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Abstract Despite advances in Earth observation and modeling, estimating tropical biomass remains a
challenge. Recent work suggests that integrating satellite measurements of canopy height within
ecosystem models is a promising approach to infer biomass. We tested the feasibility of this approach to
retrieve aboveground biomass (AGB) at three tropical forest sites by assimilating remotely sensed canopy
height derived from a texture analysis algorithm applied to the high-resolution Pleiades imager in the
Organizing Carbon and Hydrology in Dynamic Ecosystems Canopy (ORCHIDEE-CAN) ecosystem model.
While mean AGB could be estimated within 10% of AGB derived from census data in average across sites,
canopy height derived from Pleiades product was spatially too smooth, thus unable to accurately resolve
large height (and biomass) variations within the site considered. The error budget was evaluated in
details, and systematic errors related to the ORCHIDEE-CAN structure contribute as a secondary source of
error and could be overcome by using improved allometric equations.

1. Introduction
Tropical deforestation and forest degradation are major contributors of annual CO2 emissions to the atmosphere [Ciais et al., 2014; Pütz et al., 2014]. Considering the different carbon ﬂux components of net deforestation emissions separately [Richter and Houghton, 2011], gross deforestation releases approximately
4.3 Pg C yr1, while secondary forest regrowth absorbs 2.8 Pg C yr1, resulting in net land use change emissions of 1.5 Pg C yr1 [Houghton, 2013; Le Quéré et al., 2015]. At present, deforestation emissions mostly occur
in the tropics and represent about 1 Pg C yr1 [Baccini et al., 2012]. However, the uncertainty surrounding
these estimates remains substantial (0.5 Pg C yr1 [Houghton et al., 2012]). Part of the uncertainty in tropical
land use and land-cover change (LULCC) emissions is associated with mapping deforestation and degradation areas, but recent high-resolution satellite observations offer the possibility to signiﬁcantly reduce this
source of uncertainty [Hansen et al., 2013; Mitchard et al., 2014]. A second important source of uncertainty
is from poorly known initial biomass carbon stocks and delayed soil emissions consecutive to LULCC disturbances [Hurtt et al., 2004].
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At present, the best approaches to estimate biomass are labor-intensive forest inventories. At stand level, forest
canopy height is commonly related to biomass using empirical allometric equations derived from ﬁeld surveys
[Saatchi et al., 2011; Asner et al., 2012]. For example, the Lorey’s height deﬁned by the height of a stand weighted
by the basal area for all trees >10 cm diameter explains a high degree of variance in stand level biomass, with a
root-mean-square error of around 25% [Saatchi et al., 2011]. Contemporary spaceborne light detection and ranging (lidar) remote sensing can now measure the height of the largest trees and have been used to estimate
aboveground biomass (AGB) at landscape scales, by converting canopy height using empirical relationships
[Vincent et al., 2012; Réjou-Méchain et al., 2015]. Pantropical AGB maps have been produced using spaceborne
lidar remote sensing, but they strongly differ among each other [Saatchi et al., 2011; Baccini et al., 2012].
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Spaceborne radar data offer another alternative to map biomass due to their varying penetration capabilities [Shimada et al., 2010], and the backscattering signal has been shown to correlate with AGB [Toan
et al., 2011]. In general, this correlation tends, however, to saturate at high biomass (around 150 t/ha)
in the L-band [Mermoz et al., 2015] and at higher values in P-band [Dubois-Fernandez et al., 2012]. The
phase information of an interferometric synthetic aperture radar (SAR) system is more sensitive compared
to backscatter and could overcome the saturation limit [Schlund et al., 2015]. X-band radar data have a
ﬁner spatial resolution than L- or P-band data, allowing the identiﬁcation of individual tree crowns or
small forest patches [Ho Tong Minh et al., 2016]. TanDEM-X is a SAR mission acquiring interferometric data
via an across-track conﬁguration minimizing temporal decorrelation [Krieger et al., 2007]. The interferometric coherence at X-band, although not a direct measure of AGB, was found to be moderately correlated with AGB (R2 ≈ 0.5) [Schlund et al., 2015]. TanDEM-X data were acquired consistently several
times and processed over the entire landmass [Krieger et al., 2007], but the original data have not yet
been made available over large regions to study vegetation structure.
High-resolution optical imagers (with a resolution of less than 1 m) also have the potential to characterize individual tree forms in tropical canopies and thus to inform on forest structure and (indirectly)
on biomass, considering the fact that AGB and forest height are mostly driven by the largest trees that
can be seen by optical imagers [Slik et al., 2013; Bastin et al., 2015]. It is this potential that is investigated in this study. The Fourier Transform Textural Ordination (FOTO) method was developed more
than a decade ago for tropical forests [Couteron et al., 2005], with the objective to derive canopy textural properties into a few informative features. The approach has now been applied to a number of
sites across the tropics, and statistical relationships between texture features and forest structural parameters as measured in 1 ha ﬁeld plots often showed remarkably good R2 values (above 0.8) and RMSE
below 15% [Proisy et al., 2007; Barbier et al., 2010; Ploton et al., 2012; Bastin et al., 2014] but varied
substantially from site to site [Ploton et al., 2013] due to changes in forest structure, gap distribution,
variations in diameter at breast height (DBH)-height relationships, vertical structure, and topography
[Bastin et al., 2014]. Texture-height relationships have been little explored (but see Couteron et al.
[2005]) but are expected to exist given the relationship between crown size distribution as assessed
by the FOTO method, and height distribution, or more generally, crown size and height or DBH
[Blanchard et al., 2016].
Irrespective of the remote sensing technology, height-biomass relationships are required and the derivation,
for example, of a Lorey’s height-biomass relationship in the ﬁeld is labor intensive and site speciﬁc.
Alternatively, we hypothesize in this study that a process-based model of vegetation could be used to simulate the relationship between height and biomass as this model includes processes contributing to the stand
dynamics, especially crowding competition processes, often described by self-thinning laws. The advantage
of a process-based model is that it can be calibrated at few locations, and its results extrapolated over larger
spatial scales where no allometric data are available. Height observations can then be converted into AGB by
applying the simulated height-biomass relationships.
Here we describe a new assimilation framework of canopy height into AGB, based on assimilation principles previously applied using pseudodata in temperate forests [Bellassen et al., 2011] and airborne lidar
height in Costa Rica [Hurtt et al., 2010], using the Organizing Carbon and Hydrology in Dynamic
Ecosystems Canopy (ORCHIDEE-CAN) process-based ecosystem model which includes stand dynamics
equations and crowding competition between individuals [Naudts et al., 2015]. The feasibility of this
method is tested for mapping AGB at three contrasted tropical forests located in French Guiana and
Cameroon. Because future satellite missions are planned to provide global coverage using next generation spaceborne lidar measurements [Morton, 2016], and P-band radar [Ho Tong Minh et al., 2014], it is
therefore urgent to assess how this information will be assimilated in ecosystem models to improve
AGB monitoring.

2. Methods
A ﬂowchart describing the assimilation of the Pleiades-FOTO-derived tree height into ORCHIDEE-CAN ecosystem model and the benchmarking processes against census and TanDEM-X data is given in the supporting information (Figure S1).
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2.1. Study Sites and Forest Census Data
Three old-growth tropical rain forest sites are used in this study. The forests of Paracou (5.18°N, 52.55°W) and
Nouragues Ecological Research Stations (4.05°N, 52.4°W) are located in French Guiana, South America. They
both have a humid climate (3000 mm yr1) with a 2 month dry season (< 100 mm) from late August to early
November. Nouragues forests are on a clayey soil, hilly terrain with the presence of a granitic outcrop, and
approximately 200 tree species per hectare. Paracou is on sandy-clayey soil, with a more regular topography
and approximately 150 tree species per hectare. The third site is the forest of Pallisco (3.38°N, 13.66°E) in
Eastern Cameroon. It has a drier climate (1739 mm yr1), a longer dry season from November to February,
and has undergone selective logging in the recent past.
Nouragues has two large permanent inventory plots: Grand Plateau (1000 × 100 m) and Petit Plateau
(400 × 300 m) subdivided into 22 subplots of 100 × 100 m in total. Paracou has seven inventory plots, regularly measured since 1984, with six plots of 250 × 250 m and one of 500 × 500 m [Ho Tong Minh et al., 2016]. In
Cameroon, besides the Pallisco FMU10041 concession, data from Lomie (3.070°N, 13.58°E) and DengDeng
(5.22°N, 13.40°E) have also been used to increase the number of available observations and reach ﬁfty 1 ha
plots where repeated inventories have been collected from 2006 to 2014. We used inventories made in
2012, 2014, and 2011 at respectively Nouragues, Paracou, and Cameroon to match as much as possible
Pleiades acquisition.
AGB was calculated for each tree as follows [Chave et al., 2014]:

0:976
AGB ¼ 0:0673 ρ d 2 H

(1)

where H is tree height (m), d is the trunk diameter at breast height (DBH; cm), and ρ is the oven-dry wood
density (g/cm3). In French Guiana, tree heights were not directly measured but inferred from DBH (cm) using
the following generic equation [Chave et al., 2014]:
h
i
H ¼ exp 0:893  E þ 0:760 lnðdÞ  0:0340 ½ lnðd Þ2
(2)
Here E represents a metric of environmental stress which, for a given diameter, decreases the value of tree
height with water and temperature stress (see supporting information) [Chave et al., 2014, equation (6b)].
In Cameroon, tree height was directly measured over a subsample of trees (N > 50 trees) in each plot to calibrate a local DBH-height allometric equation applied to deduce the height of the remaining trees in the plot.
Then, AGB for this site was derived using equation (1).
Wood density values were extracted from the Global Wood Density Database [Chave et al., 2009, www.
datadryad.org]. When multiple wood density measurements for one species were available, the median
was used. For trees not identiﬁed to species, genus or family medians were used. For families not represented in the database, the median density for tropical South America was used. Estimated tree level
AGB values were summed over each plot to yield a stand level total that was then used to evaluate AGB
estimates from assimilating remote sensing data in the ORCHIDEE-CAN model.
2.2. Estimating Forest Height Using Textural Analysis of the Pleiades Optical Imager
Considering the dominance of larger trees in tropical forest dynamics and in stand level AGB
[Stephenson et al., 2014; Fauset et al., 2015], the 95th canopy height percentile (H95) is chosen as the
target variable that will be assimilated. To extrapolate heights at the landscape level, we used textural
features extracted from the panchromatic band of Pleiades images at 0.5 m resolution, using the FOTO
method [Couteron et al., 2005; Barbier and Couteron, 2015]. In short, the images were subdivided into
100 m long subwindows that were used to characterize local textural properties of the canopy. In order
to improve the detection of limits between forest types and the spatial correspondence with ground
data, a sliding window approach was used to extract these windows every 25 m. Each image extract
was then converted to a 2-D power spectrum via 2-D fast Fourier transform and the subsequent computation of squared amplitudes, thus discarding all phase information. A second step of simpliﬁcation
consisted in averaging power spectra across directions, to conserve only spatial frequency-related information. The resulting table of radial spectra was further simpliﬁed thanks to a principal component analysis (PCA), aiming at identifying the two or three main axes of textural variation in the satellite image,
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1

Figure 1. For the three studied sites are represented, (a–c) AGB (t C ha ) versus 95th percentile canopy height simulated by ORCHIDEE-CAN over 400 years
and from the inventory data as well as the (d–f) 95th percentile canopy height (m) from Pleiades at a resolution of 25 m × 25 m and the (g–i) AGB from
TanDEM-X at of resolution of 100 m × 100 m. Rivers (at Paracou) and hilly areas (at Nouragues) were masked using lidar data.

generally corresponding to gradients of coarseness-ﬁneness and heterogeneity in the canopy images.
The approach is therefore analogous to a Gabor ﬁlter or a windowed/local Fourier transform, coupled
with a PCA analysis.
The ﬁrst three principal components were then used to estimate canopy height using a multiple linear regression model calibrated using canopy heights estimated in the ﬁeld plots, using the closest inventory year to
the remote sensing data year. The linear regression model has an R2 of 0.56, 0.43, and 0.52 for Cameroon,
Nouragues, and Paracou, respectively (Figure S2). Although this is comparable with previous efforts (e.g.,
R2 = 0.57 in Couteron et al. [2005]), this relatively low correlation is clearly a limitation of our approach to
assimilate height into AGB. The resulting height model was then used to predict the H95 over the entire area
covered by each Pleiades scene (Figures 1d–1f) and was evaluated against airborne lidar canopy height
observations at 1 m resolution [Vincent et al., 2012] available only at the French Guiana sites (section 3.3.3).
Lidar uses emitted laser pulses to measure the distance from the sensor to the surfaces in its path and has
been used mainly to extract canopy heights.
2.3. ORCHIDEE-CAN: Simulations and Assimilation Approach
The model used for assimilating H95 into AGB is ORCHIDEE (Organizing Carbon and Hydrology in
Dynamic Ecosystems), a process-based ecosystem model ﬁrst described in Krinner et al. [2005] which
mechanistically represents energy, water, and carbon exchanges within the soil-plant-atmosphere continuum using a “big-leaf” approach. The ORCHIDEE-CAN version [Naudts et al., 2015] drops the big-leaf
approach and simulates forest structure, with stand dynamics processes including recruitment and
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demography represented by downscaling stand level net primary productivity (NPP) to 20 cohorts following the allocation rules of Deleuze et al. [2004], as originally implemented by Bellassen et al. [2010].
Mortality due to competition between cohorts is based on the self-thinning equation [Reineke, 1933],
which is usually veriﬁed in temperate and boreal stands, and was also proven valid, albeit with a larger
noise, in tropical forests [Kohyama, 1992; Phillips et al., 2002]. The version of ORCHIDEE-CAN used in this
study does not include climate-induced mortality and has no speciﬁc gap formation equation since
individual tree gaps are implicitly included in the self-thinning mortality formulation. ORCHIDEE-CAN
was originally developed and calibrated for European forests. Thus, in this study, we have recalibrated
allometric, physiological, and demographic parameters using speciﬁc observations for the Amazonian
tropical forests [Asner et al., 2002; Kattge et al., 2011; Goodman et al., 2014] (see supporting information)
corresponding to the tropical rain forest evergreen plant functional type (PFT) in the model (Tables S1a
and S1b).
ORCHIDEE-CAN was run over a single grid cell at each of the three forest sites using as input the gridded climate forcing data from CRUNCEP, which combines monthly data from the Climate Research Unit (CRU) and 6hourly variations from the National Center for Environmental Prediction (NCEP) [Wei et al., 2014]. The 0.5° grid
cell of CRUNCEP corresponding to each site was selected to force the model, without any further downscaling. A semianalytical spin-up [Lardy et al., 2011] was performed using the climate data from 1901 to 1930 to
equilibrate carbon and hydrological state variables. Following the spin-up, and after removing all living biomass, ORCHIDEE-CAN was run for 400 years by cycling through the climate data from 1971 to 2000 under a
CO2 concentration set at 346 ppm to represent the average current growing conditions.
ORCHIDEE-CAN simulates for each site a statistical distribution of tree heights across its 20 cohorts, from
which H95 was calculated, as well as the simulated relationship between H95 and AGB (Figures 1a–1c). We
sampled the satellite-based observations of H95 from the FOTO Pleiades analysis for each grid cell of 25 m
(see section 2.2 and data in Figures 1d–1f) and matched its value with the most similar H95 simulated by
ORCHIDEE-CAN. The corresponding AGB estimates were then extracted as being the AGB modeled by
ORCHIDEE-CAN that corresponds with the matched ORCHIDEE-CAN H95 for every grid cell in the FOTOPleiades product.
2.4. Benchmarking of Assimilated AGB Against Census Data
AGB values assimilated against H95 from FOTO-Pleiades were compared against census data rasterized at
1 ha resolution. Edge cells were removed to avoid evaluating assimilated AGB in grid cells with incomplete
inventory data.
2.5. Independent Comparison Against AGB From X-Band Radar
In addition to census data, we also compared assimilated AGB with AGB retrieved from X-band radar
remote sensing data from the TerraSAR-X add-on for Digital Elevation Measurement (TanDEM-X) mission
(Figures 1g–1i). TanDEM-X is a high-resolution interferometric SAR mission using two satellites (TanDEMX and TerraSAR-X) in bistatic mode (see supporting information) [Bamler and Hartl, 1998; Kugler et al.,
2014; Schlund et al., 2015]. AGB from TanDEM-X was evaluated against AGB derived from the census
data to evaluate its quality (supporting information Table S2), RMSE varies from 24 t C ha1 (13%) to
49 t C ha1 (27%) suggesting a moderate (but still useful) ability of TanDEM-X AGB to reproduce mean
AGB values across the three tropical forests studied here. Therefore, the comparison between assimilated AGB with AGB derived from TanDEM-X is considered as informative only, because the spatial
accuracy of AGB from X-band radar has never been estimated for the three sites of this study. While
AGB from TanDEM-X is not as accurate as the ones from census data, it allows to better deﬁne the statistics of the spatial error distribution of AGB obtained by assimilating FOTO-Pleiades H95 with
ORCHIDEE-CAN. AGB from TanDEM-X was rasterized to 1, 4, and 9 ha to calculate the scale dependency
of errors.
2.6. Decomposition of the Uncertainties of Assimilated AGB
Uncertainties, i.e., the differences between assimilated and pseudo-observed AGB, were decomposed using
the approach from Kobayashi and Salam [2000]. In this approach, the total uncertainty, the mean square
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Figure 2. Scatterplot of the 95th percentile canopy height derived from Pleiades versus 95th percentile derived from
lidar gridded at 100 m × 100 m at (a) Nouragues and (b) Paracou. Green lines represent the mean and deviation of
each product.

deviation (MSD = RMSE2) of modeled AGB compared to the observations, is decomposed into
three additive components:
MSD ¼ SB þ SDSD þ LCS

(3)

SB (equation (4)) represents the squared bias of AGB simulated by ORCHIDEE/Pleiades (x) from the AGB
derived from TanDEM-X (y), as we could not use census data as observed because there were not enough
measured plots. So we use Tandem-X AGB instead, keeping in mind some of its limitations (e.g., the
Sinnamary River in Figure 1i at the Paracou forest, where Tandem-X AGB is too low).
SB ¼ ðx  y Þ2

(4)

SDSD (equation (5)) is the squared difference between standard deviations (i.e., the difference in the magnitude of spatial variance between the simulation and measurement).

2
SDSD ¼ SDx  SDy

(5)

where SDx and SDy are the standard deviations of the AGB simulated by ORCHIDEE/Pleiades and derived from
TanDEM-X, respectively. LCS (lack of correlation weighted by the standard deviations; equation (6)) describes
the spatial coherence between observed and modeled ﬁelds.
LCS ¼ 2SDx SDy ð1  r Þ

(6)

With r the correlation coefﬁcient calculated as follows:

r¼


1 n
∑ ðx i  x Þðy i  y Þ = SDx SDy
n i¼1

(7)

3. Results and Discussion
3.1. Canopy Heights From FOTO-Pleiades Compared to Airborne Lidar Canopy Height Observations
When compared to independent and more accurate airborne lidar mean canopy height observations, the
FOTO-Pleiades product underestimates H95 on average by 10 m at Nouragues and by 3 m at Paracou and
poorly captures the spatial variability of canopy heights (Figure 2), especially at Nouragues, likely because
of a hilly topography. This excessively homogeneous distribution of height in FOTO-Pleiades will thus result
in a lack of ﬁne scale structure after the assimilation of H95 in ORCHIDEE-CAN.
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3.2. AGB From the Assimilation of FOTO-Pleiades 95th Percentile Height
The ORCHIDEE-CAN simulated relationship between AGB and H95 height performs well compared to census
data (Figures 1a–1c) at Pallisco (Figure 1a) but underestimates H95 (about 4 m) and yet slightly overestimates
AGB (about 30 t C ha1) at Nouragues (Figure 1b) and underestimates both H95 (about 7 m) and AGB (about
40 t C ha1) at Paracou (Figure 1c). Even though ORCHIDEE-CAN has been calibrated using tropical forest
measurements, it describes all tropical forests using the same parameters of the evergreen broadleaved forest PFT, the same NPP increment allocation rules [Deleuze et al., 2004] and self-thinning mortality equation
[Reineke, 1933]. This induces some constraints in the model, explaining local differences in the H95-AGB relationship across the three forest sites studied.
First, we compared assimilated and census-observed mean AGB. Assimilating H95 from FOTO-Pleiades (see
Figure 1) to infer AGB provides mean values of 189, 210, and 157 t C ha1 at Pallisco, Nouragues, and
Paracou, respectively. These mean values are obtained from the average of the assimilated AGB distribution aggregated at 1 ha resolution (section 2.3). As a comparison, the mean AGB estimated from census
data (section 2.1) is at 181, 188, and 185 t C ha1 at Pallisco, Nouragues, and Paracou, respectively. AGB
from the global data sets from Baccini et al. [2012] and Saatchi et al. [2011] are lower than both census data
and our assimilated AGB results, with Saatchi et al. [2011] [Baccini et al., 2012] providing AGB of 162 (169),
142 (140), and 117 (133) t C ha1 at Pallisco, Nouragues, and Paracou, respectively.
Second, comparing the spatial distribution of assimilated and census-based AGB, rasterized at 1 ha resolution
gives RMSE of 62 (34%), 49 (26%), and 53 (30%) t C ha1 at Pallisco, Nouragues, and Paracou, respectively.
Despite these reasonable performances at ﬁrst glance, the assimilated AGB distribution is extremely homogeneous (reﬂecting the one of FOTO-Pleiades) compared to the census data, which is a clear limitation of
our results.
While census data are the most reliable benchmark data, they do not cover a large enough area, only with 68,
14, and 18 1 ha plots being available, to derive a robust characterization of the error budget of assimilated
AGB. Therefore, the assimilated AGB errors were analyzed against TanDEM-X-AGB at 1 ha resolution for each
site. The RMSE of assimilated AGB versus TanDEM-X is of 68 (42%), 25 (13%), and 29 (15%) t C ha1 at Pallisco,
Nouragues, and Paracou. These ﬁgures are comparable with the performances of AGB models based on
remote sensing data from 23 studies across the globe [Mitchard, 2015, Table 1], with RMSE ranging from
19 to 53% depending on the method used. Thus, our approach based on FOTO-Pleiades is in the range of
the current remote sensing methods, but still insufﬁcient to characterize AGB with an accuracy comparable
to census-based or airborne lidar.
3.3. Error Analysis
3.3.1. Error Related to the Structure of ORCHIDEE-CAN
Across the three sites, the ORCHIDEE-CAN assimilation appears to perform better for AGB at the French
Guiana sites than at Pallisco. Assimilated AGB is overestimated at Pallisco and Nouragues and underestimated at Paracou (Figures 3c–3e). The square bias (SB) is lower at the French Guiana sites (Figures 3a–3c)
partly because of lower structural errors in ORCHIDEE-CAN that was calibrated using observation from the
Amazon forest. Further, the climate forcing data from CRUNCEP are a substantial source of uncertainty, especially at tropical locations where spatial precipitation variability is not well captured by the interpolation of
CRU stations data, and temporal variability not well reproduced by NCEP. Our cross-site comparison argues
for site-speciﬁc model calibration, or at least improving representation of tropical forest plant diversity representation [van Bodegom et al., 2014], as well as the use of long-term local meteorological drivers, in order to
reduce uncertainty in AGB estimation.
3.3.2. Errors Related to the Assimilation Method
The assimilation method itself also bears uncertainty, in particular, the H95 chosen as a target variable for the
assimilation is only one measure of forest structure and was selected as a least biased estimator. But the sensitivity of AGB to the choice of assimilating mean height, median height, or maximum height can be more
quantitatively addressed. Neighborhood size is generally very sensitive to scale (i.e., assimilation errors are
scale dependent), for example, when ORCHIDEE/Pleiades-derived AGB is aggregated at 1, 4, and 9 ha and
compared against TanDEM-X, the overall error decrease with coarser resolution. While SBs slightly decreases,
MSD decreases are mostly explain by decreases of the SDSDs (equation (5); Figures 3a–3c), meaning that
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Figure 3. For the three sites, (a–c) benchmarking results of the AGB estimated by ORCHIDEE-CAN/Pleiades against TanDEM-X aggregated at 1, 4, and 9 ha using
the mean square deviation (MSD) decomposition into SB (standard bias), SDSD (squared difference between standard deviations), and LCS (lack of correlation
1
weighted by the standard deviations) and (d–f) probability density functions of the spatial distribution of the errors in t C ha (AGBORCHIDEE-CAN/
Pleiades  AGBTanDEM-X).

ORCHIDEE-CAN/Pleiades AGB better captures the magnitude of variability of AGB derived from TanDEM-X at
coarser spatial resolution. This illustrates that errors in initialization tend to be compensated at larger spatial
scales, as shown by Hurtt et al. [2010].
3.3.3. Errors Related to Forest Structure Data
Comparing canopy heights from FOTO-Pleiades to airborne lidar measurements shows the poor ability of this
height product to correctly capture the high spatial variability of canopy height, inability which can increase
by site-speciﬁc characteristics as illustrated at Nouragues (Figure 2). This explains the low MSDs at Nouragues
and Paracou because of LCS being close to 0 in Figures 3b and 3c. Besides, census data are used to calibrate
remote sensing (FOTO or interferometric coherence) algorithm and infer forest structure variables, except at
Pallisco where enough data were available to independently use a calibration and evaluation sample. To
overcome this, more ground data are needed to independently derive forest structure variables (H95 or
AGB) from remote sensing when benchmarking is also performed against census data.
Additionally, the quality of AGB and canopy height estimates from inventory data is sensitive to the speciﬁc
form of the allometric equations used to estimate these variables, and the values of the parameters in these
relationships. While errors can be large at tree level, they tend to average out when considering a population
of trees, with, for example, a 90% accuracy in AGB stock estimation at 0.25 ha scale [Chave et al., 2014].

4. Conclusions
Biomass estimates across the tropics remain highly uncertain [Mitchard et al., 2014]. Here we estimated AGB
at three tropical forest sites by assimilating the H95 inferred from remote sensing images processed with a
texture analysis algorithm into height distributions into the ORCHIDEE-CAN large-scale ecosystem model.
Overall, by making use of the FOTO-Pleiades data, the proposed method estimates the mean AGB within
10% of the census observation, with 4, 12, and 15% errors at Pallisco, Nouragues, and Paracou, respectively.
Although this result may look encouraging compared to the accuracy of published remote sensing-based
estimates of AGB, it masks a poor ability of our assimilation method to retrieve the small-scale variability of
AGB, because the FOTO-Pleiades height is too homogeneous. Therefore, our results are still insufﬁciently
accurate to characterize AGB within the accuracy of census-based observations or airborne lidar retrievals.
However, a DGVM-type ecosystem model designed for large-scale applications like ORCHIDEE-CAN was here
shown conceptually suitable for assimilating remotely sensed forest structure data to estimates AGB in
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tropical forests, because this model includes a simulation of competition processes. Although DGVM models
will likely remain less accurate locally than a detailed stand growth model calibrated for a speciﬁc site, our
result points out to technical feasibility to assimilate large-scale satellite information with this type of models
in the future.
There are several ways to improve the method described here as a feasibility test. First, the model could be
optimized (calibrated) using site-speciﬁc physiological and ecological data and forced with observed instead
of large scale analyzed climate forcing. Second, the FOTO-Pleiades products should certainly be improved to
better reconstruct heights distributions, using, e.g., topographic information. Last, using the same assimilation framework, other height products could be assimilated into AGB. In particular, assimilating airborne lidar
data or global-scale existing forest canopy height data sets [e.g., Lefsky, 2010] into AGB could be attempted to
further demonstrate the potential of the proposed method. The diversity of algorithms used to interpret
remote sensing data will continue to improve in the future, especially in terms of capturing spatial variability
from forest degradation or small-scale disturbances. Integrating ecosystem models with a new generation of
data from the European Space Agency Biomass Mission [Le Toan et al., 2011] or the NASA GEDI Mission
[Stysley et al., 2015] will help in providing improved estimates of global biomass, as well as other
ecosystem variables.
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