study area (latitudes from 3 to 5° and longitudes from 15 to 18°), acquired
from 4 July to 12 November 2007, were supplied by JAXA. One unit mosaic
data contains one degree latitude-longitude geographical unit. The signal

was converted into «° values using the following equation:

7% = 10.log1o(DN?) + CF (1)

where DN stands for digital number and C'F is a calibration factor de-

scribed in Shimada et al. (2009). The data have been processed by JAXA

13
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Figure 5: Summary of the successive steps for above ground biomass (AGB) calculation.

using the large-scale mosaicking algorithm from Shimada and Ohtaki (2010).
It includes ortho-rectification, slope correction and radiometric calibration
between neighbouring strips. The slope correction accounts for the vari-
ations in the ground scattering area and the local incidence angle. The
method precisely calculates the illumination area from the Shuttle Radar
Topography Mission (SRTM) digital elevation model (DEM) and applies a
correction factor to the backscattering coefficient based on the local inci-
dence angle. The radiometric calibration between two neighbouring strips
is performed by comparing the intensities of small coregistered image chips
that are extracted from the overlapped region from half of each of the far
and near ranges. The resulting gain and offset are used to correct the two
neighbouring strips. Note that these methods, which are optimized to reduce
backscatter mismatches among adjacent paths, can introduce modifications

of the backscatter that might hamper AGB retrieval.

14



244

245

246

247

248

249

250

251

252

254

255

256

257

258

259

260

261

262

264

265

266

267

The equivalent number of looks (ENL) for the ALOS-PALSAR data was
16 after these pre-processing steps. The six images were then geolocated
(latitude/longitude coordinates were assigned to each pixel) using the coor-
dinates of the four image corners and mosaicked. The terrain slopes were

derived from the SRTM DEM with approximately 90 m resolution.

4. Experimental Approach

4.1. Reduction of the uncertainties

To test whether the signal attenuation found in section 2 experimentally
occurs in dense forests, we reduced the perturbing factor effects as much as
possible. The estimation of radar backscatter at the pixel basis is mainly
affected by the speckle noise, which is modelled as multiplicative noise and
depends on the ENL. To reduce the effects of speckle noise, we degraded the
PALSAR resolution within a 1-km resolution grid by averaging the pixels,
and we averaged the field plots, leading to upscaled plots, to the same 1-km
grid. The resulting ENL of the ALOS-PALSAR data, estimated by dividing
the square of the mean backscatter intensity by the corresponding variance
over a set of homogeneous areas, was > 2, 000.

The perturbing effects linked to in situ observation geometry include the
plot size, tree canopy layover and border effects, errors in data geolocation
and topographic effects. We discarded the upscaled plots that contained less
than two 0.5-ha field plots. The remaining upscaled plots contained a mean
field plot size of 2.140.6 ha and were all > 1 ha, which may correspond to an
AGB estimation sampling error less than 17% according to Réjou-Méchain

et al. (2014). Then, we attempted to optimise the representativeness of the
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ground information in the whole 1-km pixels and selected the pixels that
were likely to contain homogeneous forests. We calculated the coefficient
of variation (CV) of the AGB among the field plots within each upscaled
plot and filtered out upscaled plots with a CV > 0.25. The forest under
study has to be homogeneous enough to maximise the representativity of 1
ha or more of in situ AGB into 100 ha of forest. Therefore, we discarded
upscaled plots with a standard deviation of the SAR backscatters > 0.75 dB.
The latter thresholds were chosen as a compromise between the quality and
the number of remaining observations (see Appendix C). It is interesting
to note that the standard deviation of the SAR backscatters was highly
correlated to the standard deviation of the terrain slope (i.e., the standard
deviations were calculated from the original 25 m and 90 m subpixels within
each 1-km pixel). The selection of pixels with low standard deviations of
SAR backscatters therefore reduced topographical heterogeneities, which are
a major driver of biomass heterogeneity (Réjou-Méchain et al., 2014) and a
major source of uncertainties in radar backscattering (Van Zyl et al., 1993).
Topographical effects were also reduced by discarding upscaled plots with a
median of the slope > 2°. This step ensured both higher forest homogeneity
within the pixels and lower noise in the radar backscattering.

In the following, we assume that the backscatter saturation occurs for
AGB of approximately 150 t.ha™! (Mermoz et al., 2014) and we discarded
the few upscaled plots with less than 150 t.ha=! in the analyses.

When using multitemporal radar data, sources of noise include environ-
ment effects (soil moisture) and radar calibration. Temporal shifts between

in situ and radar data acquisitions may also induce biases. In our study,
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the temporal variation of the backscatter signal was minimized because the
upscaled plots used for the calibration were derived from ALOS images ac-
quired from 4 July to 29 September 2007, i.e., during the wet season. The
temporal difference between the radar data acquisition (2007) and the field
surveys for in situ data (from 1993 to 2006) was rather important. A recent
study conducted in the same study area by Gourlet-Fleury et al. (2013) in
permanent plots monitored since 1982 showed a mean gain in AGB of 2.58
and 4.82 t.ha~!.yr~! for the control and logged plots respectively. Thus, the
largest expected AGB change between the field surveys and the radar data

1. However, note that the oldest inventories, which

acquisition was 68 t.ha~
were conducted in IFB, were located on poor sandy soils characterized by a
pool of species with higher wood density and lower growth rates (Gourlet-
Fleury et al., 2011; Fayolle et al., 2012; Réjou-Méchain et al., 2014). Thus,
the largest AGB change of 68 t.ha™! is unlikely to occur in that area. In ad-
dition, the study area is not subject to large scale deforestation; thus, even
if disturbances occurred within the pixel, this would probably lead to a large
CV in the backscatter signal and our data quality filter would discard such
a pixel.

Details on the effects of upscaled plot selection on the relationship be-

tween the radar backscatter and AGB are provided in Appendix C.

4.2. Empirical model calibration

The relationships between ALOS backscatters and field AGB were estab-
lished using linear regressions. The Pearson coefficient of correlation r and
the bias (in dB) were used to assess the quality of the fits. To assess the ro-

bustness of our model parameters, we used Monte Carlo simulations (n=1,000
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simulations) where field AGB uncertainties were propagated to the calibra-
tion model. For each simulation, field AGB values were drawn randomly
and independently from the normal distribution N (pacs piots 0 aG B plot) Where
HAGB plot A 0 aGB plot are, respectively, the mean and the standard deviation
of the field AGB within an upscaled plot (see Appendix B). At each sim-
ulation, the parameters of the linear regression between ALOS backscatters

and field AGB were stored.

4.8. Results

SAR backscatter at HV polarization versus in situ AGB after the selection
process are shown in Figure 6. The field dataset had 4,755 upscaled plots
of 1 km? at HV polarization before the selection process and 632 after. The

! and range from 150.1

remaining in situ AGB have a mean of 312.3 t.ha~
to 545.6 t.ha=!. For illustration purposes, we added in Figure 6 1-ha field
plot data, shown in red, acquired from the REDDAF project (Haeusler et al.,
2012) in 2011 in the Adamawa Province, Cameroon and in 2013 in the Central
Province, Cameroon. Sixteen savanna and 25 forest plots were surveyed.
Only 1-ha plots with AGB below 150 t.ha=! and slopes below 5° were used,
i.e., 21 savanna and 5 forest plots. The field data processing followed the
methodology in Mermoz et al. (2014). The resolution used for these data is
1 ha (not 100 ha as with upscaled plots from the CAR).

The relationships in Figure 7, which is a zoom of the small window found
in the right part of Figure 6 at HH and HV polarizations, show strong and
significant negative correlations with AGB (P < 0.0001). The linear decrease
observed in Figure 3 is well reproduced by the empirical approach. The best-

fit linear regression at HH polarization, using 635 upscaled plots, was found
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Figure 6: SAR backscatter at HV polarization versus in situ above ground biomass (AGB)
after the selection process. Twenty-one savanna and 5 forest 1-ha field plots, acquired from
the REDDAF project (Haeusler et al., 2012), in 2011 in the Adamawa Province, Cameroon

and in 2013 in the Central Province, Cameroon, were added.
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to be ¥4y = —6.25—9.47.107* x AGB with a Pearson’s 7 of 0.47. The best-
fit linear regression at HV polarization, using 632 upscaled plots, was found
to be vy = —11.34 — 8.29.10™* x AGB, with a r of 0.43. The straight lines
corresponding to the linear regression models in Figure 7 are surrounded with
the 95% confidence envelopes of the regression domains. The coefficients of
correlation r at both polarizations were significantly higher than the critical
value at the 2% risk for 632 plots, i.e. r ~ 0.1. The backscatter v%, was
more correlated to in situ AGB than v, and although the HH polarization
is more sensitive to environmental error sources, such as soil moisture, vy
was not more biased than ~¢,,. In addition, it is well known that the random
error in the independent variable, such as the error that results from sam-
pling errors in AGB, leads to a systematic underestimation of the slope in
an ordinary least square regression, a bias referred to as regression dilution
(Fuller, 1987; Réjou-Méchain et al., 2014). Thus, in this study, the atten-
uation has probably been under-estimated through a dilution effect in the
regression parameters.

The field AGB uncertainties were propagated to the calibration model
using a Monte Carlo scheme (n=1000 simulations) to assess the robustness
of our model parameters. The mean slope was found to be —9.47.10~* £
1.38.107% and —7.84.107* £7.49.7% at HH and HV polarizations respectively,
and all the resulting slopes were negative. Therefore, the negative slopes are

unlikely to be attributed to the field AGB uncertainties.
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Figure 7: Backscattering coefficient 4° versus in-situ above ground biomass (AGB) (zoom
of the small window found in the right part of Figure 6). For illustration purposes, the dots
are the mean values per 25 t.ha~! biomass class and the bars are the standard deviations of
points per 25 t.ha~! biomass class. The linear regressions (black solid lines) were fitted to
the individual upscaled plot data (see Figur@®$). The observed correlations were Pearson’s
r of 0.47 and 0.43 at HH and HV polarizations respectively. The uncertainty domains
regarding the backscatter estimation for a given AGB, related to the prediction interval

from the linear model, are plotted in grey dash-dotted lines.
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5. Discussion

The methodology often used for AGB mapping with the L-band is to ap-
ply the inverse model to all pixels having backscatter intensities less than the
saturation point, and to assign an AGB value equal to the saturation point to
the other pixels. First, the value of the saturation point should be identified
clearly, which is highly difficult without numerous and accurate calibration
points. Second, this approach can lead to a strong and systematic under-
estimation of AGB, as illustrated by our results, because the backscatter of
high biomass forests may be on average lower than the previously assumed
signal saturation point. For example, 718 upscaled plots over the 1019 plots
from the IFB concession have %, below the maximum backscatter (-11.52
dB, corresponding to AGB of 150 t.ha™!) of the model calibrated in Mermoz
et al. (2014). If such an approach was implemented in the present study, the
inversion of plots with in situ AGB of 200, 400 and 600 t.ha=! would have
given, on average, AGB estimates of 159.7, 95.6 and 79.7 t.ha™—?!, respectively.
The higher the AGB of the forest, the greater the AGB under-estimation by
the inversion model. This phenomenon is illustrated in Figure 8 where AGB
from Cameroon at 1 ha resolution and from the CAR at 1 km resolution are
estimated from the model of Mermoz et al. (2014), which is dedicated to the
estimation of AGB < 150 t.ha™!, and compared with field AGB.

The effect of the signal attenuation is illustrated in Figure 9, showing
the AGB map over the SCAF concession that is obtained using the sigmoid
model of Mermoz et al. (2014). Over an 11 km? area of mature dense forest,
the mean AGB estimated in situ is 238 t.ha™! (based on 9 upscaled plots

with 2.5 ha mean size), whereas the mean AGB estimated by SAR is only
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Figure 8: AGB from Cameroon at 1 ha resolution and from the Central African Republic
(CAR) at 1 km resolution, estimated from the model of Mermoz et al. (2014), which is
dedicated to the estimation of AGB < 150 t.ha=!. The AGB > 150 t.ha~! are strongly

under-estimated.

109 t.ha™!, a value far lower than the saturation point, e.g., 150 t.ha=t. On
the contrary, over an 11 km? area of early successional forest where the mean
AGB estimated in situ is 88 t.ha™! (based on 9 upscaled plots with 2.3 ha
mean size), the SAR backscatters are unexpectedly high. The mean AGB
estimated by SAR is therefore overestimated with 145 t.ha™! (more than
91% of the pixels estimated by SAR are set up to the saturation point).
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This extreme exemple shows that the SAR backscatter may be far higher
over early successional forests than over mature forests, resulting in entirely
inverted AGB patterns. It illustrates a strong decrease in backscatter with
AGB. It is important to note that the high backscatter over early successional
forests in this example is neither explained by wetness due to flooding nor
by topography.

A major problem is that it is impossible to know based solely on backscat-
ter intensities if a pixel should be inverted because it is below the maxi-
mum backscatter or should be discarded because it is above the maximum
backscatter. The most straightforward solution is to use independent sources
of information, such as land cover maps, to mask out dense forest areas as
performed in Mermoz et al. (2014). For example, in Africa, land cover maps
containing ’dense forest’ classes have been recently achieved over a large part
of the Congo Basin at 250 to 1000 m resolution (Vancutsem et al., 2009; Gond
et al., 2013; Viennois et al., 2013) or over the entire Congo Basin at 300 to
1000 m resolution (Verhegghen et al., 2012). However, further sources of er-
rors are associated with land cover maps (Morton et al., 2014) and may also
impact the final AGB map. The products of forest canopy density (DiM-
iceli et al., 2011; Sexton et al., 2013) may also be used to assess the forest
density and ensure a good application of the AGB model. Another highly
conservative solution is to lower the maximum value of AGB that can be
inferred from the inversion model, so that any backscatter value that would
have been influenced by the attenuation effect is discarded. In the present
study, the higher attenuation effect observed for field AGB > 150 t.ha=! led

to an estimated value of 70.3 t.ha™!. Thus, any map with a maximum value
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Figure 9: AGB map over a 1000 km? area centred on 3.70°N and 16.45° over the SCAF
concession, that would be obtained using the model of Mermoz et al. (2014), which is
dedicated to the estimation of AGB < 150 t.ha=!. Over an 11 km? area of dense forest,
the mean AGB estimated in situ is 238 t.ha=! (based on 9 upscaled plots with 2.5 ha mean
size), whereas the mean AGB estimated by SAR is only 109 t.ha™!, a value far lower than
the saturation point, e.g., 150 t.ha~!, and the field-based estimate. Over an 11 km? area
of young forest, the mean AGB estimated in situ is 88 t.ha=! (based on 9 upscaled plots
with 2.3 ha mean size), whereas the mean AGB estimated by SAR is 145 t.ha=!. This
example shows that SAR backscatter may be far higher over young forests than over old

dense forests and illustrates the decrease in the backscatter with AGB.
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of 70 t.ha™! would be not affected by the attenuation effect.

We also illustrated in this study that a much accurate relationship be-
tween L-band backscatters and AGB values was observed when all the possi-
ble sources of errors were minimized. An adequate ground sampling strategy
focusing on homogeneous areas in terms of radar backscattering and topog-
raphy and avoiding steep areas will significantly reduce the errors associated
with the calibration step (Réjou-Méchain et al., 2014). This is especially
important if the maximum backscatter needs to be inferred accurately. How-
ever, this strategy should be weighed against the potential to bias the cali-
bration model if forests in steep areas differ systematically in the relationship

between the backscatter signal and biomass.

6. Conclusions

In the literature, there is a wide consensus that L-band backscatter inten-
sity increases with AGB for small AGB values and subsequently saturates for
larger values. In this study, we used both theoretical and experimental ap-
proaches to investigate the behaviour of L-band signals in dense forests. The
theoretical modelling results proved that a backscatter decrease with AGB
can occur in dense forests, resulting from the saturation of the free-space
(or no attenuation) backscatter, while attenuation still increases with forest
AGB. We then tested whether the signal attenuation experimentally occurs
in dense forests and showed that the theoretical backscatter decrease was well
reproduced by the experimental approach. The decrease in the backscatter
can have strong implications for L-band vegetation mapping, such as severe

biomass under-estimation and reversed patterns of AGB. Some solutions were
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proposed to counteract these effects.

As shown in this study, the L-band does not entirely lose sensitivity at
large biomass values, suggesting that much progress can be made by refining
our understanding of radar backscattering behaviour at L-band. Given the
successful launch of ALOS2 in May 2014 and the future SAOCOM mission
planned for launch in 2017, further works should test the generalization of the
L-band’s signal attenuation in other forest types, as Lucas et al. (2007) found
in a mangrove forest. Our result could be, for example, strengthened by a
validation in various study areas. Because large field datasets such as the one
used in our study are extremely scarce, especially in the tropics, the recent
AGB maps derived from high-resolution airborne LiDAR data (Asner et al.,
2010) may constitute a good opportunity to test such signal attenuation. If
our finding is generalized elsewhere, the backscatter decrease could be used
as a new model for inferring high biomass values at 1km resolution over
dense forests based on forest canopy density products. This would represent
a novel approach and a major advance in the use of L-band SAR for AGB

estimation.
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Effects of the median of terrain slope on the radar sensitivity to
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Appendix A. Forest growth model used for electromagnetic sim-

ulations

The forest growth model (Figure 2) has been developed to model all the
geometrical parameters required for the EM calculations (in the MIPERS
model) as a function of forest AGB. The first step turns the input AGB into
forest total height (trunk+crown) based on the allometric equation proposed
in Asner et al. (2012) for forests in Peru.

Wood density, which is essential in the MCH to AGB relationship and to
turn biomass values in terms of the geometrical parameters describing the
modelled forest, has been kept constant given the poor correlation with forest
AGB. However, the impact of the dispersion around the mean value (0.58)
is shown in Figure 3 (filled colour domains).

The allometric equations (2) and (3) in Figure 2 are used to compute
DBH and BA. Equation (2) has been formulated from tree height. Likewise,
the number of trunk per hectare NV, has been estimated with the hypothesis
of a trunk layer composed of a single class of DBH (the DBH of all the
trunks is constant), so that V; is simply deduced from DBH and BA. Such
an approximation is limiting to generalize our modelling approach to several
tropical forests (for which various classes of DBH would better match the
various populations of trunks). For example, this DBH approximation leads
to unrealistic numbers of trunks per hectare in the other test sites used in
Asner et al. (2012) (Panama, Hawaii and Madagascar). More complex forest
growth models have been developed to overcome this limitation but are not
yet published, and their description would require many details in this paper,

in which the EM simulations have not been used to draw universal theoretical
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laws but to support and explain our experimental results.
The crown height h; varies linearly from approximately 60% to 75% with
increasing forest biomass. Considering conical cylinders for the trunks to

account for the tapering factor, the total AGB can be formulated as follows :

AGB[t/ha] =AGB[t/ha] + AGB,[t/ha]

Al
:Nt.p.%ht(r%A+rBArt+rf)+p7r(ZNiri2hi) (A1)

where r; is the radius of the trunks at the top of the trunk layer. The
remaining geometrical parameters concern the branches (classes 3 and 4)
within the crown layer, which are deduced from their upper class, based on
the branching rules governed by surface conservation (commonly referred to

as the pipe model).

Appendix B. Details on the above ground biomass calculation and

errors propagation

Appendiz B.1. Wood specific gravity

We used the African wood specific gravity (WSG) dataset of Gourlet-
Fleury et al. (2011) to assign a WSG value to each tree. This dataset was
based on 1206 trees belonging to 256 African species and on 29 additional
species identified to the genus level. For each taxa, the assignment rules of
Gourlet-Fleury et al. (2011) give a mean WSG values per taxa at the species,
the genus, the family, the order or the global levels. A variance associated
with each WSG estimate was calculated using repeated WSG values within

taxa levels (Gourlet-Fleury et al., 2011). Overall, 55.6 % of the individuals

44



849

850

851

852

853

854

855

856

857

858

859

860

861

862

863

864

865

866

867

868

had a WSG attributed at the species level, 0.2 % at the genus level, 14.2 %
at the family level, 20.3 % at the order level and 9.8% at the global level.

Appendiz B.2. Tree diameter

In the original forest inventory, the trees were allocated into diameter
classes. However, the biomass allometry used needs the exact DBH of the
trees. Thus, we assumed an exponential distribution for the tree diameters.
We estimated the parameter of the exponential distribution, a, by minimizing
the sum of the absolute differences between the proportion of trees invento-
ried in each diameter class (with the last class=[190 co[) and the proportions
of trees expected by the exponential distribution (o = 0.0622 cm™'). Then,
for a tree in a given diameter class, we used the exponential distribution of
parameter truncated to its diameter class. For example, a tree with its DBH

in the class [30 40[ has a diameter distribution defined by

e—a.DBH

[ e=aPBHIDBH
with Ij30 40)(DBH) = 1 if the DBH is [30 40[ and 0 otherwise.

Z(DBH) =

Ij30 40 (DBH) (B.1)

Appendiz B.3. Tree height

Height-diameter allometry varies strongly among tropical regions: for a
given diameter, a high variability of tree height occurs according to the re-
gion considered. To minimize this potential bias, we used a regional specific
height-diameter model based on 2,572 measured trees in central Africa (Feld-

pausch et al., 2012):

H = 50.453(1 — ¢ 0-04TLDBH ™) (B.2)
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869 where H is the estimated tree height and DBH is the diameter at breast

g0 height estimated from the fitted truncated exponential function.

snn Appendix B.J. AGB estimation and uncertainties

872 To estimate both the mean AGB per 0.5-ha field plot, jtacp piot, and the
s AGB variance, 0% p 0, We built a Monte Carlo scheme with 1,000 simula-
gza  tions per plot. During the simulations, WSG values were first picked ran-
es  domly and independently for each tree from the normal distribution N (uwsa, owsa)
s where pywsa and owge are, respectively, the mean and the standard devi-
ez ation of the WSG values for a given taxa (see Appendix B.1). The DBH
srs  of each tree was drawn randomly from the exponential function between the
s two boundaries of its diameter classes (see Appendix B.2). The tree height

g0 was then estimated from these DBH values as follows:

H = 50.453(1 — ¢ O0TLDBHy o) (B.3)

881 where €y is a random error drawn from a normal distribution, with 6.177
g2 being the residual standard error (RSE) of the height-diameter model pro-
g3 vided in Feldpausch et al. (2012). The AGB values were then calculated
ssa independently for each tree and at each simulation using the model of Chave

sss et al. (2005):

AGB = 6—3.027+l0g(WSG.DBH2.H)+eAGB (B4)

886 where €46 p is a random error drawn from a normal distribution A(0, 0.316),

g7 with 0.316 being the RSE of the AGB model provided in Chave et al. (2005).
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For each 0.5-ha field plot, we finally calculated pagp piotr and UiGBplOt, as
the mean and the variance of the 1000 AGB estimates per plot respectively.
These field plots AGB estimates tagp piot Were then averaged in a pixel of 1
km resolution to obtain upscaled plots, and the standard deviation associated

with a pixel AGB value, 054 i, Was calculated as follows:

O-?AGB,pixel = E(U,%xGB,plot) + 0% (LGB plot) (B.5)

where 02 (g Bplot) 1s the variance of the plot-based AGB values fia¢p piot

contained in the pixel.

Appendix C. Details on the reduction of the uncertainties

Appendixz C.1. Uncertainties from the coefficient of wvariations among the

field plots

The effects of the CV among the field plots within each upscaled plot
on the relationship between SAR backscatter and AGB are quantified for
CVs ranging from 0.1 to 0.5. Upscaled plots with the standard deviation
of the backscatter > 1 dB and slope median > 5° were discarded. The
best linear regressions are performed each time at HH and HV polarizations.
The resulting r and biases are shown in Figure C.1 and are associated with
the number of pixels used to compute the fits (vertical solid bars). Both
Yo and v%y show decreasing r (from 0.39 to 0.21 and from 0.35 to 0.20,
respectively) and slightly increasing biases (from 0.12 to 0.14 dB independent
of the polarization) with an increase in the AGB CV. When CV< 0.25, 7% 4
was found to provide the best fit and a smaller bias. The trends start to

saturate when the CV is over 0.4. The threshold of 0.25 has been chosen
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a0 to ensure that the slope of the regressions and the Pearson correlations were
o1 acceptable while keeping a significant amount of pixels. A more drastic

o2 selection would discard almost all the pixels.
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Figure C.1: Effects of the coefficients of variation (CV) among the field plots within each
upscaled plot on the radar sensitivity to above ground biomass (AGB): r and bias are
shown in figures at the top and bottom, respectively. The frequencies of the remaining

upscaled plots are indicated by vertical solid bars.
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Appendiz C.2. Uncertainties from topography

The effects of terrain slope on the relationship between radar backscatter
and AGB are assessed, with slope medians ranging from 0.25 to 2.50°. We
filtered out upscaled plots with CV > 0.25 and standard deviations of the
backscatter > 1 dB. The quantitative results are shown in Figure C.2. Both
¢ and 7%y, show a decreasing r (from 0.45 to 0.22 and from 0.39 to 0.22,
respectively) and an increasing bias (from 0.11 to 0.14 dB independent of the
polarization) with an increase in the slope median. When the slope median
< 5% 7%y was found to provide the best fit and a slightly larger bias. The

trends start to saturate when the slope median is over 6°.
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Figure C.2: Effects of the median of terrain slope on the radar sensitivity to above ground
biomass (AGB): r and bias are shown in figures at the top and bottom, respectively. The

frequencies of the remaining upscaled plots are indicated by vertical solid bars.
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